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Abstract

Multi-stage reasoning has emerged as an ef-
fective strategy for enhancing the reasoning
capability of small language models by de-
composing complex problems into sequential
sub-stages. However, this comes at the cost
of increased latency. We observe that existing
adaptive acceleration techniques, such as layer
skipping, struggle to balance efficiency and
accuracy in this setting due to two key chal-
lenges: (1) stage-wise variation in skip sensitiv-
ity, and (2) the generation of redundant output
tokens. To address these, we propose LiteStage,
a latency-aware layer skipping framework for
multi-stage reasoning. LiteStage combines a
stage-wise offline search that allocates optimal
layer budgets with an online confidence-based
generation early exit to suppress unnecessary
decoding. Experiments on three benchmarks,
e.g., OBQA, CSQA, and StrategyQA, show that
LiteStage outperforms prior training-free layer
skipping methods.

1 Introduction

Recent research on reasoning spans a broad spec-
trum, ranging from deep reasoning that rely on
long-horizon generation (Hongru et al., 2025; Jin
et al., 2024) or self-reflective feedback (Li et al.,
2025), to short multi-stage reasoning (Wang et al.,
2025a; Yang et al., 2025¢). While the former has
attracted significant attention, many practical ques-
tion answering and decision-making tasks fall into
the latter category (Chen et al., 2024). In such set-
tings, problems are decomposed into a small num-
ber of structured stages such as knowledge recall,
local inference, and decision aggregation (Piao and
Park, 2024) (see Figure 1(a)), through which they
can be effectively solved without requiring long,
deeply nested derivations.

This form of short multi-stage reasoning is par-
ticularly prevalent in small language models, whose
limited capacity often prevents reliable reasoning

Question: An electric car runs on electricity via
(A) gasoline (B) electrical conductors

Answers:
#~ [Stage 1: Recall] An electric car runs on electricity, which is typically
supplied by electrical devices.

o« [Stage 2: Analysis] For option (A), gasoline is a type of fuel used to
power internal combustion engines. For option (B), electrical conductors,
such as batteries, are the primary source of electricity for electric cars.

So the answer is option (B).
(a)
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Figure 1: Multi-stage Reasoning. (a) An example of
multi-stage reasoning introduced in TinyThinker (Piao
and Park, 2024). The process comprises three stages:
Stage 1 (Recall) generates an initial solution idea,
Stage 2 (Analysis) evaluates candidate options through
explicit reasoning, and Stage 3 (Summary) produces the
final conclusion. (b)-(c) Accuracy and latency profiles
when layer skipping is applied to a single stage while
keeping the remaining stages at full depth.

in a single step (Li et al., 2024). However, execut-
ing multiple reasoning stages sequentially incurs
non-trivial latency (Kim et al., 2024), so inference
can remain slow in practice, even for lightweight
models. Applying existing acceleration techniques
therefore appears natural; however, multi-stage in-
ference introduces unique challenges. Reasoning
stages vary substantially in decoding length and
token diversity, leading to non-uniform informa-
tion density across stages (Dai et al., 2024). As
a result, some stages tolerate aggressive accelera-
tion, while others are highly sensitive, ultimately
bounding achievable accuracy. Effective accelera-
tion thus requires adapting efficiency to the distinct



Table 1: Comparison of Key Features. LiteStage is a training-free, stage-wise optimization strategy that adaptively
allocates layer budgets across reasoning stages, unlike methods that either apply static layer skipping (training-free)
or require additional training for dynamic skipping (e.g., routers).

Method / Contribution Training- Latency- Concis.e Sul.o-la.yer Ad.apt.ive Importz}nce
free aware  Generation Skipping Skipping Metric
LayerSkip (Elhoushi et al., 2024) X X - X v early exit
MoD (Raposo et al., 2024) X X - X v router
SkipDecode (Del Corro et al., 2023) v X X X v heuristic
UnifiedSkip (Liu et al., 2024) v X X X X heuristic
AdaSkip (He et al., 2025) v X X v X cosine
LiteStage (Ours) v v v v v cosine

computational demands of each reasoning stage.

Adaptive computation in LLMs has been widely
explored through layer skipping (Raposo et al.,
2024; Men et al., 2024; He et al., 2025), which
reduces computation by bypassing redundant lay-
ers. However, determining how many layers to
skip at each reasoning stage remains challenging.
As shown in Figure 1(b), the degree of accuracy
degradation differs across stages: Stage 1 is no-
tably robust to layer skipping, whereas other stages
are more sensitive. In contrast, latency benefits
are most pronounced in Stage 2 (see Figure 1(c)),
due to its longer generation (asymmetric trade-
offs). Moreover, approximate decoding often in-
duces models to generate more tokens, which can
lead to even slower end-to-end inference than the
full-layer, i.e., normalized latency > 1.0, despite
reduced per-token latency (extra generation).

In this paper, we present LiteStage, a latency-
aware layer skipping framework designed for multi-
stage reasoning in small LLMs. LiteStage com-
prises two complementary components, an offline
configuration and online adjustment, that jointly ad-
dress the aforementioned key challenges. In the of-
fline phase, LiteStage iteratively searches for layer
budget, i.e., the number of layers to skip, that min-
imize latency within an accuracy threshold, from
the longest stage to the shortest. This stage-wise
allocation effectively accelerates slow stages (high
priorities) and prevents their accuracy collapse. In
the online phase, LiteStage addresses the underex-
plored side effect of layer skipping, the increase in
generation length, by monitoring token confidence
during decoding and terminating generation early
when confidence falls below a threshold, thus avoid-
ing redundant generation. LiteStage’s key features
are summarized in Table 1.

2 Related Works

Multi-stage Generation. Recent works on rea-
soning tasks employ diverse forms of multi-stage
inference. TinyThinker (Piao and Park, 2024) in-
troduces a deductive reasoning cycle of recall,
analysis, and summary, showing progressive ac-
curacy gains. DeAR (Xue et al., 2024) adopts
a similar decomposition-analysis-rethinking pro-
cess, refining intermediate answers across stages.
CasCoD (Dai et al., 2024) distills decomposed
chain-of-thoughts in a cascading manner to en-
hance reasoning generalization in smaller models.
Self-Discover (Zhou et al., 2024) enables mod-
els to dynamically organize reasoning structures
and select appropriate modules for each problem.
LLaVA-CoT (Xu et al., 2025) extends this idea to
multi-modal settings (e.g., vision language). How-
ever, these works largely prioritize reasoning qual-
ity rather than computational efficiency.

Layer Skip. Layer-skipping techniques can fall
into two categories: (1) training-based and (2)
training-free methods. Early works such as Layer-
Skip (Elhoushi et al., 2024), DeeBERT (Xin et al.,
2020), and EE-LLM (Chen et al., 2023) perform
early exiting by returning outputs at intermediate
layers (Fan et al., 2024). More recent router-based
approaches, including Mixture-of-Depth (Raposo
et al., 2024), dynamically skips intermediate lay-
ers but require training both the model and routers.
Later studies (Luo et al., 2025b; He et al., 2024,
Luo et al., 2025a; Bae et al., 2025) fine-tune only
the routers to lower training costs.

However, multi-stage reasoning models are often
tuned on carefully curated reasoning paths gener-
ated from larger models, which are rarely acces-
sible. Thus, even though computational costs can
be insignificant in training-based ones, training-
free approaches are more practical for our set-
ting. Representative examples include SkipDe-



code (Del Corro et al., 2023), which gradually
skips deeper layers during decoding; Unified Skip-
ping (Liu et al., 2024), which periodically skips lay-
ers (e.g., 1-st, 4-th, 7-th); and ShortGPT (Men et al.,
2024), which uses cosine similarity as a proxy for
block importance. Building on this, AdaSkip (He
et al., 2025) introduces sub-layer-level importance
estimation. These methods typically apply uni-
form skipping policies, leading to suboptimal effi-
ciency—accuracy trade-offs.

Generation Early Exit. Prior works primarily
address redundant explanations of long reasoning
models. Zhang et al. (2025) trains probing heads to
estimate confidence on intermediate answers and
terminate decoding once it is sufficient. Training-
free methods, in contrast, typically rely on heuris-
tics. ES-CoT (Mao et al., 2025) stops generation
when the same answer repeatedly appears. Logit-
based approaches (Yang et al., 2025b; Wang et al.,
2025b) monitor confidence or next-token entropy
when </think> token appears in the reasoning trace.
However, these efforts remain limited to reasoning-
oriented models that inherently produce verbose
outputs, with little attention to mitigating the pro-
longed generation induced by model compression.

3 Proposed Methods

Problem Statement. Our primary objective is to
search the stage-wise layer budget L, i.e., a set of
sub-layer indices to skip for each stage, that pro-
duces the minimal latency within a given accuracy
threshold e. Formally, the objective is given as:

argmﬁnﬁZT(ML(d)) 1)
sit. AMu(d)) < AM(d)) — € @)

where 7 and A denote the inference latency and
accuracy of the model; My, and M represent mod-
els with layer skipping under the layer budget L
and full layers, respectively; and D is a test dataset.

3.1 Overview of LiteStage

LiteStage introduces a stage-wise layer skipping
strategy that effectively balances the accuracy and
latency in multi-stage inference. The details of each
component are discussed in the following sections,
and an overview is illustrated in Figure 2.

Its mechanism consists of two phases: (1) an of-
fline configuration determines the optimal set of
sub-layers to skip at each stage. This incorporates
the two tasks: which layers to skip and how many

layers to skip. We first estimate the layer impor-
tance using cosine similarity to pre-define the pri-
ority of layers to be skipped (Step 1) and then take
greedy search that determines the number of lay-
ers to skip from the longest reasoning stage to the
shortest to effectively reduce the latency within an
accuracy threshold (Step 2). (2) an online adjust-
ment addresses inefficiencies that may occur due to
unexpectedly extended generation. We observe that
layer skipping induces extra token generation but
their confidence level diminishes. Considering that,
we jointly apply generation early exit with layer
skipping (Step 3).

3.2 Step 1: Estimate Layer Importance

Before deciding how many layers to skip in each
stage, we first need a layer skipping policy. That is,
a criterion for selecting which layers to skip given
a target skip count, enabling an efficient search of
the accuracy-latency trade-off. We adopt cosine
similarity as a proxy for layer importance, as it has
been shown to perform effectively in prior studies
(Men et al., 2024; He et al., 2025).

Skipping at Sub-Layer Granularity. We esti-
mate layer importance at the sub-layer level, follow-
ing the approach of AdaSkip (He et al., 2025). It is
important to note that our key contribution lies not
in designing a new proxy for importance estimation,
but in how we explicitly and systematically balance
the layer budget across reasoning stages. This finer
granularity enables us to independently assess the
influence of multi-head self-attention (MHSA) and
feed-forward network (FFN) sub-layers.

Specifically, the importance of each sub-layer is
estimated as follows:

N—-1
_ 1 ;
Itp =1 — ¥ > cos(MHSAY) (z) + z,2)  (3)
n=0

N-1
. 1 j
Ilg]F)N =1- N E COS(FFN(J)(DC) +2,1) “4)

n=0

where IISZI){S A and IIE-]F%\I denote the importance of
the j-th MHSA and FEN layers, respectively. We
compute cosine similarity between input and output
of each sub-layer, as described in Figure 2 (Step
1), during prefilling and average over /N valida-
tion samples. Equations (3) and (4) are also aver-
aged across stages, though omitted here for clarity.
Higher similarity indicates that input and output
representations are more redundant, i.e., less impor-
tant sub-layer. Given a skip budget, these estimates
guide the selection of sub-layers to skip.
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Figure 2: Overview of LiteStage. The proposed method consists of an offfine configuration (Steps 1-2) and an
online adjustment (Step 3). In the offline phase, (1) layer importance is estimated at the sub-layer level (MHSA and
FFN) and accumulated across stages, followed by (2) a search for the optimal layer budget that minimizes latency
within a target accuracy. In the online phase, (3) generation early exit dynamically terminates decoding when the
average confidence of recent tokens falls below a threshold, preventing excessive generation length and ensuring

consistent efficiency gains.

This estimation is first performed at Stage 1 us-
ing the corresponding prompt, and is subsequently
accumulated in Stages 2 and 3 by computing the
cosine similarities with their respective prompts.
Due to the recursive nature of multi-stage infer-
ence, outputs generated at one stage serve as inputs
for the next. Consequently, the importance scores
incorporate information from both input and gen-
erated tokens. This process is conducted offline
and only once per dataset. We report Iyigsa and
IrpN on evaluation datasets in Figure 9 (Appendix),
where we observe little variation across datasets.

3.3 Step 2: Search Layer Budget

Our key contribution is in how to search the optimal
layer budget, i.e., the number of layers to skip. To
optimize latency under a fixed accuracy constraint,
we first construct an accuracy-latency profile by
varying the layer budget in the longest reasoning
stage using validation data, while keeping all other
stages full-layer (like Figure 1(a)-(b)). We then pro-
gressively explore layer skipping in the remaining
stages, prioritizing acceleration of the longest stage
to effectively reduce end-to-end latency.

Skipping from the Longest Stage. Figure 2
(Step 2) illustrates this process using the actual
accuracy-latency profile of Stage 2, which is the
longest stage, on CSQA with a TinyLlama 1.1B
model (see Table 4 (Appendix) for data statistics).
Let us consider an accuracy threshold of 1.0% as

an example. Given that the baseline accuracy with-
out layer skipping ("# Skip": 0) is 51.7%, the tar-
get accuracy becomes 50.7% (i.e., 51.7%-1.0%).
The layer budgets that satisfy this target accuracy
are highlighted with orange table borders. Among
these, skipping four layers ("# Skip": 4) yields the
lowest latency of 0.2986, representing the optimal
layer budget. This completes a single greedy search
iteration. For the next longest stages, we repeat this
profiling process in the same manner, but with the
previously optimized stages already under their se-
lected layer budgets (e.g., applying "# Skip": 4 for
Stage 2). We maintain the same target accuracy of
50.7%, allowing most of the accuracy degradation
to occur in the first search, which is desirable since
the longest stage will be effectively accelerated.

Why Accuracy-Latency Profiling Matters. De-
spite its simplicity, search-based layer budget allo-
cation provides several key advantages, that are not
captured when relying solely on cosine similarity.

(1) avoiding sub-optimal latency: we often ob-
serve that accuracy and latency do not change
monotonically with the number of skipped layers.
As illustrated in Figure 2, beyond the "# Skip" of 5,
the latency gain diminishes, and further skipping
can even increase end-to-end inference time. This
counterintuitive behavior arises because, although
per-token latency is reduced, aggressive approxima-
tion often increases the total number of generated
tokens, resulting in higher overall latency. Since our



Table 2: Offline Search Cost. Average evaluation la-
tency (minutes) per skipping configuration. The total
search time scales with the number of layers (e.g., 22
for TinyLlama-1.1B) and reasoning stages (e.g., 3 in our
setup). Results are measured on a single A6000 GPU.

Model \ Benchmark \ OBQA CSQA StrategyQA

TinyLlama-1.1B 2.51 5.57 0.78
Qwen2.5-0.5B 1.89 4.23 0.68

search procedure jointly optimizes accuracy and
latency, such configurations are naturally pruned.

(2) interaction between stages: the profile en-
sures that the interaction between reasoning stages
under different layer budgets are accurately re-
flected in the search. For example, if applying
layer skipping at one stage and then searching an-
other stage’s layer budget, this process differs from
searching this stage’s layer budget with all others
full-layer.

(3) identifying most sensitive stage: as shown in
Figure 1(b), uniformly skipping layers across all
stages yields an accuracy profile nearly identical
to skipping only in Stage 3. This indicates that the
final accuracy is bottlenecked by the most sensitive
stage. The profile explicitly reveals such sensitivity,
enabling non-uniform allocation that protects criti-
cal stages (e.g., Stage 3), allowing more aggressive
skipping in robust stages (e.g., Stages 1 and 2).

Offline Search Cost. Table 2 reports the over-
head of the offline search, measured as the evalu-
ation latency per skipping configuration (e.g., "#
Skip": n). Searching for the optimal configuration
under a target accuracy requires exploring combi-
nations of decoding layers and reasoning stages
(e.g., "# Skip"€[0, n]). In practice, this one-time of-
fline search is conducted on a single GPU and typi-
cally completes within a few hours: approximately
2.8/6.1/0.9 hours on OBQA/CSQA/StrategyQA
for TinyLlama-1.1B, and 1.5/3.4/0.5 hours for
Qwen2.5-0.5B. Once identified, the optimal con-
figuration is reused for all subsequent inference,
incurring no additional search overhead.

3.4 Step 3: Generation Early Exit

While Step 2 determines a balanced layer budget,
it leaves the unexpectedly prolonged outputs as
is. To further extend the speedup, we investigate
how to reduce these redundant output tokens and
thereby recover the original latency gains achieved
through layer skipping. Our hypothesis is that the
extra tokens induced by layer skipping contribute
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Figure 3: Confidence of Output Tokens. (a) Average
token-level confidence across decoding steps under dif-
ferent layer-skipping levels. (b) Number of remaining
samples during decoding (not yet exited), where more
aggressive layer skipping leads to earlier exits due to
confidence decay. Results are shown for skipping of 10
(yellow), 15 (orange), and 20 (red) sub-layers in Stage 1
on the OBQA validation set using TinyLlama-1.1B.

little to the final reasoning outcome.

Extra Tokens may not be Useful. Figure 3 illus-
trates how token confidence evolves over decoding
steps under four different skip configurations. Here,
token confidence is defined as the maximum logit
value of each generated token. The confidence tra-
jectories differ between models with and without
layer skipping, e.g., the layer-skip models exhibit
a consistent decrease in confidence, whereas the
full-layer model partially recovers confidence at
later steps. However, a common property emerges:
high-confidence predictions (above 0.5) occur pri-
marily in the early decoding steps. This pattern be-
comes more evident as more layers are skipped; for
instance, the red line (20-layer skip) shows a con-
sistently lower confidence curve, extended genera-
tion length, and a lower minimum confidence value
than the yellow line (10-layer skip). Accordingly,
we apply confidence-based generation early exit,
assuming that terminating these unconfident extra
output tokens may not hurt the accuracy much.

Confidence-based Termination. Our approach
is straightforward: as shown in Figure 2 (Step 3),
if the confidence of an output token falls below a
threshold, we replace it with an end-of-sequence
(EOS) token, thereby stopping further generation.
However, the confidence values can fluctuate signif-
icantly across decoding steps. Therefore, relying on
a single token’s confidence may trigger premature
termination. To stabilize the decision, we maintain
a confidence cache that stores the confidence val-
ues of the most recent n tokens. From the n-th step,
we compute the mean confidence picons across the



cache and compare it with a threshold. We heuristi-
cally set n=>5 and the confidence threshold to 0.5.
We also incorporate generation early exit into
the search process (Step 2), ensuring that the result-
ing accuracy-latency profile reflects real evaluation
conditions. In addition, without generation early
exit, the effective search space can become severely
restricted. For example, when generation length is
highly sensitive to layer skipping, latency improve-
ments may disappear beyond few "# Skip" in the
accuracy-latency profile. In such cases, generation
early exit mitigates excessive token generation and
thereby expands the feasible search space, yielding
a larger set of valid layer-skipping configurations.

4 Experimental Results

Datasets and Implementation Details. We
adopt the three-stage reasoning flow from
TinyThinker (Piao and Park, 2024) on three
question-answering benchmarks: OpenBookQA
(OBQA) (Mihaylov et al., 2018), Common-
SenseQA (CSQA) (Talmor et al., 2018), and Strat-
egyQA (Geva et al., 2021). Models are first fine-
tuned on TinyThinker’s augmented training data
before applying layer skipping. During validation
and testing, reasoning paths are excluded.

We primarily evaluate our method using
TinyLlama-1.1B-Chat-v1.0 (Zhang et al., 2024)
and Qwen2.5-0.5B (Yang et al., 2024). Our
training and evaluation procedures follow Tiny-
Thinker (Piao and Park, 2024), with adjusted hy-
perparameters: training for 10 epochs with a batch
size of 16 on OBQA and CSQA, and 24 on Strat-
egyQA, using an initial learning rate of 5 x 1075,
Evaluation follows TinyThinker’s self-consistency
(i.e., majority voting) protocol with 10 iterations.
More details are available in Appendix B.2.

Baselines. We consider recent training-free layer-
skipping methods, SkipDecode (Del Corro et al.,
2023), UnifiedSkip (Liu et al., 2024), and AdaSkip
(He et al., 2025), as our baselines. Our main base-
line is AdaSkip, as our layer-importance estima-
tion also adopts their sub-layer-wise cosine similar-
ity. We apply layer skipping only during decoding
stages, and our implementation of the baselines
also follows the AdaSkip’s code’.

4.1 Comparison with Baselines

Figure 4 provides a comprehensive comparison
between our proposed LiteStage and three base-

"https://github.com/ASISys/AdaSkip
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Figure 4: Comparison with Baselines. Accu-
racy—speedup trade-offs on the OBQA (row-1), CSQA
(row-2), and StrategyQA (row-3) datasets, respectively.
Results are experimented using TinyLlama-1.1B (col-1)
and Qwen2.5-0.5B (col-2) models. The performance of
the full-layer model is marked in the upper-left region
of each plot (e.g., 64.0% and 70.2% for OBQA), and
the speedup is normalized by the full-layer latency.

line methods across the OBQA, CSQA, and Strat-
egyQA datasets. The baseline methods are eval-
uated by progressively increasing the number of
skipped layers until its speedup saturates. Our ap-
proach consistently outperforms the baselines, par-
ticularly in high-speedup ranges, clearly extending
their performance boundaries. For example, in the
OBQA results (Figure 4(a)), the primary baseline
AdaSkip maintains accuracy comparable to ours up
to a speedup of 1.10x. Beyond this point, however,
its performance collapses to nearly 0% accuracy,
whereas our method remains robust, achieving a
1.49x speedup with 60.6% accuracy.

We highlight two key observations from these
results: (1) how LiteStage mitigates severe ac-
curacy degradation (0%—60%) via non-uniform
layer budget, and (2) extends the latency limit



Table 3: Non-uniform Layer Budget. The number of
skipped layers allocated to each stage by LiteStage
across the three benchmarks. Lower rows represent
more aggressive layer skipping with lower latency. Each
row corresponds to a data point in Figure 4.

| TinyLlama-1.1B | Qwen2.5-0.5B

| Stage I Stage 2 Stage 3 | Stage I Stage2 Stage 3
< 5 3 4 6 0 1
o 2 4 5 15 0 1
s} 21 4 4 15 1 1
Sl 19 6 4 11 2 1
< 0 3 0 0 2 0
UO; 1 3 5 1 2 1
O 1 3 4 9 1 3
< 12 10 0 14 0 1
< 0 15 0 3 5 0
7 - - - 3 6 1

(1.10 x —1.49x) through generation early exit.

4.2 Benefits of Non-uniform Layer Budget

Protection from Accuracy Collapse. Table 3
presents the number of layers allocated to each
stage by LiteStage. Notably, LiteStage consistently
avoids skipping more than five (TinyLlama) and
three (Qwen) layers in Stage 3, highlighting its
ability to adaptively constrain aggressive compres-
sion in sensitive stages while intensively acceler-
ating more robust ones. This is because Stage 3
is substantially more sensitive to layer skipping
than other stages, thus upper-bounding the overall
accuracy (see Figure 12-17 (Appendix)). By assign-
ing fewer skipped layers to such sensitive stages,
our method maintains accuracy, highlighting the
effectiveness of our non-uniform layer skipping.

Layer Budget Distribution. Beyond simply pro-
tecting accuracy-sensitive stages, our approach
adapts the layer budget distribution across datasets.
As shown in Figures 1(b)-(c), Stage 1 is robust to
accuracy degradation, whereas Stage 2 dominates
the overall latency. Accordingly, when accuracy
needs to be maintained, LiteStage applies more ag-
gressive layer skipping to Stage 1. For example,
on OBQA (see Table 3), most variations occur in
the Stage 1 budget, increasing from 5—21 (TinyL-
lama) and from 6—15 (Qwen).

As stronger speedup is desired, LiteStage in-
crease the layer budget of Stage 2 while reducing
that of Stage 1. For instance, in the most aggres-
sive configuration on OBQA (row 3 in Table 3), the
budgets change from 21,4—19, 6 (TinyLlama) and
from 15,1—11,2 (Qwen) for Stages 1 and 2, re-
spectively. As a result, LiteStage first minimizes the
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Figure 5: Stage-wise Latency. (a)-(b) show the nor-
malized latency of each stages in TinyLlama-1.1B and
Qwen2.5-0.5B, respectively, on OBQA. In the full-layer
configuration, the sum of stage-wise latencies is normal-
ized to 1.0. S1, S5, S3 on the x-axis denotes the number
of skipped layers at Stages 1, 2, and 3.

latency of Stage 1 and subsequently optimizes that
of Stage 2 as larger latency reductions are required
(see Figure 5). A similar trend is observed on the
StrategyQA dataset as well. For CSQA, Stage 2 is
even more sensitive to layer skipping, hence larger
speedup is achieved by further accelerating Stage 1.

4.3 Benefits of Generation Early Exit

Per-token vs End-to-End Speedup. Extended
generation hinders end-to-end speedup, although
per-token latency is reduced by layer skipping. Fig-
ure 6 illustrates this by comparing per-token and
end-to-end speedup. We expect enhanced per-token
speedup to translate into end-to-end speedup; this
ideal behavior is indicated by the dotted line (y=x)
in the figure. However, for the baselines, while
per-token speedup continues to increase, the end-
to-end speedup saturates or decreases. This degra-
dation is particularly pronounced under aggressive
layer skipping, where per-token speedup is largest.
In contrast, by incorporating generation early exit,
LiteStage effectively enhances end-to-end speedup
that often exceeds per-token speedup, reaping the
benefits of layer skipping.

With and Without Generation Early Exit. Fig-
ure 7 presents ablation studies analyzing the effect
of applying generation early exit along with layer
skipping. When only a few layers are skipped, e.g.,
12 (TinyLlama) and 2 (Qwen) sub-layers, the dif-
ferences in accuracy, latency, and decoding steps
between with and without generation early exit
are marginal. This suggests that, under mild skip-
ping, the models still generate tokens with high
confidence, resulting in decoding lengths compa-
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Figure 6: Per-token and End-to-End Speedup. (a)-
(b) show the per-token and end-to-end speedup of
TinyLlama-1.1B and Qwen2.5-0.5B, respectively, on
the OBQA dataset. The full-layer baseline is normal-
ized to a per-token and end-to-end speedup of 1.0. The
gray dotted line denotes the y=x reference.

rable to those of the full-layer baseline. Conse-
quently, the observed speedup in this regime pri-
marily stems from the non-uniform layer budget
rather than reduced generation length. As more lay-
ers are skipped, however, the gap in decoding steps
increases consistently (Figures 7(e)-(f)), leading to
shorter generated sequences than those of the full-
layer baseline and yielding proportional latency
reductions (Figures 7(c)-(d)).

Accuracy Improvements. Interestingly, in Fig-
ures 7(a)-(b), the models with generation early exit
achieve even higher accuracy than those without
it. This indicates that redundantly generated (i.e.,
low-confidence) tokens under aggressive layer skip-
ping not only fail to contribute meaningfully but
can even make it challenging to produce correct
final outputs. These results further highlight that
the effectiveness of LiteStage stems from jointly
applying layer skipping and generation early exit.

4.4 Diagnostic Study on Deep Reasoning

While LiteStage is designed for short multi-stage
reasoning, it is natural to ask whether our strate-
gies can also benefit deep reasoning tasks (e.g.,
mathematics, coding). To this end, we conduct a
diagnostic study on deep reasoning benchmarks,
following the similar evaluation protocol used for
short multi-stage tasks. In this study, we focus on
examining how basic layer skipping behaves in
deep reasoning settings and how its performance

changes when combined with generation early exit.

Please refer the details in Appendix D.

Our results show that combining layer skipping
with generation early exit consistently achieves
higher speedups. However, we observe substantial
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Figure 7: Ablation Study. (a)—(b) validation accuracy,
(c)—(d) normalized latency, and (e)—(f) decoding steps
as a function of the number of skipped sub-layers
for TinyLlama-1.1B and Qwen2.5-0.5B on the OBQA
dataset. Results apply layer skipping only at Stage 2,
with or without generation early exit.

accuracy degradation across all evaluated config-
urations, even under moderate levels of approxi-
mation. This behavior indicates that the efficiency-
accuracy trade-off in deep reasoning differs funda-
mentally from that in short multi-stage reasoning.

5 Conclusion

We introduced LiteStage, a latency-aware layer-
skipping framework for efficient multi-stage rea-
soning in small LLMs. By jointly optimizing stage-
wise layer budgets and applying confidence-based
generation early exit, LiteStage effectively balances
accuracy and latency. Experiments on OBQA,
CSQA, and StrategyQA demonstrate that LiteStage
surpasses prior training-free methods with a large
speedup margin. Our results highlight the impor-
tance of stage-aware optimization and adaptive de-
coding in realizing truly efficient multi-stage rea-
soning.



6 Limitations

LiteStage involves an offline profiling step to es-
timate accuracy-latency characteristics and select
stage-wise layer budgets. While this profiling is per-
formed once per model and setting and is amortized
over repeated inference, it may introduce additional
overhead compared to approaches that rely solely
on fixed heuristics. In addition, generation early
exit in our implementation is based on a simple
confidence criterion, and more adaptive or task-
specific exit strategies may further improve robust-
ness. Finally, our analysis primarily focuses on
short multi-stage reasoning, and the diagnostic re-
sults on deep reasoning suggest that the behavior
under long-horizon generation can differ, indicat-
ing that extending LiteStage to such settings may
require additional investigation.
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A  Overview

This appendix provides additional experimental de-
tails and analyses that supplement our manuscript
"LiteStage: Latency-aware Layer Skipping for
Multi-stage Reasoning". We first report statistics
on stage-wise decoding length to characterize the
computational properties of multi-stage reasoning
(Appendix B.1), followed by implementation de-
tails and training dynamics for decoder-only mod-
els adapted from the TinyThinker framework (Ap-
pendix B.2-B.3). We then present analyses of sub-
layer importance estimation based on cosine sim-
ilarity, along with extensive ablation studies eval-
uating the effect of layer skipping across individ-
ual reasoning stages, models, and datasets (Ap-
pendix C). Finally, we include additional analyses
on deep reasoning tasks to examine the behavior of
LiteStage under long-horizon generation settings
(Appendix D).

Code is provided in the supplementary material.

B Data and Implementation Details

B.1 Data Statistics

Table 4 summarizes the average number of decod-
ing steps per reasoning stage in LiteStage. The
statistics are estimated using full-layer models, al-
lowing us to analyze the intrinsic complexity of
each reasoning stage in its original form, without
the influence of layer skipping or early exit. Across
all three datasets of OBQA, CSQA, and Strate-
gyQA, the Analyze stage consistently exhibits the
largest number of decoding steps, indicating that it
dominates the overall generation length and com-
putational cost. In contrast, the Summarize stage is
the shortest, as it typically follows a fixed answer
template (e.g., "So, the answer is (-)"), requiring
minimal generation. The Recall stage lies between
these extremes, reflecting moderate and relatively
stable generation length across datasets. This clear
imbalance in stage-wise decoding length motivates
our stage-aware optimization strategy, which pri-
oritizes accelerating the longest stages to achieve
effective end-to-end speedup.

B.2 Training Setups

Our training and evaluation pipelines are largely
based on the TinyThinker codebase®. Since the
base models such as TinyLlama-1.1B and Qwen2.5-
0.5B are not instruction-tuned for multi-stage rea-

*https://github.com/shengminp/Tiny Thinker
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Table 4: Decoding Step Statistics. The number of de-
coding steps for each stage (Stage 1: Recall, Stage 2:
Analyze, and Stage 3: Summarize) is estimated and av-
eraged over the test set of the three datasets (OBQA,
CSQA, and StrategyQA) for our models, TinyLlama-
1.1B and Qwen2.5-0.5B.

TinyLlama-1.1B | OBQA CSQA StrategyQA
Recall 55.5 46.4 68.6
Analyze 236.9  250.6 155.8
Summarize 7.0 7.0 7.0
Qwen2.5-0.5B \ OBQA CSQA StrategyQA
Recall 49.1 36.9 58.7
Analyze 2064  220.1 159.8
Summarize 7.0 7.0 7.0

soning, we fine-tune them to follow structured rea-
soning stages (e.g., recall, analysis, and summa-
rization). The training data consist of questions
from the official OBQA, CSQA, and StrategyQA
datasets, along with reasoning paths generated by
larger models such as GPT, following the Tiny-
Thinker protocol. Training on these reasoning paths
can therefore be viewed as a form of knowledge
distillation from GPT to smaller models such as
TinyLlama-1.1B and Qwen2.5-0.5B. Further de-
tails of the training procedure can be found in the
original TinyThinker paper (Piao and Park, 2024).

However, TinyThinker’s original experiments
are based on T5 models. Accordingly, we adopt a
different set of hyperparameters to better support
fine-tuning of decoder-only architectures (reported
in the main paper). We perform full fine-tuning,
updating all model parameters using the complete
OBQA, CSQA, and StrategyQA datasets. Training
is conducted with the AdamW optimizer (as in the
default SFTTrainer), using a weight decay of 0.0,
$1=0.9, 32=0.999, and e=10"8. All experiments
are conducted on a single NVIDIA A6000 GPU
(48GB).

B.3 Training Dynamics

Recent progress in reasoning tasks has been
largely driven by decoder-only architectures such
as LLaMA and Qwen. Motivated by this trend, we
extend the TinyThinker framework, that is orig-
inally developed for encoder—decoder TS mod-
els, to the LLaMA and Qwen families. Specifi-
cally, we fine-tune TinyLlama-1.1B and Qwen2.5-
0.5B using TinyThinker’s three-stage reasoning
supervision on the OBQA, CSQA, and StrategyQA
datasets.

The largest TinyThinker model (T5-Large,



2.5 60 15 ‘ = 70
< 0 SR < W__leo s
= 20 0= 12 0z
n S n 5y n T . 50 g
¢ 12 5 g Checkpoint 035 g Checkpoint =
a s o315 s 309 40 3
209 § ® 30 5 2 % 5
£ c £10 c £06 c
E 06— g E 08 & 208
0.3 TinyLlama-1.1B 10 32 0.5 TinyLlama-1.1B | 1 3 0.3 TinyLlama-1.1B 10 3
OBQA = CSQA = StrategyQA =

0 0 0 0 0 0

0 14 28 42 56 70 84 0 12 24 36 48 60 72 0 2 4 6 8 10 12 14
Training Step (x10°) Training Step (x10%) Training Step (x10%)
(a) (b) (c)

25 80 3.5 70 2.5 80
< < D) <
2.0 i —l g0 5 0z L y — o0 &
3 ! Z 2 . 02 g I 2
S 1.5 I' Checkpoint g 3,5 Checkpoint w03 S1s Checkpoint S
¥ wg E Wi E 0z
L Y 08 T 104 208 ¢ — 202
0.5 Qwen2.5-0.5B = 05 Qwen2.5-0.5B 10 = 0.5 Qwen2.5-0.5B =
OBQA = : CSQA = StrategyQA =

0 0 0- 0 0 0

0 14 28 42 56 70 84 0 12 24 36 48 60 72 0 2 4 6 8 10 12 14

Training Step (x10%)
(d)

Training Step (x10%)

(e)

Training Step (x10%)
(f)

Figure 8: Training Dynamics. Training loss and validation accuracy over training steps for TinyLlama-1.1B and
Qwen2.5-0.5B on OBQA, CSQA, and StrategyQA. The top row shows results for TinyLlama-1.1B, and the bottom
row shows results for Qwen2.5-0.5B. In each plot, training loss is shown on the left y-axis and validation accuracy
on the right y-axis. Circles denote the selected checkpoints used for evaluation.

770M parameters) reports test accuracies of 65.4%
(CSQA), 68.8% (OBQA), and 69.0% (Strate-
gyQA). In comparison, TinyLlama-1.1B achieves
54.8%, 64.0%, and 62.4% on the same datasets,
while Qwen2.5-0.5B attains 64.4%, 70.2% , and
65.5%. Notably, despite having fewer param-
eters, Qwen2.5-0.5B consistently outperforms
TinyLlama-1.1B, reflecting the stronger instruction-
following and reasoning priors of the Qwen family.

Figure 8 illustrates the training dynamics of both
models, including training loss and validation accu-
racy. Across all datasets, the training loss decreases
smoothly, while validation accuracy saturates early
and remains stable thereafter. This behavior indi-
cates effective convergence under structured multi-
stage reasoning supervision. We also observe that
validation accuracy is consistently lower than test
accuracy, since test results are computed using self-
consistency with ten sampled generations (majority
voting), whereas validation accuracy reflects single-
pass decoding.

For TinyLlama-1.1B, we attribute part of the re-
maining performance gap relative to T5-Large to
differences in training configuration. TinyThinker’s
original experiments utilize four A100 GPUs, en-
abling substantially larger batch sizes, whereas our
experiments are conducted on a single A6000 GPU.
This difference likely affects optimization stabil-
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ity and final performance, particularly for models
trained to follow multi-stage reasoning patterns.

C Additional Experimental Results
C.1 Example of Generation Early Exit

Figure 11 presents a CSQA test example comparing
three-stage reasoning outputs produced by models
with and without generation early exit. Due to the
size of the visualization, the figure is placed on later
pages. For reference, the full-layer baseline output
is shown in Figure 11(a), while Figures 11(b) and
(c) correspond to layer skipping without and with
generation early exit, respectively.

Generation early exit terminates decoding once
token-level confidence falls below a predefined
threshold. As a result, the generated tokens remain
identical to the baseline up to the exit point, and
only the low-confidence suffix is truncated. In the
figure, the truncated segments are highlighted in
blue for clarity. For example, the full-layer reason-
ing phrase

For option C, photo copy refers to a
visual representation of a person, which

is unrelated to the biological process
of producing offspring,

is shortened to

For option C, photo copy refers to a
visual representation of a
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Figure 9: Layer Importance. Sub-layer-wise importance estimates for TinyLlama-1.1B (a)-(c) and Qwen2.5-0.5B
(d)—(f) across OBQA, CSQA, and StrategyQA. Importance is computed using cosine similarity between sub-layer
inputs and outputs, separately for multi-head self-attention (MHSA) and feed-forward network (FFN) layers.

This behavior indicates that the model maintains
high confidence up to the phrase "visual represen-
tation", while the subsequent explanatory tokens
exhibit lower confidence and contribute marginally
to decision making. Importantly, despite the trun-
cated reasoning, both models arrive at the same
final conclusion in Stage 3, correctly rejecting op-
tion C and selecting option D as the answer. This
example demonstrates that generation early exit
effectively removes redundant low-confidence rea-
soning tokens without altering the final prediction,
thereby reducing decoding length while preserving
reasoning correctness.

C.2 Layer Importance Estimation

Figure 9 presents the sub-layer-wise importance
estimates obtained in Step 1 of our pipeline. It re-
veals several consistent patterns in sub-layer im-
portance that directly inform our skipping strategy.
Across all three datasets, the relative ordering of
layer importance remains largely stable, suggest-
ing that the contribution of individual layers is not
highly task-specific. However, we observe dataset-
dependent shifts in the balance between multi-head
self-attention (MHSA) and feed-forward network
(FFN) sub-layers.

In particular, for TinyLlama-1.1B, FFN sub-
layers on StrategyQA exhibit comparatively higher
importance than on OBQA and CSQA, leading the
resulting skipping policy to prioritize MHSA layers

while preserving FFN computation. A more pro-
nounced distinction emerges across model families.
In Qwen2.5-0.5B, MHSA sub-layers consistently
demonstrate substantially higher importance than
FFN sub-layers across all datasets. Consequently,
layer skipping in Qwen models is predominantly
applied to MHSA, whereas FFN layers are largely
retained.

Despite these differences in absolute importance
levels, the overall layer-wise trends remain consis-
tent across datasets, indicating that sub-layer impor-
tance is primarily governed by model architecture
rather than dataset-specific characteristics. These
observations motivate our use of sub-layer—level
importance estimation and justify decoupling the
skipping decisions for MHSA and FFN, enabling
LiteStage to adapt its computation budget to both
architectural and dataset-level variations.

C.3 Ablation Studies

To analyze stage-wise accuracy and latency behav-
ior under layer skipping, we conduct extensive ab-
lation studies on two models, TinyLlama-1.1B and
Qwen2.5-0.5B, across three benchmarks: OBQA,
CSQA, and StrategyQA. In these experiments, we
vary the number of skipped sub-layers while apply-
ing layer skipping to a single reasoning stage at a
time (Stage 1, Stage 2, or Stage 3), and measure
validation accuracy along with normalized end-to-
end latency, where 1.0 corresponds to the full-layer
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baseline. We further ablate each configuration with
and without generation early exit to isolate its ef-
fect when combined with layer skipping. Due to
space constraints, all ablation figures are provided
in the later pages: Figures 12-14 report results for
TinyLlama-1.1B, and Figures 15-17 report results
for Qwen2.5-0.5B.

From these ablations, we highlight two key ob-
servations: (1) the importance of explicitly profiling
the accuracy—latency trade-off, and (2) the consis-
tent benefits of generation early exit across models,
datasets, and reasoning stages.

(1) importance of accuracy-latency profiling:
Across all datasets, we observe a broadly con-
sistent sensitivity pattern across reasoning stages:
Stage 1 is generally the most robust to layer skip-
ping, followed by Stage 2, while Stage 3 is the
most sensitive. However, a critical finding is that
the degree of sensitivity varies substantially across
both models and datasets. For example, when skip-
ping only Stage 2 on OBQA, Qwen2.5-0.5B ex-
hibits markedly higher accuracy robustness than
TinyLlama-1.1B, as shown in Figures 12(b) and
15(b). Such differences are non-trivial and can-
not be reliably inferred from static proxy metrics
such as cosine similarity alone; instead, they only
become apparent through direct profiling of the
accuracy-latency behavior.

Moreover, the ablations reveal that accuracy and
latency do not vary monotonically with the num-
ber of skipped sub-layers. In some cases, skipping
more layers unexpectedly yields higher accuracy, or
skipping fewer layers results in higher speedup. For
instance, in Figure 12(a), skipping 18 sub-layers
achieves higher validation accuracy than skipping
16 sub-layers, while in Figure 12(d), skipping 16
sub-layers results in higher normalized latency than
skipping 14 sub-layers, even when generation early
exit is applied. These irregularities highlight that
naively increasing or decreasing the skip budget
can lead to suboptimal or even counterproductive
outcomes.

LiteStage’s "Step 2: Search Layer Budget" di-
rectly addresses this challenge by selecting the opti-
mal number of skipped sub-layers based on the em-
pirically observed accuracy-latency profile, rather
than relying on monotonic assumptions or heuris-
tic thresholds. This search-based strategy allows
LiteStage to avoid suboptimal configurations that
would otherwise degrade end-to-end performance.

(2) benefits of generation early exit: A second
consistent observation across all ablations is the
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crucial role of generation early exit in realizing
practical latency gains. Without early exit, ag-
gressive layer skipping often increases generation
length, which can negate or even reverse latency
improvements. This phenomenon is clearly visible
across all datasets and both models, particularly
when skipping Stage 2, where generation length is
typically the longest.

By incorporating generation early exit, latency
growth is effectively suppressed, and normalized
latency remains stable or decreases even under ag-
gressive skipping. This trend is consistently ob-
served across OBQA, CSQA, and StrategyQA for
both TinyLlama-1.1B and Qwen2.5-0.5B. While
Figure 7 (main paper) already demonstrates this
effect on a representative setting, the supplemen-
tary ablations confirm that the benefit of generation
early exit generalizes across models, datasets, and
reasoning stages.

Taken together, these results underscore that
layer skipping alone is insufficient for achieving
reliable end-to-end acceleration. Instead, effec-
tive efficiency gains require joint consideration of
stage-wise accuracy-latency profiling and genera-
tion early exit, motivating their integrated use in
LiteStage.

D Diagnostic Study on Deep Reasoning

Setups. To examine the applicability of LiteStage
to deep reasoning tasks, we evaluate layer-
skipping behavior using Qwen3.0-1.7B in reason-
ing mode (Yang et al., 2025a). We use the off-the-
shelf model without additional fine-tuning. Eval-
uation benchmarks include AIME 2025 (AIME
25; mathematics) (Mathematical Association of
America, 2025), GPQA-Diamond (GPQA-D; ques-
tion answering) (Rein et al., 2024), and Live-
CodeBench release v5 (LCB-v5; coding) (Jain
et al., 2024) datasets. Our evaluation largely fol-
lows the pipeline provided by QwQ (Team, 2025)3.

Since these benchmarks do not provide valida-
tion splits, we first perform "Step 1: Estimate Layer
Importance" using the OBQA, CSQA, and Strate-
gyQA datasets, and then compute the average co-
sine similarities across decoding layers. We treat
deep reasoning inference as a single-stage process,
which eliminates the need for "Step 2: Search Layer
Budget" for stage-wise optimization; accordingly,
we apply uniform layer skipping across the entire
decoding process. For "Step 3: Generation Early

3 https://github.com/QwenLM/QwQ



Table 5: Deep Reasoning Performance. Test accuracy, end-to-end speedup, and the number of decoding steps are
estimated on the three benchmarks, AIME 2025 (AIME 25), GPQA-Diamond (GPQA-D), and LiveCodeBench
v5 (LCB-v5). The speedup is normalized by the full-layer baseline, and the decoding steps are averaged over test
samples. LS, PF, and GE denote Layer Skipping, Periodic Full-decoding, and Geneartion Early Exit, respectively.

Results are experimented using Qwen3-1.7B.

Method # Ski Accuracy (Pass@1) End-to-End Speedup (x) Decoding Steps
P | AIME 25 GPQA-D LCB-v5 \ AIME 25 GPQA-D LCB-v5 \ AIME 25 GPQA-D LCB-v5
Full-layer \ 0 \ 30.0 46.0 34.8 \ 1.00 1.00 1.00 \ 18530 9374 16175
LS 1 30.0 32.8 34.1 0.91 0.75 0.88 22230 12511 19989
2 13.3 30.8 11.8 1.05 1.48 0.98 20584 7195 18655
3 0.0 20.2 0.0 0.86 0.92 0.68 25681 11706 27273
LS+PF 1 26.7 38.9 34.8 0.91 0.89 0.93 20221 10523 18108
2 20.0 35.9 35.5 1.06 1.10 0.96 18992 8766 17224
3 20.0 32.8 25.5 1.11 1.15 1.04 18149 8714 16780
LS+PF+GE 1 26.7 36.4 31.2 1.06 1.08 1.35 18681 8808 12568
2 20.0 333 26.2 1.40 1.84 1.36 14699 5296 12643
3 16.7 31.8 17.6 1.28 1.36 1.46 15768 7081 11863

Exit", we observe that the Qwen3-1.7B generally
exhibits higher confidence than the models used in
short multi-stage reasoning. We therefore increase
the confidence threshold to 0.8. Other generation
hyperparameters are set to a temperature of 0.6, top-
p of 0.95, top-k of 20, and a maximum of 32,768
new tokens.

Layer Skipping. We apply sub-layer-level skip-
ping (e.g., MHSA or/and FFN), except for the first
and last four decoding layers. Layer skipping is ap-
plied only during decoding, while the prefill stage
is always executed at full depth. We observe that
applying layer skipping alone leads to substantial
accuracy degradation, even when skipping only one
or two layers (i.e., two or four sub-layers). For in-
stance, on AIME 25 and LCB-v5, skipping two
layers reduces accuracy from 30.0% — 13.3% and
34.8% — 11.8%, respectively. On GPQA-D, skip-
ping a single layer already decreases accuracy from
46.0% — 32.8%. These results are summarized in
Table 5 (LS; row 1-3).

These findings indicate that the efficiency-
accuracy trade-off in deep reasoning fundamentally
differs from that in short multi-stage reasoning. We
attribute this gap to the intrinsic characteristics of
deep reasoning. Unlike short multi-stage reasoning,
where intermediate reasoning can be decomposed
into relatively independent stages, deep reasoning
requires maintaining and refining long-horizon in-
termediate states over extended decoding steps. In
this regime, approximation errors introduced by
layer skipping tend to accumulate rather than being
corrected in later stages, leading to rapid accuracy
collapse.
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Periodic Full-decoding. Another contributing
factor to this discrepancy is the difference in com-
putational flow between multi-stage reasoning and
deep reasoning. In multi-stage reasoning, once a
stage is completed, the model performs a prefill
step that incorporates both the output of the pre-
vious stage and the prompt of the current stage.
Because our acceleration targets only the decod-
ing phase rather than this prefill step, the model
naturally reprocesses the previous stage’s output
at full depth, which helps mitigate accumulated
approximation errors.

Extending this behavior to deep reasoning mod-
els, we introduce periodic full-layer decoding to re-
duce error accumulation caused by sustained layer
skipping. Specifically, we adopt a simple heuris-
tic in which the model decodes the first 1000 to-
kens using full-layer computation, followed by the
next 1000 tokens under layer skipping, and repeats
this alternating pattern throughout generation. As
shown in Table 5 (LS+PF; row 4-6), this strategy
substantially alleviates accuracy degradation. For
example, at "# Skip": 3, accuracy improves from
0.0% — 20.0% on AIME 25, 20.2% — 32.8% on
GPQA-D, and 0.0% — 25.5% on LCB-v5.

However, the overall speedup remains marginal,
reaching at most 1.15x (at "# Skip": 3 on GPQA-
D). As observed consistently in our multi-stage rea-
soning experiments, layer skipping often induces
longer generation lengths, preventing per-token
speedups from translating into meaningful end-to-
end latency reductions.

Generation Early Exit. Finally, we evaluate the
end-to-end speedup achieved by combining genera-
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Figure 10: Deep Reasoning Performance. Test accuracy and end-to-end speedup are compared between the three
configurations (LS, LS+PF, and LS+PF+GE) on the three benchmarks, (a) AIME 25, (b) GPQA-D, and (c) LCB-v5.

Results are experimented using Qwen3-1.7B.

tion early exit with layer skipping and periodic full-
layer decoding. As shown in Table 5 (LS+PF+GE,;
row 7-9), this configuration attains speedups of up
to 1.40x on AIME 25, 1.84x on GPQA-D, and
1.46x on LCB-v5. These gains are primarily driven
by reduced generation lengths, which are also re-
ported in the table.

Although generation early exit introduces some
accuracy degradation at a given number of skipped
layers, Figure 10 demonstrates that incorporat-
ing early exit consistently yields superior effi-
ciency—accuracy trade-offs. This result highlights
the importance of combining generation early
exit with layer skipping to translate per-token
computational savings into meaningful end-to-end
speedups.

Discussion. We find that combining layer skip-
ping with generation early exit improves inference
speed. At the same time, all evaluated configura-
tions exhibit noticeable accuracy degradation, even
under moderate approximation. These observations
imply that deep reasoning exhibits a distinct effi-
ciency—accuracy trade-off compared to short multi-
stage reasoning.

This diagnostic study reinforces the design
choice of LiteStage. While stage-aware layer skip-
ping is effective for short multi-stage reasoning
where stage-level heterogeneity can be exploited to
balance latency and accuracy, it is fundamentally
mismatched with deep reasoning tasks that demand
strong long-horizon consistency. Addressing deep
reasoning efficiently likely requires complementary
mechanisms, such as the periodic full-decoding,
which is however beyond the scope of this work.
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E Ethics Statement

Although language models inherently present con-
cerns regarding misuse, bias, and fairness, this
work focuses solely on algorithmic and efficiency-
oriented contributions. We do not foresee intro-
ducing any additional risks beyond those already
associated with the base models.

Large Language Models (LLMs) were not used
in developing research ideas, designing methodolo-
gies, or performing analyses. Their involvement
was strictly limited to editorial refinement—such
as improving clarity, grammar, and phrasing—of
text originally written by the authors. No scientific
content, reasoning, or experimental descriptions
were produced by LLMs.



Question: When wildlife reproduce we often refer to what comes out as what?
(A) raise children (B) have children (C) photo copy (D) offspring (E) accidently got pregnant somehow

Full-layer

ye [Stage 1: Recall] The term for the offspring of a wildlife, focusing on the biological and ecological process of producing
new life.
o [Stage 2: Analysis] For option A, \"raise children\" refers to the process of bringing forth offspring, typically seen in
viviparous animals, but does not specifically describe the biological origin of new life. For option B, \"have children\" is a
general term for producing offspring, but it doesn't specifically refer to the biological process of transferring water, which
is central to the question. For option C, \" photo copy\" refers to a digital version of a document or image, which is
unrelated to the biological process of producing new life. For option D, \"offspring\" is the term used to describe the
biological and ecological process of producing new life, specifically in the context of wildlife reproduction. For option E,
\"accidentally got pregnant suddenly\" refers to an unintended pregnancy, which is not the biological or ecological

rimary term for wildlife offspring.

[Stage 3: Summary] So the answer is option D.

(@)

Layer Skip without Generation Early Exit

ye [Stage 1: Recall] The term used to describe the process of wildlife reproduction, focusing on the biological term that
accurately describes the outcome.
& [Stage 2: Analysis] For option A, \"raise children\" refers to the biological process of producing offspring, not the
specific term used for the act of reproduction itself. For option B, \"have children\" is a general term that could apply to
many contexts (e.g., in animals or as a metaphor for a bad character or condition, and does not specifically describe the
biological process of reproduction. For option C, \" photo copy\" refers to a visual representation of a person, which is
unrelated to the biological process of producing offspring. For option D, \"offspring\" is the term used to describe the
biological process of producing offspring, which aligns with the concept of wildlife reproduction. For option E,
\"accidentally getting pregnant\" refers to an unintended and unintended outcome, which is not the primary focus of the
%estion. The correct term for the process of producing the necessary quantity of offspring from a wild source of water.
[Stage 3: Summary] So the answer is option D.

(b)

Layer Skip with Generation Early Exit

pe [Stage 1: Recall] The term used to describe the process of wildlife reproduction, focusing on the biological term that
accurately describes the outcome.
& [Stage 2: Analysis] For option A, \"raise children\" refers to the biological process of producing offspring, not the
specific term used for the act of reproduction itself. For option B, \"have children\" is a general term that could apply to.
many fields, not specifically the biological process of reproduction. For option C, \" photo copy\" refers to a visual
representation of a. For option D, \"offspring\" is the term used to describe the biological process of producing offspring,
which aligns with the concept of wildlife reproduction. For option E, \"accidentally getting pregnant\" refers to an
unintended and unintended outcome, which is not the primary focus of the question. The correct term for the process of
%oducing the necessary quantity of.

[Stage 3: Summary] So the answer is option D.

(c)
Figure 11: Example of Generation Early Exit. (a)-(c) the three-stage reasoning outcomes from models with

full-layer, with layer skipping but without generation early exit, and with layer skipping and generation early eixt in
a CSQA test sample.
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Figure 12: Ablation: TinyLlama-1.1B on OBQA. Validation accuracy (top row) and normalized latency (bottom
row) as a function of the number of skipped sub-layers when applying layer skipping to a single reasoning stage at a
time (Stage 1, Stage 2, or Stage 3). Results are shown for TinyLlama-1.1B on OBQA, comparing configurations
with and without generation early exit.

80 80 80
TinyLlama-1.1B TinyLlama-1.1B TinyLlama-1.1B
= 60 K 60 K 60
3 —-s—,-efgfrkg;’_‘eﬁw‘wﬁzz oo 3 .gﬁ,;*\ 3 --m:@:n:a.ﬂyy
© o s it
§ 40 . § 40 S N B SN § 40 4
< Skip only in Stage 1 < Skip onty iStage2 < SKip only in Stage 3
£ 20 - ) £ 20 : A < 20 \ : )
--= w/ Generation Exit == w/ Generation Exit ¥ --=- w/ Generation Exit
---- w/o Generation Exit ---- w/o Generation Exit --= w/o Ggmeration Exit
0 0 0 -
0 6 12 18 24 30 36 0 6 12 18 24 30 36 0 6 12 18 24 30 36
Number of Skipped Sub-layer Number of Skipped Sub-layer Number of Skipped Sub-layer
(a) (b) (c)
2.0 T 2.0 N 2.0
TinyLlama-1.1B H TinyLlama-1.1B VA TinyLlama-1.1B

oo Skip only in Stage 3

=
3
=
3
=
3

Skip only in Stage, 1 R Skip only in Sfage 2/!,,»4' s

! R
F A

5 .g 2
A A e

Normalized Latency
=
o
Normalized Latency
=
o
Normalized Latency
=
o

0.5 ---- w/ Generation Exit 0.5 ---- w/ Generation Exit *~ 05 ---- w/ Generation Exit
--- w/o Generation Exit ---- w/o Generation Exit --=- w/o Generation Exit
0.0 0.0 0.0
0 6 12 18 24 30 36 0 6 12 18 24 30 36 0 6 12 18 24 30 36
Number of Skipped Sub-layer Number of Skipped Sub-layer Number of Skipped Sub-layer

(d) (e) (U]

Figure 13: Ablation: TinyLlama-1.1B on CSQA. Validation accuracy (top row) and normalized latency (bottom
row) as a function of the number of skipped sub-layers when applying layer skipping to a single reasoning stage at a
time (Stage 1, Stage 2, or Stage 3). Results are shown for TinyLlama-1.1B on CSQA, comparing configurations
with and without generation early exit.
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Figure 14: Ablation: TinyLlama-1.1B on StrategyQA. Validation accuracy (top row) and normalized latency
(bottom row) as a function of the number of skipped sub-layers when applying layer skipping to a single reasoning
stage at a time (Stage 1, Stage 2, or Stage 3). Results are shown for TinyLlama-1.1B on StrategyQA, comparing
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Figure 15: Ablation: Qwen2.5-0.5B on OBQA. Validation accuracy (top row) and normalized latency (bottom
row) as a function of the number of skipped sub-layers when applying layer skipping to a single reasoning stage at a
time (Stage 1, Stage 2, or Stage 3). Results are shown for Qwen2.5-0.5B on OBQA, comparing configurations with
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Figure 16: Ablation: Qwen2.5-0.5B on CSQA. Validation accuracy (top row) and normalized latency (bottom row)
as a function of the number of skipped sub-layers when applying layer skipping to a single reasoning stage at a time
(Stage 1, Stage 2, or Stage 3). Results are shown for Qwen2.5-0.5B on CSQA, comparing configurations with and

80
Qwen2.5-0.5B
60 fro—sett=tg o o ga o 4
.e- T
40
Skip only in Stage 1
20 ---- w/ Generation Exit
--- w/o Generation Exit
0
0 6 12 18 24 30

I
<)

g
o

=
3

=
o

o
3

o

0
0 6 12 18

Number of Skipped Sub-layer
(a)

Qwen2.5-0.5B
Skip only in Stage 1

-
[ S R

---- w/ Generation Exit
---- w/o Generation Exit

24 30
Number of Skipped Sub-layer

(d)

without generation early exit.

Val. Accuracy (%)

N
o

Normalized Latency

Figure 17: Ablation: Qwen2.5-0.5B on StrategyQA. Validation accuracy (top row) and normalized latency (bottom
row) as a function of the number of skipped sub-layers when applying layer skipping to a single reasoning stage at a
time (Stage 1, Stage 2, or Stage 3). Results are shown for Qwen2.5-0.5B on StrategyQA, comparing configurations
with and without generation early exit.

@
o

[o2]
o

IN
S

Qwen2.5-0.5B

Skip only in Stagé,1 |

- w/ Generation Exit¥’
--- w/o Generation Exit

0 6 12 18 24 30

I
<)

g
o

=
o

=
o

o
3

o
=}

Number of Skipped Sub-layer
(a)

Qwen2.5-0.5B
Skip only in Stage 1

- W/ G\eneraﬂQnExitw
---- w/o Generation Exit

0 6 12 18 24 30
Number of Skipped Sub-layer

(d)

Val. Accuracy (%)

Normalized Latency

Val. Accuracy (%)

Normalized Latency

o]
o

[o2]
o

IN
S

Qwen2.5-0.5B

\ ‘k
Skip only in Stage'Q._

20 ---- w/ Generation Exit
---- w/o Generation Exit
0
0 6 12 18 24 30 30

I
<)

g
)

=
3

=
o

o
3

o

0
0 6 12 18

Number of Skipped Sub-layer
(b)

- .
Qwen2.51‘b.58 B i
Skip only;in Stage 2

- wi Generation Exit
---- w/o Generation Exit

24 30
Number of Skipped Sub-layer

(e)

80
Qwen2.5-0.5B
60
40
Skip only in Stage 2
20
=== w/ Generation Exit
---- w/o Generation Exit
0
0 6 12 18 24 30

I
<)

g
o

=
o

=
=]

o
3

o
=}

Number of Skipped Sub-layer
(b)

Qwen2.5-0.5B
Skip only in Stage 2 N

",A\A-A‘ »

- w/ Generation Exit
---- w/o Generation Exit

0 6 12 18 24 30
Number of Skipped Sub-layer

(e)

20

Normalized Latency

Normalized Latency

Val. Accuracy (%)

Val. Accuracy (%)

o]
o

[o2]
o

IN
S

N
o

[
o

g
<)

=
3

=
o

et
o

o
S

o]
o

[o2]
o

IN
S

N
o

[
o0

g
<)

=
0

g
o

et
o

o
S)

Qwen2.5-0.5B

&
Skip only in Stage 3
- w/ Generation Exit
- wlo Generation Exit

0 6 12 18 24 30
Number of Skipped Sub-layer

(c)

Qwen2.5-0.5B
Skip only in Stage 3

s s TR PN |

---- w/ Generation Exit
---- w/o Generation Exit

0 6 12 18 24 30
Number of Skipped Sub-layer

)

n2.5-0.5B

N
Le |

@

Q

b

=

b

b
Skip only in Stage 3

-~ w/ Generation Exit
- w/o Generation Exit

0 6 12 18 24 30
Number of Skipped Sub-layer

(c)

Qwen2.5-0.5B
Skip only in Stage 3

NP S Y- - e

--=- w/ Generation Exit
---- w/o Generation Exit

0 6 12 18 24 30
Number of Skipped Sub-layer

U]



	Introduction
	Related Works
	Proposed Methods
	Overview of LiteStage
	Step 1: Estimate Layer Importance
	Step 2: Search Layer Budget
	Step 3: Generation Early Exit

	Experimental Results
	Comparison with Baselines
	Benefits of Non-uniform Layer Budget
	Benefits of Generation Early Exit
	Diagnostic Study on Deep Reasoning

	Conclusion
	Limitations
	Overview
	Data and Implementation Details
	Data Statistics
	Training Setups
	Training Dynamics

	Additional Experimental Results
	Example of Generation Early Exit
	Layer Importance Estimation
	Ablation Studies

	Diagnostic Study on Deep Reasoning
	Ethics Statement

