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Abstract

While the massive scale of modern LLMs
enables remarkable performance, their static,
input-agnostic computational graph incurs sub-
stantial resource wastage and high latency dur-
ing inference. Existing dynamic schemes, such
as early-exit and layer-drop reduce FLOPs but
break batch processing or introduce KV-cache
inconsistency. We propose Deputy, a dynamic
low-rank substitution framework that employs
a lightweight decision module at each layer to
dynamically determine the execution branch
for different tokens: Attention layers choose
between full and low-rank computation to miti-
gate the KV cache issue, while FFN layers addi-
tionally support skipping to further reduce com-
putation. We fine-tune the LLM with LoRA
and then derive an additional low-rank matrix
C via a least-squares fit BC ~ W, where B
is the shared LoRA matrix, so that only one
extra low-rank matrix is introduced, effectively
reducing memory overhead. Moreover, a hy-
brid KV cache strategy stores KV values gener-
ated by the low-rank branch, achieving a 38%
reduction in cache storage. Experiments on
Llama models demonstrate that Deputy reduces
computation by approximately 40% compared
to the original dense model while outperform-
ing existing baseline methods. The code is
available at https://github.com/yuh
ua-zhou/Deputy.

1 Introduction

Recent advances in large language models (LLMs)
have led to remarkable improvements in various
text understanding and generation tasks (Chang
et al., 2024; Zhou et al., 2025b, 2026b,a; Gao et al.,
2025a,b,c). Despite these successes, the growing
scale of LLMs, often containing billions of param-
eters, poses significant challenges in terms of com-
putational cost and memory footprint during infer-
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Figure 1: (a) Vanilla model executes full computation;
(b) Skip-based model selectively skips some computa-
tion; (c) Deputy selectively light-weight computation.

ence. To address this issue, numerous model com-
pression techniques have been proposed, including
quantization (Yang et al., 2023; Yao et al., 2024;
Zhou et al., 2024), knowledge distillation (Wang
et al., 2023; Li et al., 2024), and pruning (Ma et al.,
2023; Kim et al., 2024; Zhou et al., 2025a). How-
ever, such static compression approaches typically
cause model performance degradation and com-
promise generalizability across tasks of varying
complexity.

To mitigate these drawbacks, recent work has fo-
cused on conditional computation methods that se-
lectively activate only a subset of parameters based
on the inputs, so as to decrease computational cost
and preserve model performance. Methods such
as early-exiting (Elhoushi et al., 2024) or selec-
tive layer-dropping (Fan et al., 2024; Raposo et al.,
2024) have shown promising results, but they suffer
from the problematic “KV cache miss” issue and
batch process problem. They proposed that copy-
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Figure 2: Left: Normalized average singular values. Middle: Cosine similarity (low-rank). Right: PPL performance

under skip/low-rank execution on layer groups.

ing the KV caches from earlier layers (Schuster
et al., 2022), evict (Jiang et al., 2024), or recompu-
tation (Chen et al., 2024) to solve these issues, but
inevitably risk losing valuable contextual informa-
tion or introducing recomputation latency. Besides,
attempts such as skipping only the Feed-Forward
Network (FFN) layers will ignore the speedup po-
tential gained from skipping part of the attention
computation. Consequently, further optimization
is required to achieve efficient LLM inference.

Low-rank approximation (Hsu et al., 2022; Li
et al., 2023; Lv et al., 2023) offers another avenue
for model compression. This technique signifi-
cantly reduces computational overhead while main-
taining the intrinsic dimension (Hu et al., 2022)
and information of the original parameters. Com-
pared to directly skipping layers, low-rank factor-
ization can provide a more balanced solution: it
reduces computation without sacrificing contextual
information, while storing the low-rank KV values
as the KV cache, thereby avoiding the KV cache
issues introduced by layer skipping and improv-
ing performance (Section 3). However, designing
an approach to dynamic low-rank approximation
has two technical challenges: (1) Token Selection:
How to select which tokens should be executed by
the low-rank branch. (2) Overhead Management:
how to mitigate the performance degradation and
memory overhead introduced by additional low-
rank weights.

In this paper, we introduce Deputy, a novel
framework that introduces a new low-rank execu-
tion branch and dynamically selects a different ex-
ecution branch for each token. To address the first
challenge, we design separate decision modules
for Attention and FFN layers in each Transformer
block to provide an optimal execution branch for
each token: (1) Full-Parameters branch executed
with the pre-trained weights; (2) Low-Rank branch
employs two low-rank weights to approximate the

pre-trained weight; (3) SKkipping branch skips the
computation (FFN layers only). To tackle the sec-
ond challenge, we finetune the LLM with LoRA
(Hu et al., 2022). Afterwards, we apply a Least
Squares Estimation (LSE) technique to compute a
matrix C' that, together with B, approximates the
pre-trained weights as BC ~ W,.. This strategy
allows us to introduce only one additional matrix,
C, minimizing memory overhead and preserving
efficiency. Additionally, we design a hybrid KV
cache strategy, where KV cache would be stored as
a low-rank value to reduce the storage footprint.

We validate the effectiveness of Deputy using
Llama-based models across diverse zero-shot tasks.
Our results demonstrate that Deputy achieves su-
perior accuracy, perplexity, and FLOPs reduction
compared to baseline methods. Moreover, when
utilizing the proposed hybrid KV cache method,
Deputy can reduce storage overhead by an aver-
age of 38%. In summary, our contributions are as
follows:

* We propose Deputy, a dynamic inference
framework that adaptively routes tokens to
Full-Parameter, Low-Rank, or Skip branches.
This granularity balances computational ef-
ficiency with strict KV-cache consistency.
Moreover, we derive a matrix C via LSE to
optimize the memory overhead.

* We tackle the memory bottleneck of LLM in-
ference by introducing a Hybrid KV Cache
strategy. By explicitly storing low-rank
compressed states for non-critical tokens,
we break the dependency between sequence
length and memory usage.

* We conduct comprehensive experiments on
Llama models across various tasks, validating
that Deputy markedly reduces computational
cost, while achieving better or comparable
accuracy relative to the baselines.
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2 Related Work
2.1 Model Compression for LLM

Model compression for LLMs aims to reduce
model size and computational demands (Zhou et al.,
2026c¢). Current static methods permanently alter
the model’s structure or weights, including pruning,
which removes redundant weights (Frantar and Al-
istarh, 2023; Sun et al., 2023) or entire structures
(Xia et al., 2023; Ma et al., 2023); quantization,
which reduces numerical precision (Yang et al.,
2023; Yao et al., 2024); and knowledge distilla-
tion, where a smaller student model learns from a
larger teacher (Wang et al., 2023; Li et al., 2024).
Low-rank factorization is another popular approach
that decomposes large weight matrices into smaller
low-rank matrices, so that improve computational
efficiency (Lv et al., 2023; Hsu et al., 2022).

However, these static approaches fundamentally
modify the original model, which would limit their
capacity for different tasks, leading to some perfor-
mance and flexibility degradation. Deputy diverges
from this paradigm by performing dynamic com-
putation for different input tokens.

2.2 Conditional Computation for LLM

Conditional computation offers a more flexible al-
ternative by adapting its computational graph based
on inputs, thus enabling a superior trade-off be-
tween performance and efficiency (Han et al., 2022;
Lietal., 2021).

Recently, some works focus on dynamically se-
lecting/skipping some module weights (e.g., heads,
channels, experts, or layers) based on the inputs
(Cai et al., 2024; Liu et al., 2023). Another re-
search attempt proposes the token-level compres-
sion techniques (Elbayad et al., 2020; Liu et al.,
2021), which skip some redundant tokens to reduce
computation (Elbayad et al., 2020; Liu et al., 2021).
The token-level compression includes early-exit
technique (Fan et al., 2024; Elhoushi et al., 2024)
that enables the LLMs to output from a mid-level
layer while omitting subsequent layers, and foken-
dropping methods (Raposo et al., 2024), which
utilize a router or decision module to determine
whether to drop some tokens individually. Never-
theless, these methods encounter challenges regard-
ing the Key-Value (KV) cache issue. Some attempt
to share or reconstruct the caches from adjacent lay-
ers (Liu et al., 2023) or discard them (Jiang et al.,
2024), both risking the loss of vital contextual in-
formation. A different line of work circumvents

this issue by only skipping FFN blocks (Peroni and
Bertsimas, 2024; Jaiswal et al., 2024), but it lim-
its the potential efficiency gains for skipping the
computation of attention.

This work focuses on dynamic token skipping
and adjusts the model structure via introducing ad-
ditonal computation path to provide a more holistic
conditional computation framework, to dynami-
cally skip computation of both FFN and attention
blocks, while handling the KV cache issue.

3 Motivation

We premise our approach on the observation that
weight matrices in LLMs exhibit intrinsic low-rank
structures. As shown in Figure 2a, the singular val-
ues of pretrained weights decay rapidly, suggesting
that the bulk of the computational energy can be
captured by low-rank matrices A € R%w«*x" and
B € R™*4in (where r < d).

To validate the potential of this property for dy-
namic inference, we compare low-rank approxima-
tion against standard layer skipping. Our prelimi-
nary analysis reveals a critical distinction:

* Representation Fidelity: As illustrated in
Figure 2b, hidden states produced by low-rank
execution maintain consistently high cosine
similarity to the original full-rank outputs. In
contrast, skipping layers causes a sharp diver-
gence in representation, effectively severing
the semantic continuity.

* Performance Stability: This representational
gap directly impacts model perplexity (PPL).
Figure 2c¢ demonstrates that replacing layer
groups with low-rank approximations yields
PPL significantly closer to the dense model
compared to skipping.

These findings indicate that layer skipping suf-
fers from a “discontinuity problem,” disrupting
the Key-Value (KV) cache chain required for co-
herent generation. Low-rank execution, however,
acts as a semantic bridge, drastically reducing
FLOPs while preserving the essential structural
information needed to maintain KV cache consis-
tency. This motivates Deputy: instead of a binary
choice between expensive execution and destruc-
tive skipping, we introduce an adaptive low-rank
branch to trade off fine-grained details for speed
only when semantic redundancy permits.
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Figure 3: Overview of Deputy: Two individual decision modules decide the execution branch for attention and FFN
layers. The low-rank execution branch introduces an additional low-rank matrix, initialized by the up-projection
of LoRA with the pretrained weight using the LSE method, to down-projection the hidden states and generate the

output combined with the LoRA weights.

4 Methodology

We present Deputy, a dynamic execution frame-
work that selectively activates different computa-
tional branches in LLMs to optimize efficiency.
Deputy intelligently chooses between full param-
eter execution, low-rank approximation, or layer
skipping based on input characteristics.

4.1 Framework Overview

Deputy employs lightweight decision modules for
both Attention and Feed-Forward Network (FFN)
layers in transformers (Figure 3). For each input
token z; € R'*9, these modules dynamically route
computation through the most efficient path while
maintaining model performance.

4.2 Formulation

For each transformer block we design decision
modules to decide the execution path for each to-
ken. We design distinct decision modules for the
attention and FFN layers to assess each input token
and determine the appropriate execution branch.
For layer [ and token %, we define a generic branch-

ing operator:

hi + Fly(hi) ifGL =0,
hi + ‘Fllowrank(hi) if Gi =1,
hi ifGL =2,

F(hi,GY) = 1)

where h; denotes the input hidden state for token
¢ at layer [, and Gﬁ is the corresponding discrete
routing decision. The function .Ffluu applies the
original full-parameter transformation at layer /,
while 7L . applies its low-rank approximation.
The case Gﬁ- = 2 corresponds to skipping the layer
and forwarding h; through the residual connection,
thereby saving computation.

Attention layer decision. The key—value cache
is crucial for maintaining contextual information,
and we store cache entries for every token. Skip-
ping attention for a subset of tokens would create
KV-cache misses and inconsistent attention con-
texts. Therefore, in attention layers we only allow
full-parameter and low-rank execution:

]:allttn(hi> = }—l(hﬁGth,i)v G'lattn,z' € {07 1}’ 2

where G, ; = 0 selects the full-parameter atten-
tion and Gfmn,i = 1 selects the low-rank attention.

Both branches produce valid KV states and thus
preserve K'V-cache consistency.
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FFN layer decision. FFN layers typically con-
tain more parameters and incur higher computa-
tional cost than attention. Since they do not inter-
act with the KV cache, we can safely introduce an
additional skip branch for FFNs:

}—téfn(hi) = ]:l(hia Gllcfn,i)v Glffn,i €{0,1,2}, 3

where Géfn,i = 0 selects the full-parameter FFN,
Glffm = 1 selects the low-rank FFN, and Glffm =2
skips the FFN layer.

This conditional execution strategy allows
Deputy to adaptively allocate expensive full-
parameter computation only to tokens that benefit
from it, while routing others through cheaper low-
rank or skip branches, thereby balancing computa-
tional efficiency and model performance.

4.3 Optimization via Least Squares

A naive implementation of low-rank approxima-
tion (e.g., via SVD) would decompose W), into
two new matrices, doubling the parameter stor-
age requirement for the alternative branch. To
address this memory bottleneck, we propose a con-
strained optimization approach that leverages the
existing LoRA adapter. Since the LoRA matrix
B € R"*dout already captures the task-specific
low-rank subspace during fine-tuning, we reuse B
as a shared basis. We then solve for a single projec-
tion matrix C' € R%» <" such that the product BC
approximates the frozen pretrained weight W,,...
This formulation transforms the approximation into
a linear least-squares problem, minimizing the re-
construction error under memory constraints via
Least Squares Estimation (LSE):

argming |[BC — W[ F ,

C = (BTB)f1 BTWpre ) (4)

In this way, we only need to introduce a single
additional low-rank matrix to support our dynamic
inference scheme. Moreover, the LSE initializa-
tion takes only a few seconds and yields a small
reconstruction error, thereby preserving more infor-
mation from the pretrained parameters (discussed
in the Appendix). Consequently, the computation
in the low-rank execution branch of layer [ is de-
fined as:

Flrank(7:) = sBAz; + BCz; . (5)

where s denotes the scaling factor used in LoRA.
By exploiting the associativity of matrix multipli-

cation, this can be rewritten as:
El()wrank(xi) =B (SA + C) Z; . (6)

Since both C and A participate in the down-
projection of the low-rank branch and share the
same shape, we can further reduce the computa-
tional overhead during inference by merging the
weights of A into C. Specifically, we define:

C:C+8A,

A 7
Fllowrank(xi) =BCuz; . @

4.4 Implementation

We design the decision module via a lightweight
MLP layer (see Figure 3) for each layer. During
training, we only mark the additional ABC matrix
and the parameters of decision modules as trainable
parameters, and we jointly optimize these param-
eters through the backward propagation method
(details see details in Appendix).

We introduce a cost term Lgog that measures
computational cost during the forward process.
We introduce factors o = (ay, ;) and 3 =
(Bf, B1, Bs) to customize our acceleration ratio. It
is formulated as follows:

)

Laecision = %27:1 Z?:] ‘Ggl) — fi
0 = (61, i G 640, i)

attn» attn» (8)
f = (ay, ai, By, Bis Bs)
6L+ G0 —1,GED 5 GLO G0 1

where n denotes the number of layers, G() means
the decision output ratio for each layer, f refers to
the given customized acceleration ratio for each
execution path. We calculate the mean absolute
error (MAE) between G() and f. We add a penalty
factor A to balance cross-entropy loss Ljs and com-
putational cost Lg. Our optimization objective is
to minimize total loss:

L= Ecls + /\Ecost (9)

4.5 Hybrid KV Cache

To fully exploit low-rank approximation, we in-
troduce a Hybrid KV cache that jointly optimizes
the storage and computation of key—value states
to further reduce GPU memory usage.For tokens
routed to the low-rank execution branch, we cache
the key_states and value_states after the down-
projection, instead of storing their full-dimensional
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Dataset ‘ Shortened (rm=11) ‘ Adainfer (svm) ‘ MoD ‘ D-LLM ‘ Deputy
Accuracy Tasks

Com. Sen. | Acc.t  FLOPs| | Acc.?t FLOPs| | Acc.? FLOPs| | Acc. FLOPs| | Acc.t  FLOPs|
OBQA 30.80 112152 (0.66) 35.00 1666.62(0.98) | 25.60 1102.65(0.65) | 29.60  1549.59 (0.91) | 32.80 1007.72 (0.59)
PIQA 5838 1121.52(0.66) 62.13  1512.51 (0.89) | 55.11  1056.08 (0.62) | 58.81  1547.15(0.91) | 68.61 1020.93 (0.60)
BoolQ 62.60 1121.52(0.66) 72.78 1404.38 (0.83) | 5043  977.07 (0.58) | 61.28 1536.40 (0.91) | 71.01  1079.90 (0.64)
SIQA 39.51 112152 (0.66) 39.76  1683.91(0.99) | 35.98  1076.07 (0.63) | 35.67 1549.07 (0.91) | 42.86 1016.06 (0.60)
Hellaswag | 4820 1121.52(0.66) 43.00 1413.77(0.83) | 29.82 97518 (0.57) | 31.97 1533.95(0.90) | 54.37  1090.04 (0.64)
ARC-E 4179 1121.52(0.66) 5299 1636.93(0.96) | 28.79  1056.36 (0.62) | 33.63 154873 (0.91) | 52.40 1021.93 (0.60)
ARC-C 33.62  1121.52(0.66) 34.98 1609.28 (0.95) | 26.96  1034.14 (0.61) | 27.56  1547.68 (0.91) | 31.66 1029.25 (0.61)
Winogrande | 57.14 1121.52 (0.66) 57.62  1508.90 (0.89) | 47.67  1123.03(0.66) | 5043  1550.91 (0.91) | 61.80  993.39 (0.59)

Math | Acc.t  FLOPs] | Acc.t  FLOPs| | Acc.? FLOPs | | Acc.?t FLOPs| | Acc.t  FLOPs|
GSMSK | 227 1121.52(0.66) 129 146025(0.86) | 0.00  979.40(0.58) | 0.68  1531.00 (0.90) | 2.05  1074.26 (0.63)

Other Tasks | Acc. 1 FLOPs| | Acc. FLOPs| | Acc.? FLOPs| | Acc. FLOPs| | Acc.t FLOPs|
MedQA 3291 1121.52(0.66) 28.99 1491.28 (0.88) | 25.61  969.37 (0.57) | 2632  1533.83(0.90) | 28.44 1100.97 (0.65)
COPA 66.00 1121.52(0.66) 59.00 1539.79 (0.91) | 63.00  1096.94 (0.65) | 58.00 1544.57.83 (91) | 75.00 1086.10 (0.64)
LogiQA 29.65 1121.52 (0.66) 2627 137591 (0.81) | 25.19  969.28 (0.57) | 2535 1545.84 (0.91) | 28.73 1099.77 (0.65)
CoQA 44.43  1121.52(0.66) 42.45 145336 (0.86) | 2.18  969.45(0.57) | 0.55  1533.83(0.90) | 44.53 1102.64 (0.65)
Avg. | 4210 112152(0.66) 4279 1519.75(0.89) | 32.03  1029.54 (0.61) | 33.83  1542.51(0.91) | 4570 1055.61 (0.62)

PPL Tasks

Text | PPL] FLOPs| | PPL| FLOPs| | PPL] FLOPs| | PPL] FLOPs| | PPL| FLOPs/
Wikitext2 | 93.36 1121.52 (0.66) 126.10 1459.17 (0.86) | 1171.11  969.43 (0.57) | 253.17 1549.07 (0.91) | 43.55 1102.96 (0.65)
PTB 109.02 112152 (0.66) 315.87 1454.54 (0.86) | 4931.32  972.14 (0.57) | 340.22 1541.00 (0.91) | 297.39 1069.37 (0.63)

Table 1: Results of Zero-shot performance and PPL on Llama 2-7B in Deputy and baselines on various benchmarks.
We report the accuracy and average FLOPs. Boldface indicates the best performance, and the underline refers to the

sub-optimal performance.

counterparts, which substantially decreases the
cache footprint. During attention computation, the
current query_states attend to both the full-rank
cache and the low-rank cache. For the low-rank
cache, we first project query_states into the low-
rank subspace to compute the attention scores with
the low-rank keys, and then aggregate the corre-
sponding low-rank values. The outputs from the
full-rank and low-rank branches are finally com-
bined to obtain the updated hidden_states. This
design is illustrated in Figure 4, and further imple-
mentation details are provided in the Appendix.

(M+N) x d

P == e e e e -

Recomputed
LoRA K/V Cache

wpre!rain

Figure 4: Hybrid KV Cache design: stores the full cache
from the full-parameter execution branch and the low-
rank cache from the low-rank execution branch. The
low-rank cache is reconstructed into a full cache during
inference.

5 Experiments

5.1 Experiments Settings

LLMs and Benchmarks. To evaluate Deputy
across diverse tasks, we conducted experiments us-
ing the Llama 2-7B model (Touvron et al., 2023)
on Commonsense Reasoning (OpenbookQA (Mi-
haylov et al., 2018), PIQA (Bisk et al., 2020),
BoolQ (Clark et al., 2019), SIQA (Sap et al., 2019),
HellaSwag (Zellers et al., 2019), WinoGrande (Sak-
aguchi et al., 2021), ARC-easy/challenge (Clark
et al., 2018)), GSMS8K for math reasoning (Cobbe
et al., 2021), and Other tasks (including MedQA
(Jin et al., 2020), COPA (Gordon et al., 2012),
LogiQA (Liu et al., 2020), and CoQA (Reddy
et al., 2019)). We performed zero-shot evaluation
using the Im-eval-harness (Gao et al., 2023) for
open prompts and scoring. Additionally, we mea-
sured perplexity on Wikitext2 (Merity et al., 2016)
and PTB (Marcus et al., 1993). Model latency
was quantified using FLOPs (floating-point opera-
tions) (via the thop library), providing a hardware-
agnostic measure of computational cost.

Baselines. = We compared state-of-the-art meth-
ods as our baselines including Shortened Llama
(Kim et al., 2024), Adalnfer (Fan et al., 2024),
MoD (Raposo et al., 2024), and D-LLM (Jiang
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et al., 2024). Details of the official repositories or
our reproductions can be found in the Appendix.

Implementation Details. We adopted the popu-
lar LoRA method to fine-tune the LLMs. We used
Alpaca (Taori et al., 2023), the comprehensive in-
struction tuning dataset, to fine-tune the models.
We set the learning rate to 1e — 4 and converted the
model precision to BFloat16. We set the penalty
factor to 0.01. We set an initial temperature of 1.0
for each decision model and employed the exponen-
tial decay 7 to 0.1 during training. We set the accel-
eration factors a = {0.6,0.4}, 8 = {0.6,0.2,0.2}.
For more details, see Appendix.

5.2 Main Results

Table 1 summarizes the zero-shot results of Deputy
against strong dynamic-computation baselines.
Overall, Deputy achieves the best average accuracy
(45.70) while using only 62% of the full-model
FLOPs, substantially improving the performance—
efficiency trade-off. Adainfer attains best or
second-best accuracy on several benchmarks, but
typically requires ~ 89% FLOPs on average, indi-
cating a considerably higher compute budget. In
contrast, MoD reduces computation most aggres-
sively (~ 61% FLOPs on average) but suffers from
pronounced accuracy degradation, limiting its prac-
tical utility.

For language modeling, Deputy achieves the low-
est PPL on Wikitext2 (43.55), which is a 53% re-
duction compared to the next-best baseline, demon-
strating its strength in generative settings. While
Shortened remains competitive on PTB, Deputy
consistently provides a stronger accuracy/PPL—
compute balance than fixed-computation schemes
via dynamic, token-level resource allocation.

5.3 Analysis

Rank Selection. The introduced C matrix has
the same dimensionality as the LoRA parameters
used for fine-tuning. Therefore, we conduct experi-
ments on Llama 2-7B to analyze the performance
recovery ratio and computational cost under differ-
ent fine-tuning ranks. We report the performance re-
covery ratio as the normalized accuracy. As shown
in Figure 5, the results indicate that as the rank
increases, the C matrix can preserve more informa-
tion from the pretrained weights, leading to better
performance. Besides, as the rank increased to 64
or 128, the computational cost decreased, mean-
ing that the router prefers the low-rank execution
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Figure 5: Performance across different rank selections.
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Figure 7: Storage overhead of hybrid KV cache strategy.

Model Scale.  To validate effectiveness across
different scale models, we also systematically eval-
uated Deputy across Llama 3.2-1B/2-7B/3-8B/1-
13B models via the normalized accuracy and com-
putational cost. Results (Figure 6) demonstrate that
the performance recovery is closely related to the
original performance of the base model. For ex-
ample, Llama 3.2-1B, the most recent model, can
achieve the best performance and computational
cost trade-off.

Hybrid KV Cache. We tested our hybrid KV
Cache strategy on the Llama 2-7B model and used
different batch sizes to perform inference on the
Alpaca and Samsum (Gliwa et al., 2019) datasets to
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Figure 8: Ablation study on Common Sense Reasoning and MMLU tasks, and the PPL under different acceleration

factor settings.

analyze the memory overhead. We only include the
memory used for KV cache. The results are shown
in the Figure 7, which shows that kV cache has
more savings under larger batch size. Meanwhile,
for tasks with longer context (Samsum dataset), the
savings of ratio will be greater. On average, our
hybrid key value cache strategy achieves a 38.24%
storage overhead savings in KV cache storage.

Acceleration Factors. We performed an anal-
ysis study on the acceleration factors {ay,a;}
and {8y, B, Bs} to analyze their impact on the
performance-efficiency trade-off. Figure 8 visu-
alizes these results and plots the Pareto frontier
for each task, elucidating a clear positive corre-
lation between computational budget and model
performance. Specifically, performance-oriented
configurations (e.g., « = {0.8,0.2}) achieve peak
accuracy and lowest perplexity at the expense of
higher computational overhead, whereas efficiency-
oriented settings (e.g., &« = {0.1,0.9}) maximize
acceleration by minimizing FLOPs, albeit with a
slight trade-off in performance. The smooth transi-
tion observed in intermediate configurations con-
firms that the Deputy framework allows for flexible
navigation of the performance-efficiency landscape,
enabling tailored optimization to meet the specific
latency and accuracy constraints of diverse deploy-
ment scenarios.

5.4 Ablation Study

Penalty Factor. We conducted an ablation study
to investigate the impact of the penalty term A in
our custom loss function on model performance.
Using the average accuracy of Common Sense Rea-
soning and MMLU as the primary metric, the re-

sults are presented in Table 2. The results indicate
that setting A to 5.0 achieves the best performance.

A | o1 05 10 20 50 100

Com. Sens. T | 3540 35.53 36.54 3696 38.71 38.63
MMLU 1 24.69 24.10 2295 2375 2422 2382

Table 2: Com. Sen. and MMLU performance under
different \ settings.

Low-Rank Approximation Strategies. We
compare two approximate methods to quantify
the impact of our low-rank approximation design:
(1) Down-projection: BCy,,, =~ Wpre, where
Ciown € R4 first projects the hidden state to
a lower dimension and B reconstructs it; (2) Up-
projection: C,,A ~ W,., where A produces a
low-rank representation that is expanded back to
the original dimension by C,,;, € R?*". The results,
listed in Table 3, show that modeling C as a down-
projection matrix consistently achieves lower loss
and higher accuracy. This suggests that the down-
projection formulation preserves the essential input
features more effectively than the up-projection
alternative.

Method ‘ Best Loss | Com. Sens. ¥ MMLU 1

Cup 3.23 38.41 22.77
Caown 2.87 38.63 23.82

Table 3: The performance comparison between different
low-rank approximation designs.

6 Conclusion

This paper introduces Deputy, a novel frame-
work for efficient LLM inference. By integrat-
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ing lightweight decision modules for attention and
FFN layer within each Transformer block, Deputy
dynamically routes tokens to full-parameter, low-
rank, or skipped computations, achieving signifi-
cant computational savings while preserving the
original model’s performance. Quantitative evalua-
tions on Llama demonstrate Deputy’s effectiveness:
it achieves the optimal performance than baseline
methods on several benchmarks with only 60% of
the computational cost. For long-context scenarios,
Deputy’s hybrid KV cache strategy reduces storage
overhead by 38%.

7 Limitations

While our approach reduces computational costs
via low-rank layer execution, it does not address the
quadratic complexity of attention (O(n?d)), which
remains a bottleneck. Future work will develop
a plug-and-play module for flexible switching be-
tween inference modes. Second, although Deputy
reduces FLOPs by skipping layers, the current GPU
implementation sees no throughput gain because
divergent paths in a batch force each layer to handle
full, low-rank, and skipped tokens, adding control-
flow and memory overhead that cancels the savings.
Future work will explore hardware-aware optimiza-
tions (e.g., token grouping, expert sharding, load
balancing) to better align Deputy with GPU archi-
tectures.
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Appendix
A Low-Rank Approximation

We compare three representative low-rank decom-
position methods to evaluate their approximation
effectiveness of the pretrained model parameters:
(1) Singular Value Decomposition (SVD) decom-
poses a matrix into the product of three matrices
(U, X, and V), where X contains the singular val-
ues. (2) Randomized SVD (RSVD) is a random-
ized variant of SVD that leverages random projec-
tions to accelerate computation and significantly
reduce computational complexity for large matri-
ces. (3) Least Squares Estimation (LSE) is an
optimization-based method that minimizes the sum
of squared residuals to solve for linear model pa-
rameters. For low-rank approximation, LS refines
the factorized matrices by minimizing the recon-
struction error and is often used in matrix comple-
tion tasks.

We evaluate the above methods by comparing
their total decomposition time and the average L2
norm of the reconstructed parameters. Specifically,
we conduct experiments on the Llama3.2-1B and
Llama2-7B models, using each method under dif-
ferent rank settings (i.e. 8, 16, and 32). The re-
sults are presented in Table 4, showing that SVD
achieves the lowest L2 norm, indicating the high-
est approximation accuracy. RSVD, on the other
hand, is the fastest among the three in terms of
decomposition speed. LSE strikes a balance be-
tween the two: it achieves a similar MSE to RSVD
while maintaining comparable computational effi-
ciency. Notably, LSE computes the low-rank ma-
trix LoRA-C directly based on existing LoRA pa-
rameters, which reduces memory usage by nearly
half compared to SVD and RSVD, while maintain-
ing competitive performance and speed.

Method ‘ Rank ‘ Llama3.2-1B Llama2-7B

| Time(s) L2Norm. | Time(s) L2Norm.
SVD 8 | 1272464  51.0261 | 1339.2912  98.2881
RSVD | 8 17750 51.9624 | 124437 99.4124
LSE 8 4.9447 524378 | 269648  99.8048
SVD 16 | 1303211 50.2135 | 1325.8284  97.3657
RSVD | 16 39565 514564 | 17.0903  98.9753
LSE 16 6.7804  52.3236 | 404506  99.7291
SVD 32 | 131.8951  48.8511 | 13289537  95.8690
RSVD | 32 | 124437 50.5329 | 32.6724  98.1833
LSE 32 | 121155 520943 | 786971  99.5780

Table 4: Low-rank Approximation Method Performance
Comparison

B Computational Efficiency

Given a large language model with L transformer
layers, a hidden size of d, a sequence length of s,
a vocabulary size of V, and a batch size of B, the
computational cost of each layer can be quantified
in terms of floating-point operations (FLOPs). In
the Attention layer, the projection of each matrix
(i.e., Query (@), Key (K), Value (V), and Out-
put (0)) requires 2sd> FLOPs, and the multi-head
attention operation requires 4s>d FLOPs. Conse-
quently, the total FLOPs required for the Atten-
tion layer is given by: Cll = 8542 + 45%d. For
the feed-forward network (FFN) layer, the Up and
Gate projections require 2sd’d, FLOPs, and the
Down projection requires 2sdd> FLOPs, where
d. denotes the expanded intermediate dimension.
Thus, the total FLOPs required for the FFN layer
is: CM' = 6sdd.. When employing Low-Rank
Adaptation (LoRA), the computational costs are
reduced. Specifically, the attention layer requires
Clora — 16sdr FLOPs, and the FFN layer requires
Clera = 12sr(d + d,.) FLOPs. Therefore, the total
FLOPs of the dense model with LoRA adapters are
Cliense = Ls(8d% 4 4sd + 16dr + 6dd, + 12r(d +
d.)).

For low-rank execution, the attention layer in-
troduces Clowrank — gsdr FLOPs, while the FFN
layer requires CIoV = 6sr(d + d.) FLOPs.
Let {af, a;} denote the average full and low-rank
execution rate for tokens in the attention layer,
{B¢, B1, Bs} denote the full/low-rank/skip execu-
tion rate in the FFN layer. Note that, accord-
ing to Eq. (8), we can merge the weights of
LoRA-A into LoRA-C, so that we can save «;
FLOPs of LoRA-A for attention and (3; FLOPs
of LoRA-A for FFN. The total FLOPs required
for the forward pass in the Deputy model can be

expressed as: Ciorarank = L(((1 — /%) lora .
1l
(1= /O + [(arCliin + nCgir™™) +

(BiCfjn + B = Ls((16((1 — % )dr +
12r(1 — BL(d + d.)) + [(of8d? + a;8dr + 4sd) +
(B£6dd. + ;67 (d + d.)))] in the forward pass.

For example, consider the length of input s =
1024, and the base model is Llama 2-7B model
(L = 32,d = 4096, d. = 11008) finetuned with
LoRA (r = 8). The FLOPs of the dense model are
12924.25 GFLOPS. And, the FLOPs of the Deputy
model with « = {0.5,0.5},5 = {0.5,0.3,0.2}
are 6748.25 GFLOPs, saving about 47.79% com-
putation cost.
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C Overhead of Decision Modules

Training overheads. = The proposed decision
module and LoRA-C module demonstrate remark-
able parameter efficiency. Specifically, the deci-
sion module accounts for merely 0.74% of the
pretrained model’s parameters, while the LoRA-
C module introduces an even smaller proportion
at 0.13%. During training with a batch size of 2,
the standard LoRA approach requires 27.97GB of
GPU memory, whereas our Deputy framework in-
creases this requirement to 37.99GB, representing
an additional memory overhead of approximately
10GB.

Inference overheads. During inference, the ad-
ditional decision module and LoRA-C module in-
troduce only 7.5 GB of extra GPU memory con-
sumption. Particularly noteworthy is that the de-
cision module contributes a negligible computa-
tional overhead during forward propagation, adding
2.0 GFLOPs, which only takes 0.02% additional
FLOPs.

D Visualization of Decision Making

D.1 Instance Analysis

To gain qualitative insight into our routing mecha-
nism, we probe the model with the arithmetic ques-
tion “Which one is greater in math, 9.9 or 9.117”.
The model correctly replies that 9.9 > 9.11, even
though its intermediate difference computation is
imprecise, indicating robust relational reasoning.

Figure 9 traces the token-level execution path
across the 32-layer Llama2-7B model. In the self-
attention stack, layers {2, 20, 21, 27, 29} predom-
inantly select the low-rank approximation, while
all other attention layers execute in the full config-
uration. Within the feed-forward network (FFN),
the router skips entire computations in layers {13,
21, 26, 28, 32}, and prefers low-rank execution in
layers {23, 29, 30}. These patterns clearly show an
importance decay: the deeper the layer, the more
aggressively the router gravitates toward cheaper
branches, validating our hypothesis that late-stage
computations contribute less to the final prediction
for this instance.

Overall, the visualization confirms that our
adaptive router can allocate computation dynam-
ically—preserving accuracy on essential early
layers while reducing redundancy in later lay-
ers—thereby achieving efficient, instance-wise in-
ference.

D.2 Task Decision Analysis

We utilize the trained deputy model to investigate
how different layers perform across various tasks,
and present the results in a proportional stacked bar
chart (as shown in Figure 10). The results demon-
strate that the model’s decision-making patterns
are quite similar for most tasks, with layers pre-
dominantly favoring the same type of execution
path. For instance, attention layers at layers {3, 4,
22,23, 28, 31} exclusively employ full-parameter
computation for inference. Furthermore, layers be-
yond the 20th tend to adopt more shortcut execution
choices, specifically favoring low-rank approxima-
tion paths in attention layers while preferring both
low-rank approximation paths and skip operations
in FFN layers.

E Implementation Details

Since the output of the decision module is discrete
and not differentiable during training. To tackle this
issue, we utilize the Gumbel-Softmax (Jang et al.,
2017) reparametrization technique with Straight-
Through Gradient Estimator to ensure the trans-
former networks can be optimized in an end-to-
end fashion during training. The Gumble Softmax
method samples a random noise from the gumble
distribution and adds it to the softmax function,
making the output of the model discrete and differ-
entiable at the same time, which is formulated as
follows:

exp((log(gu(@1))+m:) /7)
=i exp( (log(gi (1)) +m:) /7)

b = i e€{0,1,2} . (10)

E.1 Training Strategy

Stage 1: Adapter Distillation.  We first perform
knowledge distillation on our LoORA-C parameters
to ensure they acquire feature extraction and trans-
formation capabilities as substitutes for pretrained
parameters. Specifically, we randomly select cer-
tain layers for low-rank approximation while main-
taining full-parameter execution in other layers,
keeping the routing unchanged. Through multiple
randomized iterations, we ensure the parameters
can adapt to different path combinations, thereby
reducing optimization difficulty.

Stage 2: Router Warmup. After the LoORA-C
parameters are well-trained, we proceed to jointly
optimize both the LoORA-C and decision modules.
This dual optimization serves two purposes: further
enhancing the representational capacity of LoRA-
C while training the decision module to explore
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(a) Token routing result in Attention layers
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Figure 9: Token-level routing decisions for the illustrative arithmetic query. (a) Attention layers and (b) FFN layers
are visualized as 32 x |tokens| heatmaps, where each cell encodes the execution mode chosen by our router.

optimal path combinations for achieving peak per-
formance.

Stage 3: Instruction Tuning. In this final stage,
we incorporate the LORA-AB parameters into train-
ing. This enables the complete model to learn
diverse path selections while simultaneously op-
timizing the inference paths that combine full-path,
LoRA-path, and skip-path configurations to maxi-
mize overall performance.

E.2 Experimental Details

Temperature. We initialize the Gumbel-
Softmax temperature of each decision module at
1.0 to encourage extensive exploration during the
early phase of training. The temperature is then
exponentially annealed with a decay rate of 0.999
at every training step until it reaches 0.1.

Training Strategy. We employ a three-stage fine-
tuning regimen: Stage 1 spans the first 400 steps,
Stage 2 covers the subsequent 400 steps (up to
step 800), and Stage 3 consists of all remaining
steps.

Lambda Setting. The regularization coefficient
A is fixed at O throughout Stage 1 to facilitate the
updating of LoRA-C parameters. From step 400
to step 2000, A is gradually increased to its tar-
get value using a cosine-annealing schedule, after
which it remains constant until the end of training
to achieve the desired acceleration ratio.

Acceleration Factors. The acceleration factors
a = (af, o) and 3 = (By, B1, Bs) are used to con-
trol the target compute budget of attention and FFN
layers, respectively. To maintain similar accelera-
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Figure 10: Task decision ratio across layers. (Up): Average decisions on attention layers; (bottom) Average decisions

on ffn layers.

tion effects across different settings, we select these
factors based on the FLOPs analysis in Appendix
B, so that the expected computation matches the de-
sired speedup target. We further sweep several can-
didate settings and use the main-experiment config-
uration as the default setting, since it achieves a fa-
vorable accuracy—efficiency trade-off. In particular,
Bs primarily determines the activation frequency
of the skip branch.

E.3 Reproduction of Baselines

Shortened Llama (Kim et al., 2024) ! prunes
less important layers to compress Llama models.
We employ a pruning strategy based on Taylor met-
rics to prune 11 layers.

Adalnfer (Fan et al., 2024) conducts an early —
exit strategy to skip redundant layers. We repro-
duce it by utilizing Gap and Top Prob as input
features and adopt an SVM as the classifier.

MoD (Raposo et al., 2024) ? Replace some lay-
ers with a MOD layer that only processes top — p
tokens based on predicted scores. We implement
dynamic selections on even layers, with the number
of k set to 12.5% of the sentence length.

D-LLM (Jiang et al., 2024) 3 skips some unim-
portant tokens within a layer during inference. We
set « in the loss function to 5 to balance the class

! https://github.com/Nota-NetsPresso/s
hortened-11m

2 https://github.com/astramind-ai/Mixt
ure-of-depths

3 https://github.com/Jyk-122/D-LLM

loss and active loss. We apply the LoORA modules
to all trainable modules. We revise the execution
to support our FLOPs computation.

F More Experiments

Ablation Study on Initialization of Decision
Module. We investigated the impact of three dif-
ferent initialization methods for the decision mod-
ule on model performance. Specifically, (1) uni-
Jorm initializes the decision module using a Kaim-
ing uniform initialization mechanism, ensuring an
equal probability of activation for each decision.
(2) Full-oriented aims to bias the model towards
executing the full parameters initially. (3) Low-
rank-oriented is designed to prioritize the low-rank
path to achieve significant acceleration early in the
training process. The results are presented in the
corresponding Figure 11, indicating that the low-
rank-oriented can achieve the lowest training loss
at the end, which means it can update the low-rank
weights more stably and quickly to fit different
execution combinations.

Ablation Study on Domain Decision In Section
D.2 and Figure 10, we observe that the execution
pattern across layers is relatively consistent for dif-
ferent tasks. Moreover, for a subset of layers, the
decision modules tend to output highly similar de-
cisions for most tokens within the same input. This
suggests that, when the majority of tokens already
select the same branch, we can approximate token-
wise routing by enforcing a unified decision for the
entire layer, thereby reducing indexing and batch-
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Loss Curves Under Different Initialization Modes
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Figure 11: Training loss curve under different initializa-
tion methods.

ing overhead.

To study this effect, we introduce a domain ratio
threshold p € {0.6,0.7,0.8,0.9}: if more than p
of the tokens in a layer select the same decision, we
force all tokens in that layer to follow this dominant
branch. As shown in Table 5, the original adaptive
token-wise routing (“Adaptive”) achieves the best
average accuracy, while the average perplexity im-
proves as the domain ratio decreases (i.e., more
aggressive unification), with p = 0.6 obtaining the
lowest PPL. However, the adaptive setting provides
a better overall trade-off between accuracy, per-
plexity, and computational cost, and thus we adopt
adaptive token routing as our default configuration.

Domain Ratio ‘ Avg. Acc. T ‘ Avg. PPL | ‘ Avg. FLOPs |

>0.6 44.00 118.67 1102.31
>0.7 4421 122.38 1100.06
>0.8 44.32 139.35 1098.68
>09 4431 144.40 1095.96
Adaptive | 4458 | 17047 |  1050.57

Table 5: Ablation study on the domain ratio threshold
for layer-wise decision unification.

G Throughput Analysis and Practical
Overhead

To complement the FLOP-based analysis in Ap-
pendix C, we additionally report decoding through-
put, measured in tokens per second on an A100

Table 6: Decoding throughput (tokens/s, higher is better)
measured on an A100 GPU.

Method | Alpaca SAMSum
LoRA (r=8) | 1573.00  4598.91
Adalnfer 1010.78 ~ 2277.38
MoD 1290.79  3700.67
D-LLM 587.50  1745.43
Deputy 101047 2953.28

GPU under the standard experimental setting. The
results are shown in Table 6, where we compare
Deputy with the static LoRA baseline and dynamic
baselines including Adalnfer, MoD, and D-LLM.

As shown in Table 6, Deputy achieves compet-
itive throughput among dynamic methods. On
ALPACA, Deputy reaches 1010.47 tokens/s, com-
parable to Adalnfer (1010.78) and higher than
D-LLM (587.50), while remaining below MoD
(1290.79) and LoRA (1573.00). On SAMSUM,
Deputy achieves 2953.28 tokens/s, outperforming
Adalnfer (2277.38) and D-LLM (1745.43), though
still below MoD (3700.67) and LoRA (4598.91).
These results indicate that Deputy maintains a com-
petitive practical throughput while preserving the
accuracy—efficiency trade-off shown in the main
paper.

We also note that, although Deputy reduces
FLOPs, dynamic token-wise routing introduces
additional system overhead in practice. Input-
dependent branch decisions lead to irregular GPU
execution, such as control-flow divergence and ex-
tra gather/scatter operations, so FLOP reduction
does not always translate into proportional wall-
clock speedup. This is a common challenge for
dynamic inference methods. Further system-level
optimizations, such as token grouping or branch-
wise sharding, are promising directions for future
work.

H Preliminary

H.1 Token-wise Redundancy

During the inference process of Large Language
Models (LLMs), not all tokens carry equal impor-
tance. Function words with less semantic content
(such as articles) and punctuation marks often ex-
hibit a certain degree of redundancy. Studies sug-
gest that pruning these tokens has a negligible im-
pact on the model’s final performance (Jiang et al.,
2024).
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Furthermore, the importance of the same token
varies significantly across different layers of the
LLM. As shown in Figure 12, we calculated the co-
sine similarity between the input and output repre-
sentations of various tokens across different layers
of the model. It can be observed that for the first
two layers and the final layer, the similarity scores
for all tokens are relatively low. This indicates that
these layers are responsible for actively processing
and transforming token features, which is critical
for maintaining model performance.

Conversely, in the deeper layers (particularly the
middle-to-late layers), the cosine similarity for to-
kens tends to increase universally. High similarity
implies minimal changes in representation, suggest-
ing that these layers are highly redundant for most
tokens. Consequently, tokens in these layers can be
considered of low importance, allowing for com-
putational skipping. Notably, for certain specific
tokens (such as the period shown in the figure),
the similarity remains high across almost all layers,
implying that computations for such tokens can be
safely skipped throughout the network.

In summary, to accelerate model inference and
reduce unnecessary computational overhead, it is
feasible to dynamically select important tokens for
execution at each layer while skipping less signifi-
cant ones.

H.2 KYV Cache

The KV cache stores key (K) and value (V') rep-
resentations from previous self-attention compu-
tations, enabling efficient reuse during inference.
The attention score is computed using Attention
(Q, K (Ezi):he’ Vc(;)he) where (@ is the query for the
current token. At each time step ¢, the cache is
updated as:

_ V(tfl). Vt} ., (11)

cache [ cache

K(tfl) . Kt] V(t)

cache

K(Ezihe = [
where K and V! are the key and value of the cur-
rent token.

However, existing conditional computation
methods face two critical challenges when han-
dling KV cache: (1) During batch processing,
the inconsistent number of processed tokens
across sequences within the same batch, which
is caused by varying decisions from the deci-
sion module, significantly hinders efficient batch
processing and KV cache storage. (2) The KV
cache of initially skipped tokens is not preserved,
which prevents subsequent tokens from attending

to them. This limitation proves particularly detri-
mental for tokens with long-range dependencies,
ultimately compromising model performance (Luo
et al., 2025).

H.3 Low-Rank Adaptation

Low-Rank Adaption (LoRA) is a popular
Parameters-Efficient Fine-Tuning (PEFT) method
to fine-tune the LLMs. It introduces two low-rank
matrices, A € R™™ and B € R™ " to approx-
imate the update matrix AW € R"™*" for the
weight matrix of each module W. In this ap-
proach, the original weight matrix W remains
frozen, while only AW, represented by the prod-
uct AB, is updated. The forward computation can
be expressed as:

f(x)=(W+AW)x = Wx+BAx . (12)

Given that the rank 7 is shared across layers and is
typically much smaller than the dimension d, the
computational cost is significantly reduced from
O(d?) to O(2dr). This optimization can reduce
the trainable parameters during the learning pro-
cess. Typically, the matrix A is initialized by a
Gaussian distribution with a small standard devia-
tion, and B is initialized as a zero matrix. Hence,
at the beginning of fine-tuning, the model behaves
identically to the pre-trained model.

H.4 LLMs Architecture

In natural language processing tasks, a sequence of
words is first transformed into a sequence of tokens,
denoted as X = (x!,22,...,2") via a tokeniza-
tion process. These tokens are then processed in an
autoregressive manner by the LLM, to predict the
subsequent token "', Formally, the inference
procedure of an LLM can be expressed as:

2" = freaa 0 frLo fr—10+-0 f1 0 fembea(X) , (13)

where L represents the total number of transformer
layers, fembeq denotes the word embedding func-
tion, and fheaq corresponds to the classification
head.

Transformer Layer. Each transformer layer in
a decoder-only LLM comprises a Multi-Head self-
Attention (MHA) mechanism followed by a Feed-
Forward Network (FFN). The computation for the
[-th transformer layer can be defined as:

B = MHA(}) +af |
tf,y = FEN(H)+ b .

(14)
(15)
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Token-wise Cosine Similarity across layers
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Figure 12: Token similarity across layers.

where x}' represents the embedding of the n-th
token at the [-th transformer layer, and ;' denotes
the output of the MHA mechanism.

Self-Attention Mechanism. The Self-Attention
(SA) mechanism enables each token in a sequence
to selectively attend to other tokens, thereby captur-
ing rich contextual dependencies. Each token gen-
erates a query (Q), a key (K), and a value (V) vector
from W, W, andWy . The attention scores are
calculated by the scaled dot-product formulation:

.o o o T
A(X) = Softmax (M +M) o X oWy , (16)

Vd

where X = (ml i xl PR ,xfz) represents the input
feature sequence, d is the dimensionality of each
head, M is the causal attention mask, and (-)”
denotes the transpose operation.

To capture features from multiple representation
subspaces, the multi-head self-attention (MHA)
mechanism aggregates the outputs computed over
h heads:

MHA (27') = Concat (SA(xl’fl),A ,SA(x} h)) oWo , (17)
where W g refers to the output matrix for the MHA.
The MHA mechanism essentially concatenates the
outputs of self-attention operations applied to the
token embeddings divided into % heads, {7 h

Feed-Forward Network. The Feed-Forward
Network (FFN) consists of multiple linear layers
interspersed with activation functions following the
MHA layer. It is formally defined as:
FFN(x;Ll) = Wown © (act(nge o x?l) * (Wyp 0 z?l)> (18)
where Wgown, Wgae, and Wy, are learnable pa-

rameter matrices, and act(-) represents an activa-
tion function.

I LLM versions

We provide the Hugging Face link of LLMs used
in the experiment: Llama 2-7B 4 Llama 3-8B 7,
Llama 3.2-1B %, Llama 1-13B 7.

J Software and hardware configuration

Our experiments were conducted on a high-
performance computing server equipped with an
Intel® Xeon® Platinum 8358P processor (128
cores at 2.60 GHz), 1 TB of RAM for memory-
intensive operations, and NVIDIA® A100 Tensor

4 nttps://huggingface.co/meta-1llama/Ll
ama—2-"7b

> https://huggingface.co/meta-1llama/Me
ta-Llama-3.1-8B

® https://huggingface.co/meta-1llama/L1l
ama-3.2-1B

" https://huggingface.co/yahma/llama-1
3b-hf
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Core GPUs with 80 GB HBM2 memory. The soft-
ware stack comprised PyTorch 2.1.2 with CUDA
12.3 acceleration, complemented by the Trans-
formers library (v4.41.0) and PEFT (v0.11.1) for
parameter-efficient fine-tuning, and the thop li-
brary ® for FLOPs measurement, all running on
an Ubuntu 20.04 LTS operating system.

8 https://github.com/Lykenl7/pytorch-0
pCounter
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