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Abstract

Large language models (LLMs) exhibit com-
plementary strengths arising from differences
in pretraining data, model architectures, and
decoding behaviors. Inference-time ensem-
bling provides a practical way to combine these
capabilities without retraining. However, ex-
isting ensemble approaches suffer from fun-
damental limitations. Most rely on fixed fu-
sion granularity, which lacks the flexibility re-
quired for mid-generation adaptation and fails
to adapt to different generation characteristics
across tasks. To address these challenges, we
propose ADAFUSE, an adaptive ensemble de-
coding framework that dynamically selects se-
mantically appropriate fusion units during gen-
eration. Rather than committing to a fixed
granularity, ADAFUSE adjusts fusion behav-
ior on the fly based on the decoding context,
with words serving as basic building blocks
for alignment. To be specific, we introduce an
uncertainty-based criterion to decide whether
to apply ensembling at each decoding step.
Under confident decoding states, the model
continues generation directly. In less certain
states, ADAFUSE invokes a diversity-aware
scaling strategy to explore alternative candidate
continuations and inform ensemble decisions.
This design establishes a synergistic interac-
tion between adaptive ensembling and test-time
scaling, where ensemble decisions guide tar-
geted exploration, and the resulting diversity
in turn strengthens ensemble quality. Experi-
ments on open-domain QA, arithmetic reason-
ing, and machine translation demonstrate that
ADAFUSE consistently outperforms strong en-
semble baselines, achieving an average relative
improvement of 6.88%. The code is available
at https://github.com/CCM@111/AdaFuse.

1 Introduction

Large language models (LLMs) have demonstrated
strong performance across a wide range of natural
language processing tasks (Hendrycks et al., 2020;
Cobbe et al., 2021; Ning et al.; Wei et al., 2025; Ai

et al., 2025; Zhang et al., 2025; Chen et al., 2024)
and are increasingly deployed in real-world appli-
cations (Grattafiori et al., 2024; OpenAl, 2024).
However, model performance is not uniform across
tasks: differences in pretraining data, model ar-
chitectures, and decoding strategies lead individ-
ual models to exhibit heterogeneous strengths(Chu
et al., 2025). Models that excel at structured or
multi-step reasoning may perform less reliably on
open-domain or commonsense question answer-
ing, while models optimized for such queries may
struggle with complex reasoning (Joshi et al., 2017;
Kwiatkowski et al., 2019; Huang and Chang, 2023;
Guo et al., 2025). As a result, inference-time en-
sembling has emerged as a practical approach for
improving robustness by combining complemen-
tary model strengths without retraining (Jiang et al.,
2023b; Liu et al., 2024; Yao et al., 2024; Wang
et al., 2023b).

Existing inference-time ensemble methods differ
primarily in the granularity at which model outputs
are fused (Chen et al., 2023). Sample-level ap-
proaches combine complete model responses via
reranking or response fusion (Jiang et al., 2023b;
Shnitzer et al., 2023; Lu et al., 2023; Wang et al.,
2023a), but perform fusion only after generation
has finished, preventing any mid-generation cor-
rection. Span-level methods assemble multi-token
segments produced by different models (Liu et al.,
2024; Xu et al., 2024; Lv et al., 2024; Fu et al.,
2025), yet rely on predefined or fixed span bound-
aries that limit flexibility across tasks and reason-
ing depths. Token-level approaches aggregate next-
token distributions at each decoding step (Yao et al.,
2024; Huang et al., 2024; Yu et al., 2024; Zeng
et al., 2025), but typically require token align-
ment across models, restricting applicability un-
der heterogeneous tokenizers; related byte-level
alternatives alleviate this mismatch at the cost of in-
creased computation and weakened semantic struc-
ture (Phan et al., 2024; Sathe et al., 2024). Despite
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operating at different granularities, most existing
methods rely on a fixed fusion resolution, which
restricts their ability to adapt the fusion scope to
evolving semantic context, task demands, and rea-
soning uncertainty during generation (Yao et al.,
2023).

These trade-offs motivate the need for an adap-
tive inference-time ensemble framework that over-
comes the limitations imposed by fixed-granularity
generation. We adopt word-level units as the basic
building blocks, as they provide a natural abstrac-
tion that supports step-wise integration and seman-
tic coherence, while avoiding explicit token align-
ment across heterogeneous tokenizers. Based on
this design choice, we propose ADAFUSE, an adap-
tive word-level ensembling framework that enables
flexible inference-time fusion and mid-generation
correction at natural word boundaries, which pre-
serves semantic integrity across models.

Concretely, ADAFUSE adopts an adaptive de-
coding strategy that balances effectiveness and
efficiency during generation. We introduce an
uncertainty-based criterion to decide whether to
apply ensembling at each decoding step. Under
confident decoding states, the model proceeds with
direct generation. In less certain states, ADAFUSE
invokes a diversity-aware scaling strategy to ex-
plore alternative candidate continuations and sup-
port more effective ensemble decisions. This de-
sign is guided by the evolving decoding context
rather than predefined rules, and establishes a syn-
ergistic interaction between adaptive ensembling
and test-time scaling. In particular, selective explo-
ration under uncertainty improves test-time scaling
effectiveness, while the resulting diversity further
strengthens ensemble quality.

In summary, our paper contributes the following:

* Confidence-Guided Adaptive Decoding: ADA-
FUSE uses model confidence to decide when to
commit longer word spans and when to consider
more candidate continuations, enabling adap-
tive mid-generation correction without relying
on fixed-length spans.

* Diversity-Aware Ensemble Scaling: Building
on confidence-guided decoding, ADAFUSE em-
ploys an exploration strategy to generate diverse
candidate continuations for ensemble scoring
only when uncertainty arises, while avoiding un-
necessary computation in confident states.

* Strong Empirical Performance Across Diverse
Tasks: ADAFUSE achieves consistent gains over

the strongest ensemble baselines, with an aver-
age relative improvement of 6.88% across open-
domain question answering, arithmetic reason-
ing, and machine translation benchmarks.

2 Related Works

Ensemble methods in LLMs have evolved signifi-
cantly, with prominent approaches categorized into
three main levels: Sample-level, Span-level, Token-
level ensembling, each designed to harness com-
plementary model strengths yet plagued by its own
drawbacks.

Sample-Level Ensembling aggregates en-
tire generated responses from multiple LLMs.
LLM-Blender (Jiang et al., 2023b) trains a pair-
wise ranker to compare and select the strongest
candidate, then applies a generative fusion module
to produce a final answer. Routing methods
(Shnitzer et al., 2023; Lu et al., 2023) assign each
query to the most suitable expert model, but their
effectiveness is capped when every candidate
output contains errors (Hu et al., 2024). Fusion
networks (Wang et al., 2023a) go one step further
by learning to merge several complete outputs into
a single consolidated response, boosting overall
quality but still facing challenges in generalizing
across diverse tasks and overlooking valuable
token-level probability cues generated during
decoding (Lin et al., 2025; Li et al., 2025).

Span-Level Ensembling combines output seg-
ments. Cool-Fusion (Liu et al., 2024) merges
model outputs once they reach common word
boundaries, while SweetSpan (Xu et al., 2024)
generates and merges spans based on perplexity
scores. SpecFuse (Lv et al., 2024) aggregates mul-
tiple LLM outputs by predicting the next segment
and combining them. RLAE (Fu et al., 2025) uses
reinforcement learning to adjust weights dynami-
cally during the merging process. While span-level
methods improve coherence and fluency, they rely
on the quality of the generated segments, making
them susceptible to errors in weak segments. Fur-
thermore, span-level methods offer limited flexibil-
ity due to their fixed fusion granularity and lack
of adaptive control, making them less effective on
novel or diverse inputs.

Token-Level Ensembling merges each model’s
next-token distributions at every decoding step.
UniTE (Yao et al., 2024) forms the union of each
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Figure 1: Illustration of the ADAFUSE framework. AdaFuse ensembles multiple LLMs during decoding by
dynamically adjusting fusion behavior. It expands in confident decoding states and applies diversity-aware scaling
under uncertainty. Candidate word sequences are unified and selected using NLL scores, enabling adaptive and

stable generation.

model’s top-k token candidates at each step, avoid-
ing full-vocabulary alignment and cutting inference
cost. DeePEn (Huang et al., 2024) projects each
model’s logits into a universal relative space via
anchor-token similarity, aggregates them, and ap-
plies a search-based inverse transformation to re-
cover logits in a main model’s vocabulary, enabling
training-free fusion of heterogeneous LLMs. GAC
(Yu et al., 2024) builds dense mapping matrices
over the union vocabulary, projects each model’s
probability vector into this joint space, and aver-
ages them to select the next token, optionally cas-
cading to cheaper ensembling when confidence is
high. Despite their effectiveness, token-level ap-
proaches operate over large vocabularies at every
step, leading to substantial computational overhead.
They also struggle with heterogeneous tokeniza-
tions and may overlook low-probability yet seman-
tically important tokens. Byte-level ensembling
addresses vocabulary mismatch by merging distri-
butions at the byte granularity (Phan et al., 2024),
but introduces constant per-step conversion over-
head and obscures word-level semantic structure.
These limitations motivate our adaptive ensembling
framework, which performs confidence-guided fu-
sion at natural word boundaries, enabling precise
step-wise integration with reduced overhead and
improved semantic alignment.

3 Methodology

We present ADAFUSE, an adaptive ensemble de-
coding framework that addresses a core limitation
of existing inference-time ensembling methods:

their reliance on fixed fusion granularity and rigid
decoding control, which prevents fusion behavior
from adapting to evolving uncertainty.

At each decoding step, ADAFUSE adaptively
generates word-level candidate segments from each
model, regulates the breadth of candidate consider-
ation based on model confidence, and applies joint
scoring across models to select the most appro-
priate continuation. This design enables real-time
integration of ensemble preferences at a linguisti-
cally meaningful granularity, while flexibly balanc-
ing robustness and efficiency during decoding. An
overview is shown in Figure 1.

3.1 Candidate Word Proposal

ADAFUSE generates candidate word completions
from each model by extending the current decoding
prefix until a word boundary is reached. Starting
from the current prefix y;.t, each model my, gener-
ates tokens sequentially according to its next-token
distribution until a complete word is formed. The
resulting token sequence is decoded into a word
segment, denoted as w. This design avoids mid-
word truncation and provides a consistent unit for
alignment and scoring across models during ensem-
ble decoding.

3.2 Adaptive Word Commitment

In word-level ensemble decoding, we need an effec-
tive rule to decide whether the model is sufficiently
confident to continue generating a longer span or
to stop and re-score candidate segments. Because
a full word or phrase typically spans multiple sub-
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word tokens, its confidence cannot be reliably as-
sessed before generation completes. We therefore
use the first-token signal as a practical proxy for
how ready the model is to commit to extending the
current word.

Start-of-Word Confidence. We assess confi-
dence using the margin between the top-ranked
candidates in the first-token distribution at the start
of a word. Specifically, let p(;) and p(y) be the
top-1 and top-2 probabilities of the first foken at the
start of a word. We define the confidence margin
as Ap, (¥) = 1) — P(2)-

A larger margin corresponds to higher confi-
dence, allowing the decoder to continue generating
a longer word span, whereas a smaller margin indi-
cates uncertainty and triggers early re-scoring.

Adaptive Expansion Strategy. Based on the
confidence signal defined above, ADAFUSE adap-
tively decides whether to extend generation beyond
the current word or to stop and perform ensemble
re-scoring. For model my, at prefix y, we allow con-
tinued generation only when the margin criterion
exceeds a predefined threshold 7A:

Amk(Y) = TA- ()

When this condition is satisfied, the decoder pro-
ceeds to continue generating the current word using
greedy decoding, treating the current continuation
as a confident span extension. Otherwise, genera-
tion is halted after the current word and candidate
segments are returned for cross-model scoring.

To avoid over-commitment while preserving
step-wise correction, we limit each decoding round
to at most M generated words. In practice, we set
M = 3 in all experiments, which is sufficient to
capture most compact semantic units (e.g., named
entities, short phrases, and collocations), while
preventing error accumulation and delayed cross-
model feedback.

Overall, this adaptive rule maintains the effi-
ciency of greedy decoding while adjusting the de-
gree of commitment based on model confidence,
striking a practical balance between accuracy, flu-
ency, and computational cost.

3.3 Diversity-Aware Ensemble Scaling

Building on the adaptive word-length expansion
strategy, ADAFUSE explores the role of lexical
diversity in word-level ensemble decoding. To bal-
ance diversity and efficiency, we adopt an adaptive

mechanism that expands the candidate space only
when additional exploration is warranted, rather
than enforcing uniform diversification. Since beam
search operates at the token level and prioritizes
high-probability continuations, directly applying it
at the word level often yields redundant candidates
with limited effective diversity. To address this mis-
match, ADAFUSE employs a two-stage word-level
search that separates exploration and exploitation,
enabling controlled diversity while preserving flu-
ency.

Adaptive Trigger. Diversity is introduced only
when the first-token distribution at the current de-
coding prefix y fails to satisfy the confidence crite-
rion in Eq. (1), indicating elevated uncertainty in
initiating a new word. In such cases, ADAFUSE ac-
tivates the two-stage diversity search to enumerate
multiple plausible word-level continuations. When
the criterion is satisfied, decoding proceeds without
diversification, ensuring that diversity is applied
only when beneficial while maintaining computa-
tional efficiency.

Exploration. In the first stage, we select the top-
B distinct initial tokens based on their conditional
likelihood given the current decoding prefix y. We
refer to B as the branching factor, which deter-
mines how many paths are explored per decoding
step to encourage intra-round diversity:

oV, APy = Top-B (v | y)), @

Each z%b) serves as a distinct lexical entry point
for the generation of candidate words.

Exploitation. Each selected initial token 2 s

then greedily extended autoregressively to form a
complete word:

b b b
Zz( ) :argmf}ix pmk(v | y,z§ )’,..,Zi(_)l

i=2,3,...

)’ 3)

Decoding continues until a whitespace char-
acter is produced, at which point we obtain the
complete word sequence candidates: w(® =
(z%b), R z(Lb)), where L denotes the position at
which decoding yields a full word. This two-stage
procedure produces diverse yet fluent candidate

words for subsequent ensemble scoring.
3.4 Cross-Model Scoring and Candidate
Integration

The final step in ADAFUSE is to select the most suit-
able continuation from a pooled set of word-level
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span candidates constructed across models. Within
each decoding round, each model generates a span
candidate by concatenating the words it commits
in that round. We denote the b-th span candidate
as s = (ng), e ,wgb)), where ¢ < M is the
adaptive number of committed words in the round.
When the confidence criterion remains satisfied
throughout the round, the model produces a single
span candidate. Otherwise, diversity-aware ensem-
ble scaling is triggered to enumerate B alternative
span candidates: s . sB),

ADAFUSE forms a candidate pool S by taking
the union of s(®) generated by all participating mod-
els. To compare candidates fairly, we compute the
normalized negative log-likelihood (NLL) of each
word as its average token-level surprise. NLL re-
flects model confidence over each candidate word,
enables fair comparison across variable-length seg-
ments, and supports stable aggregation across mod-
els.

For each model my, we compute the normalized
negative log-likelihood (NLL) of a span candidate
s(®) as the average token-level surprise:

Ty
1 b b
NLLmk(s(b)) — —?b Zlngmk (z,g ) | Y7z(<t)) ,
t=1

4)
where (z§b), e zrf,?b )) denotes the token sequence

obtained by concatenating all tokens in the span
s(® and T}, is the total number of tokens in the
span.

We then average these scores across the ensem-
ble of K models to obtain the fusion score:

K
F(s®)) = % > NLLy, (s®), (5)
k=1

Finally, we select the best candidate by minimiz-
ing the fusion score:

s* = arg min F(s(b)), (6)

s(®)

and append it to the decoding prefix:

y < yls*. (7)

This scoring mechanism enables ADAFUSE to
act as a dynamic feedback system, selecting candi-
dates that are not only contextually appropriate for
the current prefix but also jointly supported across
diverse model predictions. The complete procedure
is outlined in Algorithm 1.

Algorithm 1 ADAFUSE Decoding

Require: Prompt P, models {mk}szl, margin threshold 7a,
max words M, branching factor B

Iy« P > Committed decoding prefix
2: while not Terminate do > until EOS or length limit
3: S+ 0 > Candidate span pool
4 for each model m;, do

5: s 0,c+0

6: while c < M do

7: w < GENWORD(myg, y||s) >§3.1
3: if Am,, (y||s) > 7a then >§3.2
9: s<s|w,cc+1

10: else >§3.3
11: {w®1E |« GENWORD(my, y|s, B)
12: s« s|{w®}E

13: break

14: end if

15: end while

16: S+ SuU{s}

17: end for

18: for each candidate s € S do >§34
19: F(s) ¢ % >0 NLLum,(s)

20: end for

21: s < argminges F'(s)

22: y < yls*
23: end while
24: returny

4 Experiments

In this section, we conduct a series of experiments
to systematically evaluate the effectiveness, and
design decisions of ADAFUSE. Specifically, we
aim to answer the following research questions:

* RQ1: Does ADAFUSE consistently enhance the
performance of base models across a wide range
of tasks?

* RQ2: How does the adaptive word-commitment
mechanism in ADAFUSE affect the effectiveness
of word-level ensemble decoding?

* RQ3: How does incorporating diversity-aware
ensemble scaling in ADAFUSE influence over-
all performance as the number of candidates in-
creases?

* RQ4: How does ADAFUSE balance efficiency
and effectiveness, and what qualitative behaviors
can be observed from example analyses?

4.1 Setup

Models. We conduct our experiments using four
recent and widely adopted open-source chat and
instruction-tuned models:LLaMA-3.1-8B-Instruct
(Grattafiori et al., 2024), Mistral-7B-Instruct-v0.3
(Jiang et al., 2023a), Qwen3-8B (Yang et al.,
2025), and InternLM3-8B-Instruct (Cai et al.,
2024). These models cover diverse, practical size
regimes and represent the latest publicly released
versions available during our experiments.
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Table 1: Evaluation results on six benchmarks for base models and LLM ensemble methods. Baseline ensemble
methods use a fixed LLaMA-3.1-8B-Instruct and Mistral-7B-Instruct-v0.3 pair. ADAFUSE is evaluated with both a
fixed base pair and an oracle top-2 base selection. The overall best result is shown in bold, while the best result
among baseline ensemble methods is underlined. The improvement row reports the relative percentage gains of

ADAFUSE over the best-performing baseline method.

Model NQ SQuAD  TriviaQA GSMSK Flores En—De Flores De—En Avg
Base Models
Mistral-7B-Instruct-v0.3 32.05 83.49 77.27 61.71 29.99 40.64 54.19
LLaMA-3.1-8B-Instruct 34.24 80.13 78.97 81.05 31.33 41.78 57.92
Qwen3-8B 23.85 76.72 64.72 89.99 17.45 36.95 51.61
InternLM3-8B-Instruct 27.15 81.77 65.38 76.72 28.17 37.37 52.76
LLM Ensemble Methods
LLM-BLENDER 36.56 82.13 75.58 62.55 34.45 41.56 54.97
DEEPEN 37.42 71.51 73.85 67.63 37.56 42.33 55.05
SWEETSPAN 37.59 86.58 80.75 63.38 33.74 42.85 59.16
UniTE 38.95 82.17 81.38 64.59 34.98 41.67 57.29
Our Ensemble Method
ADAFUSE (Top-2 Base) 42.85 90.38 82.17 90.25 39.83 45.25 65.12
ADAFUSE (Fixed Base) 42.85 90.15 82.17 79.15 39.83 45.25 63.23
(+10.01%) (+4.12%) (+0.97%) (+17.03%) (+6.04%) (+5.60%) (+6.88%)

Baselines. We compare our method against
four representative ensembling baselines. 1)
LLM-BLENDER (Jiang et al., 2023b) uses a re-
ward model ( PairRanker) and a fusion model
(GenFuser) to rerank and merge responses. 2)
DEEPEN(Huang et al., 2024) projects candidate
outputs into a shared latent space using vocabulary
alignment and relative representation modeling. 3)
SWEETSPAN (Xu et al., 2024) is a span-level en-
semble method that selects from model-generated
span candidates via perplexity-based scoring. 4)
UNITE (Yao et al., 2024) applies a top-k union
filtering strategy for robust vocabulary alignment
and token selection.

Benchmarks. We evaluate six benchmarks
across three task categories. 1) Knowledge-
intensive QA: NaturalQuestions (5-shot)
(Kwiatkowski et al., 2019), a large-scale
open-domain QA dataset built from real Google
search queries; SQuAD (5-shot) (Rajpurkar et al.,
2016), reading-comprehension questions over
Wikipedia passages; and TriviaQA (5-shot) (Joshi
et al., 2017), trivia questions paired with evidence
documents harvested from the web. 2) Arithmetic
Reasoning: GSM8K (4-shot with chain-of-thought
prompting) (Cobbe et al., 2021), grade-school math
word problems requiring multi-step reasoning.
3) Machine Translation: FLores (Goyal et al.,
2022) English(En)—German(De) (0-shot) and
German(De)—English(En) (0-shot), covering
translation quality on both high- and low-resource

language pairs.

Experimental Setup. For the main two-model
ensembling setup, we choose Mistral-7B-Instruct-
v0.3 and LLaMA-3.1-8B-Instruct as our fixed
pair, given their strong, complementary perfor-
mance profiles. We also include Qwen3-8B and
InternLM3-8B-Instruct to test scalability and cross-
architecture robustness. In our experiments, the
confidence threshold is set to 7o = 0.7 (see Ap-
pendix D.2 for hyperparameter analysis). Within
each decoding round, we cap the maximum number
of consecutively committed words at M = 3, and
bound the total context length by a task-dependent
limit of up to 512 tokens. Performance is evaluated
using standard metrics for each task: exact match
accuracy on NQ, SQuAD, and TriviaQA, accuracy
on GSMSK, and spBLEU for machine translation.
Unless otherwise specified, Section 3.3 is disabled
in the main experiments to ensure a fair comparison
under comparable computational budgets, and is
examined separately in the ablation study. We ad-
ditionally examine how ADAFUSE scales with the
number of base models by expanding the ensem-
ble beyond the primary two-model setup; detailed
results are reported in Appendix E.

4.2 Main Results (RQ1)

As shown in Table 1, ADAFUSE achieves an av-
erage score of 63.23 across six benchmarks, out-
performing the strongest prior ensemble method
(SWEETSPAN, 59.16) by 4.07 points (6.88% rela-
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tive improvement).

ADAFUSE delivers particularly strong gains on
knowledge-intensive QA tasks. Compared to the
single model LLaMA-3.1-8B-Instruct, it improves
performance by +8.61 pts on NQ, +10.25 pts on
SQuAD, and +3.20 pts on TriviaQA. It also consis-
tently outperforms all competing ensemble meth-
ods on both translation benchmarks, demonstrating
robust cross-task generalization.

On the arithmetic-reasoning benchmark GSM8K,
ADAFUSE attains an accuracy of 79.15, slightly be-
low LLaMA-3.1-8B-Instruct (81.05). We attribute
this gap to the large performance disparity between
the underlying base models. When ensembling the
two strongest base models on GSM8K, Qwen3-8B
and LLaMA-3.1-8B-Instruct, ADAFUSE achieves
90.25 accuracy, confirming that base-model com-
patibility plays a critical role in ensemble effective-
ness. Notably, ADAFUSE still surpasses all other
baseline ensemble methods on GSM8K by at least
+11.52 pts.

We further analyze performance by fusion gran-
ularity to contextualize these gains. Sample-level
ensembling (LLM-BLENDER) provides only mod-
est improvements (e.g., +2.32 pts on NQ and +3.12
pts on Flores En — De), indicating limited ro-
bustness when candidate quality is uniformly low.
Span-level methods (SWEETSPAN) achieve strong
gains on extractive QA (+6.45 pts on SQuAD), but
yield smaller improvements on open-domain QA
and translation. Token-level approaches (UNTTE)
further improve open-domain QA (up to +4.71 pts
on NQ), yet underperform on translation and in-
cur substantially higher computational overhead.
In contrast, ADAFUSE consistently delivers the
largest gains across tasks (e.g., +8.61 pts on NQ
and +8.50 pts on Flores En — De), striking a fa-
vorable balance between accuracy, robustness, and
efficiency.

4.3 Ablation Study (RQ2)

To assess the importance of adaptive word commit-
ment in ADAFUSE, we conduct an ablation study
in which we replace the adaptive word commitment
with fixed-length word commitment, while keeping
all other components unchanged.

Analysis of Adaptive Word Commitment. We
study the role of adaptive word commitment on the
Natural Questions dataset using ADAFUSE with the
main fixed base-model pair. As shown in Figure 2,
fixed-length decoding with word lengths of 1, 2, or

AdaFuse vs. Fixed Commitment Lengths
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Figure 2: Comparison of Fixed-Length Decoding and
ADAFUSE on Natural Questions Dataset.
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Figure 3: A Qualitative Example from Natural Ques-
tions: Fixed-Length Decoding vs. ADAFUSE

3 consistently underperforms adaptive ADAFUSE.
This is because fixed-length strategies tend to frag-
ment semantically coherent units such as named
entities and collocations, whereas adaptive commit-
ment preserves complete semantic segments when
confidence is high. Specifically, we select an exam-
ple from the Natural Questions dataset and examine
the same input question, as shown in Figure 3. With
fixed-length decoding, the ensemble converges to
an incorrect answer (“Terrence”). In contrast, adap-
tive word commitment allows one model to gen-
erate the correct multi-word entity (“Kelly Reno”)
within a single decoding round, which is then se-
lected by the subsequent cross-model scoring step.

Distribution of Words per Decoding Round.
We further analyze the distribution of the number of
words generated per decoding round across differ-
ent datasets. On Natural Questions, the proportions
of rounds generating 1, 2, and 3 words are [80.29,
15.53, 4.18]%, respectively; on SQuUAD, they are
[57.64,21.27,21.09]%; and on De—En translation,
they shift to [34.02, 19.89, 46.09]%. These results
indicate that ADAFUSE adapts the length of word-
level commitment to the characteristics of different
tasks, rather than relying on a fixed commitment
length.
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Figure 4: Diversity-Aware Ensemble Scaling Analysis

4.4 Scaling Analysis (RQ3)

We further examine the impact of introducing
diversity-aware ensemble scaling into ADAFUSE.
Using two main models, we evaluate how adaptive
branching influences performance across multiple
datasets. As shown in Figure 4 (right), increasing
the branching factor B from 1 to 5 on NQ, Triv-
1aQA, and GSMSK leads to a generally upward
trend in accuracy, suggesting that moderate branch-
ing helps the decoder explore more informative
candidate paths. We then fix B=3 and compare
ADAFUSE with and without diversity-aware en-
semble scaling across datasets. As illustrated in
Figure 4 (left), enabling diversity-aware ensemble
scaling consistently improves performance on five
benchmarks. These results indicate that, despite
additional computational cost, ADAFUSE provides
a reliable accuracy gain by enhancing diversity dur-
ing decoding.

In Appendix F, we compare diversity-aware en-
semble scaling with a beam-search-based scaling
variant that ignores diversity in Figure 7. The latter
leads to a clear performance drop, while our ap-
proach remains stable and effective as the number
of candidates increases.

4.5 Case Study (RQ4)

Runtime Analysis. Figure 5 reports wall-clock
inference time for different ensemble decoding
strategies under a standardized setting (batch size
1, up to 10 new tokens per decoding call) on 4x
NVIDIA A100 80GB GPUs using the main fixed
base-model pair. ADAFUSE achieves runtime per-
formance comparable to UniTE, which relies pri-
marily on lightweight tokenizer-level transforma-
tions and introduces minimal per-step overhead.
At the same time, ADAFUSE is substantially faster
than span-level methods such as SweetSpan, whose
fixed-span generation and scoring incur higher la-
tency, and also outperforms token-level approaches
like DeepEn that suffer from dense vocabulary
alignment and cross-space projection costs. Over-
all, ADAFUSE strikes a favorable balance between

Inference Runtime Comparison on NQ Dataset
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Figure 5: End-to-end runtime comparison of ensem-
ble decoding methods on the Natural Questions (NQ)
dataset under a unified multi-GPU inference setting.

efficiency and quality, delivering improved accu-
racy while maintaining practical inference effi-
ciency. Importantly, the trailing-whitespace bound-
ary detection used in ADAFUSE does not intro-
duce wasted generation at each decoding round: al-
though the decoder generates one additional whites-
pace token to detect the end of the current word,
that whitespace corresponds to the separator that
would appear in the final output anyway. In prac-
tice, we discard it for boundary detection and then
append the whitespace once the word is committed,
so these two operations effectively offset each other
rather than introducing an extra useless token per
round.

Case Analysis. To better characterize the behav-
ior of ADAFUSE in longer-form generation, we
additionally present a concrete generation exam-
ple from the De—En dataset in Example 1. In
this example, each parenthesized span corresponds
to one decoding round. As shown, ADAFUSE
frequently commits semantically cohesive word
groups in longer sequences, reflecting its tendency
to adapt word-level commitment to meaningful lex-
ical units.

Example 1: De—En Translation Instance

Source (De): Singapur ist im Allgemeinen
ein dullerst sicherer Ort, an dem man sich gut
zurechtfindet und nach der Ankunft fast alles
kaufen kann.

Output (En): [Singapore] [is generally a]
[very safe place] [where] [you] [can] [easily
get around] [and buy] [almost everything] [af-
ter arrival].

Note: [ ] denotes a word span generated in
each decoding round.
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Generalization to Harder Reasoning Tasks To
further evaluate whether ADAFUSE generalizes to
more challenging reasoning settings, we conduct
additional experiments on GPQA-Diamond and in-
clude a thinking-style model, Qwen3-4B-Thinking-
2507. Compared with the benchmarks in our main
experiments, this setting involves longer reasoning
chains and more sustained decoding uncertainty.

Table 2: Performance comparison between ADAFUSE
and SweetSpan on the GPQA-Diamond benchmark.

Method Accuracy (%)
LLaMA-3.1-8B 30.30
Qwen3-4B-Thinking 34.34
SweetSpan 32.83
ADAFUSE 35.86

ADAFUSE achieves the best performance, out-
performing both single-model baselines and Sweet-
Span. Notably, the performance gap over Sweet-
Span becomes more pronounced compared to eas-
ier tasks, suggesting that problems with longer and
more complex reasoning benefit more from adap-
tive fusion than fixed-span strategies. These results
indicate that the confidence-guided and adaptive de-
coding mechanism generalizes to harder reasoning
tasks and remains effective when combined with
thinking models.

5 Conclusion

We introduced ADAFUSE, an adaptive ensemble de-
coding framework that enables confidence-guided
fusion of multiple large language models at infer-
ence time. Experiments across open-domain ques-
tion answering, arithmetic reasoning, and machine
translation show that ADAFUSE consistently out-
performs strong ensemble baselines under com-
parable computational budgets. Further analyses
demonstrate the effectiveness of adaptive word
commitment and controlled diversity in improving
robustness and scalability.

More broadly, ADAFUSE highlights the value
of adaptive control for coordinating heterogeneous
models during generation, allowing ensemble be-
havior to respond flexibly to uncertainty across
diverse tasks and evolving generation contexts.

Limitations

Our approach assumes access to token-level likeli-
hoods and tokenizer outputs for cross-model scor-
ing, which may not be available in closed-source or
black-box LLM APIs. As a result, the applicability
of ADAFUSE is currently limited to open or fully

accessible models, and extending the framework
to settings with restricted model interfaces remains
an open direction for future work.
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A Potential Risks

ADAFUSE adopts an adaptive decoding design that
may increase GPU energy consumption, primar-
ily due to a higher number of forward passes dur-
ing inference. Compared to standard decoding,
the framework repeatedly performs forward evalua-
tions to generate candidate word spans and to score
them across models, which increases the cumula-
tive computational workload on the GPU. Nonethe-
less, relative to fixed-length word-level ensembling,
ADAFUSE can reduce the total number of decoding
rounds by committing longer multi-word segments
when confidence is high. As a result, the additional
per-round computation is offset by fewer decoding
rounds and synchronization steps, often leading
to improved end-to-end throughput despite the in-
creased number of forward passes.

B Use Or Create Scientific Artifacts

Our work builds directly on publicly available
benchmarks and contributes novel code artifacts
to the community. Specifically, we use standard
QA and translation datasets (NaturalQuestions,
SQuAD, TriviaQA, GSMS8K, FLORES) for evalua-
tion, without modifying their contents. In addition,
we develop and release the ADAFUSE codebase,
providing in a well-organized repository with clear
module structure.

B.1 Cite Creators Of Artifacts

All externally sourced artifacts are cited to their
original publications and repositories. The Natu-
ralQuestions (Kwiatkowski et al., 2019), SQuAD
(Rajpurkar et al., 2016), and TriviaQA (Joshi et al.,
2017) benchmarks are credited to their respective
authors; the GSM8K dataset is attributed to (Cobbe
et al., 2021); and the FLORES evaluation suite is
acknowledged to its creators,(Goyal et al., 2022).
Each model family used (LLaMA-3.1,
Mistral-7B, Qwen3-8B, InternLM3-8B) is
referenced via its official technical report or
HuggingFace model card, ensuring that credit is
properly given to all upstream contributors.

B.2 Discuss The License For Artifacts

We adhere to the licenses of all artifacts we use
or release. All question-answering and translation
benchmarks are distributed under Creative Com-
mons or public-domain terms as specified by their
maintainers.

Model checkpoints carry their original
open-source licenses (for example, MIT for
Qwen3 and CC-BY-NC for InternLLM3), and our
own code and generated data are released under
the MIT license. License files are included in our
repository and documented in the supplementary
README.

B.3 Artifact Use Consistent With Intended
Use

We confirm that our use of each dataset and
pre-trained model aligns with its intended scope.
All benchmarks are used strictly for inference and
evaluation, consistent with their terms of service,
and no modified model weights are redistributed.
Our released code operates in inference mode only
and does not enable fine-tuning or commercial re-
distribution of the original checkpoints.

B.4 Data Contains Personally Identifying Info
Or Offensive Content

Though benchmarks include public text with per-
sonal names or colloquial language, we:

* Restrict to publicly released benchmark pas-
sages only.

* Apply keyword filtering to remove or mask
offensive content in our analysis summaries.

B.5 Documentation Of Artifacts

All released artifacts are accompanied by clear and
sufficient documentation to support reproducibility
and reuse. The codebase is organized into modular
components, with each module containing inline
comments that describe its functionality and key
parameters.

B.6 Use of AI Assistants

Al assistants (e.g., ChatGPT) were used to sup-
port writing clarity, language refinement, and minor
code-level assistance during the preparation of this
manuscript. All technical contributions, including
method design, experimental setup, implementa-
tion decisions, and result analysis, were conceived
and conducted by the authors. The use of Al as-
sistants did not influence the scientific claims or
empirical conclusions reported in this work.

C Statistics For Data

The following descriptive statistics summarize the
datasets used in this study:
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C.1 Flores (English to German) (Machine
Translation)

* Number of entries: 1012
» Average question length: 130.4 characters
» Average answer length: 152.0 characters

C.2 Flores (German to English) (Machine
Translation)

* Number of entries: 1012
» Average question length: 152.0 characters
* Average answer length: 130.4 characters

C.3 GSMSK (Arithmetic Reasoning)

* Number of entries: 1319
» Average question length: 239.9 characters
* Average answer length: 272.3 characters

C.4 NaturalQuestions (Open-Domain Question
Answering)

* Number of entries: 3610
* Average question length: 47.7 characters
* Average answer length: 24.7 characters

C.5 SQuAD 2500 (Reading Comprehension
QA)

* Number of entries: 2500
» Average question length: 877.5 characters
* Average answer length: 66.1 characters

C.6 Wikipedia Test 6000 (Open-Domain QA)

* Number of entries: 6000
» Average question length: 78.8 characters
* Average answer length: 267.9 characters

D Computational Experiments

All computational experiments described in this
work are fully reproducible and documented in
both the main text and the supplementary materials.

D.1 Model Size And Budget

For each LLM used, we specify its total parame-
ter count and approximate GPU memory footprint:
LLaMA-3.1-8B, Qwen3-8B, and InternLM3-8B
each contain roughly 8 billion parameters and re-
quire about 30GB of GPU memory in 16-bit pre-
cision, while Mistral-7B has 7 billion parameters.
The total compute budget for all experiments is
approximately 500 A100 GPU-hours, as detailed
in Section 4.

D.2 Experimental Setup And
Hyperparameters

We describe every experimental setting in Section 4
and Appendix C. All experiments are conducted
on NVIDIA A100 80 GB GPUs. Key hyperpa-
rameters include a confidence threshold 7o = 0.7,
a maximum of 3 consecutively committed words
per decoding round, and a task-dependent context
length limit of up to 512 tokens.

In addition, we conducted a targeted sensitivity
analysis on the confidence threshold 7a, which gov-
erns the adaptive decision about word-commitment
in ADAFUSE.

Hyperparameter Analysis on NQ Dataset
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Figure 6: Effect of the confidence threshold 74 on ADA-
FUSE performance on the Natural Questions dataset.

As shown in Figure 6, the performance of the
model degrades noticeably when 7 is set to very
small or very large values, indicating an increased
sensitivity under extreme thresholds. In contrast,
accuracy remains relatively stable in a broad region
around 7Ao = 0.7, with only minor fluctuations
across nearby settings. Based on this observation,
we adopt 7A = 0.7 as a unified threshold for all
datasets in our main experiments.

D.3 Descriptive Statistics

For each result table in the main text (Table 1), we
report results from a deterministic decoding setting.

D.4 Parameters For Packages

The software environment used in our experiments
is fully specified in the supplementary materials.
We use PyTorch (v2.4.1, CUDA 12.1) as the core
deep-learning framework. Model loading, infer-
ence, and tokenization are implemented using Hug-
gingFace Transformers (v4.51.3) and Tokenizers
(v0.21.0).

For multi-GPU inference and distributed execu-
tion, we rely on Accelerate (v1.6.0). The data set
handling and evaluation pipelines are implemented
with the HuggingFace Datasets library (v3.0.2).

Regarding evaluation, we report task-specific
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Table 3: Impact of ensemble size on NQ accuracy.

Model & Ensemble Setting NQ Acc.
InternL.M3-8B-Instruct 27.15
LLaMA-3.1-8B-Instruct 34.24
Qwen3-8B 23.85
Mistral-7B-Instruct-v0.3 32.05
ADAFUSE (2 models, B=3) 40.39
+ Mistral-7B-Instruct-v0.3 (3 models) 42.63
+ Qwen3-8B (4 models) 40.55

metrics consistent with prior work: exact match
accuracy for question answering tasks (e.g., Nat-
ural Questions, SQuAD, TriviaQA), answer ac-
curacy for GSMS8K, and BLEU scores for ma-
chine translation benchmarks. In addition, we
use the BERTScore package (v0.3.13) to compute
BERTScore as a semantic similarity metric for gen-
eration quality assessment, where applicable.

E Effect of Ensemble Size

We further examine how ADAFUSE scales with the
number of models in the ensemble on NQ dataset.
Table 3 reports the Natural Questions accuracy ob-
tained by incrementally adding models to the en-
semble, starting from a two-model configuration
and extending to three and four models.

The results show that ADAFUSE achieves a clear
improvement when moving from single-model
baselines to a two-model ensemble. Adding a third
model (Mistral-7B-Instruct-v0.3) further increases
accuracy, indicating that incorporating a strong and
complementary model can provide additional gains.
In contrast, extending the ensemble to four models
by including Qwen3-8B leads to a slight perfor-
mance drop, which can be attributed to the rela-
tively weaker standalone performance of Qwen3-
8B on NQ.

F Diversity-Aware Scaling vs.
Beam-Search Scaling

To further evaluate the effectiveness of diversity-
aware ensemble scaling, we conduct an additional
analysis on the Natural Questions (NQ) dataset us-
ing the same main fixed base-model pair as in the
primary experiments, and compare ADAFUSE with
a beam-search-based scaling variant. Conventional
beam search is formulated at the token level, while
ADAFUSE operates at the word level, where the
number of subword tokens required to complete
a word varies across lexical forms and tokenizers.
This discrepancy prevents a direct alignment be-
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Figure 7: Comparison of Diversity-Aware Ensemble
Scaling and Beam-Search-Based Scaling on the Natural
Questions dataset.

tween beam-search steps and word-level decoding
rounds. To enable a fair comparison, we implement
a token-level beam search that generates a fixed
number of new tokens per decoding round (set to
5 in our experiments), followed by decoding and
truncation to the first complete word. As shown in
Figure 7, this beam-search-based variant exhibits
degraded scaling behavior as the branching factor
increases. We attribute this outcome to the absence
of adaptive word commitment and the lack of an
explicit diversity-aware exploration—exploitation
mechanism, which together result in highly redun-
dant initial word candidates and limited effective
diversity at the word level.
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