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Abstract

GPU power capping is commonly used to reduce instantaneous power, but its
effect on completed-work energy can depend on the hardware/workload operat-
ing regime. We characterize five deep-learning architectures on NVIDIA Tesla T4
and Quadro GV100 GPUs, evaluate hardware-aware large-language-model power
predictions, validate live power-cap control on the T4, conduct a 45-run random-
ized complete-block T4 experiment, and analyze an additional five-block NVIDIA
L4 cross-hardware validation for two completed architectures. The T4 oper-
ates in a narrow software-power-cap-dominated envelope, whereas the GV100
exhibits architecture-differentiated power and smooth thermal convergence. On
the T4, reducing the cap to 60 W lowers board power but reduces through-
put by 15.7–20.3% and increases energy per completed step by 6.4–11.7%. In
contrast, on the L4, 60/64 W caps reduce energy per completed step by approx-
imately 5.1–7.0% for MobileNetV2 and DenseNet-121 despite throughput losses.
Hardware metadata also improves source-level power prediction, while sparse
calibration transfers inconsistently across regimes. These results show that lower
board power is not a reliable proxy for lower completed-work energy. We there-
fore propose a regime-first decision principle: empirically characterize the target
GPU/workload pair and its power-performance-energy frontier before engaging
external control.

Keywords: GPU power management, energy-efficient deep learning, power capping,
thermal-aware computing, hardware characterization, sustainable computing
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1 Introduction

GPU power and temperature management can affect throughput, energy efficiency,
and execution predictability in deep-learning workloads. However, an external con-
troller can only help if the target GPU/workload pair exposes an operating margin
that native hardware management is not already exploiting. A workload far from a
thermal or power constraint requires no intervention; a workload continuously con-
strained by a board-power envelope may offer little room for a temperature-triggered
policy to improve performance or energy. This motivates a regime-first view: identify
the active hardware constraint before choosing the control mechanism.

We began from a more ambitious premise: source code could be read by a large
language model (LLM) to predict a workload's hardware footprint, and those predic-
tions could be used to intervene proactively before undesirable temperature behavior
emerged. A rigorous evaluation exposed a hidden assumption in that pipeline: a numer-
ically better prediction is useful for control only if the target hardware/workload
pair actually exposes controllable margin. The paper therefore asks one unifying sys-
tems question: can source-level predictions safely determine GPU power-management
actions without first identifying the target hardware's realized operating regime?
We answer this by linking cross-GPU characterization, prediction ablations, live
intervention, and a randomized power-cap response experiment.

Characterized GPUs expose distinct operating regimes. Profiling ResNet-50,
ResNet-18, MobileNetV2, ViT-B/16, and DenseNet-121 on a Tesla T4 and Quadro
GV100 shows that the cards behave differently. The GV100 exhibits architecture-
dependent average power and smooth RC-like temperature convergence. The T4
instead operates near a narrow board-power envelope across architectures. Follow-
up live-control experiments add a crucial mechanistic observation: NVML reports
software power-cap enforcement throughout sustained T4 execution, while explicit
thermal-slowdown events remain absent even when temperature reaches approximately
80–82°C. Thus, the T4 is more accurately described as power-cap dominated than
as a GPU with a universal 81°C thermal-throttle ceiling. An additional NVIDIA L4
power-cap experiment is used later as a cross-hardware validation of whether the T4
power-performance-energy response transfers to a newer platform.

The prediction and control results are conditional on hardware regime. In the
revised LLM experiment, supplying explicit hardware metadata reduces power-
prediction error on both characterized GPUs, while one-shot calibration helps the
power-capped T4 but harms transfer on the architecture-differentiated GV100. Live
T4 experiments show that an external temperature-triggered 66↔70 W controller can
be ineffective even when it intervenes. A randomized complete-block T4 experiment
at 60, 64, and 70 W demonstrates why a simple 'lower power is better' rule is unsafe:
60 W consistently reduces throughput enough to increase energy per completed step,
while 64 W lies near a workload-dependent transition region rather than constitut-
ing a universal optimum. The L4 validation then shows that this energy penalty is
not hardware invariant: for the two fully completed architectures, lower caps reduce
energy per step even while throughput decreases.

Figure 1 summarizes this regime-first workflow. Rather than moving directly from
prediction to control, the workflow uses measured telemetry and a short empirical
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probe to identify the operating regime first. The resulting evidence then determines
whether the workload should retain native management or whether an external power-
management action is worth evaluating.

Fig. 1 Regime-first GPU management workflow for identifying the operating regime before power-
control decisions.

Contributions. The primary contribution is cross-hardware evidence that the mea-
sured energy response to GPU power-cap reduction is not portable across the tested
platforms and can reverse sign: a lower cap reduces board power yet increases energy
per completed training step in the tested T4 cases, while reducing completed-step
energy in the two completed L4 cases. The supporting systems contribution is a
regime-first decision framework that uses direct telemetry and a short empirical
probe to identify the active constraint and quantify control authority before selecting
a controller or cap. Three secondary results support this central claim: (1) five-
architecture characterization separates a narrow software-power-cap-dominated T4
envelope from architecture-differentiated GV100 behavior; (2) hardware-aware LLM
prediction improves with explicit device context, but sparse calibration transfers dif-
ferently across regimes and is therefore treated only as a prior; and (3) live controller
experiments show that an external temperature-triggered policy adds little value in
the tested T4 conditions when the measured operating regime exposes little useful
authority. These observations establish non-portability across the tested platforms;
they do not establish architecture-wide behavior for all T4 or L4 workloads.

Study questions. We organize the evaluation around three research questions:
RQ1—what operating constraint is active for each characterized GPU/workload pair,
and what telemetry distinguishes power-cap-dominated, thermally constrained, and
headroom-rich behavior? RQ2—does a reduction in the power limit preserve the sign
of its completed-step energy effect across tested hardware, or can that response reverse
with operating regime? RQ3—once the regime is identified, how useful are source-level
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LLM predictions, sparse calibration, and external control as decision aids rather than
assumed control signals?

2 Related Work

2.1 Thermal-Aware and DVFS-Based Scheduling

Thermal- and power-aware scheduling is already well established, so our contribution
is not a new claim that temperature or power should influence scheduling. TAPAS,
for example, uses historical power/temperature information for placement, routing,
and reconfiguration of LLM inference workloads at cluster scale [2]. DEPO performs
online dynamic GPU power capping for CNN training and reports substantial energy
savings on A100 and RTX A4500 platforms [16]. PctoDL goes further for multi-tenant
inference by combining spatial partitioning, batch size, coordinated frequency control,
a thermodynamic model-predictive controller, and online refinement on RTX 3080 Ti
and A100 GPUs [13]. These systems demonstrate that sophisticated control can be
valuable when exploitable control margin exists. Our complementary question precedes
controller design: how should a runtime establish whether the target GPU/workload
pair is power-cap dominated, thermal-limited, or headroom-rich, and therefore whether
an additional controller has useful authority at all?

Power capping itself is likewise not novel. Multi-GPU DNN-training studies show
that selected non-default caps can improve energy and composite performance-energy
metrics [12], while DEPO dynamically searches caps online [16]. More recently, an
offline-online DNN optimization framework jointly tunes power limits, frequency con-
figuration, and batch size using KNN-XGBoost prediction plus online correction,
reporting average reductions in both GPU energy and runtime [17]. Contempo-
rary work on modern A40/A100/H100/H200 systems further shows workload- and
architecture-dependent transitions between efficient and inefficient energy regimes
under frequency and power-cap changes [18]. These results reinforce rather than
subsume our question: we test whether the direction of the completed-work energy
response to a qualitatively similar power-cap intervention can reverse across GPU
platforms, and connect that response to measured control authority and operating-
regime telemetry. Accordingly, we measure energy per completed unit of work and do
not infer energy efficiency from lower instantaneous board power.

2.2 Data-Driven and Physics-Informed GPU
Power/Performance Prediction

A substantial body of work predicts GPU power or performance from structured
workload features and empirical data. PowerTrain uses transfer learning plus lim-
ited profiling to predict DNN training time and power on accelerated edge devices
[4]. WattGPU uses public LLM and GPU metadata to predict inference power and
latency on unseen server GPUs and LLMs without target profiling [5]. Physics-aware
forecasting combines thermal RC structure with learned time-series models for AI-
datacenter power prediction [6], while recent MFU-based work reports highly accurate
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power models when conditioning on GPU, precision, and batch size [7]. Forecasting-
based energy management similarly builds a perception layer from high-frequency
operational telemetry [15]. These studies show that cross-hardware prediction is pos-
sible; our results should not be read as an argument to the contrary. We instead
test a weaker-information setting - general-purpose source-level LLM reasoning - and
ask whether metadata and a single calibration observation become reliable enough to
justify control across qualitatively different operating regimes.

2.3 LLMs for Source-Level Performance Prediction

Recent work has begun testing LLMs directly as performance reasoners. Bolet et
al. ask whether an LLM can classify GPU kernels as compute- or bandwidth-bound
from source and target-hardware information; reasoning-capable models reach only
64% zero-shot accuracy, while explicit profiling information makes the task much
easier [8]. LLMPerf studies LLM-based execution-time estimation for OpenCL pro-
grams and reports substantial error on public programs, illustrating the difficulty of
source-only numerical performance modeling [9]. Our study complements these efforts
by evaluating continuous board-power prediction for complete DNN training work-
loads across two GPUs with qualitatively different operating regimes. Rather than
reporting only aggregate error, we test whether predictions preserve the hardware's
cross-workload structure and whether a single empirical calibration point transfers
across architectures.

2.4 Positioning of the Present Work

The closest literature establishes strong individual ingredients: dynamic power cap-
ping can save energy [16]; structured prediction and transfer can estimate perfor-
mance/power [4], [5]; thermodynamic MPC and joint resource/frequency optimization
can improve throughput under strict power constraints [13]; offline-online predic-
tion can guide DNN energy optimization [17]; and recent analytical work identifies
workload- and architecture-dependent GPU energy-efficiency regime shifts [18]. Our
novelty claim is therefore deliberately narrower. We combine regime identification
with direct throttle-reason telemetry, prediction/calibration tests, live intervention,
and randomized power-cap experiments, and show that the sign of the measured
energy-per-step response differs between the tested T4 and completed L4 cases. The
experimental chain is source-level LLM prior -> explicit hardware context -> sparse
calibration -> cross-GPU regime identification -> live intervention -> measured
power-performance-energy response. A no-benefit controller result and a failed cali-
bration transfer are retained as supporting negative evidence. This distinguishes our
regime-first diagnostic question from downstream optimization.

3 Methodology

A. Regime-First Decision Framework

The framework operationalizes the paper’s central claim as a gate before opti-
mization. For a target GPU/workload pair, the controller first establishes the active
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constraint from measured board power, configured power limit, temperature trajec-
tory, clock behavior, utilization, and NVML throttle-reason telemetry. It then performs
a short candidate-cap probe and evaluates realized power, throughput, and energy
per completed training step. Control is enabled only when the probe reveals use-
ful authority: a lower cap or external intervention must change the objective in a
favorable direction rather than merely reduce instantaneous watts. Algorithm 1 is a
decision procedure derived from the experimental evidence, not a universally validated
regime classifier; its regime labels are assigned from the observed telemetry and active
constraints rather than from fixed temperature or wattage thresholds.

Algorithm 1 — Regime-first control gate

1) Observe: collect synchronized power, temperature, clocks, utiliza-
tion, configured limit, and throttle-reason telemetry during a short steady
workload burst.

2) Diagnose: classify the observed state as power-cap dominated,
thermally constrained, or headroom-rich from the active constraint and
trajectory; do not infer the regime from temperature alone.

3) Probe: test one or more safe candidate limits and measure realized
power P, throughput S, and completed-step energy E step = P/S under
matched run preparation.

4) Quantify authority: compare the probe with native operation. A power
reduction without a favorable completed-work energy/performance response
is not treated as useful authority.

5) Gate and select: if useful authority exists, choose the simplest policy
supported by the measured response (e.g., static cap or dynamic control);
otherwise retain native management. LLM output, when available, can
prioritize probes but cannot bypass empirical gating.

B. Experimental Hardware and Model Architectures
We evaluate on two GPUs with substantially different power envelopes: an NVIDIA

Tesla T4 (70W TDP, inference-oriented datacenter card) and an NVIDIA Quadro
GV100 (250W TDP, workstation-class card). This pairing was chosen deliberately after
preliminary profiling revealed that the two cards occupy qualitatively different operat-
ing regimes (Section 4.1), making single-GPU claims about thermal-aware scheduling
non-generalizable.

Five convolutional and transformer architectures of varying compute character
were used throughout: ResNet-50, ResNet-18, MobileNetV2, ViT-B/16, and DenseNet-
121, each trained with batch size 64 at 224×224 input resolution using randomly
initialized weights (network architecture and numerical compute pattern were the
object of study, not converged model behavior).

C. Phase 1: GPU Thermal and Power Profiling
1) Profiling protocol:
For each (architecture, GPU) pair, we recorded GPU temperature and power draw

at 10Hz via NVML while running continuous forward/backward training steps. Profil-
ing methodology was iteratively hardened in response to several confounds discovered
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during data collection, each of which we report because they materially changed
measured values and would affect any similar profiling study:

• Order confound. An initial protocol that profiled all five architectures sequen-
tially without inter-run cooldown produced a monotonically increasing average
temperature pattern that closely tracked execution order rather than architecture
identity. We corrected this by (a) inserting an explicit cooldown-to-baseline period
between profiling runs and (b) randomizing model execution order independently
across repeats.

• Initial-condition confound in fixed-window deltas. A näıve metric (tem-
perature delta over a fixed profiling window) was found to depend heavily on the
GPU's starting temperature rather than architecture, because first-order thermal
heating follows ‘dT/dt ∝ (T ss - T current)‘: identical workloads produce smaller
observed deltas when started from a hotter baseline. We replaced fixed-window
deltas with joint exponential curve fitting (Section 3.2.2) that is structurally
invariant to starting temperature.

• Window-duration-vs-time-constant identifiability. A 15 s profiling window
produced unstable and underdetermined curve fits for architectures with longer
thermal time constants. Profiling duration was therefore extended to 150 s so that
the final window comfortably covered the slowest observed heating dynamics (T4
rise descriptors up to approximately 53 s), improving identifiability and reducing
dependence on the arbitrary endpoint of a short trace.

• Hidden warm-up transient. An initial protocol excluded 5 ”warm-up” train-
ing steps from the recorded trace (intended to exclude one-time CUDA/cuDNN
kernel-selection overhead). Because warm-up wall-clock time is architecture-
dependent (proportional to per-step compute time), this silently truncated a
different fraction of each architecture's initial heating transient, systematically
compressing fitted time constants for fast-stepping architectures. The protocol
was corrected to begin recording before warm-up, retaining only 2 lightweight
throwaway steps for kernel selection.

• Non-monotonic T4 traces. Several T4 profiling repeats rose, peaked near
80–81°C, and then declined before the window ended, a shape that a mono-
tonic single-exponential model cannot represent reliably. We therefore treated
these traces as non-monotonic operating-regime observations rather than forc-
ing a thermal-RC fit or inferring a hardware thermal-throttle threshold from
temperature alone. Subsequent live NVML telemetry was used to identify
the active constraint directly: software power-cap enforcement was persistent,
while software/hardware thermal-slowdown flags were not observed. For descrip-
tive cold-start analysis, a smoothed peak-and-settle detector was retained to
summarize rise time without assigning the peak a causal throttle interpretation.

2) GV100 thermal model: joint RC curve fitting:
For the GV100, repeated profiling across all five architectures showed smooth

exponential convergence and no observed NVML thermal-slowdown behavior in the

7



tested runs. We therefore modeled each architecture's thermal trace as a first-order
RC system,

T(t) = T ss - (T ss - T 0) · exp(-t/τ),
fitting T ss and τ jointly across repeats with heterogeneous starting tempera-

tures T 0 (fixed per repeat, not fitted). This formulation reduces confounding between
starting temperature, steady-state temperature, and time constant; synthetic recon-
struction checks were used to confirm that joint fitting was more stable than fitting
short repeats independently.

We further calibrated the RC model's physical constants (thermal resistance R,
cooling coefficient k) via linear regression of fitted T ss against measured average
power across the five architectures: T ss = T amb + (R/k)·P. This regression achieved
R² = 0.995, and the independently-fitted cooling coefficient k = 1/τ varied by only
5.3% (coefficient of variation) across the five architectures — consistent with k being
a property of the physical card rather than the workload, which is the assumption the
single-RC-constant model requires and which we verified rather than assumed.

3) T4 operating-regime characterization:
The T4 requires a different interpretation from the GV100. Cold-start traces often

rise toward approximately 80–81°C and later settle near 76–77°C, but live NVML
throttle-reason telemetry collected during subsequent real power-control experiments
shows persistent nvmlClocksThrottleReasonSwPowerCap activity and no observed
software/hardware thermal-slowdown flags. We therefore avoid treating 81°C as a
verified hardware thermal-throttle threshold. Instead, we characterize the T4 as a
power-cap-dominated regime in which architecture-specific workloads operate close to
the board-power envelope and exhibit temperature-dependent clock behavior within
that constraint.

For descriptive analysis we retain workload-specific rise-time statistics from cold-
start profiling, because they quantify how quickly different architectures heat the card.
However, these parameters are no longer interpreted as time-to-thermal-throttle. In
the live-control phases, the directly observed variables—power limit, board power, SM
clock, temperature, utilization, and NVML throttle-reason bitmasks—are treated as
the authoritative indicators of the active hardware constraint.

D. Phase 2: LLM-Based Hardware Footprint Prediction
We evaluated gpt-oss-120b via the Groq API under three prompting conditions.

Z1 supplied the exact FP32 training workload specification and target GPU name;
Z2 additionally supplied public hardware metadata; Z3 supplied the same metadata
plus one empirical ResNet-18 average-power calibration point and evaluated transfer
to the remaining four architectures. The model directly predicted time-averaged board
power per training step, avoiding the physically invalid practice of averaging indepen-
dently predicted forward- and backward-pass powers without duration weighting. Both
temperature 0.0 and 0.2 were tested in the pilot, and raw responses, provenance, val-
idation status, and repeated inference replicates were recorded. Prediction error was
scored against measured Phase-1 power using MAE/MAPE, while hardware-regime
awareness was assessed from the predicted cross-architecture power spread.

E. Phase 3: Live Power-Cap, Controller, and Knee Evaluation
1) Establishing the real control surface:
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Before evaluating a controller, we verified that the Colab-hosted Tesla T4 allowed
live NVML power-limit writes over its supported 60–70 W range. An initial screening
sweep across 60, 62, 64, 66, 68, and 70 W established the real control surface and
showed that progressively lower caps reduce SM clock and throughput. We recorded
board power, temperature, utilization, clock frequency, throttle-reason bitmasks, step
time, throughput, and energy per completed step at approximately 10 Hz.

2) Live controller validation:
We compared native 70 W operation, static 66 W operation, and a hysteretic

66↔70 W temperature-triggered policy. Runs were prepared to a common ther-
mal band before measurement and policy order was randomized within blocks.
The live controller test was used to determine whether an external temperature-
based intervention adds value when native T4 power management is already active;
ResNet-18 provided valid interventions, while ViT-B/16 supplied a complementary
non-intervention case under the tested trigger.

3) Randomized power-cap knee experiment:
To test whether a simpler static operating point could outperform or match

dynamic intervention, we conducted a randomized complete-block experiment on
MobileNetV2, DenseNet-121, and ResNet-50 at 60, 64, and native 70 W. Each archi-
tecture used five blocks, with cap order randomized within each block, 60 s measured
runs, FP32 batch size 64 at 224×224 resolution, and thermal-state preparation tar-
geting 76–77°C before each run. Primary outcomes were throughput (steps/s), energy
per completed step, realized board power, temperature, and SM clock. The experi-
mental unit for inference was the run/block, not individual telemetry samples. We
report run-level means with 95% confidence intervals and paired within-block contrasts
against 70 W. Because only five independent blocks were available per architecture and
multiple outcomes/caps were explored, p-values are treated as descriptive supporting
evidence rather than confirmatory familywise inference; effect magnitudes and con-
fidence intervals remain primary. The measured start temperature occasionally read
75°C immediately after preparation; this one-degree transition occurred across policies
and is reported as a protocol limitation rather than silently excluded.

4) Experimental provenance and reproducibility. Every live run records the physical
GPU UUID, configured power limit, randomized block order, random seed, timestamps,
run-level summary, step durations, and raw NVML telemetry. Checkpoints were writ-
ten after each completed run, and a resumed session was allowed to append only when
the GPU UUID matched; otherwise a new dataset was created. This prevents silent
mixing of cloud GPU instances within a controlled comparison and preserves the raw
evidence used for all reported block-level analyses. The run-level JSON, derived anal-
ysis CSVs, and experiment scripts are retained as reproducibility artifacts and can
accompany the manuscript as supplementary material.

4 Results

4.1 Cross-Hardware Operating-Regime Characterization

As shown in Table 1, the GV100 exhibits architecture-dependent thermal and power
behavior, while the fitted thermal time constants remain relatively consistent across
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the tested architectures. *ResNet-50 did not reach the approximately 81°C peak

Table 1 GV100 fitted thermal parameters.

Architecture Tss (◦C) τ (s) Avg. Power (W)

ResNet-50 74.17± 0.15 14.16± 0.21 201.09
ResNet-18 73.14± 0.22 15.69± 0.31 192.63
MobileNetV2 69.30± 0.13 13.44± 0.21 168.68
ViT-B/16 77.60± 0.13 15.04± 0.17 220.07
DenseNet-121 71.28± 0.13 14.30± 0.21 179.18

Calibrated RC constants: R = 0.01082, k = 0.0688 (CV 5.3% across
architectures), Tamb = 42.88◦C, Tss-vs-power fit R

2 = 0.995.

Table 2 T4 cold-start heating characteristics and average power.

Architecture Observed
peak (◦C)

Time-to-
peak (s)

τrise (s) Post-peak
settle
(◦C)

Avg.
Power (W)

ResNet-18 81.0 84.2 36.31 77.0 67.30
MobileNetV2 81.0 92.7 37.78 76.5 66.65
ViT-B/16 81.0 113.6 45.76 76.0 66.63
DenseNet-121 80.9 127.8 52.64 76.9 67.17
ResNet-50 78.0* > 150 (not

reached)
51.29 78.0* 67.58

within the 150 s profiling window. As shown in Table 2, the T4 workloads exhibit
similar average power despite differences in their cold-start heating behavior. Most
workloads approach an observed peak near 81◦C, while their time-to-peak and rise
characteristics vary across architectures. Two findings emerge. First, average board
power is nearly uniform across architectures on the T4 (66.63–67.58 W, about 1.4%
relative spread) but substantially differentiated on the GV100 (168.68–220.07 W,
about 26% spread). Second, the live T4 experiments identify the mechanism behind
this uniformity more directly than the temperature trace alone: software power-cap
enforcement is active throughout sustained execution, while explicit NVML thermal-
slowdown events are absent. The relevant contrast is therefore a power-cap-dominated
T4 versus a GV100 that preserves architecture-dependent power differentiation and
shows no observed thermal slowdown in the tested runs.

As shown in Fig. 2, the GV100 workloads exhibit smooth RC-like convergence
with architecture-dependent power, while the T4 workloads operate near a narrow
board-power envelope. The approximately 80–81◦C T4 peak is treated as an observed
temperature feature rather than a verified thermal-throttle threshold.
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Fig. 2 Measured thermal dynamics across hardware regimes.

4.2 LLM Prediction: Hardware Context Helps, Calibration Is
Regime-Dependent

Table 3 Power-prediction MAPE across prompting conditions.

GPU Z1
MAPE

Z2
MAPE

Z3
MAPE

Metadata 1-shot calibra-
tion

Evaluation
scope

Tesla T4 21.49% 13.70% 9.81% Improves Improves further 4 non-calibration
architectures

Quadro
GV100

14.38% 11.35% 22.60% Improves Degrades 4 non-calibration
architectures

Z1 GPU name
only

Z2 GPU name +
public hard-
ware metadata

Z3 Metadata +
one ResNet-
18 measured
power value

Key result Hardware con-
text helps; cal-
ibration trans-
fer is regime-
dependent

As shown in Table 3, hardware metadata improves prediction accuracy on both
GPUs, while one-shot calibration has different effects across the two operating regimes.

Explicit hardware context consistently helps: moving from GPU-name-only
prompting (Z1) to hardware metadata (Z2) reduces MAPE from 21.49% to 13.70% on
the T4 and from 14.38% to 11.35% on the GV100. One-shot calibration (Z3) further
reduces T4 MAPE to 9.81%, but increases GV100 MAPE to 22.60%. This asymme-
try is mechanistically consistent with the measured regimes: one calibration point is
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informative when the T4 collapses workloads toward a common power envelope, but
can be misleading on the GV100 where architecture-specific power differences are real.

Table 4 Qualitative reliability findings from the LLM experiment.

Finding T4 GV100

Power regime in measurements ∼1.4% architecture
spread

∼26% architecture spread

Z1 zero-shot prediction Over-differentiates work-
loads

Qualitatively differenti-
ated

Hardware metadata (Z2) Reduces MAPE Reduces MAPE

One-shot calibration (Z3) Further reduces MAPE Increases MAPE

Control implication Calibration can reveal
shared envelope

Single-point transfer can
mislead

As summarized in Table 4, the qualitative reliability findings further highlight the
hardware-dependent behavior of prediction and calibration across the T4 and GV100.
These results do not support using a zero-shot LLM estimate as a direct control
signal. The model benefits from hardware metadata and can sometimes exploit sparse
calibration, but the value of that calibration itself depends on the hardware regime. A
practical system should therefore treat the LLM output as a prior and update it with
a short hardware measurement rather than assume that semantic workload knowledge
uniquely determines realized board power or thermal behavior.

As shown in Fig. 3, explicit device metadata reduces prediction error on both
GPUs, while one-shot calibration improves the power-capped T4 but degrades
the architecture-differentiated GV100, showing that calibration transfer is regime-
dependent.

Fig. 3 LLM power prediction across hardware regimes.
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4.3 Live T4 Control and Power-Cap Transition Results

Screening and controller validation. The initial sweep established a monotonic con-
trol surface: lowering the T4 cap reduces achievable clock and throughput, and lower
instantaneous board power does not guarantee lower energy per completed step. In the
live ResNet-18 controller experiment, valid 66↔70 W interventions produced essen-
tially unchanged throughput, energy per step, mean temperature, peak temperature,
and hot-state exposure relative to native 70 W operation. For ViT-B/16, the dynamic
policy did not trigger under the tested threshold. These negative results motivated a
direct test of static operating points rather than further tuning of the temperature
controller.

As summarized in Table 5, the ResNet-18 values aggregate completed valid
interventions from the live 66↔70 W controller experiment, while the ViT-B/16
values come from the three-block validation. Dynamic ViT runs are reported as
non-interventions because the 79◦C trigger was never reached.

Run-level dispersion: ResNet-18 native throughput 4.7104 ± 0.0026 steps/s and
energy 13.878 ± 0.029 J/step (n=5); four valid dynamic interventions 4.7107 ± 0.0044
steps/s and 13.859 ± 0.040 J/step (n=4). ViT-B/16 native throughput 0.4381 ± 0.0017
steps/s and energy 147.73 ± 0.63 J/step (n=3); dynamic non-intervention runs 0.4364
± 0.0018 steps/s and 148.53 ± 0.54 J/step (n=3). Values are mean ± sample SD
across runs/blocks.

As shown in Fig. 4, lowering the board-power cap reduces achievable
clock/throughput and does not guarantee lower energy per completed step. In valid
ResNet-18 dynamic runs, the 66–70 W controller changes the commanded cap but
produces essentially no change in mean temperature, hot-state exposure, throughput,
or energy relative to native 70 W operation.

Fig. 4 Live T4 power-control results.

Randomized-block power-cap experiment. The 45-run follow-up provides the
strongest live evidence in the paper. Relative to native 70 W, a 60 W cap reduced real-
ized board power by 10.35% for MobileNetV2, 10.44% for DenseNet-121, and 10.96%
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Table 5 Live policy comparison on the T4.

Architecture / policy Throughput
(steps/s)

Energy / step
(J)

Mean temp
(◦C)

Peak temp
(◦C)

Time ≥80◦C

ResNet-18 / native 70 W 4.7104 13.878 77.542 82.0 26.52%

ResNet-18 / static 66 W 4.6953 13.936 77.546 82.0 26.82%

ResNet-18 / dynamic 66↔70
W

4.7107 13.859 77.538 82.0 26.79%

ViT-B/16 / native 70 W 0.4381 147.730 76.925 77.0 0.00%

ViT-B/16 / static 66 W 0.4338 149.030 77.472 79.33 12.51%

for ResNet-50, but throughput fell by 15.72%, 17.33%, and 20.28%, respectively. Con-
sequently, energy per completed step increased by 6.37%, 8.32%, and 11.70%. The 64
W condition was qualitatively different: realized board power fell by about 4.65–5.12%,
while throughput penalties were 4.78%, 5.45%, and 8.49%; energy per step increased
by only 0.13% for MobileNetV2, 0.81% for DenseNet-121, and 3.68% for ResNet-50.
We therefore interpret 64 W as a workload-dependent transition region on this T4,
not as a universal optimum or a formally estimated knee.

As summarized in Table 6, the randomized complete-block T4 experiment uses five
blocks per architecture and cap. Values are run-level means, and percentage changes
are paired within block against native 70 W.

Table 6 Randomized complete-block T4 power-cap experiment.

Architecture Cap Throughput
(steps/s)

Energy/step
(J)

Power (W) ∆ Throughput vs
70 W

∆ Energy/step vs
70 W

MobileNetV2 60 W 3.673 16.31 59.96 -15.72% +6.37%

MobileNetV2 64 W 4.150 15.36 63.76 -4.78% +0.13%

MobileNetV2 70 W 4.358 15.34 66.88 Reference Reference

DenseNet-121 60 W 1.332 45.02 60.02 -17.33% +8.32%

DenseNet-121 64 W 1.524 41.90 63.90 -5.45% +0.81%

DenseNet-121 70 W 1.611 41.57 67.02 Reference Reference

ResNet-50 60 W 1.318 45.43 59.87 -20.28% +11.70%

ResNet-50 64 W 1.512 42.17 63.80 -8.49% +3.68%

ResNet-50 70 W 1.653 40.68 67.25 Reference Reference

As shown in Fig. 5, lowering the cap reduces realized board power, but the through-
put penalty is nonlinear and architecture-dependent. The 64 W setting lies in a milder
transition region, whereas 60 W is clearly beyond that efficient transition for all three
tested workloads.

The energy view is essential to interpreting this transition. As shown in Fig. 6,
the 60 W setting increases joules per completed step for all three architectures despite
reducing instantaneous board power.

Fig. 7 confirms that the configured caps do reduce realized board power; therefore,
the energy penalty is explained by the disproportionate throughput loss rather than
by failure of the cap to take effect.

As summarized in Table 7, the paired block effects are reported relative to native
70 W as mean percentage changes with 95% confidence intervals across five paired
blocks. Negative throughput indicates a performance loss, while positive energy/step
indicates worse energy efficiency.
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Fig. 5 Measured T4 power-performance transition.

Fig. 6 Energy per completed training step on the T4.
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Fig. 7 Realized T4 board-power response.

Table 7 Paired block effects relative to native 70 W.

Architecture Cap ∆ Throughput 95% CI ∆ Energy/step 95% CI

MobileNetV2 60 W -15.72% [-16.01, -15.43]% +6.37% [+6.01, +6.73]%
MobileNetV2 64 W -4.78% [-4.89, -4.67]% +0.13% [+0.005, +0.258]%
DenseNet-121 60 W -17.33% [-17.49, -17.17]% +8.32% [+8.04, +8.60]%
DenseNet-121 64 W -5.45% [-5.56, -5.33]% +0.81% [+0.64, +0.98]%
ResNet-50 60 W -20.28% [-21.60, -18.95]% +11.70% [+9.42, +13.98]%
ResNet-50 64 W -8.49% [-9.76, -7.22]% +3.68% [+1.91, +5.45]%

4.4 Cross-Hardware Power-Cap Validation on NVIDIA L4

To test whether the T4 cap-response direction transfers across hardware, we analyzed
an additional NVIDIA L4 experiment using the same paired randomized-block logic.
MobileNetV2 and DenseNet-121 each completed five blocks at 60, 64, and native 72 W.
Relative to 72 W, MobileNetV2 throughput decreased by 11.96% at 60 W and 5.95%
at 64 W, while energy per completed step decreased by 5.05% and 5.38%, respectively.
DenseNet-121 throughput decreased by 11.23% at 60 W and 5.55% at 64 W, while
energy per step decreased by 7.04% and 6.04%. Thus, unlike the T4—where lower caps
increased joules per completed step—the L4 converts the power reduction into a net
energy saving for both fully completed architectures, although at a throughput cost.

This cross-hardware reversal provides direct evidence that the response to a cap
reduction is not portable across the tested platforms: the sign of the completed-step

16



energy response cannot be inferred from the cap reduction alone, and an absolute
setting such as 64 W cannot be treated as a portable optimum. The reversal coincides
with—and is mechanistically consistent with—the substantially different measured
operating regimes and telemetry of the tested platforms; because the experiments
do not isolate GPU architecture from every cloud-instance and software-environment
difference, we do not attribute the reversal to GPU architecture alone. Cross-hardware
validation on the NVIDIA L4 was completed only for the architectures reported below;
missing ResNet-50 L4 observations are neither imputed nor generalized.

As shown in Fig. 8, the T4 points move toward higher energy per completed step
as caps are reduced, whereas the completed L4 points move toward lower energy per
step despite throughput loss. Absolute wattages are platform-specific and are not
interpreted as portable optima.

Fig. 8 Cross-GPU energy-throughput response.

Table 8 reports the paired L4 energy-per-step comparisons against native 72 W
across five blocks.

E. Summary
The combined evidence supports the central claim of the paper. The T4 does not

support a universal fixed-temperature thermal-throttle interpretation; direct teleme-
try instead identifies persistent software power-cap enforcement in the tested sustained
runs. External temperature-triggered control offers no meaningful advantage in the
live cases tested, while the randomized static-cap experiment reveals a nonlinear,
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Table 8 L4 paired energy-per-step comparisons against native 72 W.

Architecture Cap Mean J/step ∆ vs 72 W Paired ∆ (J) 95% CI (J) p

DenseNet-121 60 W 11.769 -7.04% -0.891 [-1.040, -0.743] 7.60e-05
DenseNet-121 64 W 11.895 -6.04% -0.765 [-0.802, -0.728] 5.43e-07
MobileNetV2 60 W 4.984 -5.05% -0.265 [-0.278, -0.253] 5.13e-07
MobileNetV2 64 W 4.967 -5.38% -0.282 [-0.298, -0.266] 9.68e-07

architecture-dependent power-performance-energy transition. A 60 W cap consistently
saves instantaneous board power but increases energy per completed step on the tested
T4 workloads. Crucially, the additional L4 validation reverses the energy direction
for the two fully completed architectures: 60/64 W caps reduce energy per step while
reducing throughput. Together with the architecture-differentiated GV100 characteri-
zation, these observations show that power-management actions should be conditioned
on the measured hardware/workload regime rather than transferred as fixed-wattage
rules.

5 Discussion

5.1 Thermal-aware control should be gated by operating
regime

The principal systems implication is that thermal-aware control should be gated by
operating regime rather than enabled by default. A runtime should first determine
whether the target workload is genuinely approaching a thermal constraint, is instead
constrained by board power, or has substantial thermal headroom. This regime check
can use a short telemetry burst that jointly observes temperature trajectory, board
power, clocks, utilization, and NVML throttle-reason flags. Only the first case directly
motivates a temperature-triggered controller. This interpretation is consistent with
recent production-scale thermal/power scheduling systems, which rely on measured
operating context rather than assuming a universal thermal bottleneck [2], and with
recent power-constrained GPU optimization showing that the best control depends on
the available power/performance surface [13].

5.2 Lower power is not equivalent to lower energy

The randomized T4 experiment makes this point quantitatively. At 60 W, realized
board power falls by roughly 10–11% relative to native 70 W, yet throughput falls by
15.7–20.3%; the longer execution time dominates, raising energy per completed step by
6.4–11.7%. At 64 W, the trade-off is milder but remains architecture-dependent. The
L4 validation demonstrates that this relationship is not universal: for MobileNetV2
and DenseNet-121, both 60 W and 64 W reduce energy per completed step relative to
native 72 W even though throughput also falls. Therefore neither instantaneous power
reduction nor a fixed cap value is sufficient to predict energy efficiency; the relevant
quantity is completed-work energy on the target hardware/workload pair.
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5.3 Native GPU control can dominate an external controller

The ResNet-18 live test is a direct negative result for the external hysteretic con-
troller: the policy truly intervenes but does not materially change throughput, energy
per step, mean temperature, peak temperature, or hot-state exposure. ViT-B/16 sup-
plies the complementary case in which the controller does not need to intervene.
The subsequent 60/64/70 W experiment explains why further temperature-controller
tuning is not automatically desirable: native T4 management already places the
device in a power-constrained regime, and forcing a lower cap can move a workload
beyond its efficient operating region. A practical controller should therefore first estab-
lish that controllable margin exists and then optimize on an empirically measured
power-performance-energy frontier.

Relation to recent optimizers. Our findings do not imply that advanced GPU con-
trollers are ineffective. DEPO demonstrates sizable energy savings on Ampere GPUs
when online cap adaptation can exploit performance-energy slack [16], and PctoDL
demonstrates that thermodynamic MPC combined with partitioning and frequency
control can substantially improve power-constrained multi-tenant inference [13]. The
distinction is one of precondition: those systems ask how to optimize once a useful
control surface exists, whereas our experiments ask whether that control surface exists
for the target hardware/workload pair. On the tested T4, persistent native software-
power-cap enforcement and the 60/64/70 W response show why blindly adding a
temperature controller can be unnecessary or counterproductive. This motivates a
regime classifier or uncertainty gate ahead of any downstream DVFS, MPC, capping,
or configuration-search optimizer.

5.4 LLM predictions are useful priors, not control authority

The revised LLM ablation gives a more nuanced result than a single MAPE num-
ber. Hardware metadata improves prediction on both GPUs, showing that the model
can use explicit device context. One-shot calibration improves the T4 but degrades
the GV100, demonstrating that sparse calibration is not automatically transfer-
able. This is consistent with the broader prediction literature: strong cross-hardware
results typically rely on structured hardware features, empirical training corpora,
or carefully conditioned models [4], [5], [7], whereas source-only LLM performance
reasoning remains substantially less reliable [8], [9]. We therefore position the LLM
as a hypothesis generator or prior whose numerical output must be calibrated and
uncertainty-checked before it is allowed to drive control.

5.5 Threats to validity

• Cloud GPU instance variation. T4 experiments were performed on multiple
Colab-provisioned Tesla T4 instances across sessions. Within each controlled
comparison, policies were kept on the same GPU UUID; measurements from dif-
ferent UUIDs were not treated as repeated observations of one physical device.
This improves ecological validity but prevents attributing small cross-session
differences to workload alone.
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• Synthetic workload. The experiments use randomly initialized models and syn-
thetic 224×224 inputs to isolate architecture-level compute behavior. Real
training pipelines introduce data loading, augmentation, optimizer state, mixed
precision, and changing utilization patterns that may alter the operating point.

• Limited live-policy and cap scope. The full five-architecture T4/GV100 charac-
terization is broader than the live control validation. The dynamic controller
was tested on ResNet-18 and ViT-B/16, while the randomized 60/64/70 W T4
experiment used MobileNetV2, DenseNet-121, and ResNet-50. Cross-hardware
L4 validation was completed for MobileNetV2 and DenseNet-121 using five paired
randomized blocks at 60/64/72 W. Experimental access to the original L4 cloud
instance ended before the planned ResNet-50 extension could be completed;
incomplete observations are excluded and no values are imputed. Accordingly,
the L4 result demonstrates non-invariance of the observed energy-response direc-
tion across hardware, but it is not used to claim architecture-wide L4 behavior
or a universal cap.

• Single LLM family. The revised prediction experiment uses gpt-oss-120b through
Groq. The ablation isolates the value of hardware metadata and sparse calibration
for this model, but does not establish that all LLM families exhibit identical
numerical error or uncertainty behavior.

6 Limitations

• The live controller changes board-power limits only within the T4-supported 60–
70 W range. It does not directly manipulate clocks, voltage, fan policy, or cooling
infrastructure, so the conclusions apply specifically to power-cap intervention.

• The live experiments use controlled 45–60 s windows intended to compare oper-
ating policies under matched thermal state. Longer end-to-end training runs
may expose slower environmental drift, dataloader effects, checkpointing, or
cooling-system dynamics. In the randomized-block experiment, thermal prepara-
tion targeted 76–77°C, but the immediately recorded start value was occasionally
75°C; because this occurred across policies, we retain all runs and disclose the one-
degree transition rather than treating the telemetry samples as perfectly identical
initial states.

• The LLM calibration study uses one ResNet-18 power observation as the Z3 cal-
ibration point. More principled calibration-set selection, multi-point calibration,
and uncertainty-aware Bayesian updating remain open questions.

• We report full five-architecture operating-regime characterization on T4 and
GV100, a complete three-architecture five-block cap experiment on the T4, and
a completed two-architecture five-block cross-hardware cap validation on the L4.
Five randomized blocks establish strong within-setup repeatability but remain a
small number of independent experimental units and do not characterize unit-to-
unit manufacturing variation. Future replication on independently provisioned L4
systems, additional architectures, and a normalized-cap GV100 sweep would test
the breadth of the regime-first interpretation; these are extensions rather than
prerequisites for the observations reported here.
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7 Conclusion

We investigated whether source-level LLM predictions and proactive power/thermal
control can improve GPU training behavior without first requiring extensive profiling.
The evidence supports a regime-first conclusion rather than a universal sched-
uler or fixed-cap claim. The GV100 shows architecture-differentiated power and
smooth RC-like convergence, while the tested Tesla T4 sustained runs are persis-
tently software-power-cap dominated. On the T4, a live 66↔70 W controller provides
no operationally meaningful benefit for ResNet-18, and the randomized 60/64/70
W experiment shows that aggressive capping can lower instantaneous power yet
increase energy per completed step. Cross-hardware validation on the L4 provides the
complementary result: for the two fully completed architectures, MobileNetV2 and
DenseNet-121, 60/64 W caps reduce energy per completed step relative to native 72 W
despite throughput losses. This establishes that the direction of the observed power-
performance-energy response is not invariant across the tested platforms; it does not
imply that the same L4 response holds for every architecture, nor does it isolate GPU
architecture as the sole cause of the reversal. Explicit hardware metadata also improves
LLM power prediction on both characterized GPUs, but one-shot calibration trans-
fers successfully only in the shared-envelope T4 regime and degrades prediction on the
architecture-differentiated GV100. A practical runtime should therefore treat source-
level predictions as priors, perform a short empirical characterization of the target
hardware/workload pair, measure completed-work energy and throughput under can-
didate operating points, and engage external control only when the resulting frontier
exposes useful margin. Lower board power is not, by itself, evidence of lower energy
per completed training step.
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