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Abstract

The rapid growth of large language model (LLM) inference is in-
creasing the energy demand and carbon footprint of Al datacenters.
As GPU servers become denser and more power hungry, liquid cool-
ing is increasingly adopted to sustain high-power operation. How-
ever, it remains unclear how LLM serving systems should combine
infrastructure-side telemetry and workload-side request features
to improve energy efficiency in liquid-cooled environments.

This paper presents a measurement-driven study of LLM serving
on liquid-cooled NVIDIA H200 GPUs from both infrastructure and
workload perspectives. On the infrastructure side, we characterize
cooling heterogeneity and operating headroom in a shared liquid-
cooling environment. Our measurements show that liquid cooling
suppresses frequent thermal throttling under the tested conditions,
but does not make GPUs thermally uniform or unconstrained. GPU
temperature still varies with server-internal cooling topology, GPU
placement, surrounding GPU activity, and coolant-loop conditions.
On the workload side, we examine how request-level features affect
Energy/token and p99 latency. Our results show that input length,
KV-cache reuse, and concurrency are first-order energy signals.
In particular, the benefit of KV-cache reuse increases with input
length, suggesting that cache-aware routing should weight cache
locality by reusable-prefix length rather than by a binary hit/miss
signal.

These observations suggest that sustainable LLM serving on
liquid-cooled GPUs requires combining both views: infrastructure
telemetry should provide soft headroom context, while request-
level features and serving-state variables should drive the main
energy-efficiency decisions. We discuss the implications of these
findings for future liquid-cooling-aware LLM serving systems.
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1 Introduction

Large language model (LLM) inference is becoming a sustained
and rapidly growing load in Al datacenters [3, 14]. Unlike one-
time model training, inference is executed continuously as user-
facing services receive requests, making its operational energy and
carbon cost increasingly important [2, 13, 18]. At the same time,
Al servers are becoming denser and more power hungry [9, 14].
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Modern accelerator servers concentrate multiple high-power GPUs
in a single chassis, pushing datacenter operators toward liquid
cooling to sustain performance within feasible rack-level power
and thermal envelopes [9].

Thermal and power constraints are commonly viewed through
two hardware events: thermal throttling, where a GPU reduces fre-
quency to protect itself from high temperature, and power capping,
where the device or platform limits frequency to remain within
a power budget. Both events can degrade inference performance.
They may also matter beyond immediate latency: sustained high-
temperature and high-power operation can affect reliability and
may indirectly increase embodied-carbon costs if it accelerates
component aging. Prior work has therefore studied thermal- and
power-aware scheduling for LLM inference, especially in cloud-
scale or cooling-regulated environments [6, 16]. These studies show
that ignoring thermal and power constraints can lead to throttling
events, performance loss, and lower infrastructure efficiency.

Liquid-cooled GPU servers may change how thermal and power
constraints appear to LLM serving systems. Compared with air
cooling, liquid cooling provides higher heat-removal capability
and can suppress frequent thermal throttling under favorable op-
erating conditions. At the same time, liquid cooling exposes new
sources of variation, including server-internal cooling topology,
GPU placement within a server, surrounding GPU activity, and
shared coolant-loop conditions. Thus, beyond asking whether a
GPU is currently throttling or power capped, we need to understand
how thermal and power headroom changes under liquid-cooled
operation.

LLM serving efficiency also depends on workload behavior and
serving-system state. Requests differ in how much prefill and de-
code work they require, whether cached state can be reused, and
how they interact with batching and concurrency inside the serving
system [5, 12, 19, 20]. Therefore, understanding liquid-cooled LLM
serving requires looking beyond infrastructure telemetry alone.
This raises the central question of this paper: how should sustain-
able LLM serving on liquid-cooled GPUs combine infrastructure-side
signals with workload-side behavior?

This paper revisits thermal and power awareness through a
measurement-driven study of LLM serving on liquid-cooled NVIDIA
H200 GPUs. Our goal is not to present a fully optimized production
scheduler, but to clarify how liquid-cooled environments affect the
signals that energy-efficient LLM serving systems should observe.
We make three contributions. First, we characterize cooling hetero-
geneity and operating headroom in a shared liquid-cooling envi-
ronment, showing that liquid cooling suppresses frequent thermal
throttling under our tested conditions but still exposes substan-
tial headroom variation. Second, we quantify how workload-side
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features—especially input length, KV-cache reuse, and concurrency—
affect Energy/token and p99 latency on liquid-cooled H200 GPUs.
Some of these workload-side trends are generally applicable beyond

liquid cooling; our contribution is to interpret them together with

the measured headroom signals in a liquid-cooled serving environ-
ment. Third, we derive implications for future liquid-cooling-aware

LLM serving systems: infrastructure telemetry should be used to

understand thermal and power headroom, while request features

and serving-state variables should be exposed as first-order signals

for energy-efficient serving.

2 Background and Positioning

2.1 Thermal and power constraints in
liquid-cooled GPU serving

GPU servers operate under power and thermal constraints. Power
capping occurs when a device or platform reduces frequency to
remain within a configured power limit. Thermal throttling occurs
when a device reduces frequency to prevent overheating.

In liquid-cooled GPU servers, these constraints do not disappear,
but their operational manifestation can change. Liquid cooling
can suppress frequent thermal throttling, making a binary “avoid
throttled GPUs” rule less useful as the main serving policy under
normal operation. At the same time, rack-level studies of direct-
to-chip liquid-cooled servers show that coolant distribution can
be non-uniform across server positions. For example, Kadhim et
al. report that servers closer to the cooling distribution unit can
receive substantially higher coolant flow than servers at the bot-
tom of the rack, leading to position-dependent CPU-temperature
variation [4]. This suggests that liquid cooling does not necessarily
provide uniform thermal headroom; instead, headroom can de-
pend on the cooling-path topology and coolant distribution. Power
telemetry also remains important, but instantaneous power alone
may not predict future headroom because LLM inference alternates
between prefill, decode, batching transitions, and idle gaps. These
observations motivate treating thermal and power telemetry as soft
headroom signals and combining them with request-level energy
signals.

2.2 Thermal/power-aware scheduling and GPU
variability
Recent work has begun to address thermal and power constraints in
LLM inference systems. Stojkovic et al. propose TAPAS, a thermal-
and power-aware scheduling framework that combines VM place-
ment, request routing, and workload reconfiguration to reduce
thermal and power throttling events in cloud LLM inference clus-
ters [16]. Lu and Wang propose TAWS, a thermal-aware workload
scheduler for LLM inference under cooling-regulated datacenter
conditions [6]. Patel et al. characterize power-management oppor-
tunities for LLMs in the cloud, including opportunities related to
power oversubscription and power-aware serving [11]. Together,
these studies show that thermal and power heterogeneity can either
be exploited for efficiency or must be managed to avoid performance
degradation.
In parallel, prior characterization work has shown that accelerator-

rich systems can exhibit substantial GPU-to-GPU variability even
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when GPUs share the same architecture and SKU. Sinha et al. charac-
terize this variability across multiple large GPU clusters, including
water-cooled systems, and show that performance, power, and tem-
perature variation persists across cooling methods [15]. Their study
motivates variability-aware operation, but primarily focuses on
broad GPU variability across HPC and scientific workloads.

Our work is complementary to these efforts. We do not argue
that existing schedulers are insufficient because they ignore liquid
cooling. Rather, we focus on a modern direct-liquid-cooled H200
rack used for LLM serving and decompose the remaining thermal
headroom variation into liquid-cooling-specific deployment factors,
including server-internal cooling topology, GPU placement, neigh-
boring GPU activity, and shared coolant-loop interference. These
headroom signals can serve as inputs to thermal- and power-aware
policies.

2.3 Request-level signals in energy-aware LLM
serving

A growing body of work studies energy-efficient LLM inference.
DynamoLLM shows that request lengths, service load, tensor par-
allelism, and GPU frequency lead to different energy-performance
trade-offs in LLM serving clusters [17]. Offline Energy-Optimal
LLM Serving models inference energy and runtime as functions
of input and output token lengths [18], while prompt-level mea-
surement studies show that prompt characteristics and serving
frameworks can strongly affect inference energy [2, 8, 13]. These
studies establish that request-level features are first-order energy
signals.

Autoregressive LLM inference consists of a prefill phase and a
decode phase. The prefill phase processes the input prompt and is
sensitive to input length. Longer prompts increase computation
and memory traffic before the first output token can be generated.
The decode phase generates output tokens sequentially, so output
length affects total execution time and total energy even when
average power changes little.

Modern serving systems exploit batching, continuous batching,
and KV-cache reuse to improve throughput. These optimizations
also affect energy efficiency. KV-cache reuse can avoid repeated
prefill work for requests that share prefixes, while concurrency can
improve GPU utilization and amortize fixed energy costs. How-
ever, higher concurrency can also increase queuing delay and tail
latency. Our workload-side measurements confirm these trends on
liquid-cooled H200 GPUs, but our positioning is different: we clarify
which findings are generally applicable to LLM serving and how
they should be combined with liquid-cooling headroom signals. In
particular, we argue for a two-layer design in which cooling and
power telemetry constrain or down-rank risky placements, while
request features such as reusable-prefix length, cache locality, and
concurrency drive the main energy-efficiency decisions.

3 Measurement Setup

3.1 Liquid-cooled H200 rack

We study LLM serving on a liquid-cooled NVIDIA H200 GPU envi-
ronment. The rack contains six liquid-cooled GPU servers; in our
experiments, we use four of them and leave the remaining two
unused. Each server is equipped with eight H200 GPUs, and all
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servers are cooled by a shared in-rack coolant distribution unit
(CDU). Within each server, the GPU cooling path is organized as
four parallel branches, each connected to two GPUs. This topol-
ogy is important for interpreting the results in Section 4, because
GPU temperature can depend not only on local GPU load but also
on server-internal cooling paths and heat injected into the shared
coolant loop.

3.2 Telemetry and energy accounting
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in more detail. We generate realistic LLM serving load using the
vLLM-based setup and cover higher-power operating regions using
GPU Fryer as a synthetic stress workload.

For the request-feature study in Section 5, we sweep one request
or serving parameter at a time while fixing the others to isolate its
effect on energy efficiency. Table 1 summarizes the main sweep con-
figurations. Unless otherwise noted, all measurements use tensor
parallelism of one.

We collect GPU-side telemetry through Prometheus using a DCGM/NVML Table 1: Request-feature sweep configurations used in the

exporter. The collected GPU metrics include GPU power, tempera-
ture, SM clock frequency, utilization, and limit/throttle indicators.
GPU metrics are collected every two seconds. We avoid aggres-
sive sub-second telemetry polling in the reported experiments; the
plotted thermal results are based on the exported monitoring sam-
ples rather than high-frequency instrumentation that could perturb
workload execution.

We also collect cooling-side telemetry from the CDU, including
coolant temperature and flow rate, to interpret cooling-loop con-
ditions. However, we do not measure CDU energy in this study.
Accordingly, the Energy/token results reported in this paper are
GPU-side energy metrics and do not include cooling-side energy.

For the request-feature study in Section 5, we report GPU-side
energy and power measurements from device-level telemetry. We
compute GPU energy by integrating GPU power over the mea-
sured serving window and normalize it by the number of processed
tokens to obtain Energy/token. When reporting Energy/token with-
out base power, we subtract the idle GPU power measured immedi-
ately before the corresponding run; this separates fixed idle-power
amortization from workload-dependent energy changes. We use
p99 latency as the tail-latency metric for these sweeps.

3.3 Workload design

We use two types of workloads. First, we use GPU Fryer [1] to gener-
ate controlled synthetic GPU load for the cooling-heterogeneity and
high-power stress experiments. Second, we use a vLLM-based setup
with the gpt-o0ss-20b model [10] to measure normal LLM serving
behavior. The vVLLM measurements capture serving behavior under
normal LLM inference workloads, while GPU Fryer provides con-
trolled high-power points that help distinguish power-headroom
and thermal-headroom regimes.

For the cooling-heterogeneity study in Section 4, we use deter-
ministic load placement. We examine two types of interference.
First, for intra-server interference, we load the target GPU and the
other seven GPUs in the same target server to capture temperature
differences caused by GPU position and cooling-path differences.
Second, for coolant-loop interference, we load all GPUs in the other
three active servers in the same rack while keeping the non-target
GPUs inside the target server idle except for the baseline target load.
Because all servers share the in-rack CDU, the second experiment
exposes rack- or coolant-loop-level interference: heat generated by
other servers can raise the return coolant temperature and reduce
the cooling headroom available to the target server.

For the power-temperature characterization in Section 4, we
focus on one representative H200 GPU from the same environment
and measure the relationship between GPU power and temperature

LLM inference measurements.

Study Swept parameter Fixed conditions

Input length Input: 128-32768 Output: 256; concurrency: 1; no
KV reuse

Input: 256; output: 1024; no KV
reuse

Input: 256-16384; output: 1024;

concurrency: 64

Concurrency Concurrency: 2-256

KV-cache reuse KV hit: 0-100%

4 Liquid-Cooled GPU Behavior: Power,
Temperature, and Headroom

This section revisits what thermal and power awareness should
mean for LLM serving on liquid-cooled GPUs. We first show that
liquid cooling does not make thermal headroom uniform: GPU
temperature depends on deployment-level cooling factors such as
server-internal cooling-path topology, GPU placement, and heat in-
jected into the shared coolant loop. We then show that this thermal
heterogeneity changes how thermal and power limits are encoun-
tered. Depending on the surrounding heat and cooling condition,
the dominant operational risk can shift between thermal throttling
and power capping.

4.1 Cooling heterogeneity in liquid-cooled
servers

Figure 1 summarizes two forms of cooling heterogeneity observed
in one target server selected from the four active servers in our
liquid-cooled rack. Each panel reports the temperature increase of
the eight GPUs in the target server relative to a baseline where
only a single target GPU is loaded. All loads in this experiment are
generated using GPU Fryer [1].

First, GPUs in the same server are affected by server-internal sur-
rounding load. Figure 1(a) shows the temperature increase when, in
addition to the target GPU, the other seven GPUs in the same server
are also stressed. Even though the GPUs are in the same liquid-
cooled server, the temperature increase differs noticeably across
GPU positions. Some GPUs increase by roughly 5°C relative to the
single-GPU-load baseline, while others increase by nearly 10°C.
This separation into two temperature-increase groups is consistent
with the server’s cooling topology: GPUs located downstream in a
cooling branch can receive warmer coolant than upstream GPUs
after heat has already been absorbed from other devices. Thus, the
observed intra-server variation is not explained solely by the target
GPU’s own workload. Instead, it reflects the combined effect of
server-internal GPU position, upstream/downstream placement in
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the cooling path, cooling-branch imbalance, and heat generated by
neighboring GPUs connected to the same server-level cooling path.

Second, surrounding activity outside the target server can shift
the temperature of all GPUs in the target server. Figure 1(b) shows
the temperature increase when the other three active servers in the
same rack are driven to high load, while the other GPUs inside the
target server are not additionally loaded. Unlike the intra-server
case in Figure 1(a), the external load is applied uniformly to all
GPUs in the other servers rather than to neighboring GPUs inside
the target server. The temperature of most GPUs in the target
server increases in the same direction by several degrees. This
near-uniform upward shift suggests a rack- or coolant-loop-level
effect: heat generated by other servers raises the return coolant
temperature, reducing the cooling headroom available to the target
server. Thus, the thermal state of a GPU is influenced not only by
its own power draw and position within the server, but also by the
aggregate heat injected into the shared liquid-cooling loop.

This result implies that thermal awareness for LLM serving
should not treat GPUs in the same liquid-cooled server as ther-
mally equivalent resources. It also suggests that a serving system
should consider surrounding load and coolant-side headroom, not
only local GPU temperature or local GPU power.

4.2 Thermal and power limits depend on the
operating context

Figure 2 plots GPU temperature against GPU power for a single
H200 GPU under several load conditions. The blue circles show
vLLM inference without surrounding load. In this case, request
load changes both GPU power and temperature, and the black line
shows a least-squares fit to these VLLM measurements. Under this
no-surrounding-load condition, the GPU approaches the power-
capping region, but we do not observe thermal throttling.

The triangle markers show measurements with GPU Fryer, which
drives the GPU into a higher-power operating region than the
VvLLM serving workload. Even without surrounding load, GPU
Fryer pushes the GPU to maximum power and triggers power
capping. When surrounding GPUs or other servers are addition-
ally stressed, the temperature-power relationship shifts upward:
the GPU reaches higher temperatures at similar power. The red
triangles indicate cases where this upward shift leads to thermal
throttling.

This behavior shows that the dominant operational limit depends
on context. With low surrounding heat and favorable cooling, the
GPU can become power-capped before reaching the thermal throt-
tling boundary. With higher surrounding heat or reduced cooling
headroom, a similar high-power workload can instead become
thermally limited. Thus, in liquid-cooled LLM serving, thermal and
power conditions should be interpreted together rather than treated
as independent binary events.

This observation argues against focusing on only one signal. A
policy that only avoids hot GPUs may miss cases where power
headroom is the tighter constraint, while a policy that only tracks
power may overlook cases where surrounding heat makes thermal
headroom the more urgent concern. For liquid-cooled LLM serving,
both thermal and power conditions must be considered as part of
the operating context.
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Figure 1: Cooling-topology and shared-loop effects in a liquid-
cooled 8-GPU server. Each boxplot reports 10-second aggre-
gated GPU-temperature samples collected over a 10-minute
steady measurement window after applying the surrounding-
load condition. The y-axis is the temperature increase rel-
ative to the single-target-GPU-load baseline measured for
the same target server. In (a), the target GPU and the other
seven GPUs in the same server are stressed, exposing server-
internal cooling-path and GPU-placement effects. In (b), all
GPUs in the other three active servers are stressed while the
non-target GPUs in the target server remain idle, exposing
shared CDU/coolant-loop interference. Each boxplot data
point is a GPU-time sample rather than a separate experi-
mental run.

We also collected CDU-side telemetry during the experiments.
Across the measurement period, coolant temperature varied be-
tween 34-44°C, while the measured coolant flow rate and pump
operating rate remained nearly constant under the facility control
policy. Although we did not directly measure CDU power, these
telemetry signals suggest that the CDU pump energy was approxi-
mately constant over the short measurement windows considered
in this paper. Therefore, the Energy/token results reported in this
paper should be interpreted as GPU-side energy measurements and
do not include cooling-side energy. This does not imply that cooling
energy is negligible in general; rather, our measurements bound the
study to a regime in which short-timescale CDU pump actuation is
unlikely to explain the observed GPU-side energy trends.

5 Request-Level Signals for Energy-Efficient
LLM Serving

The previous section focused on infrastructure-side signals. We now
turn to workload-side behavior. Prior work has shown that LLM
inference energy and performance depend on request length, load,
batching, and serving configuration [2, 13, 17, 18]. We therefore
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Figure 2: GPU temperature versus power for a single H200
GPU under liquid cooling. Blue circles show vLLM inference
measurements with the gpt-oss-20b model and no surround-
ing load; the black line is a least-squares fit only to these
vLLM points. Triangle markers show GPU Fryer stress mea-
surements used to probe higher-power limit behavior beyond
typical serving load. Surrounding-GPU and other-server load
shift the temperature—power relationship upward at simi-
lar GPU power. Red triangles indicate samples where the
telemetry reports thermal throttling, while non-red high-
power triangle points correspond to power-capped but not
thermally throttled operation.

treat the qualitative workload-side trends in this section as generally
relevant to LLM serving, not as phenomena unique to liquid cooling.
The liquid-cooling-specific implication is how these request signals
should be combined with the headroom signals from Section 4.
As described in Section 3, we sweep one parameter at a time and
measure both Energy/token and p99 latency. Figure 3 summarizes
three signals: input length, KV-cache reuse, and concurrency. For
Energy/token, solid and dashed lines report measurements with
and without base power, respectively.

5.1 Inputlength changes token-level efficiency
and latency

Input length affects LLM inference because it changes the amount of
prefill work before output generation begins. Prior work has already
shown that request length is a major source of heterogeneity in
LLM inference energy and performance [17, 18]. Our measurements
show the same qualitative behavior on liquid-cooled H200 GPUs,
but also expose an important energy-latency trade-off.

Figure 3(a) shows that Energy/token decreases as input length
increases. This does not mean that long-input requests are cheap
in absolute terms: they still perform more total prefill work. Rather,
longer inputs amortize fixed costs, including base power and serving
overheads, over more token processing. At the same time, p99
latency increases for very long inputs, reflecting the additional
prefill work before generation can proceed. Thus, input length

HotCarbon °26, July 16-17, 2026, Seattle, WA, USA

remains an important serving signal because it affects both token-
normalized energy efficiency and tail latency.

5.2 KV-cache reuse reduces both Energy/token
and latency

KV-cache reuse is especially important for long-input requests.
When a request can reuse an existing KV cache, the serving system
avoids recomputing part of the prefill phase. While cache reuse is
often discussed as a latency or throughput optimization, our mea-
surements show that it is also a direct energy-efficiency mechanism.

Figure 3(b) varies KV-cache hit rate across multiple input lengths.
Energy/token decreases as the hit rate increases, and the magnitude
of the reduction depends strongly on input length. For short inputs,
the savings are modest because the avoided prefill work is small.
For long inputs, the same increase in KV-cache hit rate removes sub-
stantially more computation and memory activity, producing larger
energy benefits. The p99 latency results show the same direction:
higher KV-cache hit rates substantially reduce latency, especially
for long-input requests.

This input-length dependence is important. Cache affinity is
not uniformly valuable for all requests, but becomes increasingly
valuable when the request has a long reusable prefix. A router that
ignores cache locality may repeatedly pay the prefill cost for similar
long-input requests. Conversely, cache-aware placement can reduce
both execution time and Energy/token by steering requests toward
serving instances that already hold useful KV state.

5.3 Concurrency improves Energy/token but
increases tail latency

Concurrency affects Energy/token by changing how efficiently the
GPU is utilized. This observation is consistent with prior work show-
ing that batching or load level changes the energy-performance
trade-off of inference systems [7, 8, 17]. Figure 3(c) shows that
increasing concurrency reduces Energy/token, especially at low
concurrency. The reduction appears both with and without base
power, indicating that concurrency improves not only fixed-cost
amortization but also workload-dependent efficiency.

However, the latency results show why concurrency should not
simply be maximized. In our measured range, Energy/token de-
creases rapidly at low concurrency and then saturates at higher
concurrency. In contrast, p99 latency increases sharply at high con-
currency. This creates a clear energy-latency trade-off: additional
concurrency can improve token-normalized GPU-side efficiency,
but beyond the useful range it provides diminishing energy benefits
while increasing queuing delay and SLO risk. We therefore do not
interpret higher concurrency as universally energy-saving at the
system level: increased utilization can reduce per-token energy
while still increasing total work, waiting time, or facility-level en-
ergy in other regimes. Therefore, a serving system should shape
concurrency to keep each instance in an efficient operating region:
high enough to amortize overhead and utilize the GPU, but not so
high that tail latency becomes unacceptable.

6 Implications for Liquid-Cooled LLM Serving

The measurements in Sections 4 and 5 suggest that liquid-cooled
LLM serving should be designed around two complementary views.
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(b) KV-cache hit rate
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Figure 3: Energy-latency effects of request-level features. Each subfigure reports Energy/token in the top panel and p99 latency
in the bottom panel. Solid and dashed energy lines denote measurements with and without base power, respectively.

Infrastructure telemetry describes how much thermal and power
headroom remains. Request-level features describe how much work
a request will impose and whether that work can be served effi-
ciently. This section summarizes the implications of these observa-
tions for future LLM serving systems.

6.1 Thermal and power telemetry should be soft
headroom signals

A natural reaction to thermal throttling or power capping is to
build a router that excludes GPUs near temperature or power limits.
Our measurements suggest that this is too narrow for liquid-cooled
servers. Under the tested liquid-cooling conditions, thermal throt-
tling is not the dominant event, but cooling heterogeneity and
surrounding load still change the margin available to each GPU.
Similarly, power telemetry is useful, but instantaneous power can
fluctuate with inference phases, batching transitions, and idle gaps.

Thus, thermal and power telemetry should be used as soft head-
room signals rather than hard binary filters. A serving system
should down-rank GPUs with low thermal margin, low power
headroom, or recent clock-limit indicators, but should avoid treat-
ing a single instantaneous measurement as a complete description
of future risk. This view shifts the goal from throttling avoidance
to headroom management: maintaining enough margin to absorb
workload variation without unnecessary request migration or cache
disruption.

6.2 Request-aware controls should be primary
energy mechanisms

The request-feature measurements indicate that energy efficiency
is strongly shaped by the structure of the incoming workload. Input
length changes both absolute prefill cost and token-normalized
efficiency. KV-cache reuse can avoid repeated prefill work, espe-
cially for long-input requests. Concurrency determines how well a
serving instance amortizes fixed overheads and utilizes the GPU.
These observations imply that request-aware mechanisms should
be primary controls for energy-efficient LLM serving. In particular,
cache affinity and concurrency shaping are promising because they

directly target the first-order energy signals observed in Section 5.
This does not make thermal and power telemetry irrelevant. Rather,
telemetry should constrain or guide request-aware decisions: for
example, a cache-local instance may be preferred unless its thermal
or power headroom is too low.

6.3 Limitations and research agenda

This paper is a measurement-driven design study, and it has several
limitations. First, the measurements use a single liquid-cooling de-
ployment, a single H200-based server generation, and one primary
vLLM model configuration, so the quantitative magnitudes may
not generalize to all cooling architectures, model scales, or serv-
ing frameworks. Second, we do not fully evaluate an end-to-end
router that combines request-aware mechanisms with thermal and
power headroom scoring. Third, full 8-GPU server-wide routing
evaluation remains future work. Fourth, although we report p99
latency for the request-feature sweeps, we do not evaluate SLO
violation rate, TTFT/TBT, throughput, peak power, or time above
soft power/thermal budgets in an end-to-end serving policy. Finally,
output-length prediction and TP-aware configuration selection are
not fully integrated.

In addition, some workload-side trends, such as the benefits of
KV-cache reuse and the energy-latency trade-off of concurrency,
are generally applicable to LLM serving rather than unique to liquid
cooling. Our liquid-cooling-specific contribution is the decomposi-
tion of thermal headroom and the resulting two-layer interpretation
of how infrastructure telemetry should be combined with request-
level signals.

These limitations define a broader research agenda for sustain-
able LLM serving on liquid-cooled Al infrastructure. Future systems
should jointly reason about cooling headroom, power headroom, re-
quest features, and serving-state dynamics. The key lesson from our
measurements is that liquid cooling does not remove the need for
thermal and power awareness; instead, it changes how such aware-
ness should be used. For liquid-cooled LLM serving, infrastructure
telemetry should provide headroom context, while request-level
features should drive the main energy-efficiency decisions.
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