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Abstract

Auto-regressive Large Language Models
(LLMs) demonstrate remarkable performance
across different domains such as vision and lan-
guage processing. However, due to sequential
processing through a stack of transformer lay-
ers, autoregressive decoding faces significant
computation/latency challenges, particularly in
resource-constrained environments like mobile
and edge devices. Existing approaches in liter-
ature that aim to improve latency via skipping
layers have two distinct flavors - 1) Early exit,
and 2) Input-agnostic heuristics where tokens
exit at pre-determined layers irrespective of in-
put sequence. Both the above strategies have
limitations - the former cannot be applied to
handle KV Caching necessary for speed-ups
in modern framework and the latter does not
capture the variation in layer importance across
tasks or more generally, across input sequences.
To address both limitations, we propose FIRST,
an algorithm that reduces inference latency by
using layer-specific routers to select a subset
of transformer layers adaptively for each input
sequence - the prompt (during the prefill stage)
decides which layers will be skipped during
decoding. FIRST preserves compatibility with
KV caching enabling faster inference while be-
ing quality-aware. FIRST is model-agnostic
and can be easily enabled on any pre-trained
LLM. Our approach reveals that input adaptiv-
ity is critical - indeed, different task-specific
middle layers play a crucial role in evolving
hidden representations depending on tasks. Ex-
tensive experiments show that FIRST signif-
icantly reduces latency while outperforming
other layer selection strategies in quality met-
ics. It retains competitive performance to base
model (without layer skipping) and in some
cases, even improves upon it. FIRST is thus
a promising and efficient solution for LLM de-
ployment in low-resource environments.

1 Introduction

Large Language Models (LLM’s) have revolution-
ized the fields of Natural Language Processing and

Computer Vision achieving incredible performance
on a diverse set of benchmark tasks. However,
the scale of these LLM’s characterized by billions
of parameters hinder their adoption in resource-
constrained environments with memory, latency
and compute being the main challenges. In this
work, we focus on the latency aspect which be-
comes the most significant bottleneck for tasks such
as machine translation, question answering, sum-
marization particularly on devices, such as laptops
and mobile phones. As noted by (Schuster et al.,
2022), the auto-regressive nature of decoding in
LLM’s further pronounces the latency bottleneck.

Transformer based LLMs have several stacks of
layers (including attention and FFN layers) leading
to high latency and compute requirements, making
inference very slow or even infeasible in resource
constrained settings. This is because of the sequen-
tial processing of tokens through all the layers for
every input sequence and task. However, it is im-
portant to note that in the real world, there is a
lot of heterogeneity in input sequences and tasks.
(Schuster et al., 2022; Sun et al., 2022) noted that
the generations made by LLMs can have varying
levels of difficulty and certain generations can be
solved with reduced compute, by exiting the trans-
former stack early. At the same time, it has been
noted in recent works (Wendler et al., 2024) that
inference forward pass proceeds in phases through
the layers of transformer based models, with differ-
ent types of information being extracted or mapped
at different phases (sequences of layers) for certain
tasks such as translation. Motivated by these and
other related works, we hypothesize that different
sequential combinations of layers are important for
different input sequences and tasks. Learning the
right sequential combination of layers can help re-
duce inference latency and compute for on-device
scenarios. However, there are several challenges.
Any algorithm for determining the “right” combi-
nation of layers should minimize any quality loss,



be compatible with other latency reduction strate-
gies such as KV cache handling and be learnable
with minimal compute/training overhead.

In the last few years, several promising ap-
proaches have been proposed in literature that adap-
tively prune layers at each decoding step. Token-
level early exit proposed in (Schuster et al., 2022;
Sun et al., 2022) allow tokens to exit the trans-
former layer stack early based on different strate-
gies to compute the confidence or saturation level.
(Elhoushi et al., 2024; Elbayad et al., 2020; Zhang
et al., 2019) extended this idea to incorporate layer
skipping at a token level during training. While
token level early exit is a useful idea in theory, it
suffers from a major limitation of incompatible KV
caching in practice (Del Corro et al., 2023). The in-
compatibility stems from having to recompute KV
caches for preceding tokens if we have a delayed
exit point for latter tokens, often resulting in loss
of early exit advantages. This limits its practical
adoption since KV cache is crucial in significantly
speeding up auto-regressive decoding.

Recently, (Liu et al., 2024; Del Corro et al., 2023;
Song et al., 2024) have proposed input-agnostic
layer skipping at token level, that handle KV cache
appropriately as well as retain the advantage of
adaptive partial computation. In these solutions,
tokens exit at pre-determined layers irrespective
of the input sequence, and for all sequences in a
batch, tokens at the same position in a sequence
exit at the same layer. Furthermore, tokens at latter
parts of the sequence are constrained to exit earlier
than the previous tokens to ensure that there is no
redundant KV cache re-computation. These solu-
tions are heuristic based and impose hard rules and
constraints irrespective of input sequences, which
can lead to drop in output quality. Others (Jaiswal
et al., 2024; Chen et al., 2024) have proposed skip-
ping layers by identifying redundant ones through
computing cosine similarity of (input/output) repre-
sentations of a layer. However, their strategy does
not take into account that several middle layers are
crucial (see (Liu et al., 2024)) and furthermore, fi-
nal prediction capability of full model is not taken
into account while deciding which layers to skip.
Importantly, in none of the works described above,
the strategy of selecting layers for skipping is se-
quence dependent. Furthermore, they do not con-
sider finetuning the models in a way such that not
only the performance improves but also the model
learns to skip layers appropriately.

Our goal is to design an input-adaptive learnable
layer selection strategy with quality aware latency
gains that is also able to handle the KV cache ap-
propriately. Ideally, for every input sequence and
task, we want to predict the optimal (sequential)
combination of layers at inference time, such that
quality loss is minimum and the latency gains are
as high as possible. We want to do this with ex-
pending very little compute/additional training and
appropriate handling of KV cache. We propose to
do this via training routers. Based on the output
of each layer for a sequence, a router will decide
whether or not to skip the subsequent layer in the
transformer architecture. Since the decision is at a
sequence level, KV cache issues do not arise, as all
tokens in a sequence would pass through the same
set of layers. Finally, we fine-tune the model com-
bined with trained routers using LoRA adapters to
improve the quality significantly while retaining
the latency gains. As an added bonus, LoRA fine-
tuning smoothens the layer skipping and further
highlights the varied importance of layers based on
input sequence. We summarize our contributions:
1. We propose a training and inference algorithm

FIRST that incorporates layer-specific routers

for selecting layers in an input-adaptive manner.

The layer selection is uniform for all tokens in

a sequence, thus handling KV caches without

introducing additional compute/latency. FIRST

can be applied on top of any pre-trained model.
2. We propose LoRA based finetuning on top of
router based layer selection to improve qual-
ity while retaining latency gains. This also
smoothens layer selection.
3. Finally, we demonstrate an extensive set of ex-
periments with FIRST on multiple datasets for

3 distinct tasks namely Machine Translation,

Summarization and Question Answering, and

2 different open model architectures namely

LLaMA-3-8B and LLaMA-3.2-3B. We show

that for the same target speed-up, FIRST sig-

nificantly improves performance across tasks as
compared to baselines and prior works.

Due to space constraints, we delegate a study
of other related works and orthogonal approaches
(for e.g. model compression) for exploring la-
tency/performance tradeoff to Appendix A.1.

2 Problem Statement

Our goal is to exploit the heterogeneity in inputs
and tasks to selectively use LLM layers in a quality-



aware manner for reducing inference latency and
compute for on-device constraints. Ideally, we
want to select an optimal sub-sequence of layers
within a transformer architecture for a given input
and task, such that the overall latency, as well as
expended computation, are both low, while qual-
ity is comparable to the un-modified case where
every input sequence passes through every layer.
For ease of explanation, without loss of generality,
we assume the task is same and simply consider an
input sequence for describing the problem.

Let us consider an an input sequence X =
{z1,22,...,2,} with n tokens. Let there be m
transformer layers in the model, where the " trans-
former layer is represented as the function ¢;(). As
stated lucidly in (Wendler et al., 2024), X’ is first
converted to an initial latent representation Hy =
{Hj, Hg, ..., Hy}, where HY € RP.Vj € [n]
is a look-up from a learned embedding dictionary
corresponding to the j** token. Thereafter, every
transformer layer ¢;() operates on the latent vec-
tors #; to generate the embedding for the i*" layer
as follows. For the j token,

Hz] = Hg—1 +¢i(H} HY 4, ... aHg—1) (D

Let the (gold) output or generated sequence for
an input sequence X’ that passed through all m
layers of the model with full computation be V5.
Our hypothesis is that for a given input sequence
(and task), there exists an optimal subsequence
of functions Fopr(X) out of the full sequence
{¢i,i € [m]} such that the output generated by
passing through this subsequence: Yopr x ~ Vy.
More formally, if () is a quantitative quality mea-
sure on ), and e — 0 is tolerance in deviation in
quality from the gold output, then we hypothesize
that there exists an optimal subsequence, using the
minimum number of layers, Fopr(X'), such that:

Q(Yorrx) > (1-6)Q V), VX,  (2)

The optimality above is with respect to the mini-
mum subsequence of layers that can help achieve
the above, to minimize latency while keeping qual-
ity unaffected. Note that, the optimal subsequence
Fopr(X) need to be obey the same autoregressive
computation on previous tokens as given in Equa-
tion 1. Hence, any algorithm that determines the
optimal subsequence, need to be compatible with
KV cache handling, to avoid the re-computation of
values for tokens preceding the current token.

P ={¢o, b2}
Anc(¢,) = ¢o.

Figure 1: Binary Tree representation of layer selection.

The potential number of subsequences for m lay-
ers is 2", hence a brute force is infeasible and also
beats the purpose of such a layer selection in the
first place: reducing latency and compute. In the
absence of any known substructure in the behaviour
of the latent layers on each input sequence, it is dif-
ficult to arrive at the optimal solution polynomially
or with low additional latency or compute.

We propose to learn an approximation of the op-
timal subsequence of layers for any input sequence
with low additional latency and minimal training.

3 Proposed Solution: FIRST

Let us first understand what it entails to learn an
optimal subsequence of layers for any input. Con-
sider the full transformer sequence to be F* =
{¢1,b2,...,Pm}. Any optimal subsequence for
an input X: Fopr x could be thought of as find-
ing an optimal path through a binary tree of func-
tions. Formally, let every level in the binary tree
correspond to a transformer layer and the 0** layer
corresponds to the initial embedding look up; i.e.,
at depth i € [m], there would be 2¢ nodes, each
corresponding to either ¢; or ¢;, where the for-
mer denotes that a particular transformer layer is
included in the optimal path whereas the latter de-
notes that it is not included. Each (of the 2¢~!
nodes) ¢; or ¢; has two children, corresponding
to the next transformer layer: ¢; 1 and ¢; | (See
Figure 1). In such a tree structure, for example, the
path {¢;, d; 11, diro} indicates the subsequence of
transformer layers {¢;, ¢;+2}. For any transformer
layer ¢; in this tree, let Anc(¢;) = k,0 < k < i
denote the the lowest ancestor node where the cor-
responding transformer node ¢y, is included in the
sequence. In the above example, Anc(pii2) = ¢;.

Consider a sequence of functions F, where for
level i, Anc(¢;) = ¢j. The autoregressive com-
putations for the 5 token in the input sequence



(originally Eq 1), would now be modified as:

H + ¢(HL H2,... H]), if¢; € F.
(3)

Our problem translates to navigating this binary
tree to find the optimal path Fopr for an input
sequence and task. Since there are 2" paths in
this tree, we propose to approximate the optimal by
making a decision in a greedy fashion at each node.
Formally, we add a (lightweight and fast) router R;
before every transformer layer ¢; in the model, that
will predict whether ¢; will be selected or not.
Our aim is to learn to predict the layer choice at
a sequence level (not token) to maintain compatibil-
ity with the autoregressive computations and avoid
re-computation of of KV cache values. Moreover,
we should spend minimal compute for learning the
R; functions. Finally, R; functions should not add
any significant latency to the overall computation.
FIRST modifies any off-shelf pre-trained trans-
former based model by incorporating and training
a router or probability function R; before every
transformer layer ¢;. The output of R; is a score
p; denoting the probability of selecting ¢; in the
layer sequence. During inference, p; is rounded
to determine selection of ¢;. Let |p;| = 1if p; >
0.5, else 0. Equation 1 is now modified as:
H! = H] |+ |pi] - ¢u(Hj_y, H q, ..., H] )
This recursively approximates Eq 3 for the opti-
mal F in a probabilistic, greedy manner. We train
the functions R; on datasets and tasks, and further
fine tune using LoRA adapters to make the layer
selections smooth and improve the output quality.

4 FIRST Framework and Algorithm

In this section, we describe the training and infer-
ence frameworks for FIRST in details. We discuss
how to train Routers to be adaptive to input se-
quences. Given an off-the-shelf pre-trained LLM,
we propose two training phases. In the first phase,
we train a router for each layer that decides whether
the input sequence should skip the layer. In the
second phase, to tackle the issue of unseen skip-
ping during pre-training, we fine-tune the router-
augmented LLM keeping router weights fixed to
ensure the model improves performance on the tar-
get dataset without reducing the skipping level.

4.1 Adaptive Router Module

The adaptive router module is a single-layer neu-
ral network without bias, positioned before every
layer in the model. During training of the router, all
model parameters except the router weights remain
frozen. For the first layer, it takes the tokenized
input, and for each of the subsequent layers, it takes
the output of the preceding layer as input. Mathe-
matically speaking, for any layer ¢, given a batch
of B tokenized inputs sequences, where each se-
quence has n tokens and is embedded in to R”, the
adaptive router module takes as inputa B x n x D
tensor output of layer (i—1) and outputs a Bxn x 1
tensor. Subsequently, corresponding to each value
(or, token) in the B x n X 1 tensor, we apply a sig-
moid function to ensure that all entries in the tensor
are in the interval [0, 1]. Following this, we take a
mean operation at the sequence level - we take a
mean of all the weights in a sequence to output a
B x 1 x 1 tensor. For each sequence in the batch,
the corresponding entry is the probability p; with
which the sequence passes through the layer i. The
input sequence skips the layer ¢ with probability

1 — p;. During training, the output of a layer is

modified using a skip connection, incorporating

the probability p; (see Figure: 2).

The routers are trained to encourage skipping by
reducing the probabilities {p; }; using a regularizer,
to approximate the optimal subsequence for mini-
mizing the latency. The training task is modeled as
a language modeling task, specifically next token
prediction. The loss function comprises of 3 terms:
* Cross-entropy loss: Standard difference be-

tween actual and predicted probability distribu-

tions to ensure the quality of generation: Lcg =

— Yen Vi log(D).

* Regularization loss: Adds a penalty term to re-
duce overfitting to noise: Lreg = D¢y || Ril 2,
where || R;||? denotes the /5 norm of the router
weights for the i layer router, and there are m
layers in the model.

* Non-skip penalization loss: This is the summa-
tion of probability values across all layers of the
model architecture: Lpp = Zie[m] Pi

The total loss £ is a linear combination of these

three terms: £ = Lcg+ A LReg +a-Lpp, where o

manages the tradeoff between quality and latency.

4.2 LoRA Compensation Module

Skipping layers naturally leads to some perfor-
mance loss - especially so since the pre-trained
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Figure 2: Skip connection used for router training. With
probability p, the sequence is processed by the layer and with
probability 1 — p, the layer is skipped. During inference,
routers make the decision of whether a sequence will skip a
particular layer or pass through it.

model was not trained to skip layers. To compen-
sate for the loss in performance caused by skip-
ping layers, we finetune the router-augmented pre-
trained model on the downstream task ! using Low
Rank Adapters (LoRA). During finetuning, the
router parameters are frozen while trainable LoRA
adapters are added to both the FFN (Feed-Forward
Network) and the attention modules of each layer
of the pre-trained model. In order to maintain the
skipping level, we again add a non-skip penaliza-
tion loss component during finetuning with scaling
hyper-parameter 3. This is essential even though
the router weights are frozen because standard fine-
tuning alters the hidden representations of the in-
put sequence in a manner such that no layers are
skipped. Note that the LoRA adapters do not lead
to any latency overhead during inference.

4.3 Inference for FIRST

During inference, for the input sequence, each

router (corresponding to a layer) outputs a num-

ber in the interval [0, 1]. If this number is greater
than or equal to 0.5, the sequence passes through
the layer. Otherwise, the sequence skips the layer

(Fig. 2). Below, we discuss some salient points

about the functioning of the router during inference

to handle KV Cache appropriately:

1. Prefill phase handling: Skipping is not allowed
during prefill phase. This ensures the first token
is generated correctly, which is crucial for WMT
tasks, as they are highly sensitive to the correct
generation of the first token in the target lan-
guage. It has been observed in prior works (Liu

'similar to Quantization Aware Training such as QLoRA
(Dettmers et al., 2024) - compensates for model compression

et al., 2024) that skipping during prefill phase is
detrimental to performance during inference.

2. Fixed router decisions during decoding and
handling KV Cache: During the prefill phase,
the decisions made by the routers are cached.
During the decoding phase, every token adheres
to the cached decision made during prefill. In
other words, for a particular layer, if a router out-
puts a number less than 0.5 during prefill, the
number is fixed for the decoding steps and there-
fore the same layer will be skipped by all tokens
during decoding. Similarly, if the router outputs
a number more than 0.5 during prefill, the same
layer will be processing all tokens during decod-
ing. Such a step ensures that for each decoding
step and each layer that is not skipped, the KV
cache for all previous tokens is available for that
layer. This approach effectively addresses the
caching issues encountered in early exit strate-
gies, ensuring consistent decisions across the
decoding process.

S Experiments

We conduct experiments on three benchmark tasks
namely Machine Translation, Text Summarization
and Question Answering demonstrating both ro-
bustness and scalability of FIRST.

Datasets: For machine translation, we use WMT
development sets (2017-2020) for English-to-
Chinese and English-to-German tasks, evaluating
performance on the WMT 2022 test set, which
covers diverse domains such as news, social me-
dia, e-commerce, and conversational contexts. For
summarization, we use the CNN/DailyMail dataset,
with 4000 randomly selected training samples and
evaluation on the standard test set of 11,490 sam-
ples. In Question Answering, we utilize SQuAD
v1.0, training on 4000 randomly selected samples
from the 100k question-answer pairs and evaluating
on the validation set, as test set labels are unavail-
able. Appendix A.2 contains detailed descriptions.
Evaluation Metrics: We use standard metrics to
evaluate the quality of generated output in each of
the three tasks. For Machine Translation, we bench-
mark using BLEU scores and COMET where the
latter provides a more nuanced assessment beyond
n-gram used in BLEU. For Summarization, we
use ROUGE scores and BERT Score - as before,
the latter captures meaning-based similarity. For
Question Answering, we use Exact Match and F1
Score as the metrics to benchmark the output qual-



Skip (%) | Model Type | English-to-German | English-to-Chinese

| | BLEU-1 | BLEU-2 | COMET | BLEU-1 | BLEU-2 | COMET

0 Original Model Base + LoORA 41.78 21.74 93 56.94 35.56 82.66

e Base 37.17 18.57 87.13 38.02 22.46 68.95

Skip Decod Router + LoRA 23.04 10.52 55.62 28.73 15.84 55.98

ip Lecode Router 3.99 118 2333 474 233 21.75

Random Ski Router + LoRA 30.43 10.98 66.25 47.88 2575 67.32

is SKip Router 26.54 8.77 60.27 36.60 18.66 59.89

Unified Ski Router + LoRA 28.92 10.64 59.34 46.61 25.01 69.58

P Router 2323 7.85 59.26 27.28 1335 54.57

FIRST (Ours) | Router + LoRA 38.01 17.89 82.14 4835 26.57 68.63

urs Router 28.83 11.8 67.74 1755 8.68 4276

Skip Decode Router + LoRA 13.67 6.00 3147 20.03 10.85 33.85

P Router 3.24 0.92 21.55 378 1.84 2093

Random Ski Router + LoRA 6.01 091 29.71 11.69 4.66 27.73

25 P Router 3.65 0.49 29.95 7.37 281 35.16

Unified Ski Router + LoRA 15.67 336 31.69 34.90 15.75 50.59

ed Skip Router 12.58 265 32.15 17.74 735 38.74

. Router + LoRA 17.84 4.14 34.95 35.79 15.66 56.92

FiRST (Ours) Router 9.67 1.37 26.01 11.01 323 2545

Table 1: Machine Translation Results for LLaMA-3-8B: BLEU-1, BLEU-2, and COMET scores are reported for English-to-
German and English-to-Chinese tasks across varying skip levels. FiRST consistently achieves the highest BLEU-1 and BLEU-2
at 15% skipping, for both translation directions. Similarly, high BLEU-1 and COMET scores are obtained for 25% skipping rate.

Skip (%) | Model Type | English-to-German | English-to-Chinese

| | BLEU-1 | BLEU-2 | COMET | BLEU-1 | BLEU-2 | COMET

0 Original Model Base + LoRA 37.57 17.43 89.72 51.81 30.04 7913

riginal Vode Base 31.19 13.67 81.66 32.10 17.92 61.84

Skip Decod Router + LoRA 2324 11.07 4458 38.14 21.68 46.70

p Decode Router 9.93 3.89 32.74 9.59 4.84 34.14

Random Ski Router + LoRA 18.99 478 47.26 38.75 17.39 57.79

15 andom SKIp Router 12.11 277 36.30 13.56 5.64 35.86

Unified Ski Router + LoRA 21.65 5.93 4472 36.96 17.35 57.10

nified SKip Router 1641 3.99 39.81 2243 9.37 45.16

e Router + LoRA 24.68 7.13 60.29 45.66 23.66 67.45

FiRST (Ours) Router 16.47 41l 43.04 22.69 10.92 5455

Skip Decod Router + LoRA 16.85 7.62 3233 27.81 1574 4201

1p Decode Router 9.14 351 27.64 7.01 341 2951

Random Ski Router + LoRA 8.95 1.07 30.97 25.12 9.85 45.53

25 andom Skip Router 532 0.69 27.22 10.07 3.69 31.50

Unified Ski Router + LoRA 15.14 265 39.81 30.56 1227 42.30

nified Sip Router 10.21 1.62 30.86 1521 551 31.63

] Router + LoRA 18.89 4.06 4538 32.92 1374 41.66

FiRST (Ours) Router 951 1.44 29.08 1046 355 27.83

Table 2: Machine Translation Results for LLaMA-3.2-3B: BLEU-1, BLEU-2, and COMET scores are shown for English-to-
German and English-to-Chinese tasks at different skip levels. FIRST consistently achieves the highest BLEU-1 and COMET
scores for English-to-German at both skipping percentages and highest BLEU-1 for English-to-Chinese.

ity. Finally, for benchmarking latency, we look at
the TPOT (Time Per Output Token). TPOT evalu-
ates the average time taken to produce each output
token and is calculated for GPU to gauge overall
decoding performance. Appendix A.3 contains a
detailed description of evaluation metrics. Addi-
tionally, hyper-parameters used during training and
inference can be found in Appendix A.4.

5.1 Baselines for comparison

We report the latency improvement and quality

numbers relative to the base models (no skipping).

* Random Skipping: We skip a set of k layers
randomly where k depends on the target speedup.

* Skip Decode: We implement Skip Decode
(Del Corro et al., 2023) method that features
a monotonic decrease in processing layers, en-
abling later tokens to leverage the computational
resources used for earlier ones.

* Unified Skipping: This, to the best of our knowl-
edge, is the state-of-the-art method relies on us-
ing a heuristic-based strategy for retaining layers
at fixed intervals. We replicate the algorithm
in (Liu et al., 2024) and compare performance
both with and without LoRA fine-tuning across
various skipping percentages.

5.2 Experimental Results on Different Tasks

WMT: Our experiments demonstrate that FIRST
performs consistently well in different machine
translation tasks (EN-to-DE, EN-to-ZH) across dif-
ferent models. For LLaMA-3.8B, for 15% skip-
ping, FIRST achieves a latency improvement of
10-12% on TPOT (see Tables 1 and 5) while being
competitive to the base model + LoRA (gold ref-
erence) in quality. In most cases, it significantly
outperforms other layer skipping strategies (Ran-
dom, Skip Decode, Unified Skipping) and in other



Skip (%) | Model Type EM | F1
.. Base + LoRA 73.93 85.99
0 Original Model Base ‘ 19.46 ‘ 3673
. R+LoRA | 60.14 | 65.33
Skip Decode Router 1638 | 31.48
. R+LoRA | 6573 | 80.08
" Random Skip Router 1825 | 3375
Unified Ski R+LoRA | 5554 | 74.58
P Router 1739 | 3291
. R+LoRA | 70.85 | 83.61
FiRST (Qurs) Router 14.58 | 31.52
. R+LoRA | 4500 | 55.10
Skip Decode Router 10.68 | 26.69
. R+LoRA | 47.79 | 66.37
2 Random Skip Router 671 | 22.46
Unified Ski R+LoRA | 5287 | 69.28
P Router 18.18 | 3251
. R+LoRA | 60.60 | 75.49
FiRST (Qurs) Router 1321 | 27.48

Skip (%) | Model Type EM | F1
. wLoRA | 73.07 | 84.17
0 Original Model ‘ Base ‘ 18.92 ‘ 37.74
. R+LoRA | 60.79 | 75.00
Skip Decode Router | 2000 | 31.55
. R+LoRA | 6478 | 7727
" Random Skip Router 13.76 | 28.59
Unified Ski R+LoRA | 65.03 | 77.53
P Router 13.16 | 3231
. R+LoRA | 69.44 | 8135
FiRST Router 1279 | 2837
. R+LoRA | 4012 | 40.00
Skip Decode Router 2045 | 37.62
. R+LoRA | 1132 | 3834
20 Random Skip Router 675 | 1551
Unified Ski R+LoRA | 3739 | 52.49
P Router 7.81 | 18.20
. R+LoRA | 39.70 | 54.59
FiRST Router 552 | 1533

Table 3: Quality Analysis on Question Answering (SQuAD v1.1): LLaMA-3-8B (left) and LLaMA-3.2-3B (right). Exact Match
(EM) and F1 scores are reported for varying skipping levels. Note that R + LoRA corresponds to Router Augmentation followed
by LoRA fine-tuning (in the proposed FiRST framework) and wLoRA stands for Base Model with LoRA fine-tuning.

Skip (%) | Model Type BERT | R-1 | R-L
. wLoRA 84.87 | 2846 | 16.99

0 Original Model ‘ Base ‘ 8229 ‘ 23.49 ‘ 14.66
. R+LoRA | 8474 | 2204 | 17.54

Skip Decode Router 82.53 | 13.68 | 930

Random Ski R+LoRA | 8370 | 2460 | 1501

15 andom SKip Router 8110 | 19.64 | 13.07
Unified Ski R+LoRA | 8425 | 2435 | 143

P Router 80.3 1661 | 1095

' R+LoRA | 8514 | 318 | 2013

FiRST (Ours) Router 81.25 202 | 13.01

) R+LoRA | 7992 | 1067 | 1032

Skip Decode Router 7727 9.59 7.00

L R+LoRA | 7640 | 1145 | 7.89

” Random Skip Router 7745 | 1256 | 9.08
Unified Ski R+LoRA | 80.28 | 1594 | 9.9

P Router 7743 | 1097 | 7.68

. R+LoRA | 775 1465 | 1045

FiRST (Ours) Router 75.6 939 6.92

Skip (%) | Model Type BERT | R-1 | R-L
. wLORA 84.89 | 2837 | 17.02

0 Original Model ‘ Base ‘ 71.85 ‘ 19.34 ‘ 12.00
. R+LoRA | 8320 | 2171 | 1374

Skip Decode Router 80.97 9.74 6.87

Random Ski R+LoRA | 7952 | 2018 | 12.10

15 ando P Router 6820 | 1010 | 7.10
Unified Ski R+LoRA | 8153 | 1889 | 1172

nitiec Skip Router 70.01 1249 | 8.68

] R+LoRA | 8317 | 2647 | 16.79

FiRST (Ours) Router 7098 | 1647 | 1051

. R+LoRA | 7855 | 1583 | 674

Skip Decode Router 7691 1329 | 886

. R+LoRA | 8000 | 1633 | 1007

2 Random Skip Router 6788 | 849 | 596
Unified Ski R+LoRA | 7931 | 1588 | 10.69

P Router 68.86 9.17 6.97

) R+LoRA | 8025 | 2128 | 13.89

FiRST (Ours) Router 69.17 | 1236 | 843

Table 4: Quality Analysis on Summarization (CNN/DM dataset) on LLaMA-3-8B (left) and LLaMA-3.2-3B (right): BERT F1,
Rouge-1 and Rouge-L scores are reported for varying skipping levels. Note that R + LoRA corresponds to Router Augmentation
followed by LoRA fine-tuning (in the proposed FiRST framework) and wLoRA stands for Base Model with LoRA fine-tuning.

cases, it is comparable in quality. In comparison to
the gold output (Base + LoRA), FIRST is > 80%
in COMET scores (semantic metric), > 85% in
BLEU-1 scores, and > 75% in BLEU-2 scores
(syntax metrics) for both EN-to-DE and EN-to-ZH
translations. For 25% skipping, FIRST achieves
significant improvement in quality over other strate-
gies, in almost all metrics, while achieving ~ 18%
reduction in TPOT.

For LLaMA-3.2-3B, the latency improvement
is ~ 10%, with quality scores being significantly
higher than other layer skipping strategies (Table
6). It is within 65 — 85% of BLEU-1 and COMET
scores (Table 2) for EN-DE and EN-ZH of the gold
(LoRA fine-tuned base model).

CNN/DailyMail Dataset: For LLaMA-3-8B, at
roughly 15% skipping level, our method outper-
forms the base model + LoRA (Table: 4) while
obtaining a 12% improvement in TPOT (Table 5).

For LLaMA-3.2-3B, at 15%, the quality is com-
parable (~ 98%) to gold and other baselines with
12% improvement in TPOT. At 24%, FIRST is sig-
nificantly better than other layer skipping strategies,
while achieving > 20% improvement in latency.
SQuAD Dataset: For the LLaMA-3-8B model,
FIRST is > 95% in output quality of gold (base
+ LoRA) (Table 3), with overall latency gains of
6-16% (Table 7). It is significantly better in qual-
ity than all other baselines across all metrics for
different levels of skipping. For LLaMA-3.2-3B,
again FIRST is > 95% in output quality of gold
(base + LoRA) for 10% skipping (Table 3) with
gains in latency of 6-16% overall (Table 7) over the
LoRA fine-tuned base model. Moreover, it is better
than all other layer skipping strategies across all
metrics. Detailed results for an additional skipping
percentage are provided in Appendix A.8.

Layer-wise Skipping Patterns: Layer-wise skip-



Model Type ~ Skipping (%) English-to-German English-to-Chinese Model Type ~SKipping (%) CNN/DM
TPOT TPOT TPOT
Base + LoRA | 0 | 1x | 1x Base + LoRA | 0 | 1x
R+LoRA | 15 | 0.90x | 0.88x R+LoRA | 15 | 0.88x
R+LoRA | 25 | 0.82x | 0.83x R+LoRA | 20 | 081x
R+LoRA | 35 | 0.69x | 0.68x R+LoRA | 27 | 0.76x

Table 5: TPOT variation of LLaMA-3-8B on WMT (left) and CNN/DM (right) for FiRST. These values are relative to the
LoRA fine-tuned base model. Fine-tuning improves TPOT and quality significantly.

Model Type ~ Skipping (%) English-to-German English-to-Chinese Model Type ~Skipping (%) CNN/DM
TPOT TPOT TPOT
Base + LoRA | 0 | 1x | 1x Base + LoRA | 0 | Ix
R+LoRA | 15 | 0.90x | 0.91x R+LoRA | 15 | 0.88x
R+LoRA | 25 | 0.78x | 0.75x R+LoRA | 24 | 079
R+LoRA | 35 | 0.69x | 0.74x R+LoRA | 28 | 077x

Table 6: TPOT variation of LLaMA-3.2-3B on WMT (left) and CNN/DM (right) for FiRST. These values are relative to the
LoRA fine-tuned base model. Fine-tuning improves TPOT and quality significantly.

Model Type ~Skipping (%) SQuAD
TPOT
Base + LoRA | 0 | Ix
R+LoRA | 15 | 0.94x
R+LoRA | 24 | 0.83x
R+LoRA | 28 | 0.74x

Model Type ~Skipping (%) SQuAD
TPOT
Base + LoRA | 0 | 1x
R+LoRA | 15 | 0.94x
R+LoRA | 24 | 0.84x
R+LoRA | 28 | 0.72x

Table 7: TPOT variation of LLaMA-3-8B (left) and LLaMA-3.2-3B (right) on SQuAD dataset for FiRST. These values are
relative to the LoRA fine-tuned base model. Fine-tuning improves TPOT and quality significantly.

ping varies significantly across tasks, reflecting
the task-specific importance of each layer. For
LLaMA-3-8B at a 15% skipping rate, layers 7-9
and 21 are fully skipped in English-to-German,
with partial skipping in layer 18. In English-to-
Chinese, layers 7-9, 16, and 21 are fully skipped,
while layer 20 is partially skipped. For Summariza-
tion, layers 20, 22, and 23 are fully skipped, with
partial skipping in layers 19, 21, and 26. Some lay-
ers are skipped less than 10%, indicating their ne-
cessity for specific sequences. This task-specificity
is also evident in Question-Answering, where only
layer 22 is fully skipped, and skipping patterns
depend on the input. Detailed statistics are in Ap-
pendix A.7.

Computational overhead of Routers: We also
examine the computational overhead introduced
by training the routers. This overhead remains
minimal, as the router parameters are significantly
smaller than the total number of trainable param-
eters in each model (0.0027% for LLaMA-3-8B
and 0.0016% for LLaMA-3.2-3B). The proportion
of the total computational time spent on the router
operations compared to the entire forward pass of
the model is close to 0.3% for both models suggest-

ing their overhead does not significantly affect the
efficiency of the model during inference or training.

6 Conclusion

We propose a new framework FIRST for layer se-
lection corresponding to input sequence and task
towards reducing latency in a quality aware man-
ner. This is sequence dependent and operates in a
KV cache compatible manner. For an optimal skip-
ping rate of around 15%, FIRST achieves 10-20%
reduction in latency while being quality neutral
(approximately 80% or more in quality metrics
compared to base model) on multiple tasks/model
architectures such as Machine Translation, Summa-
rization and Question Answering, on well known
open source datasets, and some cases, even im-
proving upon base model, while significantly out-
perfoming other layer selection strategies on most
quality metrics.



7 Limitations

FIRST algorithm selects layers in a greedy, myopic
way one layer at a time, corresponding to sequences
(and tasks). A more optimal way of doing this
would be to estimate a subsequence of layers to
traverse through instead of one layer at a time. We
intend to address this in future work. We would like
to select a more optimal subset (subsequence) of
layers which will increase the output quality while
reducing latency even further.

8 Ethical Concerns

There are no ethical concerns to the best of our
knowledge.
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A Appendix

A.1 Related Work

Early Exit: Several works have been proposed
in the early exit theme (Zhu, 2021; Zhou et al.,
2020; Xin et al., 2020; Liu et al., 2020; Li et al.,
2020; Hou et al., 2020; Schuster et al., 2022) where
adaptive compute is used for different parts of the
token sequence. While these approaches have been
popular for encoder-only models which processes
the entire sequence as a whole, they have faced
challenges in generation tasks. The main limita-
tion of these set of techniques are their inability to
handle KV caching appropriately which is crucial
for multi-fold speed-ups in current LLM architec-
tures. We emphasize that in our work, we assign
varying compute to sequences in different batches
but within the same sequence, we assign the same
compute to every token.

Input Agnostic Heuristics: In Skip Decoding
(Del Corro et al., 2023), initial tokens pass through
more layers than later ones, contradicting the obser-
vation that later tokens are harder to decode (Liu
et al., 2024). Additionally, Skip Decoding skips
several bottom layers for most tokens, causing un-
desirable sub-network imbalance. To address this,
Unified Layer Skipping (Liu et al., 2024) proposes
a discrete skipping strategy that is uniform for all
tokens in a sequence. Based on a latency budget,
retained layer ids are passed through by all tokens,
ensuring KV Cache handling and retaining key lay-
ers. However, the limitation of this approach is that
skipping is independent of the input sequence. In
contrast, early exit strategies adapt layer skipping
to the input sequence, offering more flexibility. In
(Fan et al., 2019), a method akin to dropout ran-
domly skips layers during training, but this leads to
performance decline during the pre-fill stage. FFN-
SkipLLM (Jaiswal et al., 2024) constrains skipping
to FEN layers to avoid KV Cache issues but fails
to fully exploit redundancy as discussed already.
(Song et al., 2024) is a very recent work that also
explores greedily identifying layers to skip while
preserving the model performance on a calibration
dataset - however there are two major limitations of
this work which are resolved in our paper - (A) first
of all, the layer selection strategy is sequence in-
dependent although it can be made task-dependent
by calibrating on task-specific datapoints - our ap-
proach for skipping layers is sequence dependent
and is based on the input to a layer (B) SLEB does



not explore the impact of fine-tuning on the layers
to be skipped. On the other hand, our skipping
strategy incorporates the trained router already - in-
tuitively, the knowledge of skipping is transferred
during finetuning. (Chen et al., 2024) is another
recent work that compresses models by identifying
redundant layers - this is done by computing the
average similarity between input/output pairs of a
layer. However, as outlined in (Song et al., 2024),
such an approach suffers from the limitation that
it does not take into account the joint association
between the layers while skipping multiple layers.
Moreover, like (Jaiswal et al., 2024), this work
is neither sequence dependent nor takes the final
model predictions into account while identifying
the layers to skip.

Model Compression and Quantization Aware
Training: Orthogonal approaches to explore the
latency/memory-performance trade-off in Large
Language Models aim to build smaller models that
approximate the performance of larger ones with
reduced memory and latency costs. Key techniques
include: 1) compressing model parameters into
fewer bits (Frantar et al., 2022; Lin et al., 2024;
Lee et al., 2024; Saha et al., 2023); 2) pruning the
network by removing components like attention
heads or neurons based on heuristics (Frantar &
Alistarh, 2023; Ma et al., 2023b); and 3) distilling
the large model into a smaller, faster counterpart
(Agarwal et al., 2023; Gu et al., 2024). For fur-
ther details, we refer to the survey by (Zhu et al.,
2023). A significant body of work (Dettmers et al.,
2024; Liu et al., 2023b; Peri et al., 2020; Li et al.,
2023) has focused on quantization-aware training
to reduce memory footprints and mitigate perfor-
mance loss, starting with QLoRA (Dettmers et al.,
2024). In a similar vein, our work proposes fine-
tuning router-augmented models to improve layer
skipping and reduce performance degradation, as
pre-trained models do not account for layer skip-
ping, leading to higher degradation with vanilla

skipping.

Network Pruning: Another orthogonal ap-
proach to improve the inference speed-up is to
prune redundant network weights by zeroing them
out. There has been a significant body of work on
pruning model weights (Frantar et al., 2022; Fran-
tar & Alistarh, 2023; Sun et al., 2022; Zhang et al.,
2023) - most of these works can be categorized
into two clusters namely unstructured pruning and
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structured pruning. In case of unstructured prun-
ing, there is no structure to the inserted zeros and
achieving speedups with modern GPU hardware
tailored towards dense matrix multiplication is chal-
lenging. In fact, more than 90% sparsity is typi-
cally required to achieve any significant speedup
(Wang, 2020; Shi et al., 2020). Therefore, struc-
tured pruning which is more amenable to GPU
hardware has become prominent (2:4 pruning and
sub-channel pruning). However, realizing desired
speedups through these techniques have been dif-
ficult (Song et al., 2024). Moreover, several ap-
proaches for dynamically deleting entire rows or
columns of weight matrices have been proposed
(Ma et al., 2023a; Ashkboos et al., 2024; Liu et al.,
2023c¢) to retain dense matrices but two limitations
remain - (A) hardware support is extremely limited
for realizing speedup gains (B) extensive finetun-
ing is necessary to align the sparsification with
linguistic abilities - this is because, such pruning
techniques were not observed by the model during
pre-training. Finally, note that several prior works
(Tang et al., 2024; Oren et al., 2024; Xiao et al.,
2023) have imposed (query aware/ query agnos-
tic) sparsity in the KV cache matrices to speed up
self-attention mechanism via clever selection of the
critical tokens necessary from the KV cache.

A.2 Details of Datasets

Machine Translation: For translation tasks,
namely English-to-Chinese and English-to-
German, we employ the WMT development
sets from 2017 to 2020 for training/fine-tuning
following the methodology outlined in previous
studies (Liu et al., 2023a; Jiao et al., 2023).
Translation performance is evaluated using the
test set from the WMT 2022 dataset (Kocmi
et al., 2022) which was developed using recent
content from diverse domains. These domains
include news, social media, e-commerce, and
conversational contexts.

(Details in Appendix: A.5, Table: 8). Sum-
marization: We use the popular CNN-DailyMail
(CNN/DM) (Hermann et al., 2015) dataset which
is a large collection (over 300k) of text summariza-
tion pairs, created from CNN and Daily Mail news
articles. Each datapoint in this dataset comprises
of an article (the body of the news article with
683 words on average) and the corresponding high-
lights (article summary as written by the article
author). While the training set contains more than



287k samples, we have randomly chosen 4k sam-
ples for training both routers and LoRA. During
training in our framework, the number of trainable
parameters is small in both phases - therefore a
small subset of data points is sufficient for training.

Inference is performed on the standard test set
with 11,490 samples.

Question Answering: We use the popular Stan-
ford Question Answering Dataset (SQuAD v1.0)
(Rajpurkar et al., 2016), a widely-used benchmark
for machine Question Answering. The dataset con-
sists of over 100k question-answer pairs posed by
crowd-workers on a set of over 500 Wikipedia arti-
cles. Each sample comprises a context (a passage
from a Wikipedia article), a question (crafted to
test comprehension of the passage) and the corre-
sponding answer (a text span from the correspond-
ing reading passage). Similarly to the CNN/DM
dataset, 4k samples are chosen as random to train
both routers and LoRA. The training and validation
split contains 87,599 and 10,570 samples respec-
tively. Evaluation is performed on the validation
set (Schuster et al., 2022) as the test set labels are
not publicly released.

A.3 Evaluation Metrics

Quality-Based Metrics for Translation task:

* BLEU Score: BLEU (Bilingual Evaluation Un-
derstudy) scores are used to measure the quality
of translations. BLEU compares n-grams of the
candidate translation to n-grams of the reference
translation, providing a score between 0 and 1,
with higher scores indicating better translations.
In this evaluation, NLTK BLEU is employed,
focusing on BLEU-1 and BLEU-2 scores.

* COMET: COMET (Cross-lingual Optimized
Metric for Evaluation of Translation) is used to
assess translation quality further. COMET eval-
uates translations using a model trained to cor-
relate well with human judgments. Specifically,
Unbabel/XCOMET-XL 2 is used in this evalua-
tion. COMET provides a more nuanced assess-
ment of translation quality by considering the
intricacies of both source and target languages,
beyond the n-gram matching used in BLEU.

Quality based Metrics for Summarization Task:

* BERTScore: This metric quantifies semantic
similarity between texts by leveraging contextual
word embeddings.

BERTScore captures meaning-based similarity

Zhttps://github.com/Unbabel/COMET
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rather than relying on exact word matches, pro-
viding a nuanced evaluation of text generation
quality.

ROUGE: (Recall-Oriented Understudy for Gist-
ing Evaluation) is a common metric - ROUGE-1
refers to overlap of unigrams between the sys-
tem summary and reference summary. Similarly,
ROUGE-L measures longest matching sequence
of words.

Quality based Metrics for Question Answering
Task:

» Exact Match: This metric measures the percent-
age of predictions that exactly match the ground
truth answer.

* F1 score: Since EM is a highly stringent metric,
we also report the F1 score which provides a
more flexible evaluation of answer prediction.
This metric also takes into account near-matches.

A.4 Training and Inference Setup

* Training settings: We perform extensive experi-
ments on two models, namely LLaMA-3-8B and
LLaMA-3.2-3B from Meta, which consist of 32
and 28 layers, respectively. Training of routers
and LoRA adapters is conducted on A100 80GB
GPUs, with training/inference is performed in
full precision to avoid performance degradation
due to quantization. The training process em-
ploys our custom loss function and continues for
a fixed number of epochs, terminating when the
validation loss fails to improve over 4 consecu-
tive steps. The learning rate is set between le =4
and 3e~* - a cosine scheduler is used to adjust the
learning rate. Gradients are accumulated after 5
steps and the regularization coefficient A is fixed
at 0.01. For LoRA fine-tuning, we employ a rank
of 8, a dropout rate of 0.1, and a scaling factor
(lora_alpha) of 32. We set the non-skipping pe-
nalization regularizer hyper-parameter 8 = «/3
after tuning to maintain skipping level - where «
is the non-skipping penalization hyperparameter
used in the first phase and set according to the tar-
get speedup ratio. For translation, the maximum
sequence length is set to 128 for router training
and 256 for LoRA training. Similarly, for sum-
marization, the maximum sequence length is set
to 500 and 700 respectively. For Question An-
swering, this length is set to 512. Prompts for the
different tasks regarding training/inference are
shown in Appendix A.6.

* Inference settings: For all the tasks, we set the



temperature to 0.8 and enable top-k sampling
over 10 tokens. The maximum number of tokens
to be generated is set to 80 for WMT, 200 for
CNN/DM and 32 for SQuAD. Caching is turned
on during inference.

A.5 Training and testing split

| WMT | Summarization | RC
| Eng-to-German | Eng-to-Chinese | CNN/DM | SQuAD
Train | 3505 \ 8983 \ 3400 | 3400
Validation | 876 \ 998 \ 600 | 600
Test | 2038 | 2038 | 11490 | 10570

Table 8: Train-Validation-Test split for WMT, CNN/DM
and SQuAD datasets

A.6 Prompt Details

The prompt structures used for both training and
inference are as follows:

* For the machine translation task (English-to-
German or English-to-Chinese), the following
general prompt structure is used to train the
routers and during final inference:

### Instruction:

Translate the following sentences from English

to German.

### Input:
{Text to be translated?}

### Response:

e For the summarization task (used in
CNN/DailyMail dataset), the prompt structure
used is:

### Instruction:
Summarize the news article in around 100-200
words.

### Input:
{Article to be summarized}

### Response:

* For the Question Answering task (used in
SQuAD dataset), the following prompt struc-
ture is utilized:

### Instruction:

Answer the question based on the given passage.

### Passage:

{context}

### Question:
{Question to be answered}
### Response:

During the training of the LoRA module, task-
aware training is applied. The expected translation
or summary is appended after the ### Response
section, making the model predict the response
tokens following the "Response:\n".

A.7 Layer-wise SKkipping Statistics

Table 15 present the fraction of sequences that skip
a particular block during the task for the LLaMA-
3-8B model. If the corresponding cell in a row
shows a value of 80.00, it implies that 80% of the
sequences skip this block. It is important to note
that the decision regarding which block to skip
varies across different datasets and tasks. Addition-
ally, partial skipping in some blocks, with varying
percentages, suggests that while some sequences
consider the layer important, others do not and
therefore skip it during the decoding phase.

Figures 3, 4, 5, and 6 depict the distribution of
skipped blocks when the model is configured to
skip approximately 15% of the layers. These plots
demonstrate the variation in block skipping based
on the task and dataset, highlighting the differences
in block importance. The bar plots further show
that the determination of important layers depends
not only on the dataset but also on the model archi-
tecture. For instance, Figure 3 illustrates that layers
7 and 9 are entirely skipped in LLaMA-3-8b, while
they are rarely skipped in LLaMA-3.2-3b.

A.8 Detailed Result Table

Tables 9 and 11 present the detailed results for the
LLaMA-3.2-3B model, while Tables 10 and 12
summarize the performance of the LLaMA-3-8B
model for an additional skipping percentage on Ma-
chine Translation Task. The results are reported
using BLEU (BLEU-1, BLEU-2) and COMET met-
rics, highlighting performance across different skip-
ping percentages. Similarly, Table 13 presents cu-
mulative results for both models reporting BERT
F1, ROUGE-1 and ROUGE-L. Lastly, Table 14
presents Exact Match (EM) and F1 scores for both
models for three skipping percentage variations.



Skipping (%) | ModelType | Configuration | BLEU-1 | BLEU-2 | COMET
- Base + LoRA 37.57 17.43 89.72
0 Original Model Base ‘ 31.19 ‘ 13.67 ‘ 81.66
Skin Decod Router + LoRA 2324 11.07 4458
p Decode Router 9.93 3.89 32.74
Random Ski Router + LoRA 18.99 478 4726
15 andom SKip Router 12.11 277 3630
Unified Ski Router + LoRA 21.65 593 4472
nifled SKIp Router 16.41 3.99 39.81
! Router + LoRA 24.68 7.13 60.29
FiRST (Ours) Router 16.47 411 43.04
. Router + LoRA 16.85 7.62 3233
Skip Decode Router 9.14 351 27.64
Random Ski Router + LoRA 8.95 1.07 30.97
25 P Router 532 0.69 27.22
Unified Ski Router + LoORA 15.14 2.65 39.81
nified SKip Router 1021 1.62 30.86
. Router + LoRA 18.89 4.06 45.38
FIiRST (Ours) Router 951 1.44 29.08
. Router + LoRA 1.62 036 2330
Skip Decode Router 171 027 19.34
Random Ski Router + LoRA 472 0.15 25.08
3 P Router 1.96 0.06 21.18
Unified Ski Router + LoRA 118 0.05 19.65
P Router 0.90 0.03 20.36
) Router + LoRA 9.47 129 27.45
FiRST (Ours) Router 574 0.56 25.03

Table 9: Machine Translation Results for English to German on LLaMA-3.2-3B: BLEU-1, BLEU-2 and COMET scores for
various skipping strategies.

Skipping (%) | Model Type | Configuration | BLEU-1 | BLEU-2 | COMET
. Base + LoRA 4178 2174 93
0 Original Model Base ‘ 37.17 ‘ 18.57 ‘ 87.13
. Router + LoRA 23.04 10.52 55.62
Skip Decode Router 3.99 118 2333
Random Sk Router + LoRA 3043 10.98 66.25
15 P Router 26.54 8.77 60.27
Unified Ski Router + LoRA 28.92 10.64 50.34
nified SKip Router 2323 7.85 59.26
- Router + LoRA 38.01 17.89 82.14
FiRST (Ours) Router 28.83 11.8 67.74
. Router + LoRA 13.67 6.00 31.47
Skip Decode Router 324 0.92 21.55
Random Ski Router + LoRA 6.01 091 29.71
25 P Router 3.65 0.49 29.95
Unified Ski Router + LoRA 15.67 336 31.69
P Router 12.58 2.65 32.15
) Router + LoRA 17.84 4.14 34.95
FiRST (Ours) Router 9.67 137 26.01
. Router + LoRA 555 033 23.85
Skip Decode Router 3.03 0.82 20.03
Random Ski Router + LoRA 1.80 0.12 25.56
3 P Router 1.44 0.06 25.34
Unified Ski Router + LoRA 6.44 0.77 22.05
ed Skip Router 3.92 051 22.88
) Router + LoRA 6.39 0.42 19.96
FiRST (Ours) Router 37 0.14 21.41

Table 10: Machine Translation Results for English to German on LLaMA-3-8B: BLEU-1, BLEU-2 and COMET scores for
various skipping strategies.
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Skipping (%) | ModelType | Configuration | BLEU-1 | BLEU-2 | COMET
- Base + LoRA 51.81 30.04 79.13
0 Original Model Base ‘ 32.10 ‘ 17.92 ‘ 61.84
. Router + LoRA 38.14 21.68 46.70
Skip Decode Router 9.59 4.84 34.14
Random Ski Router + LoRA 38.75 17.39 57.79
15 andom SKip Router 1356 5.64 35.86
Unified Ski Router + LoRA 36.96 17.35 57.10
nifled SKIp Router 2243 9.37 45.16
! Router + LoRA 45.66 23.66 67.45
FiRST (Qurs) Router 22,69 1092 54.55
. Router + LoRA 27.81 15.74 42,01
Skip Decode Router 7.01 341 2951
Random Ski Router + LoRA 25.12 9.85 45.53
25 ancom Sidp Router 10.07 3.69 31.50
Unified Ski Router + LoRA 30.56 12.27 42.30
nified SKip Router 1521 551 31.63
. Router + LoRA 32.92 13.74 41.66
FIiRST (Ours) Router 10.46 355 27.83
. Router + LoRA 2.84 1.10 2230
Skip Decode Router 236 1.04 1832
Random Ski Router + LoRA 4.17 1.52 32.81
3 P Router 2.11 076 23.63
Unified Ski Router + LoRA 326 0.52 19.12
P Router 220 037 19.82
) Router + LoRA 20.01 6.96 28.10
FiRST (Ours) Router 6.54 178 23.13

Table 11: Machine Translation Results for English to Chinese on LLaMA-3.2-3B: BLEU-1, BLEU-2 and COMET scores for
various skipping strategies.

Skipping (%) | Model Type | Configuration | BLEU-1 | BLEU-2 | COMET
. Base + LoRA 56.94 35.56 82.66
0 Original Model Base ‘ 38.02 ‘ 2246 ‘ 68.95
. Router + LoRA 28.73 15.84 55.98
Skip Decode Router 474 233 21.75
Random Ski Router + LoRA 47.88 25.75 67.32
15 ancom Sidp Router 36.60 18.66 59.89
Unified Ski Router + LoRA 46.61 25.01 69.58
P Router 27.28 1335 54.57
- Router + LoRA 48.35 26.57 68.63
FiRST (Ours) Router 17.55 8.68 42.76
. Router + LoRA 20.03 10.85 33.85
Skip Decode Router 378 1.84 20.93
Random Ski Router + LoRA 11.69 4.66 27.73
25 P Router 737 281 35.16
Unified Ski Router + LoRA 34.90 15.75 50.59
P Router 17.74 735 38.74
) Router + LoRA 3579 15.66 56.92
FiRST (Ours) Router 11.01 323 25.45
. Router + LoRA 1224 6.27 25.23
Skip Decode Router 3.64 174 22.84
Random Ski Router + LoRA 738 2.19 27.35
3 P Router 447 112 29.46
Unified Ski Router + LoRA 751 2.10 20.25
ed Skip Router 3.87 1.06 2124
) Router + LoRA 15.66 3.95 26.80
FiRST (Ours) Router 6.13 1.54 22.89

Table 12: Machine Translation Results for English to Chinese on LLaMA-3-8B: BLEU-1, BLEU-2 and COMET scores for
various skipping strategies.
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Skip (%) | Model Type BERT | R1 | RL
- wLoRA 8487 | 2846 | 1699

0 Original Model ‘ Base ‘ 82.29 ‘ 23.49 ‘ 14.66
. R+LoRA | 8474 | 2204 | 17.54

Skip Decode Router 82.53 | 1368 | 930

) R+LoRA | 8370 | 2460 | 1501

15 Random Skip Router 8110 | 19.64 | 13.07
Unified Ski R+LoRA | 8425 | 2435 | 143

P Router 80.3 1661 | 1095

) R+LoRA | 8514 | 318 | 2013

FiRST (Ours) Router 81.25 202 | 1301

. R+LoRA | 8257 | 2041 | 1487

Skip Decode Router 81.62 | 1348 | 9.19

) R+LoRA | 8139 | 2157 | 1383

20 Random Skip Router 7923 | 1551 | 1093
Unified Ski R+LoRA | 8293 | 223 | 1337

ed Skip Router 8032 | 1651 | 1115

) R+LoRA | 828 | 27.65 | 17.84

FiRST (Ours) Router 7932 | 1628 | 10585

. R+LoRA | 7992 | 1067 | 1032

Skip Decode Router 7727 9.59 7.00

) R+LoRA | 7640 | 1145 | 7.89

2 Random Skip Router 7745 1256 | 9.08
Unified Ski R+LoRA | 8028 | 1594 | 9.9

nitied SKip Router 7743 | 1097 | 7.68

- R+LoRA | 775 1465 | 1045

FiRST (Ours) Router 756 | 939 | 692

Skip (%) | Model Type BERT | R-1 | RL
- wLoRA 8489 | 2837 | 17.02

0 Original Model ‘ Base ‘ 71.85 ‘ 1934 ‘ 12.00
) R+LoRA | 8320 | 2171 | 1374

Skip Decode Router 80.97 9.74 6.87

) R+LoRA | 7952 | 2018 | 1210

s Random Skip Router 6820 | 1010 | 7.10
Unified Ski R+LoRA | 8153 | 1889 | 11.72

P Router 70.01 1249 | 8.68

) R+LoRA | 8317 | 2647 | 16.79

FiRST (Ours) Router 7098 | 1647 | 1051

) R+LoRA | 7855 | 1583 | 674

Skip Decode Router 7691 | 1329 | 8.86

Random Ski R+LoRA | 8000 | 1633 | 1007

2 P Router 67.88 8.49 5.96
Unified Ski R+LoRA | 7931 | 1588 | 10.69

ed Skip Router 68.86 9.17 6.97

) R+LoRA | 8025 | 2128 | 13.89

FiRST (Ours) Router 69.17 | 1236 | 843

. R+LoRA | 7069 | 876 | 674

Skip Decode Router 40.99 2.05 1.23

. R+LoRA | 7945 | 1469 | 923

28 Random Skip Router 67.48 8.14 5.64
Unified Ski R+LoRA | 7857 | 1174 | 7.47

P Router 68.23 8.12 5.66

e R+LoRA | 7748 | 1598 | 1114

FiRST (Ours) Router 6714 | 809 | 600

Table 13: Quality Analysis on Summarization (CNN/DM dataset) on LLaMA-3-8B (left) and LLaMA-3.2-3B
(right): BERT F1, Rouge-1 and Rouge-L scores are reported for varying skipping levels. Note that R + LoRA
corresponds to Router Augmentation followed by LoRA fine-tuning (in the proposed FiRST framework) and
wLoRA stands for Base Model with LoRA fine-tuning. FiRST with fine-tuning, improves upon Unified Skipping

for all skipping levels on both Rouge-1 and Rouge-L and is competitive on BERT F1.

Skip (%) | Model Type | EM | F1
. wLoRA | 73.93 | 85.99
0 Original Model ‘ Base ‘ 19.46 ‘ 36.73
. R+LoRA | 60.14 | 65.33
Skip Decode Router | 1638 | 3148
. R+LoRA | 6573 | 80.08
10 Random Skip Router 1825 | 33.75
Unified Ski R+LoRA | 5554 | 74.58
P Router 1739 | 3291
' R+LoRA | 70.85 | 83.61
FiRST (Ours) Router 14.58 | 31.52
. R+LoRA | 4500 | 55.10
Skip Decode Router 10.68 | 26.69
. R+LoRA | 47.79 | 66.37
» Random Skip | "o\ oy 671 | 2246
Unified Ski R+LoRA | 5287 | 69.28
P Router 18.18 | 32.51
' R+LoRA | 60.60 | 75.49
FiRST (Ours) Router 1321 | 27.48
. R+LoRA | 30.77 | 4838
Skip Decode Router | 1067 | 28.52
. R+LoRA | 2545 | 42.68
30 Random Skip Router 355 | 1549
Unified Ski R+LoRA | 2561 | 3855
P Router 1519 | 28.11
' R+LoRA | 3820 | 52.68
FiRST (Ours) Router 364 | 1330

Skip (%) | Model Type | EM | FI
. wLoRA | 73.07 | 84.17
0 Original Model ‘ Base ‘ 18.92 ‘ 3774
. R+LoRA | 60.79 | 75.00
Skip Decode Router | 20.00 | 31.55
. R+LoRA | 6478 | 77.27
" Random Skip Router 13.76 | 28.59
Unified Ski R+LoRA | 6503 | 77.53
P Router 13.16 | 32.31
. R+LoRA | 69.44 | 81.35
FiRST Router | 1279 | 2837
. R+LoRA | 40.12 | 40.00
Skip Decode Router 2045 | 37.62
. R+LoRA | 1132 | 3834
» Random Skip | "5 or 675 | 1551
Unified Ski R+LoRA | 3739 | 52.49
P Router 7.81 | 18.20
. R+LoRA | 3970 | 54.59
FiRST Router 552 | 1533
. R+LoRA | 20.68 | 23.08
Skip Decode Router 078 | 383
. R+LoRA | 030 | 887
0 Random Skip Router 062 | 588
Unified Ski R+LoRA | 739 | 13.72
P Router 037 | 6.15
. R+LoRA | 3399 | 5037
LA Router 255 | 1026

Table 14: SQuAD performance on LLaMA-3-8B (left) and LLaMA-3.2-3B (right): EM (Exact Match) and F1 scores
are reported for varying skipping levels. Note that R + LoRA corresponds to Router Augmentation followed by
LoRA fine-tuning (in the proposed FiRST framework) and wLoRA stands for Base Model with LoRA fine-tuning.
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Figure 3: Comparison of LLaMA-3.2-3B (left) and LLaMA-3-8B (right) at 15% skipping rate on English-to-German
Machine Translation Task. The graph shows how different layers contribute to the skipping behavior for the same
dataset. Layers with no skipping, indicated by a 0% skipping rate, are not represented in the plot.
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Figure 4: Comparison of LLaMA-3.2-3B (left) and LLaMA-3-8B (right) at 15% skipping rate on English-to-Chinese
Machine Translation Task. The graph shows how different layers contribute to the skipping behavior for the same
dataset. Layers with no skipping, indicated by a 0% skipping rate, are not represented in the plot.
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Figure 5: Comparison of LLaMA-3.2-3B (left) and LLaMA-3-8B (right) at 15% skipping rate on CNN Summariza-
tion Task. Layers with no skipping, indicated by a 0% skipping rate, are not represented in the plot.
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Figure 6: Comparison of LLaMA-3.2-3B (left) and LLaMA-3-8B (right) at 15% skipping rate on SQuAD Question-
Answering Task. Layers with no skipping, indicated by a 0% skipping rate, are not represented in the plot.
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Layer | R R+L R R+L R R+L
a— 0.005 | 0.005 0.01 0.01 0.025 | 0.025
0 0.00 0.00 0.00 0.00 0.00 0.00
1 0.00 0.00 0.00 0.00 0.00 0.00
2 0.00 0.00 0.00 0.00 0.00 0.00
3 0.00 0.00 0.00 0.00 0.00 0.00
4 0.00 0.00 0.00 0.00 0.00 0.00
5 0.00 0.00 0.00 0.00 0.00 0.00
6 0.00 0.00 0.00 0.00 0.00 0.00
7 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00
] 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00
9 100.00 | 10000 | 0.00 0.00 0.10 132
10 0.00 0.00 0.00 0.00 8925 | 7267
11 0.00 0.00 0.00 0.00 0.00 0.00
12 0.00 0.00 | 100.00 | 100.00 | 100.00 | 100.00
13 0.00 0.00 0.00 0.00 0.00 0.00
14 0.00 0.00 0.00 0.59 0.00 0.25
15 0.00 0.00 | 100.00 | 99.95 | 100.00 | 99.36
16 0.00 0.00 0.10 245 100.00 | 99.95
17 0.00 0.00 0.00 0.00 0.00 0.00
18 9779 | 3224 | 100.00 | 100.00 | 100.00 | 100.00
19 0.00 0.00 9985 | 91.17 | 10000 | 99.61
20 0.00 000 | 100.00 | 100.00 | 100.00 | 99.46
21 9985 | 9872 | 100.00 | 100.00 | 100.00 | 100.00
22 0.00 0.00 0.00 0.00 0.00 0.00
23 0.00 0.00 2414 0.79 9975 | 91.66
24 0.00 0.00 0.00 0.00 0.00 0.00
25 0.00 0.00 0.00 0.00 0.00 0.00
26 0.00 0.00 5731 245 100.00 | 86.02
27 0.00 0.00 0.00 0.00 0.00 0.00
28 0.00 0.00 0.00 0.00 0.00 0.05
29 0.00 0.00 0.00 0.00 0.00 0.00
30 0.00 0.00 0.00 0.00 0.00 0.00
31 0.00 0.00 0.00 0.00 0.00 0.00
Avg 15.55 1347 | 2754 | 2492 | 3716 | 3595

Table 15: Variation in skipping percentage (15-35%) with the Non-skip Penalization Loss coefficient o for LLaMA-
3-8B on Machine Translation (English-to-German). As « increases, the skipping percentage also increases for both
the Router-Only and Router-Augmented LoRA fine-tuned models. Similar trends are observed for other datasets as
well.
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