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Abstract

Model-internal parallelization improves gener-
ation quality by introducing multiple parallel
computation paths, but its additional latency
and computational overhead hinder practical
deployment. Recent studies reveal a functional
division across model depth: shallow layers
primarily encode input-conditioned features,
whereas deeper layers are more involved in rea-
soning and generation. Since parallel paths pro-
cess the same input and are optimized toward
the same generation objective, their early rep-
resentations are likely to overlap substantially,
suggesting that early-layer parallelism may in-
duce redundant computation. Motivated by
this observation, we propose Adaptive Depth
Parallelism (ADP), a framework that shares
computation in shallow layers and activates par-
allel branches only after an adaptively selected
bifurcation layer. We provide a sufficient-
condition analysis for delayed branching and
identify an empirical transition in inter-path co-
sine similarity across depth. This motivates
using the stable minimum-similarity layer as a
practical estimate of the bifurcation point. Ex-
periments show that ADP achieves 104.83% of
baseline performance while using only 39.4%
of the computational load.

1 Introduction

Large language models (LLMs) have advanced
natural language processing, yet their capabilities
remain strongly tied to model scale (Hoffmann
et al., 2022). Recent parallel frameworks, includ-
ing ParScale (Chen et al., 2025), ParaThinker (Wen
et al., 2025), and Multiplex Thinking (Tang et al.,
2026), improve smaller models by introducing mul-
tiple computational paths. However, full-stack par-
allelization replicates computation across all Trans-
former layers, causing the computational cost of
a P -path model to scale substantially beyond that
of a single-path model. This additional cost over
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single-path inference leads to higher latency and
resource consumption, making such parallel mod-
els difficult to deploy in real-world scenarios (Al-
man and Song, 2024; Liao et al., 2025; Han et al.,
2025). This motivates a central question: Can we
retain the benefits of full-stack parallelism while
reducing the additional compute and memory
overhead it introduces?

A common design in parallel frameworks is to
parallelize all layers uniformly, implicitly treating
them as equally suitable for multi-path computa-
tion. Yet Transformer layers are functionally het-
erogeneous across depth (Tan et al., 2026; Fan
et al., 2025c; Song et al., 2026): shallow layers
mainly extract input-conditioned features and align
semantics, whereas deeper layers are more involved
in reasoning and final token prediction. This het-
erogeneity suggests that not every layer benefits
equally from parallelism across paths.

Prior work suggests that representations associ-
ated with the same target tend to be similar (Hu
et al., 2024; Huh et al., 2024; Ju et al., 2026). In
parallel training, paths are optimized toward the
same loss objective; during inference, they condi-
tion on the same generation goal while differing
mainly through path-specific prefixes. This sug-
gests that the shallow layers contain a large shared
component, and the differences mainly reflect the
perturbations caused by the prefix.

To make this view operational, ADP represents
early paths as shared features plus compact path-
specific perturbations. Rather than executing ev-
ery shallow Transformer layer independently, ADP
uses trainable path-specific prefixes after a shared
shallow backbone to approximate these perturba-
tions. With sufficient prefix capacity, such prefixes
can compensate for early prefix-induced deviations
that are later absorbed by deeper layers.

Parscale (Chen et al., 2025) has demonstrated
that diversity is a source of performance for parallel
frameworks. Therefore, we use cosine similarity to
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Figure 1: Comparison between full-stack paralleliza-
tion and ADP. Conventional frameworks apply multiple
paths to all layers, causing redundant shallow-layer fea-
ture extraction, whereas ADP shares early computation
and parallelizes only later layers.

identify the transition from shared feature construc-
tion to path-specific inference. During shallow free
exploration, prefix-induced perturbations persist,
so inter-path similarity decreases slowly. In deeper
inference layers, paths realign toward the common
generation objective, producing a sharp similar-
ity increase. Therefore, cosine similarity serves
as a transition diagnostic, not as a criterion that
lower similarity is always preferable. As shown
in Figure 4, the stable minimum of the similarity
curve provides a practical estimate of the transition
point, supporting the use of trainable prefixes after
a shared shallow backbone.

Based on these observations, we propose
Adaptive Depth Parallelism (ADP), a parallel train-
ing and inference framework aligned with the layer-
wise functional hierarchy of LLMs. ADP uses a
single-path backbone in early layers and expands
into multiple branches only after an adaptively se-
lected bifurcation layer. This design shares redun-
dant early computation, reintroduces path-specific
variation through trainable prefixes, preserves path-
specific reasoning in later layers, and substantially
reduces training and generation costs relative to
full-stack parallelization.

To locate the bifurcation layer, ADP runs a short
warm-up with a full stack framework, computes
inter-path cosine similarity across layers, and se-
lects the stable minimum as the start of paralleliza-
tion. The warm-up is used only to estimate the tran-
sition point for a given model-path configuration
and is amortized by the savings over full-stack par-
allel training. This practical estimator is supported
by the observed similarity trend and our sufficient-
condition analysis, and remains consistent across
the evaluated model scales and tasks.

We evaluate ADP on code, mathematics, and
choice questions benchmarks using models of dif-
ferent sizes. Compared with the full-stack parallel
baseline under the same number of paths, ADP
achieves 104.83% normalized performance with
only 39.4% of the full-stack parallel computational
load and 47.5% of the memory. In a larger-path
setting, ADP achieves 100.39% normalized perfor-
mance with only 26.6% of the full-stack parallel
computational load and 31.7% of the memory.

Our contributions are summarized as follows:
1. We provide an analysis explaining when de-

layed parallelization can preserve performance un-
der contraction assumptions, with a bounded loss
relative to full-stack parallelization.

2. We propose ADP, a parallel inference frame-
work that identifies a bifurcation layer from the
cosine-similarity curve and expands a single path
into multiple branches only after this layer, substan-
tially reducing computation relative to full-stack
parallelization during training and generation.

3. We validate ADP through extensive experi-
ments and release code at github.

2 Related Work

2.1 Foundations of LLMs and Scaling Laws

Large language models (LLMs) built on the Trans-
former architecture (Vaswani et al., 2017) have
made substantial progress in recent years. Models
such as GPT (OpenAI et al., 2024), Qwen (Yang
et al., 2025), and DeepSeek (DeepSeek-AI et al.,
2025) now achieve strong performance on chal-
lenging tasks. These gains, however, have largely
coincided with substantial increases in model scale.
Kaplan et al. (Kaplan et al., 2020) identified power-
law relationships between language modeling loss
and parameter count, dataset size, and compute.
The Chinchilla scaling laws (Hoffmann et al., 2022)
further refined this framework by emphasizing
compute-optimal trade-offs between model size
and training data. This trend motivates efficient
frameworks that preserve performance without fur-
ther increasing model scale.

2.2 Parallel Frameworks

Recent work has explored parallelization to im-
prove the performance of smaller models by in-
troducing multiple computational paths. Para-
Thinker (Wen et al., 2025) constructs multi-
ple “chains of thought,” while Multiplex Think-
ing (Tang et al., 2026) introduces “multiplex tokens”
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to enrich information representation. These meth-
ods enable parallel inference only; the model itself
remains monolithic. ParScale (Chen et al., 2025),
however, stands apart: it introduces—for the first
time—a framework for parallel models, facilitating
the training of natively parallel models during both
the training and inference phases. ParScale further
shows that diversity is a key mechanism by which
parallel frameworks improve performance. How-
ever, the computational overhead of these methods
limits their deployment in high-concurrency set-
tings, motivating lower-cost parallel frameworks.

2.3 Internal Hierarchy of LLMs

LLMs do not process information uniformly across
layers; instead, they exhibit a functional hierar-
chy (Huang et al., 2026). Song et al. (Song et al.,
2026) use layer pruning to characterize the func-
tions of different layers. Fan et al. (Fan et al.,
2025c) show that deeper layers contribute more
to reasoning. Tan et al. (Tan et al., 2026) examine
layer-wise division of labor across model families.
Collectively, these studies suggest that reasoning
is concentrated in deeper layers. This observation
motivates parallelizing only the layers that strongly
affect diversity, rather than the entire network.

3 Can We Parallelize Only Deeper
Layers?

Prior studies (Tan et al., 2026; Fan et al., 2025c;
Song et al., 2026) suggest that shallow layers sup-
port free exploration, whereas deeper layers are
more inference-oriented. We therefore test whether
parallelism can begin only at a bifurcation layer l∗:
preceding layers use a single path, and the hidden
state at l∗ is copied to P prefix-conditioned paths
for subsequent parallel computation.

Using the 28-layer Qwen3-1.7B-Base, we set
fixed bifurcations at layers 14 and 27. Layer 14
tests whether covering the inference-oriented layers
preserves performance, whereas layer 27 represents
an extreme delayed setting. In all cases, the base
model is frozen, and only the P prefixes are trained.
Figure 2 reports performance and cost.

We evaluate code generation, a reasoning-
intensive setting (Li et al., 2023; Zheng et al., 2025;
Jimenez et al., 2024; Fan et al., 2026). Figure 2
shows that layer-14 bifurcation maintains perfor-
mance under the same parallel number, whereas
layer-27 bifurcation degrades markedly. Thus, par-
allelism is most beneficial when it covers the infer-
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Figure 2: Fixed-layer delayed parallelization. ‘la’ de-
notes layer and ‘p’ number of paths; Red denotes Full,
Yellow denotes Layer14, and Orange denotes Layer27.

ence layers; trainable prefixes can approximate ear-
lier free-exploration perturbations, reducing com-
putation while preserving performance.

4 Methods

Section 3 shows that delayed parallelism is feasi-
ble, but a fixed bifurcation layer may not generalize.
Adaptive Depth Parallelism (ADP) therefore identi-
fies this layer automatically and applies parallelism
only afterward. Figure 3 overviews the method.

4.1 Analysis of the Conventional Framework
The parallel scaling law (Chen et al., 2025) at-
tributes gains to inter-path diversity. We quantify
this diversity with average cosine similarity and
analyze its layer-wise dynamics.

Proposition 1. Cosine similarity is controlled by
the prefix-dependent directional updates η(i)l and
the existing directional deviations δ(i)l . Here, C̄l is
the average pairwise cosine similarity among dif-
ferent paths at layer l, p is the number of paths, and
i indexes a path. The term δ

(i)
l denotes the existing

directional deviation of path i at layer l, whereas
η
(i)
l denotes the prefix-dependent directional up-

date from layer l to layer l + 1.

C̄l+1 − C̄l = −
1

p− 1

(
2

p∑

i=1

〈
δ
(i)
l , η

(i)
l

〉

+

p∑

i=1

∥∥∥η(i)l

∥∥∥
2
)
.

(1)

The proof is in Appendix B. Equation 1 shows
that similarity decreases when prefix-dependent up-
dates amplify path deviations and increases when
later updates suppress them. Since paths shar-
ing the same objective tend to learn similar rep-
resentations (Hu et al., 2024; Huh et al., 2024; Ju
et al., 2026), the observed divergence mainly re-
flects prefix-induced perturbations rather than se-
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Figure 4: Evolution of inter-path cosine similarity dur-
ing training.

mantic disagreement; these perturbations can be
approximated by training new prefixes.

4.2 Locate Bifurcated Layer

Figure 4 shows a stable layer-wise turning point
for fixed P : cosine similarity decreases before
l∗ and increases afterward. Appendix F.1 further
shows that the minimum layer remains largely sta-
ble across training steps. Appendix A also shows
that, after parallel execution begins, ADP hidden
states progressively approach those of the tradi-
tional framework, suggesting that deeper layers
suppress prefix-induced perturbations while pre-
serving task-relevant semantics.

We therefore summarize this experimental find-
ing as the following local hypothesis.

Assumption 1. Post-bifurcation local contrac-
tion. For every l ∈ {l∗, . . . , L − 1} and path i,
the normalized transition map is contractive on the
local region containing the ADP and traditional-
reference trajectories; that is, there exists 0 ≤ ρl <
1 such that

∥∥∥Φ(i)
l (u)− Φ

(i)
l (v)

∥∥∥ ≤ ρl ∥u− v∥ , u, v ∈ Ul,

where Φ
(i)
l is the normalized transition of path i,

and Ul is the region visited by the ADP trajectory
and the traditional-framework reference trajectory.
For normalized hidden state q and candidate bifur-
cation layer s, define the directional error between
ADP and the traditional framework as

Eq
l (s) = max

i

∥∥∥qADP,(i)
l (s)− q

full,(i)
l

∥∥∥ .

Proposition 2. Under Assumption 1, the di-
rectional error between ADP and the traditional
framework contracts after l∗:

Eq
L(l

∗) ≤ Eq
l∗(l

∗)
L−1∏

k=l∗
ρk. (2)

Proof. For any path i and layer l ≥ l∗, ADP and
the traditional reference use the same path-specific
transition map:

q
ADP,(i)
l+1 (l∗) = Φ

(i)
l

(
q
ADP,(i)
l (l∗)

)
,

q
full,(i)
l+1 = Φ

(i)
l

(
q
full,(i)
l

)
.

By Assumption 1,
∥∥∥qADP,(i)

l+1 (l∗)− q
full,(i)
l+1

∥∥∥ ≤

ρl

∥∥∥qADP,(i)
l (l∗)− q

full,(i)
l

∥∥∥ .
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Taking the maximum over paths gives

Eq
l+1(l

∗) ≤ ρlE
q
l (l

∗). (3)

Iterating from l = l∗ to L− 1 gives Equation 2.
Since each ρl < 1, the discrepancy between ADP
and traditional-framework hidden states is attenu-
ated layer by layer after parallel execution starts.
Equation 2 also explains why l∗ is the optimal start
layer. Starting from l∗+1 misses the contraction at
layer l∗ and thus reduces the attainable discrepancy
reduction. Starting from l∗ − 1 occurs before the
turning point, where states still expand, so early
parallel execution may enlarge the discrepancy and
provide little benefit. Therefore, l∗ is the earliest
point that avoids expansion while preserving the
full post-transition contraction.

ADP locates this layer during warm-up. Specifi-
cally, it first trains for several hundred steps under
the traditional framework, computes layer-wise av-
erage cosine similarity, and selects the stable mini-
mum under a fixed parallel configuration P as the
bifurcated layer:

l∗ = arg min
l∈[2,L−1]

S̄(l). (4)

Appendix E summarizes ADP.
We further demonstrate the stability of our

method under different random seeds. Across three
random seeds, Qwen3-1.7B with P=2 consistently
selects Layer 17 within 150 steps and remains sta-
ble thereafter (Appendix F.2).

4.3 Adaptive Parallelization

After locating l∗, ADP runs the shared prefix from
layer 1 to layer l∗ and uses the resulting hidden
state as the common bifurcation point. From this
point, P parallel paths are generated and propa-
gated through the remaining layers. Following
ParScale (Chen et al., 2025), their outputs are fused
by a lightweight aggregator with two linear lay-
ers and a SiLU activation. The trainable prefix-
generating MLP learns to approximate the pertur-
bations that full parallelism would otherwise intro-
duce (Li and Liang, 2021). Thus, ADP preserves
a shared early representation and applies parallel
decoding only after hidden states begin to contract.

This bifurcated structure directly reduces com-
putational cost. Full parallelism repeats all layers
for all P paths, with cost

FLOPsfull = P × Cost(1, L)

In contrast, ADP computes the prefix before l∗

once and duplicates only the suffix, yielding

FLOPsADP = Cost(1, l∗)

+ P × Cost(l∗, L).

The first term is the shared computation before
bifurcation, and the second is the parallel computa-
tion after bifurcation. Savings come from avoiding
repeated execution of early layers, where parallel
paths have not yet entered the contraction regime.
Including the warm-up procedure for locating l∗,
the training cost becomes

FLOPsADP = Cost(1, l∗) +
T

N
× P

× Cost(1, L) + P × Cost(l∗, L),

where L is the number of layers, P is the number of
paths, N is the total number of training steps, and
T is the number of warm-up steps used to estimate
l∗. Since T ≪ N , T

N is small, and the increased
computation in stage warm-up is relatively small
compared to the computational savings in training.

The computational reduction does not imply un-
controlled deviation from full parallelism. Because
l∗ is selected at the start of the contraction re-
gion, the discrepancy introduced after bifurcation
remains bounded through subsequent layers. This
yields the following loss-gap bound.

Proposition 3. Let W denote the final linear
head. The loss gap between ADP and full paral-
lelism is bounded by

|LADP − Lfull| ≤
√
2 ∥W∥2Eq

L(l
∗). (5)

This inequality shows that the ADP–full-parallel
loss gap is controlled by the spectral norm of the
final linear head W and the final hidden-state dis-
crepancy Eq

L(l
∗) induced by bifurcation at l∗. The

factor ∥W∥2 measures how strongly the output
head can amplify hidden-state differences, whereas
Eq

L(l
∗) measures the discrepancy remaining after

the post-bifurcation layers. Together with Proposi-
tion 2, this shows that choosing l∗ at the onset of
contraction reduces computation while keeping the
final loss gap explicitly upper-bounded.

5 Evaluation

We train models at several scales and evaluate ADP
across code, mathematics, and choice tasks.
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5.1 Experiment Setup

We organize the evaluation around three research
questions:

RQ1: Effectiveness: Does ADP reduce com-
putational load, and does it outperform traditional
parallel frameworks under the same load?

RQ2: Ablation: Does the adaptive layer-
selection module outperform fixed bifurcation lay-
ers at comparable computational cost?

RQ3: Layer Analysis: Are the layers selected
by ADP reasoning layers identified in prior work?

RQ4: Memory Analysis: Can ADP reduce
GPU memory usage?

RQ5: Wall-clock Efficiency: Does ADP im-
prove efficiency?

5.2 Datasets and Base Models

We evaluate ADP on standard benchmarks for code
generation, mathematical reasoning, and choice
questions, which evaluate the model’s reasoning
and generative capabilities (Fan et al., 2025a). Be-
cause model scale affects task difficulty—smaller
models struggle with complex tasks, whereas larger
models saturate on simpler ones—we follow Yang
et al. (Yang et al., 2025) and use scale-specific eval-
uation protocols.

We train Qwen3-0.6B-Base, Qwen3-1.7B-Base,
and Qwen3-4B-Base. We pre-train 0.8B tokens
from StackV2-Python (Lozhkov et al., 2024) and
then perform supervised fine-tuning on 0.2B to-
kens from Magicoder (Wei et al., 2024). Detailed
training settings are provided in Appendix D.

We select ParScale (Chen et al., 2025), which
achieves parallelism within the internal structure
of the model, as our traditional framework. ADP’s
aggregate layer and prefix parameters align with
ParScale to ensure fairness.

Code: Code generation is sensitive to fine-
grained implementation decisions, where small de-
viations in critical code segments can determine
functional correctness (Fan et al., 2025b). For
Qwen3-0.6B-Base and Qwen3-1.7B-Base, we eval-
uate on HumanEval and MBPP using EvalPlus (Liu
et al., 2023). Because smaller models are unstable
under greedy decoding, we also evaluate them with
temperature sampling at a temperature of 0.7. We
also test the performance of greedy decoding.

For Qwen3-4B-Base, we use the more challeng-
ing LiveCodeBench v6. LiveCodeBench (Jain
et al., 2025) is continuously updated and uses re-
cent programming problems to reduce data leakage.

Parallel
Method

Avg
Computational
Load

Avg
Performance

Qwen3-0.6B-Base
Traditional 4.67 44.77
ADP 1.68 35.9% 45.73 102.15%

Qwen3-1.7B-Base
Traditional 4.67 61.82
ADP 1.56 33.4% 65.85 106.53%

Qwen3-4B-Base
Traditional 3.00 44.45
ADP 1.47 49.0% 47.03 105.82%

Table 1: Analysis Table of Performance and Computa-
tional Load for ADP and Traditional Frameworks. De-
tailed bifurcated layer and computational load are in
Appendix G.

We evaluate in the 0-shot setting.
Math: We use GSM8K (Cobbe et al., 2021)

and MATH-500 (Hendrycks et al., 2021; Lightman
et al., 2024) to evaluate mathematical performance.
GSM8K contains 1K simple problems and tests ba-
sic reasoning, whereas MATH-500 contains more
challenging problems. We further fine-tune each
model on 12,000 examples from MetaMathQA (Yu
et al., 2024) to improve alignment with mathemat-
ical tasks. We use 5-shot prompting and set the
temperature to 0. We test the Math-500 dataset
only on Qwen3-4B-Base, as GSM8K is too simple.

Choice Questions: We evaluate on SciQ (Welbl
et al., 2017) and HellaSwag (Zellers et al.,
2019). SciQ is a multiple-choice science question-
answering benchmark, and HellaSwag evaluates
commonsense reasoning over physical causality
and event prediction. We use 5-shot prompting
and select the option with the highest probability
among the four choices.

5.3 RQ1: Effectiveness

We analyze the relationship between computational
load and performance. The y-axis reports task per-
formance, and the x-axis reports the FLOP ratio for
generating one token relative to single-path prefix
tuning. Following the scaling behavior observed in
ParScale (Chen et al., 2025), we use logarithmic
curves to illustrate the performance improvements
of ADP at equivalent computational load. Detailed
results and layer selection are in Appendix G.

Figures 5a, 5b, and 5c show the code results.
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Figure 5: Experimental results. Teal denotes ADP, and Red denotes the full parallel framework.

ADP improves performance across all three models.
At the same computational cost, ADP consistently
lies above the full parallel baseline and exhibits a
steeper growth rate, demonstrating its effectiveness
on code-generation tasks.

Figures 5d, 5e, and 5f show the math results.
ADP follows the same trend as on code tasks: it re-
duces the computational cost of parallel reasoning
while preserving the strong reasoning performance
of conventional parallel frameworks.

Figures 5g, 5h, and 5i show the results on choice-
question benchmarks involving commonsense and
logical reasoning. ADP achieves higher perfor-
mance under the same compute budget and does
not degrade relative to ADP variants with the same
number of parallel components. These results in-
dicate that, even for tasks with lower reasoning
demands, the single-path feature-extraction stage
in ADP preserves task-relevant information.

Table 1 further quantifies the computational sav-
ings and performance gains of ADP. Overall, ADP

uses only 39.4% of the computation required by
conventional parallel frameworks while achieving
104.83% of their performance. Its advantage be-
comes more pronounced as the degree of paral-
lelism increases. For 8 − way parallel models
with 0.6B and 1.7B parameters, ADP requires only
26.6% of the computation while reaching 100.39%
of the baseline performance.

These results show that ADP substantially re-
duces computational load without degrading per-
formance. Instead, it improves over conventional
parallel frameworks. This improvement stems from
its design: a shared prefix focuses on feature extrac-
tion, while other prefixes specialize in reasoning
and generation. In contrast, conventional parallel
frameworks require each branch prefix to perform
both feature extraction and inference, which can
make these functions difficult to balance even after
extensive training. This suggests that ADP enables
more efficient training and may be particularly use-
ful in data-scarce settings.
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Method Math Code Choice Avg. FLOPs

ParScale 21.59 29.80 45.91 32.43 2.00×
ADP 21.20 29.58 47.52 32.77 1.17×

Table 2: Performance and computational load on
Gemma-4-E2B with P = 2. ADP selects Layer 33
as the bifurcation layer.

Method Math Code Choice FLOPs

Beam Search (2) 34.52 19.95 58.02 2.00×
Beam Search (4) 35.80 21.15 58.02 4.00×

ParaThinker 38.62 24.95 58.02 7.24×
ParScale 41.20 30.03 60.29 4.67×

ADP 41.82 32.51 61.81 1.68×

Table 3: Comparison with inference-stage parallel base-
lines on Qwen3-0.6B. FLOPs are normalized by the
computational cost of a single path.

To further evaluate whether ADP generalizes
beyond the Qwen model family, we conduct addi-
tional experiments on Gemma-4-E2B (Team et al.,
2026) under the P = 2 configuration. ADP auto-
matically selects Layer 33 as the bifurcation layer.
As shown in Table 2, ADP achieves an average
performance of 32.77, comparable to and slightly
higher than the 32.43 of full-stack ParScale, while
reducing the computational load from 2.00× to
only 1.17×. This corresponds to a 41.5% reduction
in computation, demonstrating that the effective-
ness and efficiency of ADP generalize beyond the
Qwen model family.

In addition to ParScale, we compare ADP with
Beam Search (Sutskever et al., 2014) and Para-
Thinker (Wen et al., 2025), which introduce paral-
lel computation at inference time. Although these
methods operate under different parallelization
paradigms, they provide useful auxiliary baselines
for evaluating the performance–compute trade-off.
Table 3 reports the results on Qwen3-0.6B. ADP
consistently achieves the best performance across
mathematics, code, and choice tasks while requir-
ing only 1.68× the FLOPs of a single path. In
particular, ADP outperforms ParaThinker while
using substantially less computation, and also im-
proves over full-stack ParScale while reducing its
computational load from 4.67× to 1.68×.

ADP achieves performance improvements
across datasets in most models and domains. This
demonstrates ADP’s high generalizability, indicat-
ing that it can be applied across diverse fields.
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Figure 6: Ablation results. Teal denotes ADP, Yellow
denotes the Layer-14 variant, and Orange denotes the
Layer-27 variant.

5.4 RQ2: Ablation

To evaluate the adaptive bifurcation-layer selection
mechanism, we compare ADP with Section 3. Be-
cause these variants differ in computational load,
we compare their performance–compute curves.
Specifically, we evaluate Qwen3-1.7B-Base with
the bifurcation layer fixed at Layer 14 or Layer 27.

Figure 6 shows that ADP consistently outper-
forms variants with fixed bifurcation layers at Layer
14 or Layer 27. This confirms that similarity-based
adaptive selection reliably identifies the transition
layer between feature extraction and inference.

These results also support the choice of l∗. Se-
lecting a layer before l∗ wastes computation during
the expansion stage, whereas selecting a layer after
l∗ skips part of the contraction stage and degrades
performance. Thus, l∗ provides a favorable trade-
off between efficiency and performance.

5.5 RQ3: Layer Analysis

We examine whether the layers selected by ADP
align with inference-start layers identified by prior
analyses. Specifically, we analyze Qwen3-1.7B-
Base and Qwen3-4B-Base. Following Tan et
al. (Tan et al., 2026), we use internal entropy to
estimate the inference-start layer. Tan et al. locate
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Base-Model 2 3 4 5 6 8

Qwen3-1.7B 17 21 21 22 26 26

Qwen3-4B 24 27 33 27 32 35

Table 4: Layers Automatically Selected by ADP

Training Dataset
Code

Alpaca
Wizard
Coder

Magi
Coder

Selected Layer 19 21 20

Table 5: Bifurcation layers selected using different train-
ing datasets on Qwen3-0.6B-Base with P = 2.

this layer at approximately Layer 24 for Qwen3-4B.
Applying the same analysis to Qwen3-1.7B-Base,
we identify Layer 20 as the inference-start layer.

Table 4 reports the layers selected by ADP. With
few exceptions, ADP selects layers near the bound-
ary between the feature-extraction and inference
phases. The exceptions may reflect changes in
information processing induced by parallel gener-
ation. Overall, these findings support our central
hypothesis: similarity follows a unimodal pattern
across layers, and cosine similarity can distinguish
inference layers from feature-extraction layers. We
also find that when the number of parallel paths P
increases, the model’s parallel representation dy-
namics and the joint optimization landscape change
significantly. Consequently, a larger P naturally
requires more shared computation in early layers
to align the paths before they diverge into specific
orientations, pushing the optimal l∗ deeper.

We further examine the sensitivity of bifurcation-
layer selection to the training data. With Qwen3-
0.6B-Base and a fixed parallel configuration of
P = 2, the selected layers on Code Alpaca, Wiz-
ardCoder (Luo et al., 2024), and Magicoder are 19,
21, and 20, respectively (Table 5). Their narrow
range indicates that the selection is relatively robust
to the choice of training corpus.

5.6 RQ4: Memory Analysis

We also evaluate the GPU memory usage of
Qwen3-1.7B-Base, setting the sequence length to
1024. The experimental results, presented in Ta-
ble 6, indicate that the average GPU memory usage
of ADP is merely 47.5% of that of traditional frame-
works—dropping to just 31.7% under 8−way par-
allelism. This demonstrates that ADP significantly
reduces memory; this enables both training and

1 2 3 4

Full 11.09 17.92 24.15 30.51

ADP N/A
14.04
78.3%

15.34
63.5%

17.44
57.2%

5 6 8 Avg

Full 37.56 44.24 57.11 35.25

ADP
19.63
52.3%

15.97
36.1%

18.12
31.7%

16.76
47.5%

Table 6: Memory Usage (GB), Avg represents the aver-
age value from 2 to 8.

Method Speed (tokens/s) Change

Single Path 138.16 –
ParScale (P = 2) 114.50 −17.1%

ADP (P = 2) 135.71 −1.7%
ParScale (P = 4) 107.37 −22.3%

ADP (P = 4) 122.70 −11.1%

Table 7: Wall-clock generation efficiency.

inference on lower-performance devices, thereby
enhancing the applicability of ADP.

5.7 RQ5: Wall-clock Efficiency

To evaluate wall-clock efficiency, we measure to-
ken generation speed with a batch size of 4, aver-
aged over 20 runs. As shown in Table 7, ADP sub-
stantially recovers the throughput loss of Parscale.
Under P = 2, ADP achieves 135.71 tokens/s ver-
sus 114.50 for ParScale and 138.16 for the single-
path baseline. Under P = 4, ADP improves
throughput from 107.37 to 122.70 tokens/s. These
results confirm that ADP’s computational savings
translate into practical speed improvements.

6 Conclusion

In conclusion, we propose ADP to reduce compu-
tational load in parallel frameworks. Leveraging
layer-wise functional differences and mathematical
analysis, we simplify the parallel feature extraction
stage into a single-path design, reducing computa-
tional load. Experimental results prove the supe-
riority of ADP. Compared with full-stack parallel
frameworks such as ParScale, ADP significantly re-
duces computational load and memory usage while
improving performance.
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Limitations

Our current method only performs single-path fea-
ture extraction in the free exploration phase, while
the inference layers still adopt a fully parallel strat-
egy. This allows for in-depth analysis of changes
within the inference layers and further reduction of
computational load.
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A Experimental Proof of Assumption A

We use the relative ℓ2 distance between hidden
states, denoted as hidden_rel_l2, to quantify the
representation-level discrepancy between the target
model and the layer-0-start baseline. Given the hid-
den states Htarget

l and Hbase
l at layer l, the metric

is defined as

hidden_rel_l2(l) =

∥∥∥Htarget
l −Hbase

l

∥∥∥
2∥∥Hbase

l

∥∥
2
+ ϵ

,

where ϵ is a small constant for numerical stability.
This metric measures the magnitude of the hidden-
state deviation after normalizing by the scale of the
baseline representation. A smaller value indicates
that the target model produces hidden representa-
tions closer to those of the baseline model, while a
value of zero corresponds to identical hidden states.
Therefore, a decreasing hidden_rel_l2 across lay-
ers suggests that the target model progressively
aligns with the layer-0-start baseline in representa-
tion space.

Method Start End Change

0.6B P2 0.753235 0.722918 -0.0303171

0.6B P4 0.855034 0.723417 -0.131616

0.6B P8 1.54065 0.748282 -0.792369

1.7B P2 0.87684 0.598589 -0.27825

1.7B P4 0.774145 0.472126 -0.302019

1.7B P8 0.772808 0.677858 -0.0949494

4B P2 1.04937 0.814684 -0.234683

4B P4 0.850918 0.682198 -0.168721

Table 8: Changes between ADP and the traditional
framework lie in the distance between the hidden states
at the start and end of ADP’s parallelism. B means the
size of the model and P means the number of parallel.

Table 8 empirically supports the validity of As-
sumption 1 that after ADP starts to run in parallel,
ρ is less than 1, and ADP will continuously move
closer to the traditional framework.

We further illustrate the layer-by-layer changes
of hidden_rel_l2 in ADP. The results are shown
in Tables 9 and 10, which further demonstrate the
validity of Assumption 1.
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Layer hidden_rel_l2

21 0.87684

22 0.726789

23 0.690886

24 0.654288

25 0.653256

26 0.644326

27 0.644578

28 0.598589

Table 9: Qwen3-1.7B Layer-by-layer Hidden_rel_l2
Changes Results under P2 Conditions.

Layer hidden_rel_l2

33 0.850918

34 0.787046

35 0.792271

36 0.682198

Table 10: Qwen3-4B Layer-by-layer Hidden_rel_l2
Changes Results under P4 Conditions.

B Proof of Similarity Changes

We consider raw hidden states h
(i)
l ∈ Rd for

i = 1, . . . , p, and define the corresponding unit
directions and their empirical mean as

q
(i)
l =

h
(i)
l∥∥∥h(i)l

∥∥∥
,

q̄l =
1

p

p∑

i=1

q
(i)
l .

The average pairwise cosine similarity at layer l is

C̄l =
2

p(p− 1)

∑

i<j

〈
q
(i)
l , q

(j)
l

〉
.

We also define the directional variance

Dl =
1

p

p∑

i=1

∥∥∥q(i)l − q̄l

∥∥∥
2
.

Let the residual update from layer l to layer l+1

be u
(i)
l = h

(i)
l+1 − h

(i)
l . The induced directional

increment and its empirical mean are

w
(i)
l = q

(i)
l+1 − q

(i)
l

=
h
(i)
l + u

(i)
l∥∥∥h(i)l + u
(i)
l

∥∥∥
− h

(i)
l∥∥∥h(i)l

∥∥∥
,

w̄l =
1

p

p∑

i=1

w
(i)
l .

We decompose the centered directions and centered
directional updates as

δ
(i)
l = q

(i)
l − q̄l, η

(i)
l = w

(i)
l − w̄l.

Here, δ(i)l is the pre-existing directional deviation
at layer l, whereas η(i)l is the prefix-dependent com-
ponent of the directional update from layer l to
layer l + 1.

Since
∥∥∥q(i)l

∥∥∥ = 1, the variance satisfies

Dl =
1

p

p∑

i=1

∥∥∥q(i)l − q̄l

∥∥∥
2

= 1− ∥q̄l∥2 .

Moreover,
∥∥∥∥∥

p∑

i=1

q
(i)
l

∥∥∥∥∥

2

= p+ 2
∑

i<j

〈
q
(i)
l , q

(j)
l

〉
,

and therefore

p2 ∥q̄l∥2 = p+ 2
∑

i<j

〈
q
(i)
l , q

(j)
l

〉
.

Substituting this identity into the definition of C̄l

gives

C̄l =
p ∥q̄l∥2 − 1

p− 1

= 1− p

p− 1
Dl.

Next, using q
(i)
l+1 = q

(i)
l + w

(i)
l , we have

q̄l+1 = q̄l + w̄l.

Thus,
q
(i)
l+1 − q̄l+1 = δ

(i)
l + η

(i)
l .

Define

Φl = 2

p∑

i=1

〈
δ
(i)
l , η

(i)
l

〉
+

p∑

i=1

∥∥∥η(i)l

∥∥∥
2
.

25890



Then

Dl+1 =
1

p

p∑

i=1

∥∥∥δ(i)l + η
(i)
l

∥∥∥
2

= Dl +
1

p
Φl.

Combining this expression with C̄l = 1− p
p−1Dl

yields

C̄l+1 − C̄l = −
p

p− 1
(Dl+1 −Dl)

= − 1

p− 1
Φl.

Consequently,

C̄l+1 < C̄l ⇐⇒ Φl > 0,

C̄l+1 > C̄l ⇐⇒ Φl < 0.

A decrease in similarity therefore occurs when the
prefix-dependent directional updates η(i)l amplify
the existing deviations δ

(i)
l . Conversely, similar-

ity increases when these updates are sufficiently
aligned against the existing deviations, so that
the negative cross term dominates the positive
quadratic term

∑p
i=1 ∥η

(i)
l ∥2.

C Proof of the Best Bifurcated Layer

For a switch layer s, define the directional error
between the ADP trajectory and the full-parallel
trajectory at layer l as

Eq
l (s) = max

1≤i≤p

∥∥∥qADP,(i)
l (s)− q

full,(i)
l

∥∥∥ .

To relate the error at the switch layer to the final-
layer error, we use the following local stability
condition.

Directional error contraction. For every l ≥ l∗,
there exists a constant 0 ≤ ρl < 1 such that, within
a local region containing both the ADP trajectory
and the full-parallel trajectory,

Eq
l+1(s) ≤ ρlE

q
l (s).

Applying this contraction recursively from l∗ to
the final layer L gives

Eq
L(l

∗) ≤ Eq
l∗(l

∗)
L−1∏

k=l∗
ρk.

More generally, for any switch layer s ≥ l∗, the
same argument yields

Eq
L(s) ≤ Eq

s (s)

L−1∏

k=s

ρk.

Hence a later switch layer s has no larger final
directional-error bound than l∗ whenever

Eq
s (s)

L−1∏

k=s

ρk ≤ Eq
l∗(l

∗)
L−1∏

k=l∗
ρk

⇐⇒ Eq
s (s) ≤ Eq

l∗(l
∗)

s−1∏

k=l∗
ρk.

This establishes the claimed comparison criterion
for the bifurcation layer.

It remains to translate the final directional error
into a loss difference. For cross-entropy loss,

∇zℓ(z, y) = softmax(z)− ey.

Because both softmax(z) and ey lie in the proba-
bility simplex,

∥∇zℓ(z, y)∥2 ≤
√
2.

By the mean value theorem,

|ℓ(z1, y)− ℓ(z2, y)| ≤
√
2 ∥z1 − z2∥2 .

For logits of the form z = Wq + b, we also have

∥z1 − z2∥2 ≤ ∥W∥2 ∥q1 − q2∥2 .

Therefore, for each path i,
∣∣∣ℓ(z(i)ADP, y)− ℓ(z

(i)
full, y)

∣∣∣

≤
√
2 ∥W∥2

∥∥∥qADP,(i)
L (s)− q

full,(i)
L

∥∥∥
2

≤
√
2 ∥W∥2Eq

L(s).

Averaging over i = 1, . . . , p gives

|LADP − Lfull| ≤
√
2 ∥W∥2Eq

L(s).

D Detailed Training Settings

The prefix length is set to 24, and the prefix-
generating MLP has two layers. The batch size is
set to 256. We set T to 200 steps for the warm-up
pretraining phase. We use Adam as the optimizer,
and set the context length to 1024. The β parameter
of Adam is β = (0.9, 0.95) and the remaining pa-
rameters are PyTorch’s defaults. The total training
step is 3950.

25891



Algorithm 1: ADP: Discovery and Transi-
tion Strategy

1 for step t = 1 to Ttotal do
2 if t ≤ T then
3 Train M in conventional mode
4 if t = T then
5 l∗ ← argminl∈[2,L−1] S̄

(l)

// Locate minimum
similarity

6 M ←
TransformToBifurcated(M, l∗)

7 else
8 Reinitialize the prefix and learning

rate
9 Train M in adaptive mode

// Single trunk, P heads

10 return M for ADP

During training, we warm up for 100 steps at a
learning rate of 10−4 and then apply cosine anneal-
ing to 10−6.

Our training and inference GPUs are NVIDIA
H100 80GB HBM3. Our CPU is Intel(R) Xeon(R)
Platinum 8558.

We test Pass@3 with the sampling temperature
set to 0.7°C. Pass@3 is a metric that measures
whether a correct solution is generated in three
attempts. The formula is

Pass@3 =
1

N

N∑

i=1

1





3∨

j=1

si,j passes





The ‘max new tokens’ value was set to 512 for
the test code dataset and to 256 for the test mathe-
matical dataset.

E Pseudocode of ADP

Algorithm 1 presents the pseudocode for the ADP
method. We first perform a warm-up pretraining
phase of T steps. Subsequently, we re-initialize
the prefix and learning rate, and switch to the ADP
framework to conduct efficient training. During
the inference phase, we directly utilize the ADP
framework to perform efficient inference.
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Figure 7: Evolution of inter-path cosine similarity dur-
ing training on Qwen3-0.6B-Base Parallel 2.
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Figure 8: Evolution of inter-path cosine similarity dur-
ing training on Qwen3-0.6B-Base Parallel 4.

F Stability of Bifurcation-Layer Selection

F.1 More cosine similarity variation curves
Figures 7, 8, 9, 10, 11, and 12 demonstrate that
the similarity is unimodal and the position of the
minimum value remains unchanged.

F.2 Stability Under Different Seeds
We further examine the stability of the bifurcation-
layer selection under a fixed parallel configuration
P . Using Qwen3-1.7B-Base with P = 2, we track
the selected layer throughout training. As shown
in Table 11, the selected layer quickly converges
to Layer 17 within the first 150 steps and remains
unchanged for the rest of training.

We also evaluate the robustness of the selection
across different random seeds. Using three seeds
(123, 456, and 99) under the same P = 2 config-
uration, ADP consistently selects Layer 17 as the
bifurcation layer. These results show that, with P
fixed, the selected bifurcation layer is stable across
both training progress and random initialization,
supporting the use of a short warm-up stage to de-
termine l∗.

G Detailed Experimental Results

Table 12, 13, 14, 15, 16, and 17 presents the perfor-
mance of the detailed experimental results.
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Figure 9: Evolution of inter-path cosine similarity dur-
ing training on Qwen3-1.7B-Base Parallel 2.
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Figure 10: Evolution of inter-path cosine similarity dur-
ing training on Qwen3-1.7B-Base Parallel 4.
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Figure 11: Evolution of inter-path cosine similarity dur-
ing training on Qwen3-4B-Base Parallel 2.
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Figure 12: Evolution of inter-path cosine similarity dur-
ing training on Qwen3-4B-Base Parallel 4.

Step 50 100 150 200 300
Selected Layer 21 19 17 17 17

Step 500 1000 2000 3000 3900
Selected Layer 17 17 17 17 17

Table 11: Stability of the selected bifurcation layer
across training steps on Qwen3-1.7B-Base with P = 2.

25893



p Method l∗ Choice Math FLOP

SciQ HellaSwag Avg. ∆ GSM MATH Avg. ∆

1 Full – 82.3 33.73 58.02 – 39.50 28.44 33.97 – 1

2 Full – 82.9 34.50 58.70 – 43.67 29.13 36.40 – 2
ADP 21 81.8 33.06 57.43 −1.27 44.12 28.99 36.56 +0.16 1.25

3 Full – 84.7 38.34 61.52 – 57.24 31.40 44.32 – 3
ADP 21 92.9 40.56 66.73 +5.21 59.67 32.45 46.06 +1.74 1.50

4 Full – 75.7 31.55 53.63 – 43.67 28.31 35.99 – 4
ADP 21 83.1 33.15 58.13 +4.50 42.53 28.71 35.62 −0.37 1.96

5 Full – 84.4 35.87 60.14 – 58.23 27.60 42.92 – 5
ADP 25 85.2 35.95 60.58 +0.44 58.53 28.40 43.74 +0.55 1.43

6 Full – 84.8 37.22 61.01 – 56.86 29.00 42.93 – 6
ADP 27 86.0 39.50 62.75 +1.74 60.65 28.00 44.33 +1.40 1.18

8 Full – 92.9 40.57 66.74 – 58.98 30.26 44.62 – 8
ADP 21 92.6 37.88 65.24 −1.50 58.30 31.43 44.87 +0.25 2.75

Table 12: Choice and mathematical reasoning results of Qwen3-0.6B under different parallel decoding sizes. p
denotes the number of parallel candidates. l∗ denotes the bifurcation layer selected by ADP. Full is the full parallel
baseline, while ADP is our adaptive parallel decoding method. ∆ denotes the average-score difference between
ADP and Full under the same p. FLOP represents the ratio of FLOPs to those of a single-path frame.

p Method l∗ Code, T = 0 Code, T = 0.7 FLOP

HE MBPP Avg. ∆ HE MBPP Avg. ∆

1 Full – 23.8/20.7 10.1/8.7 15.83 – 32.9/28.0 32.5/26.2 29.90 – 1

2 Full – 29.3/26.8 31.0/26.5 28.15 – 33.5/28.7 51.3/43.1 39.20 – 2
ADP 21 26.8/23.8 20.4/17.2 22.05 −6.10 31.7/28.0 46.8/39.7 36.60 −2.60 1.25

3 Full – 28.0/26.2 41.0/34.9 32.53 – 47.6/41.5 56.9/49.2 48.80 – 3
ADP 21 36.0/30.5 44.2/36.2 36.73 +4.20 47.0/40.2 62.2/52.9 50.60 +1.80 1.50

4 Full – 28.0/24.4 28.3/23.0 25.93 – 37.2/33.5 52.9/42.6 41.60 – 4
ADP 21 26.2/23.2 26.7/23.3 24.85 −1.08 37.2/31.7 54.8/46.8 41.70 +0.10 1.96

5 Full – 30.5/26.2 28.6/24.9 27.55 – 48.2/42.7 57.9/50.0 49.70 – 5
ADP 25 31.7/29.9 46.0/40.5 37.03 +9.48 47.0/39.6 63.0/54.5 51.00 +1.30 1.43

6 Full – 28.7/25.6 39.7/35.7 32.43 – 40.9/35.4 63.5/55.6 48.90 – 6
ADP 27 32.3/29.3 51.3/44.7 39.40 +6.97 42.1/37.2 64.3/55.6 49.80 +0.90 1.18

8 Full – 26.8/25.0 46.3/36.2 33.58 – 39.6/33.5 63.5/54.8 47.80 – 8
ADP 21 32.3/29.3 41.8/36.5 34.98 +1.40 47.0/41.5 64.3/52.4 51.30 +3.50 2.75

Table 13: Code generation results of Qwen3-0.6B under different parallel decoding sizes. l∗ denotes the bifurcation
layer selected by ADP. For HumanEval (HE) and MBPP, each cell reports Base/Plus scores from EvalPlus. ∆
denotes the average-score difference between ADP and Full under the same p. FLOP represents the ratio of FLOPs
to those of a single-path frame.
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p Method l∗ Choice Math FLOP

SciQ HellaSwag Avg. ∆ GSM MATH Avg. ∆

1 Full – 85.2 36.35 59.43 – 57.24 33.4 45.32 – 1

2 Full – 87.3 45.82 66.56 – 65.66 34.2 49.93 – 2
ADP 17 89.8 45.66 67.73 +1.17 69.98 37.0 53.49 +3.56 1.39

3 Full – 90.5 44.22 67.36 – 69.45 33.6 51.53 – 3
ADP 21 90.2 46.41 68.31 +0.95 69.14 36.2 52.67 +1.14 1.50

4 Full – 91.6 53.48 72.54 – 62.17 35.4 48.79 – 4
ADP 21 89.6 46.27 67.94 −4.60 71.10 37.4 54.25 +5.46 1.75

5 Full – 89.9 42.23 66.07 – 63.46 32.0 47.73 – 5
ADP 22 91.1 46.39 68.75 +2.68 71.19 38.0 54.60 +6.87 1.86

6 Full – 91.5 51.85 71.68 – 75.51 38.4 56.96 – 6
ADP 26 89.9 43.84 66.87 −4.81 68.54 34.8 51.67 −5.29 1.35

8 Full – 90.1 40.57 65.34 – 76.19 36.6 56.40 – 8
ADP 26 90.8 48.86 69.83 +4.49 71.95 36.2 54.08 −2.32 1.50

Table 14: Choice and mathematical reasoning results of Qwen3-1.7B under different parallel decoding sizes. p
denotes the number of parallel candidates. l∗ denotes the bifurcation layer selected by ADP. Full is the full parallel
baseline, while ADP is our adaptive parallel decoding method. ∆ denotes the average-score difference between
ADP and Full under the same p. FLOP represents the ratio of FLOPs to those of a single-path frame.

p Method l∗ Code, T = 0 Code, T = 0.7 FLOP

HE MBPP Avg. ∆ HE MBPP Avg. ∆

1 Full – 61.6/54.3 62.4/52.4 57.68 – 59.1/54.9 72.8/63.2 62.50 – 1

2 Full – 59.1/53.7 66.1/54.8 58.43 – 62.8/56.7 74.6/65.1 64.80 – 2
ADP 17 59.8/55.5 54.2/46.0 53.88 −4.55 70.7/66.5 75.7/64.8 69.42 +4.62 1.39

3 Full – 59.8/53.0 65.9/55.8 58.63 – 68.3/62.8 73.3/64.6 67.25 – 3
ADP 21 58.5/53.0 68.3/57.7 59.38 +0.75 72.6/66.5 75.7/65.6 70.10 +2.85 1.50

4 Full – 67.1/60.4 48.1/40.7 54.08 – 73.2/64.0 76.5/66.9 70.15 – 4
ADP 21 59.1/54.3 67.2/56.6 59.30 +5.22 71.3/65.2 81.0/69.3 71.70 +1.55 1.75

5 Full – 57.3/51.8 65.6/56.1 57.70 – 64.0/59.0 75.4/63.5 65.47 – 5
ADP 22 62.2/56.7 65.1/55.6 59.9 +2.20 73.2/68.9 79.1/67.5 72.18 +6.71 1.86

6 Full – 67.1/59.1 62.2/52.4 60.20 – 73.2/65.9 80.2/67.5 71.70 – 6
ADP 26 59.1/53.7 61.1/52.9 56.70 −3.50 72.0/67.1 75.9/65.9 70.22 −1.48 1.35

8 Full – 68.3/60.4 63.0/52.6 61.08 – 74.4/69.5 79.9/69.0 73.20 – 8
ADP 26 61.0/56.7 66.1/56.3 60.03 −1.05 75.0/68.3 76.7/67.2 71.80 −1.40 1.50

Table 15: Code generation results of Qwen3-1.7B under different parallel decoding sizes. l∗ denotes the bifurcation
layer selected by ADP. For HumanEval (HE) and MBPP, each cell reports Base/Plus scores from EvalPlus. ∆
denotes the average-score difference between ADP and Full under the same p. FLOP represents the ratio of FLOPs
to those of a single-path frame.
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p Method l∗ Choice Math FLOP

SciQ HellaSwag Avg. ∆ MATH ∆

1 Full – 90.5 70.10 80.30 – 32.00 – 1

2 Full – 65.6 76.52 71.06 – 34.00 – 2
ADP 24 94.5 78.93 86.72 +15.66 36.00 +2.00 1.33

3 Full – 94.5 78.56 86.53 – 34.40 – 3
ADP 27 94.8 82.23 88.52 +1.99 35.40 +1.00 1.50

4 Full – 94.5 79.66 87.08 – 34.40 – 4
ADP 33 94.8 79.61 87.21 +0.13 35.20 +0.80 1.25

5 ADP 27 94.8 80.76 87.78 – 35.00 – 2.00
6 ADP 32 94.8 80.34 87.57 – 36.40 – 1.55
8 ADP 35 94.8 78.79 86.80 – 34.60 – 1.19

Table 16: Choice and mathematical reasoning results of Qwen3-4B under different parallel decoding sizes. p
denotes the number of parallel candidates. l∗ denotes the bifurcation layer selected by ADP. Full is the full parallel
baseline, while ADP is our adaptive parallel decoding method. Since GSM8K is removed due to task difficulty,
the math results only report MATH. ∆ denotes the difference between ADP and Full under the same p. FLOP
represents the ratio of FLOPs to those of a single-path frame.

p Method l∗ LiveCodeBench v6 ∆ FLOP

1 Full – 13.71 – 1

2 Full – 18.86 – 2
ADP 24 19.43 +0.57 1.33

3 Full – 17.71 – 3
ADP 27 18.86 +1.15 1.50

4 Full – 16.00 – 4
ADP 33 17.71 +1.71 1.25

5 ADP 27 18.86 – 2.00
6 ADP 32 18.29 – 1.55
8 ADP 35 18.28 – 1.19

Table 17: Code generation results of Qwen3-4B under different parallel decoding sizes. The code benchmark is
LiveCodeBench v6. p denotes the number of parallel candidates. Full is the full parallel baseline, while ADP is
our adaptive parallel decoding method. ∆ denotes the difference between ADP and Full under the same p. FLOP
represents the ratio of FLOPs to those of a single-path frame.

p Method l∗ Choice Code Math All Avg.

SciQ HellaSwag Avg. HE MBPP Avg. GSM MATH Avg.

2 Full – 65.6 26.22 45.91 23.2/20.1 41.0/34.9 29.80 32.98 10.20 21.59 32.43
ADP 33 67.1 27.93 47.52 27.4/22.6 37.3/31.0 29.58 30.40 12.00 21.20 32.77

Table 18: Results of Gemma-4-E2B under p = 2. l∗ denotes the bifurcation layer selected by ADP. For HumanEval
(HE) and MBPP, each cell reports Base/Plus scores. All Avg. is the average over the three task domains.
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