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Abstract

AI data centers are now deployed at a massive scale, supporting the deployment and
serving of power-hungry large language models (LLMs). The sheer volume of both
computing and cooling inside data centers raises growing concerns about LLM’s
energy and emission impacts. While the energy efficiency of LLM inference have
been studied recently, most prior work focuses on compute-side scheduling and
optimizations without explicitly accounting for thermal objectives or constraints.
While intensive computing on GPUs can emit a lot of heat, which in turn affects
data center performance, such an oversight can inadvertently increase the overall
energy consumption or reduce the efficiency of LLM servers. To address this gap,
we propose a joint modeling process for cooling and computing inside AI data
centers and a novel hierarchical control framework that co-optimizes computing
and thermal management by jointly tuning GPU parallelism, frequency (DVFS),
and cooling control knobs. Using real Azure inference traces and detailed GPU pro-
filing, our model balances serving latency with both energy efficiency and thermal
requirements, achieving more than 10% in daily data center energy consumption.

1 Introduction

Recent surging use of LLMs has resulted in the deployment of massive inference clusters that handle
millions of requests every day (1). These clusters often run on high-end GPUs with thermal design
powers of several kilowatts (2). Although these GPUs provide the computational power required to
support increasingly sophisticated models, they also consume large amount of electricity and place
significant stress on datacenter cooling systems (3; 4). Consequently, growing energy footprint are
significantly affecting both the environmental impact and operational costs of LLM services.

Figure 1: Block diagram of the proposed LLM
inference computing and cooling control system.

LLM inference engines do not consume power
uniformly. Their power profiles are highly
stochastic and are influenced by both comput-
ing and cooling loads. The hardware’s op-
erating conditions, such as the frequency of
the GPU, the query service-level objectives
(SLOs), and the degree of parallelism, deter-
mine the effectiveness of the energy used (5).
Although the research community has made
progress in improving the efficiency of LLM
service through scheduling and optimization
(6; 7; 8; 9), and some studies have examined
LLM’ computing power profiles (10), the role
of temperature and cooling constraints remains
underexplored (11). This is particularly important given that cooling can account for more than 40%
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of total energy use in data centers (12), making it a critical component in improving AI data center
efficiency.

To address this gap, this work develops a dynamic cooling-and-computing-aware management system
for LLM inference clusters, which jointly optimizes cooling load, GPU parallelism, and frequency
tuning in response to both service-level objectives (SLOs) and thermal constraints. A previous case
study on LLM serving indicated that running gpt2-large can still meet the SLO (1000 ms) even
when the GPU frequency is reduced from 1300 MHz to 800 MHz (13). By doing so, the power
consumption was reduced by a factor of 1.8×, from 214 Watts to 120 Watts. We further extend
such frequency scaling by proactively controlling the cooling load. By developing a data center
cooling model (14), we formulate a joint optimal control problem that integrates both the thermal
limits of GPU clusters and the thermal dynamics into the energy minimization framework for LLM
serving sensitive to SLO (15). In contrast to techniques that rely on fixed computing and cooling
resource allocations (16), our approach constantly reconfigures the system in response to changes
in workload. Using a learning-based forecasting model for LLM traffic, the framework employs a
hierarchical control scheme that includes slow-timescale optimization of tensor parallelism (TP) and
fast-timescale model predictive control (MPC) of GPU frequency scaling and cooling supply.

2 Methodology

This section outlines the core components of our hierarchical cooling–computing control framework.
Detailed mathematical derivations, complete thermal models, and optimization formulations are
provided in Appendix A due to space constraints.

2.1 LLM Load Modeling

Workload Properties of LLM Inference: LLM serving workloads show dynamic bursty behavior,
where user requests have different lengths. This variability leads to fluctuating GPU utilization,
nonlinear latency patterns, and a wide range of thermal signatures. Context tokens dominated
requests are computationally intensive but short-latency; whereas requests dominated by decoding
lead to sustained load over a longer duration. These differences generate different latency profiles,
so we classify requests based on their token lengths into three classes — short, medium, and long.
This classification increases the accuracy of capacity estimation and control, since each request type
has a different impact on throughput, power consumption, and temperature parameters under GPU
frequency scaling.

Generating LLM profiles data: We start by profiling the LLM serving system under different
hardware setups, measuring how throughput, power, and temperature change across different GPU
TP configurations. By setting the GPU frequencies at different levels (1000–1800 MHz), we evaluate
latency, computing energy use, and thermal behavior, grouped by request length (short, medium,
long). Together, these measurements provide per-pool capacity, power, and performance curves that
serve as the foundation for our control framework.

LSTM Workload Forecasting: We use an LSTM model trained on the Azure LLM Inference
Trace to forecast aggregate token demand 30 minutes ahead, enabling proactive GPU allocation. The
required number of GPU is given by Greq =

⌈
L̂

Cmax

⌉
, where L̂ is the predicted peak load and Cmax

is the maximum per-GPU capacity obtained from profile data.

2.2 Hierarchical Cooling and Computing Control

Building on the profile and LSTM forecast-derived GPU budgets, we design a three-level hierarchical
controller: (i) window-level selection and allocation of TP pools, (ii) MPC-based cooling control,
and (iii) GPU frequency tuning.

In the 5-minute control time-frame, we formulate a Mixed Integer linear program (MILP) to optimize
the provision of GPUs and configurations of TP instances. This is achieved by utilizing the LSTM’s
forecasted load and profiled energy consumption data based on incoming queries’ length and serving
characteristics. In this optimization, we minimize overall energy consumption while ensuring that the
predicted traffic L̂ can be served by the provisioned TP instances. We solve this at a slow timescale,
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Figure 2: Joint MPC-controlled computing and cooling dynamics over a full day. (a) Normalized
workload utilization u(t); (b) number of active servers; (c) return-air temperature; (d) maximum inlet
temperature across all servers; (e) RCU supply-air temperature θHPCU; (f) rack cooling airflow rate
QHPCU; (g) total IT power PIT; (h) mean GPU frequency across all GPUs; and (i) server temperature.

since GPU re-sharding usually takes longer and inference instances are not reconfigured frequently.
Moreover, in upper-level optimization, we only give an upper bound for the cooling energy, which
reduces the computational burden of deriving exact cooling actions. See Appendix A.3 in particular
Equation (8) for more details.

In order to optimize TP instances, we further optimize the frequency of GPU with a MILP formulation
that minimizes the total energy consumption while satisfying both the latency SLOs for each query
type and the GPU temperature constraints. The MILP takes the characteristics of the LLM workload
directly into account by applying an input of the token length of each LLM request to the DistilBERT-
based classifier which predicts its class of job-length (short, medium, or long) and applies class-
dependent latency limits to constraints. A detailed mathematical representation of this MILP, which
gives us the objective function and the latency and thermal constraints, is presented in Appendix A.3;
see in particular Equation (9). At the cooling level, we model fine-grained thermal dynamics for
the data center and embed these into an MPC scheme with a prediction horizon NP = 2. The MPC
objective is to minimize the total cooling energy subject to constraints on inlet temperature, airflow
rate, supply temperature, GPU temperature, and return temperature. Finally, the controller also
includes the predicted LLM workload, selected GPU frequency, and TP provisioning, explicitly
allowing cooling setpoints to be proactively adjusted based on the computing workload treated as
a disturbance. The detailed thermal model and MPC formulation are presented in Appendix A.3;
specifically in Equation (10).

3 Evaluation

Setup: We evaluate our framework on a 1-day simulation with 30 min cluster-level planning and
5 min TP scheduling, capturing real LLM serving patterns from the Azure LLM Inference Trace (17).
Optimization is solved using PuLP (18)(for upper-level server configuration) and SciPy SLSQP (for
lower-level cooling control)(19). To validate our approach, we performed experiments on 8×Tesla
V100 GPUs (16 GB) with the Llama-2 7B model inference workload, using peak 1-hour and trace
1-day. The controller is built on vLLM (7) for the TP configuration, and the results are compared
with a baseline TP8 inference operating at the maximum GPU frequency.

Results: Fig. 2 shows the joint compute–cooling control on an entire day. Panel (a) shows the
utilization u(t) that follows the workload of the time-varying state. In panel (b), it is shown that the
controller assigns additional active servers at busy times and reduces them back down during off peak
ones. Consequently, the IT power in panel (g) increases with increasing workload (intensity) and
increasing number of active servers, emphasizing the cost of the idle GPUs and thus the advantage of
dynamic allocation. The controller uses MPC at the cooling layer to jointly optimize the flow rate
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QRCU and the supply temperature TRCU under thermal conditions. From panel (c), we see that the
return temperature Treturn continues to remain within the limit (80◦C). Inlet temperatures θin (Panel
(d)) remain within the limits. During light-load periods, MPC lowers QRCU and provides slightly
higher TRCU (Panel (e)–(f)) inlet temperatures, allowing them to increase by a small enough amount
to save cooling energy. At high loads, QRCU rises and TRCU falls, to improve heat removal, acting
as the strongest actuator. Panel (h) illustrates how the mean GPU frequency varies with workload
and SLOs: For loose latency requirements lower frequencies will be used, and for long jobs or tight
workloads higher frequencies will be chosen. These daily decisions are aggregated to form a diurnal
frequency profile that cuts power, but not at the expense of service quality. Panel (i) illustrates the
temperature across servers, revealing a spatial gradient from rack-based cooling, where upstream
servers experience warmer inlet air during cooling and more recirculation than those in proximity to
the cooling source. In general, proposed hierarchical MPC adjusts server activation, GPU frequency,
and cooling setpoints to track workload while maintaining thermal safety constraints, and MPC
controller provision resources and energy more efficiently than static provisioning with performance.

The experimental results in Table 1 and Figure 3 show the relationship between power consumption,
GPU temperature, and latency under the hierarchical control framework. Compared to the baseline,
the proposed approach consistently reduces power consumption, demonstrating the effectiveness of
workload-aware GPU frequency tuning and dynamic scheduling.

The hierarchical configuration also keeps temperatures stable and within safe operating limits, even
with reduced GPU power draw. This indicates that the control algorithm lowers power while avoiding
thermal violations. Latency performance remains close to the baseline, with only minor variations,
and no significant overhead is observed. Therefore, Service-level objectives are maintained.
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Figure 3: Overall evaluation of the proposed dynamic hierarchical control (blue) compared with a
static baseline (red): (a) end-to-end latency and compute-side metrics, (b) temperature, (c) IT power
and (d) cooling power profile.

Table 1: Comparison of power consumption, temperature,
and latency between Baseline and Controlled setup.

Metric Baseline Proposed Improvement

Power (W/GPU) 71.50 63.00 -11.9%
Temperature (°C) 47.8 45.2 -2.6
Latency (s) 2.31 2.28 ≈ 0

Table 1 and Figure3 show that the hier-
archical controller reduces the GPU
power by nearly 12% and no addi-
tional latencies have been introduced.
MILP-based TP selection and per-job
frequency tuning jointly balance effi-
ciency with reliability, sustaining safe
operation at a lower cost. On the cool-
ing side, Figure 3(a) shows that MPC
achieves a 17.4% reduction in daily
cooling power while respecting thermal limits. Combined, computing and cooling optimization
produces about 29% total power savings per day, highlighting the effectiveness of workload-aware
hierarchical control.

4 Conclusion and Future Work

In this work, we propose a hierarchical framework that jointly optimizes cooling and computing for
LLM inference. Our approach explicitly considers thermal objectives and constraints by modeling the
interactions between computing and cooling processes inside data centers. Simulation results on real
LLM inference load and GPU clusters demonstrate a reduction of total energy by nearly 29% without
SLO violations. The results highlight the importance of integrating thermal dynamics with compute
scheduling to achieve sustainable AI data centers. Future work will explore proactive forecasting,
larger-scale validation, and distributed optimization for real deployment.
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A Appendix

A.1 LLM Serving

Parallelism. In practice, two parallelism strategies are commonly employed in LLM serving: pipeline
parallelism (PP) and tensor parallelism (TP). With PP, different layers of the model are placed on
separate GPUs, which reduces memory pressure but requires additional communication between
stages. TP, on the other hand, splits the computations of a single layer across several GPUs. This
method relies on high-bandwidth connections, but can achieve greater efficiency within a single
server. The level of parallelism selected therefore has a direct bearing on system performance, power
consumption, and thermal behavior.

LLM Serving Quality. When evaluating LLMs performance, several common metrics are typically
used, such as throughput, time to first token (TTFT) and time between tokens (TBT). TTFT reflects the
delay before the model produces its very first token, whereas TBT captures the average time required
to generate each additional token. These latency measures are especially important for applications
with strict SLOs, as they directly shape how responsive the system feels to users. However, in
our work, we take a broader perspective. Instead of focusing only on TTFT or TBT, we measure
the end-to-end latency of a request—starting from its arrival and continuing until the final output
token is produced. This more comprehensive view provides a clearer sense of the quality of service
experienced by users and allows us to better capture the trade-offs among energy consumption,
performance, cost, and thermal constraints within LLM inference clusters.

A.2 Data Center Thermal and cooling dynamics.

We consider a rack-based air-cooled rack with N total servers. For each server i = 1, . . . , N ,
we monitor three temperatures: the cold-aisle inlet temperature θc,i(t), the server exhaust (core)
temperature θs,i(t), and the hot-aisle temperature θh,i(t). The overall state vector is

z(t) =
[
θc,1, θs,1, θh,1, . . . , θc,N , θs,N , θh,N

]⊤
.

The manipulated inputs from the rack cooling unit (RCU) are the setpoint of the air temperature
supply TRCU(t) and the airflow rate delivered QRCU(t):

u(t) =

[
TRCU(t)

QRCU(t)

]
.

The temperature dynamics for cooling, exhaust, and hot-aisle are given by :

θ̇c,i(t) =
1

Vc

(
Φh,iTRCU(t) + ΦOC

i−1 θc,i−1(t) + ΦL θh,i(t)−
(
ΦOC

i +Φs,i

)
θc,i(t)

)
, (1)

θ̇s,i(t) =
Φs,i

Cth

(
θc,i(t)− θs,i(t)

)
+ Pi(t), (2)

θ̇h,i(t) =
1

Vh

(
Φs,i θs,i(t)− ΦL θh,i(t) + ΦOH

i−1 θh,i−1(t)− ΦOH
i θh,i(t)

)
. (3)

Here ρ is the density of the air, cp is the specific heat of the air, Vc and Vh are the volumes of cold
and hot zones, and Cth is the thermal capacitance of the server. The term Φs,i is the airflow from the
internal server fan and Φh,i is the share of the airflow supplied by RCU passing through the server i.
The airflow coupling parameters ΦOC

i and ΦOC
i−1 describe mixing along the cold aisle; ΦOH

i and ΦOH
i−1

capture hot air recirculation; and ΦL represents leakage from the hot aisle back to the cold aisle.
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The IT power of server i is modeled as

Pi(t) = κ3fi(t)ui(t) + κ2fi(t) + κ1ui(t) + κ0,

where fi(t) is the GPU frequency, ui(t) ∈ [0, 1] is the utilization fraction and κ0, κ1, κ2, κ3 are the
fit power-model coefficients. The average rack return temperature is

Treturn(t) =
1

N

N∑
i=1

θh,i(t).

A simple affine surrogate for the server GPU temperature i is

TGPU,i(t) = α θc,i(t) + β Pi(t) + γ,

where α, β, γ are the identified coefficients, θc,i(t) is the temperature of the input (cold-aisle) and
Pi(t) is the power of the computer.

The cooling load extracted by the RCU is

Qload(t) = ρ cp QRCU(t)
(
Treturn(t)− TRCU(t)

)
, (4)

and the corresponding chiller power consumption is

Pcool(t) =
Qload(t)

η(TRCU(t))
, (5)

where η(·) is the performance coefficient (COP) of the cooling plant, modeled as a quadratic function
of the supply temperature:

η(TRCU(t)) = a2T
2
RCU(t) + a1TRCU(t) + a0. (6)

Finally, the power of the fan required to deliver airflow QRCU(t) is approximated by a cubic:

Pfan(t) = δ0QRCU(t) + δ1Q
2
RCU(t) + δ2Q

3
RCU(t), (7)

where δ0, δ1, δ2 are the coefficients of the fan-model.

A.3 Hierarchical Control Formulation

TP selection at the Window-level. Given the token demand Lw in the window w and the GPU budget
Cmax

g,w decided by the cluster-level plan, we solve the following MILP to decide how many TP pools
of each type to activate:

min
{ym,w∈Z≥0}

∑
m

∑
t

Pm,w ym,w

s.t.
∑
m

Cm,w ym,w ≥ Lw (coverage)∑
m

mym,w ≤ Cmax
g,w (GPU budget; multi-pool selection)

TGPU
m,w ≤ Tmax

GPU, ∀m ∈ T P (temperature cap).

(8)

Here, ym,w denotes the number of TP type pools m ∈ T P activated in the window w. Cm,w is
the effective token-processing capacity per-pool and Pm,w is the corresponding power consumption.
The first constraint guaranties that the total capacity

∑
m Cm,wym,w is sufficient to serve the token

demand Lw. The second constraint enforces the GPU budget Cmax
g,w coming from the cluster-level

controller. The last constraint keeps the average GPU temperature TGPU
m,w of each pool below the safe

limit Tmax
GPU. Thus, (8) selects a mix of TP pools that covers demand while minimizing power under

GPU and thermal limits.
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Per-job Frequency Selection. In the lower layer, for each job i in the window w, the GPU
frequency is chosen from the set F = {1000, . . . , 1800} MHz. The latency profile for the job class
c(i, w) ∈ {short, med, long} at frequency f is Lc(i,w),f .

min
{xf,i,w}

∑
f∈F

xf,i,w pf,i,w

s.t.
∑
f∈F

xf,i,w = 1 (select one frequency)

∑
f∈F

xf,i,w Lc(i,w),f ≤ Lmax
c(i,w) (latency cap)

αθini,w + β
∑
f∈F

xf,i,w pf,i,w + γ ≤ Tmax
GPU (temperature cap)

xf,i,w ∈ {0, 1}, ∀f ∈ F .

(9)

Here, xf,i,w ∈ 0, 1 is a binary decision variable that equals 1 if the job i in window w is executed
with frequency f ∈ F and 0 otherwise. The term pf,i,w denotes the power consumption of the GPU
of job i at frequency f , and c(i, w) ∈ short, med, long is the latency class of the job. For each pair of
class frequencies, Lc(i,w),f is latency and Lmaxc(i, w) is the corresponding latency deadline (SLO).
The constant Tmax

GPU is the safe temperature limit of the GPU. The objective of (9) minimizes the total
power

∑
f∈F xf,i,w, pf,i,w for the job i. The first constraint requires that exactly one frequency be

selected. The second constraint ensures that the latency of the chosen frequency does not exceed the
class-specific bound Lmax

c(i,w). The third constraint guaranties that the temperature of the GPU remains
below Tmax.

MPC-based TRCU and QRCU Control: presents an MPC formulation for cooling control in an AI
data center. The controller jointly adjusts TRCU and QRCU of the RCU on a prediction horizon to
minimize energy use while ensuring thermal safety.

min
TRCU(k), QRCU(k)

J =

Np−1∑
k=0

(
Pcool(k) + Pfan(k)

)
s.t. θc,i(k) ≤ θmax

c,i , ∀i, k = 0, . . . , Np − 1,

Treturn(k) ≤ Tmax
return, k = 0, . . . , Np − 1,

TGPU,j(k) ≤ Tmax
GPU, j = 1, . . . , n, k = 0, . . . , Np − 1,

Tmin
RCU ≤ TRCU(k) ≤ Tmax

RCU, k = 0, . . . , Np − 1,

Qmin
RCU ≤ QRCU(k) ≤ Qmax

RCU, k = 0, . . . , Np − 1.

(10)

Here, the decision variables are the temperature of the RCU supply TRCU(k) and the airflow rate
QRCU(k). The objective J accumulates the total cooling power Pcool(k) (chiller power) and the
fan power Pfan(k) on the horizon, so minimizing J corresponds to minimizing the total cooling
energy. The term θc,i(k) denotes the temperature of the cold-zone i (e.g. the temperature of the
inlet or the cold air temperature for the server i), and θmax

c,i is its upper limit allowed. Treturn(k) is
the return-air temperature in the RCU, with an upper limit Tmax

return. The last two constraints enforce
actuator limits on the RCU: the supply temperature must remain within [Tmin

RCU, T
max
RCU] and airflow

within [Qmin
RCU, Q

max
RCU].
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