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Energy- and carbon-aware LLM serving requires deployment-specific energy-
latency maps, but exhaustively profiling every engine-GPU-model configura-
tion is costly. We present KernelScale, a few-shot map-recovery framework
that decomposes LLM inference into kernel families and learns engine-local
workload scaling laws shared across GPU-model stacks. KernelScale pools
sparse measurements to estimate reusable slopes and calibrates each de-
ployment with a few measured configurations. Across 3 GPUs, 3 models, 2
serving engines, and 4,135 measured configurations, KernelScale recovers
maps from only 3 shots per stack with 9.6% WAPE, reducing profiling cost
by up to 15× compared to baselines. We also demonstrate that the shared
slopes can be transferred, allowing a single target-side measurement to re-
duce prediction error on unseen GPUs or models from 45.5% and 80.2% to
16.5% and 15.8%, respectively.

CCS Concepts: • Hardware → Power estimation and optimization; •
Computing methodologies → Modeling and simulation; • Computer
systems organization→ Cloud computing.

Additional Key Words and Phrases: LLM serving, GPU profiling, energy
modeling, latency prediction, few-shot profiling, carbon-aware computing,
kernel families

1 Introduction
Global data center energy consumption reached 415 TWh in 2024,
driven predominantly by AI workloads, with LLM inference emerg-
ing as the fastest-growing contributor [9]. To mitigate this surge,
sustainable LLM serving could play a pivotal role by balancing
energy-latency trade-offs and enabling energy- or carbon-aware
scheduling under strict performance constraints. Recent work has
shown that such schedulers can substantially reduce operational
energy and carbon emissions through dynamic request-time config-
uration optimization [14, 29].
All such schedulers implicitly require a detailed energy-latency

landscape that specifies how energy and performance vary across
the feasible configuration space [16, 22]. We formalize this per-
configuration knowledge as an energy-latency map: for a given
engine-GPU-model stack, the map records the energy cost and la-
tency of every feasible inference configuration across workload axes
(e.g., batch size, input length, output length). Before a scheduler can
reduce energy or carbon, the operator must first pay the cost of build-
ing the map that the scheduler optimizes over. The map itself is not
an operational carbon policy. Rather, it is the prerequisite and pro-
filing substrate that enables downstream energy- or carbon-aware
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Fig. 1. Few-shot map recovery on three GPUs (with Mistral-7B, vLLM),
like solving the Sudoku puzzle. Top: a sparse set of observed configurations.
Bottom: the full energy-latency map recovered by KernelScale.

policies that can combine per-configuration energy information
with queuing dynamics, fleet constraints, and time-varying grid
carbon intensity.
The difficulty is that the map is expensive to obtain and refresh.

Exhaustively profiling a single engine-GPU-model stack over a rep-
resentative workload grid requires hundreds of runs, each consum-
ing significant GPU time and energy [15]. LLM inference energy is
shaped by interacting deployment factors, including GPU architec-
ture and runtime power behavior, model scale, request shape, batch-
ing, and serving-engine implementation [7, 8, 17, 22]. A black-box
energy surface learned for one engine-GPU-model stack therefore
rarely transfers directly to another. Existing energy-aware serv-
ing and modeling approaches commonly rely on dense profiling,
stack-specific models, or calibrated primitive databases before they
can guide deployment decisions [1, 3, 6, 25, 27]. A practical map-
recovery method must therefore account for both prediction error
and profiling cost.
This paper aims to address this cost barrier by studying few-

shot energy-latency map recovery for sustainable LLM serving. We
find that few-shot recovery is feasible because the map possesses
exploitable structure at the kernel-family level. For example, as
input length increases by 64×, attention’s share of decode latency
rises from 3% to 15%, while GEMM’s share declines correspondingly.
A conventional end-to-end predictor cannot distinguish the shift,
whereas decomposing inference into kernel families isolates such
composition shifts and captures the underlying feature. Furthermore,
individual kernel families exhibit regular scaling behavior governed
by their computation patterns, which can be captured by compact
scaling laws whose workload slopes we observe to be shared across
GPU-model stacks within a serving engine (due to the fundamental
similarity of memory and compute patterns). Shared slopes can
therefore be learned by pooling the sparse measurements, making
few-shot map recovery feasible.
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We present KernelScale in this work, a kernel-family scaling-law
framework that recovers the full map with only a fewmeasurements
(by exploiting structural regularities) in the map, much like solving
a Sudoku puzzle, as illustrated in Fig. 1. For a fixed serving engine,
KernelScale collects a minimum (of three) shots per GPU-model
stack, pools these to fit shared workload slopes across kernel fami-
lies, and then calibrates each stack’s deployment-specific intercept
using its own shots. For a new GPU or model under the same en-
gine, KernelScale can reuse the learned slopes. In the minimum
setting, one target shot suffices to anchor the intercept of an unseen
deployment.
Contributions. This paper makes three contributions.

• Wedecouple energy-latencymap profiling from downstream
scheduling and identify two structural properties that en-
able few-shot recovery. First, as input length grows, the
latency and energy composition across kernel families shifts
substantially, making it necessary to model the map at the
kernel-family level rather than as a monolithic end-to-end
function. Second, each kernel family exhibits computation
patterns that are shared across GPUs and models within a
given serving engine.

• We design KernelScale, a kernel-family scaling-law frame-
work that decomposes inference into per-family scaling
models to isolate composition shifts, applies scaling-law
structure to capture the underlying computation patterns
and pools few-shot measurements across stacks to learn
shared workload slopes.

• Across 3 GPU types, 3 models, and 2 serving engines, Ker-
nelScale achieves 9.6% mean WAPE from only 3 shots per
stack, whereas a strong black-box predictor requires 15×
more profiling cost to reach comparable accuracy. For un-
seen GPUs or models, a single target-side measurement re-
duces prediction error from 45% and 80% to about 16%. The
recovered maps also preserve latency-constrained energy
selection, reducing the feasible energy gap from 33.2% to
8.7%.

2 Methodology
KernelScale recovers deployment-specific energy-latency maps by
exploiting two structural properties of LLM inference. First, as input
length changes, the latency and energy composition across kernel
families shifts substantially. Second, individual kernel families ex-
hibit regular scaling behavior whose workload slopes are shared
across GPU-model stacks within a serving engine. These properties
enable a three-step approach: decompose inference into kernel fami-
lies to isolate composition shifts (§2.1), fit compact scaling laws with
shared slopes to capture computation patterns (§2.2), and calibrate
each deployment stack’s intercept (§2.3).

KernelScale recovers a map over the following configuration tuple
𝑐 = (𝑒, 𝑔,𝑚, BS, IL,OL), where 𝑒 is the serving engine, 𝑔 is the GPU,
𝑚 is the model, BS is batch size, IL is input length, and OL is output
length. The prediction targets are stage-level latency and energy for
both prefill and decode, where latency is the summed CUDA kernel
execution time and energy is integrated from a reconstructed 1ms
power trace calibrated against NVML [20] samples.
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Fig. 2. Kernel-family composition shift during decode (vLLM, Mistral-7B,
A800): attention’s share grows with input length while GEMM falls.

2.1 Kernel-Family Decomposition
A direct end-to-end predictor learns 𝑌 = 𝑓 (BS, IL,OL) for a whole
inference stage. This couples two distinct signals: how each kernel
family scales with workload parameters and how the mixture of
family contributions changes across operating points. Fig. 2 illus-
trates this effect during decode. As input length grows from 32 to
2048 tokens, attention’s latency share increases by about 5× while
GEMM changesmuchmore slowly, shifting attention’s latency share
from 3% to 15%. A direct model must explain both the within-family
scaling and the cross-family composition shift with one function.

Kernel-family decomposition separates these signals by construc-
tion. For a target 𝑞 ∈ {latency, energy}, KernelScale predicts a stage-
level quantity as the sum of family components:

𝑌
(𝑞)
𝑠 (𝑐) =

∑︁
𝑓 ∈F

𝑦
(𝑞)
𝑓 ,𝑠

(𝑐),

where 𝑠 denotes the deployment stack and 𝑓 denotes a kernel family.
Each component 𝑦 (𝑞)

𝑓 ,𝑠
is directly supervised by the corresponding

family-level measurement. This structure gives composition-aware
generalization: when a workload shifts more runtime or energy into
attention or KV-cache movement, the affected family component
changes without forcing the model to relearn unrelated families.
KernelScale groups kernels into seven canonical families: atten-

tion, GEMM, KV-cache management, normalization, activation, ele-
mentwise operations, and rotary embedding. Families are defined
by deterministic name-pattern rules applied uniformly across GPUs,
models, and serving engines. This decomposition yields four predic-
tion tasks per engine, prefill/decode × latency/energy, all sharing
the same family-level structure.

2.2 Scaling-Law Model
With inference decomposed into kernel families, each family can be
modeled independently because its cost is governed by a specific
computation pattern that determines how it scales with workload
parameters. Compute-bound families scale with arithmetic work.
During prefill, attention performs full self-attention over the prompt,
so its FLOPs grow quadratically with input length [5]. GEMM FLOPs
grow linearly with the token count times hidden dimension [2]. Dur-
ing decode, each generated token triggers a round of token-local
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Table 1. Family-level workload features. The model uses compact log-space
features whose terms match the dominant execution pattern of each family.

Stage Family group Workload features

Decode Attention log𝑊attn, log BS, (log BS)2, log BS · log(IL + OL)
Decode KV-cache logOL, log BS, (log BS)2, log IL
Decode Other families logOL, log BS, (log BS)2

Prefill Attention log IL, log BS, log IL · log BS, (log IL)2, (log IL)3
Prefill GEMM log IL, log BS, log IL · log BS, log BS · log(IL)/IL
Prefill Other families log IL, log BS, log IL · log BS
Kernel families: attention, gemm, norm, rope, activation, elementwise, kv_cache

work across all families. Attention additionally scans the growing
KV history, so it has cumulative work growth. Memory-bound fam-
ilies, such as activation, are dominated by data movement and scale
nearly linearly with the token-loop repetition count [18], but exhibit
batch-size curvature because batch size influences not only total
work but also parallel efficiency, memory coalescing, and overhead
amortization [26].
These computation patterns produce multiplicative scaling re-

lationships: doubling the workload parameter multiplies cost by a
hardware- and family-specific factor [10]. Taking logarithms con-
verts these relationships into an additive model, enabling compact
log-linear scaling laws. Thus, each family model takes the compact
log-linear form

log𝑦 (𝑞)
𝑓 ,𝑒,𝑔,𝑚

= 𝛼
(𝑞)
𝑓 ,𝑒,0 + 𝛼

(𝑞)
𝑓 ,𝑒,𝑔

+ 𝛼
(𝑞)
𝑓 ,𝑒,𝑚︸                     ︷︷                     ︸

engine-local deployment intercept

+𝜽 (𝑞)⊤
𝑓 ,𝑒

𝝋 𝑓 (BS, IL,OL) . (1)

For a fixed serving engine 𝑒 , the slope vector 𝜽 𝑓 ,𝑒 captures the work-
load scaling of family 𝑓 and is shared across GPU-model stacks.
All terms in Eq. 1 are learned from measured profiling shots us-
ing per-family ordinary least squares in log space. Source-stack
shots are pooled to fit the family workload slopes and the observed
GPU/model fixed-effect intercepts: 𝛼 (𝑞)

𝑓 ,𝑒,0 is the engine-family base
intercept, 𝛼 (𝑞)

𝑓 ,𝑒,𝑔
is the GPU fixed effect, and 𝛼 (𝑞)

𝑓 ,𝑒,𝑚
is the model fixed

effect. These intercepts capture deployment scale rather than acting
as opaque GPU-model-pair identifiers. For an unseen GPU or model,
KernelScale freezes the learned workload slopes and estimates the
missing low-dimensional deployment scale from the target-side
shots, rather than relearning the full workload-scaling law. No in-
tercept term is assumed from hardware specifications.

Family-specific workload features. KernelScale uses different
feature skeletons 𝝋 𝑓 for decode and prefill because the two stages
execute different computation patterns. Decode is a token loop while
prefill processes the full prompt in one forward pass. Table 1 sum-
marizes the resulting feature sets. The same feature skeleton is used
for latency and energy, but the coefficients are learned separately
for each target. The feature-skeleton terms are chosen from the
dominant loop structure of each family rather than from held-out
test error.
For decode attention,

𝑊attn =

OL∑︁
𝑡=1

(IL + 𝑡) = OL · IL + OL(OL + 1)
2 , (2)

which approximates the cumulative context scanned over a decode
window. Batch size is kept outside𝑊attn because it changes not
only the amount of work, but also occupancy and memory behavior.
KernelScale therefore models batch size with separate first-order
and curvature terms; the log BS · log(IL + OL) interaction captures
the additional memory pressure when long context and large batch
co-occur. KV-cache management includes an IL term because the
pre-existing context determines the initial cache volume.

Prefill processes the full prompt in one forward pass, so IL and BS
are the main workload axes. Attention receives sequence-length cur-
vature terms to capture long-context tiling and memory-hierarchy
effects. GEMM receives a finite-size correction based on log(IL)/IL,
which captures the short-sequence regime where fixed overhead
and low utilization are not yet amortized.

2.3 Few-shot Calibration
The key structural property of Eq. 1 is engine-local transfer. For
a fixed serving engine, the workload slopes 𝜽 𝑓 ,𝑒 are shared across
GPU-model stacks, while the effective deployment intercept must
be calibrated for each engine-GPU-model stack. KernelScale ob-
serves 𝑘 profiling runs per GPU-model stack, pools these shots to
estimate shared family-level workload slopes, and then calibrates
the intercept for each deployment using its own 𝑘 shots.

The same mechanism handles an unseen GPU or model under a
supported serving engine. KernelScale reuses the learned workload
slopes and re-estimates the target stack’s intercepts from a small
number of target-side measurements. Zero-shot transfer is not ex-
pected to be reliable because absolute latency and energy scale are
deployment-specific. A single target configuration can nevertheless
anchor the intercept when the workload slopes have already been
learned from source stacks, as evaluated in §3.

3 Evaluation
Experimental setup.We profile three types of GPUs (RTX 5090,
A6000, A800) spanning two microarchitecture generations (Black-
well, Ampere) and a 3×memory-bandwidth range, 3 models (Llama-
3.2-3B, Mistral-7B, Qwen2.5-7B) with distinct attention implemen-
tations [11, 21], and 2 serving engines (vLLM, SGLang) [13, 30],
collecting all traces with NVIDIA Nsight Systems (nsys) [19]. The
measurement grid contains 4,135 profiling runs in total and covers
batch sizes 1–64, input lengths 32–2048, and output lengths 32–512.
In the minimum few-shot setting, KernelScale observes only three
configurations from each evaluated stack, yielding 54 profiling runs
in total, or 1.31% of the grid.
We evaluate prediction error using weighted absolute percent-

age error (WAPE). Latency and energy span orders of magnitude
across the profiling grid, and small short-window values can make
per-point percentage errors unstable [12], while WAPE measures
aggregate absolute error relative to aggregate measured cost. All
evaluations are estimated over 10 random seeds.

3.1 Can few shots recover a deployment map?
This subsection quantifies the minimum profiling budget required
for acceptable recovery.
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Fig. 3. Performance of few-shot map recovery. Within source pool, pre-
diction error decreases rapidly with profiling budget across all four tasks.
Outside the source pool, zero-shot is unreliable for unseen GPUs/models,
but a single target configuration calibrates the intercept.

Few-shot protocol.We define one shot as one profiled workload
point on one stack: a single nsys run at fixed (𝑒, 𝑔,𝑚, BS, IL,OL).
The same run yields prefill and decode labels for both latency and
energy, so the profiling budget is shared across all four prediction
tasks. For 𝑘 shots, KernelScale samples 𝑘 workload points for each
deployment stack𝑑 = (𝑒, 𝑔,𝑚). The 3-shot setting uses one low-, one
mid-, and one high-load point, where load is approximated by BS×IL
for prefill and BS×IL×OL for decode. For each engine, KernelScale
pools the selected shots from its 3 × 3 GPU-model source pool to
fit shared workload slopes, then uses each stack’s own 𝑘 shots to
fit its intercept. The selected shots serve as anchors for a workload
map. Once the family slopes and deployment intercept are fitted,
KernelScale evaluates Eq. 1 at any configuration in the calibrated
workload domain.

Three shots recover source-pool stacks. Averaged over the
four tasks shown in Fig. 3a, kernel-family models achieve 9.6%
mean WAPE with only 3 shots. Increasing the budget to 6 shots
reduces error to 9.0%, after which the returns diminish. Prefill energy
remains the hardest metric and is the main contributor to the high-
error tail in Fig. 3a. Our diagnostic suggests that short-window
energy attribution is a major contributor to this tail, rather than
workload scaling alone. Prefill stages are short, so stage energy
depends on assigning lagged and low-rate power samples to fine-
grained execution windows. In our measurement audit, the p95 gap
between raw NVML-integrated energy and reconstructed energy
reaches 62.0% for vLLM prefill, compared with 10.4% for decode.
Fig. 3a further suggests that the kernel-family workload model
captures prefill scaling reasonably well, while the remaining energy
error is more consistent with short-window power-attribution noise.
We therefore treat prefill energy as the main remaining hard case:
it affects the per-task WAPE tail, although prefill accounts for a
median 12.3% of total energy in our clean grid, and improving it
likely requires higher-resolution power sampling.
One selected target shot anchors deployment scale. For a

target deployment outside the source GPU-model pool while still
within serving engines, KernelScale reuses the learned workload
slopes and re-estimates only the target intercept. We evaluate leave-
one-GPU (Unseen GPU) and leave-one-model (Unseen Model) hold-
outs, which remove all source stacks containing the target GPU or
model, and a leave-one-pair (Unseen Pair) holdout, which removes

Table 2. Sensitivity of out-of-source-pool transfer to the load bucket used for
one-shot target calibration. Values are meanWAPE (%) ± standard deviation
across 10 random seeds, averaged over engines.

Holdout 0-shot Low Mid High

Unseen GPU 45.5±1.6 22.6±6.5 16.5±3.6 14.1±2.2
Unseen model 80.2±2.7 20.1±4.6 15.8±1.5 13.3±2.2

only one GPU-model combination while keeping both levels ob-
served through other stacks. Reported numbers are averaged over
the two engines.

Zero-shot transfer is unreliable for fully unseen levels, with 45.5%
WAPE for an unseen GPU and 80.2% for an unseen model (Fig. 3b).
One target shot sampled from the middle load bucket reduces WAPE
to 16.5% and 15.8%, respectively, capturing 84% and 92% of the im-
provement achieved with six target shots. We also test whether this
single target shot is sensitive to the load region. Table 2 shows that
any one-shot calibration substantially improves unseen-GPU and
unseen-model transfer over zero-shot, but the exact load region mat-
ters: low-load shots are least reliable, likely because fixed overhead
dominates small configurations. The middle bucket is therefore a
balanced default that avoids the low-load overhead regime while
not relying on an extreme high-load point.
The leave-one-pair case is intentionally easier than leave-one-

GPU or leave-one-model because the marginal GPU and model
scales are still observed. It removes the exact GPU-model pair from
source trainingwhile keeping the target GPU visible with other mod-
els and the target model visible on other GPUs under the same en-
gine. Thus zero-shot prediction cannot use a pair-specific intercept,
but it can compose the learned GPU intercept, the learned model
intercept, and the shared workload slopes. KernelScale achieves
13.0% zero-shot WAPE. This lower error is expected and supports
the intended interpretation of the intercept terms as reusable scale
components rather than pair identifiers.

3.2 Why does three-shot recovery work?
Scaling laws, not pooling alone, make three-shot recovery
work. We isolate the mechanism using the same three physical
shots for all methods. Local direct-total fitting is not identifiable
with only three configurations per stack, because the local design
matrix is rank deficient under this budget. However, pooling alone
is not sufficient: a pooled XGBoost regressor [4] reaches 38.8% mean
WAPE. The main gain comes from the workload scaling law, since a
pooled Direct-Total scaling-law model reaches 11.7% WAPE with-
out kernel-family decomposition. Family-specific scaling further
reduces WAPE to 9.6%. Thus, three-shot recovery works because
pooling identifies compact scaling laws, and kernel families add a
smaller but stable composition-aware gain.

The learned structure reflects physical regularity, not local
fit. The preceding ablation shows what enables few-shot recovery
under a fixed budget. We next ask whether the scaling-law structure
genuinely captures workload physics or merely overfits the sampled
points. To separate structural benefit from few-shot sampling effects,
we compare methods trained on the full grid. XGBoost achieves
the lowest interpolation WAPE (4.3%) but collapses to 36.2% under
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Table 3. Profiling cost to match KernelScale’s three-shot map recovery.
#Shots is the number of profiling runs per deployment stack. #Configs
counts total number of profiling runs. The whole-map block evaluates our
target engine-GPU-model maps with variable batch size, input length, and
output length. The fixed-BS scope evaluates a fixed-batch slice closer to
Wilkins et al.’s modeling setting.

Scope Method #Shots #Configs Energy (kJ) WAPE (%)

Whole-map
XGBoost 44 792 960 9.2
Wilkins OLS 128 2,304 2,815 34.6
KernelScale 3 54 64 9.6

Fixed BS
XGBoost 12 216 314 12.2
Wilkins OLS 7 126 170 4.6
KernelScale 3 54 79 4.7

boundary-frontier extrapolation, where parameter-space extremes
are held out entirely. Direct-Total, a single stage-level scaling-law
model, interpolates at 8.6% and degrades only to 14.0%, confirming
that the scaling-law form preserves the global trend needed for
stable extrapolation. KernelScale further improves over Direct-Total
in both regimes (7.7% / 11.8% vs. 8.6% / 14.0%). Direct-Total error
correlates strongly with composition shift (𝑟 = 0.50–0.56), whereas
KernelScale is nearly uncorrelated (𝑟 = 0.03–0.13), suggesting that
per-family decomposition isolates the kernel-mix shifts illustrated
in Fig. 2 that a monolithic model conflates.

3.3 How much profiling cost does KernelScale avoid?
The preceding results show thatKernelScale can recover deployment
maps from only three profiled configurations per deployment stack.
This subsection quantifies the profiling-cost and energy savings
achieved by KernelScale over recent workload-level energy models
and black-box predictors.

We compareKernelScale against two representative baselines that
capture prior workload-level modeling and data-driven black-box
prediction. The closest prior baseline is Wilkins’ workload-based
model (Wilkins OLS), adapted from Wilkins et al. [24]. Their model
fits total energy and runtime from input tokens, output tokens, and
their interaction:

𝑦 = 𝛽0 + 𝛽1𝜏in + 𝛽2𝜏out + 𝛽3𝜏in𝜏out,

where 𝑦 is either latency or energy. In the original fixed-batch set-
ting, 𝜏in and 𝜏out denote the input and output token counts, and the
model is fit as a direct-total workload model for a model/system
combination. To apply this baseline to our broader map-recovery
task, we preserve its model form and expose only the variable work-
load axes: for each engine-GPU-model deployment stack, we set
𝜏in = BS·IL and 𝜏out = BS·OL, then fit separate direct-total OLSmod-
els for latency and energy. As a second baseline, we train XGBoost
on the same workload axes as a strong black-box predictor, enabling
us to quantify the profiling-energy savings of KernelScale relative
to a flexible data-driven model [28]. All methods use the same sam-
pling policy, and all costs are computed from the corresponding
physical profiling runs.
Table 3 reports results under two evaluation scopes. The upper

block corresponds to our target setting: recovering an engine-GPU-
model map over variable batch size, input length, and output length.
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Fig. 4. Decision quality vs. latency headroom 𝛼 . Lower energy gap indicates
better energy-aware selection. Constraint failure captures the remaining
latency-risk cost of prediction error.

In this setting, KernelScale achieves 9.6% WAPE with only 54 pro-
filing runs. Wilkins OLS fails to reach comparable accuracy across
the scanned budgets: even at the largest budget, 𝑘 = 128, it con-
sumes 2,815 kJ of profiling energy while still yielding 34.6% WAPE.
XGBoost first reaches comparable accuracy to KernelScale’s three-
shot result at 𝑘 = 44, but requires 960 kJ of profiling energy. Thus,
compared with a strong black-box predictor, KernelScale achieves
comparable map-recovery accuracy while using only 7% of the pro-
filing energy.
The lower block evaluates a narrower fixed-batch slice closer

to the setting of Wilkins et al. In this regime, Wilkins OLS attains
comparable overall WAPE only at 𝑘 = 7, after consuming 170 kJ
of profiling energy. Even under this fixed-batch setup, KernelScale
requires fewer profiling runs and reduces profiling energy by 54%.

3.4 From energy maps to energy-aware selection
We next test whether recovered maps preserve deployment deci-
sions. For each workload bucket, the measured oracle selects the
lowest-energy configuration whose measured latency is within a
headroom factor 𝛼 of the fastest measured configuration. Under
the same 3-shot budget used in §3.1, the predicted map applies the
same rule using predicted latency and energy. We report measured
energy gap and constraint failure under the same three-shot budget.
Fig. 4 shows that energy visibility matters. MaxBatch uses Ker-

nelScale’s predicted latency map but selects the largest feasible
batch size without energy prediction, so the comparison isolates the
energy visibility rather than confounding it with latency-prediction
quality. At 𝛼 = 1.25, it incurs a 33.2% feasible energy gap, while Ker-
nelScale reduces the gap to 8.7%. At 𝛼 = 1.50, KernelScale reaches
a 3.7% gap and 13.2% constraint failure. The result is not a full
scheduling claim. It shows that the recovered map preserves the
energy ranking needed by latency-constrained and carbon-aware
deployment policies.

4 Related Work
Recent systems have explored energy- and carbon-aware LLM serv-
ing through scheduling, batching, disaggregation, and GPU power
management [3, 16, 23]. These systems demonstrate that inference
energy can be substantially reduced through scheduling and runtime
adaptation, but generally assume that accurate deployment-specific
energy-performance information is already available.
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To characterize LLM inference cost, prior works model latency
and energy using workload-level regression, profiled measurements,
analytical inference modeling, or operator-level decomposition [6,
24]. Several studies further perform kernel- or primitive-level en-
ergy modeling by decomposing inference into operations such as
GEMM, attention, communication, and memory movement [25].
While these approaches improve modeling fidelity and deployment
exploration, most still require dense per-stack profiling, detailed
analytical specifications, or stack-specific calibration before deploy-
ment maps can be constructed.
In contrast, KernelScale targets the map-construction problem

itself. Rather than relying on exhaustive profiling or deployment-
specific analytical modeling, KernelScale recovers the maps from
a few measured configurations by exploiting transferable kernel-
family workload-scaling structure.

5 Discussion
KernelScale is currently validated on single-node decoder-only serv-
ing. The reusable component is the engine-local kernel-family work-
load scaling law: workload slopes are largely determined by compu-
tation patterns such as attention, GEMM, and memory movement,
while GPU microarchitecture, model scale, and runtime overhead
are absorbed by low-dimensional deployment intercepts. New execu-
tion structures require extending the family set rather than changing
the recovery principle. Multi-node serving would add communica-
tion and synchronization families, such as tensor-parallel collectives
and interconnect-dependent all-reduce/all-to-all costs. MoE models
would add routing-dependent expert GEMM, load imbalance, and
possibly all-to-all transfer. Multimodal models would add modality-
specific encoder and cross-attention families. We leave empirical
validation of these families to future work.

Latency recovery is well captured by workload scaling laws,
while energy recovery remains harder because per-stage energy
estimation requires attributing coarse, lagged power samples to
fine-grained execution windows. Because prefill stages are short,
their energy labels are more sensitive to sampling and alignment
noise. This indicates that energy-map fidelity is also limited by mea-
surement resolution, rather than solely by the expressiveness of the
workload-scaling model.

6 Conclusion
KernelScale shows that energy-latency maps for LLM inference can
be recovered with few-shot profiling. By decomposing inference
runtime into recurring kernel families and modeling them with
scaling law structure, KernelScale learns reusable workload slopes
from pooled few-shot measurements and calibrates each GPU-model
stack with a small deployment intercept. Across 3 GPUs, 3 models, 2
serving engines, and 4,135 measured configurations, three profiling
configurations per stack recover maps with 9.6% mean WAPE. The
XGBoost regressor requires 15× more profiling runs and energy
cost to match this accuracy. The results position KernelScale as a
low-cost profiling substrate for energy-aware LLM serving. Future
work will extend this validation toMoE, multimodal, andmulti-node
deployments, and investigate higher-resolution power sampling for
short-window prefill-energy attribution.
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