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Abstract 
The increasing power density of AI infrastructure places critical importance 
on the thermal behavior of data-center GPUs. Measurements of these GPUs’ 
temperatures, however, rely on aggregate metrics such as hardware power rat-
ings, data-center efficiency metrics, and node temperatures, none of which pro-
vide information about the temperature distribution across the GPUs within 
that node. As a result, it is important to determine whether thermal divergence 
among GPU nodes varies with the hardware model alone or with the workloads 
assigned to those nodes. An analysis of 32 public sessions, each with eight GPUs 
assigned to either image-generation or language-model and text-generation 
workloads, shows that the mean temperature spread between the hottest and 
coolest GPU within each session is 13.58˚C, a value that far exceeds the 1˚C 
resolution of each GPU’s temperature measurements. Furthermore, analysis 
of the interaction between workload and hardware reveals that H100 GPUs 
exhibit a greater temperature spread during image-generation workloads than 
during language-model and text-generation workloads. In comparison, B200 
GPUs exhibit a greater temperature spread during language-model and text-
generation workloads than during image-generation workloads (interaction 
effect: 16.77˚C, F(1, 28) = 67.88, p < 0.001). These results are statistically sig-
nificant even after adjusting for heteroskedasticity, permutation tests, bootstrap 
resampling, leave-one-session-out model refitting, and total GPU power within 
each session. Furthermore, because each set of GPU workload data was col-
lected on different dates, these results indicate only a relationship between 
workload and GPU thermal divergence, not between the workload itself and 
that divergence. Thus, thermal assumptions based solely on the hardware model 
or on the average temperature of GPUs within a node provide incomplete de-
scriptions of the thermal behavior of those nodes. As such, decisions regarding 
data-center cooling, scheduling workloads across nodes, hardware procure-
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ment, and managing the thermal behavior of those GPUs should account for 
thermal divergence based on each GPU’s workload. Furthermore, while this 
study was unable to provide evidence of any effect of these workloads on the 
throttling or useful computation of those GPUs, such conclusions would re-
quire validation of these assumptions. 
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1. Introduction 

Artificial intelligence (AI) infrastructures are among the most power-dense and 
power-variable workloads in data centers today. According to estimates, the world’s 
data centers currently consume 415 TWh of electricity per year and are projected 
to consume more than double that amount by 2030; data centers powered by AI 
servers are among the major contributors to this projected growth [1]-[3]. Fur-
thermore, as AI accelerator platforms are designed with power levels in the kilo-
watt range [4], the problem of how to effectively generate, distribute, and remove 
the heat they produce has become a first-order design and operational concern. 

Many thermal measurements performed within AI accelerator platforms are 
based on power ratings for the AI accelerators, the density of AI accelerator nodes 
within data-center racks, and facility-level measurements of the efficiency with 
which data centers utilize the power they consume [5]-[7]. These levels of meas-
urement are essential to the operation of AI accelerator platforms and to under-
standing their thermal behavior; however, they do not indicate whether any one 
GPU within an AI accelerator node is hotter than any other GPU in that same 
node at any given time. In other words, such data do not provide insight into the 
concept of “locality” within AI accelerator nodes. Thermal locality is the temper-
ature difference between the hottest and coolest GPUs within an AI accelerator 
node at a given timestamp. 

Within the AI accelerator platform, it is already established that the tempera-
ture within the dies of the GPUs is often not distributed uniformly, that the power 
dissipated by the GPUs is not an accurate indicator of the temperature of those 
GPUs, and that the way that heat moves within those GPUs is not always as ex-
pected based on the physical platform of each AI chip [8]-[11]. Additional work 
has been published on concepts related to AI GPUs, AI heat, AI cooling systems, 
AI platform power densities, AI GPU throttling, workload-dependent AI GPU 
power measurements, and the positioning of heterogeneous GPUs within AI sys-
tems [12]-[16]. However, in the public literature on these topics, it is less clear 
how observed differences in thermal spread across AI accelerator nodes vary with 
the AI workloads performed by the processors of each AI accelerator generation 
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(platforms, cards, etc.). Furthermore, in the public records of each manufac-
turer, it is less clear whether the rank order of GPU temperatures within a node 
may reverse depending on the type of workloads performed by those AI proces-
sors. 

To gain an understanding of these topics, this article examines whether thermal 
divergence among GPUs within an AI accelerator node during public AI model 
sessions varies with the workloads those processors perform across AI accelerator 
generations. Specifically, 32 eight-GPU node sessions were collected from AI pro-
cessors based on the NVIDIA H100 and B200 AI accelerators, and the sessions 
were performed with two categories of AI workloads: image-generation work-
loads and large-language-model (LLM) and text-generation workloads [17]. The 
sessions were the unit of analysis for this research.  

The primary research question is: Does the temperature divergence among GPUs 
within an AI accelerator node depend on the workloads they perform, rather than 
on the identity of the accelerator hardware itself? Additionally, three other ques-
tions will be answered that relate to the main question: 1) Do the observed thermal 
divergence measurements between AI GPUs within nodes exceed a threshold of 
possible thermal floor measurements within those processors; 2) Does the thermal 
divergence within each node of AI processors as a function of the type of work-
loads performed by each hardware brand and generation differ between the vari-
ous groups of AI workloads performed; and 3) What implications do these find-
ings have for the management of AI data centers? An answer to each of these 
questions will be provided in the article. Namely, we have two main research hy-
potheses: 

H1 tests the significance of the mean thermal divergence between GPUs 
within AI accelerator nodes, relative to a 1˚C sensor-resolution threshold in 
those chips.  

H2 tests whether the cross-product term for workloads and hardware within 
AI processor nodes is statistically significant (as a measure of the interaction 
between these two variables). 

In each of the 32 public AI accelerator nodes analyzed in this study, the higher-
spread hardware (i.e., greater thermal variation between the hottest and coolest 
GPU within the node) varied with the type of AI workload each node performed. 
For example, on nodes that performed image-generation workloads, the H100 
models exhibited greater thermal divergence between GPUs within each node than 
the B200 models did for the same workload. In contrast, within nodes that per-
formed language-model and text-generation workloads, the B200 models exhib-
ited greater thermal divergence between GPUs than the H100 models did for the 
same workload. Furthermore, the mean intra-node thermal divergence across the 
32 sessions was 13.58˚C, and the workload-by-hardware interaction was 16.77˚C, 
indicating that the higher-spread hardware reversed across the image-generation 
and LLM/text-generation cells; however, each brand of AI processor was performed 
on different dates, so this is only a statistically supported association between these 
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variables and not a statistical relationship between the workloads alone and the 
thermal divergence that results. Warm-up and cool-down periods were excluded 
from the data capture. 

The contribution of this research is not in the suggestion of a new means of cool-
ing AI data centers. Instead, it is intended as a bounded demonstration that the type 
of workloads that AI processors perform within data centers shows that there are 
statistical associations on the thermal locality of those GPUs within the nodes of the 
processors; thus, it is recommended that the thermal locality of the GPUs within the 
data center’s AI processors should be managed in a way that takes into account the 
workloads that are being performed by those GPUs. Furthermore, such a recom-
mendation can be applied to the management of data centers in that cooling de-
cisions, scheduling decisions for AI model workloads, procurement of AI pro-
cessing hardware, and even decisions regarding near-source thermal management 
of those AI processors should take into account not just the state of the workload 
that is to be performed by the hardware, but also each of the individual GPUs within 
those data-center AI processors, the thermal state of each of those GPUs, and the 
state of the useful output that is to be provided by each of those GPUs. 

The remainder of this article is organized as follows. Section 2 describes and 
reviews relevant literature on artificial intelligence thermal locality. Section 3 de-
scribes the methodology used to complete the study. Section 4 defines the study’s 
data and potential biases. Sections 5 and 6 present the study’s results and the an-
swers to H1 and H2. Section 7 provides the answers to the research questions. Sec-
tion 8 describes the implications of these findings. Section 9 presents the conclu-
sions and recommendations based on the study’s findings and implications, as well 
as recommendations for their application. Finally, Section 10 discusses the limita-
tions of this study and steps that can be taken to extend its impact and implications. 

2. Literature Review 

Five main bodies of literature were reviewed: that which relates to the thermal 
pressure of AI infrastructure, the cooling and efficiency metrics of data centers, 
the power and telemetry data of GPUs under different workloads, the concept of 
thermal locality within the GPUs of a single node, and the types of responses that 
can be made to those thermal parameters. Each of these topics reviews the current 
literature to make clear that the metrics for AI data centers and GPU hardware 
are not without their uses and importance. However, the literature review reveals 
a gap regarding whether thermal locality within a single node’s GPUs is transfer-
able across different workloads on those GPUs, as none of the topics explored 
address this issue. 

Addressing this gap is important because workload-dependent thermal varia-
tion may affect the reliability of cooling strategies, performance optimization, and 
infrastructure planning. Accordingly, this study examines whether thermal local-
ity remains consistent across workloads or changes in response to differing com-
putational demands. 
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2.1. AI Infrastructure Density and Accelerator Thermal Pressure 

AI infrastructure has become a thermal and energy-planning issue due to the in-
creased power requirements of the computational processes necessary to perform 
AI tasks. Analyses by Lawrence Berkeley National Laboratory, the International 
Energy Agency, and the Electric Power Research Institute all report that data-cen-
ter electricity requirements are becoming a material concern for the nation’s in-
frastructure [1]-[3]. Previous analyses of data-center power requirements suggest 
that power estimates for such facilities require detailed, bottom-up analyses of the 
components to be deployed within them [18]. Thus, the literature on these topics 
helps establish the “why now” factor that supports the significance of the research 
presented in this article. 

Furthermore, the recommendations regarding the hardware components of AI 
systems also indicate the importance of this topic. For instance, both the specifi-
cations of current data-center GPUs and the published recommendations for cool-
ing such GPUs indicate that AI systems will generate heat at high rates within data 
centers [4] [19]-[21]. While these publications motivate the study and its rele-
vance to AI infrastructure, they do not provide evidence for the results to be pub-
lished from this study. For instance, the rating of hardware components indicates 
their design and operational limits but does not indicate the distribution of heat 
generated within GPUs during AI tasks. Thus, while related, the existing reports 
from studies on the hardware and its cooling requirements do not provide evi-
dence for the result that this study will publish. 

2.2. Static and Aggregate Cooling Metrics 

Data-center operators require aggregate metrics. Metrics such as PUE, WUE, rack 
power, temperature, and facility capacity are all important for data-center opera-
tors [5] [6] [22]. Furthermore, data on power provisioning helps explain why these 
aggregate metrics cannot be applied to the various populations of GPUs housed 
in data centers [7]. These metrics are useful to data center operators and owners for 
planning energy, capacity, resilience, and efficiency within those data centers. 

The limitation of these metrics, though, is not the metrics themselves. It is that 
they do not answer the question of the temperature difference between the hottest 
and coolest GPUs within a given server node. While it is possible for a server to have 
an average temperature acceptable for that data center, some GPUs within that 
node may reach temperatures detrimental to their lifespan and reliability. Thus, 
these aggregate metrics are inherently different from, and not a substitute for, 
measuring each GPU within a node to determine whether such a temperature dif-
ference exists. 

2.3. Workload-Dependent Power, Performance, and GPU 
Telemetry 

Workloads within AI data centers differ in their power draw, performance charac-
teristics, and the types of useful output they produce. Work on deep learning (LLM) 
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power management, power capping, inference efficiency, and energy benchmark-
ing has shown that the characteristics of these AI workloads affect the power, per-
formance, and energy of the GPUs executing them [12] [13] [15] [23]-[25]. Fur-
thermore, work on benchmarking AI models and workloads indicates that the 
useful output of those models should be used to evaluate their performance, rather 
than the power they draw to produce that output [24]. 

Work on GPUs and GPU telemetry also indicates that each GPU’s power draw 
and performance characteristics must be determined [26]-[30]. Furthermore, 
work on sensors built into GPUs suggests that the telemetry systems used to meas-
ure GPU power draw may be of low quality [31]. Thus, while the literature on 
GPUs supports the idea that each GPU within a node should be measured for 
performance and power characteristics, the work done on those GPUs to measure 
such characteristics warrants caution and should not be accepted unquestion-
ingly. 

2.4. Intra-Node Thermal Locality and Performance Mechanisms 

The behavior of heat in electronic systems is local, layered, and time-dependent. 
Work on modeling heat in electronic systems indicates that heat originates at var-
ious components of a system, travels through it due to its physical properties, and 
is emitted by the system itself [8]-[11] [32]. Furthermore, work on the transient 
behavior of heat within electronic systems and the compact models that can be used 
to model that heat indicates that the heat models of electronic systems are addi-
tionally influenced by factors such as the time that elapses within the system, the 
impedance within the system, and the location within the system at which the heat 
is generated or emitted [33]-[37]. 

These different types of work on heat in electronic systems provide the founda-
tion for investigating locality within a node’s GPUs. Such work does not, however, 
indicate that the GPUs on a node are being measured for parameters as fine-grained 
as the die-level heat flux of GPUs in public H100 and B200 accelerator models. 
Instead, this study intends to measure the temperature difference between the hot-
test and coolest of the eight GPUs in each node. Furthermore, such an investiga-
tion of the locality of heat within the GPUs of each node is supported by the ex-
isting literature on GPUs that helps to explain the reasons for investigating such 
a factor as the difference between the hottest and coolest GPUs and why it may be 
important to measure such a factor within AI data-center nodes. 

That literature on GPU nodes also supports the idea that the local heat within 
those nodes affects GPU performance. For instance, research on the thermal char-
acteristics of distributed deep learning training indicates that factors such as ther-
mal hotspots, power capping, and frequency throttling in GPUs are common in 
AI distributed training models [14]. Additionally, work on the positional thermal 
characteristics of GPUs within multi-GPU systems indicates that, for instance, 
GPUs positioned at the rear of a server may reach higher temperatures than front-
facing GPUs on the same node [16]. Work on individual GPUs indicates that GPU 
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temperature can affect GPU efficiency [38] [39]. Furthermore, because the rate at 
which AI distributed training workloads can train AI models is limited by the rate 
at which the slowest of the GPUs within that distributed node completes its work, 
local differences in temperature that impact the performance of those GPUs can 
have an impact on the efficiency with which the entire training node can complete 
its work [40]-[42]. These mechanisms for the impact of local heat within nodes 
indicate that the performance characteristics of each GPU within a node can be 
affected by local thermal conditions, even if these conditions are not directly meas-
ured in this investigation. 

2.5. Candidate Responses: Scheduling, Cooling, Near-Source 
Management, and Buffering 

Several response categories for localizing thermal characteristics in data-center 
GPUs have been established in the existing literature. For instance, work on work-
load placement within data centers indicates that workloads can be placed based 
on the thermal characteristics of the hosts on which they will execute [43]. Fur-
thermore, work on thermal- and power-aware scheduling in data centers indicates 
that scheduling algorithms exist for data-center GPU clusters and for deep learn-
ing (LLM) inference data centers [44] [45]. Thus, the scheduling of workloads to 
GPUs is one of the response categories to consider in light of each GPU’s localized 
thermal characteristics. 

Furthermore, work within cooling architectures of data centers indicates that 
architectural considerations for data-center cooling systems, cold plates, liquid 
cooling standards for AI systems (OAI/OAM), the resiliency of cooling systems 
within the data centers, and research into alternative cooling systems for those 
data centers help to establish that temperature management is one of the factors 
concerning data centers that is actively managed by data-center engineers [21] 
[46]-[48]. Work on near-source thermal management and buffering also helps to 
establish that these response categories exist within the data-center field. For in-
stance, work on heterogeneous integration within electronic systems indicates that 
thermal management at the die, package, module, and system levels is a consider-
ation for data-center and AI-chip architects [11]. Work on phase-change buffer-
ing in power-electronic modules highlights the need to consider methods for heat 
buffering in electronic systems [49]. While the literature on each of these response 
categories supports their consideration, it does not provide evidence, using any 
method, of a reduction in the temperature spread between the hottest and coolest 
GPUs within a node, or of an improvement in the useful output of the H100 and 
B200 GPU models. 

Thus, while the existing literature on the locality of heat within nodes indicates 
each of the response categories to that locality, it also highlights the need to inves-
tigate each of those response categories and to justify their consideration over al-
ternative responses to the issues of local thermal characteristics within data-center 
GPUs. 
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2.6. Literature Gap and Study Position 

As established by the literature on locality and performance of GPUs in AI data 
centers, several facts are known about GPUs and their applications in those data 
centers. First, AI data centers tend to generate significant amounts of energy and 
heat. Furthermore, while metrics on data-center power, energy, and efficiency are 
helpful to data-center operators and owners, they are often aggregate measures of 
GPU performance within the data center [5] [6] [22]. Additionally, work on deep 
learning (LLM) power management, power capping, inference efficiency, energy 
benchmarking, and even benchmarking of AI models and workloads indicates that 
the power, performance, and energy of GPUs are affected by the workloads executed 
on them [12] [13] [15] [23]-[25]. Furthermore, work on heat in electronic systems 
indicates that the heat generated by these systems is local, transient, and often affects 
their performance [8]-[11] [32]. Previous research also indicates that within GPU 
nodes, some GPUs may experience higher temperatures than others, and these lo-
calized temperature differences can affect their overall performance [14]. Finally, 
work on GPU performance also indicates that each of these performance issues 
has response categories related to their management and correction [21] [43]-
[49]. 

As such, since each aspect covered in the literature is well known in the field, 
the knowledge gap to be addressed by the present study concerns the differences 
among current GPU generations in the temperature spread between the hottest 
and coolest GPUs within those nodes. Furthermore, within each GPU generation, 
one model may exhibit a greater spread between the hottest and coolest GPUs 
than another model within the same generation. Thus, one of the contributions of 
the present study is to establish that current GPUs exhibit these spread differences 
between the hottest and coolest GPUs on each node. The response to this estab-
lished issue is not a suggestion to address scheduling, cooling, near-source man-
agement, or GPU buffering within those data centers. Instead, this established need 
to measure the hottest and coolest GPUs within a GPU node indicates that decisions 
regarding cooling, scheduling, near-source management, and buffering should also 
be informed by the workload executed on those GPUs. 

3. Research Methodology 
3.1. Study Design 

The main purpose of this research is to investigate whether intra-node tempera-
ture divergence, measured during public GPU node sessions, varies across work-
load-hardware cells. The study’s methodology is designed to fulfill that purpose. 
Specifically, each node contains eight GPUs, and the temperature divergence among 
them can be measured. These temperature divergences are aggregated to produce a 
temperature divergence value for each GPU node session, and it is to be deter-
mined whether that value exceeds a certain measurement floor, which varies by 
workload-hardware cells. 
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Two main hypotheses are tested in this study. The first hypothesis (H1) is tested 
to determine whether the intra-node temperature divergence within each public 
GPU node session exceeds a specified low measurement floor, given the GPUs’ 
physical characteristics. The second hypothesis (H2) is tested to determine whether 
intra-node temperature divergence within each session varies with the workload-
hardware cell to which the session belongs. Each of these hypotheses is tested us-
ing session-level data. 

3.2. Data and Inclusion 

The data collected and used in this study comprise 32 public GPU node sessions 
recorded by Elsayed, Al-Obaidi, and Farag [17] on NVIDIA’s H100 and B200 AI 
GPUs. Each of these sessions was recorded on a full GPU node (eight GPUs per 
node) and contained either image-generation or LLM/text-generation workloads. 
Thus, there are four workload-hardware cells within the dataset: H100 image gen-
eration, B200 image generation, H100 LLM/text generation, and B200 LLM/text 
generation. 

The results table is created by calculating each session’s divergence and using 
that value to test the hypotheses. The table used for the descriptive summaries and 
figures of the data is aggregated by each workload-hardware cell. A detailed over-
view of the collected data is presented in Section 4. 

3.3. Unit of Analysis 

Although the data consist of 45,000 individual timestamp records per session, the 
unit of analysis is the session itself. Each session contains timestamp records for 
the same run of workloads on the same GPU node; thus, treating these timestamp 
records as independent observations would overstate the effective sample size. 
However, the timestamps within each session are used to calculate various param-
eters for that session, yielding 32 observations of intra-node temperature diver-
gence for testing the hypotheses. 

3.4. Thermal-Divergence Metric 

Let , ,s g tT  denote the temperature of the GPU g  in session s  at timestamp t , 
recorded in degrees Celsius for the eight GPUs in the node. The intra-node ther-
mal spread at a timestamp is the difference between the hottest and coolest GPU 
at that instant: 
 ( ) ( ), , , , ,max min

ss
s t s g t s g tg Gg G

D T T
∈∈

= −  (1) 

where ,s tD  is the intra-node spread and sG  is the set of GPUs in session s . In 
other words, this calculation subtracts the coolest GPU from the hottest GPU in-
side the same node at the same timestamp. 

Each session is then summarized by its mean spread: 

 ,
1

1 sn

s s t
ts

D D
n =

= ∑   (2) 
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where sD  is the session-level mean spread and sn  is the number of timestamp 
samples in the session. The session-level 95th percentile (P95) is also computed as 
an upper-tail descriptor. P95 is reported descriptively in Section 5, but it is not 
treated as direct evidence of sustained operational harm. 

3.5. Statistical Analysis 

All formal tests use a significance level of 0.05α = . H1 is tested with a single-
variable and one-sided t-test of the session-level mean spread against the practical 
measurement-resolution floor, floor 1δ = ˚C, defined in Section 4.2: 

 floor

D

Dt
s N

δ−
=   (3) 

where D  is the mean of the 32 session-level spreads, Ds  is the standard devia-
tion of those spreads, and N  is the number of sessions. The test asks whether 
the observed spread exceeds a conservative measurement-resolution floor. It does 
not ask whether the spread harms performance, and the floor is not a throttling 
threshold. 

H2 is tested using a two-factor ordinary least squares model of session-level 
mean spread that accounts for each hardware indicator, the workload-family in-
dicator, and their interaction term, to test whether the direction of the spread var-
ies across workload-hardware cells. The same effect may also be expressed as a 
double-difference contrast statistic. The model, its coefficient table, and its dou-
ble-difference equation are presented in Section 6, where the results are applied 
and interpreted. 

In addition to the main model, a series of robustness tests is performed on the 
H2 interaction term: using HC3 heteroskedasticity-robust standard errors, per-
forming a permutation test with 20,000 permutations and seed 20260625, per-
forming a cell-stratified bootstrap with 20,000 resamples and the same seed, per-
forming a leave-one-session-out model refit, and performing a power-covariate 
model in which the mean total GPU power for each session is included as a Z-
scored covariate. Each of these models evaluates the robustness of the interaction 
effect in the collected data; none of them addresses the confounding effect of the 
data collection date, as described in Section 4.4. 

3.6. Software and Reproducibility 

The study is reproducible using the public data collection source and the session- 
and group-level summary tables published in Section 4. The analysis and figure-
producing software utilizes the Python programming language and its standard sci-
entific packages, pandas, NumPy, and SciPy. The figure-producing software utilizes 
session- and grouped-level tables to create both a figure of workloads and hard-
ware that exhibit a reversal of the expected spread across nodes, and a figure of 
the distribution of session-level spreads. 

To fully reproduce the study, others must ensure they use the same unit of anal-
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ysis as the original study. Additionally, they must report the criteria for inclusion 
in the study, the means of de-duplication, the labeling of the hardware models, 
workload families, dates of collection, timestamps of data collection, the definition 
of spread, and the fields for missing telemetry data. 

3.7. Methodology Limits 

The method of this study can only support the claim that the H100 and B200 
GPUs exhibited thermal spread within each graphics processing unit node during 
the analyzed sessions, and that the direction of that spread did not remain con-
sistent across workloads and hardware models. Any additional claims made out-
side of this narrow parameter, such as that the sessions were thermally throttled, 
that the GPUs lost useful computing power during those sessions, that the work-
loads were the cause of the reversal of spread within the nodes, or that any inter-
vention in cooling, scheduling of workloads, near-source thermal management, 
or thermal buffering of the GPUs was performed during those sessions would re-
quire a proof-grade data collection methodology that co-measured those fields; 
currently, those fields are all represented in the study in their missing form (as 
presented in Section 4). 

4. Data Overview, Measurement Scales, and Biases 

The analytic data to be used in this study are defined in this section, as are the 
limits of measurement that can be applied to that data prior to interpreting the 
results of the analysis. The analysis will use 32 public sessions on H100 and B200 
servers, each with eight GPUs, as reported by Elsayed et al. [17]. Within those 
sessions, two different workloads were used: sessions that used GPUs to generate 
images and sessions that used GPUs to run LLMs and perform text-generation 
tasks. Each of those sessions recorded metrics related to power consumption, uti-
lization, memory usage, and GPU temperature on the servers. However, metrics 
such as clock speed, throttling reasons (if any), cooling loop status and tempera-
tures, and GPU server performance metrics were not recorded during those public 
sessions. Thus, while the analysis can determine the temperature divergence 
within the individual server node, it cannot determine whether that divergence 
led to throttling, reduced performance, or any response to those thermal differ-
ences. 

The data from those public sessions were collected as many “rows” that were 
timestamped during the sessions (see Table 1). However, the rows at those 
timestamps are not individual data points for analysis, as the GPU measurements 
were taken over time within each session. Thus, each session is used as the unit of 
analysis for the hypotheses tested in this paper. The timestamped rows will be used 
to calculate measurements within each session, but those session-level measure-
ments will be the metrics used in the statistical analyses described in sections 5 
and 6. This aggregation ensures that repeated measurements in the same session 
are not incorrectly treated as statistically independent observations. 

https://doi.org/10.4236/ica.2026.173004


D. W. S. Ko, J. Mun 
 

 

DOI: 10.4236/ica.2026.173004 88 Intelligent Control and Automation 
 

Table 1. List of variables, measurement scales, and boundaries.  

Variable Role in Analysis Measurement Scale Interpretation Boundary 

Session ID 
Unit for hypothesis  

testing 
Identifier/nominal 

Used as independent observation; timestamp 
rows inside a session are not treated as 

independent cases. 

Hardware Grouping variable Categorical/nominal 
H100 or B200; not a basis for a universal 

hardware ranking. 

Workload family Grouping variable Categorical/nominal 
Image generation or LLM/text generation;  

not a causal treatment assignment. 

Workload-hardware cell Main comparison cell Categorical/nominal 
Central to H2 but aliased with the collection 

date in the public data. 

GPU index/slot label 
Within-node position  

label 
Categorical, possibly 

ordered 

Used to locate GPUs within a node record; 
physical slot, airflow path, and board-position 

interpretation should not be inferred unless 
documented. 

Timestamp 
Within-session time  

order 
Ordered/interval-like 

Used to align per-GPU readings within a 
session; not treated as an independent 

observation for hypothesis testing. 

Per-GPU temperature 
Primary measured  

thermal field 
Interval, Celsius 

Recorded at integer Celsius resolution;  
does not by itself show throttling or  

useful-output loss. 

Intra-node spread 
Main derived thermal 

metric 
Quantitative difference, 

Celsius 

Hottest minus coolest GPU at the same 
timestamp; node-level metric, not on-die, 
package-level, or heat-flux measurement. 

Session-level mean  
spread 

Main session summary Quantitative, Celsius 
Used for H1 and H2; supports within-dataset 
inference, not population estimation for all 

deployments. 

Session P95 spread Upper-tail descriptor Quantitative, Celsius 
Describes high-spread conditions within 

sessions; not a direct measure of sustained 
operating harm. 

GPU power 
Context and robustness 

variable 
Ratio, watts 

Useful for testing whether total power explains 
the spread reversal, not the thesis by itself. 

GPU utilization and 
memory behavior 

Context variables 
Ratio or percentage fields, 
depending on the source 

column 

Help describe workload state; do not close  
the useful output chain. 

Clock frequency Missing proof field 
Not available in the 
analyzed telemetry 

Prevents claims about clock reduction. 

Throttle or violation 
reason 

Missing proof field 
Not available in the 
analyzed telemetry 

Prevents claims about measured thermal 
throttling. 

Cooling condition 
Missing or incomplete 

proof field 
Not available for the 

H100/B200 node analysis 
Prevents claims about cooling-loop response  

or cooling-device causality. 

Useful output Missing proof field 
Not available in the 
analyzed telemetry 

Prevents claims about throughput, latency, 
tokens per second, completed work, or  

useful-compute loss. 
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4.1. Analytic Scope 

Within the narrowed dataset to be used, there are four cells in the analysis: each 
of the H100 and B200 servers will be analyzed for image generation and LLM/text 
generation tasks. Each of the image-generation tasks was performed during 7 ses-
sions of each type of GPU, and each of the LLM and text-generation tasks was 
performed during 9 sessions of each type of GPU. Each session contained approx-
imately 45,000 rows of timestamped data. Thus, the image-generation tasks con-
tained 315,000 rows on each of the H100 and B200 GPUs, and the LLM and text-
generation tasks contained 405,000 rows on each GPU type. Each session repre-
sented running the eight GPUs on a server. These sessions were not randomly 
sampled from the available servers for each GPU type. Instead, they are public 
sessions used to determine whether the thermal spread within each node is within 
an expected measurement floor and whether any differences exist among the var-
ious workloads and GPU types. 

The main variable to be analyzed for each server is the temperature spread within 
the node, defined as the difference between the hottest GPU’s temperature at the 
same timestamp and the coolest GPU’s temperature on that server. This metric 
will be calculated for each session, and the mean spread within each session will 
be used to test the hypotheses formulated in this paper. Additional data to be pub-
lished in this paper include the mean P95 within each session. The session-level 
P95 spread is reported as an upper-tail descriptor of intra-node spread; it is not a 
direct identifier of the hottest GPU. However, that statistic should not be used to 
assess the performance of the GPUs under analysis under normal operating con-
ditions. 

4.2. Scales of Measurements 

The practical measurement floor for the temperature-spread test is 1˚C, a con-
servative estimate given the integer resolution of public temperature measure-
ments. This floor is not a threshold for system performance, nor is it a threshold 
for throttling or sensor calibration. Finally, this threshold is not a performance 
threshold in the context of this study; it is only a floor for performance measure-
ments. 

4.3. Missing Fields and Claim Boundaries 

The dataset is strong for one task: measuring the thermal divergence of GPUs 
within a single node under the observed workload-hardware cells. However, it is 
not proof-grade for establishing causation across the entire chain from workload 
to useful-output loss. Such a proof-grade study would have required data for each 
of the following fields for each session in the dataset: workload, per-GPU power, 
per-GPU temperature, clock frequency for each GPU, throttle violation for each 
GPU, cooling condition for each GPU, and useful output for each GPU. 

Due to a lack of data on clock frequency and throttle violations for each GPU, 
this paper cannot make claims about thermally throttled sessions. Because it lacks 
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data on the useful output of each GPU, this current research cannot claim any loss 
of useful output due to heat. Finally, because we lack data on cooling conditions 
for each GPU, we cannot quantify the impact of cooling-related factors on thermal 
divergence within the node. Each of these factors, however, remains a candidate 
for investigation in the future in baseline-versus-intervention studies. 

Finally, in this analysis, the maximum temperature across all GPUs on the node 
was 77˚C in the grouped data. This value represents the ceiling temperature of the 
GPUs in this dataset, and its presence in the report does not indicate that any of 
the work sessions were thermally limited. 

4.4. Biases, Confounds, and Design Limits 

Perhaps the most important limitation of the dataset is the confusion about the 
dates on which the data were collected. The four different workload-hardware cells 
were each collected on four dates: the H100 image-generation sessions on 2025-09-
16; the B200 image-generation sessions on 2025-09-17; the H100 LLM/text-gen-
eration sessions on 2025-09-20; and the B200 LLM/text-generation sessions on 
2025-09-22. This is a mix of midweek, weekend, and early workweek, with un-
known times of day. Thus, each workload-hardware cell is aliased to the date on 
which it was collected, as well as to any confounding factor that differed across these 
collection dates. Consequently, while the interaction effect can be analyzed to de-
termine whether there is a statistically supported relationship between the work-
load-hardware cells, no conclusions can be drawn about the cause of the reversal 
among those workloads. 

Beyond this important confound, other biases are introduced by the use of this 
publicly available secondary dataset. For instance, the sessions are a publicly avail-
able sample of those conducted in the establishment, rather than a sample col-
lected in a way that minimizes selection and availability biases. Additionally, while 
the dataset contains two accelerator generations and two workload families, any 
conclusions drawn from the data should not be generalized to other GPU types, 
workloads, node designs, rack designs, or cooling architectures. Furthermore, since 
the 7 or 9 sessions within each workload-hardware cell were collected on the same 
day, across four different days overall, and may share common environmental con-
ditions, it is appropriate to generalize within each workload-hardware cell. How-
ever, any generalization beyond those categories would be invalid. Additionally, 
while a slot within the node labels the GPUs, those labels do not indicate either 
the cooling condition of each GPU or the airflow from the node to each GPU. Thus, 
while it is possible to determine the temperature of each GPU within the node, it is 
not possible to determine its cooling conditions or airflow. 

Finally, an issue that arises from using these different aggregated measure-
ments is that the data for nodes, facilities, and GPUs can inherently differ. For 
instance, a data center has GPUs with acceptable average temperatures, yet still 
has a temperature difference between the hottest and coolest GPU within a single 
node. Additionally, while higher total power consumption by a data center may 
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indicate it is hotter than other data centers with lower total power, this does not 
imply a difference between the hottest and coolest GPU within each data center. 
For these reasons, while the power of each data center can be measured, the 
study directly measures the temperature differences between GPUs within each 
node, treats total power as a context variable, and tests the robustness of the 
findings. 

5. Descriptive Statistics 

Table 2 reports the magnitude and direction of divergence within each node prior 
to hypothesis testing. Measuring the temperature difference between GPUs within 
a node allows evaluation of whether the hardware with the greatest thermal diver-
gence remains consistent across different workload families. The temperature 
spread across the eight GPUs in a node is represented by the difference between 
the hottest and coolest GPUs (Equations (1) and (2)). Tests of these statistics are 
presented in Section 6. All measurements presented in this table are from the 32 
analyzed public H100/B200 sessions [17]. 

5.1. Group-Level Summary 

Table 2 summarizes the four workload-hardware cells. Each cell includes either 7 
image-generation sessions or 9 LLM/text-generation sessions, for a total of 32 ses-
sions. Be advised that the effective number of independent collection environ-
ments may be closer to 4 collection blocks than to 32 fully independent sessions. 
Thus, the reported p-values may reflect small-sample effects and should be inter-
preted with caution.  

 
Table 2. Session-level descriptive statistics by workload family and hardware (Values are means across sessions within each work-
load-hardware cell unless otherwise noted.).  

Workload Family Hardware Sessions (n) 
Mean GPU 
Temp (˚C) 

Max GPU  
Temp (˚C) 

Mean Intra-Node 
Spread (˚C) 

Mean Session 
P95 (˚C) 

Image generation H100 7 42.19 73 18.45 19.71 

Image generation B200 7 38.50 61 8.72 10.44 

LLM/text generation H100 9 51.90 70 10.06 13.78 

LLM/text generation B200 9 51.08 77 17.09 20.89 

 
The mean session P95 spread is the average of each session’s 95th percentile. 

This metric does not represent the system’s typical conditions. 

5.2. Magnitude of Divergence 

Across all 32 sessions, the mean session-level intra-node spread is 13.58˚C (SD = 
5.03˚C). Individual sessions range from 5.90˚C to 23.89˚C, and all 32 sessions have 
mean spreads that exceed the 1˚C floor for practical resolution of temperature 
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measurements (Section 4). The smallest cell mean (8.72˚C) is approximately nine 
times this floor. These measurements are within-node temperature differences; 
Figure 1 presents the distribution of these session-level measurements. A statisti-
cal test to determine whether these differences are significantly above the meas-
urement floor is presented in H1 in Section 6. 
 

 
Figure 1. Distribution of session-level intra-node thermal spread across 32 H100/B200 node sessions. Each point represents the mean 
of the hottest-minus-coolest GPU temperature spread for that session. Each session exceeds the 1˚C floor for practical measurement 
of temperature differences, with an overall mean of 13.58˚C and a 95 percent confidence interval of 11.77˚C to 15.39˚C. The figure 
uses sessions rather than individual rows in the data table to reflect that measurements were taken over time within each session. 

5.3. Direction of the Divergence 

The mean spread across nodes of the H100 and B200 hardware components is 
higher for image-generation workloads than for LLM/text-generation workloads 
(Figure 2). For the image-generation workloads, the H100 has a mean intra-node 
spread of 18.45˚C compared to the B200’s 8.72˚C (a difference of 9.74˚C using the 
unrounded session-level spread measurements; the rounded means differ by 9.73˚C). 
For the LLM/text-generation workloads, the spread within the B200 is higher than 
within the H100; the B200’s mean spread is 17.09˚C compared to the H100’s 
10.06˚C (a difference of 7.03˚C). Thus, the difference between the H100 and B200 
within the image-generation workloads is reversed relative to the LLM/text-gen-
eration workloads; the double difference between the hardware components is 
16.77˚C. Because the sessions within each workload family were collected on sep-
arate dates (as noted in Section 4), these differences cannot be attributed solely to 
within-family variation. 
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Figure 2. Workload x hardware reversal in mean intra-node thermal spread. The figure plots the mean hottest-minus-coolest GPU 
temperature spread within each group of sessions held on each eight-GPU node. For image-generation sessions, the H100 GPUs 
exhibit a greater spread than the B200 GPUs. For LLM/text-generation sessions, however, the B200 GPUs exhibit a greater spread 
than the H100 GPUs. The difference between these amounts is 16.77˚C. This contrast does not indicate that session type caused the 
reversal of the trend in GPU temperature spreads, as each workload-hardware combination is aliased with the date on which the 
GPUs were measured. 

5.4. Neither Node-Average Temperature nor Total Power Orders 
the Spread 

Two additional aggregate perspectives of the same sessions do not reproduce the 
spread ordering. First, the node-average temperature does not reproduce the or-
dering of spread within the nodes. For instance, the cell with the highest mean 
GPU temperature was LLM/H100 at 51.90˚C, with a mean spread of 10.06˚C across 
its GPUs, one of the lowest spreads within the cluster. By contrast, the cell with the 
highest spread (image/H100) had a mean temperature of 42.19˚C. This relation-
ship between spread and temperature is consistent with the literature on the ther-
mal spread of GPUs [8] [10]. The temperature measurements were performed at 
the node level, not the die level, meaning that the spread was calculated for the 
eight GPUs within each node. 

Second, total GPU power does not have a monotonic relationship with spread 
within the cluster. The cell with the highest spread (image/H100) had the lowest 
mean total GPU power among the four compute cells in the cluster (1995 W). 
Both B200 models had higher total GPU power than the H100 models for both 
workload families: image and LLM/text generation. B200 used 3165W and 4712W 
compared to 1995W and 3717W, respectively. B200, however, had a wider spread 
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within the LLM/text-generation workload. Section 6 presents a model that pre-
dicts spread within compute cells, reversing the relationship between total GPU 
power and spread. Thus, the spread among GPUs on a compute node cannot be 
predicted from the average temperature or total power of the GPUs in the node. 

5.5. Observed Temperature Regime 

The maximum temperature of each GPU in each of the four compute cells within 
the data center was measured. Each GPU reached a maximum of 73, 61, 70, or 77˚C 
(Table 2). The highest maximum temperature among GPUs was 77˚C, achieved by 
GPUs in the LLM/B200 compute cell. Thus, 77˚C is the maximum temperature of 
any GPU in the cluster. It is important to reiterate, however, that this temperature 
does not indicate that the GPUs were at the thermal throttling threshold. GPU 
clock frequency, the reason for any potential throttling, and any metrics related 
to the usefulness of the computations performed by the GPUs were not available 
for these measurements. Determining whether thermal throttling occurred on any 
GPU is therefore outside the scope of this paper (see Section 4). 

6. Statistical Inference and Hypothesis Tests 

This section presents the formal tests of the two hypotheses introduced in Section 
1. As previously stated (Section 3), the unit of analysis is the session; each test 
employs N = 32 session-level values as units of analysis. The analyses ignore the 
autocorrelation of the sub-second telemetry measurements within each run. Each 
test employs a significance level of 0.05. Hypothesis 1 (H1) relates to whether the 
intra-node spread is valid as a measure of heat distribution within the node by 
determining whether the spread exceeds the resolution of the temperature sen-
sors; Hypothesis 2 (H2) pertains to the main research question of whether work-
load distribution within hardware cells explains the intra-node spread rather than 
the identity of the hardware from which the measurements were collected. Each 
of these tests focuses exclusively on the spread of heat within the nodes and does 
not attempt to investigate thermal throttling, the amount of useful compute work 
performed by the nodes, or any interventions to improve cooling or scheduling of 
work to the nodes, all of which are not recorded in the dataset (Section 4). 

6.1. H1: Intra-Node Divergence Exceeds the Measurement Floor 

H1 asks whether the mean session-level spread exceeds the 1˚C practical meas-
urement-resolution floor, floorδ , defined in Section 4. Because the per-GPU tem-
peratures are recorded at integer resolution, floor 1δ = ˚C corresponds to one 
quantization step; the test therefore asks whether the observed spread exceeds a 
conservative measurement-resolution floor, not whether it reaches any particular 
operationally consequential magnitude. 
• H10: 1Dµ ≤ ˚C 
• H1A: 1Dµ > ˚C 

A one-sample, one-sided t test against the floor (Equation (3)) yields a mean 
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spread of 13.58˚C (SD = 5.03˚C, SE = 0.89˚C), t(31) = 14.16, p < 0.001; the two-
sided 95% confidence interval for the mean spread within nodes is [11.77, 15.39]˚C. 
The null hypothesis H10 is rejected. These results do not rely on the pooled test result 
alone: individual session means range from 5.90˚C to 23.89˚C, and each of the 32 
session means exceeds 1˚C. In addition, each of the four cell means for workload 
and hardware configurations exceeds 1˚C (the smallest mean is 8.72˚C). Thus, the 
within-node spread exceeds the resolution of our measuring instruments in all 32 
analyzed sessions. Since H1 does not claim that any measured spread of node tem-
peratures within a system is harmful, the confidence interval refers to the 32 ana-
lyzed sessions rather than some general population of system sessions. 

6.2. H2: Workload × Hardware Interaction 

H2 tests whether the direction of intra-node spread depends on the workload-
hardware cell. Using the two-factor model, 

 ( )0 1 2 3200 200s s s s s sD B LLM B LLMβ β β β ε= + + + × +   (4) 

with B200 = 1 for B200 sessions and LLM = 1 for LLM/text-generation sessions 
(baseline = H100 image generation), the hypotheses are: 
• H20: 3 0β =  
• H2A: 3 0β ≠  

The fitted coefficients are reported in Table 3. 
 

Table 3. Two-factor OLS coefficients for session-level intra-node thermal spread (N = 32; 
baseline = H100 image generation).  

Term Estimate (C) SE t(28) p 
Intercept (H100, image) 18.45 1.08 17.10 <0.001 

B200 (vs H100, within image) −9.74 1.53 −6.38 <0.001 
LLM (vs image, within H100) −8.40 1.44 −5.83 <0.001 

B200 x LLM (interaction) 16.77 2.04 8.24 <0.001 

 
The interaction term is 3 16.77β = ˚C, F(1, 28) = 67.88, p = 95.75 10−× , 
2 0.71R = , adjusted 2 0.68R = , and partial 2 0.71η = . H20 is rejected. The inter-

action estimate matches the descriptive double difference reported in Section 5: 

 ( ) ( )17.09 10.06 8.72 18.45 16.76 C− − − =   (5) 

These cell means are rounded to two decimal places. Thus, the subtraction that 
defines the contrast within the cell yields 16.76˚C; the exact value based on the 
session means is 16.77˚C, which matches the interaction coefficient. Furthermore, 
the gap between the H100 and B200 for image generation is reported as the 
rounded value of 9.73˚C rather than the unrounded contrast coefficient of 9.74˚C 
(Section 5). 

The effect is carried almost entirely by the interaction effect. A Type-II analysis 
of variance decomposition indicates that the sum of squares for the main effect of 
the type of hardware was 0.74, that for the main effect of workload was 0.001, and 
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that for the interaction effect was 553.65 (with a residual sum of squares of 228.37). 
Thus, each of the main effects is very small compared with the interaction effect. 
The reason for these small main effects is that the effect of the hardware type varies 
with the workload: B200 processors are 9.74˚C less spread out in their perfor-
mance in image generation than on H100 servers, yet are 7.03˚C more spread out 
in their performance in LLM/text generation. Furthermore, in H100 systems, im-
age generation exhibits an 8.40˚C spread difference compared to text generation. 
In contrast, within the B200 systems, text generation exhibits an 8.37˚C difference 
in spread relative to image generation. These two sets of differences cancel each 
other out, an effect that is accounted for by the interaction effect. Thus, the coef-
ficients that are statistically significant for B200 and LLM in Table 3 are each con-
ditional on the H100 baseline for image generation, rather than on main effects 
generalizable to all workloads. 

Lastly, it should be noted that this study investigates only the association be-
tween workload type, hardware type, and intra-node thermal spread within each 
system; no claims can be made regarding causation. Moreover, because each work-
load was tested on separate dates, any performance differences may be attributable 
to the testing date. Thus, no conclusions can be drawn from this analysis regarding 
whether the type of workload caused the differences in hardware performance. 

6.3. Robustness of the Interaction 

The following four checks are used to examine whether the interaction estimate is 
sensitive to distributional assumptions or to individual sessions: 
• Heteroskedasticity-robust standard error (HC3): SE = 2.20, t = 7.62 (p = 2.70 

× 10−8), accommodating unequal cell variances. 
• Permutation test (20,000 permutations, seed 20260625; workload labels shuffled 

within each hardware group, preserving group sizes): the observed β3 exceeds 
every permuted value in both tails (permuted range −13.84˚C to 12.08˚C), so 
the plus-one-corrected two-sided permutation p is 51/ 20,001 5.0 10−≈ × . 

• Stratified bootstrap (20,000 resamples stratified by cell): 95% CI for β3 = 
[13.08, 20.54]˚C, excluding zero. 

• Leave-one-session-out: refitting after dropping each session in turn yields 
[ ]3 15.86,17.47β ∈ ˚C, positive in all 32 refits. 

These checks help ensure that the interaction effect is preserved across the dif-
ferent types of data. Each workload-hardware cell has only 7 - 9 data sessions. 
Therefore, these distribution-free tests serve as an alternative to the normality and 
homogeneity-of-variance assumptions underlying parametric tests. Neither of 
these tests addresses the confounding effect of the date on which the sessions were 
collected (see sections 4 and 10). 

6.4. The Interaction Is Not Reducible to Total Power 

In Section 5, using descriptive statistics, we established that the cell with the high-
est spread in GPU temperatures also had the lowest total power delivered to those 
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GPUs. A statistical model was created, with the mean total GPU power per session 
as a covariate, to test whether the interaction between the workloads and the hard-
ware specifications was an artifact of total GPU power. The interaction term re-
mained statistically significant in the model (β₃ = 17.21˚C, t = 13.04, p < 0.001). 
However, the total GPU power was also significantly related to session-level spread 
(3.24˚C per standard deviation in total power, t = 6.31). Thus, the total power of the 
GPUs does not account for the interaction between workloads and hardware 
types. Furthermore, as with the other tests in this section, the run-day, node, and 
environment confound are not accounted for by this test, nor is there any available 
covariate to address them. Thus, this test served only as a descriptive check for the 
alternative explanation of the interaction with total power, rather than as a means 
of causal control over that variable. 

6.5. Interpretation Boundary 

These tests provided evidence for both hypotheses: H1 and H2 were found to be 
true across the 32 GPU sessions. However, each of these statistical analyses only 
helps to prove that the thermal spread within the nodes of the GPUs was experi-
enced above the thermal floor of those GPUs (H1) and that there was a statistically 
significant interaction between the workloads that were assigned to each GPU and 
the type of GPU hardware that was utilized (H2). Neither hypothesis, however, 
establishes a link between the workloads and the temperature spread within the 
GPUs, that the GPUs were experiencing thermal throttling as a result, or that their 
processing power was reduced. Furthermore, while these analyses used N = 32 
session-level observations, the interaction between those workloads and GPUs 
was only established across the four blocks of dates on which the sessions were 
collected (Section 10). Thus, these hypotheses are supported but limited to the 
interpretations that can be made about these two variables at the current level of 
analysis. The implications of these results are discussed in sections 7 and 8. 

7. Results 

The answers to the research questions posed in Section 1 are presented in this 
section, using the descriptive statistics from Section 5 and the tests presented in 
Section 6. Results 1 and 2 present the findings of the research questions, and Re-
sult 3 presents an interpretation of these findings. Section 8 discusses the implica-
tions of the research for cooling, scheduling, and measurement, including in re-
sponse to support for Question 3. No new analyses are performed in this section; 
all statistics supporting the findings are presented in Section 6. 

7.1. Result 1: Intra-Node Thermal Divergence Is Observed above 
the Measurement Floor 

The within-node temperature spread exceeds the 1˚C floor in all 32 observed ses-
sions. The mean spread across all sessions is 13.58˚C within each node, and each 
of the sessions individually exhibits within-node spreads above the 1˚C floor (with 
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the lowest mean within any workload/hardware cell measuring 8.72˚C; Figure 1; 
Section 6.1: t(31) = 14.16, p < 0.001, 95% CI [11.77, 15.39]˚C). Thus, in support 
of Question 1, these results show that each observed session includes within-node 
thermal divergence exceeding the 1˚C measurement resolution floor. The smallest 
mean within each workload/node cell is 8.72˚C; however, these results apply only 
to the analyzed sessions and do not generalize to GPU systems beyond the H100 
and B200 evaluated. 

7.2. Result 2: The Higher-Spread Hardware Reverses across 
Workload-Hardware Cells 

The hardware that exhibits the largest temperature spread varies with the type of 
workload the servers perform. For instance, during image-generation workloads, 
the H100 GPUs exhibit a wider temperature range than the B200 GPUs (18.45˚C 
vs. 8.72˚C). However, for LLM/text-generation workloads, the B200 GPUs exhibit 
a larger spread in temperature than the H100 GPUs (17.09˚C vs. 10.06˚C) (Figure 
2; Table 2). This workload × hardware interaction is statistically significant and is 
driven mainly by the interaction term: β3 = 16.77˚C, F(1, 28) = 67.88, p = 5.75 × 
10−9, partial η2 = 0.71 (Section 6.2; Table 3). The finding is robust to adjustments 
for heteroskedasticity-robust standard errors, permutation tests, stratified boot-
strap sampling (95% CI [13.08, 20.54]˚C), leave-one-session-out model refitting, 
and adjustment for total GPU power (sections 6.3 and 6.4). These results support 
question 2: there is an association between divergence and workload-hardware 
cells. However, because each cell contains samples collected on a single date (Sec-
tion 4), it is not possible to conclude that the workload affected the observed re-
versal in the direction and magnitude of the divergence. 

7.3. Result 3: A Hardware-Fixed Interpretation Is Incomplete for 
These Sessions 

Since the hardware with the higher intra-node spread within a given workload 
family is the hardware that reverses within workload families, and since neither 
the main effect of the hardware nor the main effect of the workload explains the 
spread within a given hardware system, the effect is best characterized as a cross-
over interaction (Section 6.2). Thus, within these sessions, the GPU identity alone 
does not indicate which configuration is likely to exhibit greater intra-node spread. 
Across the four workload-hardware cells, node-average GPU temperature and 
mean total GPU power do not reproduce the ordering of intra-node spread; no-
tably, the cell with the highest mean spread had the lowest mean total GPU power 
(Sections 5.4 and 6.4). 

In response to the main research question, the observed data indicate that intra-
node spread is not explained by GPU hardware identity alone; instead, it differs 
across workload-hardware cells. The spread among GPUs is explained not solely 
by their manufacturers but also by the characteristics of the workloads they are 
assigned to execute. This finding does not invalidate the use of the aggregate met-
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rics for their intended applications. The implications of this finding are discussed 
in Section 8. 

8. Discussion 

The main result of this study is that the spread of heat within a node is related to 
the workload-hardware cell rather than to the hardware identity alone (Section 7). 
This discussion considers the implications of that result for practice and measure-
ment, within the bounds of the evidence (Section 4): specifically, that the result is 
based on an observational study that was confounded with the date on which the 
data were collected, and does not include any information about throttling, useful 
output, or any form of intervention. 

8.1. From Hardware Identity to Workload-Dependent Locality 

The reversal of the association between hardware and intra-node thermal locality 
implies that the intra-node locality of observed sessions cannot be understood 
from the identity of the accelerator hardware alone. The same hardware displays 
larger intra-node spreads under some workloads than under others and exhibits 
varying degrees of intra-node locality across different hardware brands. It is this 
crossover phenomenon that is observed in this study. 

8.2. Why Node and Facility Averages Are Incomplete for  
Intra-Node Locality 

It is important to provide a view of the data aggregated across the entire facility 
and at individual nodes within it. Metrics at the level of the entire facility help in 
understanding its efficiency and data center management [5] [6]. Metrics at the 
level of individual nodes help facility operators to understand their individual 
nodes’ power and thermal capabilities [7]. The infrastructure’s ability to integrate 
design and operations components ensures that thermal and power planning are 
coordinated in the design phase [4]. 

These metrics are, by construction, not capable of providing insight into how 
temperature is distributed across GPUs within a single node. While the analyzed 
sessions have provided insight into differences in average GPU temperatures within 
a node and the spread of those temperatures (Section 5.4), these metrics remain 
insufficient to understand the thermal locality of GPUs within a node. Thus, while 
these aggregate metrics are useful for their intended use cases, they remain incom-
plete as metrics for assessing the thermal locality of GPUs within a node. 

8.3. Co-Measurement as the Main Practical Implication 

If the thermal locality of a GPU can be understood in part through the hardware 
on which it runs and the workload it executes, then it can be best understood when 
co-measurements are made of those variables. Such a dataset would include meas-
urements of the workload executed by each GPU, each GPU’s power, and each 
GPU’s temperature at the same time intervals. 
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While the available dataset contains the power and temperature of each GPU, 
it does not include variables for measuring each GPU’s clock frequency, whether 
it is being throttled, the cooling condition of each GPU, or the amount of useful 
output. To measure these variables would require the inclusion of instrumenta-
tion to measure the clock frequency of each GPU [29], whether it is being throttled 
or not [30], the accuracy of the power sensors for each GPU [31], the cooling con-
dition of each GPU [15], and the ability to measure the amount of useful output 
of each GPU [25]. 

Thus, co-measurement is proposed as a means of making decisions about ther-
mal management and cooling. Regarding research question 3, cooling, schedul-
ing, and thermal management decisions should be based on co-measurement of 
these variables rather than on the identity of the hardware or the average temper-
ature of the GPU nodes. 

8.4. Candidate Responses 

There are several potential approaches to addressing intra-node thermal locality, 
based on the recognition that workloads can characterize this locality. One set of 
approaches involves the scheduling of workloads. Workload-aware scheduling 
has a long-standing tradition in the literature [43]. Thermal-aware and power-
aware scheduling approaches have recently been proposed for data centers that de-
ploy GPUs and LLM inference clusters for machine learning tasks [44] [45]. 

Additional approaches to managing thermal locality involve the data-center fa-
cility’s cooling system. Approaches to cooling that introduce liquid-cooling archi-
tectures and enhance the resiliency of data-center cooling systems have been sug-
gested [21] [50]. Additionally, public cooling research programs are considering 
methods of effectively removing heat from chips and GPUs in data centers [48]. 

A third set of approaches relates to the thermal management of the chips them-
selves. Methods for managing the heat generated by chips have been proposed at 
both the chip package level (encompassing all dies within a given package) and 
within the chips themselves (e.g., within processor nodes) [11] [37]. Techniques 
involving phase-change materials to buffer heat in power electronic circuits have 
been discussed in the literature, though with goals different from those for man-
aging heat in data-center nodes housing GPUs [49]. Thus, approaches to thermal 
management of data-center nodes and their GPUs (especially if GPU chips in-
clude techniques for thermal buffering of their nodes) represent one potential way 
to address the problem of providing thermal locality for GPUs within each data-
center node. Unfortunately, no studies were conducted to determine whether these 
thermal-buffering methods would reduce thermal spread to GPUs within each 
data-center node or increase their useful output. 

8.5. Why the Candidate Responses Are Not Findings of This Study 

None of these candidate responses to intra-node thermal locality of GPUs within 
data centers are supported by the findings of this study. The dataset did not con-
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tain a field for measuring interventions in the cooling or operation of the GPUs. 
Thus, it was not possible to determine the effect of any of these candidate re-
sponses. 

Any response to the problem of intra-node locality needs to be evaluated through 
a baseline-versus-intervention study that measures the same variables under the 
same workloads and on the same GPUs. Ideally, such a study would utilize the 
same data-center nodes to test these responses (Section 10). This study’s contri-
bution is the suggestion that the intra-node thermal locality of GPUs should be 
treated as a variable understood through its workload-aware, co-measured nature 
prior to making any cooling, scheduling, or thermal-management decisions. Thus, 
while each of these response categories is a potential means of addressing the 
problem, this study does not provide support for any particular candidate re-
sponse. 

9. Conclusions and Recommendations 
9.1. Conclusions 

The study was conducted to determine whether the thermal locality within GPU 
nodes of AI systems depended on the workload performed by those GPUs rather 
than being an inherent feature of the GPUs themselves. In each of the 32 observed 
public sessions on eight-GPU nodes, the higher-spread GPU hardware within 
each node reversed depending on the workload performed by that node. 

Two results support the argument that thermal locality within GPU nodes is 
not an inherent feature of the GPUs. First, the within-node spread of GPU tem-
peratures often exceeded the 1˚C floor used to measure temperatures within each 
node; the mean spread within each node was 13.58˚C across sessions, and the 
smallest mean spread within any workload-hardware cell was 8.72˚C (H1). Sec-
ond, the direction of temperature spread within each node differed across hard-
ware nodes; the H100 GPU models exhibited greater spread in workloads that 
performed image generation, while the B200 GPU models exhibited greater spread 
in workloads that performed LLM and text-generation tasks. Furthermore, the 
workload-by-hardware was statistically significant, with a crossover magnitude of 
16.77˚C (H2). Each of these workloads-hardware cells occurred on the same dates 
as the data were collected, supporting only the notion that there is some relation-
ship between the two variables, rather than providing evidence of a relationship 
that developed over time as a result of the performance of those workloads. 

The findings of this research indicate that the thermal locality within AI GPU 
nodes depends on the workloads they perform. Thus, thermal locality within these 
nodes should be evaluated on a per-GPU basis rather than across the entire node. 
However, the research did not determine whether there was any loss of the GPUs’ 
computational usefulness due to differences in thermal locality across nodes, or 
whether any cooling or thermal-buffering solutions were effective in mitigating 
these problems. Future research ought to examine these performance effects and 
potential thermal-management solutions. 
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9.2. Recommendations and Practical Applications 

1) Co-measure before deciding. Before committing to any scheduling, cooling, 
management, or buffering effort, characterize the workloads and GPUs that are to 
be used to collect the co-measured data described in Section 8.3. 

2) Use intra-node spread as a standing signal. Per-GPU temperature spread 
should be tracked in addition to within-data-center and within-node metrics (which 
can be derived from the within-node spread). 

3) Test the target workload on the actual hardware. Because workloads differ in 
their thermal characteristics, only by testing the target workload on the actual 
hardware can thermal characterization and procurement decisions be made. 

4) Consider the standard of baseline versus intervention. Any response to the 
problems described in this paper should be applied only in the instances in which 
measured baseline data indicate the response will reduce the spread between GPUs 
within a node and increase the amount of useful output from those GPUs, best 
determined through testing the workloads on the same node in interleaved jobs 
(Section 10). 

10. Research Limitations and Recommended Next Steps 
10.1. Limitations 

Observational design and the collection-date confound. This is the most im-
portant limitation of the study. Each of the four cells containing combinations of 
workloads and hardware GPUs was collected on a single date: H100 image gener-
ation on 2025-09-16; B200 image generation on 2025-09-17; H100 LLM/text gen-
eration on 2025-09-20; and B200 LLM/text generation on 2025-09-22. Thus, each 
workload-hardware cell is confounded with the collection date for that workload. 
Consequently, it is not possible to separate any effect of the workload from the 
effect of the date on which it was collected. Thus, the reversal is supported by the 
workload-by-hardware interaction, but the interaction term does not remove the 
collection-date confound; the robustness checks all conditions on the observed 
cells and therefore cannot resolve it. 

Sample size, clustering, and unbalanced cells. The study is based on 32 ses-
sion-level observations. Such a sample size is appropriate for providing evidence 
regarding the workloads and hardware types in general. However, the public lay-
out of the sessions provides only four distinct collection dates for the workloads 
and hardware types; each workload-hardware combination was collected on a sin-
gle date. Furthermore, the sessions for each workload-hardware combination were 
collected sequentially on the same date. Thus, the sessions within each of the four 
cells are not independently collected. Additionally, there are seven sessions of im-
age-generation workloads but nine LLM/text-generation workloads, indicating an 
unbalanced study. Finally, the sessions have varied configurations: batch size, im-
age size, model size, sequence length, and DeepSpeed settings vary across sessions 
and are not independently separated from the categories of workloads and hard-
ware. 
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Descriptive statistics limits. The descriptive statistics in Section 5 provide only 
a summary of the 32 observed sessions. They are not to be interpreted as popula-
tion estimates, hardware benchmarks, or indicators of any general difference be-
tween GPU generations. Thus, the reversal stated in Section 5 applies only to the 
observations of workloads and hardware types; the descriptive statistics motivate 
the statistical test, but they are not the test itself. 

Single public secondary dataset. The study was performed on a public dataset 
collected by authors different from those who conducted this study [17]. Thus, the 
findings of this study are based on the public and separate datasets. 

Missing measurement fields. The temperature measurements did not include 
clock frequency, throttling reasons, cooling loop state, coolant temperature, or the 
GPUs’ useful output. 

Observed thermal regime. The maximum temperature of any GPU across all 
workload-hardware combinations was 77˚C. This is not the threshold at which 
the GPUs are designed to be throttled. Because the reasons for and clock fre-
quency measurements of the GPUs are unavailable, no conclusions can be drawn 
about whether the GPUs were throttled during the observed sessions. 

Scope of generalization and measurement scale. These results apply only to 
the two accelerator generations of GPUs tested and to the two types of workloads 
performed on them. These results cannot be generalized to other hardware, other 
types of workloads, or to any other data-center cooling architectures. Further-
more, temperature-difference measurements were taken only within each node of 
the eight GPUs; the results do not apply to within-die or within-package temper-
ature differences or to heat-flux measurements. 

No intervention validated. This study found no evidence of interventions re-
lated to the GPUs or the data center. For instance, no interventions related to 
thermal buffering, cooling, scheduling workloads on GPUs or any other vendor- 
or product-specific interventions were validated by this study. 

10.2. Next Steps 

The recommended next step is a study that addresses the confounding factors in 
this public dataset. Such a study would run both workload families on the same 
node or on nodes matched for cooling and time window. This design would then 
be repeated on both H100 and B200 nodes. Within each node, workloads would 
be executed in an interleaved, randomized order. In such a study, it would be nec-
essary to measure the workload state, GPU power draw, GPU temperature, GPU 
utilization, memory behavior, clock frequency, throttle state, cooling condition, 
and the useful output of each GPU on each node. Each of these metrics is neces-
sary to determine whether the node is experiencing thermal spread issues. 

Future intervention studies would employ a baseline-versus-intervention study 
design. Each intervention candidate (workload-aware scheduling, cooling, ther-
mal management, buffering) would be tested under matched workload, hardware, 
cooling, and time-window conditions. Each intervention would be credited only 
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for reducing the thermal metric and for increasing (or at least not decreasing) the 
nodes’ useful output. Thus, future work should perform a study that measures the 
workload, the hardware components of the nodes, the local thermal spread of each 
node, the cooling condition of each node, and the useful output of each node. This 
study identifies the problem of insufficient measurement of these variables. Fur-
thermore, it demonstrates the impact of workload and hardware on thermal lo-
cality within nodes. However, it does not provide solutions for establishing a 
causal relationship among workload, heat generation, throttling, and loss of useful 
output. That relationship is the problem for the next study on the topic. 
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