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Cooling Matters: Benchmarking Large Language
Models and Vision-Language Models on

Liquid-Cooled Versus Air-Cooled H100 GPU
Systems

Imran Latif, Muhammad Ali Shafique, Hayat Ullah, Alex C. Newkirk, Xi Yu, Arslan Munir, Senior Member,

IEEE

Abstract—The unprecedented growth in artificial intelligence
(AI) workloads, recently dominated by large language models
(LLMs) and vision-language models (VLMs), has intensified
power and cooling demands in data centers. This study bench-
marks LLMs and VLMs on two HGX nodes, each with 8x
NVIDIA H100 graphics processing units (GPUs), using lig-
uid and air cooling. Leveraging GPU Burn, Weights & Bi-
ases, and IPMItool, we collect detailed thermal, power, and
computation data. Results show that the liquid-cooled systems
maintain GPU temperatures between 41-50°C, while the air-
cooled counterparts fluctuate between 54-72°C under load.
This thermal stability of liquid-cooled systems yields 17%
higher performance (54 TFLOPs/ GPU vs. 46 TFLOPs/GPU),
performance-per-watt, reduced energy overhead, and greater
system efficiency than the air-cooled counterparts. These find-
ings underscore the energy and sustainability benefits of
liquid cooling, offering a compelling path forward for hy-
perscale data centers seeking to optimize AI infrastructure.
https://github.com/iscaas/Cooling-Matters.

Index Terms—Large Language Models, Vision-Language Mod-
els, H100 GPU, Liquid Cooling, Air Cooling, Thermal Manage-
ment, AI Benchmarking, Energy Efficiency, Performance-per-
Watt, High-Performance Computing

I. INTRODUCTION

N recent years, the rapid development of large language

models (LLMs) and vision-language models (VLMs) has
dramatically transformed the landscape of artificial intelli-
gence (Al), raising new challenges related to computational
efficiency and thermal management in high-performance com-
puting systems. As these models increase in complexity, the
thermal output of the underlying hardware, particularly GPUs
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Fig. 1: Node power reduction (%) with liquid cooling over air
cooling across LLM and VLM models.

such as the NVIDIA H100, has become a critical factor de-
termining energy performance. Effective cooling strategies are
essential not only for maintaining optimal operating tempera-
tures but also for ensuring consistent computational throughput
during compute-intensive tasks such as model training and
inference.

Today’s rapid advancement of deep learning relies on al-
gorithmic breakthroughs and high-performance computing in-
frastructure. As scaling laws linking model size, training data,
and compute [1] continue to drive model growth, training state-
of-the-art LLMs and VLMs with tens to hundreds of billions
of parameters now routinely involves thousands of GPUs.
Cloud providers have responded with substantial investments
in Al infrastructure [2], while the resulting surge in power
consumption and cumulative energy use has raised significant
environmental concerns requiring active mitigation [3]. Recent
empirical measurements of H100 nodes under Al training
workloads reveal that actual power demand can fall well below
manufacturer-rated TDP and varies substantially with model
architecture and workload type [4]-[6], underscoring that the
relationship between computational workload, hardware ther-
mal state, and energy consumption is non-trivial and workload-
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Fig. 2: Benchmarking metrics for different cooling systems across various workloads.

dependent.

Growth in IT electricity demand requires cooling infras-
tructure to keep pace. Cooling systems account for 30%-—
50% of total data center energy use, and traditional air-cooled
systems have struggled to meet the escalating thermal demands
of modern high-density GPU deployments [7], [8]. Liquid
cooling, including direct-to-chip and immersion techniques,
has been shown to handle high power densities more effec-
tively, demonstrating improvements in thermal performance
and energy efficiency [9]-[11]. While it is broadly under-
stood that liquid cooling offers thermal advantages over air
cooling [12], what remains insufficiently characterized is how
and to what degree this thermal advantage translates into
measurable differences in computational throughput, training
efficiency, and energy per unit of computation under realistic,
sustained LLM and VLM workloads. This throughput—cooling
interaction effect is consequential: thermal throttling under air
cooling can suppress GPU clock frequencies and sustained
utilization, directly impacting effective training throughput and
energy-per-FLOP, yet its quantitative magnitude under modern
Al workloads on H100 hardware has not been concretely
benchmarked in the literature.

The effective benchmarking of AI workloads therefore
requires joint evaluation of thermal behavior, computational
throughput, and energy efficiency. Prior work has shown that
inference efficiency is highly sensitive to hardware configura-
tion and workload geometry [13], [14], and that GPU power
capping can reduce temperatures and energy consumption with
minimal performance impact [15]. At the infrastructure level,
co-optimized cooling and power provisioning can reduce data
center TCO by up to 40% [16], making cooling strategy a
consequential design decision beyond its immediate thermal
effects. However, existing Al energy benchmarking studies
generally do not isolate cooling modality as an explicit exper-
imental variable under sustained LLM and VLM workloads.
In this work, we treat liquid versus air cooling as a first-class
system variable and quantify how cooling regime propagates
into thermal stability, node-level power, performance-per-watt,
and sustained throughput behavior on §x H100 GPU systems.

We present a detailed benchmarking study that evaluates
the impact of cooling strategy, liquid versus air, on the
performance and power efficiency of Al workloads using
8x NVIDIA HIO0 GPU nodes. Our analysis includes
both synthetic stress testing with GPU-Burn and real-

world model training across five LLMs: Mistral-7B-v0.3 [17],
LLaMA-3.1-8B [18], Mistral-NeMo-Base-2407 [19], Gemma-
2-27B [20], and Qwen2.5-32B [21], as well as three VLMs:
X-CLIP [22], EVL [23], and Vita-CLIP [24]. We measure
GPU power draw, temperature, utilization, training duration,
energy consumption, achieved FLOPs, and GPU-level
and node-level power consumption. By jointly analyzing
thermal, computational, and power behavior across cooling
architectures under representative Al workloads, our results
provide quantitative insight into how cooling infrastructure
shapes the throughput—efficiency trade-off, contributing
empirical evidence that goes beyond validating known
thermal principles to characterizing the performance—cooling
interaction at the system level, as illustrated in Figure 1.

Contributions: The main contributions of this work are as
follows:

1) We introduce a cooling-aware Al benchmarking method-
ology that treats cooling regime as an explicit exper-
imental variable and jointly profiles thermal behavior,
GPU power, node-level power, utilization, and compu-
tational throughput under sustained Al workloads.

To the best of our knowledge, we present one of the first
empirical characterizations of the throughput—cooling
interaction on paired 8x NVIDIA H100 nodes under
QLoRA-based LLM fine-tuning, VLM training, and
GPU stress testing.

3) We extend recent empirically calibrated H100 energy-
measurement studies by quantifying how the measured
thermal and power envelope shifts under liquid versus
air cooling, including sustained node-level power differ-
ences of approximately 1-1.5kW under high-utilization
workloads.

We provide actionable insights showing that cooling
strategy is a consequential design variable for sus-
tained thermal behavior, node-level energy demand,
performance-per-watt, data center TCO, and sustainable
Al deployment.

2)

4)

Significant Results: The most significant results of our bench-
marking study are summarized as follows:

1) Liquid-cooled systems maintained GPUs temperature
between 41-50°C under peak load as compared to
54-72°C in air-cooled systems.
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2) During GPU Burn, the liquid-cooled node achieved an
average of 54 TFLOPs/GPU, 17% higher than the 46
TFLOPs/GPU observed on the air-cooled node.

3) During LLM fine-tuning and VLM (specifically ViTA-
CLIP) training, node-level power consumption on the
liquid-cooled system is consistently lower by 1-1.5 kW,
while maintaining equal or improved training duration.

4) All LLM and VLM models demonstrated higher
performance-per-watt on the liquid-cooled system, as
compared to air-cooled system.

5) All models maintained equal or improved training du-
rations on liquid-cooled systems and exhibited higher
throughput compared to their air-cooled counterparts.

The rest of this paper is structured as follows. In Section II,
we provide background on the evolution of Al infrastructure
and the motivation for evaluating cooling strategies in high-
performance training environments. Section III outlines the
methodology used to benchmark system performance, power,
and thermal behavior. Section IV describes the experimental
setup, including hardware specifications, software configu-
ration, and workload design. In Section V, we present the
measured power, temperature, and performance metrics across
both cooling configurations. Section VI analyzes the findings
in the context of system design and energy efficiency. Finally,
Section VII concludes this paper and discusses broader im-
plications for sustainable Al infrastructure and directions for
future work.

II. BACKGROUND AND MOTIVATION

The performance and efficiency of large language models
(LLMs) and vision-language models (VLMs) are deeply influ-
enced by the thermal and energy behavior of the underlying
hardware. As these models grow in complexity and scale,
effective thermal management becomes increasingly critical
to avoid bottlenecks associated with heat dissipation and
power consumption. While it is broadly understood that liquid
cooling provides superior thermal performance relative to air
cooling [12], what remains insufficiently characterized is how
cooling infrastructure interacts with computational throughput
and energy efficiency under realistic, sustained Al workloads,
a gap our study directly addresses through concrete, system-
level benchmarking on H100 hardware under representative
LLM and VLM training conditions.

Cooling systems account for 30%—50% of total data cen-
ter energy use, with air cooling remaining the dominant
technique [7], [25]. The rising thermal output of modern
GPUs such as the NVIDIA H100 has exposed the limitations
of air-cooled systems in high-density environments. Recent
empirical measurements show that even computationally in-
tensive Al training workloads operate at only ~76% of the
manufacturer-rated 10.2,kW TDP, with actual power demand
varying significantly across model architectures [4]-[6], and
TDP-based energy estimates carrying 27-37% error relative to
empirically calibrated models [6]. Liquid cooling, particularly
direct-to-chip and immersion techniques, has emerged as a
thermally efficient alternative capable of reducing energy
consumption by up to 50% [26] while preventing thermal

throttling that degrades GPU performance under sustained load
[15], [27]. Ramakrishnan et al. [12] demonstrated that direct
liquid cooling (DLC) improves GPU floating-point throughput
by 2.7%, reduces power consumption by 12%, and lowers
chip temperatures by 20°C relative to air cooling, though
these results were not obtained under large-scale LLM and
VLM training conditions, where sustained high utilization over
many hours produces qualitatively different thermal profiles.
Zhu and Wang [28] further showed that immersion cooling
introduces constraints, including coolant boiling state and heat
removal rate mismatches, that can trigger thermal throttling
even in liquid-cooled environments, underscoring the need for
workload-aware thermal analysis.

The energy implications of the throughput, cooling interac-
tion extend beyond power draw. Inference efficiency is highly
sensitive to workload geometry, software stack, and hardware
configuration, with FLOPs-based estimates significantly un-
derestimating real-world consumption [13], [14], [29], [30].
At the training level, workload scaling, including token count
and batch size, interacts non-trivially with energy cost [4],
[31], and test-time compute strategies have been shown to offer
superior accuracy—energy trade-offs over model scaling, partic-
ularly for reasoning-intensive tasks [32]. GPU power capping
at HPC scale yields significant reductions in temperature and
power draw with minimal performance impact [15], while
adaptive cooling control via machine learning and evolutionary
algorithms enables real-time optimization without compro-
mising throughput [33]-[35]. At the infrastructure level, co-
optimized power provisioning, cooling design, and operational
scheduling can reduce data center TCO by up to 40% [16],
and PUE remains a standard comparative metric for cool-
ing efficiency [7]. Energy-efficient LLM deployment further
depends on the interplay between quantization, accelerator
architecture, and serving strategy [36]-[38], while heteroge-
neous cluster configurations and workload-aware scheduling
offer additional pathways to reduce consumption [39]-[42].
Advanced cooling architectures, including phase-change and
immersion systems, offer superior thermal regulation for high-
density workloads [28], [43], [44], and next-generation data
center design must jointly optimize FLOP capacity, memory
bandwidth, network topology, and cooling provisioning [16],
[45]. Gupta et al. [46] further emphasized that intelligent
cooling strategies influence both energy and power efficiency,
optimizing resource allocation at the data center level.

Prior liquid-cooling studies have demonstrated thermal and
power advantages on different GPU platforms and AI/ML
workloads [47], while MLPerf Power provides a standardized
framework for energy-aware AI benchmarking [48]. Recent
H100 measurement studies have further shown that empirically
observed node power can differ substantially from TDP-
based estimates [4], [49], [50].However, these studies do not
explicitly quantify how the empirical power, thermal, and
throughput envelope shifts when cooling modality changes
under sustained LLM and VLM workloads on paired 8x
H100 systems. Our work fills this gap by adding cooling
regime as a controlled benchmarking dimension and jointly
analyzing its effect on temperature, node-level power, GPU
power, utilization, and achieved throughput.
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III. METHODOLOGY

This section outlines the benchmarking methodology used
to evaluate air-cooled and liquid-cooled system performance,
power consumption, and thermal behavior under both synthetic
stress testing and realistic LLM fine-tuning and VLM training
workloads. Our metric selection is directly motivated by
and consistent with established methodologies in empirical
Al energy and thermal benchmarking [4], [5], [12], [14],
[15], extended here to jointly characterize the throughput,
cooling interaction effect under current-generation workloads,
a combination not addressed in prior studies that treat these
dimensions in isolation [12], [14]. Our power and energy
measurements are limited to the IT side of the system.
Specifically, GPU-level metrics are collected using Weights
& Biases and CodeCarbon, while node-level power is col-
lected using ipmitool. We do not directly measure facility-
side cooling energy, including chiller power, pump power,
heat rejection, CRAH/CRAC units, rear-door heat exchanger
fans, or secondary cooling-loop infrastructure. Therefore, the
reported power and energy results should be interpreted as
node-level and GPU-level measurements rather than a full
PUE-inclusive facility-level energy comparison. We believe
the IT side numbers reported in Tables I and II represent a
conservative lower bound on the true energy benefit.

For all workloads, we captured the following node-level and
GPU-level metrics, as shown in Figure 2, spanning thermal,
computational, and energy efficiency dimensions consistent
with multi-dimensional profiling approaches in recent litera-
ture [6], [13], [30]:

¢« GPU Temperature: Per-GPU readings collected con-
tinuously to monitor thermal stability, consistent with
established GPU thermal benchmarking [12], [15].

o Memory Usage: Peak and average utilization per GPU
to assess memory load distribution across model archi-
tectures.

« GPU Utilization: Real-time metrics to ensure work-
load saturation and compare operational efficiency across
nodes.

o Individual and Average GPU Power Draw: Per-GPU
and aggregate power consumption, consistent with em-
pirical H100 power studies [4]-[6] demonstrating that
actual power requires direct measurement rather than
TDP-based estimation.

o Node-Level Power: Total node power sampled via ipmi-
tool at 20-second intervals, providing an infrastructure-
level view consistent with data center PUE analysis [7],
[16].

o Computational Throughput (FLOP/s): TFLOPs and
GFLOPs per GPU measured using DeepSpeed FLOP
Profiler and THOP for training workloads, and GPU-
Burn for stress tests, central to characterizing how thermal
conditions propagate into effective computational perfor-
mance [13], [14].

This unified, multi-dimensional profiling framework pro-
vides a reproducible approach for cooling-aware Al infras-
tructure evaluation, with metric selection grounded in and
advancing beyond prior benchmarking methodologies.

IV. EXPERIMENTAL SETUP AND EQUIPMENT

This section outlines the hardware infrastructure and soft-
ware frameworks used for benchmarking. It includes the
details of liquid-cooled and air-cooled nodes, followed by the
software stack used to monitor, and profile metrics across all
experiments.

A. Experimental Design Overview

Our benchmark consists of four complementary experiment
classes, each designed to isolate a different aspect of the
cooling—performance interaction. First, GPU Burn provides a
compute-bound stress test that characterizes the upper thermal,
power, and throughput envelope of each gpu, consistent with
prior empirical H100 power studies that use stress work-
loads to bound maximum system behavior [4], [49]. Sec-
ond, QLoRA-based fine-tuning across five LLMs from 7B to
32B parameters evaluates sustained language-model workloads
under realistic multi-GPU execution, following the broader
practice of energy-aware LLM benchmarking under practical
model workloads [14], [S1]. Third, VLM training across X-
CLIP, EVL, and Vita-CLIP provides a distinct workload family
with different utilization, memory-access, and runtime charac-
teristics. Fourth, all workloads are monitored using layered
instrumentation, including node-level power from ipmitool,
per-GPU power, temperature, utilization, and memory from
Weights & Biases, and GPU-level energy estimates from Code-
Carbon. Together, these experiments form a cooling-aware
benchmark suite rather than a single stress-test comparison.

B. Computational Hardware

Our experiments were conducted on two high-end GPU
nodes with identical GPU configurations but different cooling
systems, that is, liquid-cooled and air-cooled setups.

1) Liquid-Cooled Node: This system contains 8X
NVIDIA H100 80GB HBM3 GPUs, supported by an AMD
EPYC 9474F [52] 48-core processor with 192 threads. This
node includes a liquid-cooled system to maintain optimal
thermal regulation.

2) Air-Cooled Node: : This node was also featured with
8x NVIDIA H100 80GB HBM3 GPUs, but it uses an AMD
EPYC 9534 [53] 64-core processor with 256 threads. It
provided an identical 1.5 TB RAM and operated on air-cooled
system.

3) Cooling Configuration: : The liquid-cooled node uses
direct-to-chip (D2C) cooling for both CPU and GPU, with
CoolIT Systems OAT PG-25 coolant circulated through a
closed-loop system. The circuit volume is 16.3 liters (4.3
US gallons), and the system operates at a maximum return
pressure of 50 PSI, with a secondary loop pressure relief cap
at 86 PSI. Peripheral components such as memory and storage
remain air-cooled in both configurations. The air-cooled node
contains 8 fans, while the liquid-cooled node uses only 4 fans,
as fewer components require active airflow. This reduction
contributes to lower power consumption and reduced acoustic
noise.
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4) Datacenter Cooling Infrastructure: : The datacenter uti-
lizes a shared chilled water loop maintained at 20°C, produced
using conventional chillers with cooling towers. There is no
dedicated chiller exclusively for the DLC nodes. The air-
cooled system uses a rear-door heat exchanger, while the DLC
node connects directly to the chilled water loop via cold plates.
All tests were conducted at ambient room temperatures of
21-22°C.

C. Software Configuration

We used a variety of tools to monitor key metrics at the
GPU level and the node level. It includes GPU memory, power,
temperature, utilization, and power consumption at the GPU
level and node level. Each tool provides specific measurements
essential for comparing air-cooled and liquid-cooled systems.

1) IPMITools: 1t is a command-line utility to access
hardware-level metrics using the Intelligent Platform Manage-
ment Interface (IPMI) [54]. In our benchmarking across all
workloads, it was used to log node-level power consumption
at the interval of 20 seconds during GPU Burn test and
LLM fine-tuning and VLM training. Although GPU-specific
metrics were measured separately, ipmitool provides a node-
level power consumption for the analysis of performance-per-
watt across liquid-cooled and air-cooled configurations.

2) Weight & Biases: It is the machine learning platform
that provides tools for training, tracking, and visualizing
experiments data, model, and metrics [55]. In our work, it
was used to capture GPU hardware metrics such as memory,
temperature, utilization, and power consumption during LLM
fine-tuning and VLM training. These measurements helped in
comparing the performance of nodes with different cooling
configurations.

3) CodeCarbon: 1t is an open-source tool for estimating
carbon emission with average power and energy consumption
for CPU, GPU and RAM. In our experiments, it was used to
track average GPU power and energy during LLM fine-tuning
and VLM training. Unlike node-level power measurement,
CodeCarbon [56] provides GPU-specific average power and
energy metrics in Watt and Watt-hours (Wh) respectively,
which were used for comparing of air-cooled and liquid-cooled
nodes for various models.

4) FLOPS Profiler: To measure the FLOPS for LLMs and
VLMs, we used the DeepSpeed FLOP Profiler and THOP. The
DeepSpeed profiler provided runtime FLOP estimates during
the training. This tool enabled us to estimate FLOPS per GPU
during LLM fine-tuning and VLM training for air-cooled and
liquid-cooled node. While GPU Burn test scripts provides the
FLOPS per GPU automatically. The results collected from
profilers discussed above, allowed us to compare the compute
efficiency and the performance-per-watt across various cooling
configurations.

D. Workload Configuration

1) GPU Burn Test Setup: To compare the performance
difference of air-cooled and liquid-cooled nodes under maxi-
mum workload, we employed the GPU Burn [57] utility. We
operated this test by enabling double-precision computation.
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Fig. 3: Power comparison for GPU Burn Test on air-cooled
and liquid-cooled nodes.
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Fig. 4: Temperature comparison for GPU Burn Test on air-
cooled and liquid-cooled nodes.

The test was run for two hours on all 8 GPUs on each node
using the following configuration:

gpu-burn -d 7200

In above command, -d 7200 sets the duration of GPU
Burn test to 7200 seconds (2 hours). This configuration was
selected to test each node under continuous high-intensity
workloads. During the test, we measured each GPU temper-
ature and FLOPS by logging GPU Burn test results. Total
node power was also monitored during this test using ipmitool.
These results served as an important reference point for
evaluating the efficiency and thermal resilience of each cooling
node under maximum workload.

2) LLM Fine-tuning Setup: All pre-trained large language
models were finetuned using the Alpaca [58] dataset in
a supervised manner. Distributed data parallel (DDP) tech-
nique was used across 8x NVIDIA HI00 air-cooled and
liquid-cooled nodes. Due to limited computational resource,
parameter-efficient finetuning (PEFT) such as QLoRA was
employed, with a low-rank value r = 128. Each model was
trained for one epoch with a micro batch size of 4. With
DDP running on 8x GPU, the effective batch size was 32.
This training setup was consistent, with each LLM finetuning,
allowing consistent comparisons across air-cooled and liquid-
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cooled nodes.

3) VLM Training Setup: To systematically evaluate and
compare the performance capabilities of liquid-cooled and
air-cooled computing nodes, we conducted comprehensive
training experiments using three VLM models: X-CLIP [22],
EVL [23], and ViTA-CLIP [24] on UCF101 [59] dataset. All
models are trained with the same hyper-parameters on both
nodes to ensure a fair comparison. Specifically, each model
is trained in Distributed Data-Parallel (DDP) settings across
8x NVIDIA H100 liquid-cooled and air-cooled nodes.

Each model is trained for 50 epochs with a global batch
size of 32 and a mini-batch size of 4 (i.e., 4 samples per
GPU). Additionally, we set the video sequence length to 16
frames for each model. These hyperparameters are consistently
maintained across both liquid-cooled and air-cooled nodes to
ensure a fair and accurate performance comparison. This ex-
perimental setup enables a detailed assessment of the training
efficiency, computational performance, and resource utilization
differences between the liquid-cooled and air-cooled nodes.

V. RESULTS

This section presents results across the four experiment
classes described in Section IV-A: GPU Burn stress testing,
QLoRA-based LLM fine-tuning, VLM training, and layered
node/GPU instrumentation. GPU Burn provides the upper-
envelope stress case, while the LLM and VLM workloads
evaluate sustained model-training behavior under realistic
workloads.

A. GPU Burn Test

To evaluate peak throughput and thermal performance of
both cooling systems, we conducted GPU Burn test on both
air-cooled and liquid-cooled nodes. We observed that during
the idle state, the liquid-cooled node consumed 1.78 kW on
average, as compared to air-cooled node which consumed 2.17
kW. For full load, power consumption for liquid-node was

6.99 kW on average while air-cooled node power usage was
8.16 kW. These results showed that as the load increased, the
power difference between liquid-cooled and air-cooled node
increased significantly as shown in Figure 3.

Similar trend was observed for GPU temperatures during
peak workload. The GPUs in air-cooled node reached up to
72°C, whereas GPUs of liquid-cooled node remained between
41-50°C. In addition, temperature of air-cooled GPUs range
from 54°C to 72°C, larger than the temperature range of liquid-
cooled GPUs as depicted in Figure 4. This temperature peak
and range difference across both cooling configurations trans-
lated into higher throughput on liquid-cooled node, with per-
GPU FLOPS ranging from 52.9-54.6 TFLOPS as compared
to 45.2-46.8 TFLOPs for air-cooled node, exhibiting a clear
thermal advantage for the liquid-cooled system as illustrated
in Figure 5.

These results underscore the performance advantage of the
liquid cooling system, particularly for high-intensity work-
loads. Not only liquid-cooled node consumed less power
at peak workload, but it also delivered approximately 17%
more compute per GPU while maintaining significantly lower
temperatures.

B. LLM Results

We benchmarked five large language models ranging from
7B to 32B parameters on both the liquid-cooled and air-
cooled nodes. The liquid-cooled system demonstrated lower
power draw and higher performance efficiency across all
large language models as illustrated in Table 1. The average
GPU power consumption was consistently lower on liquid-
cooled node, with values ranging from 3503 W (Mistal-7B-
v0.3) to 3742 W (Gemma-2-27B), compared to 3653-3912 W
on air-cooled system. This reduction in power consumption
corresponded to improved performance-per-watt for liquid-
cooled node.

In terms of throughput, TFLOPS per GPU were slightly
higher on the liquid-cooled system, despite identical training
configurations. The largest measurement was observed for
the Mistral-Nemo-Base-2407 model, which achieved 35.71
TFLOPs/GPU on liquid-cooled node as compared to 35.52 on
air-cooled node. Mistral-7B-v0.3, Llama-3.1-8B, and Gemma-
2-27B followed similar trends.

Qwen2.5-32B, the largest model in our benchmark, also
exhibited high performance for liquid-cooling system. The
liquid-cooled node achieved slightly faster fine-tuning, higher
throughput with lower average GPU power consumption (3671
W vs. 3844 W). GPU utilization remained high on both nodes
(93.4% vs. 92.9%), confirming consistent workload execution
as shown in Figure 6. These results reinforce the efficiency
benefits of liquid cooling, particularly in better power and
thermal performance for large-scale models.

Node-level power consumption was also notably lower on
the liquid-cooled system with averaging 1000—1200 W less per
model. These results confirm that liquid-cooling node delivers
significant efficiency gains during real-world LLM finetuning
workloads.
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TABLE I: Training metrics across various LLM models for air/liquid-cooled nodes.

Trainable (%) Duration Avg. 8x GPU  Avg. 8x GPU  Avg. Node Power
Model Node / Params (sec)  Utilization (%)  Power (W) W) TFLOPS/GPU
Mistral-7B-v0.3 [17]  Liquid-Cooled 4.42% | 7B 2702.03 95.8 3503 5051 35.19
Air-Cooled 4.42% | 7B 2721.13 95.3 3658 6135 35.09
Llama-3.1-8B [18] Liquid-Cooled 4.01% / 8B 2466.19 94.9 3505 4975 35.12
Air-Cooled 4.01% / 8B 2479.83 95.2 3653 6193 34.76
Mistral-Nemo- Liquid-Cooled  3.59% / 12B 3827.89 95.8 3556 5052 35.71
Base-2407 [19] Air-Cooled 3.59% / 12B 3843.79 95.6 3717 6296 35.52
Gemma-2-27B [20] Liquid-Cooled  3.24% / 27B 8393.51 92.7 3742 5333 39.17
Air-Cooled 3.24% / 27B 8418.65 93.1 3912 6550 39.15
Qwen2.5-32B [21] Liquid-Cooled  3.17% / 32B 9738.14 93.4 3671 5344 37.42
Air-Cooled 3.17% / 32B 9783.15 92.9 3844 6440 37.40
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Fig. 6: GPU metrics comparison for liquid-cooled (a—c) and air-cooled (d—f) nodes for Qwen2.5-32B [21].

C. VLM Results

We benchmarked three VLM models including X-
CLIP [22], EVL [23], and ViTA-CLIP [24] on two distinct
computing nodes: liquid-cooled and air-cooled. Through com-
prehensive training experiments conducted on both nodes in
the same training settings, we observed that the liquid-cooled
node consistently exhibited lower power consumption and
higher performance efficiency across all three VLM models,
as presented in Table II.

As listed in Table II, the liquid-cooled node consistently
outperformed the air-cooled node by exhibiting lower average
GPU power for each VLM model used in this work. For
instance, X-CLIP consumed 3268 W on the liquid-cooled
node and 3383 W on the air-cooled node. Similarly, for
EVL and Vita-CLIP models, the liquid-cooled has a lower

average GPU power consumption of 2320 W and 4295 W in
comparison with the air-cooled which has an average GPU
power consumption of 2351 W and 4529 W, respectively.

Following the same trend, the liquid-cooled node demon-
strates higher GFLOPS/GPU across each VLM model. More
specifically, for the X-CLIP mode, the liquid-cooled node
achieved 377.13, slightly higher than the air-cooled node’s
376.92 GFLOPS/GPU. Similarly, for the EVL model, the
liquid-cooled node obtained 119.87 GFLOPS/GPU in com-
parison to an air-cooled node which has slightly lower
GFLOPS/GPU (119.41). Lastly, Vita-CLIP exhibited 1064.06
on the liquid-cooled node and 1063.81 GFLOPS/GPU on the
air-cooled node, thereby, consistently showing the computa-
tional efficiency of the liquid-cooled node.

From the node-level power consumption results presented
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TABLE II: Training metrics across various VLM models for liquid-cooled and air-cooled nodes.

Trainable% Duration  Avg. 8x GPU  Avg. 8x GPU  Avg. Node Power
Model Node / Params (sec)  Utilization (%)  Power (W) W) GFLOPS/GPU
X-CLIP [22] Liquid-Cooled 100% / 97.95M 1503 58.6 3268 5890 377.13
Air-Cooled 100% / 97.95M 1549 58.1 3383 5975 376.92
EVL [23] Liquid-Cooled 100% / 28.43M 14530 60.0 2320 4053 119.87
Air-Cooled 100% / 28.43M 15296 59.3 2351 4444 119.41
Vita-CLIP [24] Liquid-Cooled  100% / 146.24M 91654 97.4 4295 5867 1064.06
Air-Cooled 100% / 146.24M 91941 97.8 4529 7375 1063.81
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Fig. 7: GPU metrics comparison for liquid-cooled (a,b,c) and air-cooled (d,e,f) nodes for Vita-CLIP [24].

in Table II, it can be observed that the liquid-cooled node
consistently demonstrates lower power usage compared to the
air-cooled node for each VLM model. For example, in the
case of the X-CLIP model, the liquid-cooled node consumed
5890 W average power, which is 85 W less than the 5975 W
consumed by the air-cooled node. This difference in node-
level power consumption between the two nodes increased
for models with longer training durations. Specifically, for
the EVL model, the liquid-cooled consumed 4053 W average
power, which is 391 W less than the 4444 W consumed by
the air-cooled node. Similarly, for the Vita-CLIP model, the
liquid-cooled node consumed 5867 W, which is 1508 W lower
than the 7375 W consumed by the air-cooled Node.

Besides the quantitative analysis, we also performed a visual
investigation of the two nodes’ performance in terms of GPU
power usage (%), GPU temperature (°C), and GPU utilization
(%), as depicted in Figure 7. The first row presents the results
for the liquid-cooled node, while the second row illustrates
the corresponding results for the air-cooled node. As it can

be visually perceived, the liquid-cooled node demonstrates
significantly better performance in terms of lower GPU power
consumption and reduced GPU temperature while maintaining
comparable GPU utilization to the air-cooled node.

Overall, these results clearly highlight the advantages of
liquid cooling in reducing energy consumption and enhancing
computational efficiency for training advanced deep learning
models and large vision language models.

VI. DISCUSSION

These results illustrate the complex interaction between
thermal design and power efficiency in large-scale Al training
infrastructure. Despite identical GPU hardware and workloads,
each cooling strategy produced clear differences in thermal
stability, energy consumption, and sustained compute per-
formance, highlighting that IT hardware performance is not
independent of cooling infrastructure.

The total required FLOPs of our training workloads fall
within the natural run-to-run variability of neural network
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TABLE III: Liquid-Cooling Performance Advantage across LLMs and VLMs.

System/Model Duration Reduction

GPU Power Node Power Performance (FLOPs)

(%) Reduction (W)  Reduction (W) Improvement (%)
Large Language Models (LLMs)
MISTRAL-7B-V0.3 [17] 0.7 155 1084 0.3
LLAMA-3.1-8B [18] 0.6 148 1218 1.0
MISTRAL-NEMO-BASE-2407 [19] 0.4 161 1244 0.5
GEMMA-2-27B [20] 0.3 170 1217 0.1
QWEN2.5-32B [21] 0.5 173 1096 0.1
Vision-Language Models (VLMs)
X-CLIP [22] 3.0 115 85 0.1
EVL [23] 5.0 31 391 0.4
VITA-CLIP [24] 0.3 234 1508 0.1
AVERAGE (LLM & VLM) 14 148 980 0.3

training (£0.05%), making direct hardware performance com-
parisons appropriate. On average, liquid cooling enabled a
0.03% increase in per-GPU operations across production
workloads, with throughput gains most pronounced in fine-
tuning workloads, resulting in an average 1.34% reduction in
training time. The 17% throughput increase observed during
stress testing is most likely attributable to NVIDIA H100’s
dynamic-voltage-frequency scaling (DVFS), where lower sus-
tained GPU temperatures under liquid cooling enable higher
clock frequencies without jeopardizing hardware health [12],
[15]. We note that while this DVFS-based interpretation
is mechanistically well-motivated and consistent with docu-
mented H100 behavior, direct clock frequency logging and
throttling event measurements were not captured in this study;
we explicitly identify these as priority measurements for future
controlled experiments to confirm the causal mechanism.

The workload-dependent variation in performance gains
reflects the utilization-driven nature of the throughput—cooling
interaction. Models with higher sustained GPU utilization
(e.g., Vita-CLIP, LLM fine-tuning) generate greater thermal
load, producing larger temperature differentials between cool-
ing configurations and consequently larger throughput and
power differences [6], [13]. Conversely, low-utilization work-
loads (e.g., EVL, X-CLIP) generate insufficient thermal load
to trigger meaningful throttling under either cooling modality,
resulting in modest power differentials of only 100—400 W.

The most dramatic performance difference was in node-level
power demand. The liquid-cooled node drew ~5.2kW during
production workloads versus ~6.2kW for the air-cooled node.
Power differentials scaled with computational intensity: low-
utilization workloads (EVL, X-CLIP) differed by only 100-
400W, while LLM fine-tuning averaged 1.2kW lower and
Vita-CLIP reached 1.5kW lower on the liquid-cooled node
(Table III). This scaling behavior stems from air-cooled nodes
relying on embedded fans that consume increasing node-level
power under thermal load, whereas liquid cooling transfers
this thermal burden to centralized chilled water infrastructure
with superior coefficient of performance. Critically, because
embedded fans are powered at the node level, their consump-
tion is counted as IT load in standard PUE metering, meaning
liquid cooling offers a dual benefit: reducing absolute power
consumption while transferring cooling workload from IT load

to more efficient facility overhead, improving both total energy
efficiency and PUE transparency.

Workload configuration also significantly influenced en-
ergy consumption. Architectural differences among LLMs and
VLMs affected both power demand and compute efficiency,
and fine-tuning may present differential power characteris-
tics compared to pre-training. This underscores the need for
workload-aware optimization strategies that account for energy
footprint alongside model accuracy, increasingly critical as Al
scales to gigawatt-class clusters [16], [45].

Practical Deployment Considerations. The energy savings
demonstrated in this study, averaging ~1kW lower node-level
power draw during production workloads and up to 1.5kW
during high-utilization tasks, translate to meaningful opera-
tional cost reductions at cluster scale. However, deployment
decisions must weigh these benefits against higher upfront
infrastructure costs and increased maintenance complexity of
liquid cooling systems. Recent data center lifecycle analyses
suggest that co-optimized cooling and power provisioning can
reduce TCO by up to 40% [16], providing a framework within
which our empirical power measurements can inform practical
deployment decisions. A full ROI analysis incorporating site-
specific utility rates and cooling infrastructure amortization
represents an important direction for future work.

Limitations and Confounds. These findings must be inter-
preted within the context of the specific configurations tested.
Most importantly, the two nodes differ in CPU model: both
are AMD EPYC processors on the same Zen4 microarchi-
tecture at the same 5nm TSMC process node, but with a
manufacturer-rated TDP difference of 80 W. This bounds the
direct CPU power contribution to observed node-level energy
differences, which ranged from 100 W to 1.5 kW, suggesting
CPU differences alone cannot account for the majority of
observed differentials, particularly at high GPU utilization
where GPU power dominates node-level consumption [4]-
[6]. We explicitly prioritize matched-CPU, component-isolated
benchmarking as a key direction for future work to cleanly
separate cooling modality from CPU architectural effects.

The study is further limited to single-node analysis, whereas
real-world training spans multiple nodes, introducing com-
munication overheads and synchronization latency that may
dilute single-node gains [40], [42]. Finally, the absence of
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fine-grained sub-metering limits component-level power at-
tribution; future work leveraging integrated hardware power
telemetry would enable more precise identification of per-
component efficiency bottlenecks [30].

Another limitation concerns workload representativeness.
Our LLM experiments use QLoRA-based parameter-efficient
fine-tuning rather than full-parameter fine-tuning or pre-
training. Thus, they may not capture the most energy-intensive
stages of the LLM lifecycle. Nevertheless, these workloads
provide sustained multi-GPU fine-tuning with high GPU uti-
lization, while GPU Burn and VLM training provide comple-
mentary high-utilization stress cases. We therefore interpret
the LLM results as representative of PEFT-based fine-tuning
and identify full-parameter fine-tuning and pre-training as
important directions for future work.

Another limitation is that repeated end-to-end runs were
not performed for each model-cooling configuration due to
compute constraints. Therefore, sub-1% throughput and dura-
tion differences should be interpreted cautiously. Our primary
evidence for cooling benefits instead comes from sustained
temperature, power, and performance-per-watt trends observed
over long-running workloads.

A further limitation is that our experiments are conducted
on paired single-node 8x H100 systems rather than at multi-
node or multi-rack scale. We therefore do not claim to fully
characterize data-center-scale deployment behavior. However,
controlled node-level measurements are necessary inputs to
cluster-scale TCO, PUE, scheduling, and power-provisioning
models, which rely on per-node thermal, power, and through-
put characteristics [15], [16], [45]. By isolating cooling modal-
ity at the node level, our study avoids additional confounders
such as network topology, synchronization overhead, workload
placement, and rack-level airflow interactions. The results
should therefore be interpreted as controlled node-level ev-
idence that informs cluster-scale modeling, rather than as a
complete data-center-scale deployment study.

VII. CONCLUSION

This study presents a comparative analysis of air-cooled
and liquid-cooled GPU systems for QLoRA-based LLM fine-
tuning, VLM training, and synthetic GPU stress testing. By
benchmarking across identical GPU hardware configurations
each equipped with 8 x NVIDIA H100 GPUs, we found that
liquid-cooled systems consistently improved thermal stability
and power efficiency, while small throughput differences dur-
ing production workloads were generally modest and should
be interpreted cautiously.

Liquid-cooled system maintained GPU temperatures within
a narrower and lower range (41-50°C), while air-cooled
system exhibited greater variability and reached peak tem-
peratures above 70°C. This thermal advantage translated into
approximately 17% higher TFLOPS per GPU under the
GPU Burn stress test, while model-training workloads showed
smaller directional throughput improvements alongside clearer
and more sustained power-efficiency gains. Additionally, node-
level power consumption was significantly lower in liquid-
cooled systems, indicating improved performance-per-watt
across all workloads.

These results highlight the critical role of thermal design in
optimizing Al infrastructure at scale. As large model training
continues to grow in complexity and intensity, the adoption of
liquid cooling offers a promising path forward for sustainable
and energy-efficient data center operations.

Future work can extend this analysis to full-parameter
LLM fine-tuning and pre-training using multi-GPU/ multi-
node distributed training strategies such as DDP, FSDP, and
ZeRO-style optimization to evaluate whether higher memory
pressure and optimizer-state communication amplify the ob-
served cooling benefits.

Future work can also include facility-level submetering of
chiller power, pump power, CRAH/CRAC units, rear-door heat
exchanger fans, and cooling-loop infrastructure to enable a
complete PUE-inclusive comparison of liquid- and air-cooled
Al systems.
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