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Abstract
Scalable and Efficient Systems for Large Deep Learning Models
by
Lianmin Zheng
Doctor of Philosophy in Computer Science
University of California, Berkeley
Professor Ion Stoica, Co-chair

Professor Joseph E. Gonzalez, Co-chair

Recent advancements in machine learning have primarily been driven by large-scale deep
learning models, particularly large language models. The large scale and new capabilities of
these models present challenges in designing infrastructure systems to support their entire
lifecycle, from training and serving to evaluation. To meet the high computational and
memory requirements of these models, while fully utilizing and accurately evaluating their
capabilities, we need to redesign many system components, such as compilers, distributed
computing platforms, programming systems, and evaluation methods.

In this dissertation, we introduce a suite of systems designed and built to support large
models, covering training, serving, and evaluation phases. First, we discuss Alpa, a system
for large-scale model-parallel training, which automatically generates distributed execution
plans integrating both inter- and intra-operator parallelism. Moving on to serving, we intro-
duce Ansor, a compiler that produces high-performance implementations of tensor programs
for various hardware backends. We also explore SGLang, a system for deploying large lan-
guage models that includes both a flexible front-end programming interface and an optimized
back-end runtime for fast inference. Lastly, in the evaluation phase, we detail our efforts in
model evaluation, which include Chatbot Arena, a crowdsourced live benchmark platform,
and LLM-as-a-Judge, an automated evaluation pipeline. These tools collectively form a
full-stack system for the continuous improvement of large models.
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Chapter 1

Introduction

The field of machine learning has witnessed a significant revolution driven by the emergence of
large-scale deep learning models, particularly large language models (LLMs). These models,
characterized by billions or even trillions of parameters, have demonstrated the ability to
tackle a wide range of challenging and open-domain tasks. From basic natural language
processing tasks like sentiment analysis to complex code generation and reasoning, large
models are pushing the boundaries of what is possible with artificial intelligence.

However, their immense capabilities come at a cost. Training and deploying these models
present unique systems challenges across their entire lifecycle, including training, serving, and
evaluation. These challenges primarily stem from the substantial computational and memory
resources required by these models, but also from their novel and evolving capabilities.
Traditional system design approaches struggle to keep pace with the demands of LLMs,
necessitating a fundamental rethink of core components like compilers, distributed systems,
memory management, programming systems, and model evaluation methods. In this thesis,
we work broadly and address these critical challenges by proposing a suite of systems that
span the entire lifecycle of large-scale deep learning models.

1.1 Scalably Training Large Models

The scaling law of neural language models suggests that both model size and training data
size need to be continuously scaled to achieve better model performance. To handle the large
amount of parameters and data, parallel computing across a large number of accelerators
is essential. This presents a significant challenge: parallelizing the complex computational
graph for training a neural network. Numerous parallelization techniques exist, each with
trade-offs in terms of compute utilization, communication overhead, and memory usage.
Finding the optimal configuration is a complex search problem.

In chapter 2, we introduce Alpa, an automatic distributed training system designed
to address this challenge. Alpa proposes a unified representation and runtime system for
handling both inter-operator and intra-operator parallelism. It employs a hierarchical search
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algorithm that leverages integer linear programming and dynamic programming to effectively
explore the search space. This approach allows Alpa to automatically find a parallelization
plan for a given neural network and a device cluster, achieving scalable training across
distributed accelerators.

1.2 Efficiently Serving Large Models

While the capabilities of large models are impressive, using them for inference can be com-
putationally expensive. This stems from the sheer number of operators involved in com-
putations and the diverse hardware backends on which these models might be deployed.
The challenge lies in generating high-performance implementations, often referred to as ker-
nels, for these operators across various hardware platforms. Traditionally, this has involved
significant manual optimization efforts utilizing techniques like tiling and fusion.

In chapter 3, to address this challenge, we introduce Ansor, a system that automates
the generation of high-performance tensor programs for deep learning applications. Ansor
tackles this problem by exploring a much larger space of potential optimizations compared to
existing approaches. It achieves this by sampling programs from a hierarchical representation
of the search space and then refining these programs using evolutionary search guided by a
learned cost model. This approach allows Ansor to discover high-performance programs that
might not be considered by traditional methods and effectively generate optimized kernels
for diverse operators and hardware backends.

Furthermore, the usage patterns for large language models are evolving. We are wit-
nessing a shift from simple, manually prompted chat interactions to complex programmatic
workflows involving multiple chained generation calls. This necessitates a system that can
not only flexibly express these intricate patterns but also execute them efficiently.

In chapter 4, we introduce SGLang to address this need. SGLang is a domain-specific
language designed specifically for programming LLMs. It incorporates primitives that cater
to common LLM programming patterns, allowing users to express complex workflows con-
cisely and efficiently. SGLang is implemented as a domain-specific language embedded within
Python. It includes an interpreter, a compiler, and a high-performance runtime system that
work together to enable optimizations such as parallelism, batching, caching, and code shar-
ing. Additionally, SGLang introduces novel techniques for the reuse of the KV cache across
multiple generation calls at runtime, further enhancing the efficiency of LLM program exe-
cution. By providing a flexible and efficient programming environment, SGLang simplifies
the development process for complex LLM applications while maximizing their performance.

1.3 Accurately Evaluating Large Models

The rapidly evolving capabilities of large language models, particularly their ability to han-
dle open-domain tasks and generate lengthy outputs, pose new challenges for traditional
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evaluation methods. Existing benchmarks often fall short in capturing the nuances of hu-
man preference, making it difficult to accurately assess the performance of these models.
Additionally, the slow and expensive nature of human evaluation makes it impractical for
large-scale assessments. Furthermore, automated evaluation methods can introduce biases
that skew the results.

In chapter 5, we propose a combined approach utilizing LLM-as-a-Judge and Chatbot
Arena. LLM-as-a-Judge leverages the capabilities of powerful LLMs to act as automated
evaluators for other models. This approach offers scalability and the potential to capture
human-like preferences. Chatbot Arena, on the other hand, is a crowdsourced platform that
facilitates human evaluation of chatbots in a controlled environment. By combining these
methods, we can leverage the strengths of both automated and human evaluation to achieve
a more comprehensive understanding of LLM performance.

1.4 Summary

In this chapter, we introduced the challenges and opportunities presented by large-scale deep
learning models. We highlighted the critical system bottlenecks encountered throughout the
lifecycle of LLMs, including training, serving, and evaluation phases. To address these chal-
lenges, we proposed a suite of novel systems: Alpa for scalable training, Ansor and SGLang
for efficient serving, and LLM-as-a-Judge and Chatbot Arena for accurate evaluation. These
systems represent a comprehensive approach that leverages techniques from various fields,
including compilers, distributed systems, high-performance computing, and machine learn-
ing itself. By working together, these systems create a virtuous cycle that fosters continuous
improvement in the development and deployment of the next generation of large-scale deep
learning models.



Chapter 2

Automating Inter- and Intra-Operator
Parallelism for Distributed Deep
Learning

Alpa automates model-parallel training of large deep learning (DL) models by generating
execution plans that unify data, operator, and pipeline parallelism. Existing model-parallel
training systems either require users to manually create a parallelization plan or automat-
ically generate one from a limited space of model parallelism configurations. They do not
suffice to scale out complex DL models on distributed compute devices. Alpa distributes the
training of large DL, models by viewing parallelisms as two hierarchical levels: inter-operator
and intra-operator parallelisms. Based on it, Alpa constructs a new hierarchical space for
massive model-parallel execution plans. Alpa designs a number of compilation passes to
automatically derive efficient parallel execution plans at each parallelism level. Alpa im-
plements an efficient runtime to orchestrate the two-level parallel execution on distributed
compute devices. Our evaluation shows Alpa generates parallelization plans that match or
outperform hand-tuned model-parallel training systems even on models they are designed
for. Unlike specialized systems, Alpa also generalizes to models with heterogeneous architec-
tures and models without manually designed plans. Alpa’s source code is publicly available
at https://github.com/alpa-projects/alpa.

This chapter is based on my previous paper [225], which was a collaborative effort with
Zhuohan Li, Hao Zhang, Yonghao Zhuang, Zhifeng Chen, Yanping Huang, Yida Wang,
Yuanzhong Xu, Danyang Zhuo, Eric P. Xing, Joseph E. Gonzalez, and Ion Stoica. Readers
are encouraged to consult the original paper as well for a better-formatted version of the
content.
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CHAPTER 2. AUTOMATING INTER- AND INTRA-OPERATOR PARALLELISM
FOR DISTRIBUTED DEEP LEARNING d

2.1 Introduction

Several of the recent advances [79, 25, 170] in deep learning (DL) have been a direct result
of significant increases in model size. For example, scaling language models, such as GPT-
3, to hundreds of billions of parameters [25] and training on much larger datasets enabled
fundamentally new capabilities.

However, training these extremely large models on distributed clusters currently requires
a significant amount of engineering effort that is specific to both the model definition and
the cluster environment. For example, training a large transformer-based language model
requires heavy tuning and careful selection of multiple parallelism dimensions [128]. Training
the large Mixture-of-Expert (MoE) transformers model [99, 49] on TPU clusters requires
manually tuning the partitioning axis for each layer, whereas training the same model on
an AWS GPU cluster calls for new pipeline schemes that can depend on the choices of
partitioning (§2.8).

More generally, efficient large-scale model training requires tuning a complex combination
of data, operator, and pipeline parallelization approaches at the granularity of the individual
tensor operators. Correctly tuning the parallelization strategy has been shown [105, 98] to
deliver an order of magnitude improvements in training performance, but depends on strong
machine learning (ML) and system expertise.

Automating the parallelization of large-scale models would significantly accelerate ML
research and production by enabling model developers to quickly explore new model designs
without regard for the underlying system challenges. Unfortunately, it requires navigating
a complex space of plans that grows exponentially with the dimensions of parallelism and
the size of the model and cluster. For example, when all parallelism techniques are enabled,
figuring out the execution plan involves answering a web of interdependent questions, such
as how many data-parallel replicas to create, which axis to partition each operator along,
how to split the model into pipeline stages, and how to map devices to the resulting parallel
executables. The interplay of different parallelization methods and their strong dependence
on model and cluster setups form a combinatorial space of plans to optimize. Recent ef-
forts [130, 51, 195] to automatically parallelize model training are constrained to the space
of a single model-parallelism approach, or rely on strong assumptions on the model and
cluster specifications (§2.2).

Our key observation is that we can organize different parallelization techniques into a
hierarchical space and map these parallelization techniques to the hierarchical structure of the
compute cluster. Different parallelization techniques have different bandwidth requirements
for communication, while a typical compute cluster has a corresponding structure: closely
located devices can communicate with high bandwidth while distant devices have limited
communication bandwidth.

With this observation in mind, in this paper, we take a different view from conven-
tional data and model parallelisms, and re-categorize ML parallelization approaches as
intra-operator and inter-operator parallelisms. Intra-operator parallelism partitions ML op-
erators along one or more tensor axes (batch or non-batch) and dispatches the partitions
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to distributed devices (Fig. 2.1c); inter-operator parallelism, on the other hand, slices the
model into disjoint stages and pipelines the execution of stages on different sets of devices
(Fig. 2.1d). They take place at two different granularities of the model computation, differ-
entiated by whether to partition operators.

Given that, a parallel execution plan can be expressed hierarchically by specifying the
plan in each parallelism category, leading to a number of advantages. First, intra- and inter-
operator parallelisms feature distinct characteristics: intra-operator parallelism has better
device utilization, but results in communicating at every split and merge of partitioned
operators, per training iteration; whereas inter-operator parallelism only communicates be-
tween adjacent stages, which can be light if sliced properly, but incurs device idle time due
to scheduling constraints. We can harness the asymmetric nature of communication band-
width in a compute cluster, and map intra-operator parallelism to devices connected with
high communication bandwidth, while orchestrating the inter-operator parallelism between
distant devices with relatively lower bandwidth in between. Second, this hierarchical de-
sign allows us to solve each level near-optimally as an individual tractable sub-problem.
While the joint execution plan is not guaranteed globally optimal, they demonstrate strong
performance empirically for training various large models.

Guided by this new problem formulation, we design and implement Alpa, the first com-
piler that automatically generates parallel execution plans covering all data, operator, and
pipeline parallelisms. Given the model description and a cluster configuration, Alpa achieves
this by partitioning the cluster into a number of device meshes, each of which contains de-
vices with preferably high-bandwidth connections, and partitioning the computation graph
of the model into stages. It assigns stages to device meshes, and automatically orchestrates
intra-operator parallelisms on a device mesh and inter-operator parallelisms between device
meshes.

In summary, we make the following contributions:

e We construct a two-level parallel execution plan space (Fig. 2.1e) where plans are specified
hierarchically using inter- and intra-operator parallelisms.

e We design tractable optimization algorithms to derive near-optimal execution plans at each
level.

e We implement Alpa, a compiler system for distributed DL on GPU clusters. Alpa features:
(1) a set of compilation passes that generate execution plans using the hierarchical optimiza-
tion algorithms, (2) a new runtime architecture that orchestrates the inter-op parallelism
between device meshes, and (3) a number of system optimizations that improve compilation
and address cross-mesh communication.

e We evaluate Alpa on training large models with billions of parameters. We compare Alpa
with state-of-the-art distributed training systems on an Amazon EC2 cluster of 8 p3.16xlarge
instances with 64 GPUs. On GPT [25] models, Alpa can match the specialized system
Megatron-LM [170, 128]. On GShard MoE models [99], compared to a hand-tuned system
Deepspeed[152], Alpa achieves a 3.5x speedup on 2 nodes and a 9.7x speedup on 4 nodes.
Unlike specialized systems, Alpa also generalizes to models without manual strategies and
achieves an 80% linear scaling efficiency on Wide-ResNet [221] with 4 nodes. This means
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(a) Computational graph

_________________________________

(c) The space of intra-operator
parallelism (e.g., Tofu [55])

______________________________

(d) The space of inter-operator
parallelism (e.g., DAPPLE [17])

(b) Manual plan
(e.g., Megatron-LM [40])

(e) Our hierarchical space

Figure 2.1: Generation of parallelization plans for a computational graph shown in (a). Dif-
ferent colors represent different devices, dashed boxes represent pipeline stages. (b) creates
the plan manually. (c¢) and (d) automatically generate plans using only one of intra- and
inter-operator parallelisms. (e) shows our approach that creates a hierarchical space to com-

bine intra- and inter-operator parallelisms.

Device 1 Device 2 Replicated Row-partitioned Column-partitioned Inter-Operator Parallelism
Intra-Operator Parallelism Time =0 Time =1 Time = 2 Time =3 Time =4
X
wl w2 wl w2 wl w2 l i i l
wl matmul matmul matmul matmul
[ V v ' ' '
x — matmul — matmul x — matmul — matmul x — matmul — matmul w2 matmul matmul matmul matmul
(a) Data Parallelism (b) Operator Parallelism (c) ZeRO Optimizer (d) Pipeline Parallelism

Figure 2.2: Common parallelization techniques for training a 2-layer Multi-layer Perceptron

(MLP). Only the forward pass is shown.
weight matrices.

is the input data. “w1” and “w2” are two

developers can get efficient model-parallel execution of large DL models out-of-the-box using

Alpa.
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2.2 Background: Distributed Deep Learning

DL computation is commonly represented by popular ML frameworks [1, 143, 23] as a
dataflow graph. Edges in the graph represent multi-dimensional tensors; nodes are com-
putational operators, such as matrix multiplication (matmul), that transform input tensors
into output tensors. Training a DL model for one iteration consists of computing a loss by
forwarding a batch of data through the graph, deriving the updates via a reverse backward
pass, and applying the updates to the parameters via weight update operations. In prac-
tice, model developers define the dataflow graph. An execution engine then optimizes and
executes it on a compute device.

When either the model or data is large that a single device cannot complete the training
in a reasonable amount of time, we resort to ML parallelization approaches that parallelize
the computation on distributed devices.

Conventional View of ML Parallelism

Existing ML parallelization approaches are typically categorized as data, operator, and
pipeline parallelisms.

Data parallelism. In data parallelism, the training data is partitioned across distributed
workers, but the model is replicated. Each worker computes the parameter updates on its
independent data split, and synchronizes the updates with other workers before the weight
update, so that all workers observe consistent model parameters throughout training.
Operator parallelism. When the model is too large to fit in one device, operator par-
allelism is an effective model parallelism option. Operator parallelism refers to approaches
that partition the computation of a specific operator (abbreviated as op in the following
text), such as matmul shown in Fig. 2.2b, along non-batch axes, and compute each part of
the operator in parallel across multiple devices.

Because input tensors are jointly partitioned, when a device computes its op partition,
the required portions of input tensors may not reside in its local memory. Communication is
thus required to fetch the input data from other devices. When the tensors are partitioned
evenly, i.e., SPMDI[211], all devices will follow the same collective communication patterns
such as all-reduce, all-gather, and all-to-all.

Pipeline parallelism. Instead of partitioning ops, pipeline parallelism places different
groups of ops from the model graph, referred as stages, on different workers; meanwhile,
it splits the training batch as a number of microbatches, and pipelines the forward and
backward passes across microbatches on distributed workers, as Fig. 2.2d shows. Unlike
operator parallelism, pipeline parallelism transfers intermediate activations at the forward
and backward passes between different workers using point-to-point communication.

Manual combination of parallelisms. Recent development shows the approaches men-
tioned above need to be combined to scale out today’s large DL models[128, 211]. The
state-of-the-art training systems, such as Megatron-LM [170, 128], manually design a spe-
cialized execution plan that combines these parallelisms for transformer language models,
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which is also known as 3D Parallelism. By assuming the model has the same transformer
layer repeated, it assigns an equal number of layers to each pipeline stage and applies a
hand-designed operator and data parallelism configuration uniformly for all layers. Despite
the requirement of strong expertise, the manual plan cannot generalize to different models
or different cluster setups (§2.8).

Automatic combination of parallelisms. The configurations of each individual paral-
lelism, their interdependence, and their dependence on model and cluster setups form an
intractable space, which prevents the trivial realization of automatically combining these
parallelisms. For examples, when coupled with operator parallelism, each time adding a
data-parallel replica would require allocating a new set of devices (instead of one single de-
vice) as the worker, and figuring out the optimal operator parallelism configurations within
those devices. When including pipeline parallelism, the optimal pipelining scheme depends
on the data and operator parallelism choices of each pipeline stage and how devices are
allocated for each stage. With this conventional view, prior explorations [84, 195, 51, 223]
of auto-parallelization are limited to combining data parallelism with at most one model
parallelism approach, which misses substantial performance opportunities. We next develop
our view of ML parallelisms.

Intra- and Inter-Operator Parallelisms

Different from the conventional view, in this paper, we re-catalog existing parallelization
approaches into two orthogonal categories: intra-operator and inter-operator parallelisms.
They are distinguished by if they involve partitioning operators along any tensor axis. We
next use the examples in Fig. 2.2 to introduce the two types of parallelisms.
Intra-operator parallelism. An operator works on multi-dimensional tensors. We can
partition the tensor along some dimensions, assign the resulting partitioned computations to
multiple devices, and let them execute different portions of the operator at the same time.
We define all parallelization approaches using this workflow as intra-operator parallelism.

Fig. 2.2a-c illustrates the application of several typical instantiations of intra-op paral-
lelism on an MLP. Data parallelism [93], by definition, belongs to intra-op parallelism —
the input tensors and matmuls are partitioned along the batch dimension, and weight ten-
sors are replicated. Alternatively, when the weights are very large, partitioning the weights
(Fig. 2.2b) leads to the aforementioned operator parallelism adopted in Megatron-LM. Be-
sides operators in the forward or backward passes, one can also partition the operators from
the weight update phase, yielding the weight update sharding or equivalently the ZeRO [151,
210] technique, commonly comprehended as an optimization of data parallelism.

Due to the partitioning, collective communication is required at the split and merge of
the operator. Hence, a key characteristic of intra-operator parallelism is that it results in
substantial communication among distributed devices.

Inter-operator parallelism. We define inter-operator parallelism as the orthogonal class of
approaches that do not perform operator partitioning, but instead, assign different operators
of the graph to execute on distributed devices.
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Fig. 2.2d illustrates the batch-splitting pipeline parallelism as a case of inter-operator
parallelism.! The pipeline execution can follow different schedules, such as Gpipe [79],
PipeDream [130], and synchronous 1F1B [129, 51]. We adopt the synchronous 1F1B sched-
ule throughout this paper as it respects synchronous consistency, and has the same pipeline
latency but lower peak memory usage compared to Gpipe.

In inter-operator parallelism, devices communicate only between pipeline stages, typically
using point-to-point communication between device pairs. The required communication
volume can be much less than the collective communication in intra-operator parallelism.
Regardless of the schedule used, due to the data dependency between stages, inter-operator
parallelism results in some devices being idle during the forward and backward computation.

By this categorization, the two parallelisms take place at different granularities of the
DL computation and have distinct communication requirements, which happen to match the
structure of today’s compute clusters. We will leverage these properties to design hierarchical
algorithms and compilation passes to auto-generate execution plans. Several concurrent work
[105, 129, 8, 178] have proposed similar categorization, but Alpa is the first end-to-end system
that uses this categorization to automatically generate parallel plans from the full space.

2.3 Overview

Alpa is a compiler that generates model-parallel execution plans by hierarchically optimizing
the plan at two different levels: intra-op and inter-op parallelism. At the intra-op level,
Alpa minimizes the cost of executing a stage (i.e., subgraph) of the computational graph,
with respect to its intra-operator parallelism plan, on a given device mesh, which is a set
of devices that may have high bandwidth between each other (e.g., GPUs within a single
server). Different meshes might have different numbers of computing devices according to the
workload assigned. At the inter-op level, Alpa minimizes the inter-op parallelization latency,
with respect to how to slice the model and device cluster into stages and device meshes and
how to map them as stage-mesh pairs. The inter-op optimization depends on knowing the
execution cost of each stage-mesh pair reported by the intra-op optimizer. Through this
hierarchical optimization process, Alpa generates the execution plan consisting of intra-op
and inter-op plans which are locally near-optimal at their respective level of the hierarchy.
To achieve this, Alpa implements three novel compilation passes as Fig. 4.3 shows. Given
a model description, in the form of a Jax [23] intermediate representation (IR), and a clus-
ter configuration, the inter-op compilation pass slices the IR into a number of stages, and
slices the device cluster into a number of device meshes. The inter-op pass uses a Dynamic
Programming (DP) algorithm to assign stages to meshes and invokes the intra-op compi-
lation pass on each stage-mesh pair, to query the execution cost of this assignment. Once
invoked, the intra-op pass optimizes the intra-op parallel execution plan of the stage running

!Device placement [121] is another case of inter-op parallelism, which partitions the model graph and
executes them on different devices but does not saturate pipelines using multiple microbatches. Hence
pipeline parallelism is often seen as a better alternative to it because of less device idle time.
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Figure 2.3: Compiler passes and runtime architecture. A sharded stage is a stage annotated
with the sharding specs generated by intra-op pass.

on its assigned mesh, by minimizing its execution cost using an Integer Linear Programming
(ILP) formulation, and reports the cost back to the inter-op pass. By repeatedly querying
the intra-op pass for each allocation of a stage-mesh pair, the inter-op pass uses the DP to
minimize the inter-op parallel execution latency and obtains the best slicing scheme of stages
and meshes.

Given the output hierarchical plan and a designated pipeline-parallel schedule, each stage

is first compiled as a parallel executable on its located mesh. A runtime orchestration pass
is invoked to fulfill the communication requirement between two adjacent stages that require
communication between the two meshes they locate on. The runtime orchestration pass then
generates static instructions specific to each mesh according to the pipeline-parallel schedule
and invokes the execution on all meshes.
API. Alpa has a simple API shown in Fig. 2.4. Alpa requires developers to annotate
functions to be parallelized, such as the train_step(), using a Python decorator @parallelize.
Upon the first call to train_step(), Alpa traces the whole function to get the model IR,
invokes the compilation, and converts the function to a parallel version.

Since the inter-op pass depends on the intra-op pass, in the following text, we first describe
the intra-op pass, followed by the inter-op pass, and finally the runtime orchestration pass.
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# Put @parallelize decorator on top of the Jax functions
@parallelize
def train_step(state, batch):
def loss_func(params):
out = state.forward(params, batch["x"])
return jax.numpy.mean((out - batch["y"]) ** 2)

grads = grad(loss_func)(state.params)
new_state = state.apply gradient(grads)
return new_state

# A typical training loop
state = create_train_state()
for batch in data_loader:
state = train_step(state, batch)

Figure 2.4: An example to demonstrate Alpa’s API for Jax. The developers uses a Python
decorator @parallelize to annotate functions that need to be parallelized. The rest of the
program is kept intact.

2.4 Intra-Operator Parallelism

Alpa optimizes the intra-operator parallelism plan within a device mesh. Alpa adopts the
SPMD-style intra-op parallelism [99, 211] which partitions operators evenly across devices
and executes the same instructions on all devices, as per the fact that devices within a single
mesh have equivalent compute capability. This SPMD style significantly reduces the space
of intra-op parallelism plans; meanwhile, it conveniently expresses and unifies many impor-
tant approaches such as data parallelism, ZeRO, Megatron-LM’s operator parallelism, and
their combinations, which are not fully covered by existing automatic operators parallelism
systems, such as Tofu [195] and FlexFlow [84]. Unlike systems that perform randomized
search [84] or assume linear graphs [195], Alpa formalizes the problem as an integer linear
programming (ILP) and shows it can be solved efficiently for computational graphs with
tens of thousands of operators. Next, we describe the space of intra-op parallelism and our
solution.

The Space of Intra-Operator Parallelism

Given an operator in the computational graph, there are multiple possible parallel algo-
rithms to run it on a device mesh. For example, a matrix multiplication Cj; = >, A By;
corresponds to a three-level for-loop. To parallelize it, we can parallelize the loop i, loop j,
loop k, or combinations of them across devices, which would have different computation and
communication costs, require different layouts for the input tensors, and result in output
tensors with different layouts. If an input tensor does not satisfy the layout requirement, a
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Table 2.1: Sharding specs of a 2-dimentional tensor on a 2 x 2 device mesh. A is a (N, M)
tensor. The device mesh is [[Device 0, Device 1], [Device 2, Device 3]|. Each device stores a
partition of A. The first column is the name of the sharding spec. The latter columns use
Numpy syntax to describe the partitions stored on each device.

13

Spec Device 0 Device 1 Device 2 Device 3

RR A[0:N,0: M] A[0:N,0:M] A[0:N,0:M] A[0:N,0: M)
5051 A[O:%,O:%] A[O:%,%:M] A[%:N,O:%] A[%:N,%:M]
S50 Al 502 AS N0 ] Ao &4 M) A[Y N A M)
S°R Al0:5,0:M] Al0:5,0:M] A[Z:N,0:M] A5 :N,0:M]
S'R Aj0:5,0: M) A[S:N,0:M] Al0:5,0:M] A[5:N,0:M]
RS A[0:N,0: %] A0:N,0: %] Aj0:N, % :M] A{0: N, M|
RSY A[0:N,0: 4] Al0: N, 2 M] A0:N,0: Y] Aj0: N, M]
SOIR A[0: £,0: M) A[%:%,O:M] AlS 3 0 M) A[RX : N,0: M]
RS A[0:N,0: 2] Aj0: N, & Y] Alo: N, A3 Alo: N, L M)

Table 2.2: Several cases of resharding. all-gather(x,i) means an all-gather of x bytes along
the i-th mesh axis. M is the size of the tensor. (ng,n;) is the mesh shape.

# Src Spec  Dst Spec Communication Cost
1 RR S0gt 0

2 SR RR all-gather (M, 0)
3 Sost SR all-gather (nM 1)
4 S°R RS° all-to-all (£, 0)

5 S0t SR all-to-all(; M-, 1)

layout conversion is required, which introduces extra communication costs. The goal of the
intra-op pass is to pick one parallel algorithm for every operator to minimize the execution
time of the entire graph. Next, we formally define the device mesh and the layout of a tensor
and discuss the cost of layout conversion.

Device mesh. A device mesh is a 2-dimensional logical view of a set of physical devices.
Each device in the mesh has the same compute capability. Devices can communicate along
the first mesh dimension and the second mesh dimension with different bandwidths. We
assume different groups of devices along the same mesh dimension have the same communi-
cation performance. For a set of physical devices, there can be multiple logical views. For
example, given 2 nodes and 8 GPUs per node (i.e., 16 devices in total), we can view them
asa2x8,1x16,4x4,8x2,or 16 X 1 device mesh. The mapping between physical devices
and the logical device mesh view is optimized by the inter-op pass (§2.5). In the rest of this
section, we consider one fixed device mesh view.
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Table 2.3: Several parallel algorithms for a batched matmul Cy;; = >, ApixBpr,;. The
notation all-reduce(x,1) means an all-reduce of x bytes along the i-th mesh axis. M is the
size of the output tensor. (ng,n;) is the mesh shape.

Parallel Output Input Communication
* Mapping Spec Specs Cost
1 i—0,j—1 RS°S' RS°R RRS' 0
2 i—0,k—1 RS°R RSS! RS'R all-reduce(2L 1)
3 j—0k—1 RRS® RRS,RS'S"  all-reduce(3l 1)
4 b—=0,i—1 S°S'R S°S'R,S°RR 0
5 b—0,k—1 S°RR S°RS!' S°S'R all—reduce(%, 1)
6 i—{0,1} RS™R RS°'R,RRR 0
7T k—{0,1} RRR RRS, RS°'R all-reduce(M,{0,1})

Sharding Spec. We use sharding spec to define the layout of a tensor. For an N-dimensional
tensor, its sharding spec is defined as Xo X7 - - - X,,_1, where X; € {S, R}. If X; = S, it means
the i-th axis of the tensor is partitioned. Otherwise, the i-th axis is replicated. For example,
for a 2-dimensional tensor (i.e., a matrix), SR means it is row-partitioned, RS means it
is column-partitioned, 5SS means it is both row- and column- partitioned. RR means it is
replicated without any partitioning. After we define which tensor axes are partitioned, we
then have to map the partitioned tensor axes to mesh axes. We only consider 2-dimensional
device meshes, so a partitioned tensor axis can be mapped to either the first or the second axis
of the device mesh, or both. We added a superscript to S to denote the device assignment.
For example, S° means the partitions are along the 0-th axis of the mesh, S means the
partitions take place along both mesh axes. SR means the tensor is row-partitioned into two
parts — The first part is replicated on device 0 and device 1, and the second part is replicated
on device 2 and device 3. Table 2.1 shows all possible sharding specs of a 2-dimensional tensor
on a 2 X 2 mesh with 4 devices.

Resharding. When an input tensor of an operator does not satisfy the sharding spec of
the chosen parallel algorithm for the operator, a layout conversion, namely resharding, is
required, which might require cross-device communication. Table 2.2 lists several cases of
resharding. For instance, to convert a fully replicated tensor to any other sharding specs
(case #1), we can slice the tensor locally without communication; to swap the partitioned
axis (case #4), we perform an all-to-all.

Parallel algorithms of an operator. With the definitions above, consider parallelizing
a batched matmul Cy;; = >, Ap;xBpr; on a 2D mesh — Table 2.3 lists several intra-op
parallel algorithms for a batched matmul. Algorithm#1 maps loop ¢ to the 0-th mesh axis
and loop j to the 1-th mesh axis, resulting in the output tensor C' with a sharding spec
RS°S'. As the LHS operand Api . and RHS operand By, ; both have only one parallelized
index, their sharding specs are written as RS°R and RRS", respectively. In this algorithm,
each device has all its required input tiles (i.e., a partition of the tensor) stored locally to
compute its output tile, so there is no communication cost. In Algorithm #2 in Table 2.3,
when the reduction loop k is parallelized, all-reduce communication is needed to aggregate
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the partial sum. Similarly, we can derive the sharding specs and communication costs of
other parallel algorithms for a batched matmul.

For other primitive operators such as convolution and reduction, we can get a list of
possible parallel algorithms following a similar analysis of their math expressions. In the
intra-op pass, the model graph is represented in XLA’s HLO format[179], which summarizes
common DL operators into less than 80 primitive operators, so we can manually enumerate
the possible parallel algorithms for every primitive operator.

ILP Formulation

The total execution cost of a computational graph G = (V, E) is the sum of the compute
and communication costs on all nodes v € V' and the resharding costs on all edges e € E.
We formulate the cost minimization as an ILP and solve it optimally with an off-the-shelf
solver [5H4].

For node v, the number of possible parallel algorithms is k,. It then has a communication
cost vector ¢, of length k,, or ¢, € R*, where c,; is the communication cost of the i-th
algorithm. Similarly, node v has a compute cost vector d,, € R¥*. For each node v, we define
an one-hot decision vector s, € {0, 1}’“” to represent the algorithm it uses. s,; = 1 means we
pick the i-th algorithm for node v. For the resharding cost between node v and node u, we
define a resharding cost matrix R,, € RF¥>*« where R,yij is the resharding cost from the
output of i-th strategy of node v to the input of j-th strategy of node u. The objective of
the problem is

min Z sT(c, +dy) + Z ST RyuSu, (2.1)

veV (vyu)eE

where the first term is the compute and communication cost of node v, and the second is
the resharding cost of the edge (v, ). In this formulation, s is the variable, and the rest
are constant values. The term sTR,,s, in Eq. 2.1 is quadratic, and cannot be fed into
an ILP solver. We linearize [55] the quadratic term by introducing a new decision vector
evu € {0, 1}Fo ke which represents the resharding decision between node v and u.

Although we can use profiling to get the accurate costs for c¢,, d,, and R,,, we use the
following methods to estimate them for simplicity. For communication costs ¢, and R,,,
we compute the numbers of communicated bytes and divide them by the mesh dimension
bandwidth to get the costs. For compute costs d,, we set all of them as zero following
the same motivation in [195]. This is reasonable because: (1) For heavy operators such as
matmul, we do not allow replicated computation. All parallel algorithms always evenly divide
the work to all devices, so all parallel algorithms of one operator have the same arithmetic
complexity; (2) For lightweight operators such as element-wise operators, we allow replicated
computation of them, but their computation costs are negligible.

To simplify the graph, we merge computationally-trivial operators, such as element-wise
operators, transpose, and reduction, into one of their operands and propagate the sharding
spec from the operand. This greatly reduces the number of nodes in the graph, thus the ILP
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problem size. We do a breath-first-search and compute the depth of each node. The node is
merged to the deepest operand.

Once the parallel plan is decided by ILP, we also apply a set of post-ILP communica-
tion optimizations, such as replacing all-reduce with reduce-scatter and all-gather, whenever
applicable, because the latter reduces the number of replicated tensors and corresponding
computations, while keeping the communication volume the same. This achieves the effect
of weight update sharding [210] or ZeRO optimizer [151].

2.5 Inter-Operator Parallelism

In this section, we develop methods to slice the model and device cluster into stage-mesh
pairs. Our optimization goal is to minimize the end-to-end pipeline execution latency for the
entire computational graph. Previous works [105, 51] have considered simplified problems,
such as assuming the device for each stage is pre-assigned, and all stages have fixed data or
operator parallelism plan. Alpa rids these assumptions by jointly considering device mesh
assignment and the existence of varying intra-op parallelism plans on each stage.

The Space for Inter-Operator Parallelism

Assume the computational graph contains a sequence of operators following the topology
order of the graph?, notated as o1,...,0x, where the inputs of an operator o, are from
operators oq,...,0,_1. We slice the operators into S stages si,...,sg, where each stage s;
consists of operators (o, ..., 0., ), and we assign each stage s; to a submesh of size n; x m;,
sliced from a computer cluster that contains devices, notated as the cluster mesh with shape
N x M. Let t; = tina(si, Mesh(n;, m;)) be the latency of executing stage s; on a submesh of
n; X m;, minimized by the ILP and reported back by the intra-op pass (§2.4). As visualized
in Fig. 2.5, assuming we have B different input microbatches for the pipeline, the total
minimum latency® for the entire computation graph is written as:

S

= i {Zti HEB-)- f?%{tj}}‘ 22)
(n1,m1),...,(ng,mg) \i=1

The overall latency contains two terms: the first term is the total latency of all stages,

interpreted as the latency of the first microbatch going through the pipeline; the second term

is the pipelined execution time for the rest of B — 1 microbatches, which is bounded by the

slowest stage (stage 3 in Fig. 2.5).

2We simply use the order of how users define each operator, reflected in the model IR, with the input
operator as the origin. This allows us to leverage the inherent locality present in the user’s program — closely
related nodes in the graph will be more likely to be partitioned into the same stage.

3This formulation holds for GPipe and synchronous 1F1B schedules. Other pipeline schedules may
require a different formulation.
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Figure 2.5: Ilustration of the total latency of a pipeline, which is determined by two parts:
the total latency of all stages (¢, +t2+t3+14) and the latency of the slowest stage ((B—1)-t3).

We aim to solve Eq. 2.2 with two additional constraints: (1) For an operator in the
forward pass of the graph, we want to colocate it with its corresponded backward operator
on the same submesh. Since backward propagation usually uses the similar set of tensors
during forward propagation, this effectively reduces the amount of communication to fetch
the required tensors generated at the forward pass to the backward pass. We use the sum of
forward and backward latency for ¢4, SO Eq. 2.2 reflects the total latency, including both
forward and backward propagation. (2) We need the sliced submeshes (ny,m1), ..., (ng, mg)
to fully cover the N x M cluster mesh — we do not waste any compute device resources. We
next elaborate on our DP formulation.

DP Formulation

To ensure all submeshes (ny,m;),...,(ng,mg) fully cover the N x M cluster mesh, we
reduce the available submesh shapes into two options: (1) one-dimensional submeshes of sizes
(1,1),(1,2),(1,4)...(1,2™) and (2) two-dimensional submeshes of size (2, M), (3, M),...,
(N, M) that fully use the second dimension of the cluster mesh (i.e., on a GPU cluster, this
means using all compute devices in each physical machine). We include a theorem in the
appendix? that proves these submesh shapes can always fully cover the cluster mesh. To
assign physical devices in the cluster to the resulting submeshes find by the DP algorithm,
we enumerate by assigning devices to larger submeshes first and then to smaller ones. When
there are multiple pipeline stages with the same submesh shape, we tend to put neighboring
pipeline stages closer on the device mesh to reduce communication latency.

The simplification on submesh shapes works well for most available cloud deep learning
setups: On AWS [9], the GPU instances have 1, 2, 4, or 8 GPUs; on GCP [63], the TPU
instances have 8, 32, 128, 256 or 512 TPUs. The set of submesh shapes (n,m) excluded
by the assumption is with n > 1 and m < M, which we observe lead to inferior results,
since an alternative submesh with shape (n’, M) where n’ - M = n - m has more devices that

1Please refer to the original paper [225]. Readers are encouraged to consult the original paper as well
for a better-formatted version of the content.
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can communicate with high bandwidth. With this reduction, we only need to ensure that
Zleni-mi =N - M.

To find T* in Eq. 2.2, we develop a DP algorithm. The DP first enumerates the second
term t,q, = maxi<;<gt; and minimizes the first term typ10(tmas) = D 1<jcgti for each
different t,,4,. Specifically, we use the function F (s, k, d; ;. ) to represent the minimal total
latency when slicing operators oj to ox into s stages and putting them onto d devices so
that the latency of each stage is less than t,,,,. We start with F/(0, K + 1,0;%,,4:) = 0, and
derive the optimal substructure of F' as

F(s,k,d;tmae) (2.3)
tintra((Ok, - . ., 05), Mesh(ng, my), 5)
= min + F(s—1,i4+1,d—ns mg; tme) ,

E<i<K
s ms<d | tintm((oka s 70i)7 MeSh(nsy ms)) S) < tmaz

and derive the optimal total latency as

T*(tmae) = min{F(s,0, N - M;tya)} + (B —1) - tyas- (2.4)

The value of tia((0k, - .., 0;), Mesh(ng, mg), s) is determined by the intra-op pass. It
is the lowest latency of executing the subgraph (o, ...,0;) on mesh Mesh(ng, m,) with s
subsequent stages. Note that Mesh(ngs, ms) is a set of physical devices — hence, we enumerate
all the potential choices of logical device mesh shapes (n;, m;) satisfying n;-m; = ng-ms. For
each choice, we query the intra-op pass with subgraph (o, ..., 0;), logical mesh (n;,m;), and
other intra-op options as inputs and get an intra-op plan. We then compile the subgraph
with this plan and all other low-level compiler optimizations (e.g., fusion, memory planning)
to get an executable for precise profiling. The executable is profiled in order to get the stage
latency (¢;) and the memory required on each device to run the stage (memgyq,) and to
store the intermediate activations (memg.). We check whether the required memory fits
the device memory (mem geyice) according to the chosen pipeline execution schedule. For
example, for 1F1B schedule [51, 129], we check

MeM stage + 5 memge < Mem gevice - (25)

We pick the logical mesh shape that minimizes ¢; and fits into the device memory. If none
of them fits, we set ;4. = 00.

Our algorithm builds on top of that in TeraPipe [105]. However, TeraPipe assumes
all pipeline stages are the same, and the goal is to find the optimal way to batch input
tokens into micro-batches of different sizes. Instead, Alpa aims to group the operators of a
computational graph into different pipeline stages, while assuming the input micro-batches
are of the same size. In addition, Alpa optimizes the mesh shape in the DP algorithm for
each pipeline stage in inter-op parallelism.

Complexity. Our DP algorithm computes the slicing in O(K*NM (N + log(M))) time for
a fixed ty00. tmar has at most O(K%(N +log(M))) choices: tima((04, - .. ,0;), Mesh(ng, my))
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fori,j =1,..., K and all the submesh choices. The complexity of this DP algorithm is thus
O(K°NM(N + log(M))?).

This complexity is not feasible for a large computational graph of more than ten thousand
operators. To speed up this DP, we introduce a few practical optimizations.
Performance optimization #1: early pruning. We use one optimization that is similar
to that in TeraPipe [105]. We enumerate t,,q, from small to large. When B - ¢,,,, is larger
than the current best T, we immediately stop the enumeration. This is because larger t,,q
can no longer provide a better solution. Also, during enumeration of t,,,,, we only evaluate a
choice of ., if it is sufficiently larger than the last t,,,, (by at least €). This allows the gap
between the solution found by the DP algorithm and the global optima to be at most B - €.
We empirically choose € = 107%s, and we find that the solution output by our algorithm is
the same as the real optimal solution (e = 0) for all our evaluated settings.
Performance optimization #2: operator clustering. Many operators in a compu-
tational graph are not computationally intensive (e.g., ReLU), and the exact placement of
these operators has little impact on the total execution time. We develop another DP al-
gorithm [10] to cluster neighboring operators to reduce the total size of the graph Eq. 2.2
works on. We cluster the operators (o1, ...,0x) into a series of layers® (Iy,...,11), where
L < K. The goal of the algorithm is to merge two types of operators: (1) those that do
not call for much computation but lengthen the computational graph and (2) neighboring
operators that may cause substantial communication if put on different device meshes. We
define function G(k,r) as the minimum of maximal amount of data received by a single layer

when clustering operators (oy,...,0x) into r layers. Note that G has the following optimal
substructure:
G(k,r) (2.6)
max{G(i—1,r —1),C(i, k)}
= min 1 5 FLOP ota )
1<i<k | | FLOP(o;,...,0k) < (1+9) 7 Lotal
where C(i, k) denotes the total size of inputs of (o;, ..., 0x) received from (o01,...,0;-1) and

FLOP 1 = FLOP(04,...,0k) is the total FLOP of the whole computational graph. We
make sure that each clustered layer’s FLOP is within 1 4 ¢ times of the average FLOP per
layer while minimizing the communication. For the solutions with the same communication
cost, we choose the one with the most uniform structure by also minimizing the variance
of per-layer FLOP. With our DP algorithm, we can compute the best layer clustering in
O(K*?L) time. Note that L here is a hyperparameter to the algorithm. In practice, we
choose a small L based on the number of devices and the number of heavy operators in the
graph. We find different choices of L do not affect the final performance significantly.

Alg. 1 summarizes the workflow of the inter-op pass and illustrates its interactions with
the intra-op pass in §2.4.

5Note that the clustering does not exactly reproduce the layers with original machine learning semantics
in the model definition.
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Figure 2.6: Cross-mesh resharding. Red arrows denote send /recv on slow connections. Green
arrows denote all-gather on fast connections. (a) The scatter-gather optimization for equal
mesh shapes in Megatron-LM. (b) The naive send/recv for unequal mesh shapes. (c¢) The
generalized local all-gather optimization for unequal mesh shapes.

2.6 Parallelism Orchestration

After stages, device meshes, and their assignments are decided, at the intra-op level, Alpa
compiles each stage against its assigned device mesh, respecting the intra-op parallelism
plan output by the ILP solver. The compilation depends on XLA [179] and GSPMD [211],
and generates parallel executables for each stage-mesh pair. When needed, the compilation
automatically inserts collective communication primitives (see §2.4) to address the within-
mesh communication caused by intra-op parallelism.

At the inter-op level, Alpa implements an additional parallelism orchestration pass to

address the cross-mesh communication between stages, and generate static instructions for
inter-op parallel execution.
Cross-mesh resharding. Existing manual systems, such as Megatron-LM [152, 170], con-
strain all pipeline stages to have the same degrees of data and tensor model parallelism, so
the communication between pipeline stages is trivially realized by P2P send/recv between
corresponded devices of two equivalent device meshes (Fig. 2.6a). In Alpa, the device meshes
holding two adjacent stages might have different mesh shapes, and the tensor to communicate
between two stages might have different sharding specs (Fig. 2.6b and Fig. 2.6¢). We call
this communication pattern as cross-mesh resharding, which is a many-to-many multicast
problem.

Given the sharding specs of the tensor on the sender and receiver mesh, Alpa generates a
communication plan to address cross-mesh sharding in two iterations. In the first iteration,
Alpa calculates the correspondences between tensor partitions (a.k.a. tiles) on the source and
destination mesh. Based on that, it generates P2P send /recv primitives between the source
devices and destination devices to fulfill the communication. It then takes a second iteration
to identify opportunities where the destination tensor has a replication in its sharding spec.
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In this case, the tensor only needs to be transferred once between two meshes, then exchanged
via all-gather across the devices on the destination mesh using its higher bandwidth (Fig. 2.6)
— it rewrites send/recv generated at the first iteration into all-gather to avoid repeated
communication.

We call this approach as local all-gather cross-mesh resharding. Since the communication

between stages is normally small by our design, our experiments show that it performs
satisfactorily well (§2.8). We defer the development of the optimal cross-mesh resharding
plan to future work.
Generating pipeline execution instructions. As the final step, Alpa generates static
execution instructions to launch the training on clusters. Since each stage has different sets
of operators and may locate on meshes with different shapes, in contrast to many SPMD
pipeline-parallel training systems [211, 128], Alpa adopts an MPMD-style runtime to orches-
trate the inter-op parallel execution — Alpa generates distinct static execution instructions
for each device mesh.

Alpa develops a set of instructions for inter-op parallel execution, including instructions
for allocating and deallocating memory for tensors in a stage, communicating tensors between
stages following the cross-mesh resharding plan, synchronization, and computation, etc.
According to a user-selected pipeline schedule, Alpa uses a driver process to generate the
instructions in advance and dispatches the whole instruction lists to each worker before
execution, avoiding driver-worker coordination overheads during runtime.

2.7 Limitations and Discussion

In this section, we discuss advantages of our view of parallelisms and several limitations of
our algorithms.

Compared to existing work that manually combines data, operator, and pipeline paral-
lelism, such as 3D parallelism [152] and PTD-P [128], Alpa’s hierarchical view of inter- and
intra-op parallelisms significantly advances them with three major flexibility: (1) pipeline
stages can contain an uneven number of operators or layers; (2) pipeline stages in Alpa might
be mapped to device meshes with different shapes; (3) within each stage, the data and oper-
ator parallelism configuration is customized non-uniformly on an operator-by-operator basis.
Together, they allow Alpa to unify all existing model parallelism approaches and generalize
to model architectures and cluster setups with more heterogeneity.

Despite these advantages, Alpa’s optimization algorithms currently have a few limita-
tions:

e Alpa does not model the communication cost between different stages because the cross-
stage communication cost is by nature small. In fact, modeling the cost in either the DP or
ILP is possible, but would require enumerating exponentially more intra-op passes and DP
states.

e The inter-op pass currently has a hyperparameter: the number of micro-batches B, which
is not optimized by our current formulation but can be searched by enumeration.
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Figure 2.7: End-to-end evaluation results. “x” denotes out-of-memory. Black boxes repre-
sent, linear scaling.

e The inter-op pass models pipeline parallelism with a static linear schedule, without con-
sidering more dynamic schedules that, for example, parallelize different branches in a com-
putational graph on different devices.
e Alpa does not optimize for the best scheme of overlapping computation and communi-
cation; Alpa can only handle static computational graphs with all tensor shapes known at
compilation time.

Nevertheless, our results on weak scaling (§4.6) suggest that Alpa is able to generate
near-optimal execution plans for many notable models.

2.8 Evaluation

Alpa is implemented using about 16K LoC in Python and 6K LoC in C++. Alpa uses Jax
as the frontend and XLA as the backend. The compiler passes are implemented on Jax’s
and XLA’s intermediate representation (i.e., Jaxpr and HLO). For the distributed runtime,
we use Ray [125] actor to implement the device mesh worker, XLA runtime for executing
computation, and NCCL [133] for communication.

We evaluate Alpa on training large-scale models with billions of parameters, including
GPT-3 [25], GShard Mixture-of-Experts (MoE) [99], and Wide-ResNet [221]. The testbed
is a typical cluster consisting of 8 nodes and 64 GPUs. Each node is an Amazon EC2
p3.16xlarge instance with 8 NVIDIA V100 16 GB GPUs, 64 vCPUs, and 488 GB memory.
The 8 GPUs in a node are connected via NVLink. The 8 nodes are launched within one
placement group with 25Gbps cross-node bandwidth.

We compare Alpa against two state-of-the-art distributed systems for training large-scale
models on GPUs. We then isolate different compilation passes and perform ablation studies
of our optimization algorithms. We also include a case study of the execution plans found

by Alpa.
End-to-End Performance

Models and training workloads. We target three types of models listed in Table 2.4,
covering models with both homogeneous and heterogeneous architectures. GPT-3 is a ho-
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Table 2.4: Models used in the end-to-end evaluation. LM = language model. IC = image
classification.

Model Task Batch size #params (billion) Precision
GPT-3 [25] LM 1024 0.35, 1.3, 2.6, 6.7, 15, 39 FP16
GShard MoE [99] LM 1024 0.38, 1.3, 2.4, 10, 27, 70 FP16
Wide-ResNet [221]  IC 1536 0.25, 1.0, 2.0, 4.0, 6.7, 13 FP32

mogeneous transformer-based LM by stacking many transformer layers whose model par-
allelization plan has been extensively studied [170, 128]. GShard MoE is a mixed dense
and sparse LM, where mixture-of-experts layers are used to replace the MLP at the end of
a transformer, every two layers. Wide-ResNet is a variant of ResNet with larger channel
sizes. It is vastly different from the transformer models and there are no existing manually
designed strategies.

To study the ability to train large models, we follow common ML practice to scale

the model size along with the number of GPUs, with the parameter range reported in
Table 2.4. More precisely, for GPT-3, we increase the hidden size and the number of layers
together with the number of GPUs following [128], whereas for MoE we mainly increase
the number of experts suggested by [99, 211]. For Wide-ResNet, we increase the channel
size and width factor in convolution layers. For each model, we adopt the suggested global
batch size per ML practice [128, 25, 99, 221] to keep the same statistical behavior. We
then tune the best microbatch size for each model and system configuration that maximizes
the system performance. The gradients are accumulated across microbatches. The detailed
model specifications are provided in the appendix®.
Baselines. For each model, we compare Alpa against a strong baseline. We use Megatron-
LM v2 [128] as the baseline system for GPT-3. Megatron-LM is the state-of-the-art system
for training homogeneous transformer-based LMs on GPUs. It combines data parallelism,
pipeline parallelism, and manually-designed operator parallelism (denoted as TMP later).
The combination of these techniques is controlled by three integer parameters that specify the
parallelism degrees assigned to each technique. We grid-search the three parameters following
the guidance of their paper and report the results of the best configuration. Megatron-LM
is specialized for GPT-like models, so it does not support other models in Table 2.4.

We use DeepSpeed [152] as the baseline for MoE. DeepSpeed provides a state-of-the-art
implementation for training MoE on GPUs. It combines handcrafted operator parallelism
for MoE layers and ZeRO-based [151] data parallelism. The combination of these techniques
is controlled by several integer parameters that specify the parallelism degree assigned to
each technique. We also grid-search them and report the best results. The performance of
DeepSpeed on GPT-3 is similar to or worse than Megatron-LM, so we skip it on GPT-3.
Note that original GShard-MoE [99] implementation is only available on TPUs, thus we do
not include its results, though their strategies [99] are covered by Alpa ’s strategy space.

For large Wide-ResNet, there is no specialized system or manually designed plan for it.

6Please refer to the original paper [225]. Readers are encouraged to consult the original paper as well
for a better-formatted version of the content.
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We use Alpa to build a baseline “PP-DP” whose space only consists of data parallelism and
pipeline parallelism, which mimics the parallelism space of PipeDream [130] and Dapple [51].
For all models, we also include the results of using Alpa with only one of intra- and
inter-operator parallelism, which mimics the performance of some other auto-parallel sys-
tems. The open-source Flexflow [84] does not support the models we evaluate, as it lacks
support for many necessary operators (e.g., layer normalization [11], mixed-precision opera-
tors). Tofu [195] only supports single node execution and is not open-sourced. Due to both
theoretical and practical limitations, we do not include their results and we do not expect
Flexflow or Tofu to outperform the state-of-the-art manual baselines in our evaluation.
Evaluation metrics. Alpa does not modify the semantics of the synchronous gradient de-
scent algorithm, thus does not affect the model convergence. Therefore, we measure training
throughput in our evaluation. We evaluate weak scaling of the system when increasing the
model size along with the number of GPUs. Following [128], we use the aggregated peta
floating-point operations per second (PFLOPS) of the whole cluster as the metric’”. We
measure it by running a few batches with dummy data after proper warmup. All our results
(including those in later sections) have a standard deviation within 0.5%, so we skip the
error bars in our figures.
GPT-3 results. The parallelization plan for GPT-3 has been extensively studied [25,
128, 105]. We observe in Fig. 2.7a that this manual plan with the best grid-searched pa-
rameters enables Megatron-LM to achieve super-linear weak scaling on GPT-3. Neverthe-
less, compared to Megatron-LM, Alpa automatically generates execution plans and even
achieves slightly better scaling on several settings. If compared to methods that only use
intra-operator parallelism, our results are consistent with recent studies — “Intra-op only”
performs poorly on ;16 GPUs because even the best plan has to communicate tensors heav-
ily on cross-node connections, making communication a bottleneck. Surprisingly, “Inter-op
only” performs well and maintains linear scaling on up to 64 GPUs.

We investigate the grid-searched parameters of the manual plan on Megatron-LM, and
compare it to the plan generated by Alpa. It reveals two major findings. First, in Megatron-
LM, the best manual plan has TMP as 1, except in rare settings, such as fitting the 39B
model on 64 GPUs, where pipeline parallelism alone is unable to fit the model (stage) in GPU
memory; meanwhile, data parallelism is maximized whenever memory allows. In practice,
gradient accumulation (GA) is turned on to achieve a desired global batch size (e.g., 1024 in
our setting). GA amortizes the communication of data parallelism and reduces the bubbles
of pipeline parallelism, but the communication of TMP grows linearly with GA steps, which
puts TMP disadvantaged. Second, Alpa-generated plan closely resembles the best-performed
ones in Megatron-LM, featuring (1) evenly-sized stages, (2) partitioning along the batch
dimension in stages when memory is not stressed, but along non-batch dimensions when
memory is stressed. One key difference between our plan and the manual plan is that Alpa
also partitions the weight update operations when data parallelism exists, which contributes

"As the models are different for different numbers of GPUs, we cannot measure scaling on the system
throughput such as tokens per second or images per second.
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Figure 2.8: Intra-operator parallelism ablation study. “x” denotes out-of-memory. Black
boxes represent linear scaling.

to the slight performance improvement over Megatron-LM. This attributes to the fact that
Alpa, as a generic compiler system, can compose a wide range of parallelism approaches,
while Megatron-LM, for now, misses weight update sharding support.

MOoE results. DeepSpeed adopts a manual operator parallelism plan for MoE models, de-
veloped by GShard [99], called ezpert parallelism, which uses a simple rule: it partitions
the expert axis for the operators in MoE layers, but switches back to data parallelism for
non-expert layers. This expert parallelism is then combined with ZeRO data parallelism
and TMP. All of these techniques belong to intra-operator parallelism. Unfortunately, Deep-
Speed’s specialized implementation does not include any inter-operator parallelism approach,
which is required for scaling across multiple nodes with low inter-node bandwidth. Therefore,
Deepspeed only maintains a good performance within a node (< 8 GPUs) on this cluster.
“Intra-op only” fails to scale across multiple nodes due to the same reason. “Inter-op only”
runs out of memory on 32 GPUs and 64 GPUs because it is not easy to equally slice the
model when the number of GPUs is larger than the number of layers of the model. The
imbalanced slicing makes some memory-intensive stages run out of memory.

By contrast, Alpa automatically discovers the best execution plans that combine intra-
and inter-operator parallelism. For intra-operator parallelism, Alpa finds a strategy similar
to expert parallelism and combines it with ZeRO data parallelism, thanks to its ILP-based
intra-op pass. Alpa then constructs stages and uses inter-operator parallelism to favor small
communication volume on slow connections. Alpa maintains linear scaling on 16 GPUs and
scales well to 64 GPUs. Compared to DeepSpeed, Alpa achieves 3.5x speedup on 2 nodes
and a 9.7x speedup on 4 nodes.

Wide-ResNet results. Unlike the previous two models that stack the same layer, Wide-
ResNet has a more heterogeneous architecture. As the data batch is forwarded through
layers, the size of the activation tensor shrinks while the size of the weight tensor inflates.
This leads to an imbalanced distribution of memory usage and compute intensity across
layers. For this kind of model, it is difficult, if not impossible, to manually design a plan.
However, Alpa still achieves a scalable performance on 32 GPUs with 80% scaling. The
baselines “PP-DP” and “Inter-op only” run out of memory when training large models,
because they cannot partition weights to reduce the memory usage, and it is difficult to
construct memory-balanced stages for them. “Intra-only” requires a lot of communication
on slow connections, so it cannot scale across multiple nodes. A case study on the generated
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Figure 2.9: Inter-operator parallelism ablation study.

plan for Wide-ResNet is in §2.8.

Intra-Op Parallelism Ablation Study

We study the effectiveness of our intra-operator parallelism optimization algorithm. We
compare our ILP-based solution against alternatives such as ZeRO optimizer and rule-based
partitioning strategies.

Experimental setup. We run a weak scaling benchmark in terms of model size similar to
§2.8, but disable pipeline parallelism and gradient accumulation to control variables. The
benchmark is done on one AWS p3.16xlarge instance with 8 GPUs. In order to simulate an
execution environment of large-scale training in one node, we use larger hidden sizes, smaller
batch sizes, and smaller numbers of layers, compared to the model configurations in §2.8.
Baselines. We compare automatic solutions for intra-operator parallelism. “Data” is vanilla
data parallelism. “ZeRO-2" [151] is a memory-efficient version of data parallelism which
partitions gradients and optimizer states. “ZeRO-3" [151] additionally partitions parame-
ters on top of “ZeRO-2”. “Heuristic” uses a rule combined with the sharding propagation
in GSPMD. It marks the largest dimension of every input tensor as partitioned and runs
sharding propagation to get the sharding specs for all nodes in the graph. “ILP” is our
solution based on the ILP solver.

Results. As shown in Fig. 2.8, “Data” runs out of memory quickly and cannot train large
models. “ZeRO-2" and “ZeRO-3" resolve the memory problem of data parallelism, but they
do not optimize for communication as they always communicate the gradients. When the
gradients are much larger than activations, their performance degenerates. “Heuristic” solves
the memory issue by partitioning all tensors, but can be slowed down by larger communica-
tion. “Auto-sharding” performs best in all cases and maintains a near-linear scaling, because
it figures out the correct partition plan that always minimizes the communication overhead.
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Inter-Op Parallelism Ablation Study

We study the effectiveness of our inter-operator parallelism optimization algorithm. We use
“DP” to denote our algorithm.

Experimental setup. We report the performance of three variants of our DP algorithm
on GPT and Wide-ResNet. The benchmark settings are the same as the settings in §2.8.
Baselines. We compare our DP algorithm with two rule-based algorithms. “Equal opera-
tor” disables our DP-based operator clustering but assigns the same number of operators to
each cluster. “Equal layer” restricts our DP algorithm to use the same number of layers for
all stages.

Results. Fig. 2.9 shows the result. “DP” always outperforms “Equal operator”. This is
because “Equal operator” merges operator that should be put onto different device meshes.
Alpa’s algorithm can cluster operators based on the communication cost and computation
balance. Whether “DP” can outperform “Equal layer” depends on the model architecture.
On homogeneous models like GPT, the solution of our DP algorithm uses the same number
of layers for all stages, so “Equal layer” performs the same as “DP”. On Wide-ResNet, the
optimal solution can assign different layers to different stages, so “Equal layer” is worse than
the full flexible DP algorithm. For Wide-ResNet on 32 GPUs, our algorithm outperforms
“Equal operator” and “Equal layer” by 2.6x and 1.6x, respectively.

Compilation Time

Fig. 2.10 shows Alpa’s compilation time for all the GPT settings in §2.8. The compilation
time is a single run of the full Alg. 1 with a provided number of microbatches B. According
to the result, Alpa scales to large models or large clusters well, because compilation time
grows linearly with the size of the model and the number of GPUs in the cluster. Table 2.5
reports the compilation time breakdown for the largest GPT model in our evaluation (39B,
64 GPUs). Most of the time is spent on enumerating stage-mesh pairs and profiling them.
For the compilation part, we accelerate it by compiling different stages in parallel with
distributed workers. For profiling, we accelerate it using a simple cost model built at the
XLA instruction level, which estimates the cost of matrix multiplication and communication
primitives with a piece-wise linear model. With these optimizations, the compilation and
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Table 2.5: Compilation time breakdown of GPT-39B.

16

Steps Ours w /0 optimization
Compilation 1582.66 s > 16hr
Profiling 804.48 s > 24hr
Stage Construction DP 1.65 s N/A
Other 4.47 s N/A
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Figure 2.11: Cross-mesh resharding on Wide-ResNet.

search for a model take at most several hours, which is acceptable as it is much shorter than
the actual training time, which can take several weeks.

Cross-Mesh Resharding

We evaluate our generalized local all-gather optimization for cross-mesh resharding between
meshes with different shapes on Wide-ResNet, as shown in Fig. 2.11. “signal send/recv”
is a synthetic case where we only send 1 signal byte between stages, which can be seen as
the upper bound of the performance. “w/o local all-gather” disables our local all-gather
optimization and uses only send/recv. “w/ local all-gather” enables our local all-gather
optimization to move more communication from slow connections to fast local connections,
which brings 2.0x speedup on 32 GPUs.

Case Study: Wide-ResNet

We visualize the parallelization strategies Alpa finds for Wide-ResNet on 16 GPUs in Fig. 2.12.
We also include the visualization of results on 4 and 8 GPUs in the appendix®.

On 4 GPUs, Alpa uses only intra-operator parallelism. The intra-operator solution par-
titions along the batch axis for the first dozens of layers and then switches to partitioning
the channel axis for the last few layers. On 16 GPUs, Alpa slices the model into 3 stages
and assigns 4, 4, 8 GPUs to stage 1, 2, 3, respectively. Data parallelism is preferred in the

8Please refer to the original paper [225]. Readers are encouraged to consult the original paper as well
for a better-formatted version of the content.
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Figure 2.12: Visualization of the parallel strategy of Wide-ResNet on 16 GPUs. Different
colors represent the devices a tensor is distributed on. Grey blocks indicate a tensor is
replicated across the devices. The input data and resulting activation of each convolution
and dense layer can be partitioned along the batch axis and the hidden axis. The weights
can be partitioned along the input and output channel axis.

first two stages because the activation tensors are larger than weight tensors. In the third
stage, the ILP solver finds a non-trivial way of partitioning the convolution operators. The
result shows that it can be opaque to manually create such a strategy for a heterogeneous
model like Wide-ResNet, even for domain experts.

2.9 Related Work

Systems for data-parallel training. Horovod [163] and PyTorchDDP [103] are two com-
monly adopted data-parallel training systems that synchronize gradients using all-reduce.
BytePS [146, 86] unifies all-reduce and parameter servers and utilizes heterogeneous re-
sources in data center clusters. AutoDist [223] uses learning-based approaches to compose a
data-parallel training strategy. ZeRO [151, 210] improves the memory usage of data paral-
lelism by reducing replicated tensors. MiCS [224] minimizes the communication scale on top
of ZeRO for better scalability on the public cloud. In Alpa, data parallelism [89] reduces to
a special case of intra-operator parallelism — partitioned along the batch axis.

Systems for model-parallel training. The two major classes of model parallelisms have
been discussed in §4.2. Mesh-TensorFlow [164], GSPMD [211, 99] and OneFlow [220] provide
annotation APIs for users to manually specify the intra-op parallel plan. ColocRL [121] puts
disjoint model partitions on different devices without pipelining, thereby the concurrency
happens only when there exist parallel branches in the model. In contrast, Gpipe [79] splits
the input data into micro-batches and forms pipeline parallelisms. PipeDream [130, 129]
improves GPipe by using asynchronous training algorithms, reducing memory usage, and
integrating it with data parallelism. However, PipeDream is asynchronous while Alpa is a
synchronous training system. TeraPipe [105] discovers a new pipeline parallelism dimension
for transformer-based LMs. Google’s Pathway system [17] is a concurrent work of Alpa.
Pathway advocates a single controller runtime architecture combining ”single program mul-
tiple data” (SPMD) and "multiple program multiple data” (MPMD) model. This is similar
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to Alpa’s runtime part, where SPMD is used for intra-op parallelisms and MPMD is used
for inter-op parallelism.

Automatic search for model-parallel plans. Another line of work focuses on the au-
tomatic discovery of model-parallel training plans. Tofu [195] develops a dynamic program-
ming algorithm to generate the optimal intra-op strategy for linear graphs on a single node.
FlexFlow [84] proposes a “SOAP” formulation and develops an MCMC-based randomized
search algorithm. However, it only supports device placement without pipeline parallelism.
Its search algorithm cannot scale to large graphs or clusters and does not have optimality
guarantees. TensorOpt [27] develops a dynamic programming algorithm to automatically
search for intra-op strategies that consider both memory and computation cost. Varuna [§]
targets low-bandwidth clusters and focuses on automating pipeline and data parallelism.
Piper [178] also finds a parallel strategy with both inter- and intra-op parallelism, but it re-
lies on manually designed intra-op parallelism strategies and analyzes on a uniform network
topology and asynchronous pipeline parallel schedules.

Techniques for training large-scale models. In addition to parallelization, there are
other complementary techniques for training large-scale models, such as memory optimiza-
tion [33, 83, 28, 76, 90, 155], communication compression [14, 191], and low-precision train-
ing[120]. Alpa can incorporate many of these techniques. For example, Alpa uses rematerial-
ization to reduce memory usage and uses mixed-precision training to accelerate computation.
Compilers for deep learning. Compiler techniques have been introduced to optimize the
execution of DL models [180, 179, 34, 226, 85, 117, 193]. Most of them focus on optimiz-
ing the computation for a single device. In contrast, Alpa is a compiler that supports a
comprehensive space of execution plans for distributed training.

Distributed tensor computation in other domains. Besides deep learning, libraries
and compilers for distributed tensor computation have been developed for linear algebra [20]
and stencil computations [44]. Unlike Alpa, they do not consider necessary parallelization
techniques for DL.

2.10 Conclusion

We present Alpa, a new architecture for automated model-parallel distributed training, built
on top of a new view of machine learning parallelization approaches: intra- and inter-operator
parallelisms. Alpa constructs a hierarchical space and uses a set of compilation passes to
derive efficient parallel execution plans at each parallelism level. Alpa orchestrates the par-
allel execution on distributed compute devices on two different granularities. Coming up
with an efficient parallelization plan for distributed model-parallel deep learning is histori-
cally a labor-intensive task, and we believe Alpa will democratize distributed model-parallel
learning and accelerate the adoption of emerging large deep learning models.
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Algorithm 1 Inter-op pass summary.

1: Input: Model graph G and cluster C' with shape (N, M).
2: Output: The minimal pipeline execution latency T™.
3: // Preprocess graph.
4: (01,...,0k) < Flatten(G)
5. (ly,...,lp) < OperatorClustering(oy, . . ., o)
6: // Run the intra-op pass to get costs of different stage-mesh pairs.
7. submesh_shapes < {(1,1),(1,2),(1,4),..., (L, M)} u{(2,M),(3,M),...,(N, M)}
8 for1 <i<j<Ldo
9:  stage < (l;,...,1;)
10:  for (n,m) € submesh_shapes do
11: for s from 1 to L do
12: t_intra(stage, Mesh(n,m), s) <— o0
13: end for
14: for (n;, m;), opt € LogicalMeshShapeAndIntraOp Options(n, m) do
15: plan < IntraOpPass(stage, Mesh(n;, m;), opt)
16: t1, MeMgtage, MEM ey <— Profile(plan)
17: for s satisfies Eq. 2.5 do
18: if ¢, < t_intra(stage, Mesh(n,m),s) then
19: t_intra(stage, Mesh(n,m), s) <t
20: end if
21: end for
22: end for
23:  end for
24: end for
25: // Run the inter-op dynamic programming
26: T™ < oo
27: for t,,,, € SortedAndFilter(t_intra,c) do
28: if B -t,0. > T then
29: break
30:  end if
31: F(0,L+1,0;tpa) < 0
32: for s from 1 to L do
33: for [ from L down to 1 do
34: for d from 1 to N - M do
35: Compute F'(s,1,d;tyq) according to Eq. 2.3
36: end for
37: end for
38: end for
390 T*(tmae) < ming{ F(s,0, N - M;tpae)}t + (B —1) -t
40:  if T*(tpee) < T then
41 T* < T*(tmaz)
42:  end if
43: end for
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Chapter 3

Generating High-Performance Tensor
Programs for Deep Learning

High-performance tensor programs are crucial to guarantee efficient execution of deep neu-
ral networks. However, obtaining performant tensor programs for different operators on
various hardware platforms is notoriously challenging. Currently, deep learning systems
rely on vendor-provided kernel libraries or various search strategies to get performant tensor
programs. These approaches either require significant engineering effort to develop platform-
specific optimization code or fall short of finding high-performance programs due to restricted
search space and ineffective exploration strategy.

We present Ansor, a tensor program generation framework for deep learning applica-
tions. Compared with existing search strategies, Ansor explores many more optimization
combinations by sampling programs from a hierarchical representation of the search space.
Ansor then fine-tunes the sampled programs with evolutionary search and a learned cost
model to identify the best programs. Ansor can find high-performance programs that are
outside the search space of existing state-of-the-art approaches. In addition, Ansor utilizes a
task scheduler to simultaneously optimize multiple subgraphs in deep neural networks. We
show that Ansor improves the execution performance of deep neural networks relative to the
state-of-the-art on the Intel CPU, ARM CPU, and NVIDIA GPU by up to 3.8%, 2.6, and
1.7x, respectively.

This chapter is based on my previous paper [226], which was a collaborative effort with
Chengfan Jia, Minmin Sun, Zhao Wu, Cody Hao Yu, Ameer Haj-Ali, Yida Wang, Jun Yang,
Danyang Zhuo, Koushik Sen, Joseph E. Gonzalez, lon Stoica. Readers are encouraged to
consult the original paper as well for a better-formatted version of the content.
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3.1 Introduction

Low-latency execution of deep neural networks (DNN) plays a critical role in autonomous
driving [42], augmented reality [4], language translation[47|, and other applications of Al.
DNNs can be expressed as a directed acyclic computational graph (DAG), in which nodes
represent the operators (e.g., convolution, matrix multiplication) and directed edges repre-
sent the dependencies between operators. Existing deep learning frameworks (e.g., Tensor-
flow [1], PyTorch [143], MXNet [32]) map the operators in DNNs to vendor-provided kernel
libraries (e.g., cuDNN [35], MKL-DNN [81]) to achieve high performance. However, these
kernel libraries require significant engineering effort to manually tune for each hardware
platform and operator. The significant manual effort required to produce efficient operator
implementations for each target accelerator limits the development and innovation of new
operators [16] and specialized accelerators [124].

Given the importance of DNNs’ performance, researchers and industry practitioners have
turned to search-based compilation [34, 2, 229, 185, 113] for automated generation of ten-
sor programs, i.e., low-level implementations of tensor operators. For an operator or a
(sub-)graph of multiple operators, users define the computation in a high-level declarative
language (section 4.2), and the compiler then searches for programs tailored towards different
hardware platforms.

To find performant tensor programs, it is necessary for a search-based approach to explore
a large enough search space to cover all the useful tensor program optimizations. However,
existing approaches fail to capture many effective optimization combinations, because they
rely on either predefined manually-written templates (e.g., TVM [31], FlexTensor [229])
or aggressive pruning by evaluating incomplete programs (e.g., Halide auto-scheduler [2]),
which prevents them from covering a comprehensive search space (section 4.2). The rules
they use to construct the search space are also limited.

In this paper, we explore a novel search strategy for generating high-performance tensor
programs. It can automatically generate a large search space with comprehensive coverage
of optimizations and gives every tensor program in the space a chance to be chosen. It thus
enables to find high-performance programs that existing approaches miss.

Realizing this goal faces multiple challenges. First, it requires automatically constructing
a large search space to cover as many tensor programs as possible for a given computation
definition. Second, we need to search efficiently without comparing incomplete programs
in the large search space that can be orders of magnitude larger than what existing tem-
plates can cover. Finally, when optimizing an entire DNN with many subgraphs, we should
recognize and prioritize the subgraphs that are critical to the end-to-end performance.

To this end, we design and implement Ansor, a framework for automated tensor pro-
gram generation. Ansor utilizes a hierarchical representation to cover a large search space.
This representation decouples high-level structures and low-level details, enabling flexible
enumeration of high-level structures and efficient sampling of low-level details. The space
is constructed automatically for a given computation definition. Ansor then samples com-
plete programs from the search space and fine-tunes these programs with evolutionary search
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and a learned cost model. To optimize the performance of DNNs with multiple subgraphs,
Ansor dynamically prioritizes subgraphs of the DNNs that are more likely to improve the
end-to-end performance.

We evaluate Ansor on both standard deep learning benchmarks and emerging new work-
loads against manual libraries and state-of-the-art search-based frameworks. Experiment
results show that Ansor improves the execution performance of DNNs on the Intel CPU,
ARM CPU, and NVIDIA GPU by up to 3.8x, 2.6, and 1.7x, respectively. For most com-
putation definitions, the best program found by Ansor is outside the search space of existing
search-based approaches. The results also show that, compared with existing search-based
approaches, Ansor searches more efficiently, generating higher-performance programs in a
shorter time, despite its larger search space. Ansor can match the performance of a state-
of-the-art framework with an order of magnitude less search time. Besides, Ansor enables
automatic extension to new operators by only requiring their mathematical definitions with-
out manual templates.

In summary, this paper makes the following contributions:

e A mechanism to generate a large hierarchical search space of tensor programs for a
computational graph.

e An evolutionary strategy with a learned cost model to fine-tune the performance of
tensor programs.

e A scheduling algorithm based on gradient descent to prioritize important subgraphs
when optimizing the end-to-end performance of DNNs.

e An implementation and comprehensive evaluation of the Ansor system demonstrating
that the above techniques outperform state-of-the-art systems on a variety of DNNs
and hardware platforms.

3.2 Background

The deep learning ecosystem is embracing a rapidly growing diversity of hardware platforms
including CPUs, GPUs, FPGAs, and ASICs. In order to deploy DNNs on these platforms,
high-performance tensor programs are needed for the operators used in DNNs. The required
operator set typically contains a mixture of standard operators (e.g., matmul, conv2d) and
novel operators invented by machine learning researchers (e.g., capsule conv2d [73], dilated
conv2d [217]).

To deliver portable performance of these operators on a wide range of hardware platforms
in a productive way, multiple compiler techniques have been introduced (e.g., TVM [34],
Halide [149], Tensor Comprehensions [185]). Users define the computation in a form sim-
ilar to mathematical expressions using a high-level declarative language, and the compiler
generates optimized tensor programs according to the definition. Figure 3.1 shows the com-
putation definition of matrix multiplication in the TVM tensor expression language. Users
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Matrix Multlpllcatlon Ci,j = Zk Ai, kBk,j

C = compute((N, M), lambda i, j: sum(A[i, k]1*B[k, J1, [k]))

Figure 3.1: The computation definition of matrix multiplication.
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Figure 3.2: Search strategy comparison. The pseudo-code shows tensor programs with loop
nests. The question marks in orange background denote low-level parameters.

mainly need to define the shapes of the tensors and how each element in the output tensor
is computed.

However, automatically generating high-performance tensor programs from a high-level
definition is extremely difficult. Depending on the architecture of the target platform, the
compiler needs to search in an extremely large and complicated space containing combina-
torial choices of optimizations (e.g., tile structure, tile size, vectorization, parallelization).
Finding high-performance programs requires the search strategy to cover a comprehensive
space and explore it efficiently. We describe two recent and effective approaches in this
section and other related work in section 3.8.

Template-guided search. In template-guided search, the search space is defined by
manual templates. As shown in Figure 3.2a, the compiler (e.g., TVM) requires the user to
manually write a template for a computation definition. The template defines the structure
of the tensor programs with some tunable parameters (e.g., tile size and unrolling factor).
The compiler then searches for the best values of these parameters for a specific input shape
configuration and a specific hardware target. This approach has achieved good performance
on common deep learning operators. However, developing templates requires substantial
effort. For example, the code repository of TVM already contains more than 15K lines of
code for these templates. This number continues to grow as new operators and new hard-
ware platforms emerge. Besides, constructing a quality template requires expertise in both
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tensor operators and hardware. It takes non-trivial research effort [113, 194, 229] to develop
quality templates. Despite the complexity of template design, manual templates only cover
limited program structures because manually enumerating all optimization choices for all
operators is prohibitive. This approach typically requires defining one template for each
operator. FlexTensor [229] proposes a general template to cover multiple operators, but its
template is still designed for single operator granularity, which fails to include optimiza-
tions involving multiple operators (e.g., operator fusion). The search space of optimizing a
computational graph with multiple operators should contain different ways to compose the
operators. A template-based approach fails to achieve this because it cannot break down
their fixed templates and re-compose them during the search.

Sequential construction based search. This approach defines the search space by
decomposing the program construction into a fixed sequence of decisions. The compiler then
uses an algorithm such as beam search [118] to search for good decisions (e.g., Halide auto-
scheduler [2]). In this approach, the compiler constructs a tensor program by sequentially
unfolding all nodes in the computational graph. For each node, the compiler makes a few
decisions on how to transform it into low-level tensor programs (i.e., deciding computation
location, storage location, tile size, etc.). When all nodes are unfolded, a complete tensor
program is constructed. This approach uses a set of general unfolding rules for every node,
so it can search automatically without requiring manual templates. Because the number
of possible choices of each decision is large, to make the sequential process feasible, this
approach keeps only top-k candidate programs after every decision. The compiler estimates
and compares the performance of candidate programs with a learned cost model to select
the top-k candidates; while other candidates are pruned. During the search, the candidate
programs are incomplete because only part of the computational graph is unfolded or only
some of the decisions are made. Figure 3.2b shows this process.

However, estimating the final performance of incomplete programs is difficult in several
respects: (1) the cost model trained on complete programs cannot accurately predict the
final performance of incomplete programs. The cost model can only be trained on complete
programs because we need to compile programs and measure their execution time to get the
labels for training. Directly using this model to compare the final performance of incomplete
programs will result in poor accuracy. As a case study, we train our cost model (section 3.5)
on 20,000 random complete programs from our search space and use the model to predict
the final performance of incomplete programs. The incomplete programs are obtained by
only applying a fraction of loop transformations of the complete programs. We use two
ranking metrics for evaluation: the accuracy of pairwise comparison and the recall@k score
of top-k programs ' (k = 10). As shown in Figure 3.3, the two curves start from 50%
and 0% respectively, meaning that random guess with zero information gives 50% pairwise
comparison accuracy and 0% top-k recall. The two curves increase quickly as the programs
become complete, which means the cost model performs very well for complete programs but

Irecall@k of top-k = |G2P|, where G is the set of top-k programs according to the ground truth and P
is the set of top-k programs predicted by the model.
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Figure 3.3: Pairwise comparison accuracy and top-k recall curve on random partial programs.
In both subfigures, higher values are better.

fails to accurately predict the final performance of incomplete programs. (2) The fixed order
of sequential decisions limits the design of the search space. For example, some optimiza-
tion needs to add new nodes to the computational graph (e.g., adding cache nodes, using
rfactor[175]). The number of decisions for different programs becomes different. It is hard
to align the incomplete programs for a fair comparison. (3) Sequential construction based
search is not scalable. Enlarging the search space needs to add more sequential construction
steps, which, however, leads to a worse accumulated error.

Ansor’s hierarchical approach As shown in Figure 3.2¢, Ansor is backed by a hi-
erarchical search space that decouples high-level structures and low-level details. Ansor
constructs the search space for a computational graph automatically, eliminating the need
to manually develop templates. Ansor then samples complete programs from the space and
performs fine-tuning on complete programs, avoiding the inaccurate estimation of incom-
plete programs. Figure 3.2 shows the key difference between Ansor’s approach and existing
approaches.

3.3 Design Overview

Ansor is an automated tensor program generation framework. Figure 3.4 shows the overall
architecture of Ansor. The input of Ansor is a set of to be optimized DNNs. Ansor uses
the operator fusion algorithm from Relay[156] to convert DNNs from popular model formats
(e.g., ONNX [13], TensorFlow PB) to partitioned small subgraphs. Ansor then generates
tensor programs for these subgraphs. Ansor has three major components: (1) a program
sampler that constructs a large search space and samples diverse programs from it; (2) a
performance tuner that fine-tunes the performance of sampled programs; (3) a task scheduler
that allocates time resources for optimizing multiple subgraphs in the DNNs.

Program sampler. One key challenge Ansor has to address is generating a large search
space for a given computational graph. To cover diverse tensor programs with various
high-level structures and low-level details, Ansor utilizes a hierarchical representation of
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the search space with two levels: sketch and annotation (section 3.4). Ansor defines the
high-level structures of programs as sketches and leaves billions of low-level choices (e.g.,
tile size, parallel, unroll annotations) as annotations. This representation allows Ansor
to enumerate high-level structures flexibly and sample low-level details efficiently. Ansor
includes a program sampler that randomly samples programs from the space to provide
comprehensive coverage of the search space.

Performance tuner. The performance of randomly sampled programs is not necessarily
good. The next challenge is to fine-tune them. Ansor employs evolutionary search and a
learned cost model to perform fine-tuning iteratively (section 3.5). At each iteration, Ansor
uses re-sampled new programs as well as good programs from previous iterations as the
initial population to start the evolutionary search. Evolutionary search fine-tunes programs
by mutation and crossover which perform out-of-order rewrite and address the limitation of
sequential construction. Querying the learned cost model is orders of magnitude faster than
actual measurement, so we can evaluate thousands of programs in seconds.

Task scheduler. Using program sampling and performance fine-tuning allows Ansor
to find high-performance tensor programs for a computational graph. Intuitively, treating a
whole DNN as a single computational graph and generating a full tensor program for it could
potentially achieve the optimal performance. This, however, is inefficient because it has to
deal with the unnecessary exponential explosion of the search space. Typically, the compiler
partitions the large computational graph of a DNN into several small subgraphs [156, 34].
This partition has a negligible effect on the performance thanks to the layer-by-layer con-
struction nature of DNNs. This brings the final challenge of Ansor: how to allocate time
resources when generating programs for multiple subgraphs. The task scheduler (section 3.6)
in Ansor uses a scheduling algorithm based on gradient descent to allocate resources to the
subgraphs that are more likely to improve the end-to-end DNN performance.

3.4 Program Sampling

The search space an algorithm explores determines the best programs it can find. The con-
sidered search spaces in existing approaches are limited by the following factors: (1) Manual
enumeration (e.g., TVM [31]). It is impractical to manually enumerate all possible choices by
templates, so existing manual templates only cover a limited search space heuristically. (2)
Aggressive early pruning (e.g., Halide auto-scheduler [2]). Aggressive early pruning based on
evaluating incomplete programs prevents the search algorithm from exploring certain regions
in the space.

In this section, we introduce techniques to push the boundary of the considered search
space by addressing the above limitations. To solve (1), we automatically expand the search
space by recursively applying a set of flexible derivation rules. To avoid (2), we randomly
sample complete programs in the search space. Since random sampling gives an equal chance
to every point to be sampled, our search algorithm can potentially explore every program
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Figure 3.4: System Overview. The gray arrows show the flow of extracting subgraphs from
deep learning models and generating optimized programs for them. The green arrows mean
the measurer returns profiling data to update the status of all components in the system.

No Rule Name Condition Application

1 Skip —IsStrictInlinable(S, 1) S =8i=i-1

2 Always Inline IsStrictInlinable(S, 1) S’ = Inline(S,4); ¢ =i—1

3 Multi-level Tiling HasDataReuse(S, 1) S’ = MultiLevelTiling(S,1);¢' =i —1

4 Multi-level Tiling with Fusion HasDataReuse(S,i) A HasFusibleConsumer (S, ) S’ = FuseConsumer(MultiLevelTiling(S,4),4);4’ =i — 1
5 Add Cache Stage HasDataReuse(S,i) N ~HasFusibleConsumer(S,i) S" = AddCacheWrite(S,i);i =1

6 Reduction Factorization HasMoreReductionParallel (S, 1) S’ = AddRfactor(S,i);i' =i—1

User Defined Rule

Table 3.1: Derivation rules used to generate sketches. The condition runs on the current
state o = (.5,4). The application derives the next state o/ = (5,4') from the current state o.
Note that some function (e.g., AddR factor, FuseConsumer) can return multiple possible
values of S’. In this case we collect all possible S’, and return multiple next states ¢’ for a
single input state o.

in the considered space. We do not rely on random sampling to find the optimal program,
because every sampled program is later fined-tuned (section 3.5).

To sample programs that can cover a large search space, we define a hierarchical search
space with two levels: sketch and annotation. We define the high-level structures of programs
as sketches and leave billions of low-level choices (e.g., tile size, parallel, unroll annotations)
as annotations. At the top level, we generate sketches by recursively applying a few derivation
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rules. At the bottom level, we randomly annotate these sketches to get complete programs.
This representation summarizes a few basic structures from billions of low-level choices,
enabling the flexible enumeration of high-level structures and efficient sampling of low-level
details.

While Ansor supports both CPU and GPU, we explain the sampling process for CPUs
in section 3.4 and section 3.4 as an example. We then discuss how the process is different
for GPU in section 3.4.

Sketch Generation

As shown in Figure 3.4, the program sampler accepts partitioned subgraphs as input. The
first column in Figure 3.5 shows two examples of the input. The input has three equivalent
forms: the mathematical expression, the corresponding naive program obtained by directly
expanding the loop indices, and the corresponding computational graph (directed acyclic
graph, or DAG).

To generate sketches for a DAG with multiple nodes, we visit all the nodes in a topological
order and build the structure iteratively. For computation nodes that are compute-intensive
and have a lot of data reuse opportunities (e.g., conv2d, matmul), we build basic tile and
fusion structures for them as the sketch. For simple element-wise nodes (e.g., ReLU, element-
wise add), we can safely inline them. Note that new nodes (e.g., caching nodes, layout
transform nodes) may also be introduced to the DAG during the sketch generation.

We propose a derivation-based enumeration approach to generate all possible sketches
by recursively applying several basic rules. This process takes a DAG as an input and
returns a list of sketches. We define the State o = (5,i), where S is the current par-
tially generated sketch for the DAG, and ¢ is the index of the current working node. The
nodes in a DAG are sorted in a topological order from output to input. The deriva-
tion begins from the initial naive program and the last node, or the initial state o =
(naive program,index of the last node). Then we try to apply all derivation rules to
the states recursively. For each rule, if the current state satisfies the application condition,
we apply the rule to o = (5,4) and get o' = (5’,4') where i < i. This way the index i
(working node) decreases monotonically. A state becomes a terminal state when i = 0. Dur-
ing enumeration, multiple rules can be applied to one state to generate multiple succeeding
states. One rule can also generate multiple possible succeeding states. So we maintain a
queue to store all intermediate states. The process ends when the queue is empty. All 0.5
in terminal states form a sketch list at the end of the sketch generation. The number of
sketches is less than 10 for a typical subgraph.

Derivation rules. Table 3.1 lists derivation rules we used for the CPU. We first pro-
vide the definition of the used predicates and then describe the functionality of each rule.
IsStrictInliable(S, 1) indicates if the node 7 in S is a simple element-wise operator that can
always be inlined (e.g., element-wise add, ReLU). HasDataReuse(S, ) indicates if the node
7 in S is a compute-intensive operator and has plentiful intra-operator data reuse opportu-
nity (e.g., matmul, conv2d). HasFusibleConsumer(S,i) indicates if the node 7 in S has
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only one consumer j and node j can be fused into node i (e.g., matmul + bias_add, conv2d
+ relu). HasMoreReductionParallel(S, 1) indicates if the node i in S has little parallelism
in space dimensions but has ample parallelism opportunity in reduction dimensions. (e.g.,
computing 2-norm of a matrix, matmul Cyyxy = Agys512 - Bsiaxe). We perform static analysis
on the computation definitions to get the values for these predicates. The analysis is done
automatically by parsing the read/write pattern in the mathematical expressions. Next, we
introduce the functionality of each derivation rule.

Rule 1 just simply skips a node if it is not strictly inlinable. Rule 2 always inlines strictly
inlinable nodes. Since the conditions of rule 1 and rule 2 are mutually exclusive, a state with
1 > 1 can always satisfy one of them and continue to derive.

Rules 3, 4, and 5 deal with the multi-level tiling and fusion for nodes that have data reuse.
Rule 3 performs multi-level tiling for data reusable nodes. For CPU, we use a “SSRSRS” tile
structure, where “S” stands for one tile level of space loops and “R” stands for one tile level
of reduction loops. For example, in the matmul C(i,5) = >, A[i, k] x B[k, j|, i and j are
space loops and k is a reduction loop. The “SSRSRS” tile structure for matmul expands the
original 3-level loop (i, j, k) into a 10-level loop (i, jo, i1, j1, ko, i2, jo, k1, i3, J3). Although we
do not permute the loop order, this multi-level tiling can also cover some cases of reordering.
For example, the above 10-level loop can be specialized to just a simple reorder (ko, jo,i3)
by setting the length of other loops to one. The "SSRSRS” tile structure is general for
compute-intensive dense operators (e.g., matmul, conv2d, conv3d) in deep learning, because
they all consist of space loops and reduction loops.

Rule 4 performs multi-level tiling and also fuses the fusible consumers. For example,
we fuse the element-wise nodes (e.g., ReLU, bias add) into the tiled nodes (e.g., conv2d,
matmul). Rule 5 adds a caching node if the current data-reusable node does not have a
fusible consumer. For example, the final output node in a DAG does not have any consumer,
so it directly writes results into main memory by default and this is inefficient due to the high
latency of memory accesses. By adding a cache node, we introduce a new fusible consumer
into the DAG, then rule 4 can be applied to fuse this newly added cache node into the final
output node. With the cache node fused, now the final output node writes its results into a
cache block, and the cache block will be written to the main memory at once when all data
in the block is computed.

Rule 6 can use rfactor [175] to factorize a reduction loop into a space loop to bring
more parallelism.

Examples. Figure 3.5 shows three examples of the generated sketches. The sketches are
different from the manual templates in TVM, because the manual templates specify both
high-level structures and low-level details while sketches only define high-level structures.
For the example input 1, the sorted order of the four nodes in the DAG is (A, B, C, D). To
derive the sketches for the DAG, we start from output node D(i = 4) and apply rules to the
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Example Input 1: Generated sketch 1 Sampled program 1

* The mathmetical expression:
Clijl = )" AL K] X Blk. ]
3
D[i,j] = max(C[i, ], 0.0)
where 0<i,j,k <512
* The corresponding naive program:
for i in range(512):
for j in range(512):
for k in range(512):
Ccri, j1 += Ari, k] * B[k, J]
for i in range(512):
for j in range(512):
D[i, j] = max(C[i, J], 0.0)

* The corresponding DAG:
A
B

—{D

Example Input 2:

* The mathmetical expression:
Bli, 1] = max(A[i, 1],0.0)

. _[Bli,kl, k<400
C["k]‘{ 0, k=400

Efij] = ) Clik) x D[k, j]
k

where 0<i<8, 0<j<4,
0<k<512,0<1<400

* The corresponding naive program:
for i in range(8):
for 1 in range(400):
B[i, 1] = max(A[i, 1], 0.0)
for i in range(8):
for k in range(512):

C[i, k] = B[i, k] if k < 400 else 0

for i in range(8):
for j in range(4):
for k in range(512):
E[i, J] += C[i, k] * D[k, J]

* The corresponding DAG:

A—B—o—,

D

for i.0 in range(TILE_I0):
for j.0 in range(TILE_JO):
for i.1l in range(TILE_I1):
for j.1 in range(TILE_J1):

for k.0 in range(TILE_KO): '

for i.2 in range(TILE_I2):
for j.2 in range(TILE_J2):
for k.1 in range(TILE_Il):
» for i.3 in range(TILE_I3):
for j.3 in range(TILE_J3):
Cl...] += A[...] * B[...]
for i.4 in range(TILE_I2 * TILE_I3):
for j.4 in range(TILE_J2 * TILE_J3):
D[...] = max(C[...], 0.0)

Generated sketch 2

for i in range(8):
for k in range(512):
C[i, j]1 = max(A[i,k], 0.0) if k<400 else 0
for i.0 in range(TILE_IO):
for j.0 in range(TILE_JO):
for i.1 in range(TILE_Il):
for j.1 in range(TILE_J1):
for k.0 in range(TILE_KO):
for i.2 in range(TILE_I2):
for j.2 in range(TILE_J2):
for k.1 in range(TILE_Il):

for i.3 in range(TILE_I3):
* for j.3 in range(TILE J3): *

E.cache[...] += C[...] * D[...]
for i.4 in range(TILE_I2 * TILE_I3):
for j.4 in range(TILE J2 * TILE J3):
E[...] = E.cache[...]

Generated sketch 3

for i in range(8):
for k in range(512):
C[i, k] = max(A[i, k], 0.0) if k < 400 else 0
for i in range(8):
for j in range(4):
for k_o in range(TILE_KO):
for k_i in range(TILE_KI):
E.rf[...] += C[...] * D[...]
for i in range(8):
for j in range(4):
for k_i in range(TILE_KI):
E[...] += E.rf[...]

-

parallel 1i.0@j.0€i.1€j.1 in range(256):

for k.0 in range(32):
for i.2 in range(16):
unroll k.1 in range(16):
unroll i.3 in range(4):
vectorize j.3 in range(16):
Cl...] += A[...] * B[...]
for i.4 in range(64):
vectorize j.4 in range(16):
D[...] = max(C[...], 0.0)

Sampled program 2

parallel i.2 in range(16):

for j.2 in range(128):
for k.1 in range(512):
for i.3 in range(32):
vectorize j.3 in range(4):
Cl...] += A[...] * B[...]

parallel i.4 in range(512):

for j.4 in range(512):
D[...] = max(C[...], 0.0)

Sampled program 3

parallel i.0 in range(8):

for k in range(512):
C[i, j] = max(A[i,k], 0.0)
if k < 400 else 0
for k.0 in range(512):
vectorize j.3 in range(4):
E.cache[...] += C[...] * D[...]
vectorize j.4 in range(4):
E[...] = E.cache[...]

Sampled program 4

parallel i in range(8):

for k in range(512):
Cli, k] = ...
for j in range(4):
unroll k_o in range(32):
vectorized k_i in range(16):
E.rf[...] += C[...] * D[...]

parallel i in range(8):

for j in range(4):
unroll k_i in range(16):
E[...] += E.rf[...]

Figure 3.5: Examples of generated sketches and sampled programs. This figure shows two
example inputs, three generated sketches and four sampled programs. The code example is
pseudo code in a python-like syntax.

nodes one by one. Specifically, the derivation for generated sketch 1 is:

Input 1 —0(Sp,i = 4) Tule 1, o(S1,i=3) Rule 4,
Rule 1 Rule 1

U(Sg,i = 2) g O'(Sg,i = 1) —— Sketch 1

For the example input 2, the sorted order of the five nodes is (A, B, C, D, E'). Similarly,
we start from the output node E(i = 5) and apply rules recursively. The generated sketch 2
is derived by:

Input 2 —0(Sp,i =5) Tule 5, o(S1,i=05) Rule 4,

o(Sy,i=2) 22 5(S5,i = 1) 2L Sketeh 2
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Similarly, the generated sketch 3 is derived by:

Input 2 —0(Sp,i =5) Tule 6, o(Sy,i=4) Rule 1,
0_(5272. _ 3> Rule 1 O'(Sg,i _ 2) Rule 2
Rule 1

0(Sy,i=1) —— Sketch 3

Customization. While the presented rules are practical enough to cover the structures
for most operators, there are always exceptions. For example, some special algorithms (e.g.,
Winograd convolution [97]) and accelerator intrinsics (e.g., TensorCore [134]) require special
tile structures to be effective. Although the template-guided search approach (in TVM) can
craft a new template for every new case, it needs a great amount of design effort. On the
other hand, the derivation-based sketch generation in Ansor is flexible enough to generate
the required structures for emerging algorithms and hardware, as we allow users to register
new derivation rules and integrate them seamlessly with existing rules.

Random Annotation

The sketches generated by the previous subsection are incomplete programs because they
only have tile structures without specific tile sizes and loop annotations, such as parallel,
unroll, and vectorization. In this subsection, we annotate sketches to make them complete
programs for fine-tuning and evaluation.

Given a list of generated sketches, we randomly pick one sketch, randomly fill out tile sizes,
parallelize some outer loops, vectorize some inner loops, and unroll a few inner loops. We also
randomly change the computation location of some nodes in the program to make a slight
tweak to the tile structure. All “random” in this subsection means a uniform distribution
over all valid values. If some special algorithms require custom annotations to be effective
(e.g., special unrolling), we allow users to give simple hints in the computation definition
to adjust the annotation policy. Finally, since changing the layout of constant tensors can
be done in compilation time and brings no runtime overhead, we rewrite the layouts of the
constant tensors according to the multi-level tile structure to make them as cache-friendly
as possible. This optimization is effective because the weight tensors of convolution or dense
layers are constants for inference applications.

Examples of random sampling are shown in Figure 3.5. The sampled program might
have fewer loops than the sketch because the loops with length one are simplified.

GPU Support

For GPU, we change the multi-level tiling structure from "SSRSRS” to "SSSRRSRS” to
match the architecture of GPU. The loops in the first three space tiles are bound to Blockldx,
virtual thread (for reducing bank conflicts), and Threadldx, respectively. We add two sketch
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derivation rules, one for utilizing shared memory by inserting a caching node (similar to Rule
5) and the other for cross-thread reduction (similar to Rule 6).

3.5 Performance Fine-tuning

The programs sampled by the program sampler have good coverage of the search space, but
their qualities are not guaranteed. This is because the optimization choices, such as tile
structure and loop annotations, are all randomly sampled. In this section, we introduce the
performance tuner that fine-tunes the performance of the sampled programs via evolutionary
search and a learned cost model.

The fine-tuning is performed iteratively. At each iteration, we first use evolutionary
search to find a small batch of promising programs according to a learned cost model. We
then measure these programs on hardware to get the actual execution time cost. Finally,
the profiling data got from measurement is used to re-train the cost model to make it more
accurate.

The evolutionary search uses randomly sampled programs as well as high-quality pro-
grams from the previous measurement as the initial population and applies mutation and
crossover to generate the next generation. The learned cost model is used to predict the
fitness of each program, which is the throughput of one program in our case. We run evolu-
tion for a fixed number of generations and pick the best programs found during the search.
We leverage a learned cost model because the cost model can give relatively accurate esti-
mations of the fitness of programs while being orders of magnitudes faster than the actual
measurement. It allows us to compare tens of thousands of programs in the search space in
seconds, and pick the promising ones to do actual measurements.

Evolutionary Search

Evolutionary search [190] is a generic meta-heuristic algorithm inspired by biological evolu-
tion. By iteratively mutating high-quality programs, we can generate new programs with
potentially higher quality. The evolution starts from the sampled initial generation. To
generate the next generation, we first select some programs from the current generation
according to certain probabilities. The probability of selecting a program is proportional
to its fitness predicted by the learned cost model (section 3.5), meaning that the program
with a higher performance score has a higher probability to be selected. For the selected
programs, we randomly apply one of the evolution operations to generate a new program.
Basically, for decisions we made during sampling (section 3.4), we design corresponding
evolution operations to rewrite and fine-tune them.

Tile size mutation. This operation scans the program and randomly selects a tiled
loop. For this tiled loop, it divides a tile size of one tile level by a random factor and
multiplies this factor to another level. Since this operation keeps the product of tile sizes
equal to the original loop length, the mutated program is always valid.
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Parallel mutation. This operation scans the program and randomly selects a loop
that has been annotated with parallel. For this loop, this operation changes the parallel
granularity by either fusing its adjacent loop levels or splitting it by a factor.

Pragma mutation. Some optimizations in a program are specified by compiler-specific
pragma. This operation scans the program and randomly selects a pragma. For this pragma,
this operation randomly mutates it into another valid value. For example, our underlying
code generator supports auto unrolling with a maximum number of steps by providing an
auto_unroll max step=N pragma. We randomly tweak the number N.

Computation location mutation. This operation scans the program and randomly
selects a flexible node that is not multi-level tiled (e.g., a padding node in the convolution
layer). For this node, the operation randomly changes its computation location to another
valid attach point.

Node-based crossover. Crossover is an operation to generate new offspring by combin-
ing the genes from two or more parents. The genes of a program in Ansor are its rewriting
steps. Every program generated by Ansor is rewritten from its initial naive implementation.
Ansor preserves a complete rewriting history for each program during sketch generation and
random annotation. We can treat rewriting steps as the genes of a program because they de-
scribe how this program is formed from the initial naive one. Based on this, we can generate
a new program by combining the rewriting steps of two existing programs. However, arbi-
trarily combining rewriting steps from two programs might break the dependencies in steps
and create an invalid program. As a result, the granularity of crossover operation in Ansor is
based on nodes in the DAG, because the rewriting steps across different nodes usually have
less dependency. Ansor randomly selects one parent for each node and merges the rewriting
steps of selected nodes. When there are dependencies between nodes, Ansor tries to analyze
and adjust the steps with simple heuristics. Ansor further verifies the merged programs to
guarantee the functional correctness. The verification is simple because Ansor only uses a
small set of loop transformation rewriting steps, and the underlying code generator can check
the correctness by dependency analysis.

The evolutionary search leverages mutation and crossover to generate a new set of can-
didates repeatedly for several rounds and outputs a small set of programs with the highest
scores. These programs will be compiled and measured on the target hardware to obtain
the real running time cost. The collected measurement data is then used to update the cost
model. In this way, the accuracy of the learned cost model is gradually improved to match the
target hardware. Consequently, the evolutionary search gradually generates higher-quality
programs for the target hardware platform.

Unlike the search algorithms in TVM and FlexTensor that can only work in a fixed grid-
like parameter space, the evolutionary operations in Ansor are specifically designed for tensor
programs. They can be applied to general tensor programs and can handle a search space
with complicated dependency. Unlike the unfolding rules in Halide auto-scheduler, these
operations can perform out-of-order modifications to programs, addressing the sequential
limitations.
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Learned Cost Model

A cost model is necessary for estimating the performance of programs quickly during the
search. We adopt a learned cost model similar to related works [2, 31] with newly designed
program features. A system based on learned cost models has great portability because a
single model design can be reused for different hardware backends by feeding in different
training data.

Since our target programs are mainly data parallel tensor programs, which are made by
multiple interleaved loop nests with several assignment statements as the innermost state-
ments, we train the cost model to predict the score of one innermost non-loop statement
in a loop nest. For a full program, we make predictions for each innermost non-loop state-
ment and add the predictions up as the score. We build the feature vector for an innermost
non-loop statement by extracting features in the context of a full program. The extracted
features include arithmetic features and memory access features. A detailed list of extracted
features is in the appendix?.

We use weighted squared error as the loss function. Because we mostly care about
identifying the well-performing programs from the search space, we put more weight on the
programs that run faster. Specifically, the loss function of the model f on a program P with
throughput y is loss(f, P.y) = w,(Xesim £(5) = ) = 9(Xesim £(5) — 9)? where S(P) is
the set of innermost non-loop statements in P. We directly use the throughput y as weight.
We train a gradient boosting decision tree [30] as the underlying model f. A single model
is trained for all tensor programs coming from all DAGs, and we normalize the throughput
of all programs coming from the same DAG to be in the range of [0,1]. When optimizing a
DNN, the number of measured programs are typically less than 30,000. Training a gradient
boosting decision tree is very fast on such a small data sets, so we train a new model every
time instead of doing incremental updates.

3.6 Task Scheduler

A DNN can be partitioned into many independent subgraphs (e.g., conv2d + relu). For some
subgraphs, spending time in tuning them does not improve the end-to-end DNN performance
significantly. This is due to two reasons: either (1) the subgraph is not a performance
bottleneck, or (2) tuning brings only minimal improvement in the subgraph’s performance.

To avoid wasting time on tuning unimportant subgraphs, Ansor dynamically allocates
different amounts of time resources to different subgraphs. Take ResNet-50 for example, it
has 29 unique subgraphs after the graph partitioning. Most of these subgraphs are convo-
lution layers with different shapes configurations (input size, kernel size, stride, etc). We
need to generate different programs for different convolution layers because the best tensor
program depends on these shape configurations. In reality, users may have multiple DNNs

2Please refer to the original paper [226]. Readers are encouraged to consult the original paper as well
for a better-formatted version of the content.
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for all their applications. This leads to more subgraphs as well as more opportunities to
reduce the total tuning time, because we can share and reuse knowledge between subgraphs.
A subgraph can also appear multiple times in a DNN or across different DNNs.

We define a task as a process performed to generate high-performance programs for a
subgraph. It means that optimizing a single DNN requires finishing dozens of tasks (e.g., 29
tasks for ResNet-50). Ansor’s task scheduler allocates time resources to tasks in an iterative
manner. At each iteration, Ansor selects a task, generates a batch of promising programs
for the subgraph, and measures the program on hardware. We define such an iteration as
one unit of time resources. When we allocate one unit of time resources to a task, the task
obtains an opportunity to generate and measure new programs, which also means the chance
to find better programs. We next present the formulation of the scheduling problem and our
solution.

Problem Formulation

When tuning a DNN or a set of DNNs, a user can have various types of goals, for example,
reducing a DNN’s latency, meeting latency requirements for a set of DNNs, or minimizing
tuning time when tuning no longer improves DNN performance significantly. We thus provide
users a set of objective functions to express their goals. Users can also provide their own
objective functions.

Suppose there are n tasks in total. Let t € Z™ be the allocation vector, where t; is the
number of time units spent on task 7. Let the minimum subgraph latency task i achieves be
a function of the allocation vector g;(t). Let the end-to-end cost of the DNNs be a function
of the latency of the subgraphs f(gi(t), g2(t), ..., g3(t)). Our objective is to minimize the
end-to-end cost:

minimize f(g1(t), g2(t), .., g3(t))

To minimize the end-to-end latency of a single DNN, we can define f(g1,go,...,9n) =
Yo, w; X g;, where w; is the number of appearances of task ¢ in the DNN. This formulation
is straightforward because f is an approximation of the end-to-end DNN latency.

When tuning a set of DNNs, there are several options. Table 3.2 shows a number of
example objective functions for tuning multiple DNNs. Let m be the number of DNNs, S(5)
is the set of tasks that belong to DNN 5. f; adds up the latency of every DNN, which means
to optimize the cost of a pipeline that sequentially runs all DNNs once. In f;, we define L;
as the latency requirement of DNN j, meaning that we do not want to spend time on a DNN
if its latency has already met the requirement. In f3, we define B; as the reference latency
of a DNN j. As a result, our goal is to maximize the geometric mean of speedup against the
given reference latency. Finally in f;, we define a function ES(g;,t) that returns an early
stopping value by looking at the history of latency of task i. It can achieve the effect of
per-task early stopping.
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fr=2200 Yies ) wi X 9i(t)
fo=2370 max(ziesu) w; X gi(t), Ly)

1

_ m B;

fo = ~lim g e ™
fa= Z?; ZieS(j) w; x max(g;(t), ES(gi, 1))

Table 3.2: Examples of objective functions for multiple neural networks

Optimizing with Gradient Descent

We propose a scheduling algorithm based on gradient descent to efficiently optimize the ob-
jective function. Given the current allocation ¢, the idea is to approximate the gradient of
the objective function % in order to choose the task ¢ such that ¢ = argmax; | Bi: \ We ap-
proximate the gradient by making an optimistic guess and considering the Slmﬂarlty between
tasks.

The derivation is in the appendix®. We approximate the gradient by

of 3f( gi(ts) — gi(t; — At)+
ot~ ag, At
. gi(t:) C;
(= amin(- 4, )

where At is a small backward window size, g;(t;) and g;(t; — At) are known from the history
of allocations. N (7) is the set of similar tasks of i, C; is the number of floating point operation
in task ¢ and V}, is the number of floating point operation per second we can achieve in task
k. The parameter a and 8 control the weight to trust some predictions.

To run the algorithm, Ansor starts from ¢ = 0 and warms up with a round of round-robin
to get an initial allocation vector ¢ = (1,1,...,1). After the warm-up, at each iteration, we
compute the gradient of each task and p1ck argmax | 6f |. Then we allocate the resource unit
to task ¢ and update the allocation vector ¢t; = t; + 1. The optimization process continues
until we run out of the time budget. To encourage exploration, we adopt a e-greedy strategy
[176], which preserves a probability of € to randomly select a task.

Taking the case of optimizing for a single DNN’s end-to-end latency for example, Ansor
prioritizes a subgraph that has a high initial latency because our optimistic guess says we can
reduce its latency quickly. Later, if Ansor spends many iterations on it without observing a
decrease in its latency, Ansor leaves the subgraph because its | s | decreases.

3Please refer to the original paper [226]. Readers are encouraged to consult the original paper as well
for a better-formatted version of the content.
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3.7 Evaluation

The core of Ansor is implemented in C++ with about 12K lines of code (3K for the search
policy and 9K for other infrastructure). Ansor generates programs in its own intermedi-
ate representation (IR). These programs are then lowered to TVM IR for code generation
targeting various hardware platforms. Ansor only utilizes TVM as a deterministic code
generator.

We evaluate the performance of generated programs on three levels: single operator, sub-
graph, and entire neural network. For each level of evaluation, we compare Ansor against the
state-of-the-art search frameworks and hardware-specific manual libraries. We also evaluate
the search efficiency and the effectiveness of each component in Ansor.

The generated tensor programs are benchmarked on three hardware platforms: an Intel
CPU (18-core Platinum 8124M@3.0 GHz), an NVIDIA GPU (V100), and an ARM CPU
(4-core Cortex-A53@1.4GHz on the Raspberry Pi 3b+). We use float32 as the data type for
all evaluations.

Single Operator Benchmark

Workloads. We first evaluate Ansor on a set of common deep learning operators, includ-
ing 1D, 2D, and 3D convolution (C1D, C2D, and C3D respectively), matrix multiplication
(GMM), group convolution (GRP), dilated convolution (DIL) [217], depth-wise convolution
(DEP) [74], transposed 2D convolution (T2D) [148], capsule 2D convolution (CAP) [73],
and matrix 2-norm (NRM). For each operator, we select 4 common shape configurations and
evaluate them with two batch sizes (1 and 16). In total, there are 10 operators x4 shape
configurations x2 batch size = 80 test cases. The shape configurations used can be found in
the appendix*. We run these test cases on the Intel CPU.

Baselines. We include PyTorch (v1.5)[143], Halide auto-scheduler (commit: 1f875b0)[2],
FlexTensor (commit: 7ac302¢)[229], and AutoTVM (commit: 69313a7)[31] as baselines. Py-
Torch is backed by the vendor-provided kernel library MKL-DNN [81]. Halide auto-scheduler
is a sequential construction based search framework for Halide. AutoTVM and FlexTensor
are template-guided search frameworks based on TVM. Since Halide auto-scheduler does
not have a pre-trained cost model for AVX-512, we disabled AVX-512 for the evaluation in
section 3.7 and section 3.7. For every operator, we use the best layout available in each
framework, but the input and output tensors must not be packed.

Search settings. We let search frameworks (i.e., Halide auto-scheduler, FlexTensor,
AutoTVM, and Ansor) to run search or auto-tuning with up to 1,000 measurement trials
per test case. This means each framework can measure at most 80 x 1,000 programs for
auto-tuning in this evaluation. Using the same number of measurement trials makes it a fair
comparison without involving implementation details. In addition, using 1,000 measurement
trials per test case is typically enough for the search to converge in these frameworks.

4Please refer to the original paper [226]. Readers are encouraged to consult the original paper as well
for a better-formatted version of the content.
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Figure 3.6: Single operator performance benchmark on a 20-core Intel-Platinum-8269CY .

The y-axis is the throughput normalized to the best throughput for each operator.

Normalization. Figure 3.6 shows the normalized performance. For each test case, we
normalize the throughputs to the best performing framework. We then plot the geometric
mean of the four shapes of each operator. The geometric mean is also normalized to the
best performing framework, so the best framework has a normalized performance of 1 in the
figure. The error bar denotes the standard deviation of the normalized throughput of four
shapes of each operator.

Results. As shown in the Figure 3.6, Ansor performs the best or equally the best
in all operator and batch size settings. Ansor outperforms existing search frameworks by
1.1 —22.5x. The performance improvements of Ansor come from both its large search space
and effective exploration strategy. For most operators, we found the best program generated
by Ansor is outside the search space of existing search frameworks because Ansor is able
to explore more optimization combinations. For example, the significant speedup on NRM
is because Ansor can parallelize reduction loops, while other frameworks do not. The large
speedup on T2D is because Ansor can use correct tile structures and unrolling strategies to let
the code generator simplify the multiplication of zeros in strided transposed convolution. In
contrast, other frameworks fail to capture many effective optimizations in their search space,
making them unable to find the programs that Ansor does. For example, the unfolding
rules in Halide do not split the reduction loop in GMM and do not split reduction loops
in C2D when padding is computed outside of reduction loops. The templates in AutoTVM
have limited tile structures, as they cannot cover the structure of “Generated Sketch 17
in Figure 3.5. The template in FlexTensor does not change the computation location of
padding. The template in FlexTensor fails to run for reduction operators like NRM.

Ablation study. We run four variants of Ansor on a convolution operator and report the
performance curve. We pick the last convolution operator in ResNet-50 with batch size=16
as the test case, because its search space is sufficiently large to evaluate the search algo-
rithms. Other operators share a similar pattern. In Figure 3.7, each curve is the median of
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Figure 3.7: Ablation study of four variants of Ansor on a convolution operator. The y-axis

is the throughput relative to the throughput of the best program.
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Figure 3.8: Subgraph performance benchmark on a 20-core Intel-Platinum-8269CY and an

NVIDIA V100. “@QC” denotes CPU results and “QG” denotes GPU results. The y-axis is
the throughput normalized to the best throughput for each subgraph.

5 runs. “Ansor (ours)” uses all our introduced techniques. “Beam Search” means we prune
incomplete programs with the cost model during the sampling process and do not use fine-
tuning. “No fine-tuning” is based on “Ansor (ours)” but disables fine-tuning and only relies
on random sampling. “Limited space” is also based on “Ansor (ours)” but limits the search
space to make it similar to the space in existing manual templates (e.g., limit tiling level,
innermost tile sizes, and computation location). As demonstrated by Figure 3.7, dropping
either the large search space or efficient fine-tuning decreases the final performance signif-
icantly. The aggressive early pruning in “Beam search” throws away incomplete programs
with good final performance due to inaccurate estimation.

Subgraph Benchmark

We perform the subgraph benchmark on two common subgraphs in DNNs. The “ConvLayer”
is a subgraph consisting of 2D convolution, batch normalization [82], and ReLU activation,
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which is a common pattern in convolutional neural networks. The “TBS” is a subgraph
consisting of two matrix transposes, one batch matrix multiplication, and a softmax, which is
a pattern in the multi-head attention [187] in language models. Similar to the single operator
benchmark (section 3.7), we select four different shape configurations and two batch sizes,
run auto-tuning with up to 1,000 measurement trails per test case, and report the normalized
performance. We use the same set of baseline frameworks and run the benchmark on the Intel
CPU and the NVIDIA GPU. We do not report the performance of Halide auto-scheduler
on GPU because as of writing the paper its GPU support is still in an experimental stage.
FlexTensor fails to run on complicated subgraphs like “TBS”.

Figure 3.8 shows that Ansor outperforms manual libraries and other search frameworks by
1.1—14.2x. Ansor can generate high-performance programs consistently for these subgraphs
on both platforms. FlexTensor performs well for single operators but shows less advantage
for subgraphs because it lacks the support of operator fusion.

End-to-End Network Benchmark

Workloads. We benchmark the end-to-end inference execution time of several DNNs, which
include ResNet-50 [71] and MobileNet-V2 [160] for image classification, 3D-ResNet-18 [70]
for action recognition, DCGAN [148] generator for image generation, and BERT [47] for
language understanding. We benchmark these DNNs on three hardware platforms. For the
server-class Intel CPU and NVIDIA GPU, we report the results for batch size 1 and batch
size 16. For the ARM CPU in the edge device, real-time feedback is typically desired, so we
only report the results for batch size 1.

Baselines and Settings. We include PyTorch (v1.5 with torch script), TensorFlow
(v2.0 with graph mode), TensorRT (v6.0 with TensorFlow integration) [135], TensorFlow Lite
(V2.0), and AutoTVM as baseline frameworks. We do not include Halide auto-scheduler or
FlexTensor because they lack the support of widely-used deep learning model formats (e.g.,
ONNX, TensorFlow PB) and high-level graph optimizations. As a result, we expect that the
end-to-end execution time they can achieve will be the sum of the latency of all subgraphs
in a DNN. In contract, AutoTVM can optimize a whole DNN with its manual templates
and various graph-level optimizations (e.g., graph-level layout search [113], graph-level con-
stant folding [156]) which improve the performance significantly. Ansor also performs layout
rewrite as described in section 3.4. We let both AutoTVM and Ansor run auto-tuning until
they use to 1000 x n measurement trials on each DNN, where n is the number of subgraphs
in the DNN. This is typically enough for them to converge. We set the objective of the
task scheduler as minimizing the total latency of one DNN and generate programs for these
networks one by one. On the other hand, PyTorch, TensorFlow, TensorRT, and TensorFlow
Lite are all backed by static kernel libraries (MKL-DNN on Intel CPU, CuDNN on NVIDIA
GPU, and Eigen on ARM CPU) and do not need auto-tuning. We enable AVX-512 for all
frameworks on the Intel CPU in this network benchmark.
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Figure 3.9: Network inference performance benchmark on three hardware platforms. The
y-axis is the throughput relative to the best throughput for each network.
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Results. Figure 3.9 shows the results on the Intel CPU, NVIDIA GPU and ARM CPU °.
Overall, Ansor performs the best or equally the best in all cases. Compared with search-based
AutoTVM, Ansor matches or outperforms it in all cases with 1.0—21.8 x speedup. Compared
with the best alternative, Ansor improves the execution performance of DNNs on the Intel
CPU, ARM CPU, and NVIDIA GPU by up to 3.8x, 2.6x, and 1.7x, respectively. The
reason for the significant speedup on DCGAN is that DCGAN mainly consists of transposed
2D convolution (T2D), which can be well optimized by Ansor, as shown and explained in
the single operator benchmark (section 3.7). AutoTVM performs very well for ResNet-50 on
the Intel CPU thanks to its highly-optimized templates for 2D convolution and global layout
search [113]. Ansor does not run a global layout search but does rewrite the layout of weight
tensors as described in section 3.4. Ansor uses more levels of tiling so it packs weight tensors
into more levels. The layout rewrite brings about 40% improvement to ResNet-50 in Ansor.
Compared with vendor-specific static libraries, Ansor has more advantages on uncommon
shapes and small batch sizes, because it is not easy to manually optimize for these cases.

Ablation study. We run variants of Ansor on two test cases in Figure 3.10. In the left
figure, we run four variants of Ansor to generate programs for a single mobilenet-V2. In the
right figure, we run these variants for both mobilenet-V2 and ResNet-50. We set the objective
function of the task scheduler to be the geometric mean of speedup against AutoTVM. As
shown in Figure 3.10, “No task scheduler” means we use a round-robin strategy to allocate
equal time resources to all subgraphs. “Limited space” is based on “Ansor (ours)” but
limits the search space. “No fine-tuning” is also based on “Ansor (ours)” but disables
fine-tuning and relies on random sampling only. As can be seen in Figure 3.10, “Limited
space” performs the worst in terms of the final achieved performance, proving that the best
programs are not included in the limited space. The final achieved performance can be
improved by enlarging the search space, as depicted in “No fine-tuning”. However, in the
right figure, randomly assigning tile sizes and annotations still cannot beat AutoTVM in the
given time budget. After enabling fine-tuning, “No task scheduler” outperforms AutoTVM
in both cases. Finally, “Ansor (ours)” employs the task scheduler to prioritize performance
bottlenecks (e.g., subgraphs contain 3x3 convolution), so it performs the best in both search
efficiency and the final achieved performance.

Search Time

Ansor searches efficiently and can outperform or match AutoTVM with less search time.
Ansor slices the time and utilizes the task scheduler to simultaneously optimize all subgraphs
together. In contrast, AutoTVM and other systems do not have a task scheduler, so they
generate programs for all subgraphs one by one with a predefined budget of measurement
trials for each subgraph. Ansor saves the search time by prioritizing important subgraphs,
while AutoTVM spends predefined time budget on every subgraph, which may be a waste
on the unimportant subgraphs.

53D-ResNet and DCGAN are not yet supported by TensorFlow Lite on the ARM CPU.
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Figure 3.10: Network performance auto-tuning curve. The y-axis is the speedup relative to
AutoTVM.

Table 3.3 shows the search time required for Ansor to match the performance of Au-
toTVM on the Intel CPU network benchmark (section 3.7). We list the search time in two
metrics: number of measurements and wall-clock time. “Number of measurements” is a met-
ric agnostic to the implementation of measurement and the overhead of search algorithm,
while “Wall-clock time” takes these factors into account. As shown in the table, Ansor
can match the performance of AutoTVM with an order of magnitude less search time. In
Table 3.3a the saving in search time comes from the task scheduler, efficient fine-tuning,
and comprehensive coverage of effective optimizations. In Table 3.3b, Ansor shows more
time-saving in wall-clock time. This is because Ansor does not introduce much search over-
head and has a better implementation of the measurement (on the Intel CPU, Ansor can
get accurate measurement results with fewer repetitions by explicitly flushing the cache for
some tensors). On other backends, Ansor can match the performance of AutoTVM with a
similar saving in search time.

Typically, it takes several hours for Ansor to generate fully-optimized programs for a DNN
on a single machine. This is acceptable for inference applications because it is a one-shot
effort before deployment. In addition, the whole architecture of Ansor can be parallelized
very easily.

Cost Model Evaluation

In this subsection, we evaluate the prediction quality of the learned cost model. We use
25,000 programs measured during tuning ResNet-50 on the Intel CPU as the data set. We
randomly pick 20,000 programs as the training set and use the remaining 5,000 programs as
the test set. We train the cost model and let it make predictions for the test set.
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AutoTVM  Ansor Time-saving
ResNet-50 21,220 6,403 3.3 X
Mobilenet-V2 31,272 1,892  16.5 x
3D-ResNet 5,158 1,927 2.7 x
DCGAN 3,003 298 10.1 x
BERT 6,220 496 12.5 x

(a) The number of measurements.

AutoTVM  Ansor Time-saving

ResNet-50 39,250 4,540 8.6 x
Mobilenet-V2 58,468 660 88.6 x
3D-ResNet 7,594 2,296 3.3 x
DCGAN 4,914 420 11.7 x
BERT 12,007 266 45.1 x

(b) Wall-clock time (seconds)

Table 3.3: The number of measurements and wall-clock time used for Ansor to match the
performance of AutoTVM on the Intel CPU (batch size=1).

Figure 3.11 plots the predicted throughputs vs. measured throughputs. The measured
throughputs are normalized to the best performing programs in the test set. The predicted
throughputs are the output of the model, so they can be negative. In Figure 3.11a, the
points scatter around the diagonal line, meaning that the model makes accurate predictions.
The distribution is not uniform because the data set is collected during the search. Good
programs have a higher probability to be chosen for measurements, so most of the programs
are in the top right corner. The points with measured throughput 0.0 are programs that
are invalid or killed due to timeout during measurements. In Figure 3.11b, we sort the 5000
points according to the predictions from the slowest to the fastest, and use the relative rank-
ing as x-axis. So the points are distributed uniformly over x-axis. It shows the distribution
of performance of the explored programs better.

The model archives 0.079 RMSE, 0.958 R? correlation, 0.851 pairwise comparison accu-
racy, and 0.624 recall@30 of top-30 programs (see the definition at footnote 1) on the test
set.

3.8 Related Work

Automatic tensor program generation based on scheduling languages. Halide
[149] introduces a scheduling language that can describe loop optimization primitives. This
language is suitable for both manual optimization and automatic search. Halide has three
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Figure 3.11: Measured throughputs vs. predicted throughputs.

versions of auto-scheduler based on different techniques [126, 104, 2]. The latest one with
beam search and learned cost model performs the best among them, which is also used in
our evaluation. TVM [34] utilizes a similar scheduling language and includes a template-
guided search framework AutoTVM [31]. FlexTensor[229] proposes general templates that
can target a set of operators, but its templates are designed for single operators. It is
hard to use these templates for optimizations involving multiple operators (e.g., operator
fusion). A concurrent work ProTuner [68] uses Monte Carlo tree search to solve the inaccurate
estimation problem in Halide auto-scheduler. ProTuner mainly targets image processing
workloads, while Ansor targets deep learning workloads and introduces new search space
and other optimizations.

Polyhedral compilation models. The polyhedral compilation model [22, 189, 18§]
formulates the optimization of programs as an integer linear programming (ILP) problem.
It optimizes a program with affine loop transformation that minimizes the data reuse dis-
tance between dependent statements. Tiramisu [12] and TensorComprehensions [185] are
two polyhedral compilers that also target the deep learning domain. Tiramisu provides a
scheduling language similar to the Halide language, and it needs manual scheduling. Tensor-
Comprehensions can search for GPU code automatically, but it is not yet meant to be used
for compute-bounded problems [34]. It cannot outperform TVM on operators like conv2d
and matmul [34, 181]. This is because of the lack of certain optimizations [186] and the
inaccurate implicit cost model in the polyhedral formulation.

Graph-level optimization for deep learning. Graph-level optimizations treat an
operator in the computational graph as a basic unit and perform optimization at graph level
without changing the internal implementations of operators. The common optimizations at
graph level include layout optimizations [113], operator fusion [34, 135, 230], constant folding
[156], auto-batching [115], automatic generation of graph substitution [85] and so forth.
The graph-level optimizations are typically complementary to operator-level optimizations.
Graph-level optimizations can also benefit from high-performance implementations of oper-



CHAPTER 3. GENERATING HIGH-PERFORMANCE TENSOR PROGRAMS FOR
DEEP LEARNING 58

ators. For example, general operator fusion relies on the code generation ability of Ansor.
We leave the joint optimization of Ansor and more graph-level optimization as future work.

Search-based compilation and auto-tuning. Search based compilation and auto-
tuning have already shown their effectiveness in domains other than deep learning. Stock
[162] is a super-optimizer based on random search. Stock searches for loop-free hardware
instruction sequences, while Ansor generates tensor programs with nests of loops. OpenTuner
[7] is a general framework for program auto-tuning based on multi-armed bandit approaches.
OpenTuner relies on user-specified search space, while Ansor constructs the search space
automatically. Traditional high-performance libraries such as ATLAS[204] and FFTW [58]
also utilize auto-tuning. More recent works NeuroVectorizer [67] and AutoPhase [78, 66] use
deep reinforcement learning to automatically vectorize programs and optimize the compiler
phase ordering.

3.9 Limitations and Future work

One of Ansor’s limitations is that Ansor cannot optimize graphs with dynamic shapes [165].
Ansor requires the shapes in the computational graph to be static and known in advance to do
analysis, construct the search space, and perform measurements. How to generate programs
for symbolic or dynamic shape is an interesting future direction. Another limitation is that
Ansor only supports dense operators. To support sparse operators (e.g., SpMM) that are
commonly used in sparse neural networks [59] and graph neural networks [75], we expect that
a large portion of Ansor can still be reused, but we need to redesign the search space. Lastly,
Ansor only performs program optimizations at a high level but relies on other code generators
(e.g., LLVM and NVCC) to do platform-dependent optimizations (e.g., instruction selection).
Ansor comes short of utilizing the special instructions, such as Intel VNNI, NVIDIA Tensor
Core, and ARM Dot for mixed-precision and low-precision operators, which are not handled
well by the off-the-shelf code generators currently.

3.10 Conclusion

We propose Ansor, an automated search framework that generates high-performance tensor
programs for deep neural networks. By efficiently exploring a large search space and pri-
oritizing performance bottlenecks, Ansor finds high-performance programs that are outside
the search space of existing approaches. Ansor outperforms existing manual libraries and
search-based frameworks on a diverse set of neural networks and hardware platforms by up
to 3.8x. By automatically searching for better programs, we hope that Ansor will help
bridge the gap between the increasing demand in computing power and limited hardware
performance. Ansor is integrated into the Apache TVM open-source project ©.

Shttps://tvm.apache.org/
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Chapter 4

Efficiently Programming Large
Language Models using SGLang

Large language models (LLMs) are increasingly used for complex tasks requiring multiple
chained generation calls, advanced prompting techniques, control flow, and interaction with
external environments. However, efficient systems for programming and executing these ap-
plications are lacking. To bridge this gap, we introduce SGLang, a Structured Generation
Language for LLMs. SGLang is designed for the efficient programming of LLMs and incor-
porates primitives for common LLM programming patterns. We have implemented SGLang
as a domain-specific language embedded in Python, and we developed an interpreter, a com-
piler, and a high-performance runtime for SGLang. These components work together to
enable optimizations such as parallelism, batching, caching, sharing, and other compilation
techniques. Additionally, we propose RadixAttention, a novel technique that maintains a
Least Recently Used (LRU) cache of the Key-Value (KV) cache for all requests in a radix
tree, enabling automatic KV cache reuse across multiple generation calls at runtime. SGLang
simplifies the writing of LLM programs and boosts execution efficiency. Our experiments
demonstrate that SGLang can speed up common LLM tasks by up to 5x, while reduc-
ing code complexity and enhancing control. SGLang’s source code is publicly available at
https://github.com/sgl-project/sglang.

This chapter is based on my previous paper [227], which was a collaborative effort with
Liangsheng Yin, Zhiqgiang Xie, Jeff Huang, Chuyue Sun, Cody Hao Yu, Shiyi Cao, Christos
Kozyrakis, Ion Stoica, Joseph E. Gonzalez, Clark Barrett, Ying Sheng. Readers are encour-
aged to consult the original paper as well for a better-formatted version of the content.
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dimensions = ["Clarity", "Originality", "Evidence"]
@function
def essay_judge(s, essay):
s += "Please evaluate the following essay. " + essay

# Evaluate an essay from multiple dimensions in parallel
forks = s.fork(len(dimensions))
for f, dim in zip(forks, dimensions):
f += (
"Evaluate based on the following metric: " +
dim + ". End your judgement with the word 'END'"
f += "Judgment: " + f.gen("judgment", stop="END")
# Merge judgments
for f, dim in zip(forks, dimensions):
s 4= dim + ": " + f["judgment"]
Generate a summary and give a score
+= "In summary," + s.gen("summary")
+= "I give the essay a letter grade of " +
+= s.gen("grade", choices=["A", "B", "C", "D"])(:)

n un n H®

ret = essay_judge.run(essay="A long essay ...")(:)
print(ret["grade"])

Figure 4.1: The implementation of a multi-dimensional essay judge in SGLang utilizes the
branch-solve-merge prompting technique [158]. This function uses LLMs to evaluate the
quality of an essay from multiple dimensions, merges the judgments, generates a summary,
and assigns a final grade. The highlighted regions illustrate the use of SGLang APIs. (1)
fork creates multiple parallel copies of a prompt. (2) gen invokes an LLM generation and
stores the result in a variable. (3) [variable_name] retrieves the result of the generation.
(4) choices imposes constraints on the generation. (5) run executes a SGLang function
with its arguments.

4.1 Introduction

Recent increases in the capabilities of LLMs have broadened their utility, enabling them
to tackle a wider range of general tasks and act as autonomous agents [137, 26, 142, 192].
In such applications, LLMs engage in multi-round planning, reasoning, and interaction with
external environments. This is accomplished through tool usage [161], multiple input modal-
ities [3], and a wide-range of prompting techniques [112], like few-shot learning [25], self-
consistency [198], skeleton-of-thought [131], and tree-of-thought [214]. All of these new use
cases require multiple, often dependent, LLM generation calls, and critically, the control
flow of these programs may depend on the output of LLMs [213]. The emergence of these
complex patterns signifies a shift in our interaction with LLMs, moving from simple turn-
based chatting to a more sophisticated form of programmatic usage of LLMs (see section 4.2).
Figure 4.1 shows an example of such an LLM program, where multiple generation calls are
used to accomplish a task. The example uses SGLang, a new domain-specific language we
introduce in this paper and explain in section 4.4.
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To align with emerging trends, the community has seen the development and rising pop-
ularity of new interfaces such as LangChain [96], LMQL [19], Guidance [65], and DSPy [87].
These tools help users manage prompt templates and program pipelines with ease. However,
their primary focus on front-end design often results in compromised runtime performance.

Conversely, while back-end inference engines like NVIDIA TensorRT-LLM [132], Hugging
Face TGI [80], Orca [218], and vLLM [95] continue to reduce latency and improve throughput,
their design largely remains anchored in traditional single-generation call interfaces. They
typically support APIs similar to the OpenAl Completion API [138], where a user prompt
is processed and a response is returned in a stateless manner.

While both front-end and back-end technologies are advancing rapidly, they are evolving
along separate trajectories. The front end largely remains oblivious to the LLM inference
processes, while the back end often lacks awareness of the application’s structure and is un-
able to optimize across multiple calls. This disjointed development leads to numerous missed
opportunities for performance optimization, such as KV cache sharing and parallelism, as
discussed in section 4.2.

In this paper, we present a holistic approach for an efficient LLM programming system
by co-designing both the front-end language and the back-end runtime. The process involves
three key challenges: (i) creating a flexible, domain-specific language with primitives suitable
for LLM programming and ecosystem integration; (ii) ensuring efficient program execution
via automatic parallelism, batching, caching, and sharing across multiple calls and multiple
programs; and (iii) enhancing program performance through compiler optimizations like code
movement and prefetching annotations.

On the front end, we introduce SGLang, a domain-specific language embedded in Python.
It provides a set of primitives specifically designed to facilitate programming LLMs. These
primitives enable the manipulation of prompts and generations (e.g., extend, gen, select)
and the control of parallelism (e.g., fork, join). Furthermore, SGLang is compatible with
Python’s control flow and libraries. Leveraging these primitives along with native Python
syntax, users can intuitively develop sophisticated prompting strategies and agents, while ob-
viating the need for manual optimization. Moreover, the unified language enhances portabil-
ity, enabling users to transition easily between different open-source and proprietary models,
such as those from OpenAl and Anthropic.

We develop both an interpreter and a compiler for SGLang. The interpreter is responsi-
ble for managing the prompt state and executing SGLang programs. Specifically, it treats
a prompt as a stream and submits primitive operations to this stream for asynchronous
execution, ensuring proper control over synchronization and intra-program parallelism. Ad-
ditionally, we can trace a SGLang program and utilize the compiler to compile it into a
computational graph. This approach opens opportunities for more aggressive optimizations.
We explore several classical compiler optimizations, e.g., code movement, in the context of
LLM programming.

On the back end, we propose a novel technique called RadixAttention to automatically
reuse the KV cache across multiple generation calls. In existing systems, the KV cache of
a request is discarded after processing is completed, which prevents KV cache from being
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reused across multiple generation calls. Instead, our system maintains an LRU cache of the
KV cache for all requests within a radix tree. This approach allows the runtime to efficiently
achieve automatic sharing for various reuse patterns. Additionally, to increase the cache hit
rate, we utilize a cache-aware scheduling policy.

In summary, we make the following contributions:

e We present SGLang, a domain-specific language with primitives for LLM programming,
supporting parallelism, control flow, nested calls, and external calls.

e We develop an interpreter capable of executing SGLang programs in tandem with the
Python interpreter and managing prompt states as asynchronous streams.

e We build a compiler capable of compiling programs into computational graphs and
explore classical compiler techniques in the context of LLM programming.

e We propose RadixAttention, a novel technique for automatic KV cache reuse across
multiple generation calls at runtime.

e Using SGLang, we implement various LLM applications, including agent control, logi-
cal reasoning, content generation, benchmarking, and long document processing. Our
experiments demonstrate that SGLang can accelerate common LLM tasks by up to
5x, while reducing code complexity and enhancing control.

4.2 Background

The Inference Process of LLMs

Most LLMs in use today, such as GPT-3 [25], PaLM [38], and LLaMA [182], are based on
the autoregressive Transformer architecture [187]. The models predict the probability of the
next token in a sequence based on the preceding tokens. During inference, the model first
processes a sequence of input tokens through a forward pass. It then sequentially decodes
output tokens, with each token depending on prior tokens. We refer to the process of taking
a sequence of input tokens and generating a sequence of output tokens as a single generation
call. Throughout this process, each token generates some intermediate tensors, which are
used for decoding further tokens. These intermediate tensors, known as the "KV Cache”,
are named for the key-value pairs in the self-attention mechanism. An observation that will
be important when discussing optimizations later is that the computation of the KV cache
only depends on all previous tokens, so different sequences with the same prefix can reuse
the KV cache of the prefix tokens and avoid redundant computation.

The Paradigm of Programming LLMs

As LLMs become more powerful, they are increasingly employed as versatile task solvers in
complex systems. In these contexts, it is imperative that LLMs operate as dependable and
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Language Syntax  Primitives Runtime Backends Execution Modes
LMQL Custom  extend, gen, select Hugging Face Transformers, llama.cpp, OpenAl Compiler
Guidance Python extend, gen, select Hugging Face Transformers, llama.cpp, OpenAl, VertexAl Interpreter

SGLang Python  extend, gen, select, fork, join SGVM, OpenAl, Anthropic, Hugging Face TGI*, llama.cpp* Interpreter and compiler

Table 4.1: Comparison among LMQL, Guidance, and SGLang. The backends marked with
* are experimental.

intelligent components. This evolves the use of LLMs from single, straightforward generation
calls to multiple, interdependent generation calls interleaved with control flow, leading to
the emergence of the ”Programming LLMs” paradigm. Programming LLMs refers to the
development of computer programs that control the generation processes of LLMs. This
concept can be exemplified in several ways.

First, advanced prompting techniques are examples of programming LLMs. An exem-
plary case is meta-reasoning [216]. To solve a problem, the LLM initially generates multiple
solutions through chain-of-thought prompting. It then performs meta-reasoning across these
solutions to derive the final resolution. Another example is skeleton-of-thought [131]. To
answer a question, the LLM first generates a skeleton of the answer. It then issues multiple
parallel calls to elaborate the skeleton into a detailed explanation. A more complex case is
the tree-of-thought approach [214], which integrates LLM calls within tree search algorithms
(e.g., breadth-first search).

Second, in LLM-based agents, the programmatic use of LLMs is crucial. Take the ReAct
agent [213], for example. The behavior of the agent is controlled by loops and conditional
statements. The agent performs one action per iteration. In each iteration, the agent chooses
the action type (search or finish), generates action parameters, and processes observations
from the external environment.

Third, simpler prompting forms also fall under the scope of programming LLMs. Tech-
niques like few-shot prompting [25], chain-of-thought prompting [202], and retrieval-augmented
generation [101] are basic elements in programming LLMs.

Challenges and Opportunities

Designing programming systems for LLMs presents unique challenges and opportunities. A
good system should help a programmer be productive, offering an intuitive and expressive in-
terface for common programming tasks, including LLM state management, decoding process
control, and smooth integration with external tools. Furthermore, it is essential to ensure
performance by optimizing for low latency and high throughput execution. In particular, the
rich structure of LLM programs and the unique properties of LLM inference provide plenty
of opportunities for runtime optimizations. These include:

e Caching: Often in LLM programs, multiple text segments and generation calls are
appended to a single prompt. Caching the computed KV cache for previous tokens
across multiple chained calls can reduce redundant computation. This optimization,
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however, is neither free nor trivial, as it requires additional storage and more complex
memory management.

e Batching: The decoding process in LLMs is primarily memory-bound, meaning in-
creasing the batch size can significantly enhance throughput. Running a large number
of LLM programs in a batch, and utilizing the contiguous batching technique [218] can
be beneficial.

e Sharing: It is common in LLM programs to generate multiple outputs from a single
prompt or to fork a new prompt from the current state. Basic prefix sharing has
been investigated in vLLM [95]. More advanced sharing patterns like irregular tree-
structured sharing can also be employed. Figure 4.2 shows four typical patterns of
KV cache sharing across multiple calls; none of the existing systems can automatically
handle all of them.

e Parallelism: An LLM program often includes multiple generation calls. By creat-
ing a dependency graph for these calls, we can identify independent calls and execute
them in parallel. This creates intra-program parallelism, which adds additional par-
allelism to the straightforward inter-program parallelism. For example, in Figure 4.1,
the generation of multiple judgments can be parallelized.

e Compilation: Once a full program is available, it can be compiled into an optimized
intermediate representation for more efficient execution. More aggressive optimizations
can also be implemented, such as automatically adjusting the original prompts based
on user-provided test cases. These optimizations may include expanding, compressing,
rearranging parts of the prompts, and selecting different models for different calls.

To systematically explore these opportunities, it is essential to co-design the programming
interface and runtime. However, inference engines like Orca and vLLM fall short, as they
optimize only for single generation calls. This limitation leads to redundant computations
and missed opportunities when executing LLM programs that involve multiple calls.
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(a) Few-shot learning

Prompt [ Question Answer 2 Generation 2
Generation 3

(b) Self-consistency

(1@ ] (rum1 |

( Chat History ) (um2(@ ) (1um2 ) |
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(c) Multi-turn chat

Branch 1 ][ Branch 1 ]
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Search History [ Branch 1.1.1 ][ Branch 1.1.1 ]

]
]
Search History ][ Branch 1.2 ] [ Branch 1.2 ]
]

Search History [ Branch 1.2.1 ][ Branch 1.2.1 ]

Branch 2 ][ Branch 2 ]

Search History ] [ Branch 2.1 ] [ Branch 2.1

Search History [ Branch 2.1.1 ][ Branch 2.1.1 ]

Search History ] [ Branch 2.2 ] [ Branch 2.2

Search History

)
)
)
)

[ Branch 2.2.1 ][ Branch 2.2.1 ]

(d) Tree-of-thought

Figure 4.2: KV cache sharing examples. Blue boxes represent shareable prompt parts, green
boxes indicate non-shareable parts, and yellow boxes mark non-shareable model outputs.
Shareable elements include few-shot learning examples, questions in self-consistency [198],
chat history in multi-turn chat, and search history in tree-of-thought [214].
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Existing LLM Programming Systems

Given the significance of LLM programming, specialized programming systems have been
developed. The top layer comprises high-level application development libraries with pre-
built modules, such as LangChain [96]. The middle layer features more flexible pipeline
programming frameworks like DSPy [87]. At the bottom layer, there are domain-specific
languages designed for controlling a single prompt, including LMQL [19] and Guidance [65].

SGLang, uniquely positioned between the middle and bottom layers, shares similarities
with LMQL and Guidance. However, unlike LMQL and Guidance, which primarily focus on
language design while often overlooking runtime efficiency, SGLang thoughtfully integrates
front-end language features with back-end runtime optimizations. This approach signifi-
cantly enhances runtime efficiency, sometimes by an order of magnitude or more. For its
front-end, LMQL employs an SQL-like custom syntax, contrasting with the more intuitive
Python syntax. Guidance initially used the Handlebars template language and later transi-
tioned to a Pythonic language embedded within Python. The front-end language of SGLang,
inspired by Guidance, is being developed concurrently with the new version of Guidance.

SGLang introduces new primitives for enhanced expressiveness and runtime efficiency.
It also offers the flexibility of both interpreter and compiler modes. A comparison among
LMQL, Guidance, and SGLang is presented in Table 4.1. We omit the comparison with
LangChain and DSPy because they are at a higher level. It is possible to compile high-level
pipelines from LangChain and DSPy to SGLang.

4.3 Overview

Figure 4.3 shows an overview of our system. At the user level, SGLang programs are written
in Python with embedded SGLang primitives for managing prompts and generation calls.
The syntax and primitives of SGLang will be introduced in section 4.4. SGLang programs
can be executed in two ways: either using an interpreter or a compiler. When using the
interpreter, SGLang programs, which are also valid Python programs, are processed by both
the Python and SGLang interpreters. The SGLang interpreter handles specific SGLang
primitives. The design of this interpreter is explained in section 4.4. Alternatively, a limited
set of SGLang programs can be compiled, enabling further optimizations. section 4.4 is
dedicated to the SGLang compiler. Both the interpreter and the compiler work with the
SGVM, which is our custom serving engine for LLM generation calls (section 4.5). A key
aspect of SGVM is its RadixAttention feature, which automatically reuses KV caches across
multiple calls.
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SGLang Program Interpreter SGVM Runtime
w/ RadixAttention

Compiler  — Graph Executor g@%

Figure 4.3: The overview of the system.

4.4 Language, Interpreter, and Compiler

Syntax and Primitives

SGLang is implemented as an embedded domain-specific language in Python.

Figure 4.1 shows an example of a SGLang program. This program evaluates the quality
of an essay from multiple dimensions using the branch-solve-merge prompting method [158].
The function essay_judge takes two arguments: s and essay. The variable s manages the
state of a prompt, allowing new strings and SGLang primitives to be appended using +=.
In the function, it first adds the essay to the prompt, and then forks the prompt into three
copies. These forks run in parallel, generating judgments from different dimensions. Finally,
it merges these judgments, generates a summary, and assigns a letter grade to the essay.

Figure 4.4 presents another example. This program generates two tips in parallel for a
given topic using the skeleton-of-thought prompting method [131]. It employs two functions:
expand, which elaborates a short tip into a detailed paragraph, and tip_suggestion, which
orchestrates the entire process. It first generates two short tips and then calls expand to
elaborate them in parallel. Finally, it generates a summary.

These examples illustrate the use of SGLang. In SGLang, we provide the following
primitives: gen for calling LLM generation, select for letting the LLM choose the option
with the highest probability from a list, += or extend for extending the current prompt,
fork for forking the current prompt state, and join for rejoining the forked prompt states.
Users can interleave these primitives with arbitrary Python control flow and libraries.

Interpreter

The most basic way to execute a SGLang program is through an interpreter. In SGLang,
a prompt is treated as an asynchronous stream. Executing primitives such as extend, gen,
and select on a prompt leads to the interpreter submitting these primitives into the stream
for asynchronous execution. These submission calls are non-blocking, allowing the Python
interpreter to continue executing Python code without waiting for the LLM generation to
finish. This process is akin to launching CUDA kernels to CUDA streams asynchronously.
Each prompt is managed by a stream executor in a background thread, enabling users to
achieve parallelism.

When fetching the generation results from a prompt, the fetch action will be blocked until
the desired generation results are ready. This is implemented using event mechanisms, where
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@function
def expand(s, tip):
s += (
"Please expand the following tip into a "
"detailed paragraph: " + tip + "\n"
)

s += s.gen("paragraph")

@function
def tip_suggestion(s, topic):
s += "Here are 2 concise tips for

+ topic + ".\n”

# Generate a skeleton of two short tips
s += ll1.ll + S.gen("tip_l", Stop:["\n", Il:ll, n n
S +: ll2.ll + s.gen(lltip—zll) Stop:["\n", Il:ll, n L}

# Expand the tips into detailed paragraphs in parallel
detailed_tipl = expand(tip=s["tip_1"])
detailed_tip2 = expand(tip=s["tip_2"1)

Merge the results and generate a summary

+= "Tip 1: " + detailed_tipl["paragraph"] + "\n"
+= "Tip 2: " + detailed_tip2["paragraph”] + "\n"
+= "In summary" + s.gen("summary")

wn n H

state = tip_suggestion.run(topic="staying healthy")
print(state.text())

Figure 4.4: The SGLang program for parallel tip suggestion with skeleton-of-thought prompt-
ing.

a generation call sets an event upon producing its output. Thus, the interpreter effectively
manages intra-program parallelism and synchronization.

Compiler

Another way to run SGLang programs is to compile them as computational graphs and run
them with a graph executor. This opens the opportunity for more compilation optimizations,
as we can rewrite the graph.

Tracing and Graph Executor

We design an intermediate representation (IR) for SGLang, representing SGLang program
structures and operations as a computational graph. This graph includes nodes for primitive
operators and edges for dependencies. See Figure 4.5 for the graph corresponding to the
program in Figure 4.4. In the program, each call to a decorated function and or fork will
create a new prompt state, or a stream.
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Stream 1
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i
Argument (topic)
i
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]
Variable ("tip_1") ]

7_‘_‘_‘_‘
—

3 i
ConstantText (”2.")

ConstantText (".\n")
] i

)
—

Gen ("tip_2") Gen("paragraph”)
]

[
[
[
[
[
[
[
[
( ConstantText (".\n")
[
[
[
[
[
[
[
[

)

Stream 3

]
ConstantText ("Tip 1: ")
i i

—
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Variable (";aragraph")
Constant;ext ("\n")
ConstantText (f'ln summary")
Gen (name:"summary")

Gen("paragraph”)

_‘~_‘~_‘\~_‘

Figure 4.5: A computational graph for the program in Figure 4.4. The three streams corre-
spond to three function calls.

There are several types of nodes. Each operand of += and + in a SGLang program is
represented by an IR node. These include ConstantText, Argument, Gen, Select, Variable,
Fork, GetForkItem, and Join. There are two types of dependencies. The first is intra-
stream dependency, where operations submitted into a stream using += must be executed
after all preceding operations in that stream. The second is inter-stream dependency, which
occurs when one stream needs to fetch variable values from another stream, necessitating
synchronization. Operations like fork manipulate multiple streams and thus introduce inter-
stream dependencies.

To generate the graph, we use tracing to run the program with abstract arguments
and construct the graph dynamically. This method is limited to programs without data-
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dependent control flow, a limitation we plan to address in future work. Once constructed,
the graph can be executed through a graph executor, eliminating the need to reinterpret the
original Python program. This results in benefits like graph rewriting optimizations, reduced
runtime overhead, and program serialization. For execution, stream executors are launched
for each data stream, dispatching IR nodes to the streams in topological order.

Compilation Optimizations

We explore two compilation optimizations for SGLang IR. The first one is noteworthy as it
integrates GP'T-4 into compiler optimization processes. The second one is more conventional.
We anticipate more classical compiler techniques can also be applied, such as auto-tuning
and instruction selection.

Code Movement for Improving Prefix Sharing. This optimization aims to improve
prefix sharing by reordering nodes in the graph to increase the length of the constant prefix.
It does not strictly preserve the original computation, classifying it as an aggressive opti-
mization. For instance, changing the prompt from “Here is a question + {question}. Please
act as a math expert and solve the given question” to “Please act as a math expert and solve
the given question. Here is a question + {question}.” results in a longer sharable prefix.
This optimization is interesting because traditional program analysis cannot achieve it, due
to the presence of natural language instructions in SGLang. Instead, we prompt GPT-4 to
reorder graph nodes. We write a prompt with several examples to teach GPT-4 the concepts
of SGLang IR, and we find that GPT-4 can successfully apply this optimization for some
simple SGLang programs.

Prefetching Annotations. This involves automatically adding prefetching nodes to
the graph, signaling the runtime to move the cached KV cache from the CPU to the GPU
if the cache exists for a long prompt.

4.5 Runtime with RadixAttention

The primary challenge in optimizing the execution of SGLang programs lies in reusing the
KV cache across multiple calls and programs, as discussed in section 4.2. While some existing
systems can handle KV cache reuse in certain scenarios, this often requires manual config-
urations and ad-hoc adjustments. However, even with manual configurations, no existing
system can automatically handle all scenarios due to the variety of possible reuse patterns.

This section introduces RadixAttention, a novel technique for automatic KV cache reuse
during runtime. Instead of discarding the KV cache after finishing a generation request,
our approach retains the KV cache for both prompts and generation results in a radix tree.
This structure enables efficient prefix search, reuse, insertion, and eviction. We implement
a Least Recently Used (LRU) eviction policy, complemented by a cache-aware scheduling
policy, to enhance the cache hit rate. Furthermore, RadixAttention is compatible with
existing techniques like continuous batching and paged attention.
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Figure 4.6: Examples of RadixAttention operations with an LRU eviction policy, illustrated across nine
time points. The figure demonstrates the dynamic evolution of the radix tree in response to various requests.
These requests include two chat sessions, a batch of few-shot learning inquiries, and a self-consistency
sampling. Each tree edge carries a label denoting a substring or a sequence of tokens. The nodes are color-
coded to reflect different states: green for newly added nodes, blue for cached nodes accessed during the time
point, and red for nodes that have been evicted. In step (1), the radix tree is initially empty. In step (2), the
server processes an incoming user message " Hello” and responds with the LLM output "Hi”. The system
prompt ”You are a helpful assistant”, the user message ”Hello!”, and the LLM reply "Hi!” are consolidated
into the tree as a single edge linked to a new node. In step (3), a new prompt arrives and the server finds
the prefix of the prompt (i.e., the first turn of the conversation) in the radix tree and reuses its KV cache.
The new turn is appended to the tree as a new node. In step (4), a new chat session begins. The node
“b” from (3) is split into two nodes to allow the two chat sessions to share the system prompt. In step (5),
the second chat session continues. However, due to the memory limit, node ”¢” from (4) must be evicted.
The new turn is appended after node ”d” in (4). In step (6), the server receives a few-shot learning query,
processes it, and inserts it into the tree. The root node is split because the new query does not share any
prefix with existing nodes. In step (7), the server receives a batch of additional few-shot learning queries.
These queries share the same set of few-shot examples, so we split node ’e’ from (6) to enable sharing. In
step (8), the server receives a new message from the first chat session. It evicts all nodes from the second
chat session (node ”7g” and "h”) as they are least recently used. In step (9), the server receives a request to
sample more answers for the questions in node ”j” from (8), likely for self-consistency prompting. To make
space for these requests, we evict node ”i”, 7k”, and ”1” in (8).
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RadixAttention

A radix tree is a data structure that serves as a space-efficient alternative to a trie (prefix
tree). Unlike typical trees, the edges of a radix tree can be labeled with not just single
elements, but also with sequences of elements of varying lengths. This feature significantly
boosts the efficiency of radix trees. In our system, we utilize a radix tree to manage a
mapping. This mapping is between sequences of tokens, which act as the keys, and their
corresponding KV cache tensors, which serve as the values. These KV cache tensors are
stored in a non-contiguous, paged layout, where the size of each page is equivalent to one
token.

Considering the limited capacity of GPU memory, we cannot retrain infinite KV cache
tensors, which necessitates an eviction policy. To tackle this, we implement an LRU eviction
policy that recursively evicts leaf nodes. In the continuous batching setting, we cannot evict
nodes that are being used by the currently running batch. Therefore, each node maintains
a reference counter indicating how many running requests are using it. A node is evictable
if its reference counter is zero.

The front end always sends full prompts to the runtime and the runtime will automatically
do prefix matching, reuse, and caching. Figure 4.6 illustrates how the radix tree is maintained
when processing several incoming requests. The tree structure is stored on the CPU and the
maintenance overhead is small.

Cache-Aware Scheduling

To increase the cache hit rate, the scheduler must be cache-aware. Otherwise, when a large
batch of requests arrives, the scheduler may switch between different requests, leading to
cache thrashing. We introduce the algorithm?® for cache-aware scheduling in RadixAttention
with contiguous batching. The key idea is to sort the requests by matched prefix length,
as opposed to adhering to a first-come-first-serve schedule. There are further opportunities
for the implementation of more advanced scheduling strategies that assign priority based
on the weights of subtrees. Essentially, this would involve counting the total number of
requests within each sub-tree(prefix-sharing trees) and even considering requests that have
been historically evicted. The weighted priority can fully utilize the tree-shape locality of
some LLM tasks such as tree-of-thought [214], making the least redundant evictions.

Other Optimizations

The development of new CUDA kernels is essential to enhance the efficiency of KV cache
reuse. Existing systems mostly implement CUDA kernels for two main functions: prefill and
decoding. The prefill kernel assumes that the lengths of the query and key are identical.
Conversely, the decode kernel assumes that the query length is one. However, in the case

'Please refer to the original paper [227] for the pseudocode of the algorithm. Readers are encouraged to
consult the original paper as well for a better-formatted version of the content.
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of KV cache reuse, these kernels cannot be directly applied. We introduce a new “extend”
kernel for this computation, capable of reading the KV cache from both contiguous buffers
and non-contiguous memory pools. This fused extend kernel operates without extra copy
overhead.

4.6 Evaluation

SGLang and SGVM are implemented in approximately 9K lines of Python code. SGVM
reuses some components from Light LLM [123], an LLM serving system based on PyTorch [143]
and Triton [181].

We evaluate the performance of SGLang across a diverse range of LLM workloads. Sub-
sequently, we conduct case studies and ablation studies to demonstrate the effectiveness of
specific components.

Setup

Models. We test the Llama 2 chat models [182], CodeLlama models [157], and vision
language model LLaVA [110] models of various sizes. The number of parameters ranges
from 7B to 33B. We use float1l6 precision for Llama and CodeLlama models, and 4-bit
quantized precision for LLaVA models.

Hardware. Most experiments are conducted on AWS EC2 G5 instances unless otherwise
stated. The GPUs on G5 instances are NVIDIA A10G GPUs, each with 24 GB of memory.
The CPUs are AMD EPYC processors. For most experiments, we run 7B models with a
single A10G GPU. To see how our system handles larger models, we also test a 33B model
on an A100 GPU (80GB).

Baseline. We compare SGLang against both high-level programming systems with their re-
spective languages and default runtimes, as well as low-level inference engines with standard
OpenAl-like Completion APIs. The baselines include:

e Guidance [65], a language for controlling LLMs. We use Guidance v0.1.4 with the
llama.cpp backend.

e LMQL [19], a query language for LLMs. We use LMQL v0.7.3 with the Hugging Face
Transformers backend.

e vLLM [95], a high-throughput inference engine. We use vLLM v0.2.2 and its default
API server.

Metrics. We report two performance metrics: throughput and latency. For throughput, we
run a sufficiently large batch of program instances to compute the maximum throughput,
comparing the number of program instances executed per second (programs per second, p/s).
For latency, we execute a single program at a time without batching and report the average
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latency for multiple instances. Unless otherwise stated, most of our optimizations do not
change the computation results.

While our primary focus is on runtime efficiency, we also conduct several case studies to
compare the number of lines of code for productivity.

End-to-End Benchmark
Few-Shot In-Context Learning

We start with the most basic few-shot learning prompting. We evaluate the maximum
throughput of systems during batch processing of few-shot learning requests using three
benchmarks, each with 5 shots. Results are shown in Figure 4.7.

MMLU [72] is a multi-choice knowledge benchmark where the LLM outputs a single
token (A/B/C/D) for answer selection. LMQL exhibits the worst performance due to its slow
backend and complex pre- and post-processing. Guidance, being faster than LMQL, benefits
from reduced processing overhead and some KV cache reuse. However, both systems support
only a batch size of one. vLLM performs similarly to Guidance, but it lacks automatic KV
cache reuse for the shared prefix. Although the vLLM paper discusses this feature, the
released code does not support it due to the absence of a reliable high-performance kernel.
Even if a high-performance kernel is implemented for vLLM, manual configuration is required
to use this feature. Conversely, SGLang automatically achieves sharing with RadixAttention
and attains a throughput that is 4.4x higher than its closest competitor.

HellaSwag [222] is a multi-choice benchmark where each option is a short string. Unlike
MMLU, which decodes a single output token, HellaSwag requires an LLM to calculate the
probability of each string choice by performing a forward pass. LMQL exhibits slowness due
to high overhead. vLLM lacks a “select” primitive. Instead, it concatenates each choice with
the prompt and computes the probability for the entire concatenated prompt for all choices,
leading to redundant calculations. Guidance, although offering a “select” feature, is limited
to a batch size of 1. SGLang outperforms others by 2x with automatic KV cache sharing
and batching.

GSM-8K [40] is a benchmark that requires LLMs to generate a reasoning process and
produce an integer answer. Since the benchmark demands longer output lengths, batching is
crucial for enhanced throughput. However, LMQL and guidance currently lack support for
batching, leading to reduced performance. vLLM is also slow due to its inability to reuse the
KV cache for the shared prefix. In contrast, SGLang achieves a 4.5x increase in throughput,
thanks to the integration of RadixAttention and contiguous batching.

Due to its overhead, LMQL often performs significantly worse than other systems in both
short and long-generation tasks, so we will not include it in our future benchmarks.
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Figure 4.7: Throughput on few-shot in-context learning tasks.

LLM-Based Agents

We benchmark on two highly regarded agent frameworks: ReAct agent [213], which processes
tasks in an interleaved manner by chaining multiple LLM calls with actions like web search;
and generative agents [142], employed in a gaming environment where agents interact with
each other and make decisions by invoking LLMs. Both original papers utilized OpenAl
models. To accurately gauge potential performance gains, we mirrored the settings described
in the papers and used GPT-3.5-turbo as the backbone model, and then traced the input
and output of LLM calls to create a dataset. For ReAct agents, we used the HotpotQA [212]
evaluation as reported in the paper. For generative agents, we rewrote the top five functions
(out of forty traced) from the game using SGLang, which accounts for approximately 70%
of all LLM calls. We then replayed these traces on our experimental platform.

As depicted in Figure 4.8, the ReAct agent, using SGLang, achieves a throughput that
is 5.6x higher than that of vLLM and has only 13% of its latency. This improvement
primarily results from the agent’s process of appending current states (thoughts, actions,
and observations) to the prompt for subsequent LLM calls. Our RadixAttention mechanism
effectively identifies and minimizes redundant computations, a capability not present in the
current inference engines. This mechanism also significantly reduces memory usage, allowing
more questions to be addressed by a greater number of agents, thereby optimizing GPU
utilization and enhancing throughput.

In the case of the generative agent task, the gaming setting’s constraints permit only a
single LLM call per simulation to maintain game logic consistency. In this case, SGLang
still outperforms vLLM by 30% in both throughput and latency. This efficiency is due
to the caching of agents’ predefined routines, reducing redundant computations. The task
prompt templates contain multiple arguments that vary at different speeds based on times-
tamps, resulting in complex prefix reuse patterns. Nevertheless, the SGLang runtime can
automatically detect these patterns and reuse the KV cache.

Reasoning

We benchmark the performance of systems using advanced prompting techniques for rea-
soning tasks. These tasks involve solving GSM-8K problems in a zero-shot setting. Both



CHAPTER 4. EFFICIENTLY PROGRAMMING LARGE LANGUAGE MODELS

USING SGLANG 76
I Guidance w vLLM I Genlang
1.5 10
w
a 3
- 1.0 -
> >
& g5
[®)]
§ 0.5 §
<
|_
0.0 0
ReAct Generative ReAct Generative
Agents Agents Agents Agents

Figure 4.8: Throughput and latency on agent tasks.

B Guidance e vLLM BN SGlang

30 1.00

ughput

%08 200

@20
= ) = ) I
506 5,150 215 520 07
Q = o 1°)
£04 $ 100 <10 S 15 © 0.50
3 © 3 © 10 N
£0.2 - 50 £05 - 5 0.25
= = > E
0.0 - - 0 - - 0.0 T - 0 T - © 0.00 T
Multi-Chain Tree of Multi-Chain Tree of Tip Review Tip Review Z Multi Doc Long Document
Reasoning Thought Reasoning Thought Generation Generation Generation Generation QA JSON Extraction
(@) (b) (c) (d) (e)

Figure 4.9: (a) Throughput on reasoning tasks. (b) Latency on reasoning tasks. (c¢) Through-
put on content generation tasks. (d) Latency on content generation tasks. (e) Throughput
on long-context tasks.

throughput and latency metrics are reported in Figure 4.9 (a)(b).

Multi-chain reasoning [216] involves generating several solutions to one question and
using meta-reasoning across these solutions for the final answer. This process allows for
sharing the question and parallelizing the generation of multiple solutions. For each solution
generation, we use various eliciting prompts such as "Think step-by-step” and "Take a
deep breath”. Unlike simple parallel sampling, this flexible approach with different eliciting
prompts is not supported by the vLLM API. Hence, vLLM exhibits lower throughput due
to its inability to share prefixes flexibly. Guidance has lower throughput due to no batching.
In contrast, SGLang allows users to intuitively implement this technique without worrying
about manual optimizations, yet achieve high throughput. The improvement in throughput
is not as substantial as in previous cases of few-shot learning, due to the zero-shot setting
having a shorter shareable prefix.

Regarding latency, the SGLang interpreter can automatically resolve dependencies and
submit requests in parallel. For a fair comparison, we directly translate the SGLang program
into an equivalent Python program without explicitly using threading or asyncio to avoid
added complexity. Consequently, the translated program does not parallelize parallelizable
requests, resulting in higher latency.

Tree-of-thought [214] incorporates LLMs into the breadth-first tree-search algorithm.
The LLMs must propose the next steps for branch exploration, execute these proposals,
and evaluate the solutions. This method leads to complex sharing patterns beyond the
capabilities of existing systems. Once again, SGLang surpasses others in terms of both
higher throughput and lower latency in this benchmark.
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Content Generation

We evaluate two advanced prompting methods for content generation: tip generation and
article review. The skeleton-of-thought technique [131] first creates a brief outline of tips,
then elaborates each into a detailed paragraph. The branch-solve-merge approach [158]
assesses an article from multiple dimensions and then assigns a final grade. Results are shown
in Figure 4.9 (c¢)(d). In both cases, there are opportunities for sharing and intra-program
parallelism. SGLang systematically exploits them through an intuitive programming model,
achieving higher throughput and reduced latency.

Long Document Processing

We benchmark the performance on long document processing tasks. When the document is
long, KV cache reuse becomes more important as the forward pass to encode the prompt
becomes significantly longer. We use CodelLlama models, which were fine-tuned on a context
length of 16K tokens. On our setup, running a 7B model in fp16 precision on a 24 GB GPU,
we can store at most 15K tokens. We select inputs exceeding 10K tokens in length, meaning
the system can process only one request at a time at most. The first benchmark tests answer-
ing questions using multiple document segments from a paper, akin to a retrieval augmented
generation setup. The second benchmark involves summarizing a city’s information from its
Wikipedia page and outputting a JSON object.

For the first benchmark, we employ the fork/join primitives in SGLang to implement
parallel-context window [153]. By using this technique, we can encode multiple documents
separately in parallel and concatenate the resulting KV cache, without letting them attend
to each other. This approach reduces the quadratic computational cost of self-attention
for long prompts. While this optimization alters the computation, it does not negatively
impact accuracy in our benchmark. For the second benchmark, we reuse the KV cache of
the long prompts when decoding multiple fields of the JSON object. The results are shown
in Figure 4.9 (e). SGLang achieves 1.2x and 2.9x improvement on these two benchmarks,
respectively. Since the maximum batch size is one, latency improvements are the same as
throughput improvements.

Case Study
Vision Language Models

We conduct a case study to demonstrate the extensibility of SGLang by supporting a new
vision language model, LLaVA v1.5 [110], on a new hardware platform, Apple Silicon. To
achieve this, we add a new primitive, sgl.image, to accept image inputs, and incorporate a
new backend, llama.cpp [61], an inference engine compatible with a wide range of hardware.

We integrate sgl.image as a new IR node into the interpreter and reuse the SGVM
protocol to build a server based on llama.cpp. This integration is achieved in around 400
lines of code. Additionally, the code that uses sgl.image can be executed on GPT-4 Vision
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through the OpenAl back-end without code modification. We create a cache for image
tokens based on the image’s hash ID, similar to how we maintain RadixAttention. We run
the LLaVA-Bench and report the throughput using SGLang and the default llama.cpp server
on an M2 Ultra. The LLaVA-Bench contains a total of 24 images and 60 questions, with
2.5 questions on each image on average. SGLang increases the throughput of llama.cpp by
1.7x. The speedup is mainly affected by the number of questions per shared image and the
output length.

Compiler Optimizations

We evaluate the effectiveness of two compiler optimizations. The first is GPT-4-assisted
code movement for prefix sharing. We collect 20 prompt templates from the internet and
implement them in SGLang. We utilize 5 of these templates for few-shot training examples
and the remaining 15 as test cases. Our evaluation shows that, for 12 out of the 15 templates,
GPT-4 successfully reorders the graph nodes without altering the semantics, as confirmed
by manual inspection of the modified prompts. On average, this optimization results in a
60-token increase in the sharable prefix length, showcasing GPT-4’s effectiveness. Failures
in creating optimized prompt order come from an incorrect understanding of the semantic
meaning behind the graph nodes. It is too aggressive and puts all constants upfront even
when such ordering changes the original semantics. This case study aims to explore the use of
GPT-4 for compiler optimizations. More work is needed to make these kinds of optimizations
reliable in the future.

The second optimization involves prefetching annotation insertion. For frequently used
long prompts, we cache them in CPU memory. The compiler automatically inserts prefetch
nodes into the computational graph. During runtime, when the server encounters a prefetch
node, it evicts nodes from the radix tree and swaps in the cached prefix. As the cost
of swapping can be substantially overlapped, this reduces the first-token latency of the
subsequent request. We test SGLang programs that contain function calls with a 4k prefix
length. By prefetching the 4k prefix, the first token latency of the called function has been
reduced from 1 second to 0.2 seconds, which is a 80% reduction.

Productivity

We conducted a case study to demonstrate SGLang’s productivity improvement by compar-
ing its Lines of Code (LoC) with OpenAl APIs. We designed a prompting flow for article
analysis: if it’s about a celebrity, the program generates a bio and introduction; otherwise,
it summarizes the article. Implementing this flow in both OpenAl APIs and SGLang, we
counted effective LoC, excluding comments and empty lines. The results show the OpenAl
API required 206 lines, while SGLang needed only 91, marking a 55% reduction.

We delve into the implementations and summarize the insights regarding why SGLang is
capable of using fewer LoC. First, whereas users must manually extract content from OpenAl
API responses and chain them to form a multi-step flow, SGLang simplifies this process by
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Figure 4.10: Performance of different scheduling policies.

leveraging the string concatenation operator. Second, since the flow involves several calls
with restricted answers, such as true/false and integers, users are required to construct an
appropriate logit bias to ensure OpenAl returns one of the expected answers. In contrast,
SGLang provides primitives that automatically construct logit bias for this purpose, allowing
users to merely specify the acceptable data type and choices. Third, in cases where skeleton-
based prompting is used to reduce end-to-end latency, OpenAl API users need to initiate a
thread pool for parallel request submission explicitly. However, SGLang’s built-in primitive
fork automatically parallelizes requests.

Larger Models

While most of our experiments are conducted using a 7B model, our techniques also perform
effectively on larger models. We test a 13B model on an A100 (40GB) and a 33B model on
an A100 (80GB) using the ReAct agent benchmark, achieving a similar speedup (5x).

Ablation Study
Scheduling Policy

We evaluate the effectiveness of our cache-aware scheduling by comparing it with several
other policies. The results are shown in Figure 4.10. “LPM”, or longest prefix matching,
is the default policy outlined in section 4.5. “Random” employs a random order. “FCFS”
adheres to a first-come-first-serve policy. “No interpreter help” omits the prefix hints from the
interpreter, which is explained in detail below. Although RadixAttention can automatically
detect shared prefixes, our runtime implementation is simplified: we only compare a pending
request with the existing cache tree. We do not construct a tree index for all requests in the
waiting queue. This approach may lead to suboptimal performance when there is a large
batch of pending requests that share a prefix but have yet to be processed and inserted into
the tree. To mitigate this, we use the interpreter to help with the scheduling. When the
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interpreter identifies a highly likely shared prefix (e.g., during a fork), it issues a forward
request for this prefix first and stores it in the tree, and then it sends out the requests that
can reuse the prefix. This method leverages hints from the interpreter to lessen the load
on backend scheduling, underscoring the benefits of our co-design strategy. As depicted in
Figure 4.10, “LPM” exhibits superior performance, while other policies struggle with a lower
cache hit rate and reduced throughput. All policies perform similarly for simple tasks like
MMLU.

Optimization Breakdown

We study the effectiveness of optimizations by disabling each one individually. Figure 4.11 il-
lustrates the results. “No Extend Kernel” disables our optimized kernel, leading to degraded
performance, particularly in long-context tasks. “No Interpreter Parallelism” turns off intra-
program parallelism, resulting in reduced parallelism and cache locality. “No Cache” deac-
tivates the cache, significantly deteriorating throughput across all benchmarks. “No Radix
Tree” uses a list instead of a tree to manage the cache, leading to increased memory usage
and copy overhead, and consequently, lower performance.

Improvements under Different Sharing Settings

We study how the improvement of prefix sharing is influenced by different parameters, includ-
ing the lengths of shareable and unshareable inputs, and sharing structure configurations.

As shown in Figure 4.12, in the left subfigure, we establish a base setting with a shareable
input length of 256, an unshareable input length of 256, and an output length of 256. We
then gradually increase either the shareable input length or the unshareable length and
observe the changes in throughput. The results demonstrate that the RadixAttention cache
significantly enhances throughput compared to the “No Cache” scenario, with more notable
improvements observed when the shareable length is longer.
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In the right subfigure, we set a base scenario with 5 articles and 2 questions per article,
where the article comprises 1000 tokens and each question 256 tokens. There are 5 x 2 = 10
requests in this base setting, with each article being shared by two questions. Subsequently,
we increment either the number of articles or the number of questions per article. The
findings indicate that the RadixAttention cache exhibits superior performance when the
number of questions per article increases, as this creates more opportunities for sharing.

RadixAttention Overhead Analysis

We analyze the overhead of maintaining the radix tree at runtime. The tree structure is
maintained on the CPU. In a typical scenario, which has a shareable input length of 256,
an unshareable input length of 256, and 128 requests (organized into 16 subtrees, with 8
branches for each subtree), the forward pass in our setup takes 17.6 seconds. Meanwhile, the
tree operation only takes 0.07 seconds. We also construct a request trace with no cache hits
and observe the tree maintenance incurs only a 0.5% overhead. Therefore, the overhead is
negligible. Furthermore, the overhead of tree maintenance can be further reduced by using
a high-performance C++ implementation and by overlapping CPU and GPU operations.

4.7 Discussion and Limitations

Here are SGLang’s limitations and future development plans:

e QOur interpreter runs arbitrary Python code, but the tracing and compiler lack support
for data-dependent control flows. Introducing new control flow nodes to the SGLang
IR, similar to TensorFlow’s dynamic flow [219], is required to address this.
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e The current tokenization algorithm may create artifacts at prompt and generation
boundaries. Implementing the token healing technique [65] could resolve this.

e We have not yet implemented grammar-constrained decoding. Efficient implementa-
tion would necessitate techniques from [205, 94] and careful batching.

e Plans include integrating more input and output modalities, such as incorporating
text-to-image models into SGLang and exploring audio and video capabilities.

4.8 Related Work

Programming with Language Models The trend in programming LLM includes the
development of better prompting techniques [202, 131, 214, 18], tools usage [161, 166, 144],
agent frameworks [207, 171, 213, 169, 102, 140, 142], and programming systems [19, 65,
96, 87, 111, 205]. Among these, Guidance and LMQL are the most similar to our work.
We discuss the differences between SGLang and existing LLM programming systems in
section 4.2 and evaluate their performance in section 4.6. In short, the co-design approach
of SGLang significantly enhances execution efficiency.

Inference Optimizations for LLMs. Common inference optimizations for LLMs include
batching [218], memory optimizations [167, 95, 5], GPU kernel optimizations [43], model par-
allelism [147], parameter sharing [168], speculative execution [174, 100, 119], scheduling [206,
69], caching [172], quantization [208, 108, 45, 57|, and sparsification [56]. These optimiza-
tions are complementary to our work and can be, or have already been, integrated into our
backend.

Compilers for Machine Learning. Various domain-specific compilers for machine learn-
ing have been developed. These compilers are capable of optimizing a single tensor oper-
ator [34, 53, 226, 117, 181, 215, 193], a computational graph [85, 184], a distributed com-
putation graph [225, 116], and classical algorithms [127]. Distinct from these more general-
purpose or low-level compilers, SGLang is specifically designed for LLM applications and
incorporates LLM-specific optimizations.

4.9 Conclusion

In this paper, we introduce SGLang, an efficient programming system for LLMs. SGLang
greatly accelerates common LLM workloads by up to 5x with reduced code complexity and
improved control. Through the co-design of the language and runtime, we aim to present a
more integrated approach to optimizing LLM programming paradigms.
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Chapter 5

Judging LLM-as-a-Judge with
MT-Bench and Chatbot Arena

Evaluating large language model (LLM) based chat assistants is challenging due to their
broad capabilities and the inadequacy of existing benchmarks in measuring human prefer-
ences. To address this, we explore using strong LLMs as judges to evaluate these models on
more open-ended questions. We examine the usage and limitations of LLM-as-a-judge, in-
cluding position, verbosity, and self-enhancement biases, as well as limited reasoning ability,
and propose solutions to mitigate some of them. We then verify the agreement between LLM
judges and human preferences by introducing two benchmarks: MT-bench, a multi-turn ques-
tion set; and Chatbot Arena, a crowdsourced battle platform. Our results reveal that strong
LLM judges like GPT-4 can match both controlled and crowdsourced human preferences well,
achieving over 80% agreement, the same level of agreement between humans. Hence, LLM-as-
a-judge is a scalable and explainable way to approximate human preferences, which are other-
wise very expensive to obtain. Additionally, we show our benchmark and traditional bench-
marks complement each other by evaluating several variants of LLaMA and Vicuna. The MT-
bench questions, 3K expert votes, and 30K conversations with human preferences are publicly
available at https://github.com/1lm-sys/FastChat/tree/main/fastchat/11m_judge.

This chapter is based on my previous paper [228], which was a collaborative effort with
Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric P. Xing, Hao Zhang, Joseph E. Gonzalez, Ion Stoica. Readers
are encouraged to consult the original paper as well for a better-formatted version of the
content.
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5.1 Introduction

There has been a proliferation of LLM-based chat assistants (chatbots) that leverage su-
pervised instruction fine-tuning and reinforcement learning with human feedback (RLHF')
to unlock new instruction following and conversational abilities [139, 15, 137, 37, 232, 209,
50]. Once aligned with humans, these chat models are strongly preferred by human users
over the original, unaligned models on which they are built. However, the heightened user
preference does not always correspond to improved scores on traditional LLM benchmarks —
benchmarks like MMLU [72] and HELM [106] cannot effectively tell the difference between
these aligned models and the base models. This phenomenon suggests that there is a funda-
mental discrepancy between user perceptions of the usefulness of chatbots and the criteria
adopted by conventional benchmarks.

We argue that this discrepancy primarily arises due to existing evaluation that only
measures LLMs’ core capability on a confined set of tasks (e.g., multi-choice knowledge
or retrieval questions), without adequately assessing its alignment with human preference
in open-ended tasks, such as the ability to accurately adhere to instructions in multi-turn
dialogues. As a demonstration, we show conversation histories with two models on an MMLU
question in Figure 5.1. The two models are LLaMA-13B [183], a pre-trained base model
without fine-tuning, and Vicuna-13B, our fine-tuned model from LLaMA-13B on high-quality
conversations (the training details are in section 5.8). Despite the base LLaMA models
showing competitive performance on conventional benchmarks (Table 5.8), its answers to
open-ended questions are often not preferred by humans. This misalignment of conventional
benchmarks underscores the core problem driving this paper: the need for a robust and
scalable automated method to evaluate LLM alignment with human preferences.

To study this, we introduce two benchmarks with human ratings as the primary evalua-
tion metric: MT-bench and Chatbot Arena. MT-bench is a series of open-ended questions
that evaluate a chatbot’s multi-turn conversational and instruction-following ability — two
critical elements for human preference. MT-bench is also carefully constructed to differen-
tiate chatbots based on their core capabilities, such as reasoning and math. In addition,
we develop Chatbot Arena, a crowdsourced platform featuring anonymous battles between
chatbots in real-world scenarios — Users engage in conversations with two chatbots at the
same time and rate their responses based on personal preferences.

While human evaluation is the gold standard for assessing human preferences, it is excep-
tionally slow and costly. To automate the evaluation, we explore the use of state-of-the-art
LLMs, such as GPT-4, as a surrogate for humans. Because these models are often trained
with RLHF, they already exhibit strong human alignment. We call this approach “LLM-as-
a-judge”. This approach has been tried in our earlier blog post [37] and other concurrent or
follow-up work [26, 136, 50, 46, 232, 64, 145, 196, 36, 199]. However, there has not been a
systematic study of this approach.

In this paper, we study the LLM-as-a-judge approach by comparing it to the gold stan-
dard of human evaluation. We examine several potential limitations of the LLM-as-a-judge
approach including position bias, verbosity bias, self-enhancement bias, and limited reason-
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Question: If the FED buys bonds in the secondary market

(A) the money supply will increase. (B) the money supply will decrease. (C) the money supply will not be

affected. (D) the discount rate would be affected. Output the answer only.

Assistant A: Assistant B:

The Federal Reserve buys (A) the money supply will increase.

bonds in the secondary

market to increase the

money supply.

Follow-up Question: How does it affect my daily life? Give 3 examples.

Assistant A: Assistant B:

The Federal Reserve buys When the Federal Reserve buys bonds in the secondary market, it can have

bonds in the secondary several effects on the economy that can impact your daily life. Here are

market to increase the three examples:

money supply. This

affects your daily life 1. Interest rates: The Federal Reserve's actions in the bond market can

by: influence interest rates, which in turn can affect the cost of borrowing

1. Increasing the money money. For example, if the Federal Reserve buys bonds and drives up demand

supply. for them, interest rates on things like mortgages, car loans, and credit

2. Increasing the money cards may go up, making it more expensive to borrow money.

supply and lowering the 2. Inflation: When the money supply increases, it can lead to inflation,

discount rate. which is the general rise in prices of goods and services. This can impact

3. Increasing the money your daily life by making it more expensive to buy things like groceries,

supply and lowering the gas, and other necessities.

discount rate and 3. Employment: The Federal Reserve's actions in the bond market can also

increasing the money have an impact on employment. For example, if the Federal Reserve's

supply. actions lead to economic growth and increased demand for goods and
services, it can create more job opportunities and boost employment.

GPT-4 Judgment:

Assistant A provided an incorrect response to the user's question about how the Federal Reserve

buying bonds in the secondary market affects daily life. The answer given is repetitive and lacks

clear examples of how the action impacts daily life.

On the other hand, Assistant B provided a relevant and accurate response to the user's question about

the Federal Reserve buying bonds. The answer includes three clear examples of how the action impacts

daily life, such as interest rates, inflation, and employment.

Assistant A should improve by providing relevant, clear, and accurate examples to address the user's

\7question. Assistant B's response is more helpful, relevant, and detailed. Y

Figure 5.1: Multi-turn dialogues between a user and two Al assistants—LLaMA-13B (Assis-
tant A) and Vicuna-13B (Assistant B)—initiated by a question from the MMLU benchmark
and a follow-up instruction. GPT-4 is then presented with the context to determine which
assistant answers better.

ing ability. We show that some of the biases are minor or can be mitigated. Once addressed,
our results from 3K controlled expert votes and 3K crowdsourced human votes in the wild
verify that GPT-4 judge match human evaluations at an agreement rate exceeding 80%,
achieving the same level of human-human agreement (§5.4, Table 5.4). Consequently, this
suggests LLM-as-a-judge is a scalable method to swiftly evaluate human preference, serving
as a promising alternative to traditional human evaluations.

This paper makes two contributions: (1) a systematic study of LLM-as-a-judge; and (2)
human preference datasets with high-quality questions and diverse user interactions from
MT-bench and Chatbot Arena. In addition, we argue for the adoption of a hybrid evalu-
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ation framework for future LLM benchmarks: by combining the existing capability-based
benchmarks and the new preference-based benchmarks with LLM-as-a-judge, one can swiftly
and automatically evaluate both the core capabilities and human alignment of models. We
publicly release 80 MT-bench questions, 3K expert votes, and 30K conversations with human
preferences for future study.

Table 5.1: Sample multi-turn questions in MT-bench.

Category ‘ Sample Questions
. 1st Turn Compose an engaging travel blog post about a recent trip to Hawaii, highlighting
Writing . .
cultural experiences and must-see attractions.
‘ 2nd Turn Rewrite your previous response. Start every sentence with the letter A.
Math | 1st Turn Given that f(z) = 42® — 92 — 14, find the value of f(2).
| 2nd Turn  Find z such that f(z) = 0.
1st Turn Provide insights into the correlation between economic indicators such as GDP,
Knowledge . . . . .
inflation, and unemployment rates. Explain how fiscal and monetary policies ...

‘ 2nd Turn Now, explain them again like I'm five.

5.2 MT-Bench and Chatbot Arena

Motivation

With the recent advances of LLMs, LLM-based assistants start to exhibit artificial general in-
telligence across diverse tasks, from writing and chatting to coding [26, 137, 6, 173]. However,
evaluating their broad capabilities also becomes more challenging. Despite the availability
of numerous benchmarks for language models, they primarily focus on evaluating models
on closed-ended questions with short responses. Given that these chat assistants can now
precisely follow user instructions in multi-turn dialogues and answer open-ended questions
in a zero-shot manner, current benchmarks are inadequate for assessing such capabilities.
Existing benchmarks mostly fall into the following three categories.

e Core-knowledge benchmarks, including MMLU [72], HellaSwag [222], ARC [39],
WinoGrande [159], HumanEval [29], GSM-8K [41], and AGIEval [231], evaluate the
core capabilities of pre-trained LLMs using zero-shot and few-shot benchmark sets.
They typically require LLMs to generate a short, specific answer to benchmark ques-
tions that can be automatically validated.

e Instruction-following benchmarks, such as Flan [114, 203], Self-instruct [200], Nat-
urallnstructions [122], Super-Naturallnstructions [201], expand to slightly more open-
ended questions and more diverse tasks and are used to evaluate LLMs after instruction
fine-tuning.
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e Conversational benchmarks, like CoQA [154], MMDialog [52] and OpenAssis-
tant [92], are closest to our intended use cases. However, the diversity and complexity
of their questions often fall short in challenging the capabilities of the latest chatbots.

While largely overlooked by existing LLM benchmarks, human preferences serve as a
direct measure of a chatbot’s utility in open-ended, multi-turn human-Al interactions. To
bridge this gap, we introduce two novel benchmarks expressly tailored to assess human pref-
erences. Simultaneously, these benchmarks are designed to distinguish the core capabilities
of state-of-the-art models.

MT-Bench

We create MT-bench, a benchmark consisting of 80 high-quality multi-turn questions. MT-
bench is designed to test multi-turn conversation and instruction-following ability, covering
common use cases and focusing on challenging questions to differentiate models. We identify
8 common categories of user prompts to guide its construction: writing, roleplay, extraction,
reasoning, math, coding, knowledge I (STEM), and knowledge I (humanities/social science).
For each category, we then manually designed 10 multi-turn questions. Table 5.1 lists several
sample questions.

Chatbot Arena

Our second approach is Chatbot Arena, a crowdsourcing benchmark platform featuring
anonymous battles. On this platform, users can interact with two anonymous models si-
multaneously, posing the same question to both. They vote for which model provides the
preferred response, with the identities of the models disclosed post-voting. After running
Chatbot Arena for one month, we have collected around 30K votes. Since the platform does
not use pre-defined questions, it allows gathering a wide range of unrestricted use cases and
votes in the wild, based on the diverse interests of users. A screenshot of the platform can
be found at section 5.8.

5.3 LLM as a Judge

While our initial evaluations using MT-bench and Chatbot Arena rely on human ratings,
collecting human preferences can be costly and laborious [200, 177, 139, 15, 48]. To overcome
this, we aim to develop a more scalable and automated approach. Given that most questions
in MT-bench and Chatbot Arena are open-ended without reference answers, devising a
rule-based program to assess the outputs is extremely challenging. Traditional evaluation
metrics based on the similarity between outputs and reference answers (e.g., ROUGE [107],
BLEU [141]) are also ineffective for these questions.

As LLMs continue to improve, they show potential in replacing human annotators in
many tasks [62, 77]. Specifically, we are interested in whether LL.Ms can effectively evaluate



CHAPTER 5. JUDGING LLM-AS-A-JUDGE WITH MT-BENCH AND CHATBOT
ARENA 88

the responses of chat assistants and match human preferences. Next, we discuss the use and
limitations of LLM-as-a-judge.

Types of LLM-as-a-Judge

We propose 3 LLM-as-a-judge variations. They can be implemented independently or in
combination:

e Pairwise comparison. An LLM judge is presented with a question and two answers,
and tasked to determine which one is better or declare a tie. The prompt used is given
in section 5.8 (Appendix).

e Single answer grading. Alternatively, an LLM judge is asked to directly assign a
score to a single answer. The prompt used for this scenario is in section 5.8 (Appendix).

¢ Reference-guided grading. In certain cases, it may be beneficial to provide a refer-
ence solution if applicable. An example prompt we use for grading math problems is
in section 5.8 (Appendix).

These methods have different pros and cons. For example, the pairwise comparison may
lack scalability when the number of players increases, given that the number of possible
pairs grows quadratically; single answer grading may be unable to discern subtle differences
between specific pairs, and its results may become unstable, as absolute scores are likely to
fluctuate more than relative pairwise results if the judge model changes.

Advantages of LLM-as-a-Judge

LLM-as-a-judge offers two key benefits: scalability and explainability. It reduces the need for
human involvement, enabling scalable benchmarks and fast iterations. Additionally, LLM
judges provide not only scores but also explanations, making their outputs interpretable, as
shown in Figure 5.1.

Limitations of LLM-as-a-Judge

We identify certain biases and limitations of LLM judges. However, we will also present
solutions later and show the agreement between LLM judges and humans is high despite
these limitations.

Position bias is when an LLM exhibits a propensity to favor certain positions over oth-
ers. This bias is not unique to our context and has been seen in human decision-making [21,
150] and other ML domains [91, 197].

section 5.8 (Appendix) shows an example of position bias. GPT-4 is tasked to evaluate
two responses from GPT-3.5 and Vicuna-13B to an open-ended question. When GPT-3.5’s
answer is positioned first, GPT-4 considers GPT-3.5’s answer more detailed and superior.
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Table 5.2: Position bias of different LLM judges. Consistency is the percentage of cases
where a judge gives consistent results when swapping the order of two assistants. “Biased
toward first” is the percentage of cases when a judge favors the first answer. “Error” indicates
wrong output formats. The two largest numbers in each column are in bold.

Judge Prompt Consistency Biased toward first Biased toward second FError
default  23.8% 75.0% 0.0% 1.2%
Claude-vl rename 56.2% 11.2% 28.7% 3.8%
default  46.2% 50.0% 1.2% 2.5%
GPT-3.5  rename 51.2% 38.8% 6.2% 3.8%
default  65.0% 30.0% 5.0% 0.0%
GPT-4 rename 66.2% 28.7% 5.0% 0.0%

Table 5.4: Judge failure rate on 10 math ques-
Table 5.3: Failure rate under “repetitive  tions with different prompts. We test LLaMA-
list” attack for different LLM judges on  13B vs. Vicuna-13B and swap positions. A
23 answers. failure means when GPT-4 says an incorrect
answer is correct.

Judge Claude-vl GPT-3.5 GPT-4

Failure rate  91.3% 91.3%  8.7% Default  CoT  Reference
Failure rate  14/20  6/20 3/20

However, upon switching the positions of the two responses, GPT-4’s judgement flips, favor-
ing Vicuna’s answer.

To analyze the position bias, we construct two similar answers to each first-turn question
in MT-bench by calling GPT-3.5 twice with a temperature of 0.7. We then try three LLMs
with two different prompts: “default” is our default prompt in section 5.8 (Appendix). “re-
name” renames the assistants in our default prompt to see whether the bias is on positions or
names. As in Table 5.2, we found all of them exhibit strong position bias. Most LLM judges
favor the first position. Claude-v1 also shows a name bias which makes it favors ” Assistant
A” | as illustrated by the "rename” prompt. The position bias can be very significant. Only
GPT-4 outputs consistent results in more than 60% of cases.

Note that this test is challenging because the answers are very similar and occasionally
indistinguishable even to humans. We will show that position bias is less prominent in some
cases in section 5.8. As for the origin of this bias, we suspect that it could be rooted in the
training data or inherent to the left-to-right architecture of causal transformers, but leave a
deeper study as future work.

Verbosity bias is when an LLM judge favors longer, verbose responses, even if they are
not as clear, high-quality, or accurate as shorter alternatives.

To examine this bias, we design a “repetitive list” attack with model answers from MT-
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bench. We first select 23 model answers from MT-bench that contain a numbered list. We
then make them unnecessarily verbose by asking GPT-4 to rephrase the list without adding
any new information and insert the rephrased new list to the beginning of the original list.
For example, if the original response contains 5 items, then the new response will contain 10
items but the first 5 items are rephrased from the original 5 items. An example is shown in
section 5.8 (Appendix). We define the attack is successful if an LLM judge thinks the new
response is better than the old response. Table 5.3 shows the failure rate of LLM judges
under this attack, demonstrating that all LLMs may be prone to verbosity bias though GPT-
4 defends significantly better than others. As a calibration, we find LLM judges are able to
correctly judge identical answers (i.e., they always return a tie for two identical answers) but
cannot pass the more advanced “repetitive list” attack.

Self-enhancement bias. We adopt the term “self-enhancement bias” from social cog-
nition literature [24] to describe the effect that LLM judges may favor the answers generated
by themselves.

We examine this effect statistically. Figure 5.3(b) shows the win rate (w/o tie) of six
models under different LLM judges and humans. Compared to humans, we do observe that
some judges favor certain models. For example, GPT-4 favors itself with a 10% higher win
rate; Claude-vl favors itself with a 25% higher win rate. However, they also favor other
models and GPT-3.5 does not favor itself. Due to limited data and small differences, our
study cannot determine whether the models exhibit a self-enhancement bias. Conducting a
controlled study is challenging because we cannot easily rephrase a response to fit the style
of another model without changing the quality.

Limited capability in grading math and reasoning questions. LLMs are known
to have limited math and reasoning capability [41], which results in its failure of grading such
questions because they do not know the correct answers. However, what is more intriguing
is that it also shows limitations in grading basic math problems which it is capable of
solving. For instance, in Figure 5.8 (Appendix), we present an example of an elementary
math question in which GPT-4 makes an incorrect judgment. It’s worth noting that although
GPT-4 can solve the problem (when asked separately), it was misled by the provided answers,
ultimately resulting in incorrect judgment. This pattern can also be seen in a reasoning
question example in Figure 5.8 (Appendix). Both GPT-3.5 and Claude-v1 show a similar
weakness. In section 5.3, we will introduce a reference-guided method to mitigate such issues.

Addressing limitations

We present a few methods to address position bias and the limited grading ability for math
questions.

Swapping positions. The position bias can be addressed by simple solutions. A con-
servative approach is to call a judge twice by swapping the order of two answers and only
declare a win when an answer is preferred in both orders. If the results are inconsistent after
swapping, we can call it a tie. Another more aggressive approach is to assign positions ran-
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domly, which can be effective at a large scale with the correct expectations. In the following
experiments, we use the conservative one.

Few-shot judge. We assess whether few-shot examples can improve consistency in
the position bias benchmark. We select three good judgment examples using M'T-bench-like
questions, GPT-3.5 and Vicuna for generating answers, and GPT-4 for generating judgments.
The examples cover three cases: A is better, B is better, and tie. As shown in section 5.8
(Appendix), the few-shot judge can significantly increase the consistency of GPT-4 from
65.0% to 77.5%. However, high consistency may not imply high accuracy and we are not
sure whether the few-shot examples will introduce new biases. Besides, the longer prompts
make API calls 4x more expensive. We use the zero-shot prompt by default in our following
experiments but leave an additional study in section 5.8.

Chain-of-thought and reference-guided judge. In section 5.3, we have shown LLM’s
limited capability in grading math and reasoning questions. We propose two simple methods
to mitigate this issue: chain-of-thought judge and reference-guided judge. Chain-of-thought
is a widely used technique to improve LLM’s reasoning capability [202]. We propose a similar
technique to prompt an LLM judge to begin with answering the question independently and
then start grading. Detailed prompt in section 5.8 (Appendix). However, even with the
CoT prompt, we find that in many cases LLM makes exactly the same mistake as the given
answers in its problem-solving process (See example in section 5.8 (Appendix), suggesting
that LLM judge may still be misled by the context. Hence, we propose a reference-guided
method, in which we first generate LLM judge’s answer independently, and then display it
as a reference answer in the judge prompt. In Table 5.4, we see a significant improvement
in failure rate (from 70% to 15%) over the default prompt.

Fine-tuning a judge model. We try fine-tuning a Vicuna-13B on arena data to act
as a judge and show some promising preliminary results in section 5.8.

Multi-turn judge

In MT-bench, every question involves two turns to evaluate conversational abilities. There-
fore, when comparing two assistants, it becomes necessary to present a total of two questions
and four responses, complicating the prompt design. We explore two possible designs, (1)
breaking the two turns into two prompts or (2) displaying complete conversations in a sin-
gle prompt. Our finding is the former one can cause the LLM judge struggling to locate
the assistant’s previous response precisely. We illustrate a case in section 5.8 (Appendix)
where GPT-4 makes an inaccurate judgment due to a faulty reference. This suggests the
necessity of displaying a complete conversation to enable the LLM judge to better grasp the
context. We then consider the alternative design that presents two full conversations in a
single prompt in which we ask the LLM judge to focus on the second question (section 5.8
(Appendix)). This approach has been found to significantly alleviate the aforementioned
referencing issue.
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5.4 Agreement Evaluation

We study the agreement between different LLM judges and humans on MT-bench and Chat-
bot Arena datasets. On MT-bench, we also study the agreement among humans. MT-bench
represents a small-scale study with controlled human evaluation, while Chatbot Arena rep-
resents a larger-scale study with crowdsourced human evaluation in the wild.

Setup

MT-bench. We generate answers for all 80 questions with 6 models: GPT-4, GPT-3.5,
Claude-V1, Vicuna-13B, Alpaca-13B [177], and LLaMA-13B [183]. We then use 2 kinds of
judges: LLM judges and 58 expert-level human labelers. The labelers are mostly graduate
students so they are considered experts and more skilled than average crowd workers. We
let LLM judges evaluate all pairs and let each human evaluate at least 20 random multi-turn
questions. This resulted in around 3K votes for all questions. The detailed data collection
process is in section 5.8.

Chatbot Arena. We randomly sample 3K single-turn votes from 30K arena data, which
covers models including GPT-4, GPT-3.5, Claude, Vicuna-7B/13B, Koala-13B [60], Alpaca-
13B, LLaMA-13B, and Dolly-12B. We use two kinds of judges: LLM judges and collected
crowd judges (2114 unique IPs).

Metrics. We define the agreement between two types of judges as the probability of
randomly selected individuals (but not identical) of each type agreeing on a randomly selected
question. See more explanation in section 5.8. Average win rate is the average of win rates
against all other players. These metrics can be computed with or without including tie votes.

High agreement between GPT-4 and humans

We compute agreement on MT-bench data. In Table 5.5, GPT-4 with both pairwise com-
parison and single answer grading show very high agreements with human experts. The
agreement under setup S2 (w/o tie) between GPT-4 and humans reaches 85%, which is even
higher than the agreement among humans (81%). This means GPT-4’s judgments closely
align with the majority of humans. We also show that GPT-4’s judgments may help humans
make better judgments. During our data collection, when a human’s choice deviated from
GPT-4, we presented GPT-4’s judgments to humans and ask if they are reasonable (details
in section 5.8). Despite different views, humans deemed GPT-4’s judgments reasonable in
75% of cases and are even willing to change their choices in 34% of cases.

The data from Arena shows a similar trend, as illustrated by Table 5.6. Comparing
GPT-4 and other LLM judges, we find they reach a similar non-tie agreement ratio between
humans but the number of non-tied votes from GPT-4 is much larger. This means that GPT-
4 is more affirmative and less suffered from position bias but other models also perform well
when they give an affirmative answer.
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In both tables, GPT-4 with single-answer grading matches both pairwise GPT-4 and
human preferences very well. This means GPT-4 has a relatively stable internal rubric.
Although it may sometimes perform slightly worse than pairwise comparison and give more
tie votes, it is a more scalable method.

We then perform a breakdown analysis by computing agreement on different model pairs
and categories. We only include non-tied votes. In Figure 5.2, we observe the agreement
between GPT-4 and human progressively increases in line with the performance disparity of
the model pairs (i.e., larger win rate difference), from 70% to nearly 100%. This suggests that
GPT-4 aligns with humans better when significant performance differences exist between the
models.

Table 5.5: Agreement between two types of judges on MT-bench. “G4-Pair” and “G4-
Single” denote GPT-4 with pairwise comparison and single-answer grading respectively. The
single-answer grading can be converted into pairwise comparison results for calculating the
agreement. We report two setups: “S1” includes non-tie, tie, and inconsistent (due to
position bias) votes and counts inconsistent as tie; “S2” only includes non-tie votes. The
agreement between two random judges under each setup is denoted as “R=". The top value
in each cell is the agreement, and the bottom gray value is #votes.

Setup S1 (R = 33%) S2 (R = 50%) Setup S1 (R = 33%) S2 (R = 50%)
Judge G4-Single Human G4-Single Human Judge G4-Single Human G4-Single Human
70% 66% 97% 85% 70% 66% 95% 85%
G4-Pair 1138 1343 662 859 G4-Pair 1161 1325 727 864
60% 85% 59% 84%
G4-Single - 1280 - 739 G4-Single - 1285 - 776
63% 81% 67% 82%
Human - 721 - 479 Human - 707 - 474
(a) First Turn (b) Second Turn
—*— GPT-4 Judge GPT-3.5 Judge —a#— Claude Judge  —e— Human —e— Human (first turn)
1.0 1.0 1.0 1.0
0.8 1 0.8 1 0.8 0.8
% 0.6 1 0.6 1 0.6 0.6
c
S 04 0.4 0.4+ 0.4+
0.2 1 0.2 0.2 0.2
0.0 0.0 0.0 0.0
<- D« é 3‘) '5?) 3% '5?) < 35 é\e 3% 3‘5 '5% e 6 3‘9 3% '5?) 3% < 6 3‘9 3‘6 3% 3‘6
AN Q« IR &V ot \ao IR AR LA A EAPRC A A Q« o> S S
O F e & e REERE TS REERP LTS
(a) All votes, first turn (b) Non-tied votes, first turn (c) All votes, second turn (d) Non-tied votes, second turn

Figure 5.3: Average win rate of six models under different judges on MT-bench.
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Table 5.6: Agreement between two types of judges on Lo ;
Chatbot Arena. “G4-S” denotes GPT-4 with single- N . - ot

answer grading. “G4”, “G3.5” and “C” denote GPT- 2 %9 Lo

4, GPT-3.5, and Claude with pairwise comparison, re- §0-8* . i

spectively. “H” denotes human. The remaining of ta- “ 07

ble follows the same format as Chapter 5.5. 0o o 10
Win rate difference

Setup S1 (Random = 33%) S2 (Random = 50%)
Judge G4-S G35 C H G4S G35 C H
2% 66% 66% 64% 95% 91% 95% 87%

Figure 5.2: Agreement and win rate
difference. Each point corresponds

G4 2068 3061 3062 3066 1967 1788 1712 1944 to a model pair and counts only the
0% 62%  60% 89%  91%  85% non-tie votes between the two mod-
G4-S - 2964 2964 2968 - 1593 1538 1761  els. The x-axis value is the win rate
68%  54% 96% 83%  difference between the two models.
G3.5 . - 3057 3061 - - 1497 1567 : .
The y-axis value is the GPT-4 and
53 84
C i i i 3()(;7% i i o 1;/% human agreement.
—%— GPT-4 Judge GPT-3.5 Judge —e— Human GPT-4-Single Judge
1.0 1.0
> %] \
()
© 0.6 0.6 !
S 041 0.4 \
0.2 0.2-
o
0.0 T T T T T T T T 0.0 T T T T T T T
2SR R SN L | N N N N 2 S N\ TN N LN L BN
A S L AR AR A C AR LA ¥ S 17 A 10 AT AP AP
o f R G (2 p\\ﬂ@ oM »\,3"&\ o & oo QO (@ M”Ca oo \,\,6“\P
(a) All votes (b) Non-tied votes

Figure 5.4: Average win rate of nine models under different judges on Chatbot Arena.

Table 5.7: Category-wise win rate of models.

Model Writing Roleplay Reasoning Math Coding Extraction STEM Humanities
GPT-4 61.2% 67.9% 49.3% 66.1% 56.3%  66.2% 76.6%  72.2%
GPT-3.5 50.9% 60.6% 32.6% 63.8% 55.0%  48.8% 52.8% 53.8%
Vicuna-13B  39.7% 39.2% 20.1% 18.0% 36.9%  29.2% 47.0%  47.5%
LLaMA-13B  15.1% 15.1% 7.8% 75%  2.1% 9.3% 6.8% 10.1%

Win rates under different judges

We plot the average win rate of models under different judges on MT-bench and Chatbot
Arena in Figure 5.3 and Figure 5.4, respectively. The win rate curves from LLM judges closely
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Table 5.8: Evaluation results of several model variants.

Model #Training Token MMLU (5-shot)  Truthful QA (0-shot) MT-Bench Score (GPT-4)
LLaMA-7B 1T 35.2 0.22 2.74
LLaMA-13B 1T 47.0 0.26 2.61
Alpaca-7B 4.4M 40.1 0.26 4.54
Alpaca-13B 4.4M 48.1 0.30 4.53
Vicuna-7B (selected) 4.8M 37.3 0.32 5.95
Vicuna-7B (single) 184M 44.1 0.30 6.04
Vicuna-7B (all) 370M 47.1 0.32 6.00
Vicuna-13B (all) 370M 52.1 0.35 6.39
GPT-3.5 - 70.0 - 7.94
GPT-4 - 86.4 - 8.99

match the curves from humans. On MT-bench second turn, proprietary models like Claude
and GPT-3.5 are more preferred by the humans compared to the first turn, meaning that
a multi-turn benchmark can better differentiate some advanced abilities of models. We also
list the per-category win rate of representative models in Table 5.7 to show how MT-bench
differentiates models, in which we see GPT-4 is significantly better than others. Vicuna-
13B is noticeably worse than GPT-3.5/4 in reasoning, math, and coding categories. Note
that in math/coding category, GPT-3.5 and GPT-4 have similar overall win-rate because
they both failed to answer some hard questions, but GPT-4 is still significantly better than
GPT-3 in the direct pairwise comparison or single-answer grading. Please see a performance
breakdown of MT-bench score for each category in section 5.8.

5.5 Human Preference Benchmark and Standardized
Benchmark

Human preference benchmarks such as MT-bench and Chatbot Arena serve as valuable
additions to the current standardized LLM benchmarks. They focus on different aspects of
a model and the recommended way is to comprehensively evaluate models with both kinds
of benchmarks.

We evaluate several model variants derived from LLaMA on MMLU [72], Truthful QA [109]
(MC1), and MT-bench (GPT-4 judge). The training details are in section 5.8. Since we have
shown that GPT-4 single-answer grading also performs well in section 5.4, we use GPT-4
single-answer grading for M'T-bench in favor of its scalability and simplicity. We ask GPT-4
to give a score for each turn on a scale of 10 by using our prompt templates (section 5.8,
section 5.8) and report an average score of 160 = 80 x 2 turns. Table 5.8 shows the results.
We find that fine-tuning on high-quality dialog datasets (i.e., ShareGPT) can consistently
improve the model performance on MMLU and the improvement scales with fine-tuning
data size. On the other hand, a small high-quality conversation dataset can quickly teach
the model a style preferred by GPT-4 (or approximately human) but cannot improve MMLU
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significantly, as shown by the Vicuna-7B (selected) which is trained with only 4.8M tokens or
3K conversations. In Table 5.8, no single benchmark can determine model quality, meaning
that a comprehensive evaluation is needed. Our results indicate that using LLM-as-a-judge
to approximate human preferences is highly feasible and could become a new standard in
future benchmarks. We are also hosting a regularly updated leaderboard with more models
1. Notably, DynaBench [88], a research platform dedicated to dynamic data collection and
benchmarking, aligns with our spirit. DynaBench addresses the challenges posed by static
standardized benchmarks, such as saturation and overfitting, by emphasizing dynamic data
with human-in-the-loop. Our LLM-as-a-judge approach can automate and scale platforms
of this nature.

5.6 Discussion

Limitations. This paper emphasizes helpfulness but largely neglects safety. Honesty and
harmlessness are crucial for a chat assistant as well [15]. We anticipate similar methods can
be used to evaluate these metrics by modifying the default prompt. Additionally, within
helpfulness, there are multiple dimensions like accuracy, relevance, and creativity, but they
are all combined into a single metric in this study. A more comprehensive evaluation can be
developed by analyzing and separating these dimensions. We propose preliminary solutions
to address the limitations and biases of LLM-as-a-judge in section 5.3, but we anticipate
more advanced methods can be developed.

Data collection and release. section 5.8 describes the detailed data collection and
release processes, which include the instructions we give to users, the screenshots of the data
collection interface, the information about participated users, and the content of the released
data.

Societal impacts. The societal impact of this study is multi-faceted. Our evaluation
methods can help enhance chatbot quality and user experiences. However, addressing biases
in these methods is crucial. Our dataset enables better studies of human preferences and
model behavior. Advanced chat assistants may replace certain human tasks, resulting in job
displacements and new opportunities.

Future directions. 1) Benchmarking chatbots at scale with a broader set of cate-
gories 2) Open-source LLM judge aligned with human preference 3) Enhancing open models’
math /reasoning capability.

5.7 Conclusion

In this paper, we propose LLM-as-a-judge for chatbot evaluation and systematically examine
its efficacy using human preference data from 58 experts on MT-bench, as well as thousands
of crowd-users on Chatbot Arena. Our results reveal that strong LLMs can achieve an

'https://huggingface.co/spaces/lmsys/chatbot-arena-leaderboard
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agreement rate of over 80%, on par with the level of agreement among human experts,
establishing a foundation for an LLM-based evaluation framework.

5.8 Notes on the Appendix

For further information, including prompt templates, experimental details, figures, and ad-
ditional training details, please see the appendix section of the original paper [228]. Readers
are encouraged to consult the original paper as well for a better-formatted version of the
content.
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Chapter 6

Conclusion

6.1 Review

Large deep learning models, particularly large language models (LLMs), have revolutionized
various fields due to their remarkable capabilities. However, their sheer size and complexity
introduce unique challenges in designing systems to support their entire lifecycle, encom-
passing training, serving, and evaluation.

This dissertation presents a suite of open-source systems that collectively address these
challenges and enable the scalable and efficient development of large models. Alpa (chapter 2)
automates model-parallel training by generating efficient execution plans that integrate both
inter- and intra-operator parallelism. Ansor (chapter 3) tackles the issue of performance
optimization by generating high-performance tensor programs specifically tailored for various
hardware backends. SGLang (chapter 4) offers a user-friendly programming system for
LLMs, providing a high-performance runtime and optimizations like batching, caching, and
parallelism. Finally, to address the challenge of model evaluation, the crowdsourced platform
Chatbot Arena and automated pipeline LLM-as-a-Judge (chapter 5) are introduced.

6.2 Impact

The projects introduced in this dissertation have garnered significant recognition, accumu-
lating over 2,500 citations in a short period during my Ph.D. studies. Their impact extends
beyond academia, with widespread adoption in industry as well. Alpa has been integrated
into the Google XL A compiler and the Jax deep learning framework, empowering researchers
to train novel model architectures at scale. We also collaborated with NVIDIA to leverage
Alpa’s capabilities, training a 175-billion parameter model on the Selene supercomputer.
Ansor has been integrated into Apache TVM, a leading deep learning compiler framework.
Additionally, SGLang has been deployed for practical use at Chatbot Arena, demonstrating
cost reductions in serving large language models and vision language models. Chatbot Arena
itself has been a resounding success. Operational for nearly a year, it has engaged millions of
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users through crowdsourcing, collected over 10 million conversations, and received 1 million
votes, becoming the industry standard for evaluating large language models as well as a
valuable data source for understanding human-model interaction. Notably, Chatbot Arena,
SGLang, and LLM-as-a-Judge were all developed under the LMSYS.org organization, a
multi-university open research collaboration I co-founded to advance open large models. We
also released the Vicuna model and FastChat system at LMSYS.org.

The success of these projects can be attributed to several factors: their timely and elegant
solutions, open development approach, and focus on addressing significant, relevant prob-
lems. These systems have all been released as open-source projects, fostering collaboration
and accelerating research in the field of large models. The open-source nature has fostered a
vibrant community, with over 40,000 stars on GitHub and hundreds of active contributors.

6.3 Future Directions

Programming systems for large generative models. As LLMs become central to
more complex and diverse applications, there is a pressing need to develop robust program-
ming frameworks that can manage, chain, and orchestrate multiple model calls within a
single workflow. This development involves creating programming systems that ensure the
reliability and correctness of individual model interactions, potentially through the use of
type systems and formal verification tools. Such frameworks would facilitate the construc-
tion of complex workflows, enabling seamless integration of different computational tasks
and model interactions. To support these sophisticated systems, it is crucial to develop
high-performance runtimes and compilers that can efficiently execute and optimize these
workflows. Future research will explore how to compile these workflows dynamically, adjust-
ing to the needs of different applications and ensuring optimal performance across various
computational environments.

Further scaling of training with synthetic data generation. The continuous scaling
of deep learning models necessitates an increasing volume of training data, a need that may
soon outstrip the availability of human-generated text data. To address this impending data
bottleneck, it is essential to explore methods for synthetic data generation, enabling models
to train on artificially created, yet informative datasets. Leveraging techniques from this
dissertation, such as efficient inference systems developed in SGLang, could facilitate the
high-throughput generation and filtering of high-quality training examples through complex
tree search algorithms. These algorithms would require multiple inference steps to sift and
refine data, ensuring only high-quality examples are used for training. Additionally, integrat-
ing automatic feedback mechanisms, such as those explored in the LLM-as-a-Judge system,
could provide a continuous loop of performance evaluation and improvement, enhancing the
overall quality of the synthetic data generated.
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Evaluation platform for human-AI collaboration. Current evaluation methods for
LLMs need to evolve to keep pace with the models’ growing capabilities and the complex
scenarios in which they are deployed. Future research will aim to expand evaluation platforms
like Chatbot Arena to create more immersive and interactive environments that can better
simulate real-world applications. This might include gamifying the evaluation process to
encourage more engagement from participants and to collect more nuanced data from multi-
turn interactions. Further development of human-Al collaboration tools can provide deeper
insights into how humans and AI can work together more effectively, exploring new forms of
interaction that leverage the unique strengths of both. Such platforms would not only serve
as benchmarks for model performance but also as incubators for new forms of Al-assisted
human communication and decision-making.
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