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Abstract

LLM Ensemble—which involves the comprehen-
sive use of multiple large language models (LLMs),
each aimed at handling user queries during down-
stream inference, to benefit from their individ-
ual strengths—has gained substantial attention re-
cently. The widespread availability of LLMs,
coupled with their varying strengths and out-of-
the-box usability, has profoundly advanced the
field of LLM Ensemble. This paper presents the
first systematic review of recent developments in
LLM Ensemble. First, we introduce our taxon-
omy of LLM Ensemble and discuss several re-
lated research problems. Then, we provide a
more in-depth classification of the methods un-
der the broad categories of ‘“‘ensemble-before-
inference, ensemble-during-inference, ensemble-
after-inference”, and review relevant methods. Fi-
nally, we introduce related benchmarks and ap-
plications, summarize existing studies, and sug-
gest future research directions. GitHub project
link is:  https://github.com/junchenzhi/Awesome-
LLM-Ensemble.

1 Introduction

In recent years, the landscape of artificial intelligence has
been dramatically reshaped by the development of Large Lan-
guage Models (LLMs), including Gemini [Team et al., 2023],
GPT-4 [Achiam et al., 20231, Llama [Touvron et al., 20231,
and the recently introduced DeepSeek [Liu et al., 2024a]. The
success of these LLMs continues to fuel widespread research
enthusiasm, with a remarkable total of over 182,000 large lan-
guage models now accessible in the Hugging Face library. !
Behind this research enthusiasm, however, we can identify
two main aspects: 1) The performance concerns: The direct

*Corresponding authors.
"https://huggingface.co/models.

out-of-the-box capability of LLMs (from zero-shot inference)
and their indirect out-of-the-box capability (from in-context-
learning few-shot inference) still raise performance worries,
including accuracy, -hallucinations, and misalignment with
human intent, among others; 2) The varying strengths and
weaknesses of LLMs, each with different inference costs:
Due to differences in architecture, size, tokenization, dictio-
nary, training data, methodology, these LLMs exhibit sub-
stantial variability and their responses can differ significantly.
With the above two aspects in mind and drawing on the
spirit of Ensemble Learning [Dong et al., 2020; Zhou, 2021;
Mohammed and Kora, 2023], it is natural to consider that, for
each query, rather than relying on a single LLM based on pub-
lic rankings or other criteria, it might be more advantageous
to simultaneously consider multiple LLM candidates (usable
out-of-the-box) and harness their distinct strengths. This is
exactly what the emerging field of LLM Ensemble explores.

Existing LLM Ensemble methods can be broadly catego-
rized into three types, depending on the sequence of LLM
inference and ensemble: 1) Ensemble-before-inference ap-
proach, utilizes the given query information while consider-
ing the diverse characteristics of all LLM candidates to route
an appropriate model for inference (this approach is similar to
the hard voting strategy in Ensemble Learning); 2) Ensemble-
during-inference approach, aggregates incomplete responses
(e.g., token-level information) from multiple LLMs during
the decoding process and feeds the combined result back into
all the models; 3) Ensemble-after-inference approach, per-
forms the ensemble after full responses (instead of fragments)
have been generated by all models or a subset of them. De-
spite the emergence of numerous methods derived from these
paradigms recently, there is still no formal survey that offers a
comprehensive review of the core ideas and related research.

We present the first comprehensive survey on LLM Ensem-
ble, introducing recent advances and focusing on taxonomy,
related problems, methods, benchmarks, applications, and fu-
ture directions. We hope that this survey will provide a thor-
ough review for researchers and inspire further exploration.


https://github.com/junchenzhi/Awesome-LLM-Ensemble
https://github.com/junchenzhi/Awesome-LLM-Ensemble
https://huggingface.co/models
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Figure 1: Illustration of the LLM Ensemble taxonomy. (Note that for (b) ensemble-during-inference, there is also a (b3) process-level
ensemble approach not depicted in the figure, due to layout considerations and the status that this approach is rarely instantiated.)

2 LLM Ensemble Taxonomy and Related
Problems

2.1 LLM Ensemble Taxonomy

This section formally introduces our LLM Ensemble taxon-
omy, illustrated by the schematic shown in Figure 1 and the
detailed taxonomy in Figure 2. As mentioned in Section 1,
the following three broad categories of LLM Ensemble exist.

(a) Ensemble before inference. In essence, this approach
employs a routing algorithm prior to LLM inference to al-
locate a specific query to the most suitable model, allowing
the selected model that is specialized for the query and typ-
ically more cost-efficient inference to perform the task. As
illustrated in Figure la and Figure 2, existing methods can
be classified into two categories, depending on whether the
router utility is discretized: (al) discrete utility methods and
(a2) continuous utility methods.

(b) Ensemble during inference. As the most granular
form of ensemble among the three broad categories, this type
of approach encompasses: (bl) foken-level ensemble meth-
ods, integrate the token-level outputs of multiple models at
the finest granularity of decoding; (b2) span-level ensemble
methods, perform ensemble at the level of a sequence frag-
ment (e.g., a span of four words); (b3) process-level ensem-
ble methods, select the optimal reasoning process step-by-
step within the reasoning chain for a given complex reasoning
task. Note that for these ensemble-during-inference methods,
the aggregated text segments will be concatenated with the
preceding text and fed back into the models.

(c) Ensemble after inference. These methods can be clas-
sified into two categories: (cl) Non-cascade methods, per-
form ensemble by integrating multiple complete responses
contributed from all LLM candidates; (c2) Cascade meth-
ods, consider both performance and inference costs, progres-
sively performing inference through a chain of LLM candi-

dates ranked primarily by model size to identify the most suit-
able response and terminate the cascade process.

2.2 Related Problems

Here we briefly introduce the closely related problems.

LLM Merging, also known as LLM Fusion [Yang et al.,
2024; Yang et al., 2025; Ruan et al., 2025; Li et al., 2023],
integrates parameters from various LLMs to construct a uni-
versal model without requiring original training data or ex-
tensive computation. It is highly relevant to LLM Ensemble,
as both promote knowledge fusion and transfer.

LLM Collaboration leverages the distinct strengths of
each model to approach tasks with increased flexibility [Du
et al., 2024; Lu et al., 2024a; Chen et al., 2025b; Tran et
al., 2025; Zhang et al., 2025a; Li et al., 2024c; Guo et al.,
2024]. Unlike LLM Ensemble where models are employed
with equal status to directly faced to user queries, the col-
laboration approach assigns distinct roles to each LLM, ex-
changing response information to enhance task resolution.
Furthermore, a closely related line of research to LLM Col-
laboration—which mainly focuses on zero-shot inference—is
Multi-LLM Reinforcement Learning [Sun er al., 2024;
Jin et al., 2025; Li et al., 2026b], which investigates how
multiple agents learn optimal decision-making strategies in
a shared environment.

Weak Supervision [Zhang er al., 2021; Chen et al., 2023b;
Zhang et al., 2022; Ratner er al., 2017], sometimes re-
ferred to as Learning from Crowds [Chen er al., 2020;
Chen et al., 2022; Zhang, 2022], uses weak labels contributed
from multiple weak annotation sources to perform informa-
tion aggregation [Chen et al., 2023a; Zheng et al., 2017] (cor-
responding non-cascade ensemble after inference in LLM
Ensemble) or directly train a classifier [Zhang et al., 20211,
yet most methods focus on classification rather than general
open-ended generation tasks.
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Classification-based methods: [Shnitzer et al., 20231/ [Srivatsa et al., 20241 / SelectLLM [Maurya et al., 20241 /
Routoo [Mohammadshahi et al., 20241 / CSCR [Shirkavand et al., 2026] / RADAR [Fernandez et al., 20251 / FORC [Sakota et al., 2024]

(al) Discrete utility

Comparison-based methods: [Ong et al., 20251 / Hybrid-LLM [Ding et al., 2024al / P2L [Frick et al., 20251 / [Zhang et al., 2025b] /
Meta-Router [Zhang et al., 2025d] / Eagle [Zhao et al., 2024] / Bench-CoE [Wang et al., 2024]

(a) Ensemble-before-
inference (Sec. 3.1)
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Avengers [Zhang et al., 2025¢] / [Li, 2025b] OmniRouter [Mei et al., 20251/ [Wu and Silwal, 20251 / TO-Router [Stripelis e al., 2024] /
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HomoRouter [Mu et al., 2024] / PickLLM [Sikeridis et al., 2024]
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5.
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Aggregation-based fine-tuning methods: Copilot [Zou et al., 2025] / LLMBoost [Chen ef al., 2025d] / UltraFuser [Ding et al., 2024b])

Ensemble
methods

Selection-based methods: CDS [Jin et al., 2024] / Co-Llm [Shen et al., 2024] / CITER [Zheng et al., 2025] / ABE [Wicks et al., 2025])

(b) Ensemble-during-

A based

inference (Sec. 3.2)

hods: Cool-Fusion [Liu et al., 2025] / SweetSpan [Xu ef al., 2025] / SpecFuse [Lv et al., 2024a]j

(b2) Span-level ensemble

Others: CoS [Fu et al., 2025]

(b3) Process-level ensemble)—(LE»MCTS [Park et al., 20251)

Selection-based: Agent-Forest [Li ef al., 2024a] / Smoothie [Guha er al., 2024] / LLM-PeerReview [Chen et al., 2025¢] / MoRE [Si et al., 2023])

(c1) Non-cascade

Selection-then-regeneration: LLM-Blender [Jiang et al., 2023] / LLM-TOPLA [Tekin et al., 2024] / URG [Ly et al., 2024b])

(c) Ensemble-after-
inference (Sec. 3.3)

Unsupervised: EcoAssistant [Zhang et al., 20231/ [Yue et al., 20241 / Model Cascading [ Varshney and Baral, 2022] /
neural caching [Ramirez et al., 2023] / Cascade Routing [Dekoninck e al., 2024]

Supervised: [Jitkrittum et al., 2023] / FrugalGPT [Chen et al., 2025a] / [Gupta et al., 2024] / AutoMix [Aggarwal et al., 2024] / DER [Hu et al., 20243])

Figure 2: Taxonomy of LLM Ensemble methods.

3 Methodology

In this section, following the taxonomy in Section 2.1, we
systematically review the three types of methods—ensemble
before inference, ensemble during inference and ensemble af-
ter inference—in Sections 3.1, 3.2, and 3.3, respectively.

3.1 Ensemble Before Inference

Since these methods route a query to the most suitable LLM
before inference, their core lies in predicting candidate model
utility for a given query under specific preferences (e.g., per-
formance or cost). Based on how utility is formulated, we
divide existing methods into discrete utility methods and con-
tinuous utility methods, as shown in Table 1.

(al) Discrete Utility Methods

Discrete utility methods discretize the model utility into cat-
egorical labels. Depending on whether categories are defined
independently or via pairwise comparisons, they are divided
into classification-based and comparison-based methods.

Classification-based methods. - For this type of method, the
utility of a candidate LLM for a given query is typically
treated as a discrete ‘variable reflecting the quality of the
model’s response. < Typically, the utility is binary: a value of
1 indicates that the model produces a satisfactory response,
whereas O indicates an unsatisfactory one. For example,
in a commonsense question-answering (QA) task, a correct
answer is labeled as 1 and an incorrect answer as O (e.g.,
[Shnitzer et al., 2023]). Under this formulation, the rout-
ing problem naturally becomes a multi-label binary classifica-
tion task, where the router estimates the probability that each
candidate LLM will produce a satisfactory output. Based on
different optimization objectives, one can then design corre-
sponding decision strategies—for instance, when model costs
are known, the router can compute a combined value via a
weighted aggregation of the predicted score and cost [Fer-
nandez et al., 2025], and select the model with the highest

combined value to balance performance and cost. Follow-
ing this line, existing methods extend the classification-based
methods along empirical analysis [Srivatsa et al., 2024], deci-
sion policy [Maurya et al., 2024; Shnitzer et al., 2023; Sakota
et al., 2024], and router architecture [Shirkavand et al., 2026;
Mohammadshahi et al., 2024].

Comparison-based methods. Compared to multi-label bi-
nary classification routing, which requires estimating an ab-
solute (pointwise) utility score for each candidate LLM’s out-
put, comparison-based approaches only need to infer relative
preferences among a pair of model outputs, thereby simplify-
ing the routing objective and reducing supervision difficulty
[Zhang et al., 2025d]. Specifically, a preference datum can
be represented as a tuple (g, My, Ma,y), where g denotes a
given query, M; and M, are two candidate LLMs, and y is
a binary label such that y = 1 indicates that the response
of M is better than that of M5, while y = 0 indicates oth-
erwise (e.g., [Ong ef al., 2025]). In this setting, the router
aims to predict the win rate of Mj, i.e., the probability that
M;’s response is better given the query ¢ and the model
pair (M7, Ms). Following this idea, subsequent methods
extend the comparison-based routing framework along sev-
eral directions, including data construction [Ong et al., 2025;
Zhang et al., 2025b], learning target [Frick er al., 2025;
Chen et al., 2025c; Wang et al., 20241, routing strategy
[Zhang et al., 2025d; Zhao et al., 2024]

(a2) Continuous Utility Methods

Unlike prior discrete-category approaches, continuous-utility
methods model LLM utility as real-valued variables, such
as response length or performance scores. This formula-
tion enables a fine-grained characterization of model behav-
ior, capturing subtle performance differences obscured by
categorical definitions. Moreover, continuous utilities nat-
urally aggregate multiple objectives (e.g., latency and cost)
into a unified scalar, allowing the router to jointly optimize



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Methods Param./Non-param.® Goals Loss functions Tasks™ Generalization'  Code
[Shnitzer e al., 2023] Parametric Performance Binary CE loss OE-G/EM-G X -
[Srivatsa er al., 2024] Parametric Performance Class-balanced CE loss EM-G v [Link]
SelectLLM [Maurya et al., 2024] Parametric Performance and cost Class-balanced CE loss EM-G X -
Routoo [Mohammadshahi er al., 2024] Parametric Performance and cost CE loss EM-G X
CSCR [Shirkavand et al., 2026] Parametric Performance and cost InfoNCE OE-G/EM-G X
RADAR [Fernandez et al., 2025] Parametric Perf., cost and query time Binary CE loss EM-G X
(al) FORC [Sakota et al., 2024] Parametric Performance and cost Avg. of multi-metric integration OE-G/EM-G v [Link]
[Ong et al., 20251 Parametric Performance and cost Binary CE loss OE-G/EM-G v [Link]
Hybrid-LLM [Ding et al., 2024al Parametric Performance and cost Binary CE loss OE-G/EM-G X [Link]
P2L [Frick et al., 2025] Parametric Performance and cost Binary CE loss OE-G/EM-G X [Link]
[Zhang et al., 2025b] Parametric Performance and cost Binary CE loss OE-G/EM-G X =
Meta-Router [Zhang e al., 2025d] Non-parametric Performance and cost - OE-G/EM-G X
Eagle [Zhao et al., 2024] Non-parametric Performance and cost - OE-G/EM-G X =
Bench-CoE [Wang et al., 2024] Parametric Performance CE loss EM-G v [Link]
[Li, 2025a] Parametric Performance and cost MSE loss OE-G/EM-G v -
MetaLLM [Nguyen et al., 2024] Parametric Performance MSE loss EM-G X [Link]
MixLLM [Wang et al., 2025] Parametric Perf., cost and query time Negative Expected Reward OE-G/EM-G X =
IRT-Router [Song et al., 2025] Parametric Perf., cost and query time Binary CE loss OE-G/EM-G X [Link]
Avengers [Zhang et al., 2025¢] Non-parametric Performance Clustering OE-G/EM-G X [Link]
(a2) OmniRouter [Mei et al., 2025] Parametric Performance and cost MSE loss, Binary CE loss EM-G X [Link]
[Li, 2025b] Non-parametric Performance and cost - OE-G/EM-G X =
[Wu and Silwal, 2025] Non-parametric Performance and cost - OE-G/EM-G X [Link]
TO-Router [Stripelis et al., 2024] Parametric Perf., cost and query time KL divergence OE-G/EM-G v -
HomoRouter [Mu et al., 2024] Parametric Performance and cost MSE loss EM-G v
PickLLM [Sikeridis er al., 2024] Parametric Perf., cost and query time Negative Expected Reward OE-G/EM-G v

! &: “Param./Non-param.®” indicates whether the router have learnable parameters.

2 *: OE-G denotes Open-Ended Generation; EM-G denotes Exact-Match Generation, characterized by objectively verifiable answers (e.g., mathematical solutions).

3 +: It denotes whether the router can generalize to new domains.

Table 1: Summary of ensemble-before-inference methods.

these objectives and learn more flexible policies. The most
straightforward continuous-utility approach formulates rout-
ing as a utility prediction problem, where the router is of-
ten trained to predict the utility of each candidate model us-
ing regression-based losses [Song er al., 2025; Zhang et al.,
2025¢; Mei et al., 2025; Li, 2025b; Wu and Silwal, 2025;
Mu er al., 2024]. For example, OmniRouter [Mei er al.,
2025] trains two MLP predictors to estimate performance
and cost, respectively, and then considers batch query rout-
ing as a cost-constrained performance optimization problem,
thereby achieving a trade-off between performance and cost.
Beyond such explicit utility modeling, other methods instead
directly learn a routing policy that outputs selection proba-
bilities over candidate LLMs, treating utility as a feedback
signal to optimize the policy [Nguyen er al., 2024; Li, 2025a;
Lu et al., 2024b; Stripelis et al., 2024; Sikeridis et al., 2024].
For example, Li et al. [2025a] define the reward as a weighted
sum of cost and performance, and adopt amulti-objective pol-
icy gradient algorithm to learn the selection policy.

3.2 Ensemble During Inference

We present a comprehensive review of foken-level, span-
level, and process-level ensemble methods in the following
subsections and offer a summary analysis in Table 2.

(b1) Token-Level Ensemble

For these methods, at each decoding time-step, 1) aggrega-
tion approach produces the final token distribution for gener-
ation by (weighted) averaging probability distributions from
multiple LLMs, whereas 2) selection approach opts to di-
rectly adopt the output token from a selected single model.

Aggregation-based normal methods. When attempting
token-level aggregation, vocabulary discrepancies across dif-
ferent LLMs, which produce varying embedding lengths, im-
pede the fusion and averaging of multiple probability distri-
butions, creating a substantial obstacle. Thus, several meth-
ods focus on addressing the vocabulary alignment issue. (i)

GaC [Yu er al., 2024] is the most straightforward method,
which constructs a “union dictionary” by combining the vo-
cabularies of multiple models to include all tokens, and sub-
sequently projects the distribution information onto this new
merged dictionary for averaging aggregation; (ii) Further,
DeePEn [Huang et al., 2024] and EVA [Xu et al., 2024]
project the output distributions of multiple models into a
shared relative/pivot space, followed by either an averag-
ing aggregation [Huang er al., 2024] or a weighted aggre-
gation [Huang et al., 2024; Xu et al., 2024] to derive a final
distribution. 2 Furthermore, there are additional advanced
aggregation-based token-level ensemble methods. Specifi-
cally, (i) Yao et al. [2024] propose UniTe, which focuses
solely on the TOP-K portion of each model’s output distri-
bution for performing averaging aggregation, reducing com-
putational overhead; (ii) Mavromatis et al. [2024] present a
weighted averaging approach, where the weights were deter-
mined by the perplexity of each model at each time step, in-
dicating whether the current input aligns with its expertise.

Aggregation-based specific-goal methods. Unlike the
aggregation-based normal methods introduced above, which
are primarily intended to improve task performance in general
scenarios, there are other methods that have their own specific
goals. These methods aim to mitigate the prominent weak-
nesses of a single large LLM [Li et al., 2024b] or achieve a
balanced effects (including decoding-time realignment [Liu
et al., 2024b] and multi-objective decoding [Shi et al., 2024])
by weighted averaging the token-level outputs from multi-
ple LLMs with different characteristics. Among them, Li et
al. [2024b] reduce negative issues during the deployment
of LLMs, such as copyright infringement and data poisoning,
by integrating the token-level outputs of a benign small model
with a large model using weighted averaging aggregation.

*Beyond the aforementioned research focusing on vocabulary
alignment, all other token-level aggregation-based ensemble meth-
ods either employ existing alignment techniques or assume that the
LLMs under consideration share a common vocabulary.


https://github.com/kvadityasrivatsa/llm-routing
https://github.com/epfl-dlab/forc
https://github.com/lm-sys/RouteLLM
https://github.com/m365-core/hybrid_llm_routing
https://github.com/lmarena/p2l
https://github.com/ZhangXJ199/Bench-CoE
https://github.com/mail-research/MetaLLM-wrapper/
https://github.com/Mercidaiha/IRT-Router
https://github.com/ZhangYiqun018/Avengers
https://github.com/agiresearch/OmniRouter
https://github.com/fzwark/PORT

PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Methods Granularities Main Strategies Unsup. # Models’ Other Traits® Efficiency-Aware Tasks" Code
GaC [Yu et al., 2024] Token Averaging agg.,Vocabulary align. v >2 Union dictionary X OE-G/EM-G  [Link]
DeePEn [Huang et al., 2024] Token Aggregation, Vocabulary align. v >2 Relative representation X OE-G/EM-G  [Link]
EVA [Xu et al., 20241 Token Averaging agg.,Vocabulary align. v >2 Relative representation X OE-G/EM-G  [Link]|
UniTe [Yao et al., 2024] Token Averaging agg.,TOP-K union v >2 Union dictionary v OE-G/EM-G -
PackLLM [Mavromatis et al., 2024] Token ‘Weighted avg. agg.,Perplexity v >2 Greedy optimization X OE-G/EM-G  [Link]|
[Li et al., 2024b] Token Weighted-averaging agg. v =2 Reduce negative issues X EM-G -
DeRa [Liu et al., 2024b] Token Weighted-averaging agg. v =7 Decoding-time realignment X OE-G/EM-G  [Link]

(bl) MOD [Shi et al., 2024] Token Weighted-averaging agg. v >2 Multi-objective decoding X OE-G/EM-G  [Link]|
Copilot [Zou et al., 2025] Token ‘Weighted avg. agg.,Boosting X =2 Token-level boosting,SFT X OE-G/EM-G  [Link]
LLMBoost [Chen et al., 2025d] Token Weighted avg. agg.,Boosting X >2 Token-level boosting,SFT X OE-G/EM-G
UltraFuser [Ding et al., 2024b] Token Weighted avg. agg.,Gating X >2 Gating mechanism,SFT X OE-G/EM-G
CDS [Jin ez al., 2024] Token Token-Level routing (selection) X =2 Critical token classifier X EM-G
Co-Llm [Shen et al., 2024] Token Token-Level routing (selection) X E Classifer,P,GM X OE-G/EM-G [Link]
CITER [Zheng et al., 2025] Token Token-Level routing (selection) X =2 Reinforcement learning v EM-G [Link]
ABE [Wicks ez al., 2025] Token Token-Level routing (selection) v =2 Agreement-based ensembling X OE-G/EM-G  [Link]
Cool-Fusion [Liu ez al., 2025] Span Generation-assessment-selection v >2 Perplexity, common words X OE-G/EM-G

®2) SweetSpan [Xu et al., 2025] Span Generation-assessment-selection v >2 Perplexity, fixed-length X OE-G/EM-G
SpecFuse [Lv et al., 2024a] Span Generation-assessment-selection v >2 Perplexity, fixed-length v OE-G/EM-G -
CoS [Fu et al., 2025] Span Collaborative decoding v >2 Speculation decoding 4 OE-G/EM-G  [Link]

(b3) LE-MCTS [Park et al., 2025] Process Reasoning process selection X >2 Monte Carlo Tree Search X OE-G/EM-G

! +: It denotes to the number of models that can be used in the ensemble.

2 §: “Other Traits®” denotes unique and relatively important capabilities, modules or characteristics that are noteworthy.
3 *. OE-G denotes Open-Ended Generation; EM-G denotes Exact-Match Generation, characterized by objectively verifiable answers (e.g., mathematical solutions).

Table 2: Summary of ensemble-during-inference methods.

Aggregation-based fine-tuning methods. Additionally,
there are methods such as Copilot [Zou et al., 2025], LLM-
Boost [Chen et al., 2025d] and UltraFuser [Ding er al.,
2024b], which consider task-downstream supervised fine tun-
ing. These methods use labeled data to fine-tune mul-
tiple pre-trained LLMs based on the Ensemble Learning
paradigm [Zhou, 2021], i.e., boosting [Zou et al., 2025;
Chen et al., 2025d] and MOE (Mixture-of-Experts) [Ding et
al., 2024b]. Finally, they perform token-level weighted aver-
aging ensemble during the inference phase.

Selection-based methods. These methods directly choose
a token from a specific model’s output. (7) Jin et al. [Jin e al.,
2024] propose CDS, which trains a binary classifier based on
the preceding context. This classifier determines whether to
invoke an unaligned model (to leverage its factual knowledge)
or an aligned model (to utilize its instruction-following and
safety capabilities) at each decoding step; (if) Similar to CDS,
Co-Llm [Shen et al., 2024] employs a routing classifier to
switch between a general-purpose model and a specialized
model for optimal output; (i) Similarly, Zheng et al. [2025]
introduce CITER, which uses reinforcement learning to train
a policy function; (iv) Wicks et al. [Wicks et al., 2025] use
an approach they termed “agreement-based ensembling” to
select the intersection of various token information.

(b2) Span-Level Ensemble

(i) These methods mostly adhere to a “generation-
assessment-selection” pipeline. These methods first employ
multiple LLMs to generate word-containing fragments, then
utilize the concept of perplexity, to make each model score all
generated model responses, ultimately selecting the fragment
with the highest cumulative score. The key distinction lies
in that Cool-Fusion [Liu et al., 2025] have each source LLM
individually generate text segments until the word boundary
of each segment is common to all LLMs, whereas Sweet-
Span [Xu e al., 2025] and SpecFuse [Lv et al., 2024a] adopt
a straightforward approach by setting the span as a fragment
with a fixed word count; (if) Further, Fu et al. [2025] incor-
porate speculative decoding, a well-known acceleration tech-
nique, into the ensemble process to achieve faster inference.

(b3) Process-Level Ensemble

Confronted with complex step-by-step reasoning tasks, Park
et al. [2025] use a trained Monte Carlo Tree Search strategy
at each reasoning step to select the output with the highest
reward value from multiple model reasoning outputs.

3.3 Ensemble After Inference

We review the non-cascade and cascade methods in the fol-
lowing, and provide a summary analysis in Table 3.

(el) Non-Cascade

As shown in Figure 2 and Table 3, these methods include:
1) selection-based, which is dedicated to selecting a sin-
gle response from multiple candidates; 2) selection-then-
regeneration, which involves initially selecting a subset of
candidates and subsequently feeding this refined subset into a
generative model for regeneration to obtain the final output.

Selection-based methods. First, as unsupervised methods,
1) Agent-Forest [Li et al., 2024a] and Smoothie [Guha et
al., 2024] leverage the similarity between model responses
for selection, adhering to a majority voting (MV) principle:
selecting the response most similar to others. Specifically,
(i) Li et al. [2024a] obtain multiple responses by repeatedly
querying a single model (equivalent to using multiple ho-
mogeneous models) and employ the MV ensemble, discov-
ering a scaling property when ensembling more responses;
they use BLEU scores and occurrence frequencies to quan-
tify similarities for open-ended and exact-match generative
tasks, respectively; (i) Guha et al.  [2024] input multi-
ple <query, response> pairs into SentenceBERT, leveraging
the Euclidean distance between the resulting low-dimensional
encoded vectors as a measure of similarity; 2) Unlike these
similarity-based MV ensemble methods, Chen et al. [2025¢]
propose LLM-PeerReview, an academic peer-review-inspired
framework that leverages LLM-as-a-Judge to score response
quality, selecting the one with the highest aggregated score.
Further, as a supervised method, MoRE [Si et al., 2023]
utilizes some training data to train a random forest classifier
for selecting among multiple responses, using the response
similarity among LLMs as one of the constructed features.
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Methods Un-/Supervised

Main Strategies

# Models

Other Traits®

Efficiency-aware

Tasks”

Code

Agent-Forest [Li er al., 2024a] Unsupervised Similarity-based selection >2 Scaling property X OE-G/EM-G [Link]

Smoothie [Guha et al., 2024] Unsupervised ~ Similarity-based selection >2 Graphical model X OE-G/EM-G [Link]

LLM-PeerReview [Chen ez al., 2025¢] Unsupervised PeerReview framework >2 Probabilistic Graphical Model X OE-G/EM-G [Link]
(c1) MOoRE [Si et al., 2023] Supervised Supervised Sim.-based sel. >2 Feature engineering X EM-G [Link]

LLM-Blender [Jiang et al., 2023] Supervised Selection-then-regeneration >2 Pairwise ranking X OE-G/EM-G [Link]

LLM-TOPLA [Tekin et al., 2024] Supervised Selection-then-regeneration >2 Maximising diversity X OE-G/EM-G [Link]

URG [Lv et al., 2024b] Supervised Selection-then-regeneration >2 Unified processes v OE-G/EM-G -

EcoAssistant [Zhang et al., 2023] Unsupervised User judgment >2 Prompt engineering v OE-G (code generation)  [Link]

[Yue et al., 2024] Unsupervised Answer consistency >of Sampling and checking v EM-G [Link]

Model Cascading [Varshney and Baral, 2022] ~ Unsupervised Class uncertainty >2 Cascade-pioneer v EM-G

neural caching [Ramirez et al., 2023] Unsupervised Class unc./Ans. cons. =2 Distillation v EM-G [Link]
() Cascade Routing [Dekoninck et al., 2024] Unsupervised Class uncertainty >2 Routing-equipped v EM-G [Link]

[Jitkrittum er al., 2023] Supervised (Upgraded) Class unc. >of Post-hoc deferral v EM-G -

FrugalGPT [Chen et al., 2025a] Supervised Score function >2 Prompt engineering, etc. v EM-G

[Gupta et al., 2024] Supervised Score function =2 Quantile features 4 OE-G/EM-G

AutoMix [Aggarwal et al., 2024] Supervised MDP >2 Routing-equipped, etc. v EM-G

DER [Hu et al., 2024al Supervised MDP,Ans. Cons. >2 Routing-equipped v EM-G

§: “Other Traits’” denotes unique and relatively important capabilities, modules or characteristics that are noteworthy.
OE-G denotes Open-Ended Generation; EM-G denotes Exact-Match Generation, characterized by objectively verifiable answers (e.g., mathematical solutions).
: “> 27 denotes that the study considers a 2-models cascade scenario in its methodology introduction/derivation, but it can be easily adapted to K-models cascade scenarios.

Table 3: Summary of ensemble-after-inference methods.

Selection-then-regeneration methods. These methods
stem from the pioneering work LLM-Blender, introduced
by Jiang et al. [2023]. (i) LLM-Blender uses some training
data to train the “PairRanker” selection module in the first
phase, serving to select a subset from multiple responses,
and to train the “GenFuser” generator in the subsequent
phase for synthesizing the final response; (if) Further, the
improvement made by LLM-TOPLA [Tekin et al., 2024]
mainly lies in optimizing the selection process in the first step
by “maximizing the diversity among multiple response can-
didates™; (iii) URG [Lv et al., 2024b] proposes an end-to-end
framework that integrates selection and regeneration.

(c2) Cascade

Methodologically, all cascade methods revolve around the de-
ferral ruleldecision maker: determining whether to adopt the
output of the current model at hand or to invoke a subsequent,
more powerful model.

Unsupervised methods. As shown in Table 3, these meth-
ods can be further categorized into three types according to
the pivotal “main strategy”™: user judgment [Zhang et al.,
20231, answer consistency [Yue et al., 2024; Ramirez et
al., 2023], and class uncertainty [Varshney and Baral, 2022;
Ramirez et al., 2023; Dekoninck et al.; 2024].

As one most straightforward method, Zhang et al. [2023]
propose a cascade method, EcoAssistant, that utilizes user
judgment rather than machine algorithms to determine
whether the cascading inference should be terminated. Fur-
ther, Yue et al. [2024] introduce a method based on answer
consistency—more precisely, on the observation of whether
the inference results generated from multiple identical/di-
verse prompts exhibit sufficient uniformity—to solve the cas-
cade problem for in-context-learning reasoning tasks.

Last but certainly not least, a critically important cate-
gory of approaches is grounded in class uncertainty an
approach that also manifests in the following “supervised
methods”. Class uncertainty, also known as confidence, can
be implemented through various variants, including Maxi-
mum Softmax Probability [Varshney and Baral, 2022], Dis-
tance To Uniform Distribution [Varshney and Baral, 2022],
Margin Sampling [Ramirez et al., 20231, and Prediction En-
tropy [Ramirez et al., 2023]. However, at its core, it evaluates

whether the probability of the dominant class inferred by the
current model exceeds a sufficient threshold. When this prob-
ability is sufficiently high—signifying adequate confidence—
the cascading process is concluded; otherwise, it proceeds.

Supervised methods.  Unlike the aforementioned unsuper-
vised cascade methods, supervised cascade methods use
some training data to train cascade-related modules, includ-
ing post-hoc deferral based on upgraded class-uncertainty
strategy [Jitkrittum et al., 20231, scoring functions [Chen et
al., 2025a; Gupta et al., 2024], and Markov Decision Pro-
cesses (MDPs) [Aggarwal et al., 2024; Hu et al., 2024al.
Specifically, (i) Jitkrittum et al. [2023] use the training data to
learn a cascade method called post-hoc deferral; and the core
idea is that, in contrast to aforementioned class-uncertainty
cascade methods which solely focus on the class uncertainty
of the current model’s output, it also takes into account the es-
timated uncertainty of the next, stronger model’s output; (ii)
Further, Chen et al. [2025a] and Gupta et al. [2024] use the
training data to learn a scoring function that produces a con-
fidence score regarding the current model’s output, enabling
cascading judgments; (iii) Both Aggarwal et al. [2024] and
Hu et al. [2024a] adopt theidea of “introducing routing in the
cascading process” and train an MDP for decision-making.

4 Benchmarks and Applications

Here we briefly discuss popular benchmarks and applica-
tions in LLM Ensemble. First, there are two types of
benchmarks specifically tailored for LLM Ensemble evalu-
ation. 1) Benchmark MIXINSTRUCT proposed by Jiang et al.
[2023], which serves to assess the performance of ensemble-
after-inference methods; 2) In contrast, most later bench-
marks target ensemble-before-inference, i.e., LLM routing:
RouterEval [Huang er al., 2025] is mainly performance-
oriented, RouterBench [Hu ef al, 2024b], FusionFac-
tory [Feng et al., 2025], RouterArena [Lu et al., 2025] and
LLMRouterBench [Li et al., 2026a] further evaluate perfor-
mance—cost. In terms of applications, Lee et al. [2023] lever-
age the ROUGE-L metric and employed a similarity-based
selection strategy for ensemble to produce Instruction-Tuning
data; additionally, several studies focus on tabular data impu-
tation [He et al., 2025], tool routing for RAG systems [Mu et
al., 2024], and so on.
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Approaches

Ensemble Strategies

Ensemble Granularities Ensemble Goals

(al) Discrete utility methods

() Ensemble before inference (a2) Continuous utility methods

Selection
Selection

Response-level &
Response-level &

Performance (and cost)
Performance and cost

(b1) Token-level ensemble Aggregation, Selection Token-level & & & Performance®
(b) Ensemble during inference  (b2) Span-level ensemble Selection Span-level & & Performance
(b3) Process-level ensemble Selection Process-level & & Performance
(c1) Non cascade Selection, Regeneration Response-level & Performance

(c) Ensemble after inference (c2) Cascade

Selection Response-level & Performance and cost

! &: It represents the level of granularity, and a higher quantity indicates finer ensemble granularity.
2 8: As a specific example, Li et al. [2024b] primarily aim to minimize the negative issues of large models during deployment.

Table 4: Summary analysis of the key attributes of LLM Ensemble approaches.

5 Discussion

5.1 Summarization

Here we provide a summary analysis of all LLM Ensemble
approaches, as illustrated in Table 4, considering the most
critical methodological attributes: ensemble strategy, gran-
ularity and ensemble goal. From the perspective of ensem-
ble strategy, aggregation methods (involving the average or
weighted ensemble of all model outputs) are more sophisti-
cated compared to selection-based methods, which select a
single output (equivalent to a hard voting process). However,
regeneration-based methods are burdened by the additional
need for large model-specific training data preparation and
model training. From the perspective of ensemble granularity,
it is apparent that response-level ensemble methods are rela-
tively coarse-grained; while methods with finer granularity,
particularly token-level ensemble methods, can more effec-
tively harness the distribution information from each model
during the decoding phase. Further, from the perspective
of ensemble goals, (b) ensemble-during-inference methods
and (c1) non-cascaded-based methods, unconstrained by cost
considerations, can employ more flexible ensemble strate-
gies beyond selection and utilize finer-grained ensemble ap-
proaches, yielding greater performance potential.

5.2 Existing Limitations and Future Directions

Summary on Future Directions

¢ 1) Label-efficient un-/weakly-supervised model profil-
ing for ensemble-before-inference methods.

« 2) Efficient adaptation under evolving model distribu-
tions for ensemble-before-inference.

* 3) Principled span-level ensemble-during-inference
approach.

* 4) Sophisticated unsupervised cascade ensemble-
after-inference approach for open-ended generation.

* 5) Enable active exploration by multiple LLM agents
during reasoning, beyond fixed ensemble methods.

Direction 1. Existing ensemble-before-inference methods
typically require costly supervised data to estimate domain
competence. However, a model’s internal states often inher-
ently encode signals about its reliability. A promising di-
rection is developing un-/weakly-supervised profiling strate-
gies that infer model strengths directly from intrinsic signals

(e.g., prediction uncertainty, self-consistency, or internal rep-
resentations), enabling low-cost profiling without extensive
domain-specific annotations.

Direction 2. Existing ensemble-before-inference methods
are typically evaluated in closed and static settings with a
fixed model pool. However; real-world deployments are dy-
namic: the set of available models and their capabilities con-
tinuously evolve, leading to shifts in the candidate model dis-
tribution. This calls for routing strategies that can rapidly
and data-efficiently adapt to evolving model distributions,
enabling low-cost few-shot recalibration when models are
added, removed, or updated.

Direction 3. Span-level ensemble-during-inference meth-
ods already offer sufficient granularity and show higher
performance potential compared to response-level methods.
However, current segment segmentation techniques are still
overly simplistic (e.g., rigidly defining segment lengths as
a4-word sequence). Shifting to a more principled segment
segmentation approach could provide richer, more valuable
information for the subsequent autoregressive ensemble.

Direction 4. Compared to ensemble-before-inference, cas-
cade methods can address cost constraints while utilizing in-
termediate responses. However, they often lack generaliz-
ability, struggling with open-ended tasks or relying on super-
vised data. Thus, developing general unsupervised cascades
is highly significant.

Direction 5. Current ensemble approaches lack sufficient
intrinsic agent exploration [Ban et al., 2026] and cross-
paradigm integration; future work should allow multi-agent
iterative reasoning to dynamically select sub-models and en-
semble strategies per task.

6 Conclusion

LLM Ensemble stands as a direct manifestation of ensem-
ble learning in the era of large language models. The acces-
sibility, diversity, and out-of-the-box usability of large lan-
guage models have made the spirit of ensemble learning shine
even brighter, fueled by the rapidly developing LLM Ensem-
ble studies. This paper provides a comprehensive taxonomy
and a review of the methods in the field of LLM Ensemble,
introduces relevant applications and benchmarks, conducts a
summative analysis of these methods, and proposes several
potential research directions. We hope that this review will
offer valuable insights to researchers and inspire further ad-
vancements in LLM Ensemble and related research areas.
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