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Abstract

Energy efficiency in LLM inference is often treated as a property of the model, the
hardware, or the serving software. We show that, for decode-dominated serving,
a simpler systems variable dominates: the serving context window. Because
KV-cache memory is finite, increasing the context window reduces the number of
concurrent sequences a GPU can hold. Under continuous batching, this concurrency
limit directly sets decode throughput, while GPU power remains nearly flat over
most of the operating range. The result is a simple 1/W law: tokens per watt
scale inversely with the serving context window W , with log-log exponent −1
in the power-saturated regime and a bounded, predictable shortfall outside it,
as we derive from KV-cache capacity and a logistic GPU power model. On
identical H100 hardware and software, Llama-3.1-70B tok/W varies by nearly
40× across the 2K–128K context range, and fitted exponents for four model
scales from 1B to 70B match predictions fixed before fitting to within 0.003. The
same mechanism determines fleet-level efficiency. On the short-context-dominant
Azure trace, two-pool context-length routing improves tok/W by 2.5× over a
homogeneous NVIDIA H100 fleet under measured H100 power, a gain reproduced
in closed form without simulation; an NVIDIA B200 estimate anchored at one
measured operating point (±15%) adds 2.0× at fixed topology, and the two levers
combine approximately multiplicatively to 5.76×. Finally, sparse MoE weight
streaming is a third lever whose sign is set by deployment topology: up to 5.1×
in a large expert-parallel deployment, but at or below 1× in the single-node TP=8
configuration studied here once batch-level expert coverage is counted. These
results suggest a deployment order for energy-efficient LLM serving: route by
context length first, upgrade hardware second, and exploit sparse architectures
where expert parallelism amortizes expert coverage.

1 Introduction

Large language model (LLM) inference is becoming a first-order component of data-center power
demand [Chien et al., 2023, Jegham et al., 2025]. Yet its energy efficiency is not determined only
by the accelerator generation, the model, or the serving software [Stojkovic et al., 2025, Delavande
et al., 2026]. In decode-dominated serving, a GPU can draw a large fraction of peak power even
at low request concurrency: published measurements show that an NVIDIA H100 serving a single
request already draws roughly 43% of thermal design power (TDP), while large batches approach
86% of TDP [Chung et al., 2026]. Thus, the central energy question is not only how many watts a
GPU consumes, but how many output tokens it produces while those watts are being spent.

The main determinant of this useful work per joule is decode concurrency. In long-context LLM
serving, concurrency is usually limited by key-value (KV) cache memory: a fixed VRAM budget can
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Figure 1: Motivating single-GPU and fleet-level efficiency trends. (a) Single-GPU tokens per watt for
Llama-3.1-70B on H100 and calibrated B200 across serving context windows from 2K to 128K. (b)
Fleet-level tok/W on the Azure trace at λ = 1,000 req/s.

hold many short-context sequences, but far fewer long-context sequences. For example, a Llama-
3.1-70B [Grattafiori et al., 2024] deployment on H100 GPU with tensor parallelism degree 8 (TP=8)
and tensor-parallel KV sharding can hold 256 concurrent 4K-token sequences but only 16 concurrent
64K-token sequences. Since decode throughput scales with the number of active sequences while
GPU power changes only modestly, this memory constraint becomes an energy constraint. We
formalize this as the 1/W law: single-GPU tokens per watt scale approximately inversely with the
serving context window W , tok/W ∝ 1

W . Between the two operating points above, power changes
by only 1.36× while the work per iteration changes by 16×, so a homogeneous long-window fleet
makes the 89% of Azure requests that need at most 4K tokens pay nearly the same watts for 16×
less work. Recovering this gap needs no less work per token, better hardware, smaller model, or
queueing trick, since utilization and the latency SLO are held fixed; it depends only on where on the
KV-capacity constraint each GPU operates.

Figure 1 (a) shows the law empirically. On the same H100 hardware, running the same Llama-3.1-70B
model and serving stack, tok/W varies by nearly 40× across the 2K–128K context range, closely
following a slope of −1 on log-log axes, and Proposition 1 predicts the residual departure from −1
from the power curve alone. The law is actionable because the serving context window seen by each
GPU is not fixed by hardware alone; instead it is also a routing decision: context-length routing [Chen
et al., 2026a] can keep short requests on short-window pools with much higher KV-cache concurrency.

We then show that this topology lever is complementary to hardware generation: newer accelerators
such as NVIDIA B200 GPU shift the tok/W curve upward, while routing topology changes which
context-window regime each pool serves. On the short-context-dominant Microsoft Azure trace
(Figure 1 (b)), two-pool context routing improves tok/W by 2.5× over a homogeneous H100 GPU
fleet under measured H100 power; a calibrated B200 deployment, anchored at one measured operating
point, improves tok/W by 2.0× at fixed topology; and the combination reaches 5.76×, which is
approximately a multiplicative result.

Finally, we analyze a third lever at the model-architecture level. Dense models stream all weights
during decode, whereas sparse MoE models stream only the experts a batch touches. For Qwen3-
235B-A22B, active-parameter-only streaming would give 5.1× over dense Llama-3.1-70B, but
beyond about five concurrent sequences a batch touches enough experts that the MoE model streams
more weight bytes per iteration than the dense model, so the 5.1× is attainable only with large expert
parallelism. Our H100 results are anchored to published ML.ENERGY [Chung et al.] measurements;
B200 results use a single-concurrency anchor from one 8×B200 vLLM [Kwon et al., 2023] serving
run plus analytical scaling, and are reported as calibrated estimates.

In summary, our contributions in this paper are as follows:

• We derive the 1/W law as a proposition: tok/W has log-log slope −1 + ε, where ε ≥ 0 vanishes
in the power-saturated regime; predicted exponents for four model scales match fits within 0.003.
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• We show that context-length routing improves fleet energy efficiency by keeping dominant short-
context traffic on high-concurrency pools, and a closed-form identity reproduces the simulated
topology gains.

• We demonstrate an approximately multiplicative interaction between routing topology and hard-
ware generation: on the Azure trace, 2.5× (measured H100 power) and 2.0× (single-anchor B200)
combine to 5.76×.

• We characterize MoE weight streaming as a lever whose sign is set by deployment topology
through batch-level expert coverage.

• We delimit the scope of these results and translate them into workload-driven deployment guidance.

2 Related Work

Power modeling and energy measurement. The GPU power model at the core of our analysis
comes from [Liang et al., 2026], who showed that GPU power under LLM workloads follows
a logistic curve in batch size. ML.ENERGY Benchmark v3.0 [Chung et al., 2026] provides the
measurement data we use to calibrate H100, and the AIConfigurator [Xu et al., 2026] supplies the
roofline decomposition of tw and H . TokenPowerBench [Niu et al., 2026] confirms empirically that
longer prompts increase per-token energy (∼ 3× from 2K to 10K on H100), consistent in direction
with the 1/W law; but it captures the cost of processing more input tokens during prefill, while our
law governs the decode throughput ceiling set by KV-cache concurrency at a fixed serving context
window. [Maliakel et al., 2025] show that the decode phase dominates inference time (77–91%) and
is largely memory-bandwidth-bound, supporting the mechanistic basis of the law.

Inference systems and routing. Splitwise [Patel et al., 2024] introduced prefill-decode disaggrega-
tion, and vLLM [Kwon et al., 2023] introduced PagedAttention for KV-cache management. Both
optimize for latency and cost per token, as do prefix caching [Zheng et al., 2024], chunked pre-
fill [Agrawal et al., 2024], and disaggregated serving [Zhong et al., 2024], which complement the
decode-side lever studied here. FleetOpt [Chen et al., 2026a] and inference-fleet-sim [Chen
et al., 2026b] approach the same problem from a fleet capacity perspective. We extend this line of
work by connecting routing topology to energy: topology controls which segment of the concurrency-
dependent GPU power curve each GPU operates on, and therefore directly determines tok/W.

Energy-aware routing. GreenServ [Ziller et al., 2026], the closest contemporaneous work, routes
queries across 16 open-source LLMs with a multi-armed bandit policy, achieving 31% energy
reduction over random routing. It routes across model families to avoid oversized models for easy
tasks, while we route by context window within a single model; the structural guarantee from KV-
cache capacity yields larger gains (∼ 2.5× at the fleet level) because context-window partitioning
directly controls which segment of the logistic power curve each GPU occupies. Apart from model
selection and quantization, routing topology as an explicit energy lever remains underexplored.

3 Preliminaries

3.1 GPU Power Model

[Liang et al., 2026] characterized NVIDIA H100 power under LLM inference as a logistic curve in n,
the number of concurrently in-flight sequences (max_num_seqs in vLLM):

P (n) =
Prange

1 + e−k(log2 n−x0)
+ Pidle, (1)

where Pidle is idle power, Prange = Pnom − Pidle is the dynamic range, k controls how steeply
power rises with batch size, and x0 is the half-saturation point. [Chung et al., 2026] provide direct
measurements for H100-SXM5: Pidle = 300 W at n=1 and Pnom = 600 W at n=128, both within
3% fit error. Fitted logistic parameters are k = 1.0 and x0 = 4.2, meaning power saturates around
24.2 ≈ 18 concurrent sequences.

B200 calibration. For NVIDIA B200-SXM, we use a partial empirical calibration from one 8×B200
node running vLLM 0.19.1 with Llama-3.1-70B at 8K context and max_num_seqs= 1. The measured
states are: true unloaded idle ≈ 191 W/GPU, model loaded but not serving ≈ 251 W/GPU, and
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active inference ≈ 513 W mean / 606 W p95 per GPU. Because the simulator assumes weights are
already resident, we map loaded-idle to Pidle = 251 W and the p95 active state to Pnom = 606 W.
With k = 1.0, fitting Eq. (1) to the n=1 active mean gives x0 ≈ −1.03. Throughout, H100 power
estimates are HIGH quality (directly measured); B200 estimates are FAIR quality, anchored at one
serving point but not constrained by a full power-vs-concurrency sweep. Since 2x0 < 1, every B200
operating point lies in the measured saturated region, and re-fitting x0 for k ∈ [0.5, 2] changes fleet
tok/W by at most 1.2% (Appendix C.3).

KV-cache storage assumption. Fleet results assume tensor-parallel sharding of KV heads: with TP=8
and Llama-3.1-70B’s 8 GQA key-value heads, each GPU stores one KV head (κ ≈ 55 KB/token),
matching the empirically calibrated H100 profile (nmax = 128 at 8K context) and vLLM’s default
behavior for GQA models. B200 KV capacity scales by the memory-budget ratio (156 GB usable vs.
60 GB on H100), giving nB200

max ≈ 2.62× nH100
max at any context window.

3.2 Roofline Throughput Model and Tok/W Definitions

The per-iteration decode latency under continuous batching is well modeled by the roofline [Williams
et al., 2009] expression τ(n, L̄) = tw +H(L̄) · n [Xu et al., 2026], where tw is the weight-streaming
time (proportional to model size and inversely proportional to memory bandwidth), n is the in-flight
batch, and H(L̄) = H0 · L̄/Lcalib is the per-sequence KV-scan overhead, growing linearly with
mean context length L̄. The maximum concurrency nmax(W) for a context window W is set by the
KV-cache memory budget:

nmax(W) =

⌊︃
VKV

κ · W

⌋︃
, (2)

where VKV is the KV-cache VRAM after model weights and κ is KV bytes per token.

Single-GPU tok/W. For a GPU holding nactive concurrent sequences with mean KV context length L̄:

tok/WGPU =
nactive/τ(nactive, L̄)

P (nactive)
. (3)

Eq. (3) is a decode metric; Section 5.6 bounds how prefill energy dilutes it end to end.

Fleet-level tok/W. For a heterogeneous fleet of pools i ∈ {1, . . . ,K} with ni GPU instances each:

tok/Wfleet =

∑︁
i λi · Lout,i∑︁

i ni · P (nact,i)
, (4)

where λi is the request arrival rate to pool i, Lout,i is the mean output length, and nact,i = ρi · nmax,i

is the mean in-flight batch at utilization ρi.

4 The 1/W Law

4.1 Derivation

Consider a GPU operating at full concurrency, nactive = nmax(W), with every sequence occupying
its window. Substituting Eq. (2) into the roofline latency, the per-iteration time becomes

τ
(︁
nmax(W), W

)︁
= tw +H0 ·

W
Lcalib

· VKV

κW
= tw +

H0 VKV

κLcalib
≡ τ0.

The W terms cancel, leaving τ approximately constant in W , so per-GPU throughput nmax(W)/τ0 ∝
1/W . Power P (nmax(W)) is approximately flat once nmax ≳ 2x0 (the logistic saturates), and
changes only modestly even at low concurrency because Pidle dominates the floor. Combining these,

tok/WGPU(W) =
nmax(W)/τ0
P (nmax(W))

∝ 1

W
, (5)

which we call the 1/W law. The argument is mechanical, not stochastic: doubling W halves
nmax and hence throughput at fixed τ0, while power moves only slightly. Proposition 1 makes the
approximation exact by tracking that movement.
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Table 1: Predicted (Proposition 1, fixed before fitting) versus least-squares fitted log-log slopes of
tok/W against W on H100 (measured power). Models: [Grattafiori et al., 2024, Yang et al., 2025].

Model TP W range nmax range Predicted Fitted |∆|
Llama-3.2-1B 1 2K–128K 1114 → 17 −0.928 −0.926 0.002
Llama-3.1-8B 1 2K–64K 229 → 7 −0.859 −0.860 0.001
Qwen3-32B 2 2K–32K 168 → 11 −0.856 −0.853 0.003
Llama-3.1-70B 8 2K–128K 512 → 8 −0.886 −0.887 0.001

Llama-3.1-405B 8 n/a 1 at 8K degenerate, law does not apply

Proposition 1 (The 1/W law). Assume (C1) the KV bytes per token κ do not depend on W , so that
nmax(W) = VKV/(κW), and (C2) the per-iteration time at full concurrency does not depend on W ,
τ(nmax(W)) = τ0. Then

d ln tok/WGPU

d lnW
= −1 + ε, ε =

k

ln 2
·
Prange σ(1− σ)

Prange σ + Pidle
≥ 0, (6)

where σ =
[︁
1 + e−k(log2 nmax(W)−x0)

]︁−1
is the logistic factor of Eq. (1) at the operating point.

Proof. Under (C1) and (C2), ln tok/WGPU = const − lnW − lnP (nmax(W)). The chain rule
with d lnnmax/d lnW = −1 and d lnP/d lnn = (k/ ln 2)Prange σ(1 − σ)/P (n), where P (n) =
Prange σ + Pidle, gives Eq. (6).

Since ε ≥ 0, tok/W never falls faster than 1/W: the law is a one-sided bound rather than merely
an approximation, and the exponent tends to −1 as power saturates. For H100, sup ε = 0.248
near n ≈ 15 and ε ≤ 0.040 for nmax ≥ 128 (W ≤ 8K); integrating Eq. (6) over 2K–128K
predicts a 39.6× span, matching the measured “nearly 40×”. Neither condition mentions a model
family or vendor: (C1) holds for multi-head [Vaswani et al., 2017], grouped-query [Ainslie et al.,
2023], and latent [Liu et al., 2024] attention, and the parallel layout changes only the prefactor
(Appendix B.2), while sliding-window [Jiang et al., 2023], hybrid local-global [Team et al., 2024],
and linear [Katharopoulos et al., 2020] attention violate (C1) and drive the exponent toward 0.

4.2 Empirical Verification

Figure 1 (a) plots tok/W against W for Llama-3.1-70B (TP=8, fp16): H100 uses the empirically
calibrated profile of Section 3.1, and B200 analytical scaling with the b=1 measured anchor (FAIR-
quality band shown). First, both curves trace the slope −1 reference closely on the H100 side and
on the B200 mid-range, confirming Eq. (5). A log-log regression of the H100 curve gives slope
−0.887 (standard error 0.020, 95% CI [−0.94,−0.84], R2 = 0.997) against the predicted −0.886;
its residuals are systematic curvature rather than noise, since the local slope moves from −0.99 at 2K
to −0.79 at 128K (Figure 4, Appendix A). Second, B200 shifts the curve up but does not change the
slope: under the calibrated power model, it achieves 1.7×–3.1× higher tok/W than H100 at matching
mid-range context windows, driven by a larger KV-cache budget (156 GB usable vs. 60 GB), faster
weight streaming (tw = 2.95 ms vs. 6.72 ms for 70B at TP=8), and correspondingly higher nmax;
the advantage narrows at both endpoints (Appendix A).

Generalization across model scales. Proposition 1 predicts that the exponent transfers across
models with a configuration-specific prefactor and a departure from −1 set by where nmax lies on the
power curve. Table 1 confirms this on four H100 configurations with predictions fixed before fitting
(mean absolute error 0.0018, maximum 0.003). The departure, from 0.074 (Llama-3.2-1B) to 0.147
(Qwen3-32B), follows the reachable nmax range rather than model size: the 1B model reaches the
highest concurrency and lands closest to −1, whereas the 8B (TP=1) and 32B (TP=2) models, whose
KV budgets cap nmax at 229 and 168 even at 2K, sit furthest from it. Scale enters only through κ and
tw, i.e., the prefactor. Llama-3.1-405B on H100 marks a regime boundary of the law: with nmax = 1,
the GPU spends most of its power holding the model warm, and B200’s larger memory lifts nmax to
17, a 19× exit from degenerate operation rather than a uniform efficiency gain (Table 4).
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Figure 2: Mechanism behind the 1/W law on H100 (Llama-3.1-70B, TP=8). (a) GPU power P (n)
(red) and decode throughput (one curve per context window) versus concurrency n; markers are oper-
ating points at nmax(W). (b) Per-context tok/W(n) curves with operating points (nmax(W), tok/W).
Smooth lines are model fits. Scatter points and shaded bands (±1.5 std) form a sensitivity envelope
from the reported H100 fit error (< 3%) and the vLLM/DCGM variability of the source benchmark.

4.3 Mechanism: Why the Slope Stays Close to −1

Figure 2 decomposes the H100 measurements into power and throughput against concurrency n.
First, power varies far less than work: P (n) passes half saturation near 2x0 ≈ 18 and flattens above
it, so between the 4K and 64K operating points power falls by only 1.36× while concurrency falls
by 16×, a residual variation captured exactly by ε. Second, the throughput curves n/(tw +H · n),
with H ∝ W , plateau at ∼ 1/H ∝ 1/W , and the operating points drop from 10,455 tok/s at 4K
(256 sequences) to 653 tok/s at 64K (16 sequences), matching the 16× window increase. Third, the
operating points on the tok/W(n) curves (Figure 2 (b)) fall along an envelope of slope close to −1,
with error bars (relative std ≈ 3.6%) far smaller than the trend.

Why B200 follows the same law. The B200 curve in Figure 1 (a) traces the same slope despite a
2.62× larger KV budget and a different power profile, because nmax ∝ 1/W depends only on the
KV-cache constraint and B200’s calibrated logistic reaches half saturation below one sequence, so
ε ≈ 0 across its mid-range and long-context tail. Its ratio to H100 narrows at 128K, where H100
leaves power saturation, and at 2K, where very high concurrency delivers diminishing throughput.

5 Three Levers for Fleet Energy Efficiency

This section is the empirical core of the paper, organized around three operator-controllable levers:
routing topology, hardware generation, and model architecture. The first two are approximately
multiplicative, while the third depends on the parallel layout itself.

5.1 Experiment Setup

All fleet results use Llama-3.1-70B (TP=8, fp16) unless noted, sized to meet P99 time-to-first-token
(TTFT) ≤ 500 ms at λ = 1,000 req/s, on two production traces: the Azure LLM Inference
Trace [Patel et al., 2024], where 89% of requests fit within 4K tokens (short-context-dominant),
and LMSYS-Chat-1M [Zheng et al.], a more dispersed conversational distribution with the bulk of
mass below 1.5K but a long tail. We compute fleet-level tok/W using a simulator released in our
Github repository, which sizes each routing pool and applies the power and throughput models of
Section 3. From the concurrent FleetOpt [Chen et al., 2026a] and inference-fleet-sim [Chen
et al., 2026b] preprints we inherit only the two-pool boundary with overflow and the queueing sizing
routine; the power and KV models, tok/W definitions, and energy results are ours, and Section 5.2
reproduces the topology gains in closed form. Fleet model. Each node holds 8×H100-SXM5 80GB
(or 8×B200-SXM) on NVSwitch, and one TP=8 group is exactly one node, so the 400 Gb/s class
InfiniBand between nodes carries only ingress routing and telemetry and enters neither the power
nor the throughput model. Pools are disjoint sets of whole nodes with one context window each, fed
by a stateless router that splits on prompt length with boundary Bshort and overflow γ. Each pool is
sized independently as ni = ⌈λiLout,i/(ρi Thri)⌉, where Thri is the per-GPU decode throughput
and ρi ≤ 0.85 is imposed by the TTFT constraint under an M/G/c approximation (Appendix D.1).
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Table 2: Short vs. long pool at n = nmax

(H100, Llama-3.1-70B, TP=8); power is
P (nmax) from Eq. (1).

Quantity 4K pool 64K pool Ratio

KV-bound nmax 256 16 16×
Iteration time τ τ0 τ0 1×
Throughput (tok/s) 10,455 653 16×
Power (W) 593 435 1.36×
tok/W 17.62 1.50 11.7×
GPUs per unit token rate 1 16 16×

Table 3: Context-window vs. semantic routing
(H100, ρ = 0.85). At 64K any model saturates
at nmax = 16 per TP=8 group; per physical GPU,
the 8B pool is favored.

Pool (model@context) nactive P (W) tok/W

Context short (70B@8K) 109 578 8.77
Context long (70B@64K) 14 413 1.52

Semantic small (8B@8K) 49 506 6.24
Semantic large (70B@64K) 14 413 1.52

5.2 Lever 1: Routing Topology

The 1/W law immediately suggests an energy-aware routing strategy: partition incoming requests
by prompt length and serve short requests on a short-context pool (Wshort, large nmax, high tok/W)
and long requests on a long-context pool (Wlong, small nmax, low tok/W). Where the gain comes
from. Table 2 contrasts the two pools at their KV-bound operating points: the per-iteration time is
identical in both, because doubling the window halves nmax and doubles the per-sequence KV scan
(Section 4.1). The long pool is not slower per iteration; it does 16× less work per iteration at a power
only 1.36× lower, so confining the short pool to 4K rather than 64K multiplies its throughput by 16×
and its tok/W by 11.7×, the gap being the elasticity ε.

Closed-form fleet identity. Pool i serving output-token rate Ti needs Ti/(eiPi) GPUs, where ei is
its per-GPU tok/W and Pi its per-GPU power, and therefore draws Ti/ei. Under equal-utilization
sizing, Eq. (4) collapses to a token-share-weighted harmonic mean of per-GPU efficiencies,

tok/Wfleet =
(︂∑︂

i

wi

ei

)︂−1

, ∆topo =
1

1− α (1− elong/eshort)
, (7)

where wi is the output-token share of pool i and α the short pool’s share in a two-pool fleet. The
topology gain is thus bounded by eshort/elong, which the law fixes at roughly the window ratio, and
realized in proportion to α.

Context-window vs. semantic routing. Table 3 compares this scheme against semantic routing,
which sends short or simple requests to a smaller model (Llama-3.1-8B) and long or complex requests
to a large model. Per the 1/W law, the 8× context ratio between short and long pools translates into
5.77× lower tok/W on the long pool (8.77 vs. 1.52), less than 8× because the long pool runs below
power saturation. No amount of smarter routing eliminates this gap; it is a physical consequence
of KV memory limits. With eshort/elong = 5.77, Eq. (7) gives ∆topo = 2.52 at α = 0.73 and 2.16 at
α = 0.65, exactly the token-weighted short shares of the Azure and LMSYS traces, so the simulated
fleet gains of Section 5.5 follow from single-GPU efficiencies and trace CDFs alone (a standalone
script in the repository reproduces them without the simulator; fleet composition is in Appendix D.2).
The choice between the two routing schemes reduces to a quality question: if the 8B model satisfies
output quality requirements for the short-context fraction of traffic, semantic routing wins on a
per-physical-GPU basis; if not, context-window routing extracts essentially all of the achievable gain
without changing model. We focus on context-window routing because it is model-quality-neutral.

5.3 Lever 2: Hardware Generation

Table 12 (Appendix C.2) summarizes hardware parameters and their impact on tok/W for Llama-
3.1-70B at 8K context. The projected H200 doubles nmax over H100 with larger HBM3e capacity
and cuts tw to 4.76 ms with 1.4× bandwidth at the same TDP, a 2.1× tok/W gain at ∼ 50% higher
rental cost. B200 pushes further (21.39 tok/W, nmax = 58): its calibrated effective Pidle of 251 W is
substantially lower than naive TDP-fraction projection would suggest, the 2.62× memory budget
more than compensates for the 1.43× TDP increase, and on a tok/$M basis it comes out ahead
of H200 (0.73M vs. 0.49M). Using the measured mean active power (513 W) instead of the p95
value (606 W) would raise B200 tok/W by 1.18×, so our choice is conservative. GB200-NVL is the
surprise: despite identical compute specs to B200-SXM, its projected per-GPU tok/W is lower (18.49
vs. 21.39) because the higher TDP equivalent (1,200 W) adds more power to the denominator than
the slightly larger memory (200 GiB vs. 180 GiB) adds to the numerator. This does not depend on
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Table 4: Single-GPU tok/W at nmax (8K context). MoE rows (†) are coverage-aware intervals: the
upper value uses active-parameter-only streaming (a lower bound on true tw), attainable only with
large expert parallelism; the bracketed value is the single-node TP=8 end (Table 5). At nmax =
1, coverage equals the active set. DeepSeek-V3: ≈ 37B active of 671B (256 experts, top-8).
Models: [Grattafiori et al., 2024, Yang et al., 2025, Liu et al., 2024].

H100-SXM5 B200-SXM

Model TP nmax tok/s tok/W nmax tok/s tok/W

Llama-3.1-8B 1 58 3,350 6.46 148 9,962 16.43
Llama-3.1-70B 8 22 2,716 7.41 58 12,960 21.39
Llama-3.1-405B 8 1 26 0.09 17 1,009 1.67

Qwen3-235B-A22B† 8 24 11,521 37.82
[≤ 7.41]

146 80,584 132.93
[≤ 21.39]

DeepSeek-V3† (fp8) 8 1 646 2.14 11 8,162 13.55

Table 5: Expert coverage for Qwen3-235B-A22B (fp16; 128 routed experts, top-8; about 227B expert
and 8B non-expert parameters), realistic tier. Last row: dense 70B weight bytes per output token over
the MoE value at the same n (> 1× favors MoE).

Batch n 1 4 8 16 32 64 ≥256

Experts touched per layer 8.0 29.1 51.6 82.4 111.8 125.9 128.0
Streamed share of 235B 9.4% 25.4% 42.3% 65.6% 87.7% 98.4% 100%
Bytes per output token (GB) 44.4 29.8 24.9 19.3 12.9 7.2 1.84
Advantage vs. dense 70B 3.15× 1.17× 0.70× 0.45× 0.34× 0.30× 0.30×

the projected power: with 1.12× the nmax of B200 at 8K, GB200 beats B200 on per-GPU tok/W
only if its saturated power stays below 1.12× 606 ≈ 679 W, i.e., 57% of its TDP, whereas measured
H100 saturates at 86% of TDP and anchored B200 at 61%. GB200’s advantage materializes only for
very large models (405B, DeepSeek-V3) whose nmax its memory lifts out of the near-zero regime.

5.4 Lever 3: Model Architecture (MoE)

Mixture-of-Experts (MoE) architectures with sparse activation can shrink the weight-streaming time
tw: a dense model touches every weight every iteration, whereas a MoE token activates only a
few experts, so for a single token tw scales with active parameters. For Qwen3-235B-A22B (22B
active out of 235B total), overriding tw with the 22B active parameters gives tw ≈ 1.6 ms on H100
versus 6.7 ms for the dense 70B baseline, and 37.82 tok/W at 8K, a 5.1× advantage over dense
Llama-3.1-70B at the same context window (Table 4).

Batch-level expert coverage. This accounting holds only for a single token: per-iteration weight
streaming reads every expert touched by the batch once, and different tokens route to different experts.
For a layer with E routed experts and top-m routing, we bracket the number of distinct experts
D(n) touched by n tokens in three tiers: optimistic, D = m (the active-parameter assumption);
realistic, D(n) = E [1− (1−m/E)n] under load-balanced independent routing; and adversarial,
D = min(nm,E). The realistic tier is the right model and errs conservatively, since intra-batch
routing correlation reduces coverage, so real systems fall between the first two tiers (Appendix B.3).
Table 5 applies it to Qwen3-235B-A22B: against dense 70B at matched concurrency the crossover is
n∗ ≈ 5, beyond which the MoE model streams more weight bytes per iteration, so at the nmax = 24
of Table 4 the 5.1× is not attainable in the TP=8 single-node layout. The gain belongs to a different
topology: with expert parallelism [Lepikhin et al., 2021, Rajbhandari et al., 2022], touched experts
are spread across many GPUs while the global batch grows into the thousands, and with EP = 64
and data-parallel attention, aggregate weight bytes per output token fall to roughly 0.16 GB versus
0.77 GB for dense 70B at TP=8, DP=8 on the same 64 GPUs, about 4.7×. All-to-all dispatch adds
a few to tens of milliseconds per iteration (at 10 ms the 5.1× shrinks to roughly 1.5× even before
coverage), a second-order correction on top of coverage.

5.5 The Multiplicative Structure

We now turn to the central fleet-level claim: levers 1 and 2 stack approximately multiplicatively.
Figure 3 presents fleet tok/W for three topologies on H100 and B200 across both production traces.
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Figure 3: Fleet tok/W at λ = 1,000 req/s for Llama-3.1-70B. Topology: Homo = homogeneous 64K
fleet; Pool = two-pool context routing; FleetOpt = optimal γ⋆ from [Chen et al., 2026a]. Numbers
in parentheses are fold improvement over the H100 Homo of each workload; H100 bars rest on
measured power (HIGH), B200 bars on the single anchor (FAIR). On Azure, B200 FleetOpt reaches
5.76×, which decomposes as 2.52× topology times 2.05× generation, with the residual (5.76 vs.
5.16) explained by the window dependence of the generation gain.

Define the topology improvement for GPU G as ∆topo(G) = tok/WFleetOpt(G)/tok/WHomo(G), and
the generation improvement for topology T as ∆gen(T ) = tok/WB200(T )/tok/WH100(T ). From
Figure 3 (a) (Azure), ∆topo(H100) = 2.52, ∆topo(B200) = 2.81, ∆gen(Homo) = 2.05, and
∆gen(FleetOpt) = 2.28.

The topology gain stays in the same ballpark across GPU generations (2.52 vs. 2.81); the generation
gain stays near 2× across topologies (2.05 vs. 2.28). The two levers therefore operate on largely
orthogonal dimensions of the GPU power curve: topology controls which segment each GPU occupies,
while generation shifts the curve itself. The combined gain on Azure is 5.76×, which exceeds
∆topo ×∆gen = 2.52× 2.05 = 5.16 by a residual of ∼ 12%. The residual is explained by the window
dependence of ∆gen (about 2.9× at 8K versus 1.3× to 1.7× at 64K to 128K): topology shifts traffic
toward the windows where the generation lever is stronger, so the composition need not equal an exact
product. The same structure holds on LMSYS, with smaller absolute gains: ∆topo(H100) = 2.16,
∆gen(Homo) = 1.96, combining to 3.83×. The LMSYS gain is smaller primarily because LMSYS
has less mass at very short contexts: its token-weighted short share in Eq. (7) is α = 0.65 rather than
0.73. Practical implication. Topology and hardware are complementary, not substitute, investments:
buying newer GPUs alone captures about 2× and leaves the topology gain on the table, and topology
work is the strictly cheaper investment to start with, since it requires no procurement.

5.6 Scope and Evidence Quality

Layout and attention scope. For one replica with aggregate KV capacity VKV and per-token KV bytes
κ summed over its GPUs, nmax(W) = VKV/(κW) whether KV is sharded by heads (TP [Shoeybi
et al., 2019]), by layers (PP [Huang et al., 2019]), or replicated (DP), so the exponent is layout-
invariant and the layout changes only the prefactor (Proposition 2, Appendix B.2). This requires each
TP group to stay inside one NVLink domain, since cross-node TP adds a communication term that
grows with n; levers 1 and 2 therefore transfer, whereas the MoE lever is itself a topology decision.
Prefix caching [Kwon et al., 2023, Zheng et al., 2024] changes only the effective KV bytes per token,
κeff = κ [(1 − s) + s/R] for shared fraction s and reuse degree R, which preserves the exponent,
shifts the curve upward, and moves the optimal short-pool boundary outward (Appendix B.5).

Metric scope. Eq. (3) counts output tokens, so total request energy adds a prefill term that routing
cannot change. With prompt-to-output ratio r = Lin/Lout and compute-bound prefill, the prefill-
to-decode energy ratio is ϕ ≈ 0.03 r for 70B on eight GPUs in a 64K pool, and the end-to-end
gain is ∆e2e = (1 + ϕ)/(ϕ + 1/∆decode) (Appendix B.4). The Azure topology gain of 2.52× thus
becomes 2.10× on conversation traffic (r ≈ 5), 1.32× for typical RAG (r ≈ 50), and 1.16× on
code completion (r ≈ 115). Under Splitwise-style disaggregation, decode-pool energy is directly
attributable and the decode law applies exactly. Evidence quality. Table 6 maps each headline result
to its evidence tier; Appendix E lists the remaining limitations.
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Table 6: Evidence tier of each main re-
sult (full mapping in Appendix C.4).

Result Evidence tier

Exponent (Table 1) Measured (HIGH)
Topology gain Measured, simulated
Generation gain One anchor (FAIR)
H200, GB200 rows Projection
MoE interval Analytical

Table 7: Recommendations by workload archetype, ranked
by tok/W (tok/$ may differ); B200 is FAIR and GB200 a
projection, so validate before procurement.

Archetype Traffic Best topology Best GPU

Short (I) >80% ≤8K FleetOpt two-pool B200
Mixed (II) 50–80% ≤8K Pool routing H200/B200
Long (III) <50% ≤8K Homo (long pool) B200/GB200
MoE models Any MoE at EP scale B200/GB200

6 Workload-Driven Deployment Guidance

The fleet-level results above were obtained on two specific traces, but the underlying mechanism
generalizes: the fraction of traffic that can be confined to a short-context pool determines how effective
the topology lever is, and that fraction is workload-dependent. We characterize three archetypes:

Short-context-dominant workloads (Archetype I). 89% of Azure Conversations requests fit within
4K tokens. The short pool handles nearly all traffic at high concurrency; the long pool is small and
lightly loaded. FleetOpt on calibrated B200 reaches 32.1 tok/W, which is a 5.76× improvement over
the H100 homogeneous baseline, and the small prompt-to-output ratio keeps most of the topology
gain after prefill (2.10× end to end). This is the scenario where two-pool routing pays off most.

Mixed workloads (Archetype II). 50–80% of requests are short. Pool routing still helps, but the
boundary placement matters more, and the long pool consumes a substantial fraction of GPU-hours.
LMSYS sits in this archetype, with ∼ 3.8× combined gain.

Long-context-dominant workloads (Archetype III). Less than 50% of requests fit in the short pool,
typical of agent-heavy or RAG-dominated traces. The long pool dominates GPU-hours even with
FleetOpt, and prefill dilutes the remaining decode gain (1.32× end to end at r ≈ 50). The topology
lever is exhausted here; the productive levers act on prefill and KV occupancy, namely prefix and
KV reuse, prefill-decode disaggregation [Patel et al., 2024, Zhong et al., 2024], and chunked-prefill
scheduling [Agrawal et al., 2024]. Sparse MoE models are no drop-in substitute, since they need an
expert-parallel deployment large enough to amortize expert coverage.

Table 7 summarizes the recommended pairing. A complementary lever orthogonal to all three is
quantization [Micikevicius et al., 2022, Frantar et al., 2023, Lin et al., 2024]: cutting weight bytes
by 2–4× proportionally reduces tw. For H100+70B, fp8 gives tw ≈ 3.36 ms (vs. 6.72 ms in fp16),
roughly doubling tok/W at any fixed concurrency, with the largest benefit wherever weight streaming
dominates the iteration, including dense models and MoE models at high expert coverage.

7 Conclusions and Future Works

LLM inference energy efficiency is strongly shaped by serving context length: doubling the context
window approximately halves tokens per watt because the KV cache can hold fewer concurrent
sequences while GPU power remains nearly flat. We stated this as a proposition with a bounded,
predictable departure from exponent −1 and confirmed it across model scales. The mechanism
extends naturally to the fleet level: on the Azure trace, context-length routing improves energy
efficiency by 2.5× under measured H100 power, a single-anchor B200 calibration adds 2.0×, and the
two combine to 5.76×. MoE weight streaming is a third lever whose value is set by the parallel layout,
up to 5.1× with large expert parallelism but at or below 1× within a single TP=8 node. Because
these gains are decode-side, they dilute end to end for prompt-heavy traffic, where prefill-side levers
take over. More broadly, these results suggest that energy-efficient LLM serving should be treated as
a joint optimization problem over routing topology, hardware generation, and model architecture:
avoid serving short requests in unnecessarily long context windows, then stack context-aware routing
with newer hardware and sparse architectures. Future work should close the remaining measurement
gaps: full power-versus-concurrency measurements for B200, H200, and GB200; end-to-end MoE
serving measurements at expert-parallel scale, including expert routing, all-to-all communication,
and load imbalance; and extensions to mixed prefill-decode batches, cache-affinity-aware routing
under prefix reuse, and adaptive multi-pool routing under shifting request-length distributions.
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A Endpoint Behavior of the 1/W Law

The 1/W law derived in Section 4 holds with exponent −1 in the power-saturated region and departs
from it by the bounded elasticity ε of Proposition 1 elsewhere, so it degrades at the endpoints of the
context-window range. Figure 4 plots the H100 local slope predicted by Proposition 1 together with
the discrete slopes between consecutive operating points of Figure 2 (b). The two agree, and the curve
makes explicit the systematic curvature behind the fitted global slope of −0.887. We characterize the
two boundary regimes here, complementing the main-text discussion.

Figure 4: Local log-log slope of single-GPU tok/W for Llama-3.1-70B on H100 (TP=8). The curve
is Eq. (6) with the calibrated H100 parameters (k = 1.0, x0 = 4.2, Pidle = Prange = 300 W) and
nmax = 512 at 2K; markers are the slopes between consecutive operating points (4K to 64K) of
Figure 2 (b). The slope moves from −0.99 at 2K to −0.79 at 128K, with its shallowest point near
nmax ≈ 15.

Short-context floor (B200 at 2K). At W = 2K, B200 hits nmax = 1725, far above the logistic
saturation point. Most of this concurrency delivers diminishing throughput because the per-iteration
weight-streaming time tw becomes negligible relative to KV-scan overhead H · n, while power has
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already plateaued. The B200/H100 ratio at 2K is therefore only 1.06× despite the 2.62× memory
advantage, a regime where additional KV capacity buys little.

Long-context tail. At 128K, B200’s advantage compresses to 1.30×. Two effects compound: H100
power falls to 369 W as concurrency drops to nmax = 8 (the logistic dipping below saturation),
shrinking H100’s denominator, while B200’s calibrated power curve stays closer to its active ceiling.
The slope remains −1 on B200 in this regime, but the offset above H100 narrows. Additional
long-context capacity here does not buy much energy efficiency. Proposition 1 quantifies the first
effect: the 369 W is exactly P (8) from Eq. (1), and the H100 local slope reaches −0.79 at 128K,
whereas B200, whose half-saturation point lies below one sequence, keeps ε ≈ 0 at its KV-bound
operating point. The narrowing at long contexts is thus the difference between a saturated and an
unsaturated power curve, not a change in the KV mechanism.

Middle regime. The intermediate region (8K–32K), where both GPUs operate above logistic
saturation but well below KV exhaustion, is where the B200 advantage peaks at ∼ 3× and where the
operating-point trajectory in Figure 2 (b) is essentially linear in log-log space. For H100, the local
slope in this region follows the smooth Proposition 1 curve of Figure 4.

B Modeling Assumptions and Scope

B.1 Core Modeling Assumptions

TP-sharded GQA KV storage. Fleet results assume tensor-parallel sharding of KV heads, so each
GPU stores nkv/TP KV heads. For Llama-3.1-70B with nkv = 8 and TP=8, this gives one head per
GPU (κ ≈ 40–55 KB/token), maximizing nmax. Models with fewer KV heads than TP ranks, or
frameworks that replicate the full KV cache per GPU, will have lower nmax and correspondingly
lower tok/W. This choice affects the prefactor but not the exponent (Appendix B.2).

Continuous-batching decode. We model throughput as n/τ(n, L̄) with τ = tw +H · n from the
roofline. This is accurate for continuous-batching decoders (vLLM, TRT-LLM) in steady state. It
does not capture chunked prefill interleaved with decode, head-of-line blocking, or KV-cache eviction
under memory pressure. All three effects reduce achievable throughput, so the analytical tok/W is an
upper bound.

Steady-state traffic. Fleet sizing uses a steady-state queuing model at a fixed arrival rate, with
context lengths drawn from a measured CDF. Real traffic is bursty and diurnal. Bursts require spare
capacity beyond the steady-state minimum, which reduces average utilization and therefore tok/W.
The reported values are attainable only under smooth, sustained load.

B200 power model quality. B200 power parameters are anchored to one 8×B200 serving run at
n=1, then extrapolated with the same logistic functional form used for H100. This substantially
improves the low-concurrency estimate, but it is still not a full P (n) calibration. We therefore retain
a FAIR-quality label and expect the high-batch tail to remain uncertain until a proper concurrency
sweep is measured. Appendix C.3 shows that the reported fleet results are nevertheless insensitive to
the extrapolated shape.

Fixed TP=8, single model per pool. All experiments use TP=8 instances of the same model in each
pool. Smaller TP configurations are more power-efficient per GPU at low concurrency but reduce
per-GPU throughput. Mixed-TP or mixed-model pools are not explored; Appendix B.2 states which
conclusions transfer to other parallel layouts.

Output-only energy accounting. Tok/W counts output tokens only. Prefill computation, which
can account for 2–5× the power per request for long-prompt workloads, is excluded from Eq. (3).
For workloads with prompt-to-output ratios much greater than one (e.g., document summarization,
RAG), the reported tok/W overestimates true energy efficiency; Appendix B.4 bounds the resulting
end-to-end dilution of the topology gain.

B.2 Layout Invariance

The main-text results use one TP=8 group per node. The following proposition states which part of
the 1/W law survives other parallel layouts.
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Proposition 2 (Layout invariance). Let one model replica hold aggregate KV capacity VKV summed
over its GPUs, and let κ be the per-token KV bytes summed over the replica. Then nmax(W) =
VKV/(κW) regardless of how the KV cache is partitioned. If the per-iteration time under a layout is
τ = cw + ch · n · (W/Lcalib) + ccomm with a collective term ccomm that does not grow with n, then
throughput at nmax(W) scales as 1/W and the exponent of Proposition 1 is unchanged. The layout
affects only cw, ccomm, and the power at the operating point, i.e., the prefactor.

Proof. TP [Shoeybi et al., 2019] shards KV heads, PP [Huang et al., 2019] shards layers, and DP
replicates the whole instance; in every case the replica-level VKV and κ are unchanged, which gives
the first claim. At n = nmax(W) the second term of τ equals chVKV/(κLcalib), independent of W ,
so τ(nmax(W)) is constant and conditions (C1) and (C2) of Proposition 1 hold.

Table 8 lists the per-GPU quantities for four layouts of Llama-3.1-70B on eight GPUs.

Table 8: Per-GPU quantities for Llama-3.1-70B (fp16) on eight GPUs under different parallel layouts.
The exponent is −1 in the saturated regime for every layout (Proposition 2); only the prefactor
changes.

Layout KV bytes per to-
ken per GPU

Weights per
GPU

Exponent Prefactor effect

TP=8 (this paper) κ/8 17.5 GB −1 Reference
TP=4, DP=2 κ/4 per replica 35 GB −1 Weight streaming per GPU doubles, so

cw doubles; lower tok/W at the same n
TP=2, PP=4 κ/8 17.5 GB −1 Reduced by the pipeline bubble fraction;

lower per-GPU power in bubbles par-
tially offsets it

DP=8 (small mod-
els only)

κ per replica Full model −1 Highest when weights fit, since there is
no collective overhead

Lever by lever. Lever 1 (routing topology) transfers unchanged, because it depends only on nmax ∝
1/W , which is layout-invariant. What changes is the SLO-feasible operating region: pipeline
parallelism raises TTFT variance through bubbles, so the utilization ceiling ρ and hence the optimal
split boundary Bshort shift, although the direction of the recommendation does not. Data parallelism
is the easiest case, since each replica is an independent instance of the single-GPU law. Lever 2
(hardware generation) also transfers unchanged: P (n) is a per-GPU property, and the KV-budget
ratio between generations does not depend on the layout. Lever 3 (MoE architecture) does not transfer.
The expert-parallel degree directly controls how many distinct experts each GPU must stream per
iteration, which sets the magnitude and even the sign of the lever (Appendix B.3), so the MoE lever
is itself a topology decision rather than a pure architecture property.

NVLink boundary. The constancy of τ at nmax degrades once a TP group crosses the NVLink
domain, because cross-node TP adds a collective term ccomm(n) that grows with concurrency. All our
configurations keep one TP group inside one node, and we state this as a condition of the law rather
than leave it implicit.

B.3 Batch-Level Expert Coverage in MoE Models

For a layer with E routed experts and top-m routing, a batch of n tokens touches D(n) distinct experts.
The three tiers used in Section 5.4 are: optimistic, D = m, which treats every token in the batch as if
it used the same experts (the active-parameter assumption); realistic, D(n) = E [1− (1−m/E)n],
the expected number of distinct experts under load-balanced, independent routing; and adversarial,
D = min(nm,E), which assumes no two tokens share an expert. Because per-iteration weight
streaming reads each touched expert once and reuses it across all tokens routed to it, the realistic
tier is the right model. It also errs in a useful direction: intra-batch routing correlation, as when
tokens from one sequence or domain co-route, reduces coverage, so the independence assumption
over-estimates coverage and under-estimates MoE efficiency. Real systems therefore fall between the
first two tiers.

Crossover with the dense model. For Qwen3-235B-A22B (E = 128, m = 8, about 227B
expert and 8B non-expert parameters), the parameters streamed per iteration are approximately
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8B + 227B · D(n)/E, against 70B for the dense Llama-3.1-70B. The two are equal when 1 −
(1 − 8/128)n = 62/227, i.e., at n∗ ≈ 5, which is the crossover visible in Table 5. Above n∗ the
active-parameter accounting no longer describes the workload, and at the concurrencies our TP=8
fleet actually operates at, the 235B-total MoE streams more weight bytes per iteration than the dense
model.

Expert-parallel deployments. With expert parallelism [Lepikhin et al., 2021, Rajbhandari et al.,
2022], the union of touched experts is spread across many GPUs while the global batch grows, so the
amortization that fails at n ≈ 24 on one node succeeds once the global batch reaches the thousands.
As a worked estimate, with EP = 64 and data-parallel attention, aggregate weight bytes per output
token fall to roughly 0.16 GB, versus roughly 0.77 GB for dense 70B at TP=8, DP=8 on the same 64
GPUs, i.e., about 4.7×. This is close to the 5.1× active-parameter bound, but only under that layout.

Dispatch overhead. The all-to-all dispatch adds a few to tens of milliseconds per iteration depending
on network topology and expert load balance; the 10 ms case alone reduces the active-parameter
advantage from 5.1× to roughly 1.5×. Coverage is the dominant effect, and dispatch is a second-
order correction on top of it. Both should be measured end to end at expert-parallel scale before the
MoE lever is used for procurement.

B.4 Prefill-Inclusive Energy Accounting

Eq. (3) is a decode metric. To bound how prefill energy dilutes the topology gain, let r = Lin/Lout
be the prompt-to-output ratio. With compute-bound prefill, a request’s prefill energy is Epf ≈
2NθLinPpf/(NgFeff) and its decode energy is Edec ≈ Lout ttok Pdec, for an Nθ-parameter model on
Ng GPUs of effective per-GPU compute Feff, where Ppf and Pdec are the instance power during prefill
and decode and ttok is the decode time attributable to one output token. Their ratio is linear in r; for
Llama-3.1-70B on eight GPUs in a 64K pool it is ϕ = Epf/Edec ≈ 0.03 r. Context routing divides
the decode term by ∆decode and leaves the prefill term unchanged, so the end-to-end energy ratio is

∆e2e =
Epf + Edec

Epf + Edec/∆decode
=

1 + ϕ

ϕ+ 1/∆decode
.

Table 9 evaluates this for the Azure decode gain ∆decode = 2.52. The same release therefore moves

Table 9: End-to-end topology gain with prefill energy for the Azure decode gain ∆decode = 2.52
(H100) and ϕ ≈ 0.03 r.

Prompt-to-output ratio r ϕ ∆e2e

2 0.06 2.32×
5 (Azure conversation) 0.15 2.10×
20 0.60 1.61×
50 (typical RAG) 1.50 1.32×
115 (Azure code) 3.45 1.16×

from 2.10× on conversation traffic (r ≈ 5) to 1.16× on code completion (r ≈ 115), which makes the
boundary of the law’s applicability concrete rather than hypothetical. Two implications follow. First,
prefill-heavy Archetype III traffic should emphasize prefix and KV reuse [Kwon et al., 2023, Zheng
et al., 2024], prefill-decode disaggregation [Patel et al., 2024, Zhong et al., 2024], and chunked-prefill
scheduling [Agrawal et al., 2024]. Second, under Splitwise-style disaggregation, decode-pool energy
is directly attributable, so the decode law applies exactly to the decode pool, while the prompt pool
can be optimized separately.

B.5 Prefix and KV-Cache Reuse

Prefix reuse, as in vLLM’s automatic prefix caching [Kwon et al., 2023] or RadixAttention [Zheng
et al., 2024], removes duplicate, not attended, KV occupancy. If a fraction s of each sequence’s
resident KV is a prefix shared by R sequences, the effective KV bytes per token are

κeff = κ
[︁
(1− s) + s/R

]︁
.

For a fixed prefix-length distribution, κeff does not depend on W , so nmax = VKV/(κeffW) ∝ 1/W
and the exponent of Proposition 1 is preserved while the curve shifts upward by κ/κeff. Table 10 lists
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the shift for s = 0.5; the tok/W multiplier is approximate because power at the higher concurrency is
already saturated.

Table 10: Effect of prefix reuse with shared fraction s = 0.5 on the effective KV bytes per token and
on the KV-bound concurrency at any window.

Reuse degree R κeff/κ nmax multiplier tok/W multiplier

1 1.00 1.00× 1.00×
2 0.75 1.33× ≈ 1.33×
4 0.63 1.60× ≈ 1.60×
8 0.56 1.78× ≈ 1.78×

The optimal short-pool boundary moves outward roughly with κ/κeff, because each GPU can hold the
same concurrency at a proportionally longer window. Routing must also become cache-affinity-aware:
splitting a shared-prefix group across pools destroys reuse, so length-based and affinity-based routing
interact and cannot be tuned independently.

C Power Model Parameters and Evidence Quality

C.1 Power Model Parameters

Table 11 summarizes power model parameters for each GPU. H100-SXM5 parameters are fit-
ted to ML.ENERGY data [Chung et al., 2026] (H100-SXM5, vLLM, Llama-3.1-class, b ∈
{1, 2, 4, 8, 16, 32, 64, 128, 256}; fit error < 3%). B200-SXM uses a single-concurrency empirical
anchor from one 8×B200 serving run. H200 and GB200 remain first-principles projections.

Table 11: GPU power model parameters. HIGH = directly measured; FAIR = either a single-
concurrency empirical anchor (B200) or a TDP-fraction projection calibrated to H100 ML.ENERGY
data.

GPU TDP (W) Pidle (W) Pnom (W) k x0 Source Quality

H100-SXM5 700 300 600 1.0 4.20 G2G Fig. 2 + ML.ENERGY HIGH
H200-SXM 700 300 600 1.0 5.50† TDP fraction FAIR
B200-SXM 1000 251 606 1.0 −1.03 8×B200 vLLM b=1 anchor FAIR
GB200-NVL 1200 516 1032 1.0 6.80† TDP fraction FAIR

†x0 is derived from the roofline tw/H ratio at the half-saturation batch size: x0 = log2(tw/H0), where H0 is
the KV overhead at the calibration context.

C.2 GPU Generation Comparison

Table 12 lists the hardware parameters behind the generation comparison of Section 5.3, with the
projected H200 and GB200 rows kept in a separate block.

Table 12: GPU generation comparison for Llama-3.1-70B (TP=8, fp16) at 8K context. Power quality:
H100 = HIGH (measured); B200 = FAIR (single anchor, ±15%); H200 and GB200 (‡, separate
block) are projections without an empirical anchor.

GPU TDP (W) Pidle tw (ms) nmax@8K Psat (W) tok/W $/hr tok/$M

H100-SXM5 700 300 6.72 22 367 7.41 32.2 0.30M
B200-SXM 1000 251 2.95 58 606 21.39 64.0 0.73M

H200-SXM‡ 700 300 4.76 44 422 15.58 48.0 0.49M
GB200-NVL‡ 1200 516 2.95 65 755 18.49 80.0 0.63M

C.3 Sensitivity of the B200 Calibration

The B200 calibration fixes k = 1.0 and fits x0 to the measured n=1 point. The resulting half-
saturation point 2x0 ≈ 0.49 lies below one sequence, so every operating point in the paper (n ≥ 1)
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is in the saturated region, where power is anchored by the measured P (1) = 513 W (mean) and
Pnom = 606 W (p95). The extrapolated logistic shape therefore matters little. Table 13 re-fits x0

while sweeping k: P (n=58) and fleet tok/W change by at most 1.2%. Using the measured mean
rather than the p95 active power would increase B200 tok/W by 1.18×, so our choice of the p95
value is conservative.

Table 13: Sensitivity of the B200 calibration to the logistic steepness k. For each k, x0 is re-fitted to
the measured n=1 active power; the fleet tok/W change is relative to k = 1.0.

k x0 P (n=58) Fleet tok/W change

0.5 −2.07 599 W +1.2%
1.0 −1.03 606 W reference
2.0 −0.52 606 W 0.0%

C.4 Evidence Tiers

Table 14 extends Table 6 to every headline number, so that the measured, single-anchor, projected,
simulated, and analytical results can be told apart at a glance.

Table 14: Evidence tier of every headline number.

Result Location Evidence tier and source

1/W exponent for Llama-3.1-70B
on H100 (fitted −0.887, span of
nearly 40×)

Sec. 4.2, Table 1 Measured (HIGH): H100 power fitted to
ML.ENERGY data, fit error < 3%

Exponents for the 1B, 8B, and 32B
models

Table 1 Measured (HIGH): same H100 power cal-
ibration

B200 curve of Figure 1 (a) Fig. 1 Single anchor (FAIR, ±15%): one
8×B200 vLLM run at n=1

Topology gain 2.52× (Azure) and
2.16× (LMSYS)

Sec. 5.2, 5.5 Simulated on measured H100 power; re-
produced in closed form by Eq. (7)

Generation gain 2.05× and com-
bined 5.76× (Azure); 3.83× (LM-
SYS)

Sec. 5.5, Fig. 3 Single anchor (FAIR, ±15%) for B200;
simulated fleet sizing

H200 and GB200 rows Table 12 Projection without empirical anchor
(TDP fraction)

MoE interval (≤ 1× to 5.1×) and
EP estimate (4.7×)

Sec. 5.4, Ta-
bles 4, 5

Analytical: active-parameter bound, cov-
erage model, worked expert-parallel esti-
mate

Prefill dilution (2.32× to 1.16×) Sec. 5.6, Table 9 Analytical: ϕ ≈ 0.03 r for 70B on eight
GPUs

Prefix-reuse shift App. B.5 Analytical: κeff model

D Fleet Configuration and Analyzer Code

D.1 Fleet Configuration

Table 15 lists the fleet configuration behind all fleet-level results in Section 5.

D.2 Closed-Form Fleet Identity and Fleet Composition

Pool i serving output-token rate Ti at per-GPU throughput eiPi needs Ti/(eiPi) GPUs and draws
power Ti/ei. Summing over pools, tok/Wfleet =

∑︁
i Ti/

∑︁
i(Ti/ei) = (

∑︁
i wi/ei)

−1, which is
Eq. (7). With the values of Table 3 (eshort = 8.77 tok/W at 578 W and elong = 1.52 tok/W at 413 W),
the homogeneous 64K fleet needs 1/(elongPlong) = 1.59 × 10−3 GPUs per tok/s, while two-pool
routing at the Azure share α = 0.73 needs α/(eshortPshort) + (1 − α)/(elongPlong) = 5.74 × 10−4.
The routed fleet is thus 2.77× smaller in GPU count at the same token rate, with 25% of its GPUs
in the short pool and 75% in the long pool: the short pool absorbs about 73% of the tokens on a
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Table 15: Fleet configuration underlying all fleet-level results.

Item Configuration

Unit of provisioning One node of 8×H100-SXM5 80GB (or 8×B200-SXM), NVSwitch-
connected at 900 GB/s intra-node

Tensor parallelism One TP=8 group per node; no tensor-parallel traffic crosses the node boundary
Inter-node fabric 400 Gb/s class InfiniBand per node, carrying only ingress routing and teleme-

try (no cross-node TP, no expert parallelism, no KV migration between pools)
Pools Disjoint sets of whole nodes, one context window per pool
Router Stateless and length-based at ingress, splitting on prompt token count with

boundary Bshort and overflow parameter γ; requests exceeding a pool’s win-
dow are admitted to the long pool rather than preempted

Sizing rule ni = ⌈λiLout,i/(ρi Thri)⌉ with ρi ≤ 0.85 imposed by P99 TTFT ≤ 500 ms
under an M/G/c approximation; pools are sized independently and then
summed, which makes Eq. (4) a GPU-count-weighted quantity

Scope Decode-side sizing; a prefill-disaggregated deployment would add a separate
prompt pool

quarter of the hardware, which is the entire content of the topology lever. The GPU-count reduction
(2.77×) exceeds the energy gain (2.52×) because short-pool GPUs run closer to power saturation. At
λ = 1,000 req/s with a mean output length of 200 tokens (an assumption made for this illustration),
this amounts to 115 GPUs, rounded up per pool to 4 short-pool nodes and 11 long-pool nodes (15
nodes, 120 GPUs), against 40 nodes (320 GPUs) for the homogeneous 64K baseline. These are
decode-side sizings; a prefill-disaggregated deployment would add a separate prompt pool.

D.3 Analyzer Code

All fleet tok/W results in this paper use the fleet_tpw_analysis API from
inference-fleet-sim [Chen et al., 2026b]:

from fleet_sim.optimizer.base import fleet_tpw_analysis
result = fleet_tpw_analysis(

pools=[
dict(gpu=H100_80GB, cdf=short_cdf, lam=alpha*lam,

max_ctx=B_short, label="short"),
dict(gpu=H100_80GB, cdf=long_cdf, lam=(1-alpha)*lam,

max_ctx=65536, label="long"),
],
lam_total=lam, t_slo_ms=500.0,

)
print(result.fleet_tpw) # tokens per joule
print(result.fleet_power_kw)

The API accepts any object satisfying the GpuProfile protocol (ManualProfile or
ComputedProfile), making it straightforward to compare the measured H100 profile against B200
or GB200 projections on equal footing. To remove the dependence of the headline topology gains on
this implementation, the repository also includes a standalone script with no fleet_sim import that
evaluates Eq. (7) from per-pool efficiencies and trace token shares.

E Limitations

Only partial empirical validation on B200; none on H200. The B200 results include a direct
low-concurrency serving anchor, but we have not measured the full vLLM power-vs-concurrency
curve on B200, and we have no corresponding serving measurements on H200. We therefore cannot
confirm that the calibrated B200 logistic shape remains correct at higher batch sizes, nor can we
validate the H200 projection. Researchers with access to these platforms should measure and publish
the full P (n) curve to fill this gap.
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Scope of the generalization sweep. The model sweep of Table 1 uses the measured H100 power
calibration throughout. It tests how the exponent transfers across model sizes and parallel degrees;
transfer across accelerators rests on the B200 curve of Figure 1 (a), which carries the FAIR single-
anchor calibration.

Attention variants. The law requires resident KV bytes per sequence to grow linearly with the
window (condition (C1)), which holds for multi-head, grouped-query, and latent attention. Sliding-
window, hybrid local-global, and linear attention violate it; there the exponent approaches 0 and
context-length routing loses its leverage.

Single-node tensor parallelism. All configurations keep one TP group inside one NVLink domain.
Cross-node tensor parallelism breaks condition (C2) (Appendix B.2) and is not modeled.

Analytical MoE values. The MoE interval combines the active-parameter bound, an analytical
expert-coverage model, and a worked expert-parallel estimate. None of them has been measured end
to end, and dispatch overhead and load imbalance remain uncalibrated.

Prefix reuse interaction. Our fleet results do not model prefix caching. Appendix B.5 shows that
reuse preserves the exponent but shifts the curve and the optimal pool boundary, and that it couples
length-based routing to cache affinity; we have not quantified this coupling on production traces.

Two-pool topology only. FleetOpt defines a single split boundary with one overflow parameter. Real
fleets may benefit from three or more pools partitioned by context length, or from content-adaptive
pools that split on semantic class. The multiplicative gain structure suggests finer-grained topologies
could compound further efficiency improvements, but this is not analyzed here.

Static fleet sizing. The analysis assumes a fixed, provisioned fleet. It does not model autoscaling,
spot instances, or GPU sharing. In practice, dynamic scaling changes effective utilization and would
alter the quantitative tok/W values.

Single workload CDF. Each experiment uses one of two traces. Real deployments serve mixed
traffic with time-varying CDFs. The optimal split boundary Bshort and overflow γ∗ would need to be
re-estimated as the workload shifts.

F Future Work

Empirical B200/H200 power calibration. The most immediate follow-on is extending the current
B200 b=1 anchor to a full logistic P (n) sweep and collecting the same data for H200-SXM using
the ML.ENERGY methodology [Chung et al., 2026]. That would upgrade B200 results from FAIR
to HIGH quality and replace the H200 projection.

Prefill-decode disaggregation. Splitwise-style separation [Patel et al., 2024] assigns prefill and
decode to different GPU pools, and Appendix B.4 shows that the decode law then applies exactly
to the decode pool. Combined with context-length routing, this could remove prefill energy from
the output tok/W accounting and unlock further efficiency. Extending the power model to mixed
prefill-decode batches is a natural next step.

Expert-parallel MoE measurement. The coverage model and the expert-parallel estimate of
Section 5.4 should be validated by end-to-end MoE serving measurements that include expert routing,
all-to-all communication, and load imbalance across expert-parallel degrees.

Cache-affinity-aware routing. Prefix reuse couples length-based and affinity-based routing (Ap-
pendix B.5). A joint router that keeps shared-prefix groups together while confining short requests to
short-window pools would capture both the reuse shift and the topology gain.

Multi-pool topology optimization. Extending FleetOpt from two pools to K ≥ 3, potentially with
different context windows and GPU types, could be formulated as a mixed-integer program. The
multiplicative independence result suggests each additional split could compound the topology gain.

Carbon-aware joint optimization. Tok/W does not capture grid carbon intensity or electricity price.
Minimizing $/token or gCO2/token requires accounting for PUE, time-of-day pricing, and grid mix.
The per-GPU power model in this paper provides a natural starting point.

Speculative decoding interaction. Speculative decoding changes the batch-size distribution in the
decode loop, potentially increasing average nact. Whether this improves or degrades tok/W depends
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on the draft model’s power footprint and the verification hit rate, which is still an open problem
within the P (n) framework.

Adaptive topology control. The split boundary is currently fixed offline from a historical CDF.
An online controller that monitors the live request-length distribution and adjusts pool boundaries
dynamically could maintain near-optimal tok/W under distribution shift.

G Ethics Statements

This work studies energy efficiency in large language model inference systems and does not involve
human subjects, user studies, personally identifiable information, or the collection of private data.
The experiments are based on analytical modeling, published measurements, public workload traces,
and simulation. We have aimed to report assumptions, calibration quality, limitations, and uncertainty
transparently, especially for projected hardware results and MoE upper-bound estimates. The
proposed deployment optimizations are intended to reduce energy use and carbon impact, but they
should be applied only in systems that follow appropriate privacy, security, fairness, and misuse-
prevention practices. The authors have reviewed the NeurIPS Code of Ethics and believe this work
conforms to its principles.

H Broader Impacts

This work aims to improve the energy efficiency of large language model inference by identifying
context length, routing topology, hardware generation, and model architecture as key deployment
levers. Its potential positive impacts include reducing the energy cost, carbon footprint, and in-
frastructure burden of LLM serving, thereby making large-scale AI systems more sustainable and
potentially more accessible. More efficient inference may also help operators provision resources
more responsibly and reduce unnecessary overuse of high-power accelerators.

At the same time, improving inference efficiency can lower the cost of deploying LLMs at scale,
which may also amplify harmful or unintended uses such as automated disinformation, spam, fake-
profile generation, surveillance, or other abusive applications. The techniques studied here are
deployment-level optimizations and do not by themselves address fairness, privacy, or security
risks in downstream LLM applications. If used in systems that make or support decisions affecting
individuals or groups, operators should evaluate model behavior for disparate impact and ensure
appropriate human oversight. Deployments should also follow privacy-preserving data handling
practices and include safeguards against misuse, unauthorized access, and adversarial exploitation.
We therefore view the proposed efficiency gains as complementary to, not a substitute for, responsible
model governance and application-specific risk assessment.

I Declaration of LLM Usage

Large language models were used only for language polishing, grammar correction, and improving
the readability and organization of the manuscript. They were not used to generate experimental
results, derive the theoretical claims, implement or run the simulator, create figures or tables, fabricate
references, or make scientific decisions. All technical content, including the law derivation, power-
model calibration, fleet-level simulations, numerical results, and conclusions, was developed and
verified by the authors. The authors remain fully responsible for all content in this paper.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and Section 1 state the claims together with the evidence behind
each headline number (measured H100 power, single-anchor B200 calibration, or analysis),
and Section 5.6 states their scope.
Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Section 5.6 states the scope and the evidence tier of each headline result in the
main text, and Appendix E lists the remaining limitations.
Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: Proposition 1 in Section 4.1 states its assumptions (C1) and (C2) and is
followed by a complete proof; Proposition 2 in Appendix B.2 is stated and proved in the
same way.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Please check Section 3.1, Section 5.1, and Appendix D for the details; the
topology gains can also be reproduced manually from Eq. (7) and the per-pool efficiencies
in Table 3.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide the code, data, and the simulator in the Github repository
https://github.com/BokwaiHo/gpu-fleet-sim and the supplementary materials, in-
cluding a standalone script that reproduces the topology gains without the simulator. The
corresponding instructions for reproducing the experimental results are also accompanied.

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
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