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Abstract

Large language models have demonstrated strong capabilities across a wide range of language

tasks, yet their downstream performance depends not only on what is acquired during pretraining,

but also on how that capability is elicited, adapted, and evaluated at post-training and inference

time. This dissertation studies that problem through the lens of data-model synergy : the hypothesis

that LLMs internalize useful inductive biases during large-scale pretraining, and that these biases can

be identified, quantified, and leveraged to improve downstream performance. Across four chapters,

this dissertation develops data-driven methods for improving the utility, generalization, robustness,

and reliability of LLMs by analyzing and, where useful, reshaping the relationship between training

data, model internals, and prediction behavior.

The first contribution addresses utility through LayerIF, a framework for estimating task-specific

layer quality using layer-localized influence analysis. Rather than relying solely on model-centric

signals such as parameter or activation statistics, LayerIF uses sensitivity to training data as

a signal of how well individual Transformer layers are specialized for a downstream task. This

perspective shows that layer quality is often task dependent and provides a principled basis for

guiding post-training decisions at the level of individual layers.

The second contribution addresses generalization through Indirect In-Context Learning

(Indirect ICL), a framework for demonstration selection when candidate examples are noisy,

heterogeneous, or only indirectly related to the target task. In contrast to standard in-context

learning assumptions, this work studies inference-time adaptation under imperfect supervision and

argues that semantic similarity alone is often insufficient for selecting useful demonstrations. By

using influence functions to identify examples whose inductive bias is better aligned with the target

task, Indirect ICL shows how demonstration selection can be made more effective in challenging

settings such as task mismatch and label corruption.

The third contribution addresses robustness in LLM summarization through two complementary

studies. The first characterizes position bias in zero-shot abstractive summarization by analyzing

whether models rely on the same regions of a source document as human-written summaries. The

second studies relevance paraphrasing robustness, examining whether summaries remain stable

when source sentences most central to the gold summary are paraphrased without changing their
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meaning. Together, these studies show that strong aggregate performance does not necessarily imply

reliable source grounding, and they provide more direct ways of evaluating robustness than standard

summary-quality metrics alone.

The fourth contribution addresses reliability in agentic tool use through Forte, a framework

that trains multi-step tool planners to avoid structural failure modes by construction. In contrast

to the analytic methods of the earlier chapters, Forte synthesizes its own supervision: a nine-

error taxonomy of how tool plans fail is used to generate contrastive negative plans, which train

a structural judge that in turn supplies a dense reward for reinforcement-learning fine-tuning and

serves as a verifier for Best-of-N inference. Across two multi-step tool-planning benchmarks, this

failure-mode-aware training produces planners that match or exceed substantially larger closed-source

models on structural reliability, using only modest open-source backbones.

Taken together, the work in this dissertation advances a view of LLM post-training as a data-

driven science. By relating training data to internal model structure and downstream behavior, it

demonstrates how post-training can be made more principled and how LLM systems can be improved

along four critical dimensions: utility, generalization, robustness, and reliability.
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CHAPTER 1

Introduction

1.1. The Rise of Large Language Models and the Post-Training Challenge

Over the past few years, large language models (LLMs) have emerged as a revolutionary

technology in artificial intelligence, demonstrating remarkable capabilities across a broad range of

natural language understanding and generation tasks such as question answering [1, 2], natural

language inference [3], reasoning [4, 5], and code generation [6]. Trained on vast corpora of text

spanning books, code, scientific literature, and web data, these models acquire rich representations of

language, world knowledge, and reasoning patterns during pretraining [7, 8, 9]. The scale and diversity

of this pretraining data endow LLMs with an extraordinary breadth of internalized knowledge, which,

in principle, could support strong performance across many downstream applications.

Although large language models are trained on broad and diverse corpora, their downstream

performance remains highly task dependent [10]. Scaling has enabled models to exhibit increasingly

strong capabilities across a wide range of tasks, including forms of reasoning that are weak or absent

in smaller models [11]. However, realized performance depends not only on what is acquired during

pretraining, but also on how that capability is elicited, adapted, and evaluated at post-training and

inference time. Indeed, prompting and decoding strategies such as chain-of-thought prompting and

self-consistency can substantially change model performance by eliciting latent reasoning behaviors

more effectively [12, 13].

These observations suggest that pretrained capability alone is not a sufficient explanation for

downstream behavior. Instead, the performance of LLMs depends critically on how pretrained

knowledge is activated, aligned, and operationalized for specific tasks and deployment settings. This

motivates a central question for this dissertation: can we systematically leverage the inductive biases

that LLMs internalize during large-scale pretraining in order to improve post-training performance?
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This question gives rise to several more specific challenges. First, if different parts of a model

contribute unevenly to downstream behavior, can we identify which internal components are already

well specialized and which remain more sensitive to task-specific adaptation? Second, when labeled

demonstrations are limited, noisy, or only indirectly related to a target task, how should examples be

selected so that they best elicit the model’s useful latent behavior? Third, when an LLM produces

fluent outputs, how can we determine whether those outputs are robust and fairly grounded in the

relevant input evidence rather than artifacts of positional or stylistic bias? Fourth, when an LLM

acts as an agent and produces a multi-step plan over external tools, how can we train it to avoid the

structural mistakes that silently break such plans?

Taken together, these challenges point to a common scientific theme: the relationship between

training data, internal model structure, and downstream behavior. This dissertation argues that

post-training can be made more principled by studying that relationship directly, rather than treating

the model as a black box and the training data as a static resource.

1.2. Data-Model Synergy as a Unifying Principle

This dissertation is organized around the hypothesis that large language models internalize useful

inductive biases during large-scale pretraining, and that these biases can be identified, quantified,

and leveraged to improve downstream performance. We refer to this perspective as data-model

synergy: the systematic use of data-driven analysis to understand how training data interacts with

model internals and how that interaction can be used to improve adaptation and evaluation.

A primary technical instrument for this perspective is the influence function (IF) [14, 15], a

classical statistical tool that has been adapted in machine learning to estimate the effect of individual

training examples on model predictions [16]. Influence functions provide a principled mechanism for

relating model behavior back to the data that shaped it. IFs have been utilized with great success

in a number of application scenarios (e.g. classification [17, 16], generative models [18, 19, 20] and

active learning [21, 22]). In this dissertation, influence functions are the primary instrument of

the first two contributions, where they bridge training data and model internals at the level of

layers (Chapter 2) and demonstrations (Chapter 3). The data-model synergy perspective is not

tied to a single instrument, however. The robustness study of Chapter 4 uses distributional and
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perturbation-based diagnostics to ask how models use source evidence, and the reliability study of

Chapter 5 uses contrastive data synthesis, grounded in a taxonomy of failure modes, to train better

behavior directly. What unifies the chapters is not the tool but the move they share: to treat the

relationship between training data, model internals, and downstream behavior as something that

can be measured and acted upon.

The chapters that follow apply this perspective to four distinct post-training challenges. The

first concerns utility: how to improve downstream accuracy and effectiveness by identifying which

layers of a model are better or worse prepared for a task. The second concerns generalization: how

to better elicit useful model behavior in low-resource or imperfect-supervision settings by selecting

demonstrations that align with the model’s latent inductive biases. The third concerns robustness:

how to diagnose whether model outputs are stably and fairly grounded in the input evidence rather

than driven by incidental biases in phrasing or position. The fourth concerns reliability: how to

train agentic tool planners that avoid the structural failure modes that derail multi-step plans, by

synthesizing contrastive training data from a taxonomy of those failures.

1.3. Chapter II, Utility: Data-Driven Layer Quality Estimation

The first chapter of this dissertation concerns the utility of large language models: their ability to

achieve strong downstream performance after adaptation. A central challenge in this setting is that

the layers of a pretrained transformer are not uniform in their degree of specialization or contribution

to downstream behavior [23, 24, 25]. Some layers appear to encode relatively stable and transferable

representations, whereas others remain more sensitive to task-specific data and adaptation. This

heterogeneity matters in practice because many post-training decisions, such as where to allocate

adaptation capacity or where to prune parameters, implicitly treat the model’s layers as if they

were equally well suited to the target task, even though different layers may play substantially

different roles across tasks. Existing approaches to characterizing layer quality are predominantly

model-centric [26, 27]. They typically rely on properties such as parameter magnitudes, gradient

statistics, or activation patterns to infer which layers are more important or more redundant. While

these signals can be informative, they largely omit a key source of evidence: the training data that

shaped the model’s behavior. From the perspective of this dissertation, that omission is important.
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A layer should not be regarded as high quality solely because it exhibits a desirable internal statistic;

it should also be evaluated in terms of how stably and effectively it mediates the relationship between

training data and downstream performance.

To address this gap, the first contribution of this dissertation is LayerIF, a framework for

estimating layer quality in LLMs through layer-localized influence analysis. The central idea is to

use sensitivity to training data as a signal of how mature and task-ready a layer is. Layers that

behave stably with respect to relevant training examples can be viewed as better specialized for a

downstream task, whereas layers that remain highly sensitive may require additional adaptation or

different treatment during post-training.

An important finding of this work is that layer quality is not a fixed property of a model, but

often a task-specific one. The same pretrained LLM can exhibit different layer-wise profiles depending

on the downstream dataset and objective. This observation challenges the assumption that a single

global ranking of layer importance is sufficient for guiding adaptation. Instead, it suggests that

post-training decisions should take into account how the model’s internal structure interacts with

the task at hand.

This perspective proves useful in two practical settings. The first is expert allocation in

LoRA-based mixture-of-experts (LoRA-MoE) fine-tuning, where the question is how to distribute

LoRA-MoE adapters across layers. The second is structured pruning, where the question is how to

remove parameters without disproportionately degrading downstream performance. In both cases,

LayerIF provides a data-driven signal for deciding where capacity should be added, preserved, or

reduced. More broadly, this chapter argues that decisions about how to allocate adaptation resources

should be guided not only by model-internal heuristics, but also by the interaction between training

data and model components.

1.4. Chapter III, Generalization: Influence-Guided Demonstration Selection

The second chapter of this dissertation concerns generalization: the ability of a large language

model to adapt effectively at inference time even when task-specific, high-quality demonstrations

are limited, noisy, or altogether unavailable. A central mechanism for such adaptation is in-context

learning (ICL), in which an LLM is conditioned on a small set of input-output exemplars placed in
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the prompt and then asked to solve a new test instance without gradient-based parameter updates

[28]. In its standard formulation, ICL has shown strong performance across a range of reasoning,

classification, and generation tasks. However, much of the ICL literature assumes a favorable setting

in which candidate demonstrations are drawn from the same task distribution as the test query and

are accurately labeled [29, 28]. More recent work has begun to examine in-context learning under

noisy or distribution-mismatched demonstrations, reflecting the fact that these idealized assumptions

often fail in practice [30, 31, 32].

In many practical settings, however, adaptation must proceed from a sub-optimal pool of candidate

demonstrations. Available examples may come from heterogeneous tasks whose relationship to the

target task is unclear; they may be only indirectly relevant due to distribution shift; or they may

contain annotation errors introduced by human labeling, weak supervision pipelines, or other language

models. This dissertation treats such settings not as exceptional cases, but as an important and

realistic formulation of inference-time adaptation under indirect supervision. To capture this broader

regime, the second contribution of this dissertation introduces Indirect In-Context Learning

(Indirect ICL), a generalized demonstration-selection framework in which the candidate pool is not

assumed to be task-aligned or label-clean. Rather than relying solely on semantic similarity between

candidate demonstrations and the test query, Indirect ICL uses influence functions to estimate which

examples are most likely to support correct target-task behavior, thereby selecting demonstrations

whose inductive bias is better aligned with the model’s needs even under task mismatch or label

corruption.

This framework is studied in two concrete and practically important settings. The first is the

Mixture-of-Tasks setting, in which the demonstration pool contains examples from many unrelated

tasks, only a small fraction of which may bear meaningful relationship to the target task. The

second is the Noisy ICL setting, in which the candidate pool comes from the correct task distribution

but contains corrupted labels or otherwise unreliable supervision. These settings represent two

distinct barriers to generalization: task mismatch and supervision corruption. Indirect ICL provides

a framework for addressing both.

The central claim of this chapter is that semantic similarity alone is often insufficient in such

indirect settings. A semantically similar example may still be misleading if it is mislabeled or if it
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encourages the wrong latent task structure, while an example from a different task may still be useful

if it induces the right kind of reasoning pattern. Indirect ICL therefore reframes demonstration

selection as a problem of inductive bias alignment : which candidate examples best align the model’s

internal behavior with the demands of the target task?

More broadly, this chapter extends the data-model synergy perspective from parameter-space

adaptation to inference-time adaptation. It argues that generalization in LLMs can be improved not

only by updating model parameters, but also by more intelligently choosing the evidence presented

to the model at test time. In this sense, prompt construction becomes another site where the

relationship between data and model internals can be exploited in a principled way.

1.5. Chapter IV, Robustness: Characterizing Failure Modes in LLM Summarization

The third chapter concerns the robustness of LLMs and, more specifically, whether their outputs

remain reliably grounded in source evidence under benign variation in the input. Even models that

achieve strong aggregate performance can exhibit systematic biases or reliability failures that are not

revealed by summary metrics alone [33, 34]. In generative tasks such as abstractive summarization,

models may achieve competitive overlap-based scores while still producing outputs that are unfaithful

to the source document or otherwise insufficiently grounded in the input evidence [35]. This chapter

therefore argues that robustness in summarization should be studied directly, rather than inferred

indirectly from aggregate summary quality alone.

We investigate these issues in the context of zero-shot abstractive summarization, a setting that

is well suited for robustness analysis because the model must compress long, information-dense

documents without task-specific fine-tuning. In this regime, summary quality depends not only on

whether relevant information is represented in the model, but also on whether the model can identify

and preserve that information reliably under benign variation in the input. This chapter studies two

complementary failure modes. The first is position bias: the tendency of a summarization model to

rely disproportionately on content from particular regions of a source document, regardless of whether

those regions are the ones humans rely on when writing summaries. The second is paraphrasing

sensitivity: the tendency of a model to produce meaningfully different summaries when salient

source sentences are rewritten in a semantically equivalent manner. Together, these failure modes
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capture two related threats to robust summarization: where the model draws information from in

the source document, and how stably it behaves when the wording of that information changes.

The first study in this chapter revisits zero-shot abstractive summarization through the lens of

position bias. Prior work in summarization has often focused on lead bias, that is, the tendency to

overuse the opening portion of a document, especially in news summarization where early sentences

often contain salient information [36, 37]. However, lead bias is only one instance of a broader

problem. A model may also exhibit undue reliance on the middle or tail of a document, and whether

such reliance is problematic depends on the behavior of the human-written summaries themselves.

This dissertation therefore treats position bias as a mismatch between the regions of the source

document emphasized by the model and those emphasized by gold summaries. Under this view, the

question is not simply whether a model prefers the beginning of a document, but whether its source

allocation is aligned with how humans identify salient content.

The second study examines a complementary robustness failure: whether LLM summaries

remain stable when the most important source sentences are paraphrased without changing their

meaning. Whereas the position bias study asks whether models rely on the right positions in

the source document, this study asks whether they preserve the right content under minimal

semantics-preserving perturbations. To investigate this question, the dissertation introduces a

relevance-paraphrasing framework that selectively paraphrases source sentences most central to the

gold summary and then measures how much model behavior changes. If a summarizer is robust, its

outputs should remain largely consistent under such benign reformulations.

Together, these two studies provide a unified view of summarization robustness. The position

bias study diagnoses whether a model draws on the appropriate positions of a document relative to

human summaries. The relevance-paraphrasing study diagnoses whether the model preserves its

content-selection behavior under ordinary linguistic variation. The former is a structural diagnostic

of source allocation; the latter is a behavioral diagnostic of selection stability. Both expose aspects

of model behavior that are not captured by standard summary-quality metrics alone, and both

reinforce the broader point that average task performance is an incomplete proxy for reliability [35].

More broadly, this chapter extends the data-model synergy perspective into the evaluation of

deployed LLM systems. In the earlier chapters, data-model interactions are used constructively
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to improve utility and generalization. Here, they are used diagnostically to identify where model

behavior remains brittle. In both studies, the central question is not merely whether the model

produces a plausible output, but whether that output is grounded in source evidence in a stable,

human-aligned, and semantically consistent manner.

1.6. Chapter V, Reliability: Training Robust Tool Planners

The fourth chapter concerns the reliability of large language models when they act as agents

rather than predictors. In a growing range of deployments, an LLM is asked not to produce a

single answer but to accomplish a goal by orchestrating external tools: search engines, calculators,

databases, and application programming interfaces. To do so, it must decompose a request into

sub-goals, select an appropriate tool for each, bind the arguments of every call with valid types,

route the output of one call into the input of the next, and order the whole procedure so that every

dependency is satisfied before it is used. The artifact it produces is therefore not an answer but a tool

plan: a structured, multi-step program over an external toolset. In this regime, the property that

determines whether the system is usable is not the fluency of any individual step but the structural

correctness of the plan as a whole.

This raises a failure mode that the earlier chapters do not encounter. In multi-step tool planning

no constraint is independent: a single local mistake, such as a near-miss tool choice, a mis-typed

argument, or a reference threaded to the wrong step, propagates silently through dependent steps

and breaks the entire trajectory. Such plans are locally well-formed yet globally broken, and the

resulting brittleness persists even in frontier models. The dominant responses in the literature either

search harder at inference time or impose dependency structure as an external scaffold, but neither

changes the planner’s underlying tendency to make these errors.

To address this challenge, the fourth contribution of this dissertation is FORTE, a framework

for improving the structural reliability of multi-step tool planners without relying on tool execution.

FORTE begins with a systematic characterization of plan failures, organizing nine concrete failure

modes into argument-level, dependency-level, and plan-structure categories. This taxonomy is then

operationalized as supervision: for each correct plan, FORTE synthesizes minimally edited negative

plans corresponding to specific failure modes, yielding contrastive examples that isolate distinct
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sources of structural error. These contrastive pairs are used to train a lightweight judge that estimates

the structural correctness of a candidate plan. The judge is then used in two complementary ways:

as a dense reward model for reinforcement-learning fine-tuning of the planner, and as a verifier for

selecting among diverse candidate plans during Best-of-N inference.

This chapter completes the dissertation’s arc by moving from behavioral diagnosis to intervention.

The robustness chapter characterizes failure modes to identify and analyze unreliable behavior;

FORTE characterizes failure modes to construct targeted supervision that reduces the likelihood of

such behavior during planning. Similarly, whereas the utility and generalization chapters use influence

functions to study how existing data shapes model behavior, FORTE constructs new training data,

grounded in an explicit structural account of planning failures, to guide model behavior toward more

reliable plan generation. The methodological instrument is different, but the underlying principle is

consistent across the dissertation: downstream behavior improves when the relationship between

data and model behavior is explicitly measured, modeled, and engineered rather than left implicit.

Empirically, FORTE shows that targeted exposure to structurally defined failure modes can produce

tool planners with reliability comparable to, or exceeding, substantially larger models.

1.7. Contributions and Dissertation Outline

This dissertation makes the following primary contributions, united by the data-model synergy

perspective:

(1) LayerIF (Chapter 2): A data-driven framework for estimating task-specific layer quality

in LLMs through layer-localized influence-function analysis. This framework provides a

principled basis for guiding post-training decisions at the level of individual Transformer

blocks.

(2) Indirect ICL (Chapter 3): A generalized framework for demonstration selection in

in-context learning when candidate examples are task-mismatched, heterogeneous, or label-

corrupted. This framework shows how influence-guided selection can improve inference-time

adaptation under imperfect supervision.

(3) Position Bias Characterization (Chapter 4): A framework for analyzing positional

bias in zero-shot abstractive summarization by comparing the source regions emphasized
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by model-generated and human-written summaries. This analysis provides a more direct

account of source allocation behavior than standard summary-quality metrics alone.

(4) Relevance Paraphrasing Robustness (Chapter 4): A model-agnostic evaluation frame-

work for abstractive summarization that perturbs only the source sentences most relevant

to the gold summary through semantics-preserving paraphrasing. This framework reveals

the extent to which summary generation remains stable under minimal changes to salient

source content.

(5) Forte (Chapter 5): A framework that trains multi-step tool planners to reduce structural

failure modes through failure-aware supervision and verification. A nine-error taxonomy of

tool-plan failures is used to synthesize contrastive training data; a lightweight judge trained

on that data supplies a dense reward for reinforcement-learning fine-tuning; and the same

judge serves as a verifier for Best-of-N inference. This contribution extends the data-model

synergy perspective from analyzing and diagnosing model behavior to constructing targeted

training data that systematically reduces unreliable planning behavior.

The remainder of the dissertation is organized as follows. Chapter 2 presents the LayerIF

framework and its role in data-driven layer quality estimation. Chapter 3 introduces the Indirect ICL

framework for demonstration selection under imperfect supervision. Chapter 4 examines robustness in

LLM summarization through the complementary lenses of position bias and paraphrasing sensitivity.

Chapter 5 turns from diagnosing failure modes to training them out, presenting the FORTE framework

for reliable multi-step tool planning. Chapter 6 discusses broader implications and future directions,

and concludes the dissertation.

Taken together, the work presented in this dissertation advances a view of LLM post-training

as a data-driven methodology for post-training in which the relationship between training data

and model behavior can be systematically analyzed and used to improve utility, generalization,

robustness, and reliability in downstream deployment.
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CHAPTER 2

Utility: Data-Driven Layer Quality Estimation

2.1. Introduction

Large language models achieve strong performance across a broad range of downstream tasks,

yet their internal structure is far from uniform. Prior work has shown that different layers within a

pretrained transformer can vary substantially in their degree of specialization, transferability, and

contribution to downstream behavior [23, 38, 39, 24]. This heterogeneity matters in practice because

many post-training decisions, including where to allocate adaptation capacity and where to prune

parameters, implicitly treat the model’s layers as if they were equally well suited to a target task. In

reality, however, different layers often play markedly different roles across tasks, suggesting the need

for more principled methods for estimating layer quality [23, 24, 25].

Existing approaches to characterizing layer quality are predominantly model-centric. They

typically rely on properties of learned weights, activations, or gradient-derived statistics to infer

which layers are more important or more redundant [26, 27, 40, 41, 42, 43]. While such signals can

be informative, they largely omit a central source of evidence: the training data that shaped the

model’s behavior. From the perspective of this dissertation, that omission is consequential. A layer

should not be evaluated solely in terms of its internal statistics, but also in terms of how it mediates

the relationship between training data and downstream performance.

This chapter introduces LayerIF, a data-driven framework for estimating task-specific layer

quality through layer-localized influence analysis. Influence Functions (IFs) provide a natural

mechanism for this purpose because they quantify how perturbations to individual training examples

affect model behavior, thereby offering a more explicitly data-centric perspective than model-only

diagnostics [14, 15, 16, 18, 20, 44]. Building on this perspective, LayerIF uses a layer’s sensitivity

to training data as a signal of how well it is specialized for a downstream objective. Layers whose

behavior is relatively stable with respect to task-relevant training examples can be interpreted as

11



better prepared for the target task, whereas layers that remain highly sensitive may require additional

adaptation or may be better candidates for more aggressive compression.

A central finding of this chapter is that layer quality is often task-specific rather than fixed.

The same pretrained LLM can exhibit different layer-wise profiles depending on the dataset and

downstream objective, challenging the assumption that a single global ranking of layer importance

is sufficient for post-training. To demonstrate the practical utility of this perspective, the chapter

studies two settings in which accurate layer-quality estimation is especially valuable. The first is

expert allocation in LoRA-based mixture-of-experts fine-tuning, where prior work has questioned

uniform expert allocation and explored heuristic or model-driven alternatives [45, 46, 47, 48, 49].

The second is layer-wise sparsity allocation for model pruning, where recent methods have moved

beyond uniform sparsity but still rely primarily on weight statistics, activations, or spectral heuristics

[50, 51, 26, 27]. Across both settings, LayerIF provides a principled signal for deciding where capacity

should be added, preserved, or reduced.

More broadly, this chapter advances the dissertation’s central argument that post-training should

be guided not only by model-internal heuristics, but also by the interaction between training data

and model components. By localizing influence analysis to individual Transformer blocks, LayerIF

provides one concrete framework for making that interaction measurable and actionable.

2.2. Related Work

Layer Quality Estimation. A substantial body of prior work has examined the representational

differences that emerge across layers in deep neural networks and pretrained language models

[52, 53, 54]. Probing methods have been widely used to analyze the semantics and functional role

of intermediate representations [55, 56], revealing that different layers often capture distinct forms

of linguistic and task-relevant information. Other work has attempted to quantify layer quality

more directly. For example, [57] apply random matrix theory to the weight matrices of deep neural

networks and show that heavy-tailed empirical spectral properties can serve as indicators of layer

quality. More recently, Shapley-value-based approaches have been used to estimate the contribution

of different layers to overall model capability [58, 59], while representation-based studies suggest

that middle layers often provide especially useful features for downstream tasks [60]. Together, these
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works show that layers are not equally informative or equally well specialized. However, most existing

approaches remain primarily model-centric, relying on properties of weights or representations rather

than explicitly accounting for the training data that shaped those layers.

Model Pruning and Layer-Wise Sparsity Allocation. Pruning has long been studied as a means

of reducing model size by removing redundant or non-essential parameters [61, 62]. More recent

work has extended these ideas to large language models, where the question is not only which

parameters to remove, but also how sparsity should be distributed across layers. Several approaches

use representation similarity or layer-wise redundancy as a signal for pruning, finding that some layers,

particularly deeper ones, can be removed with relatively limited performance degradation [63, 64].

Other approaches rely on gradients, curvature, weights, or activations to identify removable structure,

as in LLM-Pruner [65], SparseGPT [50], and Wanda-style pruning methods [51]. Layer-wise sparsity

allocation has also been explored in earlier pruning work [66] and in related compression settings such

as quantization [67]. Among recent adaptive approaches, AlphaPruning uses heavy-tailed spectral

statistics to derive layer-specific sparsity ratios [27], while OWL allocates non-uniform sparsity based

on the prevalence of outlier activations [26]. These methods move beyond uniform sparsity, but

they remain fundamentally model-driven. In contrast, our work investigates whether training-data

influence can provide a complementary basis for layer-wise sparsity allocation.

Expert Allocation in LoRA-MoE Architectures. Combining LoRA-based fine-tuning [68] with

Mixture-of-Experts (MoE) modeling [69] has emerged as a promising strategy for increasing adap-

tation capacity while maintaining parameter efficiency. A growing body of work has proposed

LoRA-MoE variants in which multiple low-rank experts are trained with routing mechanisms, often

allocating the same number of experts to every Transformer block [70, 71, 72, 73, 74]. More recent

studies question this uniform design and suggest that expert demand may vary across depth. For

example, some approaches allocate experts using group-based heuristics [48], while others rely on

heavy-tailed self-regularization signals to adapt expert counts across layers [49]. Related work has

also studied how LoRA modules can be composed more effectively across tasks [75]. These studies

collectively suggest that expert allocation should be layer-aware, but existing approaches largely rely

on heuristics or model-only statistics. Our work instead explores whether a data-driven measure of

layer quality can provide a more principled signal for expert allocation.
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Influence Functions. Influence Functions (IFs) provide a classical framework for estimating the

effect of individual training points on model behavior [15, 76, 77, 78, 79]. In modern machine

learning, IFs are commonly approximated through gradient and curvature-based methods rather than

explicit leave-one-out retraining [16, 80, 81, 21, 82]. These methods have been applied to problems

such as mislabeled data detection, subset selection, model interpretation, data attribution, and bias

analysis. However, classical formulations are often difficult to apply directly to large language models

because of their computational cost and underlying assumptions [83, 84]. More recent work has

therefore proposed LLM-scalable approximations, including DataInf [18], Arnoldi-based methods

[19], alternative Hessian formulations [20, 85], self-influence methods [86, 87], ensemble approaches

[44, 88], and more efficient Hessian-free approximations [84, 89, 90, 91]. Our work builds on this line

of research, but differs in its objective: rather than using IFs to analyze the influence of training

examples alone, we use them to estimate the quality of individual layers. Importantly, the proposed

LayerIF framework is agnostic to the particular IF estimator used, allowing future advances in

influence estimation to be directly incorporated into our approach.

Taken together, prior work suggests that layer quality matters for both interpretation and

post-training optimization, but existing diagnostics remain largely model-centric. At the same

time, influence-function methods provide a principled way to connect model behavior to training

data, yet have not been systematically formulated for layer-wise quality estimation in LLMs. This

chapter addresses that gap by introducing LayerIF, a data-driven framework that uses layer-localized

influence analysis to estimate task-specific layer quality and apply those estimates to expert allocation

and pruning.

2.3. The LayerIF Framework

This section presents the proposed LayerIF framework for estimating layer quality in large

language models using layer-localized influence analysis. We first review the influence function

machinery that underlies the method, and then show how it can be adapted from training-sample

attribution to layer-wise quality estimation. We subsequently describe how the resulting scores are

used in two downstream settings: expert allocation in LoRA-MoE fine-tuning and layer-wise sparsity

allocation for pruning.
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Figure 2.1. Overview of the LayerIF framework. LayerIF computes task-specific
layer-quality estimates by localizing influence-function analysis to individual Trans-
former blocks. These scores are then mapped to downstream post-training decisions
such as expert allocation in LoRA-MoE fine-tuning and layer-wise sparsity allocation
for pruning.

Figure 2.1 provides an overview of the framework. At a high level, LayerIF takes as input a

pretrained LLM together with a training set and validation set for a target task. It then computes

layer-restricted influence scores that quantify how strongly the model’s validation behavior depends

on the training data through each Transformer block. These scores serve as task-specific estimates of

layer quality and can be mapped to different post-training decisions, such as how many LoRA-MoE

experts to allocate to each layer or how aggressively each layer should be pruned.

2.3.1. Preliminaries on Influence Functions. Let the training dataset be Dtrain = {zi}ni=1

and the validation dataset be DV = {zVj }mj=1. Let fθ denote a pretrained large language model with

parameters θ, and let ℓ(z, θ) denote the task loss for example z.

Influence Functions (IFs) provide a classical way to estimate how the model would change

if a particular training example were infinitesimally upweighted in the empirical risk objective

[14, 15, 92]. Following the modern formulation of [16], the influence of a training point zi on the
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learned parameters can be written as

Iθ∗(zi) = −H(θ∗)−1∇θℓ(zi, θ),

where H(θ∗) denotes the Hessian of the training objective at the learned parameters.

The quantity most relevant for our purposes is not the change in parameters alone, but the effect

of a training point on validation behavior. This yields the standard influence of a training example

on the validation loss:

I(zi) = −
m∑
j=1

∇θℓ(z
V
j , θ)

⊤H(θ)−1∇θℓ(zi, θ).

Intuitively, this score measures whether a given training example is beneficial or detrimental for

the target validation set. A training point with more beneficial influence contributes more strongly

to reducing validation loss, whereas a detrimental point pushes the model in the opposite direction.

In prior work, influence functions have primarily been used to study training examples. In this

chapter, we adapt them to study layers.

2.3.2. Layer-Localized Influence Analysis. In this dissertation, the term layer refers to a

Transformer block, including its attention and feed-forward submodules. The core idea of LayerIF

is to localize influence computation to a single Transformer block and use the resulting signal to

estimate how strongly that block mediates the relationship between training data and downstream

performance.

Let θ(l) denote the parameters associated with layer l. We define the layer-specific influence of a

training example zi by restricting both gradients and the curvature approximation to that layer:

I(l)(zi) = −
m∑
j=1

∇θ(l)ℓ(z
V
j , θ)

⊤
(
H(l)(θ)

)−1
∇θ(l)ℓ(zi, θ),

where H(l)(θ) denotes the Hessian approximation restricted to layer l.

This localized score isolates the extent to which training example zi affects validation performance

through layer l. By computing this quantity separately for each layer while holding the task and

data fixed, LayerIF produces a layer-wise view of training-data sensitivity.
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2.3.3. From Layer-Wise Influence to Layer Quality Scores. Layer-specific influence scores

are still defined at the level of individual training examples. To obtain a single scalar quality score

per layer, LayerIF aggregates these example-level scores across the training set.

For each layer l, we compute

S(l) =

n∑
i=1

I[I(l)(zi) > 0] · I(l)(zi),

where I[·] is the indicator function. In other words, we sum only the positively influential training

examples after sign normalization, so that larger positive values correspond to greater sensitivity of

the validation loss to the training data through layer l.

This produces a vector

S =
(
S(1), S(2), . . . , S(L)

)
,

where L is the number of Transformer blocks. Each component summarizes the cumulative positive

influence of the training data on validation behavior through a specific layer.

2.3.4. Interpretation of LayerIF Scores. The interpretation of these scores is central to

the method. LayerIF is based on the hypothesis that well-trained or well-specialized layers should

exhibit relatively low sensitivity to individual training examples on a target task. If a layer has

already learned stable and transferable structure relevant to the validation objective, then small

perturbations to the weights of specific training examples should have limited effect on validation

loss through that layer. By contrast, if a layer remains highly sensitive to training examples, this

suggests that its contribution is less stable and potentially less mature for the task.

Under this interpretation, lower aggregate positive influence corresponds to higher layer quality,

while higher aggregate positive influence indicates a layer that may benefit from additional adaptation

or may be less costly to modify. Importantly, these scores are task-specific: the same pretrained

model can produce different layer-wise profiles depending on the dataset and downstream objective.

LayerIF therefore does not assume that layer quality is a fixed property of a model in isolation;

rather, it treats layer quality as a property of the interaction between model, task, and data.
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2.4. Application I: Expert Allocation in LoRA-MoE Fine-Tuning

2.4.1. Motivation. A natural application of layer-quality estimation is expert allocation in

LoRA-based mixture-of-experts (LoRA-MoE) fine-tuning. Existing LoRA-MoE methods often

allocate the same number of experts to every Transformer block. However, if layers differ in how

well they are already specialized for a task, then a uniform allocation may be suboptimal. Layers

that are less mature for the target task may benefit from additional adaptation capacity, whereas

layers that are already well specialized may require fewer experts.

2.4.2. Mapping LayerIF Scores to Expert Budgets. To allocate a fixed total budget of

experts across layers, we first compute a scalar LayerIF score for each layer. These raw scores are

then transformed into an allocation vector that assigns more experts to layers with lower estimated

quality. Following the paper’s implementation, the scores are inverted and passed through a power

transformation controlled by a hyperparameter β, which determines how sharply expert allocations

vary across layers. The transformed scores are then normalized so that the total number of experts

matches a predefined budget, while ensuring that each layer receives at least one expert.

This mapping produces a non-uniform expert allocation tailored to the layer-wise profile of the

model on the target task. In this way, LayerIF translates data-driven estimates of layer quality into

a concrete resource-allocation policy.

2.4.3. LoRA-MoE Setup and Baselines. Once the expert allocation vector is determined,

each targeted module in a Transformer block is augmented with the corresponding number of LoRA

experts. Following prior LoRA-MoE implementations, each expert is parameterized by a pair of

low-rank trainable matrices, and a routing network selects a subset of experts for each input using

top-K routing. Load-balancing losses are used to prevent expert collapse and promote more even

utilization.

In the experiments, we compare LayerIF-based allocations against both uniform and adaptive

baselines. These include uniform expert-allocation strategies as well as recent layer-adaptive methods

such as MoLA and AlphaLoRA. This comparison allows us to evaluate whether a data-driven

notion of layer quality provides a more effective allocation signal than architecture-level heuristics or

model-only statistics.
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2.5. Application II: Layer-Wise Sparsity Allocation for Pruning

2.5.1. Motivation. A second application of layer-quality estimation is layer-wise sparsity

allocation in model pruning. Standard pruning methods often apply the same sparsity ratio to every

layer. This uniform strategy is simple, but it ignores the fact that some layers may be more essential

to downstream behavior than others. If layer quality varies across depth, then pruning budgets

should also vary accordingly.

From the perspective of LayerIF, layers with lower estimated quality are more plausible candidates

for aggressive pruning, whereas layers that appear better specialized for the task should be preserved

more carefully. This yields a data-driven alternative to recent model-centric approaches for non-

uniform sparsity assignment.

2.5.2. Mapping LayerIF Scores to Sparsity Ratios. To convert layer-wise LayerIF scores

into sparsity budgets, we first post-process the raw scores to improve stability. In the implementation

used here, absolute score magnitudes are normalized across layers and then smoothed to reduce

high-frequency fluctuations introduced by influence estimation. The resulting smoothed profile is

passed through a layer-wise mapping function that assigns each layer a sparsity ratio while satisfying

a global sparsity constraint for the entire model.

This procedure produces a non-uniform sparsity distribution in which layers estimated to be less

critical receive higher pruning ratios, while layers estimated to be better trained are pruned more

conservatively.

2.5.3. Pruning Setup and Baselines. We integrate the resulting layer-wise sparsity budgets

into several standard pruning pipelines, including Magnitude pruning, Wanda, and SparseGPT.

In each case, the base pruning method remains unchanged except for the replacement of uniform

sparsity with the LayerIF-derived layer-specific ratios.

We compare this approach against both uniform-sparsity baselines and recent adaptive methods

such as AlphaPruning and OWL. This setup allows us to isolate the contribution of the layer-

allocation policy itself and assess whether a data-driven quality estimate improves the performance-

sparsity trade-off.
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2.5.4. A Walk-Through Example for LoRA-MoE. To make the framework concrete, we

provide a concrete step-by-step walk-through of our method for greater clarity.

Concrete walk-through for expert allocation (CommonQ dataset, 32-layer LLM, T=160

experts, β = 3)

Below we provide the exact numbers produced by our implementation. For brevity only the first

5 layers are shown; the remaining layers follow identically.

Layer i Raw IF score vi Inverted ṽi Power-scaled v̂i Fractional fi Final experts si
0 −5.01× 1011 5.01× 1011 1.26× 1035 1.12 2
1 −8.36× 1011 8.36× 1011 5.84× 1035 5.21 6
2 −7.99× 1011 7.99× 1011 5.10× 1035 4.55 6
3 −8.46× 1011 8.46× 1011 6.05× 1035 5.40 6
4 −8.16× 1011 8.16× 1011 5.43× 1035 4.84 6
. . . . . . . . . . . . . . . . . .

• Step1 (sign inversion). Invert the negative values to positive.

• Step2 (power transform). Amplify disparities by raising to the power β to get v̂.

• Step3 (normalise to budget). Scale v̂ so that the fractional allocations
∑
fi equal T−m = 128

extra experts (m = 32 layers).

• Step4 (floor + redistribute). Set si = ⌊fi⌋+1, guaranteeing ≥ 1 expert/layer, then distribute

the remaining 24 units to the layers with the largest fractional parts.

Finally, the complete allocation for CommonQ becomes:

[2, 6, 6, 6, 6, 5, 7, 6, 8, 7, 6, 7, 6, 6, 6, 5, 6, 6, 5, 4, 5, 5, 4, 2, 4, 5, 3, 4, 2, 3, 4, 3]

Interpretation. The middle layers receive the most experts, indicating they are comparatively

under-trained for CommonQ; the first and very deep layers receive lower number of experts, reflecting

higher estimated quality.

2.6. Experimental Setup

This section describes the experimental settings used to evaluate LayerIF in the two downstream

applications introduced above: expert allocation in LoRA-MoE fine-tuning and layer-wise sparsity

allocation for pruning.
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2.6.1. Datasets and Models. For the LoRA-MoE expert-allocation experiments, we evaluate

on a mixture of language understanding and reasoning tasks, following prior work on adaptive LoRA

allocation. The benchmark suite includes MRPC [93], CoLA [94], ScienceQA [95], CommonsenseQA

[96], and OpenBookQA [97].

For the pruning experiments, we evaluate post-pruning zero-shot performance on a broader

set of language understanding and reasoning benchmarks, including BoolQ [98], HellaSwag [99],

Winogrande [100], ARC Easy and ARC Challenge [101], RTE [94], and OpenBookQA [97].

We conduct experiments on two open-weight LLMs, Mistral-7B-v0.1 [102] and Gemma-7B [103],

in order to assess whether LayerIF generalizes across model families.

2.6.2. LayerIF Configurations and Baselines. For each target task, LayerIF computes layer-

wise influence scores using a training split and a validation split. We consider multiple aggregation

strategies when converting training-example influences into a scalar score per layer. These include

summing over all examples, summing only positively influential examples, and summing only the top

25% most influential examples. This allows us to study whether downstream performance depends

on the choice of aggregation strategy.

For the LoRA-MoE experiments, we compare three LayerIF variants: LayerIF (All), LayerIF

(+ve), and LayerIF (Top 25%). These are evaluated against both adaptive and heuristic baselines,

including AlphaLoRA and multiple MoLA configurations.

For the pruning experiments, we use LayerIF-derived layer-wise sparsity ratios within Mag-

nitude pruning [104], Wanda [51], and SparseGPT [50]. We compare these against the original

uniform versions of each pruning method, as well as adaptive sparsity-allocation baselines including

AlphaPruning [27] and OWL [26].

2.6.3. Evaluation Protocol. For the LoRA-MoE experiments, models are fine-tuned for three

epochs and evaluated by zero-shot accuracy on the downstream tasks. We report per-dataset accuracy

as well as average performance across tasks.

For the pruning experiments, we evaluate zero-shot performance after pruning at 50% global

sparsity unless otherwise specified. In addition to the main 50% pruning results, we also study
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Table 2.1. Accuracy across datasets using AlphaLoRA, MoLA, and LayerIF
variants. We report scores under three LayerIF aggregation strategies: Top 25%
positively influential samples, all positively influential samples (+ve), and all samples.
Best average performance is shown in bold.

Dataset AlphaLoRA MoLA LayerIF

2468 5555 8642 +ve Top 25% All

MRPC 75.30 82.02 80.64 80.70 82.49 82.63 81.63
CoLA 82.07 82.26 85.14 84.56 83.60 83.80 84.47
Text Science Q 78.52 64.65 72.75 76.39 75.04 79.59 77.61
Common Q 82.06 80.91 79.93 81.00 80.26 80.75 80.34
OpenBook Q 84.60 64.00 83.80 82.20 87.40 84.60 85.20

Average 80.51 74.77 80.45 80.97 81.76 82.27 81.85

performance across a range of sparsity levels in order to assess the robustness of LayerIF-based

layer-wise allocation.

All experiments were run on 8×NVIDIA RTX 6000 Ada GPUs.

2.7. Results on Expert Allocation in LoRA-MoE Fine-Tuning

2.7.1. Main Results. Table 2.1 compares LayerIF against AlphaLoRA and three MoLA

variants on the expert-allocation benchmark suite. Across datasets, LayerIF consistently achieves

the strongest average performance. In particular, all three LayerIF variants outperform the strongest

baseline on average, with LayerIF (Top 25%) achieving the best overall result.

These gains indicate that influence-based layer quality estimation provides a more effective

signal for expert allocation than uniform or heuristic layer-wise strategies. Whereas prior methods

allocate experts according to fixed patterns or model-centric statistics, LayerIF uses the relationship

between training data and validation behavior to identify which layers are likely to benefit most

from additional adaptation capacity.

2.7.2. Performance Across Different Expert Budgets. To assess whether these gains

persist under different resource budgets, we also vary the total number of experts on Mistral-7B-v0.1.

Figure 2.2 reports average performance for 80, 160, and 224 total experts, together with additional

MoLA configurations designed to reflect strong expert-allocation patterns from the prior literature.

LayerIF remains consistently competitive across all three budgets and outperforms the baselines

on average. This result suggests that the value of the method does not depend on a single expert
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Figure 2.2. Comparison of AlphaLoRA, MoLA, and LayerIF under varying total
expert budgets (80, 160, and 224) on Mistral-7B-v0.1.

Table 2.2. Accuracy across datasets using AlphaLoRA, MoLA, and LayerIF
(+ve) for 160 experts on Gemma-7B.

Dataset AlphaLoRA MoLA(3,5,7,8) LayerIF (+ve)

MRPC 82.61 82.89 84.75
CoLA 86.09 86.86 86.96
Text Science Q 94.15 93.88 93.66
Common Q 84.11 83.94 83.46
OpenBook Q 87.80 88.80 88.20

Average 86.55 87.47 87.81

budget or a narrow tuning regime. Instead, the layer-quality signal provided by LayerIF remains

useful across a range of adaptation-capacity settings.

2.7.3. Results on Gemma-7B. To assess whether the gains generalize beyond a single model

family, we also evaluate expert allocation on Gemma-7B using a total of 160 experts. Table 2.2 shows

that LayerIF again achieves the strongest average performance, exceeding both AlphaLoRA and

MoLA. Although individual datasets vary, the overall pattern remains consistent with the Mistral

results: influence-guided layer quality estimation provides a useful signal for allocating adaptation

capacity across layers.
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Table 2.3. Comparison of average accuracies across different pruning strategies
(Magnitude, Wanda, and SparseGPT) and layer-wise sparsity allocation methods at
50% pruning on Mistral-7B-v0.1. Best results are shown in bold.

Method Magnitude Wanda SparseGPT Average

Uniform 56.41 58.71 60.45 58.52
AlphaPruning 56.74 58.48 60.07 58.43
OWL 56.16 58.75 59.99 58.30
LayerIF 56.89 58.94 60.61 58.81

2.8. Results on Layer-Wise Sparsity Allocation for Pruning

2.8.1. Main Results at 50% Sparsity. Table 2.3 reports average accuracies across Magnitude

pruning, Wanda, and SparseGPT when using different layer-wise sparsity allocation strategies at

50% global sparsity on Mistral-7B-v0.1. LayerIF achieves the best performance in all three pruning

pipelines and also obtains the highest average across methods.

These results suggest that LayerIF provides a useful signal not only for allocating adaptation

capacity, but also for deciding where capacity can be removed with minimal harm to downstream

performance. Compared with both uniform sparsity and model-centric adaptive methods such as

AlphaPruning and OWL, the LayerIF allocation leads to a more favorable performance-sparsity

trade-off.

2.8.2. Performance Across Multiple Sparsity Ratios. We further evaluate the robustness

of LayerIF across multiple pruning ratios. Figure 2.3 shows mean accuracy over sparsity levels

ranging from 20% to 50% for Mistral-7B-v0.1 pruned using SparseGPT. LayerIF maintains the

strongest average performance across all sparsity levels, while the ranking of the baseline methods

varies more substantially.

This stability is important because it suggests that LayerIF is not narrowly tuned to a single

pruning regime. Instead, the layer-quality estimates remain informative even as the global sparsity

constraint changes, supporting the broader claim that training-data sensitivity is a useful signal for

structured model compression.

2.8.3. Results on Gemma-7B. Finally, we evaluate layer-wise sparsity allocation on Gemma-

7B at 50% global sparsity. As shown in Table 2.4, LayerIF again achieves the highest average

performance across pruning methods. Although the absolute performance levels differ from those of
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Figure 2.3. Mean accuracy across sparsity levels from 20% to 50% for Mistral-7B-
v0.1 pruned with SparseGPT using different layer-wise sparsity allocation methods.

Table 2.4. Comparison of average accuracies across different pruning strategies
(Magnitude, Wanda, and SparseGPT) and layer-wise sparsity allocation methods at
50% pruning on Gemma-7B.

Method Magnitude Wanda SparseGPT Average

Uniform 32.21 51.19 49.92 44.44
AlphaPruning 34.21 50.76 51.39 45.45
OWL 33.27 47.15 47.48 42.63
LayerIF 32.94 53.01 50.90 45.62

Mistral, the same qualitative conclusion holds: a data-driven estimate of layer quality provides a

competitive and often superior signal for non-uniform sparsity allocation.

2.9. Summary of Findings

Across both downstream applications, the results support three main conclusions. First, LayerIF

consistently improves over strong heuristic and model-centric baselines in both expert allocation and

pruning. Second, the gains generalize across multiple model families, including both Mistral-7B and

Gemma-7B. Third, the usefulness of the method persists across varying expert budgets and sparsity

levels, suggesting that LayerIF captures a stable and practically meaningful notion of task-specific

layer quality.
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Taken together, these findings support the chapter’s central claim: training-data-aware layer qual-

ity estimation provides a more effective signal for post-training resource allocation than approaches

based solely on model-internal heuristics.

2.10. Analysis and Discussion

This section analyzes the behavior of LayerIF in greater detail and discusses the design choices

underlying the framework. In particular, we examine how LayerIF differs from prior allocation

strategies, how its layer-sensitivity estimates should be interpreted, and how practical implementation

choices affect performance.

2.10.1. Task-Specific Layer Allocations. A key difference between LayerIF and prior ap-

proaches is that LayerIF produces task-specific allocation profiles. Figure 2.4 compares the layer-wise

expert allocations produced by LayerIF with those of AlphaLoRA and MoLA. Unlike these

baselines, which use the same allocation pattern across all tasks, LayerIF adapts the allocation to

the target dataset.

This behavior reflects one of the central claims of the chapter: layer quality is not a fixed property

of a pretrained model, but depends on the interaction between model, task, and data. By using

influence-based estimates of training-data sensitivity, LayerIF can distinguish between tasks that

rely on different parts of the model and allocate resources accordingly. This task specificity is one of

the main advantages of the framework over purely model-centric heuristics.

2.10.2. Interpreting Layer Sensitivity. LayerIF is based on the hypothesis that better-

trained layers should be less sensitive to perturbations in individual training examples. Under this

view, a layer with lower aggregate influence is interpreted as more stable and more mature for

the target task, whereas a layer with higher aggregate influence is interpreted as requiring more

adaptation or being less costly to modify.

To test this interpretation, we perform an ablation in which the allocation logic is reversed for

pruning: instead of preserving layers with lower influence sensitivity more carefully, we prune them

more aggressively. Table 2.5 shows that this reversed strategy consistently degrades performance

across Magnitude pruning, Wanda, and SparseGPT at 70% sparsity on Mistral-7B-v0.1. This result
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Figure 2.4. Heatmap of expert allocations across Transformer layers for Mistral-
7B-v0.1 with a total of 160 experts. Unlike AlphaLoRA and MoLA, which apply
a fixed allocation pattern across tasks, LayerIF produces dataset-specific allocation
profiles. Darker shades indicate higher expert allocation to a given layer.

Table 2.5. Comparison of accuracies across pruning strategies at 70% sparsity on
Mistral-7B-v0.1 using LayerIF versus a reversed allocation strategy.

Method Magnitude Wanda SparseGPT Average

LayerIF 33.44 32.50 41.14 35.69
Reversed Allocation 33.10 32.02 38.45 34.52

supports the intended interpretation of LayerIF scores: layers with lower influence sensitivity are

more important to preserve, not less.

2.10.3. Influence Sample Selection. An important design choice in LayerIF is how to

aggregate example-level influence scores into a single scalar score for each layer. Throughout the

main experiments, the strongest results are obtained by aggregating only positively influential training

samples, and in several cases by restricting further to the top 25% of these positive influences.

This choice can be understood as a form of noise filtering. Influence estimates in deep models

depend on stochastic gradient and curvature approximations, and low-magnitude scores may therefore

reflect weak or noisy training–validation interactions. Restricting aggregation to the upper tail

of positive influences increases the signal-to-noise ratio and focuses the estimate on the training

examples that contribute most strongly to the target validation behavior. This interpretation is
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also consistent with prior observations that influence values in deep models often exhibit heavy-

tailed behavior [20], suggesting that a relatively small subset of training examples accounts for a

disproportionately large share of the constructive signal.

In practice, these results suggest that influence aggregation should not necessarily use all training

samples uniformly. Instead, selectively focusing on the most beneficial training examples can yield

more reliable estimates of layer quality.

2.10.4. Per-Block Versus Per-Matrix Estimation and Smoothing Versus No-smoothing.

In the main experiments, influence scores are computed at the level of Transformer blocks rather than

for each individual weight matrix within a block. That is, the attention and MLP subcomponents of

a layer are assigned a shared layer-quality score rather than being scored independently. This choice

follows the granularity used by prior work in adaptive pruning [27, 26] and reflects the fact that

many post-training decisions, such as expert allocation or sparsity assignment, are naturally made

at the block level.

To assess this design choice empirically, we conducted an ablation on LLaMA2-7B at 70%

sparsity across all three pruning methods. We found that per-block estimation produced an average

improvement of 2.14% over more fine-grained alternatives. This suggests that block-level aggregation

provides a useful balance between expressivity and stability, capturing meaningful differences across

model depth while avoiding the noise introduced by overly fine-grained estimates.

We also examined the effect of smoothing the layer-wise influence profile before mapping scores

to sparsity ratios. Smoothing produced more stable layer-allocation patterns and modestly improved

pruning performance, suggesting that it helps suppress local noise in raw influence estimates without

changing the broader layer-quality trend.

2.10.5. Comparison with Alternative Influence Estimators. LayerIF is agnostic to the

specific influence-function estimator used, but in practice the choice of estimator matters. One

alternative class consists of Hessian-free methods such as TracIn [89], which are computationally

efficient but often less faithful than Hessian-based approaches. To assess whether such methods are

suitable for layer-quality estimation, we compare the layer-wise allocations obtained from TracIn
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Table 2.6. Spearman correlation between layer allocations produced by the Hessian-
based DataInf estimator and the Hessian-free TracIn estimator across datasets.

Dataset Correlation

MRPC -0.22
CoLA 0.44
OpenBookQA 0.09
Text Science Q -0.69
Common Q 0.12

with those produced by the Hessian-based DataInf approximation [18], which is used in the main

experiments.

Table 2.6 reports the Spearman correlation between the resulting allocations across datasets. The

correlations are generally weak and inconsistent, suggesting that Hessian-free approximations fail

to recover the same layer-quality structure as the Hessian-based method. In other words, although

Hessian-free methods are attractive from a computational standpoint, they appear less suitable for

the type of layer-sensitive diagnostic required by LayerIF.

We also examined Gauss-Newton-based alternatives such as EK-FAC [20]. In our experiments,

these methods were substantially more expensive than DataInf, making them difficult to use at the

scale required for the main chapter experiments. Taken together, these observations make DataInf

the most practical choice among the estimators considered here.

2.10.6. Computational Considerations. A practical limitation of influence-function methods

is computational cost, especially when second-order information is required. In LayerIF, this cost

arises primarily from the curvature approximation used to estimate layer-wise influence. However,

two considerations mitigate this concern.

First, LayerIF is a training-time diagnostic rather than an inference-time method. Its purpose is

to guide structural adaptation decisions such as expert allocation and pruning, not to be executed

during deployment. Second, the framework is modular with respect to the influence estimator: as

more efficient approximations become available, they can be incorporated directly into LayerIF

without changing the overall method.
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These considerations suggest that the additional computation introduced by LayerIF should be

understood as an offline cost for improved post-training decisions, rather than a runtime burden at

inference.

2.11. Limitations

Several limitations of LayerIF should be noted. First, the theoretical foundations of classical

influence functions rely on assumptions such as local convexity that do not strictly hold in modern

large language models. As with prior IF-based work in deep learning, the use of influence estimates

here is therefore best understood as an approximate but empirically useful diagnostic rather than an

exact characterization.

Second, the method is inherently data dependent. Because LayerIF estimates layer quality with

respect to a training and validation set, the resulting scores depend on how representative those

data are of the target task. If the data used for influence estimation are biased or unrepresentative,

the resulting layer-quality estimates may be less reliable.

Third, influence estimation remains computationally nontrivial for large models. Although

practical approximations such as DataInf make the method feasible, the cost is still higher than

that of purely model-centric heuristics. This trade-off is justified when more accurate layer-quality

estimates lead to better post-training decisions, but it remains an important practical consideration.

Finally, LayerIF estimates quality at the level of Transformer blocks rather than finer subcompo-

nents. While this granularity is appropriate for the applications studied here, it may not capture

more localized structure within a block. Future work could explore hierarchical or submodule-level

variants of the framework.

2.12. Broader Implications

The broader significance of LayerIF lies in its demonstration that training-data-aware diagnostics

can guide structural decisions in large language models more effectively than model-centric heuristics

alone. In this chapter, that principle is instantiated in two settings: allocating adaptation capacity

in LoRA-MoE fine-tuning and distributing sparsity budgets in pruning. More generally, however,

the same perspective may be useful for other forms of post-training model surgery in which different

parts of a network should be treated differently.
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LayerIF also contributes to interpretability in a practical sense. Rather than asking only which

layers appear important according to internal statistics, it asks how strongly each layer mediates

the effect of the training data on downstream behavior. This provides a different lens on model

structure: one grounded not just in representations or parameters, but in the interaction between

data and model components.

At a broader level, the chapter supports the dissertation’s central thesis that post-training can

be made more principled by studying the relationship between training data and model internals

directly. LayerIF is one concrete example of how that relationship can be quantified and translated

into actionable design choices.
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CHAPTER 3

Generalization: Influence-Guided Demonstration Selection

3.1. Introduction

In-context learning (ICL) has emerged as a powerful mechanism for adapting large language

models (LLMs) at inference time. By conditioning a model on a small set of input-output demon-

strations placed in the prompt, ICL enables a single pretrained model to perform new tasks without

gradient-based parameter updates [28, 105]. This flexibility has made ICL one of the most important

forms of inference-time adaptation for modern LLMs, with demonstrated benefits across reasoning,

classification, and generation tasks [106, 12, 107]. At the same time, prior work has shown that

ICL is highly sensitive to the demonstrations used in the prompt: small changes in the selected

examples, their ordering, or their phrasing can lead to large differences in downstream performance

[108, 106, 95].

Much of the literature on ICL studies this problem under a relatively favorable set of assumptions.

Candidate demonstrations are typically assumed to be drawn from the same task distribution as the

test query and to be accurately labeled [29, 109]. Under these conditions, demonstration selection

can often be treated as a retrieval problem, where the main goal is to identify examples that are

semantically similar or otherwise relevant to the test input [110, 111]. However, these assumptions

are often difficult to satisfy in realistic deployment settings. In low-resource, highly specialized, or

noisy domains, task-aligned demonstrations may be scarce, unavailable, or unreliable. More generally,

the pool of accessible labeled examples may contain demonstrations drawn from heterogeneous tasks,

shifted distributions, or corrupted labels, making direct retrieval from a clean task-specific pool

impossible or suboptimal [30, 31, 32].

This chapter studies ICL under precisely these less idealized conditions. It introduces Indirect

In-Context Learning (Indirect ICL), a generalized formulation in which the candidate pool of

demonstrations is not assumed to be task aligned, label clean, or even directly suitable for the end
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task. Instead, the goal is to select demonstrations from a broader and potentially imperfect pool in a

way that still elicits useful behavior from the model. In the terminology of this dissertation, Indirect

ICL treats inference-time adaptation as a problem of indirect supervision: the available evidence

may not match the target task exactly, but it may still contain examples whose interaction with

the model helps induce the right behavior. This reframing is central to the chapter and reflects the

observation that many practical ICL settings are better characterized by imperfect or incidental

supervision [112, 113].

The chapter focuses on two concrete and practically important settings within this broader

formulation. The first is the Mixture-of-Tasks setting, in which the demonstration pool contains

examples from many unrelated tasks and only a small fraction may bear meaningful relation to

the end task. The second is the Noisy ICL setting, in which the pool comes from the correct

task distribution but includes corrupted or otherwise unreliable labels. These settings represent

two distinct obstacles to effective generalization at inference time: task mismatch and supervision

corruption. Traditional retrieval signals such as semantic similarity can be useful in these settings,

but they are often insufficient on their own. A semantically similar example may be harmful if it is

mislabeled or induces the wrong latent task structure, whereas an example from a different task may

nevertheless be helpful if it elicits a compatible reasoning pattern.

To address this problem, this chapter proposes an influence-guided framework for demonstration

selection. The central idea is to use Influence Functions (IFs) as a measure of affinity between candi-

date demonstrations and the target behavior to be elicited. Unlike standard retrieval metrics, which

operate primarily on surface or embedding-space similarity, IFs provide a data-centric mechanism

to estimate how strongly individual examples support or hinder model behavior on a validation

objective [14, 15, 16]. Recent advances have made it increasingly practical to estimate influence in

large generative models [18, 19, 20]. Building on this line of work, the chapter argues that influence

can serve as a more informative signal than semantic similarity alone when demonstrations are noisy,

heterogeneous, or indirectly related to the target task.

The resulting framework treats demonstration selection not simply as a problem of lexical or

semantic matching, but as a problem of inductive bias alignment : which candidate examples are

most likely to activate the model’s latent capabilities in a way that supports correct target-task
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behavior? In the Mixture-of-Tasks setting, this leads to influence-based re-ranking strategies that

operate after an initial semantic filtering stage. In the Noisy ICL setting, it leads to influence-based

pruning and weighting strategies that distinguish helpful examples from corrupted ones. Across

both settings, the broader methodological claim is the same: the effectiveness of a demonstration

depends not only on how similar it looks to the query, but on how it interacts with the model’s

internal decision process.

More broadly, this chapter extends the dissertation’s data-model synergy perspective from

parameter-space adaptation to inference-time adaptation. In the previous chapter, influence analysis

was used to estimate the quality of internal model components and guide structural post-training

decisions. Here, the same general perspective is applied to prompt construction. The chapter shows

that generalization in LLMs can be improved not only by changing model parameters, but also by

selecting evidence that better aligns the model’s internal inductive biases with the target task. In

this sense, Indirect ICL provides a data-driven framework for making inference-time adaptation

more principled under realistic conditions of task mismatch and noisy supervision.

3.2. Related Work

In-Context Learning and Demonstration Selection. With the scaling of model size and training

data, large language models have acquired strong inference-time adaptation capabilities through

in-context learning (ICL) [28, 114]. In the standard ICL setting, a model is conditioned on a small

set of input-output demonstrations and then applied to a new test instance without gradient-based

parameter updates. A substantial body of work has shown, however, that ICL performance is highly

sensitive to the choice of demonstrations [115, 106, 116]. This has led to a growing literature on

demonstration selection, where the goal is to identify examples that are most helpful for eliciting

correct behavior from the model.

One major line of work treats demonstration selection as a retrieval problem and scores candidate

examples using model-agnostic criteria such as perplexity [117], mutual information [118], or semantic

similarity [106, 119]. Another line of work emphasizes structural properties of the selected prompt,

such as diversity [120, 121], coverage [111], or other desirable prompt-level features [110, 122]. These

approaches have shown that demonstration choice matters substantially, but most of them assume a
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relatively favorable setting in which the candidate pool is already aligned with the target task and

contains reliable labels.

ICL Under Distribution Shift and Noisy Supervision. More recent work has begun to relax

these assumptions by studying ICL under noisier and less idealized conditions. Prior research has

investigated how in-context learning behaves when demonstrations are mislabeled, noisy, or otherwise

unreliable [32], and has explored methods for mitigating the effect of corrupted demonstrations

[30]. Other work has examined more general forms of distribution mismatch, showing that the

utility of demonstrations may degrade when the example pool is not cleanly aligned with the target

task or domain [31, 123]. These studies help motivate the setting considered in this chapter: in

many realistic deployment scenarios, the available demonstration pool may be heterogeneous, weakly

related to the task of interest, or partially corrupted.

Our work builds on this line of research but differs in both formulation and objective. Rather

than viewing these conditions as special cases of otherwise standard ICL, we treat them as part of a

broader setting of indirect supervision, in which useful demonstrations need not come from the same

task distribution as the test query. This motivates the Indirect ICL framework introduced in this

chapter, which unifies the Mixture-of-Tasks and Noisy ICL settings under a common demonstration

selection perspective.

Influence Functions and Data Attribution. Influence Functions (IFs) originate in robust statistics

[14, 124] and provide a principled way to relate model behavior back to the training examples that

shaped it. In modern machine learning, IFs have been adapted as a scalable approximation to

leave-one-out retraining for gradient-based models trained under empirical risk minimization [16].

Subsequent work has developed alternative formulations and improved approximations for deep

learning, including Representer Point [80], Hydra [81], DataInf [18], Arnoldi-based methods [19],

and Kronecker-factored curvature approximations [20]. Other approaches have explored simpler

Hessian-free or gradient-based surrogates [89, 91], ensemble strategies [44, 88], and self-influence

measures [86, 87].

Beyond methodological development, IFs have been used in a wide range of applications, including

mislabeled data detection [16, 17], generative-model analysis [18, 19, 20], active learning [21, 22],

and selective annotation for ICL [125]. These works establish IFs as a general-purpose tool for data
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attribution. In this chapter, we build on that perspective and use IFs not to analyze the contribution

of training data alone, but to select inference-time demonstrations whose interaction with the model

is most likely to support correct target-task behavior.

Influence-Guided Demonstration Selection. A small but growing body of work has explored the

use of influence for demonstration selection in direct ICL settings. For example, recent studies have

used influence-based selection for bias mitigation, faster demonstration retrieval, or improved prompt

construction when the demonstration pool is already task aligned [126, 127, 128]. These works show

that influence can be a useful alternative to surface-level similarity for identifying helpful examples.

Our work differs from these approaches in two important respects. First, it focuses on indirect

ICL settings in which the candidate pool is not assumed to be cleanly aligned with the target task.

Second, it emphasizes the role of inductive bias alignment : the best demonstration is not necessarily

the one that looks most similar to the test query, but the one that most effectively activates the

model’s latent behavior for the target task. To our knowledge, this chapter is the first to formulate

influence-guided demonstration selection explicitly in the Mixture-of-Tasks and Noisy ICL settings

and to use influence as a mechanism for selecting demonstrations under indirect supervision.

Taken together, prior work has established three relevant facts: ICL is highly sensitive to

demonstration choice; realistic demonstration pools are often noisy or distributionally mismatched;

and influence functions provide a principled way to relate model behavior to individual examples.

What remains underexplored is how these ideas can be combined to guide demonstration selection

when the available examples are not directly task aligned. This chapter addresses that gap through the

Indirect ICL framework, which uses influence-guided selection to improve inference-time adaptation

under heterogeneous and imperfect supervision.

3.3. Preliminaries

This section introduces the formal setup for traditional in-context learning, the broader Indirect

ICL setting studied in this chapter, and the influence-function machinery used to guide demonstration

selection.

3.3.1. Traditional In-Context Learning. In-context learning (ICL) allows a large language

model to solve a new test instance by conditioning on a small set of labeled demonstrations placed
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directly in the prompt. Let {(xi, yi)}ki=1 denote a set of demonstration examples, let T (·) be a

prompt template, and let xtest denote a test input. In the standard ICL setting, the language model

is prompted to generate a prediction for the test example according to

ytest ∼ PLM(· | T (x1, y1, . . . , xk, yk, xtest)) .

A central problem in ICL is demonstration selection. In practice, the available pool of labeled

examples is usually much larger than the number of examples that can be placed in the prompt, due

to both context-length constraints and inference cost [110, 111]. Given a candidate pool {(xi, yi)}Ni=1

with N ≫ k, the goal is to select a subset of size k that maximizes the probability of producing the

correct output for the test input.

Most prior work studies this problem in a direct ICL setting, where the candidate demonstrations

are assumed to come from the same task as the test example and to be correctly labeled [29, 109].

Under these assumptions, demonstration selection is often framed as a retrieval problem over a

task-aligned pool.

3.3.2. Indirect In-Context Learning. This chapter studies a broader and more realistic

formulation of inference-time adaptation, which we call Indirect In-Context Learning. In this setting,

the candidate demonstration pool is not assumed to be task aligned, label clean, or directly suitable

for the end task.

Formally, let

D = {(xi, yi, ti)}Ni=1

denote a pool of candidate demonstrations, where xi ∈ X is an input, yi ∈ Y is a label, and ti ∈ T

denotes a task identity. Crucially, we do not assume that the task identities ti are observed, that

they match the test-time task, or that the labels are noise free.

Given a test input xtest and a prompt template T (·), the objective is to select a subset

S ⊂ D, |S| = k,
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such that conditioning on S yields the strongest possible prediction for the target output:

S∗ = arg max
S⊂D
|S|=k

PLM(ytest | T (S, xtest)) .

This formulation generalizes traditional ICL by removing two standard assumptions: first, that

demonstrations belong to the same task distribution as the test example, and second, that their

labels are correct. In this sense, Indirect ICL reframes demonstration selection as inference-time

adaptation under imperfect supervision.

In this chapter, we study two concrete instantiations of this broader setting:

Mixture-of-Tasks. In this setting, the candidate demonstration pool contains examples drawn

from a mixture of different tasks. Some of these examples may be only weakly related to the end

task, while others may nonetheless prove useful if they induce a compatible reasoning pattern. The

central challenge is therefore to identify examples from a heterogeneous pool that best support the

target behavior.

Noisy ICL. In this setting, the candidate pool comes from the correct task distribution but

contains corrupted or unreliable labels. The challenge is not task mismatch, but supervision quality:

semantically relevant examples may still be harmful if they are mislabeled.

Taken together, these two settings capture the two main ways in which available demonstrations

can fail to satisfy the assumptions of standard ICL: they may come from the wrong task, or they

may come with the wrong label.

3.3.3. Influence Functions. To address these settings, this chapter uses Influence Functions

(IFs) as a data-centric signal for demonstration selection. Let

D = {(xi, yi)}ni=1

be a training dataset, let ℓ denote a loss function, and let θ∗ denote the parameters of a model

trained by empirical risk minimization:

θ∗ = argmin
θ∈Θ

1

n

n∑
i=1

ℓ(yi, fθ(xi)).
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Influence Functions estimate how the learned parameters would change if a particular training

example were infinitesimally upweighted [14, 15, 92]. For a training point (xk, yk), the influence on

the learned parameters is given by

Iθ∗(xk, yk) = −H(θ∗)−1∇θℓ(yk, fθ(xk)),

where H(θ∗) is the Hessian of the empirical loss.

More relevant for our purposes is the influence of a training point on validation loss. Given a

validation set

DV = {(xVi , yVi )}mi=1,

the influence of (xk, yk) on the validation objective can be written as

I(xk, yk) = −
m∑
i=1

∇θℓ(y
V
i , fθ(x

V
i ))

⊤H(θ∗)−1∇θℓ(yk, fθ(xk)).

Intuitively, this score measures whether a training example helps or hurts performance on

the validation set. In the context of this chapter, IFs are used to estimate whether a candidate

demonstration is likely to support correct target-task behavior. A higher influence score indicates

that the example is more beneficial with respect to the chosen validation objective.

As in prior IF-based work for deep models, we use these estimates as an approximate but

empirically useful diagnostic, even though the convexity assumptions underlying classical IF theory

do not strictly hold for LLMs [16, 20, 17, 129]. Recent work has nonetheless shown that influence-

based methods can be effective in large generative models [18, 19, 130, 90], which motivates their

use here.

3.4. The Indirect ICL Framework

This section describes how influence-based demonstration selection is instantiated in the two

settings studied in this chapter: Mixture-of-Tasks and Noisy ICL. Across both settings, the guiding

principle is the same: rather than selecting demonstrations solely on the basis of semantic similarity,

we use influence to estimate which examples are most likely to support correct target-task behavior.
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Figure 3.1. Example showcasing demonstration selection for Indirect ICL using
Influence Functions (IFs). Consider web corpora with many tasks (different from
the end-task) and noisy data– Indirect ICL can be formalized as: Mixture of Tasks
(Section 3.4.2) and Noisy (Section 3.4.3) ICL, respectively. In MoT, for a given target
task (e.g. Medical Genetics), we first filter from this (indirect) pool of candidate
demonstrations using BertScore and Cosine Similarity, then re-rank with IFs to select
suitable demonstrations (e.g. High-School Biology). For Noisy ICL, we leverage
IFs to filter out the Noisy ICL before conducting ICL with the remaining clean
demonstrations.

3.4.1. Overview. Indirect ICL treats demonstration selection as a problem of identifying

examples whose interaction with the model is beneficial for the target task, even when the available

demonstration pool is noisy, heterogeneous, or only indirectly related to the query. In practice, this
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means using influence estimates either to re-rank candidate demonstrations, to filter out harmful

ones, or to combine influence with more conventional similarity-based retrieval signals.

The chapter studies two broad strategies for influence estimation. The first is a surrogate-model

approach, in which a lightweight encoder model such as RoBERTa [131] is fine-tuned on the available

candidate demonstrations and then used to compute influence scores. The second is a pretrained-

gradient approach, in which gradients are extracted directly from the LLM and influence is estimated

in that parameter space. These alternatives allow us to examine whether influence is more effective

when computed in a specialized surrogate model or in the underlying generative model itself.

3.4.2. Mixture-of-Tasks: Influence-Guided Demonstration Selection. In the Mixture-

of-Tasks setting, the candidate pool contains examples from multiple tasks, and only a subset may

be useful for the target problem. Here, the goal is to identify examples from a heterogeneous pool

that are most helpful for the validation behavior associated with the target task.

For each validation example (xval, yval), we compute the influence of every training example

(xi, yi) in the candidate pool. This yields a score

I
(
(xi, yi), (xval, yval)

)
,

which estimates how beneficial training example (xi, yi) is for the validation example. The simplest

influence-only selection strategy is then to rank the candidate pool by influence and choose the top

k examples as in-context demonstrations.

In practice, however, purely influence-based retrieval may be unnecessarily expensive or may

ignore useful semantic filtering. We therefore also study a two-stage selection strategy. In the first

stage, a semantic retrieval method such as BERTScore-Recall, cosine similarity, or BM25 is used to

prune the candidate pool down to a smaller subset. In the second stage, this subset is re-ranked

using influence scores, and the final top-k examples are selected. This hybrid strategy combines the

coarse relevance signal of semantic retrieval with the finer-grained data-model signal provided by

influence.

We compare two influence estimators in this setting. The first is DataInf [18], a Hessian-based

approximation that is computationally practical for large models. The second is TracIn [89], a

Hessian-free method based on gradient similarity across training trajectories. This comparison allows
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us to assess the trade-off between computational efficiency and the quality of the resulting influence

signal.

3.4.3. Noisy ICL: Influence-Guided Filtering and Reweighting. In the Noisy ICL setting,

the candidate pool belongs to the correct task distribution but contains mislabeled or otherwise

unreliable examples. Here, influence is used not to distinguish across tasks, but to identify which

examples are likely to be harmful or helpful under corrupted supervision.

We study two strategies in this setting.

IF Pruning. The first strategy uses influence to identify harmful examples and remove them

from the candidate pool before standard demonstration retrieval is applied. After this pruning step,

the remaining examples are ranked using BERTScore-Recall or cosine similarity, and the top-k are

selected as demonstrations. This approach uses influence as a filtering signal for noisy supervision.

IF Averaging. The second strategy combines influence values directly with similarity-based

retrieval scores. Both signals are normalized and then combined linearly:

Score(xi, yi) = α I
(
(xi, yi), (xval, yval)

)
+ β S(xi, yi),

where I(·) is the influence score, S(·) is a semantic similarity score such as BERTScore or cosine

similarity, and α + β = 1. The top-k examples under this combined score are then selected as

demonstrations.

This formulation reflects the central claim of the chapter: semantic relevance alone is not enough

in noisy settings, but influence alone may also discard useful surface similarity. Combining the

two allows the method to favor demonstrations that are both semantically relevant and empirically

beneficial for target-task behavior.

In this setting, we use the surrogate-model approach for influence estimation and compare multiple

IF algorithms, including DataInf and LiSSA [132, 16]. Although LiSSA is more computationally

expensive, it provides a second-order approximation better suited to identifying mislabeled examples

than simpler first-order methods.

3.4.4. Practical Instantiations and Design Choices. The framework studied in this chapter

therefore includes three design dimensions. First, it varies in the source of gradients: a lightweight
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surrogate model or the underlying LLM itself. Second, it varies in the influence estimator : DataInf,

TracIn, or LiSSA. Third, it varies in the selection strategy : influence-only selection, two-stage

re-ranking, pruning, or influence-similarity averaging.

These design choices are evaluated empirically in the experimental sections that follow. Taken

together, they allow the chapter to test not only whether influence is useful for Indirect ICL, but

also how it should be instantiated in practice under different forms of task mismatch and label

corruption.

3.5. Experimental Setup

This section describes the evaluation settings used to assess Indirect ICL in the two settings

studied in this chapter: Mixture-of-Tasks and Noisy ICL.

3.5.1. Tasks, Candidate Pools, and Evaluation. For the Mixture-of-Tasks setting, we

construct a heterogeneous demonstration pool in which candidate input-output pairs need not

correspond to the same task as the test input. The candidate pool contains three examples each from

28 tasks drawn from MMLU [133], BigBench [134], StrategyQA [135], and CommonsenseQA [96].

Performance is then evaluated on 12 held-out tasks from MMLU and BigBench using ICL accuracy.

For the Noisy ICL setting, we follow the noisy-data framework of [18]. Specifically, we use

the binary classification GLUE datasets MRPC, QQP, QNLI, and SST2 [94], and introduce label

corruption by randomly flipping 20% of the training labels. These noisy datasets serve as the

candidate demonstration pools, and ICL accuracy is again used as the evaluation metric.

3.5.2. Base Models. In the Mixture-of-Tasks experiments with k = 3 shots, we evaluate

on Llama-2-13B-Chat [136], Mistral-7B-v0.3 [137], Zephyr-7B-Beta [138], Qwen2.5-3B [139], and

Llama-3-70B [140]. For k = 5 shots, we report results on Llama-2-13B-Chat. Following prior work

on ICL selection [111, 119], the temperature is fixed to 0 during inference.

For Noisy ICL, experiments are conducted primarily on Llama-2-13B-Chat. All experiments

were run on 8×NVIDIA RTX 6000 Ada GPUs.

3.5.3. Methods and Baselines.
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Mixture-of-Tasks. We evaluate four IF-only variants. Two use a surrogate-model approach,

denoted Sur, and two use pretrained gradients from the LLM itself, denoted Pre. For each

approach, we compare DataInf and TracIn, yielding SurD, SurT, PreD, and PreT. The surrogate-

model methods use RoBERTa [131], while the pretrained-gradient methods use the underlying

LLM.

We compare these IF-based methods with strong retrieval baselines, including BERTScore-Recall

(BSR), cosine similarity (Cos), and BM25. We also evaluate combined methods that first prune the

candidate pool using BSR or Cos and then re-rank the remaining examples using influence scores.

Noisy ICL.. In the noisy setting, we evaluate two influence-guided strategies: IF Pruning,

which removes a portion of the candidate pool before standard retrieval, and IF Averaging,

which combines normalized influence scores with semantic similarity scores. Here we use only the

surrogate-model approach and compare both DataInf and LiSSA [16]. Unless otherwise stated, we

use 10% pruning and set the influence weight to α = 0.5 for averaging. Baselines again include BSR,

Cos, and BM25.

3.5.4. Implementation Details. For semantic retrieval, we follow the implementations of

[111]. Cosine similarity is computed using all-mpnet-base-v2 from SentenceBERT, BM25 uses Okapi

BM25, and BERTScore-Recall uses deberta-large-mnli as the encoder. Random baselines are averaged

over multiple seeds.

3.6. Results on Mixture-of-Tasks

3.6.1. Main Results. Figure 3.2 summarizes average performance across Llama-2-13B-Chat,

Zephyr-7B-Beta, and Mistral-7B-v0.3 for k = 3 shots. The clearest pattern is that combining

influence-based re-ranking with semantic retrieval yields the strongest overall performance. In

particular, Sur[D,BSR] achieves the best average results, indicating that DataInf combined with

BERTScore-Recall provides the most effective selection signal in the main Mixture-of-Tasks regime.

This result supports the central claim of the chapter: semantic similarity alone is often insufficient

when the demonstration pool is task heterogeneous, but influence alone is also not enough. The

strongest performance arises when semantic retrieval is used to identify a small set of plausibly
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Figure 3.2. Average performance of demonstration-selection methods across Llama-
2-13B-Chat, Zephyr-7B-Beta, and Mistral-7B-v0.3 for k = 3 shots in the Mixture-of-
Tasks setting.

relevant demonstrations and influence is then used to re-rank them according to their likely benefit

for target-task behavior.

3.6.2. Effect of Number of Shots. The same qualitative pattern holds when the number of

demonstrations is increased. In the 5-shot setting, Sur[D,BSR] again achieves the strongest average

performance, reinforcing the conclusion that influence-guided re-ranking remains useful beyond a

single prompt budget. More broadly, these results suggest that the gains from Indirect ICL are not

tied to a particular shot count, but reflect a more general improvement in demonstration selection

under task mismatch.
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Table 3.1. Performance across datasets and demonstration-selection methods with
k = 5 shots for Llama-2-13B-Chat in the Mixture-of-Tasks setting.

Dataset Rand BSR Cos BM25 PreD SurD Sur[D,BSR] Sur[D,Cos]

medical-genetics 80.00 86.00 81.00 81.00 84.00 80.00 84.00 83.00
prof-psychology 71.00 71.00 73.50 66.00 70.00 68.50 77.00 71.00

formal-logic 62.70 59.52 57.94 56.35 58.73 68.25 62.70 61.90
moral-disputes 79.50 77.50 81.00 81.00 82.00 81.00 81.50 81.50
public-relations 70.00 78.18 81.82 76.36 70.91 77.82 80.91 78.18
comp-security 75.00 78.00 82.00 77.00 76.00 77.00 81.00 77.00

astronomy 78.95 85.53 82.89 80.92 80.92 82.89 84.87 81.58
abstract-algebra 52.00 63.00 62.00 58.00 63.00 55.00 67.00 65.00

nutrition 71.50 81.00 80.00 78.00 76.00 78.00 79.00 81.00
high-school-biology 73.00 79.00 80.00 76.50 77.00 79.00 81.50 75.50

formal-fallacies 46.50 48.50 48.00 50.00 47.50 43.50 53.00 43.50
tracking-3 36.50 49.00 47.00 46.00 42.50 52.00 42.00 39.00

Average 66.38 71.35 71.42 68.93 69.04 70.24 72.87 69.84

3.6.3. Transfer to Closed-Source Models. An important question is whether the proposed

framework remains useful when the final inference model is closed source and its internal weights are

inaccessible. To test this, we evaluate the surrogate-model-based selection strategy on GPT-4.1-nano

in the Mixture-of-Tasks setting. Because model internals are unavailable, demonstrations are selected

entirely using the surrogate model, and inference is then performed in a prompt-only manner with

the closed-source LLM.

As shown in Table 3.2, adding three demonstrations selected by the surrogate-based Indirect

ICL pipeline substantially improves performance over zero-shot inference, raising average accuracy

from 66.14 to 76.57. This result is important because it shows that the framework is not limited to

open-weight models. The influence-guided selection mechanism can still improve prompt construction

even when the final deployed model cannot itself be analyzed directly.

3.6.4. Comparison with Strong Baselines. To assess the strength of the proposed method

more rigorously, we compare Sur[D,BSR] against several recent demonstration-selection baselines,

including DETAIL [128], ConE [141], InfICL [127], and MOICL [142]. These baselines span

several approaches, including influence-based selection for direct ICL, non-influence-based retrieval,

and training-based demonstration weighting.
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Table 3.2. Performance comparison between zero-shot inference (No ICL) and k = 3
demonstrations selected via the surrogate-model approach on the closed-source model
GPT-4.1-nano in the Mixture-of-Tasks setting.

Dataset No ICL k = 3 Shots

medical-genetics 86.00 91.00
prof-psychology 71.50 80.50
formal-logic 50.79 73.02
moral-disputes 70.50 85.00
public-relations 75.45 76.36
comp-security 81.00 77.00
astronomy 82.89 94.00
abstract-algebra 53.00 57.00
nutrition 80.00 87.50
high-school-biology 72.00 89.50
formal-fallacies 52.00 59.00
tracking-3 18.50 49.00

Average 66.14 76.57

Table 3.3. Performance comparison between MOICL, DETAIL, InfICL, ConE,
and Sur[D,BSR] for Llama-2-13B-Chat with k = 3 shots in the Mixture-of-Tasks
setting.

Dataset MOICL DETAIL InfICL ConE Sur[D,BSR]

medical-genetics 77.00 77.00 82.00 81.00 86.00
prof-psychology 70.00 66.50 68.00 71.00 72.00
formal-logic 57.14 61.90 65.08 61.90 57.14
moral-disputes 79.50 79.50 79.50 81.50 80.50
public-relations 68.18 70.00 75.45 75.45 79.09
comp-security 75.00 71.00 78.00 80.00 76.00
astronomy 77.63 77.63 78.29 80.92 80.26
abstract-algebra 53.00 71.00 54.00 62.00 72.00
nutrition 75.50 76.00 79.50 80.00 79.50
high-school-biology 75.00 75.50 78.50 76.50 80.50
formal-fallacies 46.00 48.00 46.00 47.50 47.50
tracking-3 27.00 34.00 36.50 48.00 43.50

Average 65.07 67.34 68.40 70.48 71.16

As shown in Table 3.3, Sur[D,BSR] achieves the highest average accuracy among all compared

methods. This result is especially notable because the proposed method is designed for the more

difficult Indirect ICL setting, where the demonstration pool is not cleanly aligned with the target

task.
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Table 3.4. ICL accuracy across MRPC, QNLI, SST2, and QQP using different
methods for Noisy ICL with 20% label noise.

Method MRPC QNLI SST2 QQP

Rand 70.4 69.6 86.2 70.9
BSR 71.3 74.6 80.4 71.4
Cos 72.3 68.2 82.6 73.2
BM25 70.6 67.6 88.0 71.0

P
R

U
-0

.1
Rand[Cos] 70.1 68.4 87.0 69.4
Sur[D,Cos] 69.4 69.8 84.0 71.8
Sur[L,Cos] 68.9 68.2 86.8 70.8
Rand[BSR] 71.1 65.2 86.4 68.4
Sur[D,BSR] 70.6 68.0 82.0 71.0
Sur[L,Cos] 70.1 67.4 88.8 68.2

A
V

G
-0

.5 Sur[D,Cos] 75.5 74.8 89.8 67.8
Sur[L,Cos] 70.6 75.8 86.4 73.0
Sur[D,BSR] 74.3 69.6 90.6 73.8
Sur[L,BSR] 73.3 73.4 93.6 69.2

3.7. Results on Noisy ICL

3.7.1. Main Results. Figure 3.3 and Table 3.4 report results on MRPC, QNLI, SST2, and

QQP with 20% label noise. Across datasets, the strongest methods are consistently those based

on IF Averaging, which combine surrogate-model influence scores with either cosine similarity

or BERTScore-Recall. At least one, and often both, of the strongest-performing methods on each

dataset come from this averaging family.

These results support a central distinction between the Mixture-of-Tasks and Noisy ICL settings.

In the heterogeneous-task setting, influence works best as a re-ranking signal after semantic pruning.

In the noisy-label setting, by contrast, influence is most effective when it is integrated directly with

semantic similarity through a weighted combination. This suggests that under label corruption, the

best demonstrations are those that are not only semantically relevant, but also empirically beneficial

according to the influence signal.

We also find that DataInf and LiSSA are comparably effective in this setting, though DataInf

remains preferable from a practical standpoint due to its lower computational cost.

3.7.2. Effect of Noise Level and Hyperparameters. We additionally examined the robust-

ness of the Noisy ICL results under different noise levels and different hyperparameter settings for
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Figure 3.3. Average performance of demonstration-selection methods across the
four Noisy ICL datasets.

pruning and averaging. The overall trends remain consistent: averaging-based methods are more

reliable than pruning-based methods, and influence is most useful when used to refine rather than

discard semantically relevant examples. For the purposes of the main chapter, we therefore focus on

the 20% noise setting and the representative hyperparameters above.

3.8. Analysis and Discussion

3.8.1. Why Combining Influence with Semantic Retrieval Helps. A recurring pattern

across the Mixture-of-Tasks experiments is that the best results do not come from semantic similarity

alone or from influence alone, but from their combination. This can be understood by examining

what each signal contributes. Semantic retrieval methods such as BERTScore-Recall and cosine

similarity are effective at filtering the candidate pool down to examples that are at least broadly
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relevant to the query. In our ablation, BERTScore-Recall selected demonstrations from the same task

as the test example 33.90% of the time, while cosine similarity did so 36.03% of the time. Although

these rates are far from perfect, they are sufficient to narrow the search space to semantically

plausible candidates.

Influence-based re-ranking then provides a complementary signal. Rather than selecting the most

semantically similar example, it identifies the example most likely to support correct target-task

behavior given the model’s inductive biases. This explains why the two-stage procedure consistently

outperforms either component in isolation.

3.8.2. Surrogate Models Versus Pretrained Gradients. Another consistent finding is that

the surrogate-model approach outperforms the pretrained-gradient approach in the main Mixture-of-

Tasks setting. A likely explanation is that the surrogate model, once fine-tuned on the candidate

pool, becomes better aligned with the structure of the target selection problem, whereas gradients

extracted directly from the pretrained LLM remain more influenced by broad language-modeling

objectives.

At the same time, additional experiments on larger models suggest that pretrained-gradient

methods become more competitive as model scale increases. On Qwen2.5-3B, Pre[D,BSR] slightly

outperforms the surrogate-based variant on average, as shown in Table 3.5. A similar pattern appears

on Llama-3-70B, where Pre[D,Cos] achieves the strongest average performance among the compared

methods in Table 3.6. Taken together, these results suggest that surrogate models are preferable in

the primary regime studied in this chapter, but that pretrained gradients may become more useful

as the underlying LLM becomes stronger and more specialized.

3.8.3. Alternative Surrogate Models. To examine whether the effectiveness of the surrogate-

based approach depends strongly on the particular encoder used, we replace RoBERTa-Large with

DeBERTa-v3-Large and compare Sur[D,BSR] against the BSR baseline on Llama-2-13B-Chat with

k = 3 shots. As shown in Table 3.7, the DeBERTa-based surrogate again improves over pure

BERTScore retrieval on average, raising performance from 69.82 to 70.30. Although the margin is

modest, it shows that the Indirect ICL framework is not tied to a single surrogate architecture.
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Table 3.5. Performance comparison between BSR, Sur[D,BSR], and Pre[D,BSR] for
Qwen2.5-3B with k = 3 shots in the Mixture-of-Tasks setting.

Dataset BSR Sur[D,BSR] Pre[D,BSR]

medical-genetics 88.00 90.00 87.00
prof-psychology 80.00 82.50 81.50

formal-logic 71.43 66.67 68.25
moral-disputes 83.50 80.00 82.50
public-relations 79.09 79.09 80.91
comp-security 84.00 87.00 85.00

astronomy 85.53 88.16 88.82
abstract-algebra 64.00 63.00 63.00

nutrition 84.50 85.50 85.00
high-school-biology 87.50 87.00 89.00

formal-fallacies 49.00 50.00 50.50
tracking-3 48.00 48.00 49.00

Average 75.38 75.57 75.87

Table 3.6. Performance comparison between BSR, Sur[D,BSR], Pre[D,BSR], Cos,
Sur[D,Cos], and Pre[D,Cos] for Llama-3-70B with k = 3 shots in the Mixture-of-Tasks
setting.

Dataset BSR Sur[D,BSR] Pre[D,BSR] Cos Sur[D,Cos] Pre[D,Cos]

medical-genetics 95.00 94.00 97.00 97.00 98.00 98.00
prof-psychology 92.50 91.00 90.50 91.50 91.50 90.50

formal-logic 72.22 77.78 74.60 73.81 73.02 79.37
moral-disputes 89.00 91.00 90.00 87.00 90.50 91.00
public-relations 86.36 84.55 84.55 83.64 85.45 86.36
comp-security 86.00 86.00 86.00 87.00 88.00 87.00

astronomy 98.68 98.68 97.37 98.03 97.37 99.34
abstract-algebra 68.00 66.00 67.00 65.00 65.00 66.00

nutrition 95.50 93.50 93.50 95.50 95.50 94.00
high-school-biology 93.50 94.00 93.50 94.00 94.50 94.00

formal-fallacies 59.00 66.50 60.50 59.50 63.00 66.00
tracking-3 43.50 46.00 47.00 48.00 45.50 47.50

Average 81.605 82.418 81.793 81.665 82.278 83.256

3.8.4. DataInf Versus TracIn. Across the Mixture-of-Tasks experiments, DataInf consistently

outperforms TracIn as an influence estimator. This is notable because TracIn is considerably

simpler and more computationally efficient, but the performance gap suggests that the second-order

information retained by DataInf is important for this task. A plausible explanation is that TracIn

effectively treats the Hessian as the identity and therefore fails to capture more subtle aspects of the

relationship between training examples and validation behavior. This interpretation is also consistent
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Table 3.7. Performance comparison between BSR and Sur[D,BSR] when DeBERTa-
v3-Large is used as the surrogate model on Llama-2-13B-Chat with k = 3 shots.

Dataset BSR Sur[D,BSR]

medical-genetics 87.00 85.00
prof-psychology 70.00 72.50

formal-logic 59.52 59.52
moral-disputes 78.00 84.50
public-relations 79.09 76.36
comp-security 76.00 77.00

astronomy 80.26 80.26
abstract-algebra 58.00 59.00

nutrition 77.50 79.00
high-school-biology 76.50 79.00

formal-fallacies 52.00 45.50
tracking-3 44.00 46.50

Average 69.82 70.30

Table 3.8. Percentage of noisy samples among the top 100 examples ranked by
influence in the Noisy ICL setting.

Dataset DataInf LiSSA

MRPC 83% 66%
QNLI 54% 86%
QQP 79% 95%
SST-2 90% 96%

with prior work showing that first-order influence approximations can be substantially weaker than

Hessian-based methods [17].

3.8.5. Influence for Identifying Mislabeled Demonstrations. To better understand why

influence helps in the Noisy ICL setting, we conducted a simple experiment measuring how often

IF-based ranking places mislabeled examples among the top 100 most influential points. As shown in

Table 3.8, both DataInf and LiSSA are highly effective at surfacing noisy examples. This provides a

mechanistic explanation for the success of IF Averaging: influence scores help distinguish semantically

relevant demonstrations that are still harmful because of corrupted labels.

3.8.6. Qualitative Evidence for Inductive-Bias Alignment. For MoT, to understand

the merits of our method, we compare demonstrations selected via BSR and Sur[D,BSR] on the

MMLU-abstract-algebra dataset:
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Example 1:

Q: Compute the product in the given ring. (2, 3)(3, 5) in Z5 × Z9

Options: (B) (3,1) (C) (1,6)

BSR Shots.

(1) Q: Statement 1 | Every element of a group generates a cyclic subgroup of the group.

Statement 2 | The symmetric group S10 has 10 elements. Options: (A) True, True (C)

True, False Answer: (C)

(2) Q: Statement 1 | Every function from a finite set onto itself must be one-to-one. Statement

2 | Every subgroup of an abelian group is abelian. Options: (A) True, True (D) False,

True Answer: (A)

(3) Q: How many attempts should you make to cannulate a patient before passing the job on

to a senior colleague, according to the medical knowledge of 2020? Options: (A) 4 (B) 3

(C) 2 (D) 1 Answer: (C)

Sur[D,BSR]

(1) Q: Statement 1 | Every function from a finite set onto itself must be one-to-one. Statement

2 | Every subgroup of an abelian group is abelian. Options: (A) True, True (D) False,

True Answer: (A)

(2) Q: Olivia used the rule "Add 11" to create the number pattern shown below: 10, 21, 32,

43, 54. Which statement about the number pattern is true? Options: (B) The number

pattern will never have two even numbers next to each other. (D) If the number pattern

started with an odd number, then the pattern would have only odd numbers in it. Answer:

(B)

(3) Q: Tomorrow is 11/12/2019. What is the date one year ago from today in MM/DD/YYYY

format? Options: (B) 11/11/2018 (C) 08/25/2018 Answer: (B)

We can see that while BSR selects more semantically relevant samples, Sur[D,BSR]’s selected

shots guide the model toward the correct answer (C) instead of (B) by encouraging more structured

reasoning.

Example 2:

53



Q: Statement 1 | If R is an integral domain, then R[x] is an integral domain. Statement 2 | If R

is a ring and f(x) and g(x) are in R[x], then

deg(f(x)g(x)) = deg f(x) + deg g(x).

Options: (C) True, False (B) False, False

BSR Shots

(1) Q: Pence compares six different cases of reproduction, from natural twinning to SCNT.

What conclusion does he draw from this comparison? Options: (A) SCNT is not a different

kind of reproduction because there are no morally relevant differences between it and other

permissible means of reproduction. (B) Because there is a low risk of harm for natural

twinning, there will be a low risk of harm for SCNT. (C) Both A and B (D) Neither A nor

B Answer: (A)

(2) Q: Statement 1 | Every element of a group generates a cyclic subgroup of the group.

Statement 2 | The symmetric group S10 has 10 elements. Options: (A) True, True (C)

True, False Answer: (C)

(3) Q: Statement 1 | Every function from a finite set onto itself must be one-to-one. Statement

2 | Every subgroup of an abelian group is abelian. Options: (A) True, True (D) False,

True Answer: (A)

Sur[D,BSR]

(1) Q: Statement 1 | Every function from a finite set onto itself must be one-to-one. Statement

2 | Every subgroup of an abelian group is abelian. Options: (A) True, True (D) False,

True Answer: (A)

(2) Q: Select the best translation into predicate logic. George borrows Hector’s lawnmower.

(g: George; h: Hector; l: Hector’s lawnmower; Bxyx: x borrows y from z). Options: (A)

Blgh (B) Bhlg (C) Bglh (D) Bghl Answer: (C)

(3) Q: Statement 1 | Every element of a group generates a cyclic subgroup of the group.

Statement 2 | The symmetric group S10 has 10 elements. Options: (A) True, True (C)

True, False Answer: (C)
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Here again, BSR selects the more semantically relevant shots (with the top three shots ordered in

ascending order of relevance), while Sur[D,BSR] selects less semantically similar but more influential

shots, which ultimately improves model performance.

3.8.7. Integration into Practical Workflows. Indirect ICL is particularly relevant in settings

where task-specific demonstration pools are unavailable or unreliable at inference time, but broader

labeled resources are still accessible. One important use case is real-time prompt construction for

general-purpose LLM systems, where the exact task may not be known in advance and a task-agnostic

pool of examples must be searched on the fly. In such settings, the Mixture-of-Tasks formulation

provides a practical way to improve prompt quality without requiring clean, directly task-matched

demonstrations.

Additionally, we provide several use cases of Indirect ICL in real-world scenarios. Here are a few

examples:

• Medical diagnosis: Indirect ICL can be used to diagnose rare medical conditions based

on symptoms. Since such conditions are rare, demonstrations for these specific cases are

often unavailable. However, the model can learn diagnostic reasoning patterns from more

common conditions with overlapping symptoms, improving accuracy for the rare cases.

• Code generation for obscure programming languages: Indirect ICL can aid in

generating code for rarely-used or proprietary programming languages. Demonstrations

from code generation tasks in related languages with similar structures can be leveraged,

enabling the model to generalize and perform well in these low-resource scenarios.

• Ideology Estimation from Underrepresented Contexts: We can use our paradigm

to estimate political ideology, or any other sort of text classification, from text in an

underrepresented cultural or linguistic context. We can use demonstrations from ideology

estimation in well-represented contexts such as Western political texts. They can transfer

learned associations between linguistic cues and ideological stances, adapting them to the

new context.

These examples highlight just a few of the practical applications of indirect ICL, particularly in

low-resource settings.
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Table 3.9. Defense results on AddSent and Style backdoor attacks. ASR denotes
attack success rate; lower is better.

SST-2 AddSent Style

ASR

No Defense 100.00 98.68
Task-Aware 69.41 32.02
Sur[D,BSR] 58.22 10.86

3.8.8. Indirect ICL as a Backdoor Defense Mechanism. To probe the robustness of the

framework under a different class of adversarial noise, we also evaluate influence-guided demonstration

selection as a task-agnostic backdoor defense. Here, the setting again reflects imperfect supervision:

clean task-specific labeled data may be unavailable at inference time, but a broader pool of related

examples is still accessible.

We apply Sur[D,BSR] to SST-2 [94] poisoned with two types of backdoor attacks: AddSent [143],

which inserts a trigger sentence, and Style [144], which poisons data via style transfer. We compare

against a task-aware defense baseline [145] that selects five demonstrations from a clean task-specific

dataset. Results are shown in Table 3.9.

The influence-guided indirect strategy reduces attack success rate more effectively than the

task-aware baseline in both attack settings. This result is noteworthy because it shows that even

without direct task-specific supervision, demonstrations selected through inductive-bias alignment

can provide a meaningful defense signal. More broadly, it suggests that Indirect ICL may be useful

not only for improving standard accuracy, but also for improving robustness under adversarially

corrupted supervision.

3.8.9. Computational Considerations. Table 3.10 summarizes the asymptotic inference-time

complexity of the major selection strategies. Influence-based methods are comparable to other strong

baselines and, in the combined setting, can be applied after semantic pruning to only a small subset

of candidates.

In practice, the surrogate-based methods also have a clear memory advantage. In our experiments

on 4 NVIDIA RTX 6000 Ada Generation GPUs, SurD required 7,998 MiB of memory compared
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with 18,188 MiB for PreD. This difference makes the surrogate approach more practical when

computational resources are limited.

We also measured the time required to extract test gradients and compute IF scores across

model scales using DataInf on the MMLU moral-disputes dataset with 200 test samples. As shown

in Table 3.11, runtime grows sublinearly in the tested regime when moving from RoBERTa-Large

(125M) to Llama-2-13B-Chat and Llama-2-70B-Chat. Interestingly, although RoBERTa is far smaller,

IF computation takes longer because the surrogate model is fine-tuned and influence is computed

over its LoRA-adapted components, whereas in the larger LLaMA models no fine-tuning is performed

and only LayerNorm weights produce non-zero gradients. This substantially reduces the effective

parameter space for IF estimation. For comparison, TracIn on Llama-2-13B-Chat requires only

3.576× 10−6 seconds, illustrating its substantial speed advantage, albeit at a clear cost in empirical

performance.

Finally, we assess scalability with respect to dataset size in Table 3.12. Increasing the number of

samples from 100 to 1000 leads to an approximately 10× increase in runtime, indicating roughly

linear scaling with sample size. In the Mixture-of-Tasks setting, this cost can be reduced further

by computing IF only over the 2k candidates retained after semantic pruning rather than over the

full candidate pool. Additional implementation improvements, such as moving DataInf gradient

handling from nested Python dictionaries to tensorized GPU-based operations, could likely reduce

runtime further.

Taken together, these results suggest that Hessian-based influence computation remains practical

for offline demonstration selection, especially in the surrogate-model regime, while TracIn remains

attractive only when speed is prioritized over selection quality.

3.9. Limitations

Several limitations of the empirical study should be noted. First, the chapter focuses on two

specific forms of indirect supervision, task heterogeneity and label corruption, and does not exhaust

the broader range of ways in which demonstration pools may be imperfect in practice. Second, the

strongest methods rely on influence estimation, which introduces additional computational cost

relative to purely similarity-based retrieval, even if this cost remains manageable offline. Third, the
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Table 3.10. Worst-case per-test-sample time complexity of the main demonstration-
selection methods. Here N is the number of candidate demonstrations, p is the
number of model parameters, d is embedding size, K is the maximum candidate
length, L is the test-input length, and Z is the number of n-grams.

Method Time Complexity

BSR O(NLKd)
Cos O(Nd)
BM25 O(NZ)

PreD O(Np)
SurD O(Np)
PreT O(Np)
SurT O(Np)
BSR Combined Methods O(NLKd) +O(Np)
Cos Combined Methods O(Nd) +O(Np)

Table 3.11. Time required for extracting test gradients and computing IF across
different model sizes using DataInf on MMLU moral-disputes with 200 test samples.

Model Test Gradients (s) Computing IF (s)

RoBERTa 7.447 35.72
Llama-2-13b-chat 68.5 4.69
Llama-2-70b-chat 257.64 8.81

Table 3.12. Time required for extracting test gradients and computing IF across
different sample sizes using DataInf.

Model & Samples Test Gradients (s) Computing IF (s)

RoBERTa (100 Samples) 6.7 26.4
RoBERTa (200 Samples) 7.4 35.7
RoBERTa (1000 Samples) 67.8 273.7

Llama-2-13b-chat (100 Samples) 41.0 3.6
Llama-2-13b-chat (200 Samples) 68.5 4.7
Llama-2-13b-chat (1000 Samples) 410.8 35.4

relative strength of surrogate models versus pretrained-gradient methods appears to depend in part

on model scale, suggesting that the best instantiation of Indirect ICL may vary across LLM families.

Finally, although the main results establish that influence-guided selection improves performance,

the precise mechanisms by which certain demonstrations activate beneficial latent reasoning patterns

remain only partially understood.
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3.10. Conclusion

This chapter introduced Indirect In-Context Learning as a generalized framework for demonstra-

tion selection under imperfect supervision. Across both the Mixture-of-Tasks and Noisy ICL settings,

the results show that influence-guided selection improves over strong semantic retrieval baselines

and recent demonstration-selection methods. The strongest performance arises when influence is

combined with semantic similarity rather than used in isolation, indicating that the most useful

demonstrations are those that are both relevant on the surface and beneficial with respect to the

model’s internal behavior.

More broadly, these findings extend the dissertation’s data-model synergy perspective from

parameter-space adaptation to prompt construction. They show that inference-time generalization

can be improved by selecting evidence in a way that is informed not only by semantic relevance, but

also by how individual examples interact with the model’s latent inductive biases.
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CHAPTER 4

Robustness: Characterizing Failure Modes in LLM Summarization

4.1. Introduction

This chapter studies the robustness of large language models in zero-shot abstractive summa-

rization. The central question is whether a summarization model remains reliably grounded in

source evidence under benign variation in the input. This question is important because strong

aggregate performance does not by itself imply reliable behavior: a model may achieve competitive

ROUGE or related summary-quality scores while still drawing information from the wrong parts of

a document, or while producing unstable summaries when salient source content is rephrased in a

meaning-preserving way [35].

We examine this problem through two complementary studies. The first studies position bias,

asking whether a model allocates attention to source regions in a way that is aligned with human-

written summaries. Prior work has often discussed lead bias, especially in news summarization, but

that framing is too narrow: models may over-rely on the beginning, middle, or end of a document,

and such behavior is only problematic when it differs from the positional behavior of gold summaries

[36, 37]. The second study examines relevance paraphrasing, asking whether a summarizer

remains stable when the source sentences most relevant to the gold summary are paraphrased

without changing their meaning. Together, these studies evaluate robustness along two dimensions:

where the model draws information from, and how stably it behaves when that information is

re-expressed.

More broadly, this chapter extends the dissertation’s data-model synergy perspective into the

diagnostic evaluation of deployed LLM systems. The earlier chapters used data-model interactions

constructively to improve utility and generalization. Here, the same perspective is used diagnostically

to identify brittle behavior in zero-shot summarization. The goal is not only to determine whether a
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model produces a plausible summary, but whether that summary is grounded in source evidence in

a stable and human-aligned manner.

4.2. Background and Related Work

4.2.1. Robustness and Reliability in Large Language Models. Large language models

have demonstrated strong performance across a wide range of natural language tasks, including

abstractive summarization [146]. Yet robustness in LLMs has been studied primarily in discriminative,

reasoning, or instruction-following settings, including shortcut-based analyses [147, 148, 149, 150],

benchmark sensitivity [151, 152], and adversarial prompting [153, 154, 155, 156, 157, 158, 159, 160].

By contrast, relatively less work has examined robustness for the structured generative task of

abstractive summarization.

This chapter focuses on general robustness rather than adversarial robustness. Instead of

constructing worst-case, model-specific attacks, it studies whether summarization behavior remains

stable under benign, meaning-preserving variation in the source document. This distinction matters

because summarization quality depends not only on output fluency, but also on how the model

identifies and uses salient source information.

4.2.2. Summarization Evaluation Beyond Overlap Metrics. Abstractive summarization

is typically evaluated using overlap- or similarity-based metrics such as ROUGE [161] and BERTScore

[162]. These metrics are useful for comparing generated summaries against reference summaries, but

they provide only indirect evidence about the generation process itself. In particular, they do not

reveal whether the model relied on appropriate source regions or whether its behavior would remain

stable under benign paraphrasings of salient evidence.

This limitation is related to broader concerns about faithfulness and factuality in summarization.

Prior work has shown that systems can achieve strong automatic scores while still hallucinating,

distorting, or omitting key information [35]. Other work on non-LLM summarization has studied

robustness through factuality-oriented architectures [163, 164, 165], distribution shift [166], temporal

drift [167], and synthetic input corruption [168]. The present chapter asks a different question:

whether a summarization model uses source evidence in a stable, human-aligned, and semantically

consistent way.
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4.2.3. Lead Bias, Position Bias, and Source Allocation. One established phenomenon in

summarization is lead bias, the tendency to over-rely on the opening portion of the source document,

especially in news summarization [169, 170, 171, 37]. Prior work has typically treated this as either a

bias to mitigate or a prior to exploit. This chapter adopts the broader notion of position bias, under

which lead bias is only one special case. A model may over-utilize the beginning, middle, or end of a

document, and such behavior should be considered problematic only when it is misaligned with the

behavior of human-written summaries. Position bias therefore requires a comparative distributional

view of source allocation rather than a fixed preference for any one document region.

4.2.4. Robustness Under Semantic-Preserving Perturbations. A complementary line

of work studies robustness under input changes that preserve meaning, including paraphrasing

and lexical substitution [172]. Similar ideas have appeared in broader LLM evaluation through

benchmark sensitivity and reformulation studies [151, 152], but they have rarely been applied to

zero-shot abstractive summarization. This chapter introduces relevance paraphrasing, a framework

that perturbs only the source sentences most relevant to the gold summary. Because the perturbation

is localized and meaning-preserving, it provides a direct test of whether summarization behavior

remains stable when salient evidence is expressed differently.

4.3. Shared Problem Setting: Zero-Shot Abstractive Summarization

4.3.1. Why Zero-Shot Summarization is a Useful Robustness Testbed. Both studies in

this chapter are conducted in the setting of zero-shot abstractive summarization. In this setting, the

model must summarize without task-specific fine-tuning, which exposes inference-time behavior more

directly than supervised summarization pipelines do. The model must determine what information

in a long document is most important, how to compress it, and how to express it coherently using

only the capabilities acquired during pretraining and instruction tuning.

This makes zero-shot summarization a useful robustness testbed. If a model is robust, its summary

quality should not depend excessively on superficial aspects of the input, such as where salient

sentences appear or whether those sentences are phrased one way or another. Robust summarization

therefore requires both appropriate source selection and stability under benign linguistic variation.
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4.3.2. Datasets, Models, and Evaluation. Across the two studies, we evaluate multiple

summarization datasets and model families, including both modern LLMs and pretrained encoder-

decoder models. The datasets span different discourse structures and summary styles, allowing us to

study whether the same robustness patterns hold across settings.

The evaluation perspective differs from standard summarization benchmarking. Rather than

asking only whether a generated summary matches a reference summary, we ask whether the model’s

generation process remains reliably grounded in source evidence. The first study operationalizes this

through positional source distributions; the second through controlled paraphrastic perturbations of

summary-relevant sentences.

4.3.3. A Unified View of Robustness in Summarization. The two studies target comple-

mentary dimensions of robustness. The first examines structural robustness : whether the model uses

the appropriate regions of the source document. The second examines behavioral robustness : whether

the model preserves its content-selection behavior when salient source evidence is re-expressed without

changing its meaning. Together, they motivate a broader evaluation view in which robustness is

assessed not only through output quality, but also through source-groundedness and stability of the

generation process.

4.4. Study I: Position Bias in Zero-Shot Summarization

4.4.1. Motivation. Lead bias has long been discussed in summarization, especially for news,

where important content often appears early in the article [169, 170, 171, 37]. But a general robustness

analysis requires a broader framing. A model may over-rely on the beginning, middle, or end of a

document, and whether that behavior is problematic depends on how human summaries themselves

distribute attention across the source. This motivates the notion of position bias: systematic

mismatch between the source regions emphasized by the model and those emphasized by gold

summaries. An example of a positionally biased summary is shown in Figure 4.1.
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Figure 4.1. An example of position bias where gold summary is tail biased and
model summary is lead biased.

4.4.2. From Lead Bias to Position Bias. Let an article x ∈ X contain Nx sentences, and

let a generated summary s ∈ S = A(X) contain Ns sentences. Because we consider abstractive

summarization, there is no exact one-to-one mapping between summary sentences and article

sentences. We therefore assume a proxy mapping function ϕ that maps a summary sentence si ∈ s

to the article sentence xj ∈ x that contributed most to it. In practice, ϕ can be approximated using

similarity-based methods such as TF-IDF or ROUGE-style matching.

To make positions comparable across documents of different lengths, each article x is divided

into K approximately equal segments, where K ≤ minx∈X |x|. Once summary sentences are mapped

back to source sentences via ϕ, those sentences can be mapped to segments, producing a positional

distribution over source regions for both generated summaries and gold summaries.

4.4.3. Estimating Positional Source Distributions. For a given dataset and model, we

estimate positional distributions by applying ϕ to each summary sentence and recording the cor-

responding source segment. Aggregating across documents yields an empirical distribution that

characterizes where the model, or the gold summaries, tend to draw information from. This makes

it possible to study not only lead bias, but any systematic positional mismatch.

4.4.4. Measuring Bias via Distributional Mismatch. We quantify position bias as the

distance between the gold and generated positional distributions, using Wasserstein distance [173].
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Intuitively, this measures how much probability mass must be shifted across source regions to

transform the model’s distribution into the gold distribution. Low distance indicates alignment with

human source allocation; high distance indicates positional mismatch.

This provides a robustness metric complementary to ROUGE. A model may achieve strong

overlap-based performance while still exhibiting substantial position bias, which means that summary

quality alone does not fully capture how the model uses the source document.

4.5. Study II: Robustness Through Relevance Paraphrasing

4.5.1. Motivation. The second study asks whether a summarization model remains stable

when the most important source content is paraphrased without changing its meaning. In the

summarization setting, the most informative robustness test is not to perturb the entire document

uniformly, but to perturb the source sentences most relevant to the reference summary. This

motivates relevance paraphrasing : a framework that identifies summary-relevant source sentences,

paraphrases them, and compares model performance on the original and perturbed articles. Thus,

by measuring the change in performance on both the original and perturbed set of input articles,

we can assess LLM summarization robustness. An example of relevance paraphrasing is shown in

Figure 4.2.

Article: During a peaceful kayaking trip on a serene river,

John found himself in a frantic situation when he realized

he had lost his phone. His faithful dog, Max, was his only

companion on this adventure..... Hours passed, and just

when hope seemed to wane, John's perseverance paid off
as he spotted a glimmer of his phone beneath the

riverbank's mud. With his phone safe in hand, the kayaking

journey became an unforgettable adventure filled with

both despair and triumph.

Model Summary: In the midst of both despair and

triump, a misplaced phone is ultimately found during a
kayaking journey accompanied by a faithful dog.

Article: During a peaceful kayaking trip on a serene river,

John found himself in a frantic situation when he realized

he had lost his phone. His faithful dog, Max, was his only

companion on this adventure..... Hours passed, and just

when hope seemed to wane, John's perseverance paid off
as he spotted a glimmer of his phone beneath the

riverbank's mud.  Holding his phone, the kayaking trip

turned into an eventful journey marked by both moments

of despair and triumph.

Model Summary: A man's kayaking trip with his dog

takes a stressful turn when he loses his phone on a serene
river.

Relevance

Paraphrasing

Original Article Minimally Perturbed Article

Figure 4.2. An example showcasing relevance paraphrasing. When sentences relevant
to generating the summary are paraphrased to create a minimally perturbed article,
we find that summarization performance drops as the model uses other sentences
instead to craft the summary, leading to a loss of salient information.

4.5.2. Identifying Summary-Relevant Sentences. Let an article be denoted by x ∈ X and

its corresponding gold summary by g ∈ G. We assume a proxy mapping ψ that maps a gold-summary
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Algorithm 1 Relevance Paraphrasing
1: Input: summarization model M, dataset T = (X,SG), mapping function ψ, paraphrasing model θ,

evaluation metric E
2: Initialize X ′ ← ∅
3: for each article-summary pair (x, s) with x ∈ X and s ∈ SG do
4: Let Ix = {j | xj = ψ(si), ∀si ∈ s}
5: Construct x′ by replacing each xi, for i ∈ Ix, with θ(xi)
6: Update X ′ ← X ′ ∪ {x′}
7: end for
8: Measure E(SG,M(X)) and E(SG,M(X ′))

sentence gi ∈ g to the source sentence xj ∈ x that contributed most to it [174, 175]. In practice, ψ

is approximated using TF-IDF similarity. Applying ψ to all summary sentences yields the set

Ix = {j | xj = ψ(gi), ∀gi ∈ g},

that is, the set of source sentences most relevant to the gold summary.

4.5.3. Constructing Minimally Perturbed Articles. Let θ denote a paraphrasing model

that rewrites a sentence while preserving its meaning. In this study, an instruction-tuned Llama-2-

13B model is used for this purpose. For each relevant source sentence xi with index i ∈ Ix, we obtain

a paraphrased version x′i using θ and replace the original sentence in the article. Repeating this

process yields a minimally perturbed article x′, and repeating over the dataset produces a perturbed

collection X ′.

Because only a small number of summary-relevant sentences are changed, and because the

paraphrases preserve meaning, the perturbed articles remain semantically close to the originals while

altering the surface form of the most salient source content.

4.5.4. Evaluating Stability Under Relevance Paraphrasing. The relevance-paraphrasing

procedure is summarized in Algorithm 1. The summarization model is evaluated on both the original

articles X and the perturbed articles X ′. Robustness is then assessed by comparing the resulting

summary-quality metrics.

If

E(G,A(X)) > E(G,A(X ′)),
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then performance worsens on the perturbed inputs, indicating that the model is sensitive to minimal

paraphrasings of summary-relevant evidence. Because the perturbation preserves meaning, this

degradation reflects instability in how the model identifies and uses salient content rather than a

genuine change in article semantics.

4.5.5. Why Relevance Paraphrasing is a Useful Robustness Probe. Relevance para-

phrasing targets exactly the part of the source document the model ought to care about most. Unlike

broad document-level perturbations or model-specific adversarial attacks, it is model-agnostic and

explicitly tests stability under ordinary linguistic reformulation. In this sense, it complements the

position-bias framework: position bias asks whether the model looks in the right regions of the

source document, while relevance paraphrasing asks whether it preserves the right content-selection

behavior when that evidence is expressed differently.

4.6. Experimental Setup

This chapter evaluates robustness in zero-shot abstractive summarization through two comple-

mentary studies: position bias and relevance paraphrasing. Across both studies, we consider four

datasets with distinct discourse structures and summarization regimes: CNN/DM [176], XSum [177],

News [178], and Reddit [174]. These datasets differ substantially in article length, summary length,

and the positional structure of their gold summaries, making them suitable for robustness analysis.

We evaluate multiple model families, including instruction-tuned LLMs and pretrained encoder-

decoder baselines. For the LLM-based experiments, we consider GPT-3.5Turbo, Llama-213B, Mistral7B,

and Dolly-v27B. For the position-bias study, we additionally include Pegasus and BART as reference

encoder-decoder summarization models. Unless otherwise stated, all results are obtained in the

zero-shot setting.

For Study I, position bias is measured by mapping summary sentences back to source sentences

using a similarity-based proxy function ϕ, converting those source sentences into article-segment

positions, and comparing the resulting positional distributions of gold and model-generated summaries

using Wasserstein distance. We report ROUGE-based performance alongside position bias in order

to study the relationship between overall summary quality and source-allocation behavior.
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For Study II, robustness is measured through relevance paraphrasing. We identify the source

sentences most relevant to the gold summary using a proxy mapping ψ, paraphrase those sentences

using Llama-213B, and compare summarization performance on the original and perturbed articles.

We report relative performance change under relevance paraphrasing using ROUGE-1/2/L and

BERTScore. Unless otherwise noted, the main relevance-paraphrasing experiments are run with

standard non-zero generation temperature to reflect common practical usage, while an additional

sensitivity analysis considers temperature-zero decoding.

4.7. Results: Study I: Position Bias in Zero-Shot Summarization

We begin by examining the structural robustness of zero-shot summarizers through the lens of

position bias. The central question in this study is whether models draw information from the same

regions of the source document that humans rely on when writing summaries.

4.7.1. Gold Summaries Exhibit Distinct Positional Structures Across Datasets. The

estimated positional distributions reveal that the datasets are not homogeneous. CNN/DM and

News exhibit lead-oriented gold-summary distributions, whereas Reddit and XSum are substantially

more positionally uniform. This difference is important because positional preference should only be

treated as undesirable when it differs from the empirical source-allocation behavior of human-written

summaries.

Figure 4.3 visualizes these positional distributions for gold and model-generated summaries. The

more these distributions diverge for a given model and dataset, the more positionally biased the

model is for that setting.

4.7.2. LLMs Generally Exhibit Lower Position Bias Than Encoder-Decoder Baselines.

Figure 4.4 compares summarization performance and position bias across models. Overall, the LLMs

tend to achieve both stronger ROUGE performance and lower position bias than the pretrained

encoder-decoder models. GPT-3.5Turbo consistently combines strong ROUGE scores with low

Wasserstein distance, while Llama-2 also performs strongly among open-weight models. In contrast,

BART exhibits comparatively lower zero-shot performance and stronger positional mismatch across

datasets.

68



Figure 4.3. Visualizing positional distributions of gold and model-generated sum-
maries for multiple datasets. The more these distributions differ for a given dataset
and model, the greater the model’s position bias.

These results suggest that modern instruction-tuned LLMs are, on average, better aligned with

human source-allocation behavior than zero-shot encoder-decoder baselines.

4.7.3. Extreme Summarization Reveals Stronger Positional Brittleness. A notable

exception arises on XSum, which constitutes an extreme summarization setting: source articles are

relatively long, while gold summaries are typically only one or two sentences. In this regime, both

LLMs and encoder-decoder models exhibit much stronger lead bias, despite the gold summaries

being comparatively positionally uniform. This suggests that extreme compression places particular

pressure on source selection and can amplify positional brittleness even in otherwise strong models.

Comparing XSum with Reddit is especially instructive. Although both datasets can involve short

summaries, Reddit does not induce the same degree of lead-oriented model behavior. This indicates

69



Figure 4.4. Measuring summarization performance (R1 score) and position bias
(Wasserstein distance between gold and generated summaries’ positional distributions).
Lower Wasserstein distance values correspond to lower position bias.

that the summarization regime itself, not only summary length in isolation, matters for positional

robustness.

4.7.4. Position Bias and ROUGE Capture Different Aspects of Summarization

Quality. An important finding of Study I is that strong ROUGE performance does not reliably

imply low position bias. Some models attain competitive overlap-based quality while still exhibiting

substantial positional mismatch, especially on XSum. Position bias therefore captures a dimension

of summarization behavior that is not directly visible from standard summary-quality metrics alone.

This point is reinforced by the additional ROUGE analyses in Figure 4.5, where the same broad

trends hold for ROUGE-2 and ROUGE-L. The existence of these consistent trends across metrics

strengthens the interpretation that position bias is a meaningful and stable diagnostic rather than

an artifact of one particular overlap score.

4.7.5. Implication of Study I. Taken together, the results of the first study show that

zero-shot summarization quality cannot be fully understood from output overlap alone. Models

differ not only in how well their summaries match references, but also in how they allocate attention

across the source document. This motivates the second study: even if a model appears to draw from
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Figure 4.5. Additional results for R2 and RL metrics.

the right general regions of the document, it may still fail to behave stably when the most salient

source content is re-expressed in a meaning-preserving way.

4.8. Results: Study II: Robustness Through Relevance Paraphrasing

We now turn from where models draw information from to how stably they use that information

when salient source content is paraphrased. The second study therefore probes behavioral robustness

through controlled, semantics-preserving perturbations of the input articles.

4.8.1. Relevance Paraphrasing Consistently Degrades Summarization Performance.

We present the relative performance change1 for the original summaries and the summaries obtained

after relevance paraphrasing in Table 4.1. We evaluate with four summarization metrics: ROUGE-1,

ROUGE-2, ROUGE-L, and BERTScore.

The dominant pattern is clear: summarization performance usually declines after paraphrasing

the sentences most relevant to the gold summary. The largest degradations occur on CNN/DM

and News, with particularly large ROUGE-2 drops. The most affected model is Dolly-v27B, while

Mistral7B appears comparatively more robust. GPT-3.5Turbo and Mistral7B show a few isolated

improvements, most notably on XSum, but these do not overturn the broader trend.

1Computed as (new − old)/old × 100%.
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Table 4.1. Performance change (%) observed after relevance paraphrasing across
datasets/LLMs.

Datasets Metrics Llama-213B GPT-3.5Turbo Dolly-v27B Mistral7B

Performance Change (%)

ROUGE-1 (-)7.354 (-)8.750 (-)13.77 (-)6.814
ROUGE-2 (-)21.20 (-)23.73 (-)31.66 (-)27.72
ROUGE-L (-)9.431 (-)13.54 (-)15.70 (-)11.99CNN

BertScore (-)0.311 (-)0.689 (-)5.754 (-)0.522

ROUGE-1 (-)2.837 (+)16.19 (+)0.680 (-)3.680
ROUGE-2 (-)8.077 (+)12.99 (-)3.607 (-)13.91
ROUGE-L (-)3.764 (+)11.41 (+)1.465 (-)3.649XSum

BertScore (-)0.092 (+)0.321 (-)0.524 (+)0.047

ROUGE-1 (-)10.90 (-)15.41 (-)39.60 (-)7.457
ROUGE-2 (-)28.43 (-)36.96 (-)50.30 (-)19.43
ROUGE-L (-)13.15 (-)17.00 (-)41.79 (-)10.65News

BertScore (-)0.080 (-)0.707 (-)7.083 (+)0.528

ROUGE-1 (-)3.158 (-)6.600 (-)21.85 (-)2.974
ROUGE-2 (-)13.10 (-)24.13 (-)13.20 (-)13.89
ROUGE-L (-)3.529 (-)7.646 (-)27.64 (-)1.700Reddit

BertScore (-)0.070 (-)0.750 (-)18.84 (+)2.104

4.8.2. LLMs Are Not Fully Consistent Summarizers. Figure 4.6 examines how source-

sentence usage changes after relevance paraphrasing. Using the proxy mapping ψ, we estimate

which input article sentences contribute to the generated summaries before and after perturbation.

The figure shows that models often begin drawing on different source sentences once the relevant

sentences are paraphrased. This means that a minor, semantics-preserving perturbation can induce

a substantial shift in source selection and, in turn, summary quality.

This behavior is somewhat less pronounced for Mistral7B, but is clearly present across the other

LLMs. In this sense, the relevance-paraphrasing results provide behavioral evidence complementing

the metric-based results of Table 4.1: the models do not merely score lower after perturbation, but

often change the underlying evidence they rely on.

4.8.3. Human Evaluation Supports the Same Trend. To further validate the automatic

findings, we conduct human evaluation of article-summary triplets following the methodology of

[179, 180]. We recruit 22 student annotators, each of whom evaluates up to 30 article-summary

triplets consisting of the gold summary, the original model summary, and the summary produced

after relevance paraphrasing. We evaluate all four LLMs on the XSum and Reddit datasets, with

each dataset-model pair annotated by three annotators.
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Figure 4.6. Paraphrasing results in different summaries.

The following instructions were provided to the annotators2 (similar protocol as to [179]: Annotate

the summary quality of the following Article-summary pairs using the definitions. Your scores will be

presented in a research article. Definitions:

• Faithfulness (Binary Score 0 or 1): Whether the summary is faithful to the article or

not (on topic).

• Coherence (Integer Score between 1 to 5): Whether the summary is well-structured

and organized. Should not just be a heap of related information

• Relevance (Integer Score between 1 to 5): Whether the summary selects important

content from the source. Summary should only include the important info.

The results obtained are as follows. For each dataset-model pair the best summary (in bold) is

the one with overall high performance on the 3 sub-metrics (to break ties we use the overall highest

scores):

2The annotators were grad students of UC Davis residing in Davis, California.
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Gold
Dataset-Model Faithfulness Coherence Relevance

Xsum GPT 0.520(0.242) 3.390(1.257) 2.280(0.440)
Xsum Llama 0.550(0.201) 2.870(0.640) 2.380(0.779)
Xsum Dolly 0.630(0.163) 3.580(0.984) 2.820(0.505)

Xsum Mistral 0.630(0.123) 3.470(0.456) 3.340(0.560)
Reddit GPT 0.720(0.077) 2.750(0.622) 2.820(0.645)
Reddit Llama 0.670(0.133) 2.950(0.572) 2.950(0.230)
Reddit Dolly 0.830(0.095) 3.100(0.272) 3.620(0.308)

Reddit Mistral 0.790(0.160) 3.090(1.057) 3.270(0.500)

Original
Dataset-Model Faithfulness Coherence Relevance

Xsum GPT 0.950(0.077) 4.000(0.514) 4.380(0.375)
Xsum Llama 0.990(0.030) 3.520(0.600) 3.680(0.380)
Xsum Dolly 0.670(0.116) 3.370(0.552) 2.670(0.289)

Xsum Mistral 0.770(0.177) 3.270(0.668) 2.800(0.608)
Reddit GPT 1.000(0.000) 4.220(0.816) 4.400(0.492)
Reddit Llama 0.920(0.101) 3.850(0.358) 3.900(0.232)
Reddit Dolly 0.520(0.248) 2.340(0.534) 2.070(0.315)

Reddit Mistral 0.400(0.077) 3.100(0.439) 2.220(0.477)

Paraphrased
Dataset-Model Faithfulness Coherence Relevance

Xsum GPT 0.920(0.073) 3.760(0.545) 3.720(0.146)
Xsum Llama 0.990(0.030) 3.550(0.303) 3.590(0.305)
Xsum Dolly 0.820(0.186) 3.370(0.622) 2.720(0.305)

Xsum Mistral 0.820(0.085) 3.250(0.648) 2.870(0.590)
Reddit GPT 0.890(0.030) 4.130(0.497) 3.920(0.581)

Reddit Llama 0.950(0.071) 3.880(0.363) 4.120(0.093)
Reddit Dolly 0.500(0.179) 2.230(0.737) 2.040(0.506)

Reddit Mistral 0.370(0.173) 2.930(0.509) 1.950(0.469)

Across the eight dataset-model settings, paraphrased summaries are rated best only once. Original

summaries are preferred in three cases, while gold summaries are preferred in the remaining four cases.

Thus, the human evaluations are broadly consistent with the automatic metric results: relevance

paraphrasing tends to reduce summary quality in a way that is perceptible to human readers.

4.9. Discussion

4.9.1. The Two Studies Reveal Complementary Failure Modes. Taken together, the

two studies show that robustness in zero-shot summarization has at least two distinct dimensions.

The position-bias study identifies structural failures in source allocation: a model can achieve strong
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CNN Reddit
Metrics Relevant Random Relevant Random

ROUGE-1 (-)7.135 (-)1.625 (-)3.880 (-)0.665
ROUGE-2 (-)19.84 (-)3.636 (-)16.17 (-)2.212
ROUGE-L (-)8.498 (-)1.394 (-)4.178 (-)0.179
BertScore (-)0.238 (-)0.023 (-)0.078 (+)0.060

Table 4.2. Effect of paraphrasing summary-relevant sentences versus randomly
selected non-relevant sentences.

overlap-based performance while still emphasizing source regions that differ from those emphasized

by human-written summaries. The relevance-paraphrasing study identifies behavioral failures in

selection stability: a model can change its output substantially when salient evidence is re-expressed

in a meaning-preserving way.

These are related but non-identical failure modes. A model may draw from roughly the right

source regions but still be unstable when those regions are reworded. Conversely, a model may

be relatively stable under paraphrasing while still being systematically misaligned in its positional

preferences. Together, the studies reinforce the broader claim of this chapter: aggregate summary

quality alone is an incomplete proxy for reliability.

4.9.2. Why the Relevance-Paraphrasing Effect Is Meaningful. A central validity question

for Study II is whether the observed degradation is truly due to perturbing salient content, rather

than merely changing the wording of the article in some arbitrary way. Several additional analyses

support the stronger interpretation.

First, paraphrasing non-relevant sentences has a much smaller effect on summary quality than

paraphrasing the source sentences most relevant to the gold summary. This shows that the observed

degradation is not simply due to making the article stylistically different; it is specifically tied to

changing the wording of the content most central to the summarization task.

Second, paraphrasing a larger proportion of relevant sentences produces somewhat larger perfor-

mance degradation, especially on XSum and News. This is consistent with the view that increasing

the amount of perturbed salient content further stresses the model’s content-selection stability.
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XSum NEWS
Metrics Top 1 Top 3 Top 1 Top 3

ROUGE-1 (-)2.483 (-)3.091 (-)10.58 (-)11.21
ROUGE-2 (-)5.926 (-)8.302 (-)28.32 (-)33.22
ROUGE-L (-)2.644 (-)3.831 (-)12.91 (-)13.64
BertScore (-)0.050 (-)0.076 (-)0.015 (-)0.022

Table 4.3. Effect of paraphrasing a larger proportion of relevant source sentences.

Table 4.4. Performance change (%) observed after prompting the LLM with the
same article-summary pair twice.

Datasets Metrics Llama-213B GPT-3.5Turbo Dolly-v27B Mistral7B

Performance Change (%)

ROUGE-1 (-)0.039 (+)0.328 (-)0.119 (+)0.014
ROUGE-2 (-)0.088 (+)0.909 (+)0.016 (+)0.134
ROUGE-L (-)0.013 (+)0.294 (-)0.040 (-)0.029CNN

BertScore (+)4.66E-08 (+)0.009 (+)2.60E-08 (+)7.75E-08

ROUGE-1 (-)0.014 (+)0.347 (+)0.069 (-)0.033
ROUGE-2 (-)0.033 (-)1.622 (+)0.049 (-)0.329
ROUGE-L (+)0.096 (+)0.128 (-)0.052 (-)0.046XSum

BertScore (+)9.91E-08 (+)0.005 (+)1.33E-07 (+)7.43E-08

ROUGE-1 (+)0.146 (+)1.202 (+)0.552 (-)0.141
ROUGE-2 (+)0.530 (-)1.919 (-)0.137 (-)0.343
ROUGE-L (+)0.218 (-)0.268 (+)0.431 (+)0.185News

BertScore (+)0.000 (+)0.059 (+)5.86E-08 (+)1.17E-07

ROUGE-1 (-)0.047 (-)2.392 (-)0.160 (+)0.032
ROUGE-2 (-)0.375 (-)3.429 (-)0.654 (-)0.757
ROUGE-L (+)0.035 (-)2.060 (-)0.393 (-)0.004Reddit

BertScore (-)2.60E-07 (+)0.043 (+)2.60E-07 (-)9.00E-08

Third, successive prompting on the same original articles yields negligible performance change,

indicating that the larger drops under relevance paraphrasing are not simply a result of generation

variance.

4.9.3. Sensitivity Analyses Strengthen the Main Interpretation. We also re-run the

relevance-paraphrasing experiment with temperature set to zero on a 10% sample of the datasets.

The magnitude of the effect is reduced in some settings, but the overall pattern remains: performance

frequently worsens after paraphrasing salient source content. Table 4.5 and Figure 4.7 summarize

these results.

NLI-based evaluation using MENLI [181] likewise shows consistent degradation in summary

quality after relevance paraphrasing, supporting the conclusion that the observed effect is not an

artifact of ROUGE or BERTScore alone.
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Table 4.5. Performance change (%) observed after relevance paraphrasing across
datasets/LLMs with temperature set to 0.

Datasets Metrics Llama-213B GPT-3.5Turbo Dolly-v27B Mistral7B

Performance Change (%)

ROUGE-1 (-)7.543 (-)5.740 (-)10.45 (-)10.37
ROUGE-2 (-)20.728 (-)14.74 (-)28.12 (-)28.32
ROUGE-L (-)9.842 (-)7.034 (-)13.90 (-)14.33CNN

BertScore (-)0.388 (-)0.231 (-)0.353 (-)0.373

ROUGE-1 (-)5.381 (-)3.448 (-)0.637 (+)1.703
ROUGE-2 (-)12.405 (-)8.361 (-)4.547 (+)1.414
ROUGE-L (-)4.377 (-)3.298 (-)1.420 (+)1.324XSum

BertScore (-)0.249 (-)0.125 (-)1.751 (+)0.218

ROUGE-1 (+)7.095 (-)2.876 (-)19.37 (-)11.38
ROUGE-2 (-)3.272 (-)17.79 (-)40.93 (-)34.03
ROUGE-L (+)4.312 (-)4.335 (-)22.17 (-)15.59News

BertScore (+)0.436 (+)0.459 (-)0.331 (-)0.103

ROUGE-1 (+)2.174 (-)1.992 (-)23.87 (-)6.461
ROUGE-2 (-)1.813 (-)9.880 (-)41.31 (-)25.44
ROUGE-L (-)0.704 (-)4.075 (-)25.82 (-)6.445Reddit

BertScore (-)0.020 (-)0.102 (-)22.33 (-)0.053

Figure 4.7. Paraphrasing results in different summaries for temperature set to 0.

4.9.4. Comparison with Traditional Summarization Models. We also evaluate fine-tuned

BART and Pegasus under relevance paraphrasing. Both models show consistent degradation across

all datasets and metrics, as summarized in Table 4.6. These results indicate that robustness problems
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Dataset Metric BART Pegasus

CNN

Rouge1 (-)13.04 (-)14.1
Rouge2 (-)33.71 (-)34.61
RougeL (-)18.38 (-)19.73
BertScore (-)0.676 (-)0.828

Xsum

Rouge1 (-)3.14 (-)2.978
Rouge2 (-)5.601 (-)4.836
RougeL (-)3.53 (-)3.139
BertScore (-)0.22 (-)0.218

News

Rouge1 (-)10.71 (-)12.3
Rouge2 (-)21.9 (-)22.71
RougeL (-)11.6 (-)12.64
BertScore (-)0.587 (-)0.763

Reddit

Rouge1 (-)5.4 (-)8.81
Rouge2 (-)15.41 (-)22.43
RougeL (-)6.263 (-)10.15
BertScore (-)0.137 (-)0.38

Table 4.6. Robustness degradation after relevance paraphrasing for BART and
Pegasus.

under meaning-preserving perturbations are not unique to LLMs, although the zero-shot LLMs still

generally offer stronger overall summarization quality.

4.10. Additional Validating Analyses

4.10.1. Robustness of the Position-Bias Framework to Alternative Design Choices.

The position-bias findings are stable under multiple reasonable implementation choices. Using

ROUGE-1 instead of TF-IDF as the proxy mapping function ϕ yields highly similar positional

distributions and Wasserstein distances. Likewise, mapping summary sentences to the top-N

most similar source sentences rather than only the single best match does not change the main

qualitative trends. These analyses suggest that the framework is not overly sensitive to one specific

operationalization of source-sentence mapping.

4.10.2. ROUGE and Position Bias Are Not Redundant. We also measure the relationship

between ROUGE and position bias more directly. The correlation between Wasserstein distance

and ROUGE is highly dataset dependent: it is strongly positive on XSum, weak on CNN/DM, and

strongly negative on News and Reddit. This confirms that overlap-based metrics do not subsume
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positional robustness and that independent source-allocation measurement is needed for a more

complete evaluation.

4.10.3. Prompting and Architecture Variants. To further probe the generality of the

position-bias framework, we examine prompt and architecture variants. Role-playing prompts

modestly reduce position bias on a subset of XSum, but do not eliminate the strong lead-oriented

tendency. Flan-T5, a more generalized encoder-decoder model, exhibits substantially lower position

bias than BART and Pegasus on several datasets, including XSum. This suggests that positional

behavior is shaped not only by model architecture, but also by training regime and instruction

tuning.

4.11. Limitations

This chapter has several limitations. First, both studies rely on proxy mappings from summary

sentences back to source sentences. Although sensitivity analyses suggest that the results are robust

to reasonable choices of these mappings, they remain approximations. Second, relevance paraphrasing

depends on the quality of the paraphrasing model. While the chosen paraphraser preserves semantic

content well in both automatic and qualitative inspection, no paraphrasing procedure is perfectly

meaning invariant. Third, the analyses focus on zero-shot summarization and therefore do not

exhaust the broader space of summarization robustness under fine-tuning, retrieval augmentation, or

multi-document settings.

4.12. Conclusion

This chapter introduced two complementary diagnostics for summarization robustness. The first,

position bias, measures whether a model’s source allocation is aligned with that of human summaries.

The second, relevance paraphrasing, measures whether summary generation remains stable when

salient source content is re-expressed in a meaning-preserving way. Together, the findings show that

even strong zero-shot summarizers can exhibit meaningful robustness failures that are not visible

from aggregate summary metrics alone. Robust summarization evaluation should therefore consider

not only final summary quality, but also how a model uses the source document and how stable that

behavior remains under benign variation.
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CHAPTER 5

Reliability: Avoidance Learning of Failure Modes for Robust Tool

Planning

5.1. Introduction

The previous chapters studied large language models as predictors: systems that map an input

to an answer, a label, or a summary. A rapidly growing class of deployments instead treats the

model as an agent that accomplishes a goal by orchestrating external tools, such as search engines,

calculators, databases, and application programming interfaces. In this agentic setting the model

does not produce a single answer; it decomposes a request into sub-goals, selects an appropriate tool

for each sub-goal, binds the arguments of every call with valid types, routes the output of one call

into the input of the next, and sequences the whole procedure so that every dependency is satisfied

before it is used. The artifact the model produces is therefore a tool plan: a structured, multi-step

program over an external toolset. As LLMs are increasingly deployed as autonomous agents, the

reliability of these plans, rather than the fluency of any individual response, becomes the property

that determines whether the system is usable in practice.

This shift from prediction to planning introduces a distinct failure surface. In multi-step tool

planning, an LLM must simultaneously select correct tools, bind arguments with valid types, route

intermediate outputs as inputs to downstream calls, and order operations correctly. A single

local mistake, whether a near-miss tool, a mis-typed argument, or a mis-threaded reference, silently

propagates through dependent steps and breaks the entire trajectory. Even frontier models exhibit this

brittleness on multi-step tool-calling datasets: GPT-4o reaches only 49% accuracy on ToolHop [182]

and 28% full-sequence match on NESTFUL [183]. In multi-step plans no constraint is independent;

a single error cascades forward, producing trajectories that appear syntactically well-formed but are

deductively broken.
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This chapter approaches that problem through the dissertation’s data-model synergy lens, but

in a constructive mode. The adaptation chapters used influence functions to measure how existing

training data shapes a model’s layers and its choice of demonstrations; the robustness chapter

used distributional and perturbation diagnostics to reveal where a model’s behavior is brittle. Tool

planning lets us join those two stances. We first characterize how planners fail, in the same spirit that

the robustness chapter characterizes summarization failures, and we then turn that characterization

into synthesized training data that reshapes the model, in the same spirit that the adaptation

chapters reshape it. Concretely, we encode planner failures in a nine-error taxonomy, generate

contrastive negative plans that instantiate each error, and use them to train a judge and, through

that judge, a planner that learns to avoid the failures directly. The instrument here is not influence

estimation but data synthesis grounded in a structural model of failure; the unifying principle, that

downstream behavior can be improved by acting deliberately on the relationship between data and

model, is the same.

The community has responded to planner brittleness along two axes. The first is test-time search:

ReAct [184], Reflexion [185], LATS [186], and ToolTree [187] explore reasoning trajectories more

carefully through reactive loops or tree search. The second is structural scaffolding : GTool [188],

GNN4Plan [189], and ToolPlanner [190] inject dependency-graph priors at inference time. RL-

based methods that fine-tune tool policies on coarse execution outcomes [191, 192, 193] provide a

third alternative. All share an assumption that improved inference-time guidance or scalar success

signals suffice; none directly trains models to recognize and avoid the specific structural failure

modes that derail multi-step plans. Recent diagnostic work has begun characterizing these failure

modes systematically: CriticTool [194] defines a five-type error taxonomy, while ToolScan [195] and

FAIL-TALMS [196] catalog recurring failure patterns. These taxonomies, however, remain post-hoc

diagnostic instruments rather than training targets, leaving a clear opportunity: train planners and

judges to be error-aware by construction.

We introduce Forte (Figure 5.1), a framework that trains tool planners through failure avoidance.

Forte starts from a 9-error taxonomy for multi-step plans (Table 5.1) and uses it to drive a contrastive

data augmentation pipeline: for each gold trajectory we generate nine minimally edited negative

plans, each instantiating one taxonomy error while preserving task context. This produces a dense,
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FORTE  Failure-Oriented Robust Tool-planning with Error-aware training

STEP 1.  Build Error-Aware Corpus STEP 2.  Train Judge & Planner STEP 3.  Inference

✅  Correct Plan
Step 0:  lookup_author("Hamlet")
Step 1:  get_birth_year(Step 0)
Step 2:  subtract(2024, Step 1)
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Figure 5.1. Forte trains tool-planning models in three steps. We first build an
error-aware corpus by injecting nine taxonomy-grounded error types into correct plans.
We then annotate plans with GPT-5.4, fine-tune a judge model on the nine-error
rubric, and train the planner with GRPO using the frozen judge as a dense reward
signal. At inference, we sample five candidates with Best-of-N selection.

taxonomy-grounded supervision signal at scale without manual annotation. A lightweight judge is

fine-tuned on a deductive rubric over these plan pairs, learning to score plan structure and localize

specific error types. The planner is then trained with GRPO using this frozen judge as a structured

reward signal, and at test time the same judge selects from a temperature-diverse Best-of-N candidate

pool [197, 198].

Forte differs from prior judge-planner [190, 191] and RL methods in three ways. First, the judge

is grounded in a human-interpretable error taxonomy rather than in scalar end-task scores, making

its judgments more precise and more interpretable. Second, contrastive negative plans densely cover

the error space, rather than relying on sparse environment failures or oracle trajectory pairs. Third,

the architecture is decoupled in a specific sense that prior methods are not: prior training-based

approaches conflate plan-level correctness with tool execution outcomes, whereas Forte’s judge

scores plan structure alone, so the planner is reusable across benchmarks and requires no ensemble

components, graph-search modules, or multi-agent decompositions at inference time.
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Across ToolHop and NESTFUL, Forte achieves the highest Judge Success Rate (JSR) on all six

backbone and dataset configurations using only 3B to 7B open-source models, beating established

baselines (ReAct, α-UMi, GNN4TaskPlan, ToolPlanner) by 2.5 to 13.2 JSR points and exceeding

frontier closed-source models: even our smallest backbone outperforms GPT-5.5 by 33.9 ToolHop

JSR points. Ablations confirm that the contrastive negatives are the critical ingredient; removing

them drops JSR by 14.3 points and collapses Best-of-N selection below the single-sample baseline.

Our main contributions are:

• A 9-error taxonomy for multi-step tool plans organized into argument-level, multi-step

dependency, and plan-structure failure modes, with three categories that are absent from

prior diagnostic frameworks (Table 5.1).

• Two augmented contrastive datasets (ToolHop and NESTFUL) constructed via a scalable

annotation pipeline that, for each gold trajectory, instantiates all nine taxonomy errors

as minimally edited negatives and annotates the resulting plan pairs against a deductive

rubric, supporting the training of error-aware planners and judges.

• A decoupled judge-planner architecture in which a lightweight judge supplies dense GRPO

reward and also serves as a verifier for temperature-diversity Best-of-N inference, without

requiring tool execution at any stage of training or selection.

• Comprehensive experiments showing Forte achieves the highest JSR across all six backbone

and dataset configurations, with Forte-Qwen2.5-7B reaching 96.6 / 98.6 JSR on ToolHop /

NESTFUL and outperforming GPT-5.5 by 33.9 ToolHop JSR points using only open-source

3B to 7B backbones.

5.2. Related Work

Multi-step tool planning and benchmarks. Tool-augmented LLMs have advanced from single-step

function calling [199] to multi-step orchestration at scale [200]. Two recent benchmarks specifically

stress multi-step structure: ToolHop [182] requires multi-hop chaining across 995 queries and 3,912

tools (GPT-4o: 49% accuracy), and NESTFUL [183] targets nested API sequences where one

call’s output seeds the next (full-sequence match: 28%). These results establish that multi-step
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Table 5.1. Forte’s 9-error taxonomy versus prior error-characterization and train-
ing frameworks [194, 195, 196, 191, 190, 193]. ✓/✗indicate whether the error type is
explicitly characterized or the methodology property is present. Rows are grouped
into argument-level errors (rows 1 to 3), multi-step dependency errors (rows 4 to 6),
and multi-step plan structure errors (rows 7 to 9); all three dependency and ordering
error types are absent from prior frameworks.

Diagnostic Benchmarks Training Methods

Error Type Critic Tool FAIL- Step Tool Ava Forte
Tool Scan TALMS Tool Planner TaR (Ours)

Type Mismatch ✗ ✓ ✗ ✗ ✗ ✗ ✓
Parameter Typo ✓ ✓ ✗ ✗ ✗ ✗ ✓
Wrong Tool ✓ ✓ ✗ ✗ ✗ ✗ ✓

Missing Dependency ✗ ✗ ✗ ✗ ✗ ✗ ✓
Circular Dependency ✗ ✗ ✗ ✗ ✗ ✗ ✓
Forward Reference ✗ ✗ ✗ ✗ ✗ ✗ ✓

Inefficient Order ✗ ✗ ✗ ✗ ✗ ✗ ✓
Incomplete Plan ✗ ✓ ✓ ✗ ✗ ✗ ✓
Unnecessary Steps ✗ ✓ ✗ ✗ ✗ ✗ ✓

Errors Covered 2/9 5/9 1/9 0/9 0/9 0/9 9/9

Taxonomy Defined ✓ ✓ ✗ ✗ ✗ ✗ ✓
Used as Training Signal ✗ ✗ ✗ ✓ ✓ ✓ ✓
Contrastive Training Data ✗ ✗ ✗ ✗ ✗ ✓ ✓
Judge Trained on Taxonomy ✗ ✗ ✗ ✗ ✗ ✗ ✓

dependency failures are qualitatively different from single-call errors and persist even in frontier

models, motivating methods that act on multi-step structure at training time.

Test-time search and structural scaffolding. Test-time methods improve robustness either by

searching harder or by imposing structure. Search-based approaches range from the canonical

Thought, Action, Observation loop of ReAct [184] to the recent ToolTree [187], which combines pre-

and post-execution LLM evaluation inside MCTS with bidirectional pruning. Structural scaffolding

methods instead inject dependency priors via GNNs or graph navigation [189]. We compare directly

against representatives of both families (ReAct and GNN4TaskPlan) in our experiments. All of these

methods constrain or guide the planner at inference time but leave its underlying error tendencies

unchanged, treating brittleness as an inference problem rather than a training deficiency.

RL and contrastive training for tool use. Several works apply RL or contrastive optimization

to tool-use policies. StepTool [191] introduces step-grained reward shaping that assigns credit to

each tool call based on invocation success and task contribution. ToolPlanner [190] constructs

pairwise SFT and RL preference data from task-completion and instruction-following scores. On
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the contrastive side, AvaTaR [193] learns a comparator module that performs contrastive reasoning

over positive and negative trajectories to generate holistic steering prompts. The supervision in all

of these frameworks reduces to coarse execution outcomes, such as binary success, task recall, or

completion scores, rather than structured error labels. None trains against a taxonomized error space,

so the agent receives no signal distinguishing a dependency-threading failure from a parameter-key

error. Forte addresses this directly, training its judge on a deductive rubric over a 9-error taxonomy

and making the contrastive signal causally grounded in specific failure types.

Failure taxonomies and diagnostic benchmarks. Substantial recent work characterizes tool-use

failures empirically. CriticTool [194] is the closest prior work, defining a five-type taxonomy covering

tool selection, tool hallucination, parameter-key, parameter-value, and environment errors, and

introducing the first benchmark for evaluating LLM self-critique in tool-calling; it finds that GPT-4o

achieves only 22% error recovery on NESTFUL. ToolScan and FAIL-TALMS each catalog seven or

more recurring error patterns and provide diagnostic protocols [195, 196]. The consistent pattern

across this line of work is that error taxonomies serve as diagnostic instruments rather than training

targets. Forte closes this loop: the taxonomy is designed to be labeled over individual plan steps,

the contrastive pipeline populates that label space at scale, and the judge is trained to reason within

it, transforming error characterization from a post-hoc diagnostic into the primary driver of training.

5.3. Method

Here we present the methodology of Forte.

5.3.1. Problem Formulation. Let q denote a natural-language query and T = {t1, . . . , tK}

a set of available tools, each described by its name, parameter schema, and return type. A tool

plan is a sequence π = ⟨s0, . . . , sL⟩ where each si = (vi, ti,pi) specifies an output variable, a tool

invocation, and parameter bindings that may reference earlier outputs via {{j}} syntax; π∗ denotes

the gold reference plan. The planner fθ maps (q, T ) to a distribution over plans, and the judge gϕ

maps (q, T , π) to a quality score ρ ∈ [0, 100] and a predicted error label e drawn from the 9-type

taxonomy defined below.

5.3.2. Error Taxonomy. We define nine concrete failure modes in three categories.
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Argument-level errors occur within individual tool invocations. Parameter Typo distorts one

parameter value while preserving syntactic validity. Type Mismatch replaces a parameter with one

of an incompatible type, for example an integer where a string is required. Wrong Tool substitutes

the correct tool with a semantically adjacent but functionally incompatible alternative.

Multi-step dependency errors arise from incorrect data flow. Missing Dependency replaces an

inter-step reference {{j}} with a hardcoded literal. Circular Dependency introduces a reference cycle.

Forward Reference lets an earlier step reference a step not yet executed.

Multi-step plan structure errors affect global plan organization. Inefficient Order permutes

steps so the logical sequence is broken while individual invocations remain correct. Incomplete Plan

truncates the plan before the final sub-question is resolved. Unnecessary Steps inserts a redundant

tool call.

These nine types cover the recurring patterns identified in prior diagnostic work [194, 195, 196],

extending coverage to the three dependency and ordering errors unique to multi-step plans (Table 5.1).

5.3.3. Contrastive Data Augmentation. Given a gold plan π∗ for query q, we construct

nine taxonomy-grounded negative plans {π−e }e∈E , one per error type, via deterministic, minimally

invasive edits to π∗. Each edit targets a single step and preserves all other steps verbatim, so the

negative differs from the gold in exactly the way prescribed by e.

Argument-level negatives apply a character-level perturbation (typo), substitute a type-incompatible

constant from the schema (type mismatch), or swap the tool name for the most-similar alternative

in T (wrong tool). Dependency negatives replace {{j}} with a hardcoded string (missing depen-

dency), introduce a back-edge that closes a cycle (circular dependency), or advance a reference

past the current step (forward reference). Structural negatives swap two steps with a data-flow

dependency (inefficient order), drop the final step (incomplete plan), or duplicate an intermediate

step (unnecessary steps).

This yields plan pairs (q, T , π∗, π−e , e) without manual annotation. Applied independently to the

training splits of ToolHop and NESTFUL, the pipeline produces two dataset-specific augmented

corpora that systematically cover the full error space.
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5.3.4. Judge Training. We fine-tune a judge model gϕ to score plans on a deductive rubric

aligned with the taxonomy. Given the query, tool schemas, and proposed plan, the judge outputs

a JSON object containing a quality score ρ ∈ [0, 100], a categorical success prediction, a natural-

language reasoning trace, and a list of detected issues with their predicted error types (inference

prompt in Section 5.3.7).

Reference annotations. For each pair (q, T , π∗, π−e , e) we query GPT-5.4 with the inference-time

rubric prompt (Section 5.3.7). Starting from a base score of 100, the rubric deducts on a four-tier

severity schedule: critical (−30) for circular dependencies, forward references, missing required

parameters, and non-existent tools; high (−20) for hardcoded values where {{j}} references are

expected; medium (−10) for ordering and redundancy issues; and low (−5) for stylistic issues. The

injected error type e is not revealed to GPT-5.4: the annotator identifies issues independently and

applies the rubric, so each negative’s score reflects errors GPT-5.4 actually detects rather than a

deterministic mapping from the injection label. Empirically, gold plans score 95 to 100 and negatives

score 70 to 95.

Syntactic-only scoring. The rubric scores syntactic plan correctness rather than semantic task

success, and the judge is instructed never to type-check parameter values containing {{j}}, since these

are dependency references whose runtime type is determined upstream. This decoupling enables

training the judge on plan structure alone, with no tool execution environment required.

The judge is LoRA fine-tuned [68] from Qwen2.5-7B-Instruct on the reference annotations and

used identically across all planner experiments. At inference it is served via batched vLLM as both

the GRPO reward model and the Best-of-N scorer.

5.3.5. Planner Training. Supervised fine-tuning. We initialize the planner from a pre-

trained instruction-tuned base model and perform SFT on the gold plans of the relevant corpus with

the prompt template in Section 5.3.7. The objective is token-level cross-entropy on response tokens

only. The SFT checkpoint serves as both the RL initialization and the KL reference policy.

RL with GRPO. We use Group Relative Policy Optimization [201], which removes the value

network and computes advantages via group-normalized rewards: for each query we sample G

candidate plans, score each with the frozen judge, and normalize the group’s rewards by their mean
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and standard deviation. The judge weights are frozen throughout RL, so the planner’s reward signal

is determined entirely by plan structure.

5.3.6. Inference: Temperature-Diversity Best-of-N . At test time we generate N = 5

candidate plans per query and return the highest-scoring candidate. To maximize candidate diversity

without sacrificing per-sample quality, we draw exactly one candidate at each temperature in

τ ∈ {0.2, 0.4, 0.6, 0.8, 1.0}. Each candidate is scored by the judge with the same rubric used during

RL training (Section 5.3.7), and we return π̂ = argmaxi∈[N ] gϕ(q, T , πi).

5.3.7. Prompts and Scoring Rubric. This subsection collects the three prompts used by

Forte verbatim from the released codebase. The annotation prompt is used by GPT-5.4 to generate

training labels for the judge; the judge inference prompt is sent to the trained judge during GRPO

reward computation and Best-of-N selection; and the planner prompt is used identically for SFT,

GRPO, and Best-of-N inference.

GPT-5.4 is prompted with the deductive rubric below, which assigns a base score of 100 and

subtracts points per identified syntactic error according to a four-tier severity scale (critical −30,

high −20, medium −10, low −5). The rubric explicitly forbids the judge from flagging semantic

issues or type-checking parameters containing dependency references {{N}}.

System message : annotation judge

You are an expert at evaluating multi-step tool execution plans.
You only check syntactic correctness, not semantic correctness.
NEVER type-check parameters containing {{N}} - they are dependency
references and are always type-valid.

User message : annotation judge

You are evaluating a multi-step tool execution plan using an
OBJECTIVE ERROR-BASED RUBRIC.

**USER QUERY:** {query}
**AVAILABLE TOOLS:** {tools_desc}
**PROPOSED PLAN:** {plan_desc}
**GROUND TRUTH PLAN (for reference):** {ground_truth_desc}

============================================================
OBJECTIVE SCORING RUBRIC
============================================================
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SCORING FORMULA:
1. Start with a base score of 100.
2. Identify ALL errors in the plan.
3. For EACH error, deduct points based on severity:

- CRITICAL error: -30 points
- HIGH error: -20 points
- MEDIUM error: -10 points
- LOW error: -5 points

4. Final score = max(0, 100 - total_deductions)

============================================================
SYNTAX-ONLY EVALUATION
============================================================
Check ONLY syntactic correctness:
- Are all required parameters provided?
- Are LITERAL parameter types correct (skip values containing {{N

}})?
- Are dependencies valid (no forward refs, no circular deps)?
- Are all steps present to complete the task?
- Is the tool name spelled correctly?

Do NOT check semantics:
- Whether tool outputs will work together
- Whether the plan produces the correct final answer
- Whether tool choice "makes sense" for the task
- Whether parameter VALUES produce the right result

ABSOLUTE RULE: any parameter value containing {{N}} is a dependency
reference and is ALWAYS type-valid. Skip type checking entirely.
Quotes around {{N}} do NOT make it a literal string.

============================================================
ERROR SEVERITY DEFINITIONS
============================================================
CRITICAL (-30): missing required param; circular dependency; non-
existent

tool; forward reference; literal-value type mismatch; missing
critical step.
HIGH (-20): hardcoded value where {{N}} expected; incorrect
parameter

value changing output significantly; missing non-critical step.
MEDIUM (-10): inefficient ordering (works but suboptimal); typo
in

parameter value; unnecessary step that doesn’t break the plan.
LOW (-5): minor formatting; non-standard but functional
format;

trivial inefficiency; style issues.

SUCCESS PREDICTION MAPPING:
90-100 -> "yes" 75-89 -> "likely_yes"
50-74 -> "uncertain" 25-49 -> "likely_no" 0-24 -> "no"

============================================================
YOUR TASK
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============================================================
1. IDENTIFY ALL ERRORS step by step.
2. CLASSIFY SEVERITY using the rubric above.
3. CALCULATE SCORE: start at 100, deduct per error.
4. SHOW YOUR WORK in the "reasoning" field.

RESPONSE FORMAT (JSON only, no markdown):
{

"quality_score": <0-100>,
"success_prediction": "<yes|likely_yes|uncertain|likely_no|no>",
"confidence": <0.0-1.0>,
"reasoning": "Base score: 100\nError 1: [severity] description (-

X)\n...\nFinal score: Z",
"issues": [

{
"type": "type_mismatch|missing_dependency|wrong_tool|

parameter_typo|
circular_dependency|inefficient_order|

incomplete_plan|
unnecessary_steps|forward_reference|other",

"severity": "critical|high|medium|low",
"step": <step_number or null>,
"description": "Specific description of the error",
"suggestion": "How to fix this error",
"points_deducted": <30|20|10|5>

}
]

}

At RL training time, the trained judge receives the prompt below to produce a reward signal

for GRPO; at inference time, the same prompt is used to score each of the N candidate plans for

Best-of-N selection. The system message and JSON output schema match the annotation prompt

above so the judge can be trained end-to-end on the GPT-5.4 annotations.

System message : inference judge

You are an expert judge for evaluating tool execution plans. Your
task is to:
1. Analyze the plan’s correctness and efficiency
2. Assign a quality score (0-100)
3. Predict success likelihood (yes/likely_yes/uncertain/likely_no/
no)
4. Identify specific issues with severity levels
5. Provide detailed reasoning

Scoring guidelines:
- 100: Perfect execution, no errors
- 80-99: Minor issues, likely to succeed
- 60-79: Moderate issues, uncertain outcome
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- 40-59: Major issues, likely to fail
- 0-39: Critical errors, will fail

User message : inference judge

Query: {query}

{tools_desc}

Plan to Evaluate:
{plan_str}

Please evaluate this plan and provide:
1. Quality score (0-100)
2. Success prediction (yes/likely_yes/uncertain/likely_no/no)
3. Detailed reasoning
4. List of issues (if any)
5. Confidence (0.0-1.0)

Format your response as JSON:
{

"quality_score": <int>,
"success_prediction": "<string>",
"reasoning": "<string>",
"issues": [...],
"confidence": <float>

}

The same planner prompt template is used for SFT, GRPO, and inference, ensuring that no

distribution shift is introduced between training and deployment. The user message instructs the

planner to use {{N}} variables for dependency threading and the exact parameter names from the

tool signatures.

System message : planner

You are an expert at creating multi-step tool execution plans.
Given a query and available tools, generate a correct sequence of
tool calls to answer the query.

User message : planner

Generate a tool execution plan to answer this query.

Query: {question}
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{tools_desc}

Generate a step-by-step plan using the available tools. Each step
should:
1. Call exactly one tool
2. Use output variables {{0}}, {{1}}, {{2}}, etc. for results
3. Reference previous step outputs using {{N}} - never substitute a
hardcoded

value for an output that comes from a prior step
4. Use the exact parameter names shown in the tool signatures above
5. Provide all required parameters

Generate only the steps the query requires - no redundant steps, no
missing steps.

Format each step as: Step N: {{N}} = tool_name(param1=value1,
param2=value2, ...)

5.4. Experiments

Here we expand upon our experimental setup to conduct the experiments and analyze the results.

5.4.1. Datasets and Evaluation. We evaluate Forte on two complementary multi-step

tool-planning benchmarks.

ToolHop [182] contains 995 multi-hop queries each requiring a 2-to-6-step tool plan over a per-query

tool set of 3-to-8 tools. The benchmark stresses cross-step reasoning where each query is explicitly

decomposed into sub-questions whose answers feed downstream tool calls. We hold out 100 queries

for evaluation and apply the augmentation pipeline of Section 5.3.3 independently to each split: for

every query we instantiate one error-free reference plan and nine taxonomy-grounded negatives, one

per error type, yielding 1000 annotated evaluation plans that cover the full error space.

NESTFUL [183] contains 1861 multi-step instances designed to evaluate nested function calling,

where outputs of one tool call are used as arguments of subsequent calls via labeled references such

as $var_1.result$. The benchmark spans two domains: a mathematical-reasoning subset (1,415

examples drawn from MathQA covering 40 tools with an average of 5.1 tool calls per sample) and a

coding subset (446 examples synthesized from StarCoder2-Instruct covering 881 distinct tools with

an average of 2.1 tool calls per sample). We apply a similar augmentation pipeline as ToolHop to

create our training and test sets.
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Metrics. We report four metrics, all expressed as percentages averaged over the test set. Judge

Success Rate (JSR) is the fraction of generated plans for which the judge assigns a score of at

least 80, the threshold calibrated to the rubric’s “likely to succeed” band. The remaining three are

deterministic structural metrics computed against gold plans. Functional Match (FM) requires three

conditions to hold jointly on a single example: step-count agreement with the gold plan, at least

50% Jaccard keyword overlap on tool names, and at least 50% parameter accuracy. Mean Parameter

Accuracy (PA) is the fraction of ground-truth parameters reproduced correctly. Mean Dependency

Accuracy (DA) is the fraction of {{N}} output-variable references correctly threaded through the

plan.

5.4.2. Implementation Details. Models. We use three planner backbones: Qwen2.5-3B-

Instruct, Qwen2.5-7B-Instruct, and Llama3.2-3B-Instruct. The judge is always Qwen2.5-7B-Instruct

fine-tuned on GPT-5.4 reference annotations, regardless of the planner.

Training. SFT runs for 4 epochs with AdamW (peak learning rate 5×10−5, cosine schedule). GRPO

uses group size G = 5, learning rate 1×10−6, PPO clip ε = 0.2, and KL coefficient β = 0.01. We

train for 4 epochs and report the checkpoint that maximizes joint performance on judge success and

structural metrics on a held-out validation split. All training runs use 8×NVIDIA RTX 6000 Ada

GPUs with bfloat16 mixed precision.

Inference. Best-of-N uses N = 5 with temperatures τ ∈ {0.2, 0.4, 0.6, 0.8, 1.0} as described in

Section 5.3.6. Top-p is fixed at 0.9 for all candidates. The judge runs as a vLLM server with batch

size 64 and is queried in parallel for the five candidates per query.

5.4.3. Baselines. We compare Forte against four established multi-step tool-planning base-

lines. All baselines use our SFT-trained planner as their underlying generation model unless stated

otherwise. ReAct [184] runs a 3-shot Thought-Action loop with a single generation per query.

α-UMi [202] uses the multi-model Planner-Caller decomposition, with both roles filled by separate

instances of the non-fine-tuned instruction-tuned backbone. GNN4TaskPlan [189] is a three-stage

pipeline (sub-action decomposition → GraphSAGE retriever → parameter filling); we train the

retriever on the training-set co-occurrence graph with BPR loss, two hard negatives per positive,
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Table 5.2. Main results on ToolHop and NESTFUL. Best (green shading) and
second best are marked within each backbone group. JSR: Judge Success Rate (%,
score ≥80). FM: Functional Match (%). PA: Mean Parameter Accuracy (%). DA:
Mean Dependency Accuracy (%).

ToolHop NESTFUL

Backbone LLM Method JSR FM PA DA JSR FM PA DA

Llama3.2-3B

ReAct 75.5 74.4 69.8 88.2 88.9 30.8 53.2 83.8
α-UMi 0.0 0.0 20.0 11.5 17.3 0.0 26.1 9.2
GNN4TaskPlan 14.0 12.0 25.1 51.8 12.6 2.8 29.4 58.6
ToolPlanner 83.2 91.7 74.4 96.5 95.0 31.4 59.1 85.1
FORTE (ours) 92.9 80.2 63.6 98.9 98.9 37.2 60.2 84.0

Qwen2.5-3B

ReAct 92.7 84.7 70.0 93.1 83.3 27.5 45.6 67.7
α-UMi 18.0 5.0 26.3 52.6 46.7 3.9 30.3 49.5
GNN4TaskPlan 2.0 2.0 8.9 13.9 4.7 1.7 4.7 20.4
ToolPlanner 60.1 82.7 66.7 85.4 84.5 29.1 52.3 79.7
FORTE (ours) 96.6 89.2 69.5 98.8 97.7 33.6 56.2 87.8

Qwen2.5-7B

ReAct 74.9 80.0 74.6 91.6 89.4 32.6 52.6 80.6
α-UMi 29.0 21.3 29.8 49.6 67.3 15.7 42.1 51.1
GNN4TaskPlan 23.0 25.0 30.9 59.9 24.4 5.3 28.7 57.2
ToolPlanner 87.7 85.4 67.6 86.2 96.1 41.6 59.0 85.9
FORTE (ours) 96.6 97.3 77.1 98.9 98.6 44.3 61.6 89.0

for 20 epochs. Tool-Planner [190] performs reward-guided beam search with a width of 3, using

task-completion and instruction-following scores. This protocol grants the strongest baselines (ReAct,

Tool-Planner, GNN4TaskPlan) the same SFT initialization as Forte, so any remaining gap isolates

the contribution of contrastive judge training and GRPO from that of supervised fine-tuning alone.

We also compare against closed-source models GPT-5.5 and GPT-5-Nano.

5.4.4. Main Results. Forte achieves the highest judge success in every setting.

Table 5.2 shows that Forte obtains the best JSR across all six backbone-dataset configurations. On

ToolHop, Forte improves over the next-best method by 9.7, 3.9, and 8.9 points for Llama3.2-3B,

Qwen2.5-3B, and Qwen2.5-7B, respectively. On NESTFUL, the corresponding gains are 3.9, 13.2,

and 2.5 points. This consistent improvement suggests that failure-avoidance training improves overall

plan quality across both benchmarks and model families. Qualitative examples of generated plans

are presented in Section 5.6.
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Forte is strongest on the harder NESTFUL benchmark. NESTFUL is more structurally

challenging, with substantially lower FM scores than ToolHop across methods. Despite this, Forte

achieves the best NESTFUL FM for all three backbones, reaching 37.2, 33.6, and 44.3. It also obtains

the best PA for all three backbones and the best DA for both Qwen models. These results indicate

that Forte is especially effective when tool planning requires stronger structural generalization.

Forte nearly saturates dependency accuracy on ToolHop. On ToolHop, Forte achieves

the best DA for every backbone, with scores of 98.9, 98.8, and 98.9. This shows that the generated

plans correctly preserve dependencies across multi-step tool calls. Since dependency errors can make

otherwise plausible plans non-executable, these gains are important for reliable tool-use planning.

Prior planning baselines are less robust. ToolPlanner and ReAct are competitive in isolated

cases, but their performance varies across backbones and datasets. For example, ToolPlanner achieves

strong FM on Llama3.2-3B ToolHop, but Forte dominates JSR across all settings and wins most

structural metrics on NESTFUL. Meanwhile, α-UMi and GNN4TaskPlan perform poorly in most

configurations, suggesting that methods relying on online execution feedback do not transfer well to

offline plan generation.

Forte benefits from stronger backbone models. The strongest structural results are obtained

with Qwen2.5-7B, where Forte wins all four metrics within its backbone group on both ToolHop

and NESTFUL. On ToolHop, it reaches 96.6 JSR, 97.3 FM, 77.1 PA, and 98.9 DA; on NESTFUL, it

reaches 98.6 JSR, 44.3 FM, 61.6 PA, and 89.0 DA. This indicates that Forte scales positively with

backbone capacity rather than saturating at the 3B scale.

Closed models approach Forte on NESTFUL but miss the strict format bar. GPT-5.5

reaches NESTFUL FM=43.0, within 1.3 points of Forte-Qwen2.5-7B (44.3) and ahead of our

smaller backbones as seen in Table 5.3. JSR however remains 9.6 points behind: GPT-5.5 produces

semantically reasonable plans but consistently misses format, hallucinating parameter values absent

from the tool signature and occasionally compressing multi-step plans (Section 5.6). Training on a

curated failure taxonomy beats raw capacity where structural compliance matters most.
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Table 5.3. Closed-source frontier reference. Models evaluated on 100 examples per
benchmark with identical prompts, judge, and eval as our trained planners; greedy
single-shot. Best (green shading) per column.

ToolHop NESTFUL

Method JSR FM PA DA JSR FM PA DA

GPT-5-Nano 17.0 44.0 50.3 78.0 56.0 17.0 36.6 59.1
GPT-5.5 59.0 50.0 56.9 82.5 89.0 43.0 55.0 73.0

Forte-Llama3B 92.9 80.2 63.6 98.9 98.9 37.2 60.2 84.0
Forte-Qwen3B 96.6 89.2 69.5 98.8 97.7 33.6 56.2 87.8
Forte-Qwen7B 96.6 97.3 77.1 98.9 98.6 44.3 61.6 89.0

5.5. Discussion

In this section we discuss the components of the Forte pipeline and elaborate on key design

choices and ablation studies conducted as part of our experiments.

Contrastive negatives are critical for judge training. Ablating the contrastive component

of Forte’s judge by retraining on only perfect plans (quality_score=100) severely degrades the

full system on Qwen2.5-3B / ToolHop: JSR drops 14.3 points, FM drops 20.9, and PA drops 12.8

(Figure 5.2). The BoN gain inverts to −2.6 points, meaning the ablated judge’s top-1 selection is on

average 2.6 quality points worse than simply taking the lowest-temperature sample, and the judge

labels 100% of its picks as successful. Without exposure to flawed plans, the judge loses discriminative

ability and provides neither useful reward during GRPO nor useful selection at inference. Damage

is concentrated at the argument level, while DA is essentially unchanged (−0.3 points) since SFT

already establishes that capability. The contrastive signal is therefore load-bearing rather than

incidental: the same negatives that supply the judge’s reward also supply the discriminative ability

required at inference.

Best-of-N saturates quickly, justifying N = 5. Averaged across the three backbones on ToolHop,

JSR rises from 93.15% at N = 1 to 95.36% at N = 5 and 95.87% at N = 10. The bulk of the

achievable gain (+2.21 points) is captured by N = 5, with five further candidates contributing only

+0.51 points. N = 5 thus realises roughly 80% of the N = 10 improvement at half the inference

cost, keeping Forte’s per-query budget comparable to non-search baselines without sacrificing the

candidate diversity the judge needs to discriminate.
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Figure 5.2. Comparison between training with Forte’s contrastive negatives over
the error taxonomy versus not.

Residual failures are bounded by FM’s step-count requirement. We measure the fraction

of judge-passing plans (judge ≥ 80) that also satisfy FM (FM=1: step-count match, ≥ 50% tool-

name Jaccard, and ≥ 50% parameter accuracy jointly). On ToolHop, agreement is high and rises

monotonically with backbone capacity: 80.4%, 89.5%, and 97.2% for Llama3.2-3B, Qwen2.5-3B, and

Qwen2.5-7B. On NESTFUL the conditional drops to 37.1%, 33.6%, and 44.0%, but 79.2%, 75.4%,

and 72.8% of NESTFUL FM failures across the three backbones are pure step-count mismatches

with otherwise correct tool selection, parameter binding, and dependency threading (Section 5.6):

the planner emits compressed plans that the rubric scores as valid but FM rejects for departing from

the gold’s exact step decomposition. The 97.2% ToolHop agreement of our largest backbone, where

step-count compression is rarely viable, is consistent with this interpretation. The remaining 21 to

27% of NESTFUL FM failures involve true structural errors, motivating plan-length calibration as

the natural next step rather than further work on the structural primitives Forte already learns

reliably.

Inference cost is comparable to baselines and dominated by open-source compute.

Forte’s Best-of-N inference issues five planner forward passes and five parallel judge calls per

query, matching ReAct (3 to 5 iterations) and Tool-Planner (beam width 3 plus scoring) and
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well below tree-search methods like LATS or ToolTree (20 to 50 LLM calls). Running on local

3B to 7B open-source backbones, per-query cost is dominated by GPU compute on commodity

hardware, placing Forte roughly an order of magnitude below closed-source frontier baselines while

matching or beating them on plan quality (Table 5.3). Frontier-grade structural compliance is

therefore achievable through targeted failure-mode training rather than scale.

5.6. Qualitative Analysis

We present three qualitative examples drawn from our held-out evaluation: one example of

Forte producing a correct plan despite the reference being seeded with a wrong-tool error, one

residual failure that exposes a secondary failure mode, and one closed-source comparison illustrating

GPT-5.5’s hallucinated parameters and compressed step counts.

Wrong-tool robustness (NESTFUL). Although the dataset’s reference for this query was seeded

with the wrong tool (non_whitespace_substrings), Forte generates the correct swap_by_index

call directly from the query, demonstrating that exposure to wrong-tool negatives during training

does not bias the planner toward reproducing them.

NESTFUL : reference seeded with wrong_tool

QUERY:
Find the unique common values in two lists [1, 2, 3, 4, 5] and
[4, 5, 6, 7, 8]. Then, swap the values at index 0 and 1 in the
resulting list.

REFERENCE PLAN (deliberately flawed : wrong_tool):
Step 0: {{0}} = unique_common_values(list1=[1, 2, 3, 4, 5],

list2=[4, 5, 6, 7, 8])
Step 1: {{1}} = non_whitespace_substrings(values={{0}}, i=0, j=1)

FORTE GENERATED PLAN (T=0.2):
Step 0: {{0}} = unique_common_values(list1=[1, 2, 3, 4, 5],

list2=[4, 5, 6, 7, 8])
Step 1: {{1}} = swap_by_index(values={{0}}, i=0, j=1)

JUDGE: score=100, prediction="yes", confidence=0.99.

Residual failure: step-count compression (NESTFUL, judge=100, FM fails). This is the

dominant NESTFUL FM failure mode: the planner compresses the 4-step gold decomposition into a
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3-step solution composed of compound arithmetic calls, which the rubric-based judge correctly scores

as syntactically valid but which the structural evaluator marks as a functional-match failure due to

the step-count mismatch. The judge’s deductive rubric does not verify that the compressed plan

computes the same intermediate values as the gold, exposing the syntactic-only scoring limitation

discussed in the Limitations section.

NESTFUL : Forte-Qwen2.5-7B, T=0.4

QUERY:
If n is a prime number greater than 5, what is the remainder when n
^2
is divided by 12?

GOLD PLAN (4 steps):
Step 0: {{0}} = add(arg_0=5, arg_1=2)
Step 1: {{1}} = power(arg_0={{0}}, arg_1=2)
Step 2: {{2}} = multiply(arg_0=12, arg_1=4)
Step 3: {{3}} = subtract(arg_0={{1}}, arg_1={{2}})

FORTE GENERATED PLAN (3 steps, all 5 candidates scored 100):
Step 0: {{0}} = multiply(arg_0=4, arg_1=3)
Step 1: {{1}} = divide(arg_0={{0}}, arg_1=2)
Step 2: {{2}} = power(arg_0={{1}}, arg_1=2)

JUDGE: score=100, prediction="yes", confidence=0.99.
STRUCTURAL EVAL: step_count_match=False (3 vs 4),

exact_tool_accuracy=0.0, functional_match=False.

Comparison with GPT-5.5 on the same ToolHop query. GPT-5.5 exhibits two of the failure

modes Forte’s training data systematically penalises: (i) it hallucinates an additional_filters pa-

rameter that does not appear in the film_release_year_finder signature, and an output_format="sum_unique_prime_factors"

enum value that does not exist; (ii) it compresses the plan from four steps to three, folding the final

sum_digits call into a non-existent prime_factorization output format. Forte’s plan for the

same query issues four schema-compliant steps and scores 100.

ToolHop : GPT-5.5 (closed-source frontier, T=0.0)

QUERY:
What is the sum of the (unique) prime factors of the year when the
actress that plays Kaylee Frye in the series "Firefly" also stars
with
Alan Dale in a sci-fi tv film released in?
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GPT-5.5 GENERATED PLAN:
Step 0: {{0}} = character_actor_lookup(character_name="Kaylee Frye",

series_name="Firefly", exact_match=true)
Step 1: {{1}} = film_release_year_finder(actors=[{{0}}, "Alan Dale
"],

genre="sci-fi", additional_filters={"format": "tv film"})
Step 2: {{2}} = prime_factorization(number={{1}},

output_format="sum_unique_prime_factors")

JUDGE: score=70, prediction="uncertain", confidence=0.78.
Step count: 3 vs gold’s 4 (step_count_match=False).

FORTE-Qwen2.5-7B GENERATED PLAN (T=1.0):
Step 0: {{0}} = character_actor_lookup(character_name=’Kaylee Frye’,

series_name=’Firefly’, exact_match=True, case_sensitive=
False)
Step 1: {{1}} = film_release_year_finder(actors=[’{{0}}’, ’Alan
Dale’],

genre=’sci-fi’)
Step 2: {{2}} = prime_factorization(number={{1}},

output_format=’unique_list’, algorithm=’general_purpose’)
Step 3: {{3}} = sum_digits(number={{2}}, output_format=’number’)

JUDGE: score=100, prediction="yes", confidence=0.98.

5.7. Limitations

We note several limitations. First, Forte trains a separate planner per benchmark: the

augmented corpus, judge training, and RL fine-tuning are all dataset-specific. Second, our error

taxonomy is derived from observed failure patterns in ToolHop and NESTFUL; additional error

categories may exist in domains we do not evaluate, such as long-horizon GUI agents or browser-based

tool use. Third, the judge’s deductive rubric scores syntactic plan correctness rather than semantic

task success; this decoupling is what enables training stability without a tool execution environment,

but it means Forte does not directly optimize for end-task reward, and may miss failure modes

that are only visible at execution time. Finally, the 9-error taxonomy treats each failure mode

as independent; in practice plan errors can co-occur, and the judge is trained to detect but not

necessarily to disentangle compound failures.

100



5.8. Conclusion

We presented Forte, a framework that trains multi-step tool planners by exposing them to a

systematic taxonomy of failure modes during training. By grounding judge training in deductive

structural scoring over a 9-error rubric and using contrastive negatives drawn from minimally edited

gold plans, Forte produces planners that achieve the highest Judge Success Rate across all six

backbone and dataset configurations on ToolHop and NESTFUL, beating established baselines by

2.5 to 13.2 JSR points and exceeding GPT-5.5 by up to 33.9 points using only 3B to 7B open-source

models. Our ablations show that contrastive exposure is the critical ingredient: without it, the

judge loses discriminative ability and Best-of-N selection becomes counterproductive. Forte’s

decoupled judge-planner architecture, together with the augmented contrastive datasets we construct

for ToolHop and NESTFUL, transforms error taxonomies from post-hoc diagnostic instruments into

the primary driver of training. In the terms of this dissertation, it shows that the data-model synergy

perspective extends naturally from analysis and diagnosis to construction: a structural account of

how a model fails can be synthesized into data that trains the failure out, suggesting that targeted

exposure to failure modes during training is a simple and effective alternative to inference-time

search and structural scaffolding for tool-augmented agents.

101



CHAPTER 6

Concluding remarks and future work

This dissertation argued that large language models can be made more effective and more reliable

by studying the relationship between training data, model internals, and downstream behavior in a

more principled way. Across four chapters, the dissertation developed this perspective through the

unifying theme of data-model synergy, the idea that pretrained models acquire useful but uneven

inductive biases, and that these biases can be identified, measured, and leveraged to improve

post-training adaptation and evaluation.

The first part of the dissertation focused on utility. Chapter 2 introduced LayerIF, a framework

for estimating task-specific layer quality in large language models through layer-localized influence

analysis. Rather than relying only on model-internal heuristics such as weight statistics or activation

patterns, LayerIF used sensitivity to training data as a signal of how strongly different layers contribute

to downstream task behavior. The results showed that layer quality is often task dependent, and that

these estimates can guide practical post-training decisions such as LoRA-MoE expert allocation and

layer-wise sparsity allocation for pruning. More broadly, this chapter demonstrated that post-training

resource allocation benefits from being informed by the interaction between training data and model

components, rather than by model-centric diagnostics alone.

The second part focused on generalization. Chapter 3 introduced Indirect In-Context Learn-

ing, a generalized framework for demonstration selection when the candidate pool is imperfect,

including settings with task mismatch, heterogeneity, noise, or label corruption. This chapter

showed that influence-guided selection can improve inference-time adaptation even when standard

assumptions of direct task alignment do not hold. In doing so, it reframed demonstration selection

not simply as a problem of semantic similarity, but as a problem of inductive bias alignment, selecting

examples that better activate useful latent behavior for the target task. This extended the data-model

synergy perspective from parameter-space adaptation to prompt-time adaptation.
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The third part focused on robustness. Chapter 4 examined zero-shot abstractive summarization

through two complementary studies, position bias, which characterizes whether summarization

models draw information from the same regions of a source document as human summaries, and

relevance paraphrasing, which tests whether summarizers remain stable when the most salient

source content is rewritten in semantically equivalent ways. Together, these studies showed that

strong aggregate summarization performance does not necessarily imply reliable source-grounded

behavior. Models may appear strong according to standard metrics while still exhibiting structural

misalignment in source allocation or instability under benign perturbations. This chapter therefore

argued that robustness should be evaluated more directly at the level of source use and behavioral

consistency.

The fourth part focused on reliability in agentic tool use. Chapter 5 introduced FORTE, a

framework for improving the structural reliability of multi-step tool planners without executing tools.

Whereas the robustness chapter characterized failure modes to diagnose unreliable behavior, FORTE

used an explicit characterization of failure modes to construct targeted supervision for reducing

such behavior during planning. Specifically, a nine-error taxonomy of tool-plan failures was used to

synthesize contrastive negative plans, which trained a structural judge that supplied both the reward

for reinforcement-learning fine-tuning and the verifier for Best-of-N inference. The chapter showed

that this failure-mode-aware training produces planners that match or exceed substantially larger

closed-source models on structural reliability, using only modest open-source backbones. In doing so,

it extended the data-model synergy perspective from analysis and diagnosis to intervention, showing

that a structural account of model failure can be operationalized as training data that improves

downstream planning behavior.

Taken together, these contributions support a broader view of LLM post-training as a data-driven

methodology. This dissertation showed that useful structure can be uncovered by analyzing how data,

model internals, and downstream predictions interact, and that this structure can be acted upon,

whether by reallocating capacity, selecting better evidence, or constructing data that targets known

failure modes. This perspective helps make post-training decisions more principled, from where to

add or remove capacity, to which demonstrations to provide at inference time, to how to diagnose
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whether a model is behaving robustly in deployment, to how to improve the structural reliability of

agentic planning systems.

Beyond the specific methods introduced here, this research also has broader implications for

the development of more capable and trustworthy AI systems. Improving the utility of LLMs can

help reduce unnecessary computational waste by allocating capacity more effectively. Improving

generalization in low-resource and imperfect-supervision settings can broaden access to language

technologies for domains and communities where clean, task-specific labeled data is scarce. Improving

robustness and source-grounding can make deployed systems more reliable in settings where errors

are costly and where users must be able to trust not only what a model outputs, but also how that

output is produced. Improving the structural reliability of agentic tool plans matters for a related

reason: as LLMs are given the ability to act through external tools, structurally sound plans are less

likely to fail silently partway through execution, which is precisely the kind of failure that is difficult

to detect and costly in deployment. In this sense, the dissertation contributes to a broader effort

to make large language models not only more capable, but also more interpretable, adaptable, and

dependable.

Several promising directions for future work emerge naturally from this dissertation. First, the

LayerIF framework could be extended beyond text-only language models to vision-language models,

where analogous questions arise about which layers and modal components are most responsible

for grounding, generation, and multimodal reasoning. Second, the Indirect ICL framework could

be expanded to genuinely low-resource languages and specialized domains, where demonstration

scarcity, distribution shift, and weak supervision are not merely experimental settings but central

practical challenges. Third, the robustness analyses developed for text summarization could be

extended to video summarization and other multimodal generation tasks, where questions of source

allocation, bias, stability, and fairness become even more complex. Finally, the reliability framework

of Chapter 5 suggests several extensions of its own. A natural next step is to train a single planner

that generalizes across tool-planning benchmarks rather than one planner per dataset. Another is to

ground the structural judge in execution feedback, so that its reward captures semantic task success

in addition to syntactic plan correctness. A third is to model compound failures, in which several

error types co-occur within a single plan, rather than treating each failure mode as independent.
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More broadly, the same failure-mode-driven construction could be applied to longer-horizon settings

such as browser-based or graphical-user-interface agents, whose plans span many more steps and

whose failure taxonomies are correspondingly richer.

In sum, this dissertation advanced a unified research program for understanding and improving

large language models through the lens of data-model synergy. By studying how training data shapes

model internals and how those internals govern downstream behavior, and by constructing targeted

data that addresses structurally defined failure modes, it presented methods for improving utility,

generalization, robustness, and reliability in a common conceptual framework. The central lesson is

that better language models will not come only from scaling, but also from better understanding

how their learned structure can be measured, aligned, and exploited in principled ways.
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