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ABSTRACT

While Large language models (LLMs) have advanced natural language process-
ing tasks, their growing computational and memory demands make deployment
on resource-constrained devices like mobile phones increasingly challenging. In
this paper, we propose SHARP (SHaring Adjacent Layers with Recovery Parame-
ters), a novel approach to accelerate LLM inference by sharing parameters across
adjacent layers, thus reducing memory load overhead, while introducing low-rank
recovery parameters to maintain performance. Inspired by observations that con-
secutive layers have similar outputs, SHARP employs a two-stage recovery pro-
cess: Single Layer Warmup (SLW), and Supervised Fine-Tuning (SFT). The SLW
stage aligns the outputs of the shared layers using Lo loss, providing a good ini-
tialization for the following SFT stage to further restore the model performance.
Extensive experiments demonstrate that SHARP can recover the model’s perplex-
ity on various in-distribution tasks using no more than 50k fine-tuning data while
reducing the number of stored MLP parameters by 38% to 65%. We also conduct
several ablation studies of SHARP and show that replacing layers towards the later
parts of the model yields better performance retention, and that different recovery
parameterizations perform similarly when parameter counts are matched. Further-
more, SHARP saves 42.8% in model storage and reduces the total inference time
by 42.2% compared to the original Llama2-7b model on mobile devices. Our
results highlight SHARP as an efficient solution for reducing inference costs in
deploying LL.Ms without the need for pretraining-scale resources.

1 INTRODUCTION

Following the principles of scaling laws, large language models (LLMs) have become one of the
central topics in Natural Language Processing (NLP) (Brown, [2020; [Zhang et al., 2022; Hoffmann
et al.|[2022; Bubeck et al., 2023} (Chowdhery et al.,|2023}; Bai et al., 2023;|Team et al., 2023} [Touvron
et al.l2023)). However, deploying a pre-trained large language model requires significant computa-
tional and memory resources (Aminabadi et al., 2022; |Pope et al., 2023; Kim et al., 2023b; [Zhang
et al.| 2024b), which may further restrict their inference speed. For instance, a 70-billion-parameter
language model stored in FP16 precision requires approximately 148GB of memory to hold the
model weights, necessitating two A100 GPUs with 80GB of memory each to load the entire model.
During inference, the entire input sequence and the KV cache are also stored on the GPU, incur-
ring additional memory usage. Although techniques like layer-wise inference (HuggingFacel |[2022),
which load the model to GPU layer by layer, enable LLM inference on a single GPU, they introduce
additional inference latency due to frequent memory loading or disk reading. In particular, these
concerns are significant for deployment on mobile devices, which typically have smaller DRAM
(e.g., around 6GB in the iPhone 15) and higher communication overhead (Liu et al., [2024)).

To alleviate these issues, several methods have been carefully explored. One direction is to opti-
mize the calculation process of the attention mechanism and the storage of the KV cache, including
Reformer (Kitaev et al., [2020), Flash Attention (Dao et al., 2022} [Dao, 2023 [Shah et al., 2024),
H50 (Zhang et al., 2024b), and so on. Another main direction is to compress the existing model
while retaining model performance, including quantization (Dettmers et al., 2022} [Liu et al.,|2023aj
Kang et al.,[2024), pruning (?2Sun et al.,[2023)), and sparsification (Frantar & Alistarh}[2023;|Dong &
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Figure 1: (a) Regular pretrained baseline model without layer sharing. (b) Adjacent layer sharing
used in MobileLLM 2024). They repeat the layer twice and train the model from scratch.
(c) Direct Sharing: directly apply vanilla adjacent layer sharing to the pretrained model to accelerate
inference. (d) (Ours) SHARP: SHaring Adjacent Layers with Recovery Parameters. SHARP lever-
ages fine-tuning-scale data to train additional parameters A®, which consist of far fewer parameters
than the original O, in order to recover the model’s performance. In this paper, we explore several
candidate transformations, including the LoRA-style function, to apply the additional parameters

Chenl, [2024}; Mirzadeh et al., 2023}, [Song et al.} 2024). There are also other methods that try to accel-
erate inference by optimizing decoding algorithms, such as speculative decoding 2024).
Additionally, it’s worth mentioning some other research also tries to directly train small language
models (SLMs) (Black et al.|2022; [Zhang et al.| 2022; Timiryasov & Tastet, 2023; Dey et al., 2023}
[Biderman et al} 2023} |Gunasekar et al., 2023} |Hu et al.,[2024) rather than compressing existing large
language models. However, this always requires pretraining-scale resources, which cost more than
the methods that only use post-training-scale data for recovery, such as sparsification.

/Pretrém

In this paper, we focus on a new methodology for efficient inference on current pretrained models,
named the adjacent layer-sharing strategy. It is partially inspired by the observation from Deja
Vu 2023Db): in Figure 5(a) and (b) of their paper, they show that the cosine similarity be-
tween representations at two consecutive layers, or even a few layers apart, can be very high (greater
than 95%), which implies that the model outputs between layers may be similar. This suggests that
we can save inference time by sharing parameters between layers to reduce communication over-
head. A related algorithm, the “immediate block-wise weight sharing” strategy proposed recently by
MobileLLM 2024), also supports this idea. They share the weights between two adjacent
layers to avoid frequent parameter movement in memory (Figure [T(b)) and then train a new small
language model. Note that for mobile devices, the communication overhead in memory accounts
for a major proportion of the latency overhead, therefore, they double the depth of the new model
and obtain better downstream performance, but only increase a negligible additional inference time.
However, although MobileLLM achieves significant improvements in accelerating model inference
on mobile devices, they focus only on training a new model from scratch and do not fit our purpose
of deploying pretrained models through a more resource-saving post-training process.

Our Contributions. To apply the layer-sharing strategy to existing LLMs, in this paper, we propose
a new layer-sharing algorithm named SHARP (SHaring Adjacent layers with Recovery Parameters),
which uses additional low-rank weights to predict subsequent layers, and thus save the memory load
overhead of the predicted layers. We summarize our contributions as follows.

o First, we show that language models are robust to the replacement of adjacent or even later MLP
layers, which further supports the insight of the layer-sharing strategy. Further, we find that the
current layer can be a good approximation of later layers if we add some additional LoRA
parameters and fine-tune them on a high-quality dataset (Figure[Z). We also note that
although the outputs of the adjacent layers are similar, their parameters differ a lot. (Section[2.1)).

e Second, based on these observations, we propose our SHARP algorithm (Figure[T](d)). Given the
current layer, we use candidate transformations, such as LoRA addition, to predict the parameters
of the next several layers using recovery parameters, which reduces memory load overhead and
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Figure 2: Language models are robust to the replacement of adjacent MLP layers. (Left) For each
reference layer, we directly replace the MLP layer in the subsequent layer with that of the reference
layer, then evaluate perplexity on various tasks. We find that, aside from the first and last layers, most
replacements do not significantly increase perplexity compared to the original model (dotted line).
If we fine-tune the model with additional low-rank learnable parameters (rank = 400) added to the
next layer, the perplexity gap is effectively closed (as shown by the ”Arxiv-math (Finetuned)” line).
(Right) Similarly, we observe consistent perplexity results on Arxiv-math (baseline perplexity = 3.0)
when using more general reference-target replacement pairs (i.e., use reference layer to replace any
later layer).

thus accelerates inference. SHARP consists of two stages: the Single Layer Warmup (SLW) stage
and the Supervised Fine-Tuning (SFT) stage, which are used to tune the additional parameters.
During SLW, we minimize the L5 loss between the output of the original replaced layer and
the predicted layers, providing a good initialization for the SFT stage. While SFT is critical for
recovering model performance, SLW plays an essential role in allowing one layer to aggressively
predict multiple layers. With SLW, we can recover model perplexity effectively, even when
dropping 3/4 of the original MLP layers (Section[2.2.2] [3.2).

e Third, we conduct detailed ablation studies on SHARP. Specifically, we investigate how to
achieve more efficient recovery by determining which layers to replace and selecting the best
candidate functions. We find that the earlier layers (layers 5 to 15) are crucial for model per-
formance, and thus, to preserve the model’s capacity, more layers should be replaced toward the
latter parts of the model. Additionally, we explore various candidate functions, including the
vanilla LoRA addition function and other parameterizations, such as left, right, and dot mul-
tiplication of the original weights. Interestingly, we find that these different parameterizations
perform similarly when their total number of parameters is the same (Sections [2.2.3] [3.3).

e Lastly, we perform several experiments to demonstrate the advantages of our SHARP algo-
rithm. In in-distribution tasks, we recover model perplexity across various tasks, such as Arxiv-
math (Kenny, [2023) and Dialogsum |Chen et al| (2021), using no more than 50k fine-tuning
examples, while saving 38%-65% of the MLP layer parameters. We also show that SHARP per-
forms better on memorization-related downstream tasks, and we discuss how knowledge from
different types of downstream tasks is stored in different layers. More importantly, evaluation
results on mobile devices demonstrate that SHARP saves 42.8% in model storage (and loading)
and reduces total run time by 42.2% compared to the original Llama2-7b (Section 3.2} [3.4] [3.3)

2 MAIN METHODS

2.1 INSIGHT: THE CURRENT LAYER CAN BE A GOOD APPROXIMATION OF THE NEXT
LAYER WITH RECOVERY PARAMETERS

As illustrated in the introduction parts, the adjacent layer-sharing strategy (Figure [I] (b)) proposed
by MobileLLM accelerates the inference of a newly-trained small language model (125-350M) by
reusing the previous layers and reducing the communication overhead in memory. However, several
questions about layer-sharing strategies have yet to be revealed: does the success of this adjacent
layer-sharing strategy come from the fact that adjacent layers have similar parameters or behaviors?
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Can we extend this method to a pretrained larger model like Llama2-7b (Touvron et al.|, 2023)), to
accelerate model inference (as shown in Figure (a) and (c))? Further, can we even use one layer to

predict more layers and thus further accelerate inference? 160% -

To answer these questions, we try to directly replace the MLP layer in
the next layer with the current reference layer in Llama2-7b model, and
then evaluate its perplexity on some evaluation tasks including Arxiv-
math (Kenny, 2023), GPT4-Alpaca (Peng et al., [2023), Databricks-
Dolly-15k (Conover et al.| [2023) and Dialogsum (Chen et al., 2021)).
The result is shown in Figure 2| (Left). We found that except for the first -
and last layer, most replacements don’t increase the model perplexity
significantly (solid line) compared to the original model (dash line).
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More surprisingly, for Arxiv-math, we find that if we add some ad- L00% .
ditional learnable parameters{ﬂ to the replaced layer like Figure |1{ (d) Down Up Gate
and use 50k instruction data from Arxiv-math to finetune them, we
can recover the perplexity gap (as the “Arxiv-math (recovered)” line).
Note that the Llama2 models use 2T tokens for pretraining, we claim
that these results support it’s possible to apply SHARP in a larger lan- a1
guage model without pretraining-level resources. Besides in Figure [2] {©i41—6ill/[16i] }i=1)
(Right), we also try more general reference-target replacement pairs, ar¢ all about 142% for
i.e., use one reference layer to predict the later layers, and we obtain £3t€; up and down projec-
similar results on the small perplexity gap. This implies that ir’s possi- 10D

ble to use one reference layer to predict more layers.

Figure 3: Average rel-
ative error between ad-
jacent layers (mean of

What’s more, it’s also worth noting that even though layers with recovery parameters can be good
approximations of each other, the parameters themselves are quite different. This is supported by
evaluating the average relative error between adjacent layers as shown in Figure[3] This phenomenon
implies that to predict the next layer, we should find weights in parameter space to approximate the
outputs of adjacent layers, rather than directly approximate their differing parameters.

2.2 OUR METHODS

In this section, we illustrate how we find the proper additional parameters for predicting each layer
in SHARP. First, we introduce the notations and the settings used in our paper.

2.2.1 PRELIMINARY

We assume the original parameters of a particular function (for example, the gate projection of MLP
layers) at i-th layer as ©; € R%*492 (j € [N]), where d; and d> are the input/output dimension of
the function, and we freeze their gradients during training. We denote the low-rank learnable LoRA
parameters at i-th layer as A; € R®*" B, € R"™*9_ And we let f(- ;©;) denote the particular
function that utilizes ©; as parameters. In this paper, we focus on reducing the parameters in MLP
layers, which take up the main parts of the parameters in the intermediate layers. And we use
Llama2-7b (Touvron et al.,|2023)) as our basic model.

To accurately illustrate the replacement, we denote J := {j1, ..., jix } C [N] as the reference layer
sehﬂ And for each j, € J, we define a corresponding continuous sequence named target layer
sets T, = [jx +1,...,7;] where j,. € [ji + 1, jk+1 — 1]. We also denote g to be the candidate
transformation function (as in Figure [T] (d)). Our goal is to use each reference layer j € J to
approximate every later target layer [ € ‘J; with some learnable low-rank parameters, i.e., aiming to
find some A©y, such that f(-; g(©;, AG;)) performs like f(- ; ©;). We note that only the reference
layer will be loaded and stored, and target layers will be obtained using the corresponding reference
layer combining low-rank additional parameters on the fly. In this way, we trade cheaper parameter
computation for more expensive memory loading.

"Here g is the LoRA addition, i.e., (0, (a, U, V)) = a® + U - V, where a € R,© € R [/ ¢
R X" 1 € R™¥ 92 And here we use rank=400, which is much less than 4096, the rank of original parameters.

2Since from definition, each reference layer will be reused in the later layer but not another reference layer,
obviously we have ji+1 — ji >=2,Vl € K — 1.
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Stored Ratio 7. We define 7 to denote the ratio of the stored layers in the replaced model to that in
the original model. For instance, if we consider Llama2-7b, which has 32 layers, and the number of
replaced layers is X, then 7 := (32 — X)/32.

Compression Ratio s. We define s to represent the ratio of the parameters of the MLP layer in the
replaced model to that in the original model. For instance, assume that we use the LoRA addition
function as candidate transformation, the rank of additional weight is 7, and the number of replaced
layers is X. Then if we consider Llama2-7b, whose MLP weights have the dimension 4096 x 11008,

then the compression ratio can be calculated by
32—X X 40967 + 11008r X _5
= — X x1-—4+ X 1 1
°T 732 T 327 74096 x 11008 gg T XX 10 )

2.2.2 SHARP ALGORITHM

In this part, we show how we achieve SHARP (Figure|l|(d)) algorithm. First, we illustrate why we
choose such a two-stage algorithm for recovering.

Why Two-Stage? A natural way to recover the model performance is to directly finetune the model
end-to-end for all learnable low-rank additional parameters. In general, it works fine when we try
to use one layer to replace the next layer, which at most gives a 50% reduction of the MLP layers.
However, if we want to use one layer to compute multiple adjacent layers, just using the SFT stage
will require more data for recovering, and result in a much slower convergence rate and worse
final result. The detailed discussion of this has been investigated in Section [3.3.3] and Table[3] and
the intuition for this phenomenon may be that when we use one layer to replace multiple layers
aggressively, the model loses too many parameters and thus start optimizing from an initialization
point that is far from the optimal solution. Therefore, we need first to align the output of the predicted
and original target layers before the SFT stage. Details of the algorithm are as follows.

Stage 1: Single Layer Warmup (SLW). First, we minimize the £, loss between the output of
layer predicted by the reference layer and that of the original target layer by finetuning the model on
high-quality data. Formally, for each reference layer 7 € 7 and every target layer predicted by this
reference layer [ € 7;, we want to find:

A8} «argminExpu [ f(X39(6:, A01)) — f(X;©4)]13] @

Here P, is the distribution of the input activations of f(- ; ©;), and it can be obtained by running the
forwarding pass of the original model on the finetuning dataset. We also note that the SLW stage of
each target layer can be much faster than the SFT stage (Stage 2) since we just run one MLP layer,
which has only 135M parameters (while the whole model has 7B parameters). And this process
can also be fully parallelized since the SLW stages of different target layers are independent. In
Section[3.3.3] we will show that SLW is critical for increasing the compression ratios.

Stage 2: Supervised Fine-Tuning (SFT). After the single MLP warmup stage, we partly recover
the output of the replaced layers. To better align different replaced layers together and obtain better
model output, at the second stage, we fixed the original parameters and finetune all the learnable
low-rank components {A©, } together. In Section we will also show that although SLW is
important, SFT is still the key stage to recover the model capacity.

2.2.3 CHOICE OF REPLACEMENT AND CANDIDATE TRANSFORMATION

Replacement Type. Note that in SHARP, there are multiple ways to define the reference layer set
J and the corresponding target layer set 7. To prevent ambiguity, we formally list the types of layer
replacement that we used in this paper in Table[l] And more detailed table are in Table

Notably, we skip the first and the last layer for all types, since Figure [2] shows that these two layers
may be quite important or behave differently from other layers. For Tyex; and Tyexi2, Wwe consider the
constant reference intervals (each reference predicts the next or next two target layers). For Tpacx
and T, We consider the cases where making one reference layer predicts more target layers in
the front parts and back parts, respectively. And finally, for Ty and Tp,x, We aggressively try to
remove more MLP layers. In Section|3.3.1) we will show that repeating layers in the back parts of
the model is better than doing this in the front parts, i.e., Tpack is better than Tgopy, and even better
than Tpex2. Furthermore, we will show that aggressively removing the layers like Tpore and Tpax
can still achieve quite good recovery performance.
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Table 1: Different replacement types. Here the stored ratio 7 is defined in Section For example
in Tyext, we need to store 18 layers (1,2,3,5,...29, 31,32), out of 32 layers in the original model, so
7 = 56%. More details about the reference layers and the target layers are shown in Table

Type | Stored Ratio 7 | Description

Thext ‘ 56% ‘ Replacing layer 2t with layer 2t — 1 for ¢ € [2, 15]
Thextz | 44% | Replacing layer 3¢ + 1, 3¢ + 2 with layer 3t for t € [1,9]
Thack | 38% |  Replacing more layers in the back parts of the model.
Ttront ‘ 38% ‘ Replacing more layers in the front parts of the model.
Tumore | 25% | Replace more aggressively, just store 8 layers

Timax | 16% | Replace more aggressively, just store 5 layers

Candidate Transformation Type. On the other hand, we also consider different candidate trans-
formations g. In detail, we investigate the following parameterization ways:

90(0;, (a, A, B))) := a®; + AiB;, a€R,A € RM*" B e R"™*% 3)

91(85, (o, A1, By, Ci, Dh)) == a©;C Dy + AiBi, a € R, A € R B, C1, D e R™*2 (4)
92(0;, (a, Ay, B, B, F)) := aBF, ©; + AiBi, a €R, A, B, e R B eR™*® (5)
93(0;, (a, Ay, B, U, V) := a[(UilV)) ©9,] + AiBi, a€R, AU € R™*" B, Vi e R™*%2 (6)
Here we consider the vanilla LoRA, left multiplication, right multiplication, and dot multiplication.
We assume d; = 4096 < do = 11008 for Llama2-7b to prevent ambiguity. The comparison result

is shown in Section [3.3.2] Surprisingly we find these four different transformations have almost the
same capability for recovering model performance if their numbers of parameters are the same.

3 EXPERIMENTS

In the experiment section, we mainly focus on four parts: (E1) In-distribution recovery tasks, where
we apply SHARP to the pretrained model, finetune it on a specific high-quality dataset, and then
evaluate the model’s perplexity on the same dataset. (E2) Ablation study, where we investigate how
to choose better replacement types and candidate transformations. We also try to analyze how the
single-layer warmup stage and different settings influence the model recovery, and want to see how
aggressively we can choose the replacement type. (E3) Downstream evaluation, where we assess
the model’s performance on several widely-used downstream tasks. (E4) Latency analysis, where
we examine how much inference acceleration SHARP can achieve.

3.1 EXPERIMENTAL SETTINGS

Dataset. We use several high-quality datasets in our in-distribution recovery tasks: (1) Arxiv-
math (Kennyl 2023): it includes 50k high-quality QA instruction data from the mathematical do-
main. (2) GPT4-Alpaca (Peng et al.l [2023): it contains 52k English instruction-following gen-
erated by GPT-4 using Alpaca prompts. (3) Databricks-Dolly (Conover et al., [2023): This is an
open-source dataset comprising 15k instruction-following records generated by Databricks em-
ployees. (4) DialogSum (Chen et al.l 2021): this is a dialogue summarization dataset consisting
of 13.5k dialogues (12.5k for training) with corresponding manually labeled summaries and top-
ics. (5) OpenOrca (Mukherjee et al.| |2023)), which is a collection of augmented FLAN Collection
data (Longpre et al.,|2023)), containing about 1M GPT-4 completions and about 3.2M GPT-3.5 com-
pletions. We select a 50k subset of it for in-distribution tasks.

In downstream evaluation parts, we also use (6) FineWeb-Edu (Penedo et al., [2024; |Lozhkov et al.,
2024]), consists of 1.3T tokens of educational web pages filtered from the FineWeb dataset. We
use its “sample-10BT” subset. (7) Tulu V2 Collection (Ivison et al.l 2023), which contains 326k
instruction data mixed from FLAN (Longpre et al., [2023), Open Assistant 1 (Kopf et al., [2024),
GPT4-Alpaca (Peng et al.,[2023)), Code-Alpaca (Chaudhary, 2023), LIMA (Zhou et al., |[2024)), Wiz-
ardLM (Xu et al., [2024) and Open-Orca (Mukherjee et al., | 2023).

Finetuning Model. Here we use Llama2-7b (Touvron et al., [2023) as the basic model. For the
Single Layer Warmup (Stage 1), we use the Adam optimizer with a fixed learning rate of le-3
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Table 2: The perplexity of different methods and different replacement types in the In-distribution
recovering tasks. The smaller value the better. We use rank=400 for the additional parameters and
let go (Eqn[3) be the candidate transformation. The compression ratio s is defined in Section [2.2.1]
“SHARP (w/o fine-tuning)” means just use the first Single Layer Warmup Stage for recovering.

Models | Type | s | Arxiv-math DialogSum GPT4-Alpaca Dolly OpenOrca
Original | | 100% | 30 37 25 3.6 45
Direct Sharing Thext 62% 2171.3 801.7 20662.1 7221.7  12108.5
SHARP (w/o fine-tuning) | Thext 62% 4.8 53 4.2 7.2 8.4
SHARP Thext 62% 3.2 3.8 2.8 4.7 4.3
Direct Sharing Thack | 46% 92603.9 154262.4 67908.4 136787.2 86993.3
SHARP (w/o fine-tuning) | Toack | 46% 7.7 7.6 7.9 13.7 13.5
SHARP Thack | 46% 3.5 4.2 3.2 5.8 49
Direct Sharing Tmore | 35% 318430.3 143335.7 346485.1  280953.7 300136.8
SHARP (w/o fine-tuning) | Tmore 35% 26.6 9.8 11.3 23.7 21.8
SHARP Tmore | 35% 3.7 4.4 34 6.4 5.3

for 5 epochs. For the SFT (Stage 2), we follow the pipeline of Open-Instruct (Wang et al.| [2023)
The learning rate of the SFT stage is 2e-5, the warmup ratioﬂ of the SFT stage is 5% and the max
sequence length is 2048. In the in-distribution recovering tasks, we random sample 10% of the
training data (except 30% for Databricks-Dolly and 5% for OpenOrca) to calculate the activations
in the intermediate layers for the SLW (Stage 1). While in the downstream evaluation tasks, we use
10% of the Arxiv-math data for Stage 1, and then use 50k instruction data from Arxiv-math, 200k
data from FineWeb-Edu, and all data that is from Tulu V2 and listed above for SFT (Stage 2). The
total number of tokens used for finetuning at the downstream evaluation tasks is about 0.7B, which
is much less than that of the pretraining data used by Llama2 (2T).

Evaluation. For the in-distribution recovering tasks, we select 1% of the data from each task for
calculating perplexity, while the other 99% for recovering model performance. For the downstream
evaluation, we follow the pipeline of Language Model Evaluation Harness (Gao et al.l [2024). We
select the evaluation tasks that are widely used in other works and measure various abilities of the
model, including memorization and reasoning. Details are illustrated in Appendix [C.1}

3.2 E1: IN-DISTRIBUTION RECOVERING TASKS

In this section, we use rank=400 for the additional parameters employed in SHARP. It is important
to note that the projection matrices in the MLP layers of Llama2-7b have a shape of 4096 x 11008,
meaning the additional parameters occupy no more than 13% of the original parameter size.

We show the results of in-distribution recovering tasks in Table[2] Directly sharing adjacent layers,
as in Figure[I] (¢) (Liu et al.l [2024), leads to unacceptably high perplexity and meaningless output.
However, using the Single Layer Warmup (SHARP w/o fine-tuning), the perplexity of the model
gets to a reasonable range. After applying SFT with the in-distribution data, the perplexity gap
between the original and the SHARP-processed model can be further reduced. In particular, Tyex
almost fixes the gap for most of the tasks except Databricks-Dolly. What’s more, after radically
giving up more than 3/4 of the layers (Tmore, compression ratios are calculated by Eqn. [T)), we can
still recover the perplexity gap quite well. These results show the potential of SHARP to save model
parameters and accelerate inference.

3.3 E2: FURTHER ABLATION STUDY

In this section, we conduct several ablation studies of SHARP.

3.3.1 How TO REPLACE BETTER?

3Note this is the warmup steps of SFT rather than the SLW stage
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Table 3: Different settings for SHARP. It shows the model perplexity evaluated on Arxiv-math,
where the baseline result is 3.0. We use go (Eqn. [3) as the candidate function, and the Types are
shown in Table |1| The percentage in the bracket means the proportion of the Arxiv-math training
data that are randomly sampled for the SFT stage. Compression ratios s is calculated by Eqn.

Rank r | r=5 r=20 r=400 | r r=20 =400 | r =400
Type ‘ Thext ‘ Thack ‘ Tmore
Compression Ratio s | 56%  57% 62% | 38% 38% 46% | 35%
Direct Sharing 2171.3 21713 2171.3 92603.9 92603.9 92603.9 318430.3
SHARP (w/o fine-tuning) 13.0 9.5 4.8 73.7 33.9 7.7 26.6
Supervised Fine-Tuning (10%) 4.9 5.0 5.0 6.2 6.7 8.6 14.8
Supervised Fine-Tuning (100%) 4.0 4.0 3.8 4.5 4.2 3.6 6.8
SHARP (10%) 4.9 4.9 3.9 6.0 5.6 4.2 4.5
SHARP (100%) 4.1 3.8 3.2 4.8 4.2 3.5 3.7

First, we investigate that with the same or similar Table 4: ~Recovery results for different
number of the stored layers (i.e., stored ratio s), SHARP Types. Store ratio 7 is defined in
which type of replacement can better retain model Sectlonlf_ff]

capacity. Like the previous section, we use matri-
ces with rank=400 as the additional LoRA parame- Type | 7 | Arxiv-math | DialogSum
ters, and we try all thf: SHARP types shown ip Ta-  Baseline | 100% | 3.0 | 37
ble[Il The results are in Table[dl We find that inter-

estingly, although T« recovers the perplexity quite %‘ex‘ ZZZ) g 3 i g
well, Tyexz only has the same or even worse results next2 © ) :

. . .. Thack 38% 3.5 4.2
than Ty,cx, Which has a smaller stored ratio (s). Simi- Thront 38% 33 44
larly, Tfrone has worse performance than Ty,ck. These Tn::e 25% 3:7 4: 4
results show that replacing more layers at the back T, 16% 4.1 4.9

parts of the model can better maintain the model per-
formance. The discussion of Figure [ in Section [3.4] will further support this claim. Furthermore,
we can see that Tpore and Tpax also have impressive recovery results, even though they drop most of
the MLP layers, which also support our claims in Section

3.3.2 DIFFERENT CANDIDATE TRANSFORMATION

In this part, we compare various candidate trans- Table 5: Perplexity on Arxiv-math for different
formations listed in Section 2.2.3] i.e., Equation candidate transformations (Tyex()-
(3).@).(@), and (6), to assess their impact on model

recovery. For a fair comparison, we adjust ranks SHARP (w/o

so all candidates have almost the same number of ~ Type rank fine-tuning SHARP
additional parameters. The setting and the result -

are shown in Table[5] Surprisingly, except for the Baseline | NA | NA | 30
SLW stage of g1, all other candidate transforma-  go (Eqn.[3) | 400 4.8 3.2
tions have similar performance for both SLW and g1 (Eqn.[4) | 163 5.5 33
the complete SHARP stages. This may show that 92 (Eqn.p) | 259 4.8 3.3
using the same amount of additional parameters, _93 (Eqn.Jo) | 200 47 33

different parameterization strategies have the same
recovery capabilities. And since LoRA-style transformation, go has the simplest forms and more
comprehensive studies, we choose gy as our candidate transformation in the later experiment parts.

3.3.3 ABLATION STUDY FOR DATASET SI1ZE, RANK AND TYPE

To find the optimal algorithm settings, we further explore how different choices of dataset size, rank
of the additional parameters, and the SHARP Types together influence the recovery performance.
We choose Arxiv-math as the in-distribution task and select ranks among 5, 20, and 400. The
methods contain the vanilla adjacent layer sharing (Direct Sharing), just use the first stage of SHARP
(SLW, SHARP w/o fine-tuning), just use the second stage (SFT), and the complete SHARP. Training
dataset size includes all the dataset (100%) or a small random subset of it (10%).
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Table 6: Recover results on the downstream tasks. The higher the better for all the tasks. Here we
use rank=400 and the replacement type is Tyx, therefore, the compression ratio is 62%.

Models | SciQ BoolQ PIQA ARC-E ARC-C  WinoGrande MedMCQA
Original ‘ 9.1 718 78.1 76.3 433 69.4 345
Direct Sharing 227 491 56.7 26.8 22.0 50.6 22.4
SHARP (w/o fine-tuning) | 87.8  66.1 63.0 54.8 26.8 57.8 30.5
SHARP 92.6 76.0 72.6 65.8 34.7 62.4 314
| BBH GSM8k MATHQA MUTUAL LAMBADA ComSenQA QA4MRE
Original | 38.6 142 28.4 70.8 71.9 32.6 42.8
Direct Sharing 0.0 0.0 20.7 57.5 8.1 20.0 16.6
SHARP (w/o fine-tuning) | 24.8 1.6 22.1 59.8 35.0 20.0 30.2
SHARP 29.8 3.6 24.7 68.3 58.3 4.1 38.3

The results are shown in Table We note that although the performance of SLW alone is not
advanced, it is beneficial for the whole SHARP process. Especially, the larger the rank, the smaller
the finetuning dataset size, and the more aggressively we drop the layers, the more important the
SLW stage serves. For example, in (r=400, Tp,ck) case, SFT (10%) just recovers the perplexity to
8.6, while SLW + SFT (10%) can improve it to 4.2. And in (r=400, Tp) case, even SFT (100%)
performs much worse than SLW + SFT (100%). In general, SLW + SFT (10%) already approaches
the best result SLW + SFT (100%) quite well although they just use 10% of the finetuning data. On
the other hand, when the rank is small, the influence of SLW is not significant. As in rank=5, SLW +
SFT has similar results to SFT alone for both Ty and Tp,cx. We think the reason for this is that the
target of the SLW stage is to provide a better LORA weight initialization for the SFT. Since we use
L5 loss at SLW, the warmup performance becomes better when the rank of additional parameters
becomes larger (Like for Tpyek, SLW alone with r=5 just improves perplexity to 73.7, while r=400
can bring it to 7.7), and its gain becomes more obvious when more layers need to be predicted and
the SFT data is not enough.

Besides, we also find that in general, SFT is the key stage of SHARP to recover the final per-
formance, and a larger rank and larger finetuning dataset brings better performance. For the best
setting (rank=400, SLW + SFT (100%)), aggressively dropping most of the MLP layers like Tyore,
which drops 75% of the original MLP layers, still keeps quite good performance (3.7) in perplexity
compared to the best result of Tpex (3.2).

3.4 E3: DOWNSTREAM EVALUATION

Here we use type Tpexe With rank=400 for recovering parameters. Due to time and resource con-
straints, we fine-tuned the model using only 0.7B tokens, significantly fewer than Llama2’s 2T pre-
training tokens and the 30B—150B tokens used in sparsification works (Mirzadeh et al.l 2023} [Song
et al.| [2024). However, it still brings positive signals and further understanding of our methods. The
result is shown in Table [6l

As expected, SHARP greatly outperforms Direct Sharing and SLW alone on all the evaluation tasks.
In particular, we notice that SHARP performs relatively better in tasks requiring knowledge memo-
rization capability. For example, compared to the original model, SHARP has very close evaluation
results on SciQ and BoolQ, which focus on memorizing scientific concepts and knowledge from var-
ious domains, respectively. Notably, it even surpasses the baseline on CommonsenseQA (44.1 versus
32.6), which measures the commonsense knowledge of the model. On the other hand, for tasks that
further require more complex reasoning capabilities, like GSM8k, ARC-Easy, ARC-Challenge, and
PIQA, the performance gap between SHARP and the original model is still large.

For a better understanding of why SHARP has different performance on different kinds of evaluation
tasks, we try to observe the sensitivity of different layers to each task. To achieve this, we set
the parameters of each MLP layer to zero and compare the evaluation results between the original
model and the modified model. The results are shown in Figure 4| and we have two observations:
(1) We find that layers 5 to 15 and the last two layers are important for all tasks. Setting their
parameters to 0 will hurt both knowledge-memorization tasks and reasoning tasks. This supports
our claim in Section that keeping the front parts of the layers can retain more model capacity.
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Figure 4: Impact of different layers on model capabilities. The x-axis denotes the index of the zero-
out MLP layer, whose weights are set to be zero, in the modified model, and the y-axis shows the
difference between the original model and the modified model on the particular evaluation tasks,
which means that the lower the value the better. (Left) Evaluation tasks focused on memorizing
domain-specific knowledge or common sense. (Right) Evaluation tasks requiring reasoning abilities
in areas like mathematics, physics, or general reasoning. We skip index O since it’s critical based on

Figure 2]

(2) Interestingly, for layers 16 to 30, we find different phenomenons for knowledge memorization
tasks and reasoning tasks. For knowledge memorization tasks, just a few layers between 16 to 30
are important for the performance, and they may vary for different tasks. For example, 19 and 29
for BoolQ, 19,24,26, and 27 for CommonsenseQA, and 22 and 29 for MedMCQA. While for the
complex reasoning tasks, almost all the layers between 16 and 30 have a non-negligible influence on
the model output. These may imply that the model uses some specific weights in the later layers to
memorize knowledge from various domains, while for more complex reasoning tasks, the capability
is related to all the layers, which results in it needing more data and resources for the model to
recover performance. This ablation study will also be useful for future works of interpreting how
models capture knowledge and capabilities at each layer.

Table 7: Run time results (seconds) on mobile.

Model | Load & Init (std) | Forward (std) | Total time | Model size
Original Llama2-7b 9.794 (0.627%) 2.905 (1.573%) 12.699 4.04GB
SHARP (Text) 5.684 (0.645%) 1.630 (1.363%) 7.314 2.31GB
SHARP (Toew) saving | 420% | 43.9% | 422% | 428%

3.5 E4: LATENCY ANALYSIS

In this section, we measure the time to load and initialize the model and the average time to run a
single forward over 5 runs using ExecuTorch v0.3.0 on iPhone 16 Pro (i0OS 18.1), with XNNPack
backend. To enable to model to be fitted into the phone with 8GB RAM, we use 4-bit integer
quantized models. Detailed experimental setting is in Appendix Results in Table [/| reflect
that through weight sharing, SHARP saves 42.0% of loading and initialization time, which is the
dominant of the model execution, attributable to fewer layers required to store and load. SHARP
also runs faster than the original Llama2-7b by 43.9%, benefiting from data locality. Overall, our
SHARP saves 42.2% run time and 42.8% model storage compared to the original Llama2-7b.

4 CONCLUSION

This paper presented SHARP, a method to accelerate large language model inference by sharing ad-
jacent layers with recovery parameters. SHARP effectively reduces model size and inference time
by using the reference layer to predict the later layers, which saves the memory load overhead. It
recovers the model performance through a two-stage process: Single Layer Warmup and Supervised
Fine-Tuning. Experimental results demonstrate that SHARP achieves comparable perplexity to orig-
inal models across various in-distribution tasks. By minimizing the number of layers and parameters
needed, SHARP provides a practical solution for deploying large models in resource-constrained en-
vironments. We believe this method can further enlighten researchers in designing advanced layer-
sharing methods for accelerating inference and may be insightful for the interpretability-related
works on understanding how each layer works in LLM.

10



Under review as a conference paper at ICLR 2025

REFERENCES

Marah Abdin, Sam Ade Jacobs, Ammar Ahmad Awan, Jyoti Aneja, Ahmed Awadallah, Hany
Awadalla, Nguyen Bach, Amit Bahree, Arash Bakhtiari, Harkirat Behl, et al. Phi-3 technical re-
port: A highly capable language model locally on your phone. arXiv preprint arXiv:2404.14219,
2024.

Reza Yazdani Aminabadi, Samyam Rajbhandari, Ammar Ahmad Awan, Cheng Li, Du Li, Elton
Zheng, Olatunji Ruwase, Shaden Smith, Minjia Zhang, Jeff Rasley, et al. Deepspeed-inference:
enabling efficient inference of transformer models at unprecedented scale. In SC22: International
Conference for High Performance Computing, Networking, Storage and Analysis, pp. 1-15. IEEE,
2022.

Aida Amini, Saadia Gabriel, Peter Lin, Rik Koncel-Kedziorski, Yejin Choi, and Hannaneh Ha-
jishirzi. Mathqa: Towards interpretable math word problem solving with operation-based for-
malisms, 2019.

Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang, Xiaodong Deng, Yang Fan, Wenbin Ge,
Yu Han, Fei Huang, et al. Qwen technical report. arXiv preprint arXiv:2309.16609, 2023.

Stella Biderman, Hailey Schoelkopf, Quentin Gregory Anthony, Herbie Bradley, Kyle O’Brien, Eric
Hallahan, Mohammad Aflah Khan, Shivanshu Purohit, USVSN Sai Prashanth, Edward Raff, et al.
Pythia: A suite for analyzing large language models across training and scaling. In International
Conference on Machine Learning, pp. 2397-2430. PMLR, 2023.

Yonatan Bisk, Rowan Zellers, Ronan Le Bras, Jianfeng Gao, and Yejin Choi. Piga: Reasoning
about physical commonsense in natural language. In Thirty-Fourth AAAI Conference on Artificial
Intelligence, 2020.

Sid Black, Stella Biderman, Eric Hallahan, Quentin Anthony, Leo Gao, Laurence Golding, Horace
He, Connor Leahy, Kyle McDonell, Jason Phang, et al. Gpt-neox-20b: An open-source autore-
gressive language model. arXiv preprint arXiv:2204.06745, 2022.

Tom B Brown. Language models are few-shot learners. arXiv preprint arXiv:2005.14165, 2020.

Sébastien Bubeck, Varun Chandrasekaran, Ronen Eldan, Johannes Gehrke, Eric Horvitz, Ece Ka-
mar, Peter Lee, Yin Tat Lee, Yuanzhi Li, Scott Lundberg, et al. Sparks of artificial general
intelligence: Early experiments with gpt-4. arXiv preprint arXiv:2303.12712, 2023.

Sahil Chaudhary. Code alpaca: An instruction-following llama model for code generation. https:
//github.com/sahil280114/codealpaca, 2023.

Xin Chen, Hanxian Huang, Yanjun Gao, Yi Wang, Jishen Zhao, and Ke Ding. Learning to maxi-
mize mutual information for chain-of-thought distillation. In Lun-Wei Ku, Andre Martins, and
Vivek Srikumar (eds.), Findings of the Association for Computational Linguistics ACL 2024, pp.
6857-6868, Bangkok, Thailand and virtual meeting, August 2024. Association for Computational
Linguistics. doi: 10.18653/v1/2024.findings-acl.409. URL https://aclanthology.org/
2024 .findings—-acl.409.

Yukang Chen, Shengju Qian, Haotian Tang, Xin Lai, Zhijian Liu, Song Han, and Jiaya Jia. Longlora:
Efficient fine-tuning of long-context large language models. arXiv preprint arXiv:2309.12307,
2023.

Yulong Chen, Yang Liu, Liang Chen, and Yue Zhang. DialogSum: A real-life scenario dia-
logue summarization dataset. In Chengqing Zong, Fei Xia, Wenjie Li, and Roberto Navigli
(eds.), Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pp. 5062—
5074, Online, August 2021. Association for Computational Linguistics. doi: 10.18653/v1/2021.
findings-acl.449. URL https://aclanthology.org/2021.findings-acl.449.

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin, Maarten Bosma, Gaurav Mishra, Adam
Roberts, Paul Barham, Hyung Won Chung, Charles Sutton, Sebastian Gehrmann, et al. Palm:
Scaling language modeling with pathways. Journal of Machine Learning Research, 24(240):
1-113, 2023.

11


https://github.com/sahil280114/codealpaca
https://github.com/sahil280114/codealpaca
https://aclanthology.org/2024.findings-acl.409
https://aclanthology.org/2024.findings-acl.409
https://aclanthology.org/2021.findings-acl.449

Under review as a conference paper at ICLR 2025

Christopher Clark, Kenton Lee, Ming-Wei Chang, Tom Kwiatkowski, Michael Collins, and Kristina
Toutanova. Boolq: Exploring the surprising difficulty of natural yes/no questions. In NAACL,
2019.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot, Ashish Sabharwal, Carissa Schoenick, and
Oyvind Tafjord. Think you have solved question answering? try arc, the ai2 reasoning challenge.
ArXiv, abs/1803.05457, 2018.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, Christopher Hesse, and John
Schulman. Training verifiers to solve math word problems. arXiv preprint arXiv:2110.14168,
2021.

Mike Conover, Matt Hayes, Ankit Mathur, Jianwei Xie, Jun Wan, Sam Shah, Ali Ghodsi, Patrick
Wendell, Matei Zaharia, and Reynold Xin. Free dolly: Introducing the world’s first truly open
instruction-tuned 1lm, 2023. URL https://www.databricks.com/blog/2023/04/
12/dolly—-first—open—-commercially-viable—-instruction—-tuned-11m.

Leyang Cui, Yu Wu, Shujie Liu, Yue Zhang, and Ming Zhou. Mutual: A dataset for multi-turn
dialogue reasoning. In Proceedings of the 58th Conference of the Association for Computational
Linguistics. Association for Computational Linguistics, 2020.

Tri Dao. Flashattention-2: Faster attention with better parallelism and work partitioning. arXiv
preprint arXiv:2307.08691, 2023.

Tri Dao, Dan Fu, Stefano Ermon, Atri Rudra, and Christopher Ré. Flashattention: Fast and memory-
efficient exact attention with io-awareness. Advances in Neural Information Processing Systems,
35:16344-16359, 2022.

Tim Dettmers, Mike Lewis, Younes Belkada, and Luke Zettlemoyer. Gpt3. int8 (): 8-bit matrix
multiplication for transformers at scale. Advances in Neural Information Processing Systems, 35:
30318-30332, 2022.

Tim Dettmers, Artidoro Pagnoni, Ari Holtzman, and Luke Zettlemoyer. Qlora: Efficient finetuning
of quantized llms. Advances in Neural Information Processing Systems, 36, 2024.

Nolan Dey, Gurpreet Gosal, Hemant Khachane, William Marshall, Ribhu Pathria, Marvin Tom, Joel
Hestness, et al. Cerebras-gpt: Open compute-optimal language models trained on the cerebras
wafer-scale cluster. arXiv preprint arXiv:2304.03208, 2023.

Gaochen Dong and Wei Chen. Blockwise compression of transformer-based models without re-
training. Neural Networks, 171:423—-428, 2024.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-Dahle, Aiesha
Letman, Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan, et al. The llama 3 herd of models.
arXiv preprint arXiv:2407.21783, 2024.

Elias Frantar and Dan Alistarh. Sparsegpt: Massive language models can be accurately pruned in
one-shot. In International Conference on Machine Learning, pp. 10323-10337. PMLR, 2023.

Elias Frantar, Saleh Ashkboos, Torsten Hoefler, and Dan Alistarh. Gptq: Accurate post-training
quantization for generative pre-trained transformers. arXiv preprint arXiv:2210.17323,2022.

Cheng Fu, Hanxian Huang, Xinyun Chen, Yuandong Tian, and Jishen Zhao. Learn-to-share: A
hardware-friendly transfer learning framework exploiting computation and parameter sharing. In
International Conference on Machine Learning, pp. 3469-3479. PMLR, 2021.

Leo Gao, Jonathan Tow, Baber Abbasi, Stella Biderman, Sid Black, Anthony DiPofi, Charles Fos-
ter, Laurence Golding, Jeffrey Hsu, Alain Le Noac’h, Haonan Li, Kyle McDonell, Niklas Muen-
nighoff, Chris Ociepa, Jason Phang, Laria Reynolds, Hailey Schoelkopf, Aviya Skowron, Lin-
tang Sutawika, Eric Tang, Anish Thite, Ben Wang, Kevin Wang, and Andy Zou. A framework
for few-shot language model evaluation, 07 2024. URL https://zenodo.org/records/
12608602

12


https://www.databricks.com/blog/2023/04/12/dolly-first-open-commercially-viable-instruction-tuned-llm
https://www.databricks.com/blog/2023/04/12/dolly-first-open-commercially-viable-instruction-tuned-llm
https://zenodo.org/records/12608602
https://zenodo.org/records/12608602

Under review as a conference paper at ICLR 2025

Andrey Gromov, Kushal Tirumala, Hassan Shapourian, Paolo Glorioso, and Daniel A Roberts. The
unreasonable ineffectiveness of the deeper layers. arXiv preprint arXiv:2403.17887, 2024.

Suriya Gunasekar, Yi Zhang, Jyoti Aneja, Caio César Teodoro Mendes, Allie Del Giorno, Sivakanth
Gopi, Mojan Javaheripi, Piero Kauffmann, Gustavo de Rosa, Olli Saarikivi, et al. Textbooks are
all you need. arXiv preprint arXiv:2306.11644, 2023.

Habib Hajimolahoseini, Mehdi Rezagholizadeh, Vahid Partovinia, Marzieh Tahaei, Omar Mohamed
Awad, and Yang Liu. Compressing pre-trained language models using progressive low rank de-
composition. Advances in Neural Information Processing Systems, 2021.

Geoffrey Hinton. Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531,
2015.

Jordan Hoffmann, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya, Trevor Cai, Eliza
Rutherford, Diego de Las Casas, Lisa Anne Hendricks, Johannes Welbl, Aidan Clark, et al. Train-
ing compute-optimal large language models. arXiv preprint arXiv:2203.15556, 2022.

Yen-Chang Hsu, Ting Hua, Sungen Chang, Qian Lou, Yilin Shen, and Hongxia Jin. Language model
compression with weighted low-rank factorization. arXiv preprint arXiv:2207.00112, 2022.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. arXiv preprint
arXiv:2106.09685, 2021.

Shengding Hu, Yuge Tu, Xu Han, Chaoqun He, Ganqu Cui, Xiang Long, Zhi Zheng, Yewei Fang,
Yuxiang Huang, Weilin Zhao, et al. Minicpm: Unveiling the potential of small language models
with scalable training strategies. arXiv preprint arXiv:2404.06395, 2024.

HuggingFace. safetensors. https://github.com/huggingface/safetensors, 2022.
Accessed: 2024-04-27.

Hamish Ivison, Yizhong Wang, Valentina Pyatkin, Nathan Lambert, Matthew Peters, Pradeep
Dasigi, Joel Jang, David Wadden, Noah A Smith, Iz Beltagy, et al. Camels in a changing cli-
mate: Enhancing Im adaptation with tulu 2. arXiv preprint arXiv:2311.10702, 2023.

Albert Q Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford, Devendra Singh Chaplot,
Diego de las Casas, Florian Bressand, Gianna Lengyel, Guillaume Lample, Lucile Saulnier, et al.
Mistral 7b. arXiv preprint arXiv:2310.06825, 2023.

Haoming Jiang, Chen Liang, Chong Wang, and Tuo Zhao. Multi-domain neural machine translation
with word-level adaptive layer-wise domain mixing. arXiv preprint arXiv:1911.02692, 2019.

Mandar Joshi, Eunsol Choi, Daniel S. Weld, and Luke Zettlemoyer. Triviaga: A large scale distantly
supervised challenge dataset for reading comprehension. In Proceedings of the 55th Annual Meet-
ing of the Association for Computational Linguistics, Vancouver, Canada, July 2017. Association
for Computational Linguistics.

Hao Kang, Qingru Zhang, Souvik Kundu, Geonhwa Jeong, Zaoxing Liu, Tushar Krishna, and Tuo
Zhao. Gear: An efficient kv cache compression recipefor near-lossless generative inference of
llm. arXiv preprint arXiv:2403.05527, 2024.

Matthew Kenny. arxiv-math-instruct-50. 2023.

Sehoon Kim, Coleman Hooper, Amir Gholami, Zhen Dong, Xiuyu Li, Sheng Shen, Michael W
Mahoney, and Kurt Keutzer. Squeezellm: Dense-and-sparse quantization. arXiv preprint
arXiv:2306.07629, 2023a.

Sehoon Kim, Coleman Hooper, Thanakul Wattanawong, Minwoo Kang, Ruohan Yan, Hasan Genc,
Grace Dinh, Qijing Huang, Kurt Keutzer, Michael W Mahoney, et al. Full stack optimization of
transformer inference: a survey. arXiv preprint arXiv:2302.14017, 2023b.

Sehoon Kim, Karttikeya Mangalam, Suhong Moon, Jitendra Malik, Michael W Mahoney, Amir
Gholami, and Kurt Keutzer. Speculative decoding with big little decoder. Advances in Neural
Information Processing Systems, 36, 2024.

13


https://github.com/huggingface/safetensors

Under review as a conference paper at ICLR 2025

Nikita Kitaev, Lukasz Kaiser, and Anselm Levskaya. Reformer: The efficient transformer. arXiv
preprint arXiv:2001.04451, 2020.

Andreas Kopf, Yannic Kilcher, Dimitri von Riitte, Sotiris Anagnostidis, Zhi Rui Tam, Keith
Stevens, Abdullah Barhoum, Duc Nguyen, Oliver Stanley, Richdrd Nagyfi, et al. Openassistant
conversations-democratizing large language model alignment. Advances in Neural Information
Processing Systems, 36, 2024.

Yixiao Li, Yifan Yu, Chen Liang, Pengcheng He, Nikos Karampatziakis, Weizhu Chen, and Tuo
Zhao. Loftq: Lora-fine-tuning-aware quantization for large language models. arXiv preprint
arXiv:2310.08659, 2023a.

Yixiao Li, Yifan Yu, Qingru Zhang, Chen Liang, Pengcheng He, Weizhu Chen, and Tuo Zhao.
Losparse: Structured compression of large language models based on low-rank and sparse approx-
imation. In International Conference on Machine Learning, pp. 20336-20350. PMLR, 2023b.

Xiaodong Liu, Yu Wang, Jianshu Ji, Hao Cheng, Xueyun Zhu, Emmanuel Awa, Pengcheng He,
Weizhu Chen, Hoifung Poon, Guihong Cao, et al. The microsoft toolkit of multi-task deep neural
networks for natural language understanding. arXiv preprint arXiv:2002.07972, 2020.

Zechun Liu, Barlas Oguz, Changsheng Zhao, Ernie Chang, Pierre Stock, Yashar Mehdad, Yangyang
Shi, Raghuraman Krishnamoorthi, and Vikas Chandra. Llm-qat: Data-free quantization aware
training for large language models. arXiv preprint arXiv:2305.17888, 2023a.

Zechun Liu, Changsheng Zhao, Forrest landola, Chen Lai, Yuandong Tian, Igor Fedorov, Yunyang
Xiong, Ernie Chang, Yangyang Shi, Raghuraman Krishnamoorthi, et al. Mobilellm: Optimizing
sub-billion parameter language models for on-device use cases. arXiv preprint arXiv:2402.14905,
2024.

Zichang Liu, Jue Wang, Tri Dao, Tianyi Zhou, Binhang Yuan, Zhao Song, Anshumali Shrivastava,
Ce Zhang, Yuandong Tian, Christopher Re, et al. Deja vu: Contextual sparsity for efficient llms
at inference time. In International Conference on Machine Learning, pp. 22137-22176. PMLR,
2023b.

Shayne Longpre, Le Hou, Tu Vu, Albert Webson, Hyung Won Chung, Yi Tay, Denny Zhou, Quoc V
Le, Barret Zoph, Jason Wei, et al. The flan collection: Designing data and methods for effective
instruction tuning. In International Conference on Machine Learning, pp. 22631-22648. PMLR,
2023.

Anton Lozhkov, Loubna Ben Allal, Leandro von Werra, and Thomas Wolf. Fineweb-edu, May 2024.
URLhttps://huggingface.co/datasets/HuggingFaceFW/fineweb-edu.

Xinyin Ma, Gongfan Fang, and Xinchao Wang. Llm-pruner: On the structural pruning of large
language models. Advances in neural information processing systems, 36:21702-21720, 2023.

Iman Mirzadeh, Keivan Alizadeh, Sachin Mehta, Carlo C Del Mundo, Oncel Tuzel, Golnoosh
Samei, Mohammad Rastegari, and Mehrdad Farajtabar. Relu strikes back: Exploiting activation
sparsity in large language models. arXiv preprint arXiv:2310.04564, 2023.

Subhabrata Mukherjee, Arindam Mitra, Ganesh Jawahar, Sahaj Agarwal, Hamid Palangi, and
Ahmed Awadallah. Orca: Progressive learning from complex explanation traces of gpt-4. arXiv
preprint arXiv:2306.02707, 2023.

Ankit Pal, Logesh Kumar Umapathi, and Malaikannan Sankarasubbu. Medmcqa: A large-scale
multi-subject multi-choice dataset for medical domain question answering. In Gerardo Flores,
George H Chen, Tom Pollard, Joyce C Ho, and Tristan Naumann (eds.), Proceedings of the Con-
ference on Health, Inference, and Learning, volume 174 of Proceedings of Machine Learning Re-
search, pp. 248-260. PMLR, 07-08 Apr 2022. URL https://proceedings.mlr.press/
v174/pal22a.html.

Denis Paperno, German Kruszewski, Angeliki Lazaridou, Quan Ngoc Pham, Raffaella Bernardi,
Sandro Pezzelle, Marco Baroni, Gemma Boleda, and Raquel Fernandez. The lambada dataset,
Aug 2016.

14


https://huggingface.co/datasets/HuggingFaceFW/fineweb-edu
https://proceedings.mlr.press/v174/pal22a.html
https://proceedings.mlr.press/v174/pal22a.html

Under review as a conference paper at ICLR 2025

Anselmo Pefias, Eduard H. Hovy, Pamela Forner, Alvaro Rodrigo, Richard F. E. Sutcliffe, and Roser
Morante. Qadmre 2011-2013: Overview of question answering for machine reading evaluation.
In CLEF, 2013.

Guilherme Penedo, Hynek Kydli¢ek, Loubna Ben allal, Anton Lozhkov, Margaret Mitchell, Colin
Raffel, Leandro Von Werra, and Thomas Wolf. The fineweb datasets: Decanting the web for the
finest text data at scale, 2024. URL https://arxiv.org/abs/2406.17557.

Baolin Peng, Chunyuan Li, Pengcheng He, Michel Galley, and Jianfeng Gao. Instruction tuning
with gpt-4. arXiv preprint arXiv:2304.03277, 2023.

Reiner Pope, Sholto Douglas, Aakanksha Chowdhery, Jacob Devlin, James Bradbury, Jonathan
Heek, Kefan Xiao, Shivani Agrawal, and Jeff Dean. Efficiently scaling transformer inference.
Proceedings of Machine Learning and Systems, 5:606-624, 2023.

Keisuke Sakaguchi, Ronan Le Bras, Chandra Bhagavatula, and Yejin Choi. Winogrande: An adver-
sarial winograd schema challenge at scale. arXiv preprint arXiv:1907.10641, 2019.

Jay Shah, Ganesh Bikshandi, Ying Zhang, Vijay Thakkar, Pradeep Ramani, and Tri Dao.
Flashattention-3: Fast and accurate attention with asynchrony and low-precision. arXiv preprint
arXiv:2407.08608, 2024.

Ying Sheng, Shiyi Cao, Dacheng Li, Coleman Hooper, Nicholas Lee, Shuo Yang, Christopher Chou,
Banghua Zhu, Lianmin Zheng, Kurt Keutzer, et al. S-lora: Serving thousands of concurrent lora
adapters. arXiv preprint arXiv:2311.03285, 2023.

Yixin Song, Haotong Xie, Zhengyan Zhang, Bo Wen, Li Ma, Zeyu Mi, and Haibo Chen. Turbo
sparse: Achieving llm sota performance with minimal activated parameters. arXiv preprint
arXiv:2406.05955, 2024.

Aarohi Srivastava, Abhinav Rastogi, Abhishek Rao, Abu Awal Md Shoeb, Abubakar Abid, Adam
Fisch, Adam R. Brown, Adam Santoro, Aditya Gupta, Adria Garriga-Alonso, Agnieszka Kluska,
Aitor Lewkowycz, Akshat Agarwal, Alethea Power, Alex Ray, Alex Warstadt, Alexander W. Ko-
curek, Ali Safaya, Ali Tazarv, Alice Xiang, Alicia Parrish, Allen Nie, Aman Hussain, Amanda
Askell, Amanda Dsouza, Ambrose Slone, Ameet Rahane, Anantharaman S. Iyer, Anders An-
dreassen, Andrea Madotto, Andrea Santilli, Andreas Stuhlmiiller, Andrew Dai, Andrew La,
Andrew Lampinen, Andy Zou, Angela Jiang, Angelica Chen, Anh Vuong, Animesh Gupta,
Anna Gottardi, Antonio Norelli, Anu Venkatesh, Arash Gholamidavoodi, Arfa Tabassum, Arul
Menezes, Arun Kirubarajan, Asher Mullokandov, Ashish Sabharwal, Austin Herrick, Avia Efrat,
Aykut Erdem, Ayla Karakag, B. Ryan Roberts, Bao Sheng Loe, Barret Zoph, Bartlomiej Bo-
janowski, Batuhan Ozyurt, Behnam Hedayatnia, Behnam Neyshabur, Benjamin Inden, Benno
Stein, Berk Ekmekci, Bill Yuchen Lin, Blake Howald, Cameron Diao, Cameron Dour, Cather-
ine Stinson, Cedrick Argueta, César Ferri Ramirez, Chandan Singh, Charles Rathkopf, Chenlin
Meng, Chitta Baral, Chiyu Wu, Chris Callison-Burch, Chris Waites, Christian Voigt, Christo-
pher D. Manning, Christopher Potts, Cindy Ramirez, Clara E. Rivera, Clemencia Siro, Colin
Raffel, Courtney Ashcraft, Cristina Garbacea, Damien Sileo, Dan Garrette, Dan Hendrycks, Dan
Kilman, Dan Roth, Daniel Freeman, Daniel Khashabi, Daniel Levy, Daniel Mosegui Gonzélez,
Danielle Perszyk, Danny Hernandez, Danqi Chen, Daphne Ippolito, Dar Gilboa, David Dohan,
David Drakard, David Jurgens, Debajyoti Datta, Deep Ganguli, Denis Emelin, Denis Kleyko,
Deniz Yuret, Derek Chen, Derek Tam, Dieuwke Hupkes, Diganta Misra, Dilyar Buzan, Dim-
itri Coelho Mollo, Diyi Yang, Dong-Ho Lee, Ekaterina Shutova, Ekin Dogus Cubuk, Elad Se-
gal, Eleanor Hagerman, Elizabeth Barnes, Elizabeth Donoway, Ellie Pavlick, Emanuele Rodola,
Emma Lam, Eric Chu, Eric Tang, Erkut Erdem, Ernie Chang, Ethan A. Chi, Ethan Dyer, Ethan
Jerzak, Ethan Kim, Eunice Engefu Manyasi, Evgenii Zheltonozhskii, Fanyue Xia, Fatemeh Siar,
Fernando Martinez-Plumed, Francesca Happé, Francois Chollet, Frieda Rong, Gaurav Mishra,
Genta Indra Winata, Gerard de Melo, German Kruszewski, Giambattista Parascandolo, Giorgio
Mariani, Gloria Wang, Gonzalo Jaimovitch-Lépez, Gregor Betz, Guy Gur-Ari, Hana Galijase-
vic, Hannah Kim, Hannah Rashkin, Hannaneh Hajishirzi, Harsh Mehta, Hayden Bogar, Henry
Shevlin, Hinrich Schiitze, Hiromu Yakura, Hongming Zhang, Hugh Mee Wong, Ian Ng, Isaac No-
ble, Jaap Jumelet, Jack Geissinger, Jackson Kernion, Jacob Hilton, Jachoon Lee, Jaime Fernandez
Fisac, James B. Simon, James Koppel, James Zheng, James Zou, Jan Kocon, Jana Thompson,

15


https://arxiv.org/abs/2406.17557

Under review as a conference paper at ICLR 2025

Jared Kaplan, Jarema Radom, Jascha Sohl-Dickstein, Jason Phang, Jason Wei, Jason Yosinski,
Jekaterina Novikova, Jelle Bosscher, Jennifer Marsh, Jeremy Kim, Jeroen Taal, Jesse Engel, Je-
sujoba Alabi, Jiacheng Xu, Jiaming Song, Jillian Tang, Joan Waweru, John Burden, John Miller,
John U. Balis, Jonathan Berant, Jorg Frohberg, Jos Rozen, Jose Hernandez-Orallo, Joseph Boude-
man, Joseph Jones, Joshua B. Tenenbaum, Joshua S. Rule, Joyce Chua, Kamil Kanclerz, Karen
Livescu, Karl Krauth, Karthik Gopalakrishnan, Katerina Ignatyeva, Katja Markert, Kaustubh D.
Dhole, Kevin Gimpel, Kevin Omondi, Kory Mathewson, Kristen Chiafullo, Ksenia Shkaruta,
Kumar Shridhar, Kyle McDonell, Kyle Richardson, Laria Reynolds, Leo Gao, Li Zhang, Liam
Dugan, Lianhui Qin, Lidia Contreras-Ochando, Louis-Philippe Morency, Luca Moschella, Lucas
Lam, Lucy Noble, Ludwig Schmidt, Luheng He, Luis Oliveros Col6n, Luke Metz, Liitfi Kerem
Senel, Maarten Bosma, Maarten Sap, Maartje ter Hoeve, Maheen Farooqi, Manaal Faruqui, Man-
tas Mazeika, Marco Baturan, Marco Marelli, Marco Maru, Maria Jose Ramirez Quintana, Marie
Tolkiehn, Mario Giulianelli, Martha Lewis, Martin Potthast, Matthew L. Leavitt, Matthias Hagen,
Mityas Schubert, Medina Orduna Baitemirova, Melody Arnaud, Melvin McElrath, Michael A.
Yee, Michael Cohen, Michael Gu, Michael Ivanitskiy, Michael Starritt, Michael Strube, Michat
Swedrowski, Michele Bevilacqua, Michihiro Yasunaga, Mihir Kale, Mike Cain, Mimee Xu,
Mirac Suzgun, Mo Tiwari, Mohit Bansal, Moin Aminnaseri, Mor Geva, Mozhdeh Gheini,
Mukund Varma T, Nanyun Peng, Nathan Chi, Nayeon Lee, Neta Gur-Ari Krakover, Nicholas
Cameron, Nicholas Roberts, Nick Doiron, Nikita Nangia, Niklas Deckers, Niklas Muennighoff,
Nitish Shirish Keskar, Niveditha S. Iyer, Noah Constant, Noah Fiedel, Nuan Wen, Oliver Zhang,
Omar Agha, Omar Elbaghdadi, Omer Levy, Owain Evans, Pablo Antonio Moreno Casares, Parth
Doshi, Pascale Fung, Paul Pu Liang, Paul Vicol, Pegah Alipoormolabashi, Peiyuan Liao, Percy
Liang, Peter Chang, Peter Eckersley, Phu Mon Htut, Pinyu Hwang, Piotr Mitkowski, Piyush Patil,
Pouya Pezeshkpour, Priti Oli, Qiaozhu Mei, Qing Lyu, Qinlang Chen, Rabin Banjade, Rachel Etta
Rudolph, Raefer Gabriel, Rahel Habacker, Ramén Risco Delgado, Raphaél Milliere, Rhythm
Garg, Richard Barnes, Rif A. Saurous, Riku Arakawa, Robbe Raymaekers, Robert Frank, Ro-
han Sikand, Roman Novak, Roman Sitelew, Ronan LeBras, Rosanne Liu, Rowan Jacobs, Rui
Zhang, Ruslan Salakhutdinov, Ryan Chi, Ryan Lee, Ryan Stovall, Ryan Teehan, Rylan Yang,
Sahib Singh, Saif M. Mohammad, Sajant Anand, Sam Dillavou, Sam Shleifer, Sam Wiseman,
Samuel Gruetter, Samuel R. Bowman, Samuel S. Schoenholz, Sanghyun Han, Sanjeev Kwa-
tra, Sarah A. Rous, Sarik Ghazarian, Sayan Ghosh, Sean Casey, Sebastian Bischoff, Sebastian
Gehrmann, Sebastian Schuster, Sepideh Sadeghi, Shadi Hamdan, Sharon Zhou, Shashank Srivas-
tava, Sherry Shi, Shikhar Singh, Shima Asaadi, Shixiang Shane Gu, Shubh Pachchigar, Shubham
Toshniwal, Shyam Upadhyay, Shyamolima, Debnath, Siamak Shakeri, Simon Thormeyer, Si-
mone Melzi, Siva Reddy, Sneha Priscilla Makini, Soo-Hwan Lee, Spencer Torene, Sriharsha Hat-
war, Stanislas Dehaene, Stefan Divic, Stefano Ermon, Stella Biderman, Stephanie Lin, Stephen
Prasad, Steven T. Piantadosi, Stuart M. Shieber, Summer Misherghi, Svetlana Kiritchenko, Swa-
roop Mishra, Tal Linzen, Tal Schuster, Tao Li, Tao Yu, Tariq Ali, Tatsu Hashimoto, Te-Lin Wu,
Théo Desbordes, Theodore Rothschild, Thomas Phan, Tianle Wang, Tiberius Nkinyili, Timo
Schick, Timofei Kornev, Timothy Telleen-Lawton, Titus Tunduny, Tobias Gerstenberg, Trenton
Chang, Trishala Neeraj, Tushar Khot, Tyler Shultz, Uri Shaham, Vedant Misra, Vera Demberg,
Victoria Nyamai, Vikas Raunak, Vinay Ramasesh, Vinay Uday Prabhu, Vishakh Padmakumar,
Vivek Srikumar, William Fedus, William Saunders, William Zhang, Wout Vossen, Xiang Ren,
Xiaoyu Tong, Xinran Zhao, Xinyi Wu, Xudong Shen, Yadollah Yaghoobzadeh, Yair Lakretz,
Yangqiu Song, Yasaman Bahri, Yejin Choi, Yichi Yang, Yiding Hao, Yifu Chen, Yonatan Be-
linkov, Yu Hou, Yufang Hou, Yuntao Bai, Zachary Seid, Zhuoye Zhao, Zijian Wang, Zijie J.
Wang, Zirui Wang, and Ziyi Wu. Beyond the imitation game: Quantifying and extrapolating the
capabilities of language models, 2022.

Mingjie Sun, Zhuang Liu, Anna Bair, and J Zico Kolter. A simple and effective pruning approach
for large language models. arXiv preprint arXiv:2306.11695, 2023.

Mirac Suzgun, Nathan Scales, Nathanael Schérli, Sebastian Gehrmann, Yi Tay, Hyung Won Chung,
Aakanksha Chowdhery, Quoc V Le, Ed H Chi, Denny Zhou, , and Jason Wei. Challenging big-
bench tasks and whether chain-of-thought can solve them. arXiv preprint arXiv:2210.09261,
2022.

Marzieh S Tahaei, Ella Charlaix, Vahid Partovi Nia, Ali Ghodsi, and Mehdi Rezagholizadeh. Kro-
neckerbert: Learning kronecker decomposition for pre-trained language models via knowledge
distillation. arXiv preprint arXiv:2109.06243, 2021.

16



Under review as a conference paper at ICLR 2025

Alon Talmor, Jonathan Herzig, Nicholas Lourie, and Jonathan Berant. CommonsenseQA: A ques-
tion answering challenge targeting commonsense knowledge. In Proceedings of the 2019 Con-
ference of the North American Chapter of the Association for Computational Linguistics: Human
Language Technologies, Volume 1 (Long and Short Papers), pp. 4149-4158, Minneapolis, Min-
nesota, June 2019. Association for Computational Linguistics. doi: 10.18653/v1/N19-1421. URL
https://aclanthology.org/N19-1421\

Sander Tars and Mark Fishel. = Multi-domain neural machine translation. arXiv preprint
arXiv:1805.02282, 2018.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Yonghui Wu, Jean-Baptiste Alayrac, Jiahui Yu,
Radu Soricut, Johan Schalkwyk, Andrew M Dai, Anja Hauth, et al. Gemini: a family of highly
capable multimodal models. arXiv preprint arXiv:2312.11805, 2023.

Inar Timiryasov and Jean-Loup Tastet. Baby llama: knowledge distillation from an ensemble of
teachers trained on a small dataset with no performance penalty. arXiv preprint arXiv:2308.02019,
2023.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Niko-
lay Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open founda-
tion and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023.

Yizhong Wang, Hamish Ivison, Pradeep Dasigi, Jack Hessel, Tushar Khot, Khyathi Raghavi
Chandu, David Wadden, Kelsey MacMillan, Noah A. Smith, Iz Beltagy, and Hannaneh Hajishirzi.
How far can camels go? exploring the state of instruction tuning on open resources, 2023.

Johannes Welbl, Nelson F. Liu, and Matt Gardner. Crowdsourcing multiple choice science questions.
In NUT@EMNLP, 2017.

Haojun Xia, Zhen Zheng, Yuchao Li, Donglin Zhuang, Zhongzhu Zhou, Xiafei Qiu, Yong Li, Wei
Lin, and Shuaiwen Leon Song. Flash-llm: Enabling cost-effective and highly-efficient large gen-
erative model inference with unstructured sparsity. arXiv preprint arXiv:2309.10285, 2023a.

Mengzhou Xia, Tianyu Gao, Zhiyuan Zeng, and Danqi Chen. Sheared llama: Accelerating language
model pre-training via structured pruning. arXiv preprint arXiv:2310.06694, 2023b.

Guangxuan Xiao, Ji Lin, Mickael Seznec, Hao Wu, Julien Demouth, and Song Han. Smoothquant:
Accurate and efficient post-training quantization for large language models. In International
Conference on Machine Learning, pp. 38087-38099. PMLR, 2023.

Can Xu, Qingfeng Sun, Kai Zheng, Xiubo Geng, Pu Zhao, Jiazhan Feng, Chongyang Tao, Qingwei
Lin, and Daxin Jiang. WizardLM: Empowering large pre-trained language models to follow
complex instructions. In The Twelfth International Conference on Learning Representations,
2024. URL https://openreview.net/forum?id=CfXh93NDgH.

Zhewei Yao, Reza Yazdani Aminabadi, Minjia Zhang, Xiaoxia Wu, Conglong Li, and Yuxiong
He. Zeroquant: Efficient and affordable post-training quantization for large-scale transformers.
Advances in Neural Information Processing Systems, 35:27168-27183, 2022.

Peiyuan Zhang, Guangtao Zeng, Tianduo Wang, and Wei Lu. Tinyllama: An open-source small
language model. arXiv preprint arXiv:2401.02385, 2024a.

Qingru Zhang, Minshuo Chen, Alexander Bukharin, Nikos Karampatziakis, Pengcheng He,
Yu Cheng, Weizhu Chen, and Tuo Zhao. Adalora: Adaptive budget allocation for parameter-
efficient fine-tuning. arXiv preprint arXiv:2303.10512, 2023.

Susan Zhang, Stephen Roller, Naman Goyal, Mikel Artetxe, Moya Chen, Shuohui Chen, Christo-
pher Dewan, Mona Diab, Xian Li, Xi Victoria Lin, et al. Opt: Open pre-trained transformer
language models. arXiv preprint arXiv:2205.01068, 2022.

Wentai Zhang, Hanxian Huang, Jiaxi Zhang, Ming Jiang, and Guojie Luo. Adaptive-precision
framework for sgd using deep g-learning. In 2018 IEEE/ACM International Conference on
Computer-Aided Design (ICCAD), pp. 1-8. IEEE, 2018.

17


https://aclanthology.org/N19-1421
https://openreview.net/forum?id=CfXh93NDgH

Under review as a conference paper at ICLR 2025

Zhenyu Zhang, Ying Sheng, Tianyi Zhou, Tianlong Chen, Lianmin Zheng, Ruisi Cai, Zhao Song,
Yuandong Tian, Christopher Ré, Clark Barrett, et al. H20: Heavy-hitter oracle for efficient gen-
erative inference of large language models. Advances in Neural Information Processing Systems,
36, 2024b.

Chunting Zhou, Pengfei Liu, Puxin Xu, Srinivasan Iyer, Jiao Sun, Yuning Mao, Xuezhe Ma, Avia
Efrat, Ping Yu, Lili Yu, et al. Lima: Less is more for alignment. Advances in Neural Information
Processing Systems, 36, 2024.

18



Under review as a conference paper at ICLR 2025

A RELATED WORK

Model compression Model compression is a classical way to improve inference efficiency by
either reducing the number of model parameters or lowering the memory required to store them.
Three widely used techniques—sparsity and pruning, quantization, and distillation—are central to
this goal. Sparsity and pruning share the aim of reducing the number of effective parameters, but
differ in approach: sparsity reduces individual weights to zero in an unstructured manner (Sun
et al., 2023} | Xia et al.| 2023a; [Frantar & Alistarh, 2023)), while pruning takes a structured approach
by removing entire components, such as neurons or filters, from the network (Xia et al., [2023b).
Quantization reduces the memory footprint by lowering the precision of weights and activations,
without changing the number of parameters (Dettmers et al.,|2024}2022; |Li et al.,|2023a; Kim et al.,
2023a; [Frantar et al., [2022; | X1ao0 et al., 2023} |Yao et al., 2022} |[Liu et al., 2023a; [Frantar et al., 2022}
Zhang et al.| 2018)). While sparsity, pruning, and quantization are usually applied after a certain
amount of training, distillation is a data-centric methodology used during training. In distillation,
a smaller student model is trained using both the original training data and the output (soft labels)
of a larger teacher model, allowing the student model to retain much of the teacher’s performance
while being more efficient (Hinton, 2015} Timiryasov & Tastet, |2023; (Chen et al., |2024). These
three categories represent the most classical methods for model compression, primarily aimed at
improving inference efficiency. However, there are other compression methods closely related to
our proposed techniques, which will be discussed in detail later.

Low rank approximation Low-rank approximation, while distinct from the traditional model
compression techniques discussed earlier, leverages the observation that much of the key informa-
tion users care about in a neural network can be represented in a lower-dimensional subspace. By
approximating large weight matrices with low-rank representations, both the number of parameters
and computational costs are reduced. Many works such as|Li et al.|(2023b); |[Hsu et al.| (2022)); Ha-
jimolahoseini et al.|(2021)); [Tahaei et al.| (2021) focus on improving inference efficiency using this
method, but it can also offer significant efficiency gains during training. LoRA (Low-Rank Adapta-
tion) by [Hu et al.|(2021)) is the first work to introduce two small low-rank matrices, A and B attached
to a frozen pre-trained weight matrix 1, allowing for efficient fine-tuning with minimal memory
usage. Since then, numerous variants have been developed to enhance this approach (Dettmers et al.,
2022;[Sheng et al.| 2023} Chen et al.| [2023;|Zhang et al.l[2023). Our proposed methods are similarly
inspired by low-rank approximation, but unlike other works that focus on decomposing the entire
weight matrix, we use low-rank approximations to estimate the minimal differences between inter-
mediate layers. This allows for maximal weight sharing, significantly reducing redundancy while
maintaining performance.

Weight sharing Weight sharing is another powerful model compression technique that improves
both training and inference efficiency by reducing the number of unique parameters in a neural net-
work. Classical weight sharing involves using a common representation space across multiple tasks
or domains, allowing models to generalize better while using fewer parameters (Liu et al., 2020;
Jiang et al.| 2019; Tars & Fishel, 2018 [Fu et al., [2021). Those embedding sharing architectures
have been later adopted in Llama (Touvron et al.,[2023)) and OPT models (Zhang et al.,2022)). How-
ever the savings from embedding sharing diminished with the increasing model size, and therefore
been disregarded in recent designs of LLMs. Recently, MobileLLM(Liu et al.l 2024)) introduced
the first approach to weight sharing between intermediate layers, enabling models to reuse learned
representations across layers. This significantly reduces the parameter count while maintaining per-
formance, making large models more feasible for resource-constrained environments. Our proposed
methods are inspired by this concept, but further integrate weight sharing with low-rank approxima-
tion to achieve both computational efficiency and performance preservation during the fine-tuning
stage.

Small models The definition of small models has evolved as advancements in deep learning archi-
tectures have significantly increased model sizes. Models that were previously considered large are
now categorized as small relative to the current state-of-the-art. Commonly, models with fewer than
7 billion parameters (7B) are referred to as small models. Notably, prominent open-source language
models under 7B parameters include Mistral 7B (Jiang et al.| 2023); Phi-3 series (Abdin et al.,
2024); Gemma 2B (Team et al., 2023), Llama 3.2 series (Dubey et al., 2024), TinyLlama(Zhang
et al.| [2024a)), MobileLLM(L1u et al., [2024)) and MiniCPM(Hu et al.| [2024)). Despite their smaller
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Table 8: Different replacement types. (j : 7;) denotes the reference layer j and the target layers set
T; which use j to predict their parameters, and we briefly describe how each type replace the layers.
Here the stored ratio 7 is defined in Section For example in Ty.x;, we need to store 18 layers
(1,2,3,5,...29, 31,32), out of 32 layers in the original model, so 7 = 56%.

Type | Stored Ratio 7 | Description and [(j : 7;)]

| | Replacing layer 2t with layer 2t — 1 for ¢ € [2, 15]
Thext 56% (3:4), (5:6), (7:8), (9:10), (11:12), (13:14), (15:16)

(17:18), (19:20), (21:22), (23:24), (25:26), (27:28), (29:30)

Toes | 449, | Replacing layer 3t + 1, 3t + 2 with layer 3t for ¢ € [1, 9]

‘ ‘ (3:4,5), (6:7,8), (9:10,11), (12:13,14), (15:16,17), (18:19,20), (21:22,23), (24:25,26), (27:28,29)
Thac ‘ 38% ‘ Replacing more layers in the back parts of the model.

| | 3:4),(5:6), (7:8), (9:10), (11:12), (13:14,15), (16:17,18,19,20.21,22), (23:24,25,26.27,28,29,30)
Tieont ‘ 38% ‘ Replacing more layers in the front parts of the model.

| | (3:45.6.7.89.10), (11:12,13,14,15,16,17), (18:19,20), (21:22), (23:24), (25:26), (27:28), (29:30)
Toore \ 25% \ Replace more aggressively, just store 8 layers

‘ ‘ (3:4,5,6), (7:8,9,10,11), (13:14,15,16,17,18,19,20,21,22), (23:24,25,26,27,28,29,30)
T | 16% | Replace more aggressively, just store 5 layers

| |

(2:3,4,5,6,7,8,9,10), (11:12,13,14,15,16,17,18,19,20), (21:22,23,24,25,26,27,28,29,30,31)

size, these models remain challenging to deploy on edge devices due to their computational and
memory requirements, necessitating further optimization and compression techniques for deploy-
ment in resource-constrained environments.

B ALGORITHM DETAILS

B.1 FULL DEFINITION OF DIFFERENT REPLACEMENT TYPES

Here we show the full table of different replacement types used in our main paper in Table 8]

C EXPERIMENT DETAILS

C.1 EVALUATION TASKS

This section introduces the evaluation tasks used in our downstream evaluation part (Section [3.4).

C.1.1 BASIC REASONING TASKS

This class of tasks doesn’t require too much commonsense or knowledge to solve problems, but
needs the model to have good reasoning capability, especially the mathematical reasoning

* MathQA (Amini et al.,2019): This is a large-scale dataset of 37k English multiple-choice
math word problems covering multiple math domain categories by modeling operation
programs corresponding to word problems in the AQuA dataset.

* GSMB8k (Cobbe et al., 2021): This is a free-generation benchmark of grade school math
problems aiming for evaluating multi-step (2-8 steps) mathematical reasoning capabilities.
These problems are illustrated by natural language and require using four basic arithmetic
operations to reach the final answer.

* BBH-COT-FS (Suzgun et al.| 2022)): This is a free-generation benchmark consists a suite
of 23 challenging BIG-Bench tasks (Srivastava et al.;,[2022)) which we call BIG-Bench Hard
(BBH). These are the tasks for which prior language model evaluations did not outperform
the average human-rater. Here we use the chain-of-though with 3 shot version.
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C.1.2

C.1.3

C.14

e MuTual(Cui et al [2020): This is a retrieval-based dataset for multi-turn dialogue rea-
soning, which is modified from Chinese high school English listening comprehension test
data.

QA4MRE(Peiias et al., 2013): This is a multi-choice benchmark used for long-text un-
derstanding and reasoning. Four different tasks have been organized during these years:
Main Task, Processing Modality and Negation for Machine Reading, Machine Reading of
Biomedical Texts about Alzheimer’s disease, and Entrance Exam.

KNOWLEDGE-MEMORIZATION TASKS

SciQ (Welbl et al., |2017): This contains 13,679 crowdsourced science exam questions
about Physics, Chemistry and Biology, among others. The questions are in multiple-choice
format with 4 answer options each. For the majority of the questions, an additional para-
graph with supporting evidence for the correct answer is provided.

BoolQ (Clark et al.,l 2019): This is a question-answering benchmark for yes/no questions
containing 15942 examples. These questions are naturally occurring — they are generated
in unprompted and unconstrained settings. Each example is a triplet of (question, passage,
answer), with the title of the page as optional additional context.

¢ CommonsenseQA (Talmor et al., 2019): This is a multiple-choice question-answering
dataset that requires different types of commonsense knowledge to predict the correct an-
swers. It contains 12,102 questions with one correct answer and four distractor answers.

e MedMCQA (Pal et al., [2022) This is a new large-scale, multiple-choice question-
answering dataset designed to address real-world medical entrance exam questions. More
than 194k high-quality AIIMS \ NEET PG entrance exam MCQs covering 2.4k healthcare
topics and 21 medical subjects are collected with an average token length of 12.77 and
high topical diversity. Each sample contains a question, correct answer(s), and other op-
tions which require a deeper language understanding as it tests the 10+ reasoning abilities
of a model across a wide range of medical subjects & topics. A detailed explanation of the
solution, along with the above information, is provided in this study.

TriviaQA (Joshi et al., [2017): This is a reading comprehension dataset containing over
650K question-answer-evidence triples. TriviaQA includes 95K question-answer pairs au-
thored by trivia enthusiasts and independently gathered evidence documents, six per ques-
tion on average, that provide high-quality distant supervision for answering the questions.
This dataset can be used for both retrieval-augmented models to test the models’ knowl-
edge retrieval ability and the usual LLM to test the knowledge memorization on the model
itself.

KNOWLEDGE-MEMORIZATION + COMMONSENSE REASONING

* PIQA (Bisk et al.l 2020): This is a multi-choice physical commonsense reasoning and a
corresponding benchmark dataset. PIQA was designed to investigate the physical knowl-
edge of existing models.

* WinoGrande (Sakaguchi et al.,2019): This is a collection of 44k multi-choice problems,
inspired by Winograd Schema Challenge (Levesque, Davis, and Morgenstern 2011), but
adjusted to improve the scale and robustness against the dataset-specific bias. Formulated
as a fill-in-a-blank task with binary options, the goal is to choose the right option for a given
sentence which requires commonsense reasoning.

* ARC (Clark et al., [2018): This is a subset of ARC dataset with 2,590 “hard” questions
(those that both a retrieval and a co-occurrence method fail to answer correctly). The ARC
dataset contains text-only, English language exam multi-choice questions that span several
grade levels as indicated in the files.

OTHERS

LAMBADA (Paperno et al.,|2016): This is a dataset to evaluate the capabilities of compu-
tational models for text understanding by means of a word prediction task. LAMBADA is
a collection of narrative passages sharing the characteristic that human subjects are able to
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guess their last word if they are exposed to the whole passage, but not if they only see the
last sentence preceding the target word.

C.2 EXPERIMENTAL SETUP ON MOBILE

We evaluated the model run time latency on mobile. For the models to evaluate, we tested: (1) the
original Llama2-7lﬂ and (2) a simplified version of SHARP (T,.x) where we removed the LoRA
parameters. We only store the reference layers, and call those layers multiple times for the target
layers in model forwarding.

We first exported the models using ExecuTorch V0.3.qﬂ with the same export configurations (using
kv cache, using 8-bit dynamic quantization and 4-bit weight quantization®} for XNNPack backend).
We tested the model loading and initialization time, as well as the model forwarding time using a
benchmark aplﬂ on Xcode (version 16.0). We ran Xcode on a MacBook Air with Apple M2 chip,
16GB memory with MacOS Sonoma 14.6.1, and wire-connected it to an iPhone 16 Pro with i0OS
18.1 with 8GB memory, and ran the benchmark app on the phone.

D REBUTTAL MATERIAL

D.1 DETAILS ABOUT STRUCTURAL PRUNING BASELINES

We evaluate the following baseline in the rebuttal:

e LayerPruning (Gromov et al.} [2024), which calculates the angle distance between different
layers, and then prunes a group of consecutive layers in the model such that the first and last
layers in these continuous layers have small angle distance. For LLaMA2-7B, we prune
the MLP layers of the 17th to 30th layers as recommended in original paper. We keep the
number of removing layers the same for fair comparison and use default settings.

* LayerPruning-Adapted, similar to LayerPruning, but uses the same replacement strategy
Thext (replacing layer 2t with layer 2¢ —1 for ¢ in [2,15]) as mentioned in Table 1 in the main
paper. We also use the same LoRA ranks in LayerPruning-Adapted as SHARP. Notably,
this baseline is equivalent to directly pruning the corresponding layers in SHARP, rather
than reusing them as SHARP.

* LLM-Pruner [2023), another advanced structural pruning algorithm. It uses
gradient information to divide the parameters into several groups based on their relevance,
and then prune the coupled parameters that contribute minimally to its overall performance.
Here for fair comparison, we also let LLM-Pruner remove about 50% of the MLP layers
except the first two and last one layers, and use the same LoRA ranks for recovering.
Besides, we find that LLM-Pruner is not that stable in the in-distribution recovery tasks,
even when we try the default LoRA rank and prune both the self-attention layer and MLPs
together. So we report the best result in the entire finetuning process before it becomes
unstable.

Here we ensure the amount of LoRA recovery components are the same for fair comparison of
different structural pruning baselines.

‘nttps://huggingface.co/meta—1llama/Llama—2-7b

Shttps://github.com/pytorch/executorch

®https://github.com/pytorch/executorch/blob/main/examples/models/
llama2/export_llama_lib.py

7https://github.com/pytorch/executorch/tree/main/extension/apple/
Benchmark
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Table 9: The downstream performance of the models utilizing 4-bit quantization. (W.G.: Wino-
Grande, Med.: MedMCQA, Com.: ComSenQA)
Models ‘ SciQ  BoolQ PIQA ARC-E ARC-C WG. Med.
Direct Sharing 22.7 49.1 56.7 26.8 22.0 50.6 224
SHARP (w/o finetuning) | 87.8 66.1 63.0 54.8 26.8 57.8 30.5
SHARP 92.6 76.0 72.6 65.8 34.7 62.4 314
SHARP + 4-bit quan. | 92.1 74.7 71.9 65.1 35.0 62.2 30.7
‘ BBH GSM8k MAQ. MUT. LAM. Com. QA4MRE Avg.
Direct Sharing 0.0 0.0 20.7 57.5 8.1 20.0 16.6 26.7
SHARP (w/o finetuning) | 24.8 1.6 22.1 59.8 35.0 20.0 30.2 41.5
SHARP 29.8 3.6 24.7 68.3 58.3 44.1 38.3 50.2
SHARP + 4-bit quan. | 27.9 2.8 24.1 68.1 55.6 37.4 39.3 49.1
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