
Findings of the Association for Computational Linguistics: ACL 2026, pages 7443–7464
July 2-7, 2026 ©2026 Association for Computational Linguistics

EOP-LLM: Energy Oriented Pruning for Large Language Models

Guan Huang and Tao Shu†

Department of Computer Science and Software Engineering
Auburn University

Auburn, AL 36849, USA
{gzh0040, tshu}@auburn.edu

Abstract

In deployed large language models (LLMs), in-
ference energy consumption has grown rapidly
and has emerged as a key bottleneck in large-
scale deployment, yet most existing inference
efficiency methods focus on reducing FLOPs or
latency, rather than explicitly modeling or en-
forcing end-to-end inference energy constraints.
We propose EOP-LLM, an energy-oriented dy-
namic pruning framework that enables LLM in-
ference under explicit per-sequence energy bud-
gets. EOP-LLM combines a device-calibrated
energy proxy with lightweight token and feed-
forward (FFN) selectors, coordinated through
a global dual variable, to dynamically allocate
computation while preserving model quality.
Extensive experiments on LLaMA 3.2 (1B/3B)
and LLaMA 3.1 (8B) demonstrate that EOP-
LLM consistently outperforms state-of-the-art
dynamic pruning baselines under matched en-
ergy budgets, while strictly adhering to per-
sequence energy constraints.

1 Introduction
Over the past few years, large language models
(LLMs) have rapidly transitioned from research
prototypes to widely deployed systems supporting
applications such as search engines (Xiong et al.,
2024), virtual assistants (Liang and Tong, 2025),
and enterprise analytics tools (Kumar et al., 2025).
As these deployments expand, their electricity con-
sumption has emerged as a critical challenge. In
2024, U.S. data centers supporting AI workloads
consumed an estimated 183 TWh of electricity,
accounting for more than 4% of national demand;
moreover, this demand is forecast to rise to approxi-
mately 426 TWh by 2030, a level that would exceed
the United Kingdom’s most recent annual electric-
ity consumption (Leppert, 2025; DESNZ, 2025).
Meanwhile, LLM-based services remain far from
saturation. For example, a Pew Research Center
survey reports that only 34% of U.S. adults have
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ever used ChatGPT (Sidoti and McClain, 2025),
indicating that substantial growth in energy con-
sumption from LLM deployment is still ahead.

Recent studies demonstrate that inference in de-
ployed LLM services has already surpassed train-
ing as the dominant and fastest-growing source
of energy consumption (Argerich and Patiño-
Martínez, 2024; Jegham et al., 2025). Unlike train-
ing, which is performed once and amortized over
a model’s lifetime, inference begins the moment
a model is deployed and runs continuously across
large data center fleets, serving massive volumes of
user queries and downstream applications; leading
services now process billions of requests per day
(Niu et al., 2025). As a result, the cumulative en-
ergy cost of inference far exceeds the one-time cost
of training and continues to rise with the growing
scale of LLM usage. Consistent with this trend,
prior work reports that inference accounts for up
to 70% of Meta’s AI power consumption, approx-
imately 60% of Google’s ML energy usage, and
80–90% of AWS’s cloud computing demand (Fer-
nandez et al., 2025; Jin et al., 2025). Therefore,
developing LLM inference mechanisms that can
reduce and control energy consumption while main-
taining reliable, high-quality outputs has become a
critical challenge for practical LLM deployment.

Although inference energy has emerged as a
dominant bottleneck in LLM deployment, most
existing work on LLM inference efficiency still pri-
marily focuses on optimizing FLOPs, rather than
explicitly modeling or regulating inference energy
consumption (Wan et al., 2023; Xiao et al., 2023;
Zhu et al., 2024; Zhou et al., 2024; Liu et al., 2024;
Fang et al., 2025). Broadly, these methods fall
into two categories: static model compression and
dynamic computation. Static model compression
reduces inference cost (FLOPs) by replacing the
original large model with a smaller, fixed surrogate
model. These methods typically prune weights,
channels, or attention heads using activation or gra-
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dient based importance scores, apply post-training
quantization to reduce numerical precision, or dis-
till knowledge from a large teacher into a com-
pact student model (Frantar et al., 2022; Ma et al.,
2023; Zhang et al., 2024; Muralidharan et al., 2024;
Huang et al., 2024; Guo et al., 2025). In con-
trast, dynamic computation methods aim to reduce
FLOPs by tailoring the executed computation to
each input at inference time. Typically, these meth-
ods prune uninformative tokens or key–value (KV)
cache entries, skip layers or attention blocks for in-
puts estimated to require less computation, or gate
attention and feed-forward network (FFN) compo-
nents based on signals derived from intermediate
hidden states (Anagnostidis et al., 2023; Fu et al.,
2024; Le et al., 2025; Long et al., 2025; Tao et al.,
2025; Zhao et al., 2025; Luo et al., 2025).

At first glance, FLOP-driven static and dynamic
methods may appear adequate for reducing infer-
ence energy, since they reduce inference-time com-
putation, and FLOPs are often treated as proxies
for energy. It is therefore natural to expect that
tuning pruning ratios would yield energy-efficient
behavior on a given device. In practice, this intu-
ition does not hold. FLOP reductions correlate only
weakly with actual energy consumption, which also
depends on memory traffic, kernel execution behav-
ior, and other system-level overheads that vary sub-
stantially across layers and token positions (Tian
et al., 2024; Wang et al., 2025). As a result, FLOP-
driven methods cannot reliably translate pruning
decisions into predictable energy savings.

Additionally, practical deployment conditions
further limit the applicability of FLOP-based meth-
ods for reliably reducing inference energy. In
AI data centers, the energy headroom available
to an LLM can shift rapidly due to device, rack,
or cluster-level power caps, co-located workloads,
and thermal throttling, while incoming queries vary
widely in their computational demands (James,
2025; Kearney, 2025). Meanwhile, incoming
queries vary widely in length and computational
difficulty, resulting in substantial per-request varia-
tion in inference energy. Without explicit request-
level energy control, computation is often wasted
on less informative inputs while insufficiently al-
located to more challenging ones, leading to in-
efficient energy utilization and avoidable degra-
dation in model quality. Even worse, on mobile
and other edge platforms, instantaneous power and
thermal limits are substantially more restrictive,
severely constraining per-query computation and

leading to increased latency or even infeasible in-
ference. Clearly, an inference mechanism that can
both reduce inference energy and explicitly respect
per-sequence energy constraints while preserving
model quality is needed.

Orthogonal to FLOP-driven approaches, several
recent works incorporate measured energy into
their method design to reduce runtime energy, ei-
ther by guiding serving-level scheduling decisions
(e.g., device placement and cache management)
or by deriving fixed compressed models offline
(Wang et al., 2025; Tian et al., 2024). However,
these approaches do not provide a model-internal
mechanism for enforcing explicit per-sequence en-
ergy budgets during inference, which is our focus.

In this work, we propose EOP-LLM (Energy-
Oriented Pruning for LLMs), a dynamic inference
framework that treats energy as a primary con-
straint and enforces explicit per-sequence energy
budgets on a given device while maintaining high-
quality outputs. While energy headroom varies
widely across hardware platforms and fluctuates
over time in data centers due to power caps and
co-located workloads, the core of EOP-LLM is a
device-calibrated energy model that predicts the
joule cost of a forward pass as a function of atten-
tion and FFN operations and associated memory
accesses, with hardware-specific coefficients ob-
tained from short on-device power measurement
sweeps. This formulation enables per-sequence
energy-constrained inference, in which each input
is executed subject to an explicit device-level en-
ergy budget. Building on this energy model, EOP-
LLM augments a pretrained decoder-only LLM
with two lightweight selectors that jointly deter-
mine which tokens are processed and how much
FFN capacity is allocated at each layer, explicitly
orienting inference-time computation around per-
sequence energy budgets while preserving output
quality. Specifically, the token selector removes
low-importance token blocks and compacts the
KV cache to reduce attention and memory costs,
whereas the FFN selector chooses layer widths
that best align with learned importance scores un-
der the remaining FFN energy allotment. Across
LLaMA 3.2 (1B/3B) and LLaMA 3.1 (8B) under
varying per-sequence energy budgets, EOP-LLM
consistently outperforms state-of-the-art dynamic
pruning baselines, achieving up to a 7.4% average
accuracy gain on commonsense reasoning at 50%
of dense execution energy, while adhering to the
specified per-sequence budgets.
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2 Problem Statement
We consider a pretrained decoder-only transformer
deployed on a target device q. Let fθ denote the
model with parameters θ and L transformer layers.
We evaluate on a dataset D = {(x(i), y(i))}Ni=1,
where x(i) = (x

(i)
1 , . . . , x

(i)
Pi
) is an input prompt

and y(i) = (y
(i)
1 , . . . , y

(i)
Ti
) is a reference (ground-

truth) continuation. For each sampled pair (x, y),
we write P := |x| and T := |y|, where | · | denotes
sequence length. For evaluation under teacher forc-
ing, the conditional likelihood of a continuation
given a prompt can be defined as:

pθ(y | x) =
T∏
t=1

pθ(yt | x, y<t) , y<t := (y1, . . . , yt−1). (1)

Inference-time execution control. Inference con-
sists of a prefill stage on the prompt x followed
by autoregressive decoding. We use t = 0 to de-
note prefill (with y<0 := ∅) and t ∈ {1, . . . , T} to
denote decoding steps that generate yt. The corre-
sponding prefix length is defined as:

nt :=

{
P, t = 0,

P + t− 1, t ∈ {1, . . . , T}.
(2)

We model inference-time computation control via
the following layerwise execution decisions.

(i) Token retention and KV compaction. For each
layer ℓ and stage t, let Sℓ,t ⊆ {1, . . . , nt} denote
the token positions kept and executed at layer ℓ,
with nkeep

ℓ,t := |Sℓ,t|. Self-attention is computed
on the packed subsequence indexed by Sℓ,t, and
only these tokens are stored in the KV cache for
subsequent decoding.

(ii) FFN width selection. Each layer ℓ has a
position-wise FFN with intermediate width d

(ℓ)
ff

and model hidden dimension d. At step t ∈
{0, 1, . . . , T}, we select a set of active FFN chan-
nels Cℓ,t ⊆ {1, . . . , d(ℓ)ff }, with wkeep

ℓ,t := |Cℓ,t| ∈
Wℓ. This selection determines the effective FFN
width executed at layer ℓ and step t. For standard
two-projection FFNs with weights W ℓ

1 ∈ Rd
(ℓ)
ff ×d

and W ℓ
2 ∈ Rd×d

(ℓ)
ff , this corresponds to slicing

W̃ ℓ
1,t = W ℓ

1 [Cℓ,t, :] and W̃ ℓ
2,t = W ℓ

2 [:, Cℓ,t]. For
gated FFNs (e.g., GeGLU (Raffel et al., 2020) and
SwiGLU (Touvron et al., 2023)), the same Cℓ,t is
applied to all relevant input projections.
Execution policies. These execution decisions are
selected by a policy π ∈ Q that, at each stage
t ∈ {0, 1, . . . , T}, maps the available prefix infor-
mation to layerwise execution choices.
Device-calibrated energy model. We focus on
steady-state inference after warm-up, where model

weights and runtime state reside in GPU memory
or host DRAM, as in modern LLM serving systems
(Kwon et al., 2023; Verma and Vaidya, 2023). In
this setting, we obtain energy measurements on de-
vice q using standard power telemetry interfaces,
including NVML (NVIDIA, 2024) for GPU power
and RAPL (Colmant and Marcuzzi, 2023). for CPU
and DRAM energy, and fit a device-calibrated pre-
dictor Êq that estimates the energy (in Joules) con-
sumed when executing fθ under a policy π. Specifi-
cally, given the execution decisions {Sℓ,t, Cℓ,t} pro-
duced by π, with induced sizes nkeep

ℓ,t = |Sℓ,t| and

wkeep
ℓ,t = |Cℓ,t|, we model the total inference en-

ergy as an additive decomposition across layers
and inference steps:

Êq(x, y;π) =
T∑
t=0

L∑
ℓ=1

Êq,ℓ,t

(
nt, n

keep
ℓ,t , wkeep

ℓ,t

)
+ γq, (3)

where γq captures all execution overheads that are
independent of the execution decisions.
Energy-constrained inference objective. Given
a pretrained model fθ deployed on device q, an
evaluation dataset D, and a per-sequence energy
budget Ebud(x, T ), the goal of EOP-LLM is to
learn an execution policy π ∈ Q that preserves out-
put quality while respecting the energy constraint.
Energy-constrained inference is then formulated as:

min
π∈Q

E(x,y)∼D
[
−

T∑

t=1

log pθ,π(yt | x, y<t)
]

s.t. Êq(x, y;π) ≤ Ebud(x, T ), for all (x, y) ∈ D.
(4)

3 Methods
3.1 Architecture Overview

EOP-LLM is a dynamic inference framework de-
signed to solve the energy-constrained inference
problem in Eq. 4 by explicitly regulating per-
sequence energy consumption during inference,
without retraining or fine-tuning the pretrained
backbone fθ. Specifically, EOP-LLM processes
each input sequence through a sequence of coor-
dinated execution stages. First, given the current
prefix (x, y<t), the framework estimates the energy
cost of candidate execution choices using a device-
calibrated energy predictor Êq. Next, based on this
estimate, EOP-LLM identifies and retains infor-
mative prefix tokens, compacting the KV cache to
reduce attention computation and memory costs.
Then, under the remaining energy budget, EOP-
LLM allocates FFN channels across layers by se-
lecting effective layer widths that best support the
retained tokens. After that, the model executes the
transformer layers using the compacted attention
context and the selected FFN widths, producing the
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next-token distribution. This process is repeated au-
toregressively for subsequent decoding steps. The
pseudocode is provided in Appendix B.
3.2 Device-Calibrated Energy Model
We now instantiate the device-calibrated energy
model Êq(x, y;π) defined in Eq. 3. The key idea is
to model measured joules using memory-traffic and
arithmetic cost terms, enabling explicit accounting
of how token retention and FFN width selection
affect energy consumption.
Blockwise Retention. Rather than making fine-
grained token or channel level decisions, we adopt
a blockwise formulation that groups tokens and
FFN channels into contiguous execution units. This
choice is dictated by GPU execution granularity:
modern GPU kernels operate on fixed-size tiles and
warps, and pruning below this granularity does not
reliably alter kernel execution, as kernels continue
to load full tiles and perform the same memory
accesses (Dao et al., 2022; NVIDIA, 2025). Con-
sequently, fine-grained pruning may mask values
but fails to reduce actual computation or energy
consumption in practice.

Token positions at stage t are partitioned
into contiguous blocks of size B. Let Bt :=
{1, . . . , ⌈nt/B⌉} index the blocks, and let Ib,t :=
{(b−1)B+1, . . . ,min(bB, nt)} denote the token
indices in block b. To make the later execution
policy trainable via gradient-based optimization,
we introduce relaxed token-block execution gates
gℓ,b,t ∈ [0, 1] for each layer ℓ and block b. These
relaxed gates induce a continuous retained length
at layer ℓ and stage t as:

n̄ℓ,t = max
{
min(B,nt),

∑
b∈Bt

|Ib,t| gℓ,b,t
}

, (5)

which ensures that at least one token block is ex-
ecuted. Similarly, the intermediate FFN dimen-
sion d

(ℓ)
ff of layer ℓ is partitioned into contiguous

channel blocks of size G, indexed by Jℓ. Each
block j ∈ Jℓ corresponds to channel indices
Kℓ,j ⊆ {1, . . . , d(ℓ)ff } with |Kℓ,j | = G. To make
the execution policy trainable, we introduce re-
laxed channel-block execution gates mℓ,j,t ∈ [0, 1],
which induce the effective FFN width:

w̄ℓ,t = max
{
min(G, d

(ℓ)
ff ),

∑
j∈Jℓ

|Kℓ,j |mℓ,j,t

}
. (6)

Note that n̄ℓ,t and w̄ℓ,t are continuous surrogates
induced by relaxed gates to enable gradient-based
optimization; at deployment time, execution uses
their hardened counterparts, as described later.
Energy proxy. Given an input (x, y) and an execu-
tion policy π, the induced execution decisions de-
termine the effective token counts and FFN widths

{n̄ℓ,t, w̄ℓ,t}ℓ,t. Accordingly, the total inference en-
ergy (in joules) on device q can be modeled as:

Êq(x, y;π) =
T∑

t=0

L∑

ℓ=1

(
αHBM
q,ℓ Bytesattℓ,t + αMAC

q,ℓ MACatt
ℓ,t

+ βHBM
q,ℓ Bytesffnℓ,t + βMAC

q,ℓ MACffn
ℓ,t

)
+ γq.

(7)

where Bytes
(·)
ℓ,t and MAC

(·)
ℓ,t are functions of n̄ℓ,t

and w̄ℓ,t, and denote the memory traffic and arith-
metic operation counts, respectively, of the atten-
tion and FFN modules at layer ℓ and stage t. The
coefficients {αHBM

q,ℓ , αMAC
q,ℓ , βHBM

q,ℓ , βMAC
q,ℓ , γq} are

trained by regression via short on-device calibra-
tion sweeps based on the measured energy, and the
details are provided in Appendix D.2.

Note that, during KV-cached decoding, only the
newly generated token is executed through the FFN.
Accordingly, we define the executed-token count
(per layer) as:

κ̄ℓ,t :=

{
n̄ℓ,0, t = 0 (prefill),
1, t ∈ {1, . . . , T} (decode).

(8)

The count terms are then expressed in closed form
as functions of the relaxed retained length n̄ℓ,t and
the relaxed effective FFN width w̄ℓ,t:

Bytesattℓ,t = a0,ℓ + a1,ℓ n̄ℓ,t, MACatt
ℓ,t = u1,ℓ 1{t ≥ 1} n̄ℓ,t + u2,ℓ 1{t = 0} n̄2

ℓ,t,

Bytesffnℓ,t = κ̄ℓ,t

(
c0,ℓ + c1,ℓ w̄ℓ,t

)
, MACffn

ℓ,t = v1,ℓ κ̄ℓ,t w̄ℓ,t,
(9)

where a·,ℓ, u·,ℓ, c·,ℓ, v·,ℓ are coefficients related to
the model dimensions of fθ, whose exact defini-
tions and the detailed procedure of determining
their values are provided in Appendix C. The in-
dicator 1{t = 0} captures that quadratic attention
cost arises only during prefill, whereas KV-cached
autoregressive decoding incurs linear attention cost
O(n̄ℓ,t) (Zhao et al., 2024). For notational sim-
plicity, we omit the device index q on intermediate
budget quantities, as we are focusing on device q.

3.3 Token and FFN Selectors
EOP-LLM parameterizes the execution policy π
using two lightweight selectors operating at com-
plementary granularities. At stage t, the token se-
lector produces layerwise token-block scores, and
the FFN selector produces channel-block scores.
These scores quantify relative importance and are
used to derive energy-feasible token retention and
FFN width decisions in subsequent steps.
Token selector. At stage t, given the available
prefix of length nt and the token-block partition
{Ib,t}b∈Bt , we score token-block importance after
a dense warm-up of ℓ0 layers. Let H(ℓ0)

t,i ∈ Rd

denote the hidden state at position i. To this end,
we first summarize each token block by a compact
feature vector:
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ρb,t =
[
meani∈Ib,tH

(ℓ0)
t,i , maxi∈Ib,tH

(ℓ0)
t,i ,

stdi∈Ib,tH
(ℓ0)
t,i , hb,t, posb,t, ωb,t

]
.

(10)

where posb,t encodes the block position, ωb,t is a
detached exponential moving average (EMA) of
block-aligned activations, and hb,t captures local
uncertainty. The uncertainty is defined as:

hb,t = −
1

|Ib,t|
∑

i∈Ib,t

Kunc∑

k=1

p
(k)
t,i log p

(k)
t,i ,

pt,i = softmax
(
WuncH

(ℓ0)
t,i

)
,

(11)

where Wunc is a learned projection head and Kunc

is a small design constant controlling the granular-
ity of the uncertainty estimate.

Because token-block importance is context-
dependent and influenced by neighboring prefix
blocks, we model local block-to-block dependen-
cies along the 1D chain of token blocks Bt using
two rounds of message passing with depthwise
separable dilated 1D convolutions. Let P(0)

t stack
{ρb,t}b∈Bt row-wise. For τ = 0, 1, we compute:

U
(τ)
t = DWConv

(
P(τ)
t ; dilation = Dτ

)
,

P(τ+1)
t = ReLU

(
U

(τ)
t W

(τ)
1×1 + ϑ(τ)

)
,

(12)

where U (τ)
t are aggregated block features, Dτ is the

dilation rate, W (τ)
1×1 is a channel-mixing projection,

and ϑ(τ) is a learned bias vector.
Raw layerwise token-block scores are obtained

by applying a per-layer linear head to the final
features P(2)

t :
sℓ,t = P(2)

t νℓ + ιℓ 1, ℓ ∈ [L], (13)
where sℓ,t stacks {sℓ,b,t}b∈Bt and νℓ, ιℓ are learned
per-layer parameters, and 1 is an all-ones vector.
Such a definition of score is to map the context-
enriched token-block features P(2)

t into scalar im-
portance scores using a minimal affine readout that
preserves monotonic ranking while allowing layer-
specific scaling and bias calibration. In subsequent
steps, these scores are transformed into relaxed
token-block gates {gℓ,b,t}b∈Bt .
FFN selector. To score FFN channel-block
importance, given the channel-block partition
{Kℓ,j}j∈Jℓ

, at stage t, we first form a feature vector
for block j in layer ℓ:

rℓ,j,t =
[ ∥∥W (ℓ)

2 [:,Kℓ,j ]
∥∥
F

∥∥W (ℓ)
1 [Kℓ,j , :]

∥∥
F︸ ︷︷ ︸

static prior

,

EMAt(∥ξℓ,j,t∥2)︸ ︷︷ ︸
activation usage

, EMAt(∥∇ξℓ,j,tL∥2)︸ ︷︷ ︸
Fisher proxy

]
.

(14)

where W
(ℓ)
1 and W

(ℓ)
2 are the FFN projection ma-

trices in layer ℓ, ∥ · ∥F denotes the Frobenius norm,
ξℓ,j,t denotes the FFN intermediate activation re-
stricted to indicesKℓ,j , and L is the teacher-forcing
loss used for selector training.

Raw channel-block scores are computed as:

zℓ,j,t = η⊤ℓ rℓ,j,t, (15)

where ηℓ is a per-layer projection vector. Such a
definition is to convert the multi-signal FFN block
descriptors rℓ,j,t into a single scalar importance
score using a lightweight per-layer linear projection
that preserves relative ranking.

3.4 Budget Coordination and Training
On device q, at stage t, the token selector outputs
token-block scores {sℓ,b,t}L, b∈Bt

ℓ=1 and the FFN se-
lector outputs channel-block scores {zℓ,j,t}L, j∈Jℓ

ℓ=1 .
To enforce a global per-sequence energy budget
on the resulting execution decisions, we convert
these scores into relaxed execution gates {gℓ,b,t}
and {mℓ,j,t} by pricing them with a global dual
variable λ ≥ 0 and device-calibrated marginal en-
ergy costs from the energy proxy in Eq. 7.
Stage budget accounting. To enforce a per-
sequence energy budget during autoregressive in-
ference, we maintain a remaining proxy budget
Erem

t at each stage t. Because the proxy energy Êq

is additive across inference stages, this remaining
budget can be updated incrementally. We account
for the constant overhead once by initializing:

Erem
0 = Ebud(x, T )− γq, Erem

t+1 =
[
Erem

t − Ê
(t)
q (x, y;π)

]
+
, (16)

where [u]+ := max{0, u} and Ê
(t)
q (x, y;π) :=∑L

ℓ=1 Êq,ℓ,t(nt, n̄ℓ,t, w̄ℓ,t). denotes the stage-t en-
ergy under the proxy.
Token gates. We construct energy-oriented token
gates by pricing token retention with the attention-
side marginal energy of the proxy, holding FFN
width fixed and priced separately. For layer ℓ at
stage t, the per-token marginal attention cost is:

∆tok
ℓ,t :=

∂Êatt
q,ℓ,t

∂n̄ℓ,t
= αHBM

q,ℓ a1,ℓ + αMAC
q,ℓ (u1,ℓ 1{t ≥ 1}+ 2u2,ℓ 1{t = 0} n̄ℓ,t) , (17)

where Êatt
q,ℓ,t is defined as:

Êatt
q,ℓ,t := αHBM

q,ℓ Bytesattℓ,t + αMAC
q,ℓ MACatt

ℓ,t and Êatt
q,t :=

∑L
ℓ=1 Ê

att
q,ℓ,t. (18)

Thus block b incurs marginal proxy cost |Ib,t|∆tok
ℓ,t .

Given token-block scores sℓ,b,t, we apply the global
price λ to obtain relaxed gates:
s̃ℓ,b,t = sℓ,b,t − λ |Ib,t|∆tok

ℓ,t ,

gℓ,b,t =
[
σ

(
s̃ℓ,b,t + logφℓ,b,t − log(1− φℓ,b,t)

T

)
(ζ − ϱ) + ϱ

]
[0,1]

.
(19)

Here φℓ,b,t ∼ U(0, 1) (uniform(0, 1)), T > 0 is a
temperature, ϱ and ζ are stretch parameters.
FFN gating. To determine energy-feasible FFN
execution at stage t, we first allocate the residual
budget to FFN computation as follows:

Effn
t =

[
Erem

t − Êatt
q,t

]
+
, (20)
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which constrains the FFN energy that scales
with the effective width. Using Êffn

q,ℓ,t =

βHBM
q,ℓ Bytesffnℓ,t + βMAC

q,ℓ MACffn
ℓ,t , the per-block

FFN marginal cost with block size G is effnℓ,t :=

∂Êffn
q,ℓ,t

∂w̄ℓ,t
·G =

(
βHBM
q,ℓ c1,ℓ+βMAC

q,ℓ v1,ℓ

)
κ̄ℓ,tG, and

we set eℓ,j,t = effnℓ,t for all j ∈ Jℓ. We price channel-
block scores zℓ,j,t via λ to obtain priced scores:

z̃ℓ,j,t = σ(zℓ,j,t − λ eℓ,j,t) ∈ (0, 1). (21)

Because all FFN channel blocks at stage t draw
from the same residual FFN energy budget Effn

t ,
their execution decisions must be coordinated
jointly across layers. Accordingly, we stack z̃t :=
(z̃ℓ,j,t)ℓ,j and et := (eℓ,j,t)ℓ,j , and define the re-
laxed FFN execution gates at stage t as mt :=
(mℓ,j,t)ℓ,j , obtained by solving:

mt = argmin0≤m≤1, e⊤t m≤Effn
t

1
2∥m− z̃t∥22. (22)

Training with a single-contract Lagrangian. Let
πϕ ∈ Q denote the execution policy parameterized
by selector parameters ϕ, with the pretrained back-
bone θ fixed. Under teacher forcing, we train ϕ
under a single per-sequence energy contract using
a global dual price λ ≥ 0:

min
ϕ

max
λ≥0

E(x,y)∼D
[
−

T∑

t=1

log pθ,πϕ
(yt | x, y<t)

+ λ
(
Êq(x, y;πϕ)− Ebud(x, T )

)]
.

(23)

The global dual price is updated by doing stochastic
ascent:

λ←
[
λ+ ηλ

(
Êq(x, y;πϕ)− Ebud(x, T )

)]
+
, (24)

where ηλ > 0 is the dual step size.

3.5 Inference-Time Execution
At inference time, EOP-LLM converts the learned,
energy-priced execution decisions into concrete
token and FFN executions that strictly satisfy a
per-sequence energy budget. Given a request
(x,Ebud(x, T )), execution proceeds stage by stage
while maintaining a remaining proxy budget Erem

t

via the recursion in Eq. 16.
At each stage t, we first check whether any for-

ward progress is feasible under the energy proxy
by computing the minimum execution energy re-
quired at that stage. Let b⋆(t) := ⌈nt/B⌉ de-
note the token block containing the current posi-
tion nt. For token retention, the minimum token-
block set is Bmin

ℓ,t := {b⋆(t)} for all ℓ ∈ [L],
with the corresponding minimum attention en-
ergy Êatt,min

q,t := Êatt
q,t ({Bmin

ℓ,t }Lℓ=1). We also en-
force a minimum FFN width of one channel block
per layer, which defines a minimum FFN energy
Êffn,min

q,t :=
∑L

ℓ=1 e
ffn
ℓ,t . If Erem

t < Êatt,min
q,t +

Êffn,min
q,t , the budget is insufficient, and execution

is terminated.
Token hardening. To convert relaxed token deci-
sions into a concrete, energy-feasible token execu-
tion, we first compute the attention energy planned
by the relaxed token gates, denoted by Eatt,rlx

q,t ,
using Eq. 18 together with the relaxed retained
lengths in Eq. 5. Based on the token-block im-
portance scores {sℓ,b,t}, we then harden the token
gates by retaining higher-scored token blocks sub-
ject to Êatt

q,t ({B̂ℓ,t}Lℓ=1) ≤ Eatt,rlx
q,t , b⋆(t) ∈ B̂ℓ,t,

and B̂ℓ,t ⊆ B̂ℓ−1,t, with B̂0,t := Bt. The resulting
binary token masks are ĝℓ,b,t := 1{b ∈ B̂ℓ,t}.
FFN hardening. Given the hardened token sets,
we compute the resulting proxy attention energy
Êatt

q,t := Êatt
q,t ({B̂ℓ,t}Lℓ=1) and allocate the residual

stage budget to FFN execution: Effn
t =

[
Erem

t −
Êatt

q,t

]
+
. We then harden FFN channel blocks by

constructing a binary mask m̂t ∈ {0, 1}dm , dm :=∑L
ℓ=1 |Jℓ|, based on the importance scores {zℓ,j,t}.

Channel blocks are retained in decreasing order of
these scores until the FFN proxy budget e⊤t m̂t ≤
Effn

t is satisfied. The hardened FFN masks are
given by m̂ℓ,j,t := 1{j ∈ Ĵℓ,t}, where Ĵℓ,t denotes
the selected channel-block indices at layer ℓ.
Execution sets. Based on these binary masks, the
token positions and FFN channels executed at each
layer and stage are given by:

Sℓ,t =
⋃

b: ĝℓ,b,t=1

Ib,t ⊆ {1, . . . , nt},

Cℓ,t =
⋃

j: m̂ℓ,j,t=1

Kℓ,j ⊆ {1, . . . , d(ℓ)ff },
(25)

with the resulting executed sizes nkeep
ℓ,t = |Sℓ,t| and

wkeep
ℓ,t = |Cℓ,t|.

Remark. EOP-LLM operates on standard decoder-
only Transformer components, namely attention
and FFN blocks. Since it does not rely on
architecture-specific assumptions, it can be directly
applied across different decoder-only LLM fami-
lies via the same calibration procedure.

4 Experiments
Models and evaluation. We evaluate EOP-
LLM on three pretrained decoder-only trans-
former models: LLaMA 3.2-1B and LLaMA 3.2-
3B (Meta, 2024b), and LLaMA 3.1-8B (Meta,
2024a). All backbone model parameters are kept
frozen throughout training. To encourage general-
izable pruning behavior, we train the pruning se-
lectors and coordination modules of EOP-LLM on
a 5M-token mixed public corpus comprising 70%
Falcon-RefinedWeb (Penedo et al., 2023), 15% PG-
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Model Method
Ψ = 0.5 Ψ = 0.6 Ψ = 0.7 Ψ = 0.8 Ψ = 1.0

PPL ∆E% PPL ∆E% PPL ∆E% PPL ∆E% PPL ∆E%

LLaMA 3.2-1B

Dense N/A N/A N/A N/A N/A N/A N/A N/A 16.35 0
DCP 550.74 -1.23 220.43 -1.02 32.33 -0.82 22.55 -0.61 16.35 0
PP 133.51 -1.58 85.71 -1.35 26.95 -0.77 19.85 -0.58 16.35 0
Ours (token-only) 510.32 0.39 203.43 0.47 30.14 0.34 20.55 0.32 16.35 0
Ours (FFN-only) 121.76 0.41 73.44 0.52 24.01 0.49 18.49 0.51 16.35 0
Ours 38.07 0.22 20.29 0.23 17.75 0.19 16.93 0.17 16.35 0

LLaMA 3.2-3B

Dense N/A N/A N/A N/A N/A N/A N/A N/A 13.12 0
DCP 292.21 -1.21 171.11 -1.23 26.32 -1.02 17.61 -0.71 13.12 0
PP 91.78 -1.47 53.45 -1.15 22.31 -0.97 15.12 -1.38 13.12 0
Ours (token-only) 270.76 0.49 157.91 0.45 24.54 0.32 16.05 0.35 13.12 0
Ours (FFN-only) 87.48 0.42 49.8 0.48 20.18 0.24 14.78 0.31 13.12 0
Ours 21.26 0.21 15.75 0.22 14.11 0.17 13.22 0.16 13.12 0

LLaMA 3.1-8B

Dense N/A N/A N/A N/A N/A N/A N/A N/A 10.73 0
DCP 266.92 -1.21 148.62 -1.13 22.78 -0.92 14.41 -0.66 10.73 0
PP 75.74 -1.47 47.95 -1.25 18.58 -0.87 13.05 -0.98 10.73 0
Ours (token-only) 247.33 0.49 137.16 0.46 21.24 0.33 13.14 0.34 10.73 0
Ours (FFN-only) 69.82 0.42 43.12 0.35 17.33 0.17 12.73 0.24 10.73 0
Ours 19.42 0.19 13.68 0.16 12.21 0.11 10.82 0.09 10.73 0

Table 1: Average PPL over 3 trials on WikiText-2 (raw) at target ratios Ψ.

Model Method Ψ ∆E% BoolQ PIQA HellaSwag WinoG ARC-c ARC-e OBQA Avg.

LLaMA 3.2-1B

Dense 1.00 0.00 57.77 72.96 55.54 54.38 31.44 49.63 29.80 50.22

DCP 0.60 -1.02 43.46 48.48 39.93 41.12 19.06 29.26 18.60 34.27
PP 0.60 -1.35 51.96 65.94 46.81 48.46 24.75 40.37 23.40 43.10
Ours (token-only) 0.60 0.47 45.41 50.87 40.43 42.62 20.74 31.48 19.60 35.88
Ours (FFN-only) 0.60 0.52 52.45 67.57 47.92 49.49 25.08 41.48 23.80 43.97
Ours 0.60 0.21 55.93 70.13 52.47 54.14 29.43 47.04 27.60 48.11

DCP 0.50 -1.23 38.72 44.18 32.33 38.75 16.72 27.04 16.20 30.56
PP 0.50 -1.58 47.89 60.99 38.52 47.43 22.07 34.07 20.20 38.74
Ours (token-only) 0.50 0.48 38.96 45.81 32.81 39.07 17.06 27.78 16.40 31.13
Ours (FFN-only) 0.50 0.34 49.36 63.49 39.45 47.91 22.41 35.56 21.40 39.94
Ours 0.50 0.22 54.16 69.48 49.11 53.35 27.42 44.81 24.80 46.16

Table 2: Average commonsense accuracy % over 3 trials on seven benchmarks for LLaMA 3.2–1B.

19 (Rae et al., 2019), 10% WikiText-103-raw (Mer-
ity et al., 2016), and 5% StackExchange (Stack
Exchange, Inc., 2024). Following Dynamic Con-
text Pruning (DCP) (Anagnostidis et al., 2023) and
PP (Le et al., 2025), we evaluate perplexity (PPL)
on the WikiText-2-raw (Merity et al., 2016) text
generation task under teacher forcing with a fixed
sequence length of 1024 tokens using the model’s
native tokenizer. In addition, we evaluate accuracy
on standard commonsense reasoning tasks, includ-
ing BoolQ (Clark et al., 2019), PIQA (Bisk et al.,
2020), HellaSwag (Zellers et al., 2019), Wino-
Grande (Sakaguchi et al., 2021), ARC-c and ARC-
e (Clark et al., 2018), and OpenBookQA (Mihaylov
et al., 2018), with all sequences in each batch set

to the length of the longest sample. All our exper-
iments are conducted on a GPU server with 8×
H200. Implementation details and additional ex-
perimental settings are provided in Appendix D.1.
Energy model calibration. Prior to selector train-
ing, we calibrate the device-specific energy proxy
on the target hardware for each evaluated backbone
(LLaMA 3.2-1B/3B and LLaMA 3.1-8B). Calibra-
tion is performed using controlled sweeps of real
forward passes that independently vary token reten-
tion and FFN width, while holding all other execu-
tion dimensions fixed. Measured on-device energy
is used to fit the proxy coefficients via non-negative
ridge regression. The implementation details and
validation results are provided in Appendix D.2.
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Model Method Ψ ∆E% BoolQ PIQA HellaSwag WinoG ARC-c ARC-e OBQA Avg.

LLaMA 3.2-3B

Dense 1.00 0.00 68.81 75.19 65.57 63.69 39.13 58.15 36.80 58.19

DCP 0.60 -1.23 53.82 60.23 49.17 48.15 23.08 38.15 24.20 42.40
PP 0.60 -1.15 61.16 71.93 59.81 58.25 31.44 50.37 30.60 51.94
Ours (token-only) 0.60 0.45 54.83 61.70 50.33 49.41 24.48 39.26 24.80 43.54
Ours (FFN-only) 0.60 0.48 62.91 72.03 60.67 59.75 32.78 51.85 31.80 53.11
Ours 0.60 0.21 66.36 74.21 62.72 63.06 35.45 55.56 34.20 55.94

DCP 0.50 -1.21 49.97 52.71 41.14 45.54 21.41 34.22 20.80 37.97
PP 0.50 -1.47 58.13 66.76 53.34 55.41 27.09 45.56 27.20 47.64
Ours (token-only) 0.50 0.49 51.68 53.68 42.49 46.25 21.75 34.97 21.20 38.86
Ours (FFN-only) 0.50 0.42 59.76 67.74 55.32 57.22 27.76 46.67 28.20 48.95
Ours 0.50 0.23 63.12 73.01 59.87 61.72 30.77 52.22 30.20 52.99

Table 3: Average commonsense accuracy % over 3 trials on seven benchmarks for LLaMA 3.2–3B.

Model Method Ψ ∆E% BoolQ PIQA HellaSwag WinoG ARC-c ARC-e OBQA Avg.

LLaMA 3.1-8B

Dense 1.00 0.00 80.28 78.24 76.18 71.19 46.49 62.59 43.20 65.45

DCP 0.60 -1.13 62.75 64.64 55.27 52.72 27.09 43.33 28.60 47.77
PP 0.60 -1.25 72.72 73.88 66.12 65.11 34.11 54.07 34.40 57.20
Ours (token-only) 0.60 0.46 63.33 65.78 56.28 53.12 27.76 44.44 28.80 48.50
Ours (FFN-only) 0.60 0.35 74.98 74.43 66.77 65.51 35.79 54.81 34.60 58.13
Ours 0.60 0.19 78.29 77.86 72.97 69.06 42.14 59.26 40.20 62.83

DCP 0.50 -1.21 55.47 56.91 43.38 47.36 23.08 35.19 23.40 40.68
PP 0.50 -1.47 68.53 70.13 61.12 59.98 30.43 50.37 30.60 53.02
Ours (token-only) 0.50 0.49 56.36 57.13 44.38 47.75 23.41 37.78 23.80 41.52
Ours (FFN-only) 0.50 0.42 69.82 71.44 62.06 60.22 30.77 50.74 31.20 53.75
Ours 0.50 0.22 74.34 75.14 68.38 65.98 38.13 56.67 36.80 59.35

Table 4: Average commonsense accuracy % over 3 trials on seven benchmarks for LLaMA 3.1–8B

Baselines. Given on-device serving constraints,
where each inference request must satisfy a
fixed per-sequence energy budget Ebud(x, T ),
we compare EOP-LLM against two representa-
tive inference-time dynamic pruning methods:
DCP (Anagnostidis et al., 2023), a token-only dy-
namic pruning method that reduces the effective
attention context by selecting a subset of prefix to-
kens while keeping the model width unchanged,
and PP (Le et al., 2025), a width-only dynamic
pruning method that prunes attention and FFN
channels via probe-based importance estimation
while retaining all tokens. To ensure a fair compar-
ison, we use the official codes of DCP and PP and
follow their default configurations. Since neither
method directly enforces a per-sequence energy
budget during inference, we perform a sweep over
their pruning hyperparameters (e.g., retention or
sparsity levels) and, for each target budget, select
the setting whose measured energy is closest to the
target. Note that we do not include offline fixed

compression methods (e.g., GreenLLM), as these
methods produce fixed models and do not support
enforcing explicit per-sequence energy budgets or
adapting execution at inference time. In addition,
we include dense (no pruning) and two ablated
variants of EOP-LLM to isolate the contribution
of each pruning component: (i) token-only EOP,
which disables FFN width selection and performs
only energy-priced token retention, and (ii) FFN-
only EOP, which retains all tokens and performs
only energy-priced FFN channel-block selection.

Main results. We evaluate all methods under
explicit per-sequence energy budgets parameter-
ized by a target ratio Ψ ∈ (0, 1], where Ψ spec-
ifies the desired budget relative to dense execu-
tion. For each method and target Ψ, we report both
quality and energy-budget adherence, defined as
∆E% := 100 · Ebud−Emeas

Ebud
, where Emeas denotes

the measured end-to-end inference energy. Under
this definition, ∆E% < 0 indicates energy overuse,
while ∆E% > 0 indicates energy underuse.
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We first evaluate zero-shot text generation qual-
ity under energy targets ranging from moderate
to aggressive (Ψ ∈ {0.8, 0.7, 0.6, 0.5}). Table 1
shows that EOP-LLM consistently achieves lower
perplexity than DCP and PP at the same target
Ψ, while maintaining positive energy-budget adher-
ence. At the most aggressive setting Ψ = 0.5, EOP-
LLM substantially outperforms the strongest base-
line (PP), reducing perplexity from 133.51→38.07
(1B), 91.78 → 21.26 (3B), and 75.74 → 19.42
(8B), while remaining within budget with ∆E% =
0.22/0.21/0.19. Note that Enforcing strict budget
adherence (∆E% ≥ 0) for PP and DCP would
require more aggressive pruning and would fur-
ther degrade their quality; accordingly, these base-
lines are evaluated at their closest-energy settings,
allowing small negative ∆E%, which makes the
comparison conservative in their favor. A similar
performance pattern is observed on commonsense
reasoning. As shown in Table 4 and Tables 2 and 3
in Appendix D.3, EOP-LLM consistently outper-
forms PP under the same energy budgets across
all seven benchmarks. At Ψ = 0.5, EOP-LLM
achieves average accuracy gains of 7.42%, 5.35%,
and 6.33% on the 1B, 3B, and 8B models, respec-
tively, while remaining within the target budget.

The consistent gains observed across all evalu-
ated settings are not surprising, given that EOP-
LLM explicitly aligns pruning decisions with de-
vice energy. DCP (token-only) and PP (width-only)
rely on importance signals without accounting for
the layer-wise energy cost of their decisions, and
thus can misallocate computation under a fixed
budget. In contrast, EOP-LLM employs a device-
calibrated, layer-aware energy proxy to jointly de-
cide token retention and FFN width, allocating
computation to the most impactful layers while
satisfying the energy constraint.
Effects of the proposed components. We assess
the contributions of the core components of EOP-
LLM by comparing the full method against token-
only and FFN-only variants under the same energy
budgets. Across both text generation and common-
sense reasoning (Tables 1–3), the full EOP-LLM
achieves the best quality under the same energy
budgets. At the tight budget Ψ = 0.5, the full EOP-
LLM reduces perplexity from 510.32 → 38.07
(token-only) and 121.76→38.07 (FFN-only), and
improves average commonsense accuracy by up to
17.83% and 6.22%, respectively. These results con-
firm that jointly allocating computation between
token retention and FFN width is more effective

than token-only or FFN-only pruning for maximiz-
ing quality under explicit energy constraints.

We further analyze the impact of token block
size B and channel block size G under a fixed
energy budget (Ψ = 0.6). This experiment aims
to examine how execution granularity affects both
budget controllability and downstream reasoning
performance.

Ψ B G ∆E (%) WinoG ARC-c BoolQ

0.6 8 64 0.22 63.06 35.45 66.36
0.6 64 64 0.31 61.17 34.11 63.67
0.6 128 64 0.43 57.14 30.76 59.08
0.6 8 128 0.28 62.98 35.12 65.75
0.6 8 256 0.34 61.96 32.78 65.05

Table 5: Block-size ablation of EOP-LLM at Ψ = 0.6
on LLaMA-3.2-3B. Average accuracy (%) over 3 trials.

As shown in Table 5, increasing either B or G
consistently increases ∆E, indicating weaker bud-
get controllability under coarser execution granu-
larity. The reason is that larger token or channel
blocks increase the minimum energy adjustment
step, so each keep/drop decision changes the real-
ized energy in larger increments, making precise
budget matching more difficult. At the same time,
performance degrades as B or G increases, because
coarser blocks force more computational units to
share a single execution decision, reducing the se-
lector’s ability to preserve fine-grained important
structures.

Beyond the main evaluations, Appendix D.3.2–
D.3.6 reports additional analyses on component
overhead, prefill and decode efficiency, learned
execution behavior, and energy budget adherence.
5 Conclusion
We introduce EOP-LLM, an energy-oriented dy-
namic pruning framework for inference under
explicit energy budget constraints. EOP-LLM
combines a device-calibrated energy proxy with
lightweight token and FFN selectors, coordinated
through a global dual variable, to adapt compu-
tation on a per-sequence basis while preserving
model quality. Extensive experiments demonstrate
that EOP-LLM consistently outperforms state-of-
the-art dynamic pruning methods under matched
energy budgets, without violating the energy bud-
get constraints. Looking ahead, we plan to ex-
tend EOP-LLM to mixture-of-experts architectures
by augmenting the energy proxy to capture expert
routing and sparse execution. More broadly, EOP-
LLM also provides a step toward applying LLMs
to LEO satellite systems (Huang and Shu, 2024,
2025), where energy constraints are fundamental.
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Limitations

While EOP-LLM provides a promising approach
for enabling LLM inference under explicit per-
sequence energy budgets, several limitations war-
rant consideration.

First, EOP-LLM relies on a device-calibrated
energy proxy and auxiliary selectors that are cali-
brated and trained on the target hardware. While
this overhead is substantially smaller than fine-
tuning the backbone model, calibration sweeps may
need to be repeated when kernels or drivers change.
Furthermore, to reduce the risk of proxy underesti-
mation, we adopt a conservative guard margin, but
it can introduce small positive slack and slightly
underutilize the available budget.

For evaluation, we use pretrained decoder-
only LLaMA backbones (LLaMA 3.2 1B/3B and
LLaMA 3.1 8B), which are widely used publicly
available models. Most experiments are conducted
on their base versions rather than instruction-tuned
variants, following prior work (Guo et al., 2025;
Katz et al., 2025). This design choice isolates the
effects of energy-constrained execution from con-
founding factors such as model-specific prompt
templates and system prompts, enabling a more
controlled comparison of model quality under dif-
ferent energy budgets. While EOP-LLM consis-
tently outperforms state-of-the-art dynamic prun-
ing baselines under given energy budgets, we ac-
knowledge that there may still be rooms to improve
the EOP-LLM in specialized LLMs by exploiting
additional conditions of the language models.

We evaluate EOP-LLM on zero-shot text gen-
eration and commonsense reasoning benchmarks
drawn from prior work (Le et al., 2025; Katz et al.,
2025). Future work will extend EOP-LLM to
dialogue-based generation settings (e.g., multi-turn
conversational or instruction-following chat mod-
els), as well as to sequence-to-sequence tasks such
as translation and text summarization.

Ethical Considerations
This work studies energy-constrained inference for
large language models using publicly available
pretrained models and standard benchmarks. It
does not involve human subjects, personal data, or
user interaction. The proposed method modifies
inference-time execution without introducing new
model capabilities. As with any deployment of
language models, downstream applications should
follow established best practices for responsible
and safe use.
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Appendices

A Related Work

A.1 FLOP-oriented LLM Inference Efficiency

FLOP-oriented inference efficiency methods have
emerged as a widely adopted approach for improv-
ing LLM inference efficiency by reducing compu-
tation and latency (Wan et al., 2023; Xiao et al.,
2023; Zhu et al., 2024; Zhou et al., 2024; Liu et al.,
2024; Fang et al., 2025). Existing FLOP-oriented
methods primarily employ two strategies: static
model compression and dynamic computation. (1)
Static model compression methods reduce infer-
ence cost by permanently simplifying the parame-
terization of a pretrained LLM prior to deployment,
resulting in a smaller fixed model executed at in-
ference time. Common techniques include struc-
tured or unstructured pruning of weights, channels,
or attention heads based on activation statistics or
gradient-based importance measures, post-training
quantization to reduce numerical precision while
preserving accuracy, and knowledge distillation
that transfers behavior from a large teacher model
to a compact student. Representative examples in-
clude GPTQ (Frantar et al., 2022), LLM-Pruner
(Ma et al., 2023), LoRAPrune (Zhang et al., 2024),
MINITRON (Muralidharan et al., 2024), SliM-
LLM (Huang et al., 2024), and SlimLLM (Guo
et al., 2025). (2) Dynamic computation methods re-
duce inference cost by adapting the amount of com-
putation executed for each input at inference time.
Prevailing techniques include pruning uninforma-
tive tokens or key–value cache entries to shorten
the effective attention context during decoding, con-
ditionally skipping transformer layers or attention
blocks for inputs assessed to require less compu-
tation, and dynamically gating attention or FFN
components using signals derived from intermedi-
ate hidden states (e.g., activation magnitude, uncer-
tainty, or probe-based importance scores). These
mechanisms tailor the executed computation on a
per-input basis while preserving the original model
structure. Methods in this category include Dy-
namic Context Pruning (DCP) (Anagnostidis et al.,
2023), LazyLLM (Fu et al., 2024), Probe Prun-
ing (Le et al., 2025), SlimInfer (Long et al., 2025),
Saliency-based pruning (Tao et al., 2025), SkipGPT
(Zhao et al., 2025), and DiffSkip (Luo et al., 2025).

Although FLOP-oriented methods provide ef-
fective mechanisms for reducing computation cost
and improving latency, they are not well suited to
the setting we consider, in which each inference
request must satisfy an explicit per-sequence en-
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ergy budget on a given device. First, these methods
do not explicitly model device-level energy con-
sumption. While they reduce arithmetic operations,
actual inference energy also depends on memory
traffic, kernel execution behavior, and other system-
level factors, causing FLOP reductions to translate
inconsistently into energy savings. Second, FLOP-
oriented methods do not enforce per-request en-
ergy constraints during execution. Their pruning or
skipping decisions are instead controlled indirectly
through fixed sparsity or retention hyperparameters,
which cannot adapt to fluctuating energy headroom
or input-dependent variation in computational de-
mand in real-world deployment environments, such
as large-scale data centers or resource-constrained
edge devices.

A.2 Energy-related LLM Inference Efficiency

Energy consumption during LLM inference has re-
cently attracted increasing attention, spanning both
system-level serving optimizations and model-level
efficiency methods, as well as measurement and
benchmarking studies that characterize energy be-
havior under realistic workloads (Fernandez et al.,
2025; Husom et al., 2025; Caravaca et al., 2025;
Wang et al., 2025; Qianli et al., 2025). Existing
energy-related works mainly fall into two groups:
energy-aware serving systems and energy measure-
ment and benchmarking. (1) Energy-aware serving
systems aim to optimize inference energy at the
serving layer by adapting deployment configura-
tions and runtime scheduling decisions, including
request routing, device placement, KV cache man-
agement, and cluster-level resource control under
latency or service-level objectives. Representative
examples in this category include StoreLLM (Wang
et al., 2025), DynamoLLM (Stojkovic et al., 2025),
MELL (Qianli et al., 2025), and Kelle (Xia and
Zhang, 2025). (2) Energy measurement and bench-
marking focus on empirically characterizing infer-
ence energy across models, workloads, hardware
platforms, and serving stacks through instrumenta-
tion and large-scale measurement. Methods in this
category include MELODI (Husom et al., 2024),
MIELLM (Argerich and Patiño-Martínez, 2024),
ECLLM (Fernandez et al., 2025), FPP (Caravaca
et al., 2025), and SLLM (Husom et al., 2025). Be-
yond these two dominant directions, GreenLLM
(Tian et al., 2024) performs offline model com-
pression by using energy measurements to allo-
cate pruning ratios across layers and derive a fixed
pruned model for deployment.

While these works provide valuable advances
in reducing serving energy and improving our em-
pirical understanding of inference energy behav-
ior, their effectiveness is limited for the setting we
consider. Serving-layer methods optimize energy
through deployment and scheduling decisions and
therefore do not provide a model-internal mech-
anism to enforce an explicit per-sequence energy
budget during execution. GreenLLM rely on fixed
compression choices and do not yield a dynamic
execution policy capable of enforcing per-input
energy constraints at inference time. Measure-
ment and benchmarking studies, while essential
for grounding energy claims, primarily diagnose
energy behavior rather than providing mechanisms
for budget-constrained inference.

B Pseudocode for EOP-LLM

Algorithm 1 summarizes the inference-time execu-
tion of EOP-LLM. One additional operation that
warrants clarification is the projection in Eq. 22,
which enforces the shared stage-level FFN energy
budget by projecting the priced scores z̃t onto the
feasible set {m ∈ [0, 1]dm : e⊤t m ≤ Effn

t }. By
the KKT conditions, the resulting solution can be
written in the closed form:

mt =
[
z̃t − µtet

]
[0,1]

, (26)

where [u][0,1] := min{1,max{0, u}} is applied
elementwise and µt ≥ 0 is chosen so that e⊤t mt =
Effn

t when the budget constraint is active (and µt =
0 otherwise).

C Closed-form proxy coefficients.

We instantiate the count terms in Eq. 9 using ten-
sor shapes of layer ℓ and the kernel structure of
a decoder-only transformer. Let d be the hidden
dimension, and let the attention module use h

(ℓ)
q

query heads and h
(ℓ)
kv KV heads (with head dimen-

sion dh := d/h
(ℓ)
q ). The KV vector dimension per

token is
d
(ℓ)
kv := h

(ℓ)
kv dh.

Let bw be the number of bytes per weight element
(e.g., 2 for FP16/BF16) and bkv be the number of
bytes per KV-cache element.

Attention coefficients. Recall that we model
attention-related memory traffic and arithmetic as
Bytesattℓ,t = a0,ℓ+a1,ℓ n̄ℓ,t, MACatt

ℓ,t = u1,ℓ 1{t ≥
1} n̄ℓ,t + u2,ℓ 1{t = 0} n̄2

ℓ,t. where n̄ℓ,t is the re-
tained KV-cache length at layer ℓ and stage t.
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Algorithm 1 EOP-LLM inference-time coordination (relaxation + hardening)

Require: Prompt x, budget Ebud(x, T ), max steps T , backbone fθ, selectors TokSel,FFNSel, dual price
λ, proxy params (α, β, γq), block sizes (B,G).

Ensure: Generated tokens ŷ.
1: ŷ ← ∅
2: Initialize remaining proxy budget Erem

0 ← Ebud(x, T )− γq (Eq. 16)
3: for t = 0, 1, . . . , T do
4: Compute prefix length nt, blocks {Ib,t}b∈Bt , and b⋆(t) = ⌈nt/B⌉ (Sec. 3.2)
5: Bmin

ℓ,t ← {b⋆(t)} for all ℓ ∈ [L] (Sec. 3.5)

6: Êatt,min
q,t ← Êatt

q,t ({Bmin
ℓ,t }Lℓ=1)

7: Êffn,min
q,t ←∑L

ℓ=1 e
ffn
ℓ,t (Sec. 3.5)

8: if Erem
t < Êatt,min

q,t + Êffn,min
q,t then

9: break (insufficient budget to make progress)
10: end if
11: Get token scores {sℓ,b,t} ← TokSel(x, ŷ<t, t) (Eq. 13)
12: Compute ∆tok

ℓ,t and relaxed token gates {gℓ,b,t} (Eqs. 17,19)
13: Compute relaxed retained lengths {n̄ℓ,t} (Eq. 5)
14: Compute planned attention energy Eatt,rlx

q,t from {n̄ℓ,t} (Eqs. 18,9)
15: Effn,rel

t ←
[
Erem

t − Eatt,rlx
q,t

]
+

(Eq. 20)
16: Get channel scores {zℓ,j,t} ← FFNSel(x, ŷ<t, t) (Eq. 15)
17: Form costs et = (eℓ,j,t)ℓ,j and priced scores z̃t = (z̃ℓ,j,t)ℓ,j (Eq. 21)
18: mt ← Project(z̃t, et, E

ffn,rel
t ) (Eq. 22, Alg. 26)

19: {B̂ℓ,t}Lℓ=1 ← HardenTok({sℓ,b,t}, b⋆(t), Eatt,rlx
q,t ) (Sec. 3.5)

20: Eatt,hard
q,t ← Êatt

q,t ({B̂ℓ,t}Lℓ=1)

21: Effn,hard
t ←

[
Erem

t − Eatt,hard
q,t

]
+

22: m̂t ← HardenFFN({zℓ,j,t}, et, Effn,hard
t ) (Sec. 3.5)

23: Build {Sℓ,t, Cℓ,t} from Eq. 25 and execute one stage to obtain ŷt
24: Append ŷt to ŷ; if EOS then break
25: Compute stage proxy energy Ê

(t)
q =

∑L
ℓ=1 Êq,ℓ,t(nt, n

keep
ℓ,t , wkeep

ℓ,t ) (Eq. 16)

26: Erem
t+1 ←

[
Erem

t − Ê
(t)
q

]
+

(Eq. 16)
27: if Erem

t+1 = 0 then
28: break
29: end if
30: end for
31: return ŷ

The coefficient a1,ℓ captures the per-token mem-
ory traffic incurred by reading the retained KV
cache from device memory. For each retained to-
ken, one key vector and one value vector of dimen-
sion d

(ℓ)
kv are accessed.

Note that, in some attention implementations,
the underlying attention kernel requires KV en-
tries to be stored contiguously in memory (e.g.,
FlashAttention (Dao et al., 2022)). When token
pruning produces a non-contiguous set of retained
positions, the resulting KV entries cannot be pro-
cessed directly by such kernels. In such cases, the

retained KV entries are packed into a contiguous
buffer prior to attention computation. Depending
on the attention kernel and runtime implementa-
tion, this packing may be realized either logically,
by operating on a compacted view of the KV cache
without copying data (in-place), or physically, by
explicitly reading and copying the retained KV
entries into a new contiguous buffer (read–copy).
We model the resulting implementation-dependent
memory traffic using a constant χkv, with χkv = 0
for in-place packing and χkv = 1 for read–copy
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implementations. Accordingly, we define

a1,ℓ := 2(1 + χkv) d
(ℓ)
kv bkv, (27)

where bkv denotes the number of bytes per KV
element.

All attention-side memory traffic that is invariant
to the retained KV-cache length is grouped into the
constant term

a0,ℓ := Bytesatt,fixℓ , (28)

where Bytesatt,fixℓ denotes the attention-side mem-
ory traffic at layer ℓ that is independent of token
retention, including query-side activation reads, at-
tention projection weights, output writes, and fixed
kernel or metadata overhead. This quantity is fully
determined by the layer configuration.

For arithmetic cost, we count the dominant op-
erations in scaled dot-product attention, namely
the query–key dot products and the value aggrega-
tion operations used to form the attention output.
At stage t ≥ 1 (KV-cached decoding), attention
is computed for the current query token against
each retained KV position. For each retained po-
sition, this involves (i) a dot product between the
query and key vectors and (ii) a weighted aggre-
gation of the corresponding value vector. Both
operations are performed independently for each
attention head with head dimension dh, and their
costs aggregate across heads. Since h

(ℓ)
q heads are

used and h
(ℓ)
q dh = d, each query–key pair accounts

for d MACs from the query–key dot product and
an additional d MACs from the value aggregation,
for a total of 2d MACs per pair. Accordingly, we
set u1,ℓ := 2d.

During prefill (t = 0), attention is evaluated for
n̄ℓ,0 query tokens against n̄ℓ,0 retained key posi-
tions, producing n̄2

ℓ,0 query–key pairs. For each
query–key pair, scaled dot-product attention exe-
cutes two dominant arithmetic steps: (i) computing
the inner product between the query and key vec-
tors, and (ii) multiplying the resulting attention
weight with the corresponding value vector and ac-
cumulating the result into the output. Both steps
are performed independently for each of the h

(ℓ)
q

attention heads, each operating on vectors of dimen-
sion dh. Aggregating across heads, the query–key
inner product accounts for h(ℓ)q dh = d MACs per
pair, and the value aggregation accounts for an ad-
ditional d MACs per pair. Thus, each query–key
pair incurs 2d MACs, and we set u2,ℓ := 2d.

FFN coefficients. Recall that we model
FFN-related memory traffic and arithmetic as
Bytesffnℓ,t = κ̄ℓ,t

(
c0,ℓ + c1,ℓ w̄ℓ,t

)
. MACffn

ℓ,t =

v1,ℓ κ̄ℓ,t w̄ℓ,t, where κ̄ℓ,t denotes the number of exe-
cuted tokens at stage t and w̄ℓ,t is the retained FFN
width at layer ℓ.

We next define the coefficient v1,ℓ, which cap-
tures the per-channel arithmetic cost (here, we
count only the dominant operations in the FFN,
namely the matrix–vector products in the linear
projections). For a single token, the FFN maps the
d-dimensional input activation through a set of lin-
ear projections that produce intermediate channels,
followed by a linear projection back to dimension d.
Specifically, for each active intermediate channel,
the FFN performs: (i) one dot product of dimension
d for each input-side projection that generates that
channel, and (ii) one dot product of dimension d
in the output projection that maps the intermediate
activation back to the model dimension.

Let εℓ denote the number of input-side projec-
tions at layer ℓ. For a standard FFN with a single ex-
pansion projection (e.g., FFN(x) = ϕ(xW1)W2),
we have εℓ = 1. For gated FFNs such as SwiGLU
or GeGLU (e.g., FFN(x) = ϕ(xW1)⊙(xW2)W3),
two separate input-side projections are applied to
the same d-dimensional input, so εℓ = 2.

Since each input-side projection involves d
MACs per channel, and the output projection in-
volves an additional d MACs per channel, the total
arithmetic cost per active FFN channel is (εℓ +1)d
MACs, and we have:

v1,ℓ := (εℓ + 1) d. (29)

The coefficient c1,ℓ captures the FFN memory traf-
fic that scales with the number of active interme-
diate channels. Similarly, for each active channel,
the FFN reads a d-dimensional weight vector from
each input-side projection and a d-dimensional
weight vector from the output projection. Thus,
(εℓ + 1)d weight elements are read per active chan-
nel, and we set:

c1,ℓ := (εℓ + 1) d bw, (30)

where bw denotes the number of bytes per weight
element.

All FFN-related memory traffic that is indepen-
dent of the effective FFN width is grouped into the
constant term:

c0,ℓ := Bytesffn,fixℓ , (31)
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where Bytesffn,fixℓ denotes the FFN-side memory
traffic at layer ℓ that is independent of the retained
FFN width. This includes, for each executed token,
reading the d-dimensional input activation, writing
the d-dimensional FFN output activation, accessing
bias parameters, and any fixed kernel or runtime
metadata required for FFN execution. The value of
Bytesffn,fixℓ is fully determined by the layer config-
uration.

D Experimental Supplements

D.1 Implementation Details
Training details. All experiments were con-
ducted on a server equipped with 2× Intel Xeon
Platinum 8570 CPUs (112 physical cores and 224
threads total), approximately 2 TB of DDR5 sys-
tem memory, with 8× NVIDIA H200 SXM5 GPUs.
Computation employed PyTorch automatic mixed
precision with bfloat16. Training is performed for
2 epochs with batch size (bs) 8. Token pruning is
applied at a block granularity of B = 8 tokens, and
FFN pruning is applied at a channel-block gran-
ularity of G = 64 channels. Optimization uses
AdamW with learning rates 1 × 10−4 for the to-
ken selector and 3 × 10−4 for the FFN selector,
weight decay 0.01 applied to non-bias parameters,
betas (0.9, 0.95), and ϵ = 10−8. The global dual
variable λ is updated with learning rate 5× 10−3

and clipped to a maximum value of 20. Selector
relaxation parameters are fixed across all experi-
ments, with temperature T = 1, stretch parameters
ϱ = −0.1 and ζ = 1.1. To train selectors that
remain stable under different energy constraints,
we employ sandwich training with S = 3 energy
budgets per mini-batch. For each mini-batch, we
evaluate the model three times under distinct en-
ergy constraints: (i) a minimum budget Amin =
rminEdense(x) with rmin ∼ U(0.15, 0.35); (ii) a
maximum budget Amax = rmaxEdense(x) with
rmax ∼ U(0.75, 1.0); and (iii) a midpoint budget
Amid = 1

2(Amin + Amax). The same inputs are
used for all three budgets, and the resulting losses
are averaged before a single parameter update.

Evaluation data and splits. Unless otherwise
specified, we evaluate perplexity on fixed-length
sequences of length 1024 from WikiText-2-raw un-
der teacher forcing. WikiText-2-raw is used ex-
clusively for evaluation. No model parameters,
pruning policies, or execution strategies are tuned
on this dataset. For commonsense reasoning bench-
marks (BoolQ, PIQA, HellaSwag, WinoGrande,

ARC-Easy, ARC-Challenge, and OpenBookQA),
we report accuracy on their publicly available vali-
dation splits, following standard evaluation proto-
cols used in prior work (Anagnostidis et al., 2023;
Le et al., 2025; Guo et al., 2025).

D.2 Energy Model Calibration Details
We provide calibration details for LLaMA 3.2-3B
as a representative example; the same procedure
is applied independently to LLaMA 3.2-1B and
LLaMA 3.1-8B on the same target device.
Calibration sweeps. Calibration is performed us-
ing controlled sweeps of real forward passes, in
which exactly one execution variable (token reten-
tion or FFN width) is varied while all other archi-
tectural and execution parameters are kept dense
and unchanged.
Scenario A: token retention sweep. We
measure the relationship between token reten-
tion and inference energy by executing con-
trolled forward passes of the LLaMA-3.2-3B
model with different degrees of token com-
paction. For each dense sequence length
Z ∈ {128, 256, 384, 512, 768, 1024, 1536, 2048,
3072, 4096, 6144, 8192, 12288, 16384}, we con-
struct packed inputs by retaining exactly Ktok to-
ken blocks of size B, resulting in an executed
length Zkeep = BKtok. We vary Ktok over a wide
range, from aggressive token pruning (Zkeep/Z =
0.05) to the dense case, with evenly spaced inter-
mediate keep ratios.
Scenario B: FFN width sweep. We fix Z = 2048
with full token retention (Zkeep = 2048) and vary
the FFN width in one layer at a time. Let G = 64
be the channel-block size and let J = dff/G
denote the total number of FFN channel blocks
per layer (for LLaMA 3.2–3B, dff = 8192
so J = 128). For each layer ℓ, we sweep an
explicit set of retained block counts Kffn,ℓ ∈
{1, 2, 3, 4, 6, 8, 12, 16, 20, 24, 28, 32, 36, 40, 44,
48, 56, 64, 72, 80, 96, 112, 128}, implemented by
passing normalized levels Kffn,ℓ/J to the sweep
routine. At each sweep point, only layer ℓ uses
the reduced width Wvar = GKffn,ℓ, while all other
layers keep dense FFNs.
Energy measurement protocol We measure end-
to-end inference energy consumption on device q
using standard power telemetry interfaces. GPU
power is obtained via NVML, while CPU and
DRAM energy are measured using RAPL; together,
these signals capture the total device energy con-
sumed during execution. For each sweep config-
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uration, we first run warm-up forward passes and
discard their measurements to stabilize kernel au-
totuning, memory residency, and caching effects.
We then execute three measured forward passes
and report the average to mitigate telemetry noise.
During execution, power is sampled at 250Hz and
numerically integrated over the duration of each
forward pass to obtain energy in Joules.
Coefficient fitting via nonnegative ridge regres-
sion. With Eq. 7, we theoretically model the end-to-
end inference energy on device q using analytically
computed memory-traffic and arithmetic-operation
counts, together with device-specific energy coef-
ficients. We then adopt a regression approach to
estimate these coefficients using on-device energy
measurements collected over a short calibration
sweep, in which we vary execution configurations
and record the corresponding end-to-end inference
energy.

For notational convenience, we index each
calibration sweep configuration by i and write
Êq(i; Θq) to denote the model-predicted energy
under that configuration. The objective is to find
the optimal coefficient values that minimize the
discrepancy between the model predicted energy
Êq(i; Θq) and the measured energy Ei across all
sweep points, which is formulated as:

min
Θq

1

2

∑

i

∥∥Êq(i; Θq)− Ei
∥∥2
2
+

λc

2
∥Θq∥22, (32)

where Θq denotes the model coefficients
{αHBM

q,ℓ , αMAC
q,ℓ , βHBM

q,ℓ , βMAC
q,ℓ , γq}, and λc is a

small regularization parameter used for numerical
stability.
Validation. We validate the calibrated energy
model by comparing its predictions with measured
end-to-end inference energy across the full cali-
bration sweep. Figure 1 plots predicted versus
measured energy for each calibration run of the
LLaMA-3.2-3B model

We summarize prediction accuracy using the
coefficient of determination (R2) and a weighted
relative error metric. Given measured energy yi
and proxy prediction ŷi, the coefficient of determi-
nation is defined as:

R2 = 1−
∑

i(ŷi − yi)
2

∑
i(yi − ȳ)2

, (33)

where ȳ denotes the mean of the measured ener-
gies. Because configurations with higher energy

consumption contribute more to total inference en-
ergy, treating all configurations equally would un-
deremphasize errors in high-energy regimes; there-
fore, we further evaluate proxy accuracy using an
energy-weighted relative error, defined as

WRE =
∑

iwi
|ŷi−yi|

yi
, wi =

yi∑
j yj

. (34)

Across 3071 calibration samples, the proxy
achieves an R2 of 0.9982 and a weighted relative er-
ror of 1.99%, demonstrating accurate modeling of
device energy over the operating regimes relevant
to inference.

Figure 1: Overall energy calibration: predicted versus
measured energy (LLaMA 3.2–3B).

We further examine the token-retention sweep
(Scenario A) by plotting measured energy as a
function of the token keep fraction for multiple
sequence lengths, as shown in Figure 2. For each
fixed Z , energy increases monotonically with the
retained length Zkeep, while curves correspond-
ing to different Z separate cleanly, reflecting in-
creased attention computation and KV-cache traf-
fic. This predictable dependence on token reten-
tion confirms that the proxy correctly captures the
attention-related compute and memory contribu-
tions to energy.

Figure 2: Scenario A (token retention): measured en-
ergy versus token keep fraction across sequence lengths
(LLaMA 3.2–3B).

We next examine the FFN width sweep (Sce-
nario B) to validate the FFN-side terms of the en-
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ergy proxy. In this evaluation, the FFN width is
varied in one layer at a time while all other layers
execute with dense FFNs. Figure 3 plots measured
energy as a function of the effective FFN width
Wvar, with values averaged over all layers and re-
peated runs that share the same Wvar. As shown
in this figure, energy increases monotonically with
Wvar and follows an approximately linear trend.
This behavior demonstrates that changes in FFN
width at a single layer lead to approximately pro-
portional changes in total energy, confirming the
linear scaling behavior captured by the FFN arith-
metic and memory components of the energy proxy.

Figure 3: Scenario B (FFN width): measured energy
versus effective FFN width (LLaMA 3.2–3B).

Guard margin for conservative energy enforce-
ment. While the calibrated proxy closely matches
measured end-to-end inference energy, small resid-
ual discrepancies remain due to finite calibration
coverage and measurement noise. To ensure con-
servative budget enforcement under such residual
errors, we introduce an explicit guard margin into
the energy proxy. Let Ê(x) denote the calibrated
proxy prediction for input x. We define the guarded
proxy as:

Êguard(x) = Ê(x) + δ, (35)

where the guard margin δ is computed from all
calibration sweep configurations as

δ =
[
max
i∈Ccal

(
yi − Ê(xi)

)]
+
. (36)

Here Ccal denotes the set of all calibration sam-
ples collected across the token-retention and FFN-
width sweeps described above. All per-sequence
energy budgets during training and inference are en-
forced using the guarded proxy Êguard. As a result,
execution policies that satisfy the guarded proxy

constraint also satisfy the corresponding device-
level energy budget within the calibrated operat-
ing regime. This conservative enforcement is also
empirically verified in Section Energy Budget Ad-
herence Distribution, which shows no device-level
budget violations.

D.3 Additional experiment results
D.3.1 GSM8K Evaluation under Full

Autoregressive Decoding
We evaluate EOP-LLM on GSM8K using LLaMA-
3.2-3B-Instruct (bf16) under full autoregressive de-
coding. Specifically, we format inputs using the of-
ficial HuggingFace chat template for LLaMA-3.2-
Instruct, where each problem is presented as a user
message and the model is instructed to reason step
by step before producing the final answer. Decod-
ing uses greedy search with max_new_tokens =
512. We evaluate on the official GSM8K validation
set (1,319 problems) in a no teacher forcing setting,
meaning each next token is conditioned solely on
the model’s previously generated tokens. Dense
and EOP-LLM use identical prompts and decoding
configurations to ensure a controlled comparison.
We enforce explicit energy budgets Ψ ∈ {0.6, 0.5}
on the total energy consumed during each com-
plete generation. In Table 6, we report accuracy
(ACC), the average number of generated tokens
(Avg. Tokens), and the energy-budget adherence
∆E to evaluate reasoning performance, variable-
length behavior, and strict budget adherence under
full autoregressive decoding.

As shown in Table 6, these results demonstrate
that EOP-LLM maintains stable reasoning perfor-
mance under free-form autoregressive decoding
with instruction-following prompts and variable-
length outputs, while strictly satisfying given en-
ergy budgets.

Method Ψ ACC Avg. Tokens ∆E (%)

Dense 1.0 76.27 208.39 0.00
EOP-LLM 0.6 70.13 132.41 0.22
EOP-LLM 0.5 65.96 113.73 0.19

Table 6: Average accuracy (%) over 3 trials on GSM8K
using LLaMA-3.2-3B.

D.3.2 Parameters of EOP-LLM Components
As summarized in Table 7, we report the trainable
parameter overhead introduced by the auxiliary
components of EOP-LLM relative to the frozen
backbone. Note that, the gating and hardening
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Model Token selector FFN selector Energy proxy Total learned % backbone

1B 0.850M 32 177 0.850M 0.085%
3B 1.263M 56 309 1.264M 0.042%
8B 1.685M 64 353 1.686M 0.021%

Table 7: Trainable parameters overhead of EOP-LLM components.

procedures used to enforce energy budgets are al-
gorithmic and introduce no additional trainable pa-
rameters.

Token selector Parameters. The token selec-
tor is implemented as a compact neural network.
Across all model sizes, the token selector contains
approximately 0.85–1.69M parameters, scaling lin-
early with the backbone hidden dimension and re-
maining below 0.1% of the backbone parameters.

FFN selector Parameters. The FFN selector
scores FFN channel blocks using a per-layer lin-
ear map applied to a fixed, low-dimensional block
feature vector. Consequently, the FFN selector in-
troduces a small number of trainable parameters
that scale linearly with the number of layers, total-
ing 32, 56, and 64 parameters for the 1B, 3B, and
8B models, respectively.

Energy proxy parameters. The energy proxy
is parameterized by a set of non-negative scalar
coefficients estimated via ridge regression during
calibration. The number of proxy parameters scales
with model size, totaling 177, 309, and 353 coeffi-
cients for the 1B, 3B, and 8B models, respectively.

D.3.3 Energy Overhead of Pruning
Components

We measure the energy overhead introduced by the
pruning components using a controlled two-setting
comparison. First, we perform standard dense in-
ference using the pretrained backbone alone and
record the end-to-end inference energy consump-
tion. Second, we enable all pruning components
(selectors, coordination, and hardening) while fix-
ing all execution gates to one, ensuring that all
tokens and FFN channels are executed and that no
physical pruning occurs, and record the correspond-
ing end-to-end inference energy consumption. The
difference between these two measurements iso-
lates the energy overhead attributable solely to
the pruning logic. We conduct this evaluation
on LLaMA 3.2–3B as a representative model and
measure energy after warm-up over a fixed end-

to-end inference workload with sequence length
2048. The workload uses fixed subsequences ex-
tracted from the WikiText-2 (raw) test split. As
shown in Table 8, the pruning components intro-
duce an average overhead of 44.5 J, corresponding
to 1.14%± 0.20% of dense execution energy.

D.3.4 Prefill and Decode Efficiency
We evaluate prefill and decoding efficiency on
LLaMA 3.2–3B under a target ratio Ψ = 0.6 us-
ing sequences of length 1024 and reporting end-to-
end measured latency. All methods are evaluated
on the WikiText-2-raw test split, using the same
fixed evaluation prompts. Each measurement is re-
peated 10 times, and reported values are averaged
over runs. Prefill latency measures the wall-clock
time to process the full prompt and construct the
corresponding KV cache. Decode latency is re-
ported as seconds per decoding step with batch size
bs = 8, where each step generates one new token
per sequence using KV caching; the corresponding
throughput is reported in tokens/s. As shown in Ta-
ble 9, EOP-LLM reduces prefill latency to 0.557s,
achieving a 1.46× speedup. At the same target ra-
tio Ψ = 0.6, DCP and PP reduce prefill latency to
0.572s (1.42×) and 0.667s (1.22×), respectively.
This improvement occurs because pruning deci-
sions in EOP-LLM are applied during prefill, re-
ducing both attention and FFN computation. In
contrast, DCP prunes tokens while keeping the full
FFN width, and PP incurs additional overhead from
probe-based width estimation, limiting their prefill
efficiency. During decoding, EOP-LLM achieves
4075.81 tokens/s (1.53× speedup), outperforming
DCP (3970.22 tokens/s, 1.49×) and PP (4014.45
tokens/s, 1.51×). Note that although PP applies a
fixed pruned subnetwork during decoding without
probe overhead, it retains the full token sequence,
so attention-side costs continue to scale with the
number of tokens, limiting decode efficiency.

D.3.5 Layer-Wise Execution Patterns under
Energy Budgets

Using LLaMA 3.2–3B as a representative back-
bone, Figures 4 and 5 visualize the layer-wise exe-

7462



Model Setting Mean Energy (J) Overhead (J) Overhead (%)

LLaMA 3.2-3B Dense (backbone only) 3897.2± 5.11 – –
LLaMA 3.2-3B Dense + pruning components (inactive) 3941.7± 6.09 44.5± 7.95 1.14± 0.20

Table 8: Energy overhead of pruning components on LLaMA 3.2-3B after warm-up. Energy is measured on a fixed
end-to-end workload with full FFN width (Wvar = 8192) and sequence length 2048; values are reported as mean ±
standard deviation over 5 repeated runs.

Model Method Ψ ∆E% Prefill (s) Decode (s/step, bs=8) Tokens/s Prefill Speedup Decode Speedup

3B Dense 0.0 0.00 0.812 0.003011 2656.92 1.00 1.00
3B PP 0.6 0.97 0.667 0.001993 4014.45 1.22 1.51
3B DCP 0.6 1.01 0.572 0.002015 3970.22 1.42 1.49
3B Ours 0.6 0.23 0.557 0.001963 4075.81 1.46 1.53

Table 9: Prefill and decode efficiency of LLaMA 3.2–3B under target ratio Ψ. Speedups are relative to the dense
model and averaged over 10 runs.

Figure 4: Layer-wise token execution under energy bud-
gets. Heatmap shows the average fraction of executed
tokens at each transformer layer ℓ for target energy bud-
gets Ψ ∈ {0.5, 0.6, 0.8}.

Figure 5: Layer-wise FFN execution under energy bud-
gets. Heatmap shows the average fraction of executed
FFN channels at each transformer layer ℓ for target en-
ergy budgets Ψ ∈ {0.5, 0.6, 0.8}.

cution behavior of EOP-LLM under different tar-
get energy budgets. The results are computed over
the entire WikiText-2-raw test split with sequence
length 1024. Each cell reports the average frac-
tion of executed tokens (Figure 4) or executed FFN
channels (Figure 5) at layer ℓ, averaged across the
full inference workload, including prefill and all

autoregressive decoding steps. As the target budget
tightens, execution decreases monotonically across
layers, indicating that the learned policy enforces
the specified energy constraints. Importantly, exe-
cution is not uniform across depth. Early and late
layers are consistently preserved, whereas middle
layers are pruned more aggressively. These results
suggest that EOP-LLM learns depth-dependent ex-
ecution policies.

Figure 6: Budget adherence distribution (CDF). CDF of
per-sequence budget slack ∆E (%) on LLaMA 3.2–3B
at Ψ = 0.6 (WikiText-2-raw, sequence length 1024).

D.3.6 Energy Budget Adherence Distribution
We analyze per-sequence energy budget adher-
ence on LLaMA 3.2–3B as a representative back-
bone under the target budget Ψ = 0.6. Fig-
ures 6 and 7 present the CDF and histogram of
the budget slack ∆E(%) computed over 30,000 se-
quences from WikiText-2-raw. All measurements
are obtained from full end-to-end inference, in-
cluding both prefill and autoregressive decoding
under teacher forcing with sequence length 1024.
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Figure 7: Budget adherence distribution (histogram).
Histogram of per-sequence budget slack ∆E (%) on
LLaMA 3.2–3B at Ψ = 0.6 (WikiText-2-raw, sequence
length 1024).

Across all evaluated sequences, the target energy
constraint is satisfied, with no observed violations
(Pr[∆E < 0] = 0). This observation is expected,
as during both policy training and inference the
execution policy is constrained using a guarded en-
ergy proxy that enforces the budget conservatively
to account for residual proxy error and device-level
measurement noise. Consequently, the learned pol-
icy under-utilizes the target budget slightly.
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