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Abstract

Mixture-of-Agents (MoA) improves LLM per-
formance through layered collaboration, but its
dense topology raises costs and latency. Ex-
isting methods employ LLM judges to filter
responses, yet still require all models to per-
form inference before judging, failing to cut
costs effectively. They also lack model se-
lection criteria and struggle with large model
pools, where full inference is costly and can
exceed context limits. To address this, we
propose RouteMoA, an efficient mixture-of-
agents framework with dynamic routing. It
employs a lightweight scorer to perform initial
screening by predicting coarse-grained perfor-
mance from the query, narrowing candidates
to a high-potential subset without inference.
A mixture of judges then refines these scores
through lightweight self- and cross-assessment
based on existing model outputs, providing pos-
terior correction without additional inference.
Finally, a model ranking mechanism selects
models by balancing performance, cost, and
latency. RouteMoA outperforms MoA across
varying tasks and model pool sizes, reducing
cost by 89.8% and latency by 63.6% in the
large-scale model pool. Code is available at
https://github.com/Jize-W/RouteMoA.

1 Introduction

Large Language Models (LLMs) (Ouyang et al.,
2022; Zhao et al., 2023) demonstrate strong
capabilities across diverse tasks (Zhang et al.,
2025; Wang et al., 2023, 2024a). While general-
purpose models (e.g., Llama-3.1 (Grattafiori et al.,
2024), Qwen2.5 (Yang et al., 2024a)) show broad
competence, specialized variants (e.g., Qwen2.5-
Math (Yang et al., 2024b), Qwen2.5-Coder (Hui
et al., 2024)) excel in specific domains. This di-
versity in expertise makes the effective integration
of multiple LLMs a promising direction to achieve
performance beyond individual models.

*Corresponding Authors.
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Figure 1: Significant variations in model capabilities.
Values are normalized to [0,1]. Models exhibit clear spe-
cialization: Qwen2.5-Coder leads in coding but lags in
biomedical tasks; Qwen2.5-Math excels in mathematics
but struggles elsewhere; Bio-Medical-Llama dominates
in biomedical knowledge but performs poorly in math
and coding; Gemma stands out in reasoning and reading.
These distinct profiles make it feasible to predict model
performance only based on specific user queries.

Among various LLM-based multi-agent collabo-
ration strategies, Mixture-of-Agents (MoA) (Wang
et al., 2024b) is a typical and effective approach. As
shown in Figure 2(a), this method enables multiple
LLMs to refer to each other’s responses, engag-
ing in iterative rounds (i.e., layers in Figure 2) of
replies and summaries to achieve results superior
to those of a single model.

Despite the advantages, MoA-based methods
are highly resource-intensive. As shown in Fig-
ure 2(a), classical MoA (Wang et al., 2024b) re-
quires forwarding multiple LLMs per layer and
concatenating all outputs as the input to the next,
leading to high cost and latency. Sparse MoA (Li
et al., 2024) (Fig. 2(b)) introduces a judge to filter
responses, yet still invokes all LLMs plus an ad-
ditional judge model, further increasing overhead.
These approaches also lack principled model se-
lection and do not scale to large pools (e.g., >10
models), as full inference becomes prohibitively
costly and often exceeds context limits.

To address the efficiency challenge, we pro-
pose RouteMoA, a dynamically-routed mixture-of-
agents framework. Our approach is motivated by
the complementary capabilities of LLMs (Figure 1):
for example, Qwen2.5-Math excels in mathemat-
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Figure 2: Concept comparison between our RouteMoA and previous MoA-based methods. (a) Classical
MoA (Wang et al., 2024b) forwards all LLMs in each layer, and concatenates all outputs as the input of the next
layer. (b) Sparse MoA (Li et al., 2024) introduces an LLM-based judge to select some good responses as the
input of the next layer. This reduces the number of input tokens, but still needs to forward all LLMs and another
LLM-based judge. (c) RouteMoA uses a lightweight router to select parts of LLMs for inference, significantly
reducing computational cost.

ics but underperforms in reasoning and biomedi-
cal tasks. Such specialization makes it feasible to
predict model performance from the query, thus
narrowing the initial pool to a few high-potential
candidates and reducing cost.

Specifically, RouteMoA leverages a lightweight
scorer that performs initial screening. Using only
prior knowledge from the query, it estimates model
suitability without executing inference. It assigns
coarse-grained scores to identify promising candi-
dates, enabling activation of only a subset of mod-
els and significantly lowering inference overhead.

To correct potential scoring errors, we introduce
a mixture of judges to combine the scorer with
self- and cross-assessment. These judges oper-
ate post-hoc, leveraging posterior knowledge from
previously-generated responses without requiring
additional inference. This design enhances assess-
ment reliability at no extra cost, ensuring robust
model selection throughout the routing process. Fi-
nally, a model ranking mechanism selects models
by balancing performance, cost, and latency.

In summary, our contributions are as follows:
• We propose RouteMoA, a dynamically-routed

MoA framework that significantly cuts cost and
latency while maintaining strong performance.

• We design a lightweight scorer for initial model
screening based on query-aware prior knowl-
edge, narrowing the candidate pool to a few
high-potential models without pre-inference.

• We introduce a mixture of judges that refines
model scores through self- and cross-assessment,
leveraging posterior knowledge from model out-
puts to correct prediction errors without intro-
ducing additional inference overhead.

• Extensive experiments on both small- and large-

scale model pools, along with out-of-distribution
tasks, show RouteMoA matches or surpasses
strong baselines in accuracy while greatly boost-
ing efficiency and scalability.

2 Related Work

General and task-specific LLMs. Large Lan-
guage Models (LLMs) have shown strong per-
formance in text understanding and genera-
tion (Achiam et al., 2023; Cai et al., 2024;
Grattafiori et al., 2024; Yang et al., 2024a). They
can be categorized into general-purpose mod-
els—such as Llama-3.1 (AI, 2025), Qwen2.5 (Yang
et al., 2024a), Mistral (Jiang et al., 2023), and
Gemma (Team et al., 2023)—and domain-specific
fine-tuned variants like Qwen2.5-Math (Yang et al.,
2024b), Qwen2.5-Coder (Hui et al., 2024), and
Bio-Medical-Llama (ContactDoctor, 2024). While
specialized models excel in their domains, they
often underperform elsewhere. For instance,
Bio-Medical-Llama achieves 87.0 on the MMLU
biomedical subset, outperforming Qwen2.5-Math
by 43.5 points, yet scores only 11.7 on MATH.
Since developing a universally capable model is
costly, integrating multiple models’ strengths of-
fers a more viable path.
LLM-based multi-agent collaboration. Multi-
agent frameworks provide effective ways to lever-
age diverse model capabilities. Majority vot-
ing (Chen et al., 2024a) selects the most frequent
answer from multiple models as the final output.
LLM cascading (Yue et al., 2024) sequentially
invokes models until a response meets a quality
threshold. Multi-agent debate (Liang et al., 2024)
enhances accuracy through iterative discussion.
Mixture-of-Agents (MoA) (Wang et al., 2024b)
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Figure 3: RouteMoA architecture. The framework operates layer-wise (left). At each layer l, the router selects a
subset of suitable LLMs, whose outputs are aggregated and passed to the next layer. The router (right) consists
of two stages: b.1 Mixture of Judges, which includes a scorer (trained as in a. Scorer Training), self-assessment,
and cross-assessment. The scorer predicts candidate performance in layer-1 using prior knowledge from the query;
subsequent layers refine scores via self- and cross-assessment using posterior knowledge from model outputs. b.2
Model Ranking selects LLMs by balancing performance, cost, and latency.

refines answers via multi-round parallel reason-
ing but incurs high computational cost. Sparse
MoA (Li et al., 2024) introduces a judge to filter
responses, saving input tokens but still requiring in-
ference from all models. In contrast, our approach
adopts a lightweight router that selects suitable
models dynamically for each layer without pre-
inference, significantly cutting cost and latency.
LLM routing. LLM routing (Ding et al., 2024;
Stripelis et al., 2024) selects the best-performing
model per query without invoking all candidates.
Meta-models are trained to predict model perfor-
mance based on input, improving cost efficiency.
Benchmarks such as RouterBench (Hu et al., 2024)
and RouterEval (Huang et al., 2025) assess routing
effectiveness. ZOOTER (Lu et al., 2023) distills re-
ward signals into an SLM router via KL-divergence,
while RouterDC (Chen et al., 2024b) uses dual con-
trastive loss for better accuracy. Eagle adopts a
training-free approach using similarity-based re-
trieval. RouteLLM (Ong et al., 2024) focuses on
binary routing between strong and weak models
to minimize expensive calls. In contrast to rout-
ing methods that rely solely on query-based prior
knowledge, our approach also leverages posterior
knowledge from actual model outputs to update

performance scores. This design relaxes the re-
quirement for precise performance prediction, and
the subsequent multi-agent collaboration further en-
hances robustness and overall performance beyond
what is achievable by routing to a single model.

3 Methodology

In this section, we introduce RouteMoA, an
efficient mixture-of-agents framework with dy-
namic routing. It dynamically selects a subset
of top-performing LLMs each round without pre-
inference, thus reducing cost and latency while
maintaining performance. We first overview the
whole routing process in Section 3.1, then describe
its key components: the scorer, mixture of judges,
and model ranking (Sections 3.2–3.4).

3.1 Overview

The framework operates layer-wise, as shown in the
left of Figure 3, following the Mixture-of-Agents
structure (Wang et al., 2024b). It consists of L
layers. In intermediate layers (l = 1, 2, . . . , L− 1),
nl LLMs act as proposers Ml,i ∈ P , where P is
a pool of N available models, i = 1, 2, ..., nl ≤
N . Each Ml,i processes input xl and generates a
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response:
yl,i = Ml,i(xl). (1)

The output of layer l is:

ol = ⊕nl
i=1yl,i + x1, xl+1 = ol, (2)

where + denotes concatenation and ⊕ denotes an
aggregation prompt (see Appendix A). x1 is the
user query. The final layer L uses a single LLM to
aggregate prior outputs into the final response.

To balance performance and efficiency, Route-
MoA dynamically selects models for each layer
l = 1, 2, ..., L through the following process:

Step 1: Score Acquisition. For the first layer
(l = 1), an SLM-based scorer S performs an ini-
tial screening by predicting coarse-grained perfor-
mance scores for each model in P on query x1:

s1 = S(x1), s1 ∈ [0, 1]N . (3)

This scorer is not required to provide precise per-
formance score estimates; rather, its goal is to ef-
ficiently narrow down the candidate set to a small
group of high-potential models. For subsequent lay-
ers (l > 1), a mixture of judges J refines the ini-
tial scores by incorporating both s1 and responses
from the previous layer, enabling more accurate
and context-aware model selection:

sl = J (s1, yl−1,1, . . . , yl−1,nl−1
), l > 1. (4)

Step 2: Model Ranking and Selection. The
model ranking module R selects active models for
layer l based on performance sl, cost, and latency:

[Ml,1, . . . ,Ml,nl
] = R(sl, cost, latency). (5)

An early-stopping mechanism determines when
to terminate, ensuring efficient inference.

3.2 SLM-based Scorer
The scorer conducts an initial screening by pre-
dicting coarse-grained performance scores to each
model in the pool P = M1,M2, . . . ,MN given
the input xl, as defined in Equation 3.
Dataset generation. We construct a training
dataset of the form:

D = {(x(k), s(k)1 , s
(k)
2 , ..., s

(k)
N )}|D|

k=1, (6)

where s
(k)
j denotes the performance score of

model Mj on input x(k). To build D, we col-
lect queries and ground-truth answers Draw =

{(x(k), ŷ(k))}|D|
k=1 from multiple datasets spanning

mathematics, reasoning, coding, reading compre-
hension, biomedical domains, etc. For each query,
we gather responses from all models in P:

Dy = {(x(k), y(k)1 , y
(k)
2 , ..., y

(k)
N )}|D|

k=1. (7)

Each response is scored using a combination of
ground-truth accuracy and a reward model R (e.g.,
InternLM2-1.8B-Reward):

s
(k)
j = λ · 1(ŷ(k) = y

(k)
j )

+ (1− λ) ·R(x(k), ŷ(k), y
(k)
j ),

(8)

where λ ∈ (0, 1). 1(·) is the indicator function that
returns 1 if the condition is true and 0 otherwise.
Model structure. Inspired by matrix factorization
techniques in recommendation systems (Chen et al.,
2024b; Koren et al., 2009; Ong et al., 2024), we
model the scorer as an embedding-based similarity
function. Each model Mj is assigned a learnable
embedding kj ∈ Rd. The input x is encoded by
a small language model mDeBERTaV3-base (He
et al., 2021) into an embedding E(x). The perfor-
mance score is computed as:

s = f(x,Mj) = σ(E(x)⊤kj), s ∈ [0, 1], (9)

where σ(·) is the sigmoid function. Thus the full
score vector is:

s = S(x) = [f(x,M1), f(x,M2), ..., f(x,MN )].
(10)

Training and inference. During training, we adopt
dual contrastive loss functions from (Chen et al.,
2024b). The sample-LLM contrastive loss ensures
that the embeddings of models capable of answer-
ing a query are closer to the query’s embedding:

Lsample-LLM(x, s; θ)

=
∑

j+∈I+

− log
eE(x)

⊤kj+

eE(x)
⊤kj+ +

∑
j−∈I−

i
eE(x)

⊤kj−
,

(11)

where I+ and I− denote the top-K+ and bottom-
K− scoring models, respectively. θ denotes the
parameters to be optimized.

The sample-sample contrastive loss encourages
semantically similar queries to have closer embed-
dings. It is formulated as:

Lsample-sample(x; θ)

= − log
eE(x)

⊤E(x+)

eE(x)⊤E(x+) +
∑

x−
i ∈X−

i
eE(x)⊤E(x−)

.

(12)
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where x+ is a query from the same cluster as x, and
X− contains out-cluster queries. The clustering
method is detailed in the Appendix C.

The total loss is:

L = Lsample-LLM + αLsample-sample, (13)

where α ≥ 0.

3.3 Mixture of Judges

The design of the mixture of judges is motivated
by two key capabilities of large language models:

• Self-knowledge awareness: Research has shown
that LLMs possess the ability to evaluate their
own knowledge and determine whether they
understand a question (Kadavath et al., 2022).

• Cross-model evaluation: LLMs can effectively
judge responses from other models (Li et al.,
2025), making them capable evaluators in multi-
agent settings.

Thus, for layer l > 1, we introduce mixture of
judges to refine the scorer’s predictions using self-
and cross-assessment signals from previous layers.

For self-assessment, each active model in layer
l − 1 outputs a confidence score sself

l−1,j along with
its response:

sself
l−1 = [sself

l−1,1, s
self
l−1,2, ..., s

self
l−1,nl−1

]. (14)

For cross-assessment, to avoid the computa-
tional cost of having all models generate evalua-
tion scores, we selectively employ only the highest-
scoring model from layer l−1 to evaluate responses
from layer l − 2, producing scores scross

l−2,j :

scross
l−2 = [scross

l−2,1, s
cross
l−2,2, ..., s

cross
l−2,nl−2

]. (15)

Since cross-assessment relies on evaluating out-
puts from a prior layer, it is only applicable from
the second layer onward (l ≥ 2), as no prior out-
puts exist for the first layer.

The final mixture of judges function is:

sl = J (s1, yl−1,1, yl−1,2, ..., yl−1,nl−1
) (16)

=

{
U(s1, sself

l−1), l = 2,

U(s1, sself
l−1, s

cross
l−2 ), l > 2,

(17)

where U performs score normalization followed by
element-wise averaging.

3.4 Model Ranking
The model ranking module R selects the top-k
models based on the adjusted scores sl, with the
following priority: performance > output token
cost > input token cost > latency. Model pricing
and latency data are sourced from OpenRouter1.
Early stopping criterion is set as:

max(sl,1, sl,2, ..., sl,N ) > sth. (18)

where sth is a threshold score.
If the criterion is met, or the max layer number

is reached, the system will enter the aggregation
stage and produce the final output:

yfinal = Ml,agg(xl). (19)

4 Experiments

4.1 Experimental Setup
Baselines. We focus on improving the computa-
tional efficiency of multi-agent collaboration while
maintaining the accuracy. The compared baselines
include: (1) MoA (Wang et al., 2024b), leverag-
ing multiple LLMs in a layered architecture, where
each agent uses outputs from previous layers to
enhance its response generation; (2) SMoA (Li
et al., 2024), improving the token efficiency of
MoA by employing a judge model to assess and
forward only the most optimal responses to the next
round. (3) To explore the impact of self-assessment
and cross-assessment, we also compare RouteMoA
with the version that without self-assessment and
without cross-assessment for ablation study.
Implementation Details. We use OpenCom-
pass (Contributors, 2023) for data generation
and evaluation. For scorer training, we employ
mDeBERTaV3-base (He et al., 2021) as the en-
coder, a small language model with only 86M pa-
rameters. Each LLM embedding is projected to
a 768-dimensional vector space. The training pa-
rameters are set as α = 0.2 and λ = 0.5, which
are observed to be insensitive within the ranges of
[0.2, 2] and [0.3, 0.9], respectively. The number of
k-means clusters is set to 6. Training is conducted
using the AdamW optimizer with a learning rate of
5×10−5, a weight decay of 0.01, and a mini-batch
size of 64. We report average performance, cost,
and latency. Experiments are run on 80GB GPUs.
Exp1: Scalability Evaluation on Large-Scale
Model Pool. To validate the practical scalability

1https://openrouter.ai/

12194



Table 1: Performance and efficiency comparison on the large-scale model pool (15 LLMs). ↑ indicates an
improvement over MoA, while ↓ represents a degradation compared to MoA. Both are denoted by percentage.

Method Language Understanding Reading&QA Logic Reasoning Math Reasoning Language Generation Avg.

Accuracy (%) ↑
MoA 83.4 88.0 93.3 49.7 41.9 71.3
SMoA 78.4 ↓6.00% 85.3 ↓3.07% 91.1 ↓2.36% 53.1 ↑6.84% 40.3 ↓3.82% 69.7 ↓2.24%
RouteMoA 84.0 ↑0.72% 88.0 ↑0.00% 95.6 ↑2.50% 73.3 ↑47.5% 51.9 ↑23.9% 78.6 ↑10.2%

Cost ($) ↓
MoA 321.7 303.4 385.3 751.1 477.5 447.8
SMoA 47.8 ↑85.1% 53.8 ↑82.3% 57.2 ↑85.2% 232.5 ↑69.0% 110.4 ↑76.9% 100.4 ↑77.6%
RouteMoA 24.9 ↑92.3% 14.2 ↑95.3% 28.7 ↑92.6% 94.6 ↑87.4% 65.7 ↑86.2% 45.6 ↑89.8%

Latency (s) ↓
MoA 126.3 101.4 134.2 619.5 258.9 248.1
SMoA 76.4 ↑39.5% 94.1 ↑7.20% 76.1 ↑43.3% 471.2 ↑23.9% 257.1 ↑0.70% 195.0 ↑21.4%
RouteMoA 43.4 ↑65.6% 27.8 ↑72.6% 58.9 ↑56.1% 211.4 ↑65.9% 109.3 ↑57.8% 90.2 ↑63.6%

Table 2: Performance and efficiency comparison on the small-scale model pool (5 LLMs). Oracle means using
ground truth assessment scores for LLM selection. Best results of multi-LLM methods are bold. A paired t-test
confirms that the improvement of RouteMoA over SMoA is statistically significant (t = 2.296, p = 0.0217 < 0.05).

Accuracy(%) ↑
Type Method MATH ARC-c MBPP RACE-high MMLU-bio Avg.

Single LLM

Gemma-2-9B-it 46.5 90.2 66.2 85.6 78.6 75.9
Ministral-8B-Instruct-2410 51.0 85.3 63.0 80.3 70.7 72.7
Qwen2.5-Coder-7B-Instruct 65.3 85.5 79.8 80.6 67.2 77.5
Qwen2.5-Math-7B-Instruct 80.7 50.6 52.9 55.0 43.5 63.0
Bio-Medical-Llama-3-8B 11.7 75.1 16.0 77.3 87.0 46.2

Single LLM with Routing
Oracle 83.8 96.8 86.7 94.5 95.6 92.5
RouteLLM 64.3 84.8 76.3 79.4 65.7 76.2
RouterDC 72.8 87.3 72.6 78.3 70.9 78.9

Multi-LLMs MoA 73.6 87.0 75.5 80.1 76.0 80.9
SMoA 73.5 ↓0.10% 89.4 ↑2.80% 79.4 ↑5.20% 84.0 ↑4.90% 75.7 ↓0.40% 82.6 ↑2.10%

Ours RouteMoA 76.0 ↑3.30% 88.2 ↑1.40% 79.8 ↑5.70% 81.0 ↑1.10% 79.3 ↑4.30% 83.1 ↑2.70%

Resource Cost ($) ↓ Latency (s) ↓
Dataset MATH ARC-c MBPP RACE-high MMLU-bio Total MATH ARC-c MBPP RACE-high MMLU-bio Avg.

MoA 19.68 2.27 0.61 8.53 1.78 36.03 26.62 12.05 15.52 13.45 14.07 16.32
SMoA 4.40↑77.6% 0.47↑79.3% 0.18↑70.5% 2.22↑74.0% 0.36↑79.8% 8.23↑77.2% 23.16↑13.0% 10.45↑13.3% 10.30↑33.6% 11.02↑18.1% 11.86↑15.7% 13.31↑18.4%

RouteMoA 4.03↑79.5% 0.28↑87.7% 0.37↑39.3% 1.82↑78.7% 0.21↑88.2% 6.71↑81.4% 19.05↑28.4% 9.73↑19.3% 7.31↑52.9% 4.45↑66.9% 9.51↑32.4% 10.01↑38.7%

and efficiency of RouteMoA in real-world deploy-
ment scenarios, we construct a large-scale model
pool consisting of 15 state-of-the-art LLMs of
varying sizes (from 4B to 235B parameters) and
capabilities, including general-purpose, reasoning-
specialized, and code/math-focused models (see
Table 12 in Appendix). Notably, this pool contains
models with both standard (no-think) and advanced
reasoning (think) modes, presenting a diverse and
challenging testbed for multi-agent collaboration.

Evaluation Benchmark. We conduct a compre-
hensive evaluation on a collection of 30 datasets
spanning five critical capability categories: Lan-
guage Understanding, Reading & QA, Logic Rea-
soning, Math Reasoning, and Language Genera-
tion (see Table 14, 15 for the full list). This broad
coverage ensures a rigorous assessment of general-
izability.
Exp2: Performance on Small-Scale Model Pool.
To enable a direct and fair comparison with MoA
and SMoA (which are limited to small pools due to
their full-model inference design), we further eval-
uate on a compact but diverse pool of 5 LLMs:

Gemma-2-9B-it (Team et al., 2024), Ministral-
8B-Instruct (Jiang et al., 2023), Qwen2.5-Coder-
7B-Instruct (Hui et al., 2024), Qwen2.5-Math-7B-
Instruct (Yang et al., 2024b), and Bio-Medical-
Llama-3-8B (ContactDoctor, 2024). The evalu-
ation covers 5 datasets (MATH-500 (Hendrycks
et al., 2021), ARC-Challenge (Clark et al., 2018),
MBPP (Austin et al., 2021), RACE-high (Lai et al.,
2017), MMLU-bio (Hendrycks et al., 2020)) rep-
resenting mathematics, reasoning, coding, reading,
and biomedical knowledge.
Exp3: Out-of-Distribution Generalization. We
further evaluate generalization on the challenging
AGIEval-Gaokao (Zhong et al., 2024) benchmark,
which spans nine subjects (Biology, Chemistry,
Chinese, English, Geography, History, MathCloze,
MathQA, Physics). This human-exam benchmark
tests the model’s ability to handle diverse, unseen
tasks requiring human-like reasoning.

4.2 Main Results

Scalability Evaluation on Large-Scale Model
Pool. As shown in Table 1, RouteMoA demon-
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Table 3: Out-of-distribution benchmark comparison between SMoA and RouteMoA.

Method Biology Chemistry Chinese English Geography History MathCloze MathQA Physics OOD Avg.

Accuracy (%) ↑ SMoA 53.33 37.68 49.59 80.39 60.80 64.26 27.12 64.10 39.00 52.92
RouteMoA 58.10 37.68 49.19 77.78 67.84 69.36 27.12 60.97 43.50 54.62

Cost ($) ↓ SMoA 4.71 6.90 8.05 5.25 3.80 3.49 8.79 9.04 7.31 6.37
RouteMoA 4.18 7.77 6.33 3.46 4.15 3.33 6.08 7.57 7.91 5.64

Latency (s) ↓ SMoA 11.25 15.41 10.90 9.40 9.79 9.86 19.09 19.85 15.91 13.50
RouteMoA 6.12 14.46 4.57 2.71 5.59 4.26 17.72 20.08 15.93 10.16

Table 4: Ablation study for mixture of judges on small-
scale model pool.

Method Performance(%) ↑ Cost($) ↓ Latency(s) ↓
RouteMoA 83.1 7.68 10.64
w/o self. 82.6 7.99 10.49
w/o cross. 82.7 7.25 10.29

strates exceptional scalability, performance, and
efficiency. It achieves an average accuracy of 78.6,
significantly surpassing MoA (71.3) and SMoA
(69.7), with especially large gains in Math Reason-
ing (+47.5%) and Language Generation (+23.9%).
Unlike MoA and SMoA, which lack a clear model
selection criteria and become infeasible at scale due
to prohibitive costs and context limits, RouteMoA
remains practical by dynamically routing queries to
an optimal model subset. This approach reduces to-
tal cost by 89.8% and latency by 63.6% compared
to MoA, while also outperforming SMoA in both
efficiency and accuracy.

Furthermore, RouteMoA consistently achieves
the best accuracy, lowest cost, and lowest latency
across all five capability categories. In Language
Understanding and Reading&QA, it matches or
surpasses MoA’s accuracy while reducing cost by
95.3%. These results demonstrate that dynamic
routing tailored for multi-agent systems enables
efficient and effective collaboration in large, het-
erogeneous model pools, particularly for complex
tasks requiring complementary model strengths.
Performance on Small-Scale Model Pool. As
shown in Table 2, RouteMoA substantially im-
proves efficiency, reducing inference cost by 81.4%
compared to MoA (6.71 vs. 36.03), and by 88.2%
on domain-specific scenarios such as MMLU-
bio, demonstrating effective avoidance of expen-
sive generalist models. It also lowers average
latency by 38.7% (10.01s vs. 16.32s) due to
lightweight scoring and targeted model selection.
Meanwhile, RouteMoA achieves the highest av-
erage score (83.1), outperforming single models
and MoA, with statistically significant gains over
SMoA (paired t-test shows t = 2.296, p = 0.0217
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Figure 4: Average values of three scorer assessment
metrics (Top-1-Hit, Top-3-Hit, and Top-3-Agree) under
different training hyperparameters (λ and α).

< 0.05). These results confirm that routing com-
bined with response aggregation forms an effective
paradigm for multi-LLM collaboration.
Out-of-Distribution Generalization. As shown
in Table 3, RouteMoA outperforms SMoA with
higher average accuracy (54.62 vs. 52.92) while
reducing cost by 11.5% and latency by 24.7%. It
achieves notable accuracy gains in humanities and
science subjects, including Geography (+7.04), His-
tory (+5.10), Physics (+4.50), and Biology (+4.77).
These results demonstrate that RouteMoA effec-
tively exploits specialized models on unseen tasks
requiring human-like reasoning, exhibiting strong
out-of-distribution generalization.

4.3 Analysis
Scorer Assessment. In RouteMoA, the scorer
plays a key role in providing an initial screening
of candidate models. Rather than requiring precise
performance prediction, the scorer is designed to
identify a small set of high-potential models for
subsequent refinement via mixture-of-judges (in-
cluding self-assessment and cross-assessment). To
evaluate its effectiveness, we introduce three met-
rics: Top-1 Hit Rate (Top-1-Hit), Top-3 Hit Rate
(Top-3-Hit) and Top-3 Agreement Rate (Top-3-
Agree). Top-1-Hit and Top-3-Hit measure the prob-
ability that the ground-truth best model appears in
the scorer’s top-one / top-three predictions, which
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Question: Article: In the competition of Olympic weightlifting, ... Q: According to the passage,many athletes began to practice weightlifting because they wanted 
to  _  .\n\nA. take part in the Olympics\nB. get a reward in the competition\nC. strengthen their body power\nD. test the limit of explosive strength 
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layer-1 model response

Ministral: C. strengthen their body power

Qwen2.5-Math: To determine the correct 
answer to the question, we need to 
analyze the information provided in the 
passage and identify the reason ...

Bio-Medical-Llama: {"answer": C}
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Final Answer: C

Self-assessment filters out low-quality models 
(Qwen2.5-Math and Bio-Medical-Llama) since they 
self-assessment scores are low.

The scorer wrongly predicts  
high scores for low-quality 
model Qwen2.5-Math.

Cross-assessment further increases the score divergence 
between models of high quality (Gemma-2, Ministral, Qwen2.5-
Coder) and low quality (Qwen2.5-Math, Bio-Medical-Llama).

Gemma-2 Ministral Qwen2.5-Coder Qwen2.5-Math Bio-Medical-Llama
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Configuration: Select top-3 models in each layer

 Ground Truth: C        Ground truth performance of each model: 

Figure 5: Case study of adjusting wrong scorer predictions with self- and cross-assessment.

reaches 90.7% and 97.9% when α = 0.2, λ = 0.5.
The Top-3-Agree quantifies the overlap between
the scorer’s top-three selections and the ground-
truth top-three models, achieving 96.2%, indicat-
ing that the scorer successfully narrows down the
candidate pool to a small subset containing high-
performing models in the majority of cases. The
detailed calculation method and results under dif-
ferent α, λ combinations are shown in Appendix D.
Mixture-of-Judges Ablation Study. To explore
the impact of self-assessment and cross-assessment
in mixture of judges, we conduct ablation studies.
As shown in Table 4, the average performance of
RouteMoA without self-assessment is 82.6, and
the performance without cross-assessment is 82.7,
both of them are lower than the 83.1 achieved by
RouteMoA. RouteMoA without cross-assessment
achieves the lowest cost and latency. It is a natural
result since the additional judging token will not
be generated without cross-assessment.
Case Study. To illustrate how the routing
pipeline, especially the mixture of judges works,
we present an example from the RACE-high dataset
in Figure 5. In this dataset, Gemma-2, Minis-
tral, and Qwen2.5-Coder usually perform well,
whereas Qwen2.5-Math and Bio-Medical-Llama
show weaker performance. In layer-1, the scorer
incorrectly assigns a high score (0.74) to Qwen2.5-
Math, while giving a relatively low score to the
high-quality model Qwen2.5-Coder. In layer-2,
models generate self-assessment scores. Qwen2.5-
Math and Bio-Medical-Llama produce low self-
scores due to their inability to accurately follow

instructions, thus the self-assessment mechanism
effectively filters out low-quality models. In layer-
3, cross-assessment further widens the score gap
between high- and low-quality models, since a low
cross-score is assigned to Qwen2.5-Math. Examin-
ing the model responses across layers, we observe
increasing participation of high-quality models and
progressive improvement in response quality as
the number of layers increases. Eventually, models
achieve consensus at the final layer. This correction
process is supported by the high Top-3 Hit Rate
(97.9%) of the scorer, indicating that in 97.9% of
cases, at least one correct model is included in the
initial candidate set. Once present, the multi-agent
collaboration mechanism effectively identifies and
amplifies the correct response through answer ag-
gregation and self/cross-assessment.
Failure Source Discussion. We analyze 323 er-
ror instances where RouteMoA fails while MoA
succeeds. From these cases, we identify four pri-
mary mechanism-level failure modes, summarized
in Table 5. Most failures (≈50%) arise not from
mis-routing but from late-stage aggregation drift,
suggesting that improving consensus robustness
may yield the largest future gains.
Reliability of Self-Assessment. We conduct a
case-level analysis over 362 successful and 323
failed RouteMoA instances. In successful cases,
84.52% of self-assessment bias cases are corrected
before final prediction. The correction sources
are shown in Table 6. This indicates that poste-
rior mechanisms effectively mitigate transient self-
evaluation bias during collaborative refinement.
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Failure Mode Share (%) Mechanism-Level Description

Aggregation Error 50.46 The correct candidate exists in the model pool but is overridden during aggrega-
tion due to consensus drift, majority dominance, or score misweighting.

Scorer Mis-routing 24.15 The domain-specialized model is excluded from the initial Top-k candidate set,
indicating recall failure of the scorer.

Self-assessment Bias 20.12 Incorrect models assign themselves overly high confidence scores, often due to
overconfident reasoning or task misinterpretation.

Cross-assessment Bias 5.26 Errors arise from mutual reinforcement among models or miscalibrated cross-
evaluation, leading to collective preference for incorrect answers.

Table 5: Failure source breakdown for cases where RouteMoA fails but MoA succeeds on the small model pool.

Correction Source Share (%)

Mixed (multi-module interaction,
self reweighting) 60.4

Aggregation Only 38.8
Cross-assessment Only 0.7

Table 6: Breakdown of correction sources for self-
assessment bias cases.

k Accuracy(%) Avg Cost($) Avg Latency(s)

1 81.82 2.72 6.55
2 81.85 4.21 7.09
3 82.88 4.63 7.36
4 81.22 4.76 6.97
5 81.82 4.91 7.49

Table 7: Sensitivity analysis over top-k selection.

In contrast, among failed cases, as shown in Ta-
ble 5, only 20.12% are primarily attributed to self-
assessment bias. The majority of failures (50.46%)
arise from late-stage aggregation drift, where cor-
rect candidates are overwritten by consensus dy-
namics, rather than from unreliable self-evaluation.
Sensitivity Analysis. We conduct sensitivity anal-
ysis over top-k, early-stopping threshold sth, and
weights of judge aggregation. (1) As shown in Ta-
ble 7, accuracy peaks at k = 3 (82.88%), and larger
k yields no consistent gain while slightly increasing
cost/latency, supporting k = 3 as a balanced de-
fault. (2) As shown in Table 8, increasing sth raises
average layers and improves accuracy (e.g., 82.83%
at sth = 0.9) but with higher cost/latency, showing
a clear efficiency-performance trade-off. Notably,
97.9% of queries already include the correct model
in the initial candidate set, enabling frequent early
termination. (3) As shown in Table 9, different
weighting schemes lead to moderate accuracy varia-
tion (≈81.6–83.2%) while maintaining similar cost
and latency, indicating that RouteMoA’s efficiency
is robust to aggregation design, although accuracy
can be further tuned via weighting.
Cost Analysis. The offline cost of RouteMoA
is one-time, fixed, and lightweight. (1) Training
the 86M-parameter scorer requires only ∼25 min-

sth # Layers Accuracy(%) Avg Cost($) Avg Latency(s)

0.7 1 81.65 3.77 6.34
0.75 1 80.48 3.76 6.43
0.8 1.33 81.21 3.88 7.09

0.85 2.32 82.50 6.64 11.55
0.9 2.91 82.83 8.52 12.78

Table 8: Sensitivity analysis over early-stopping thresh-
old sth and resulting layer depth.

Scorer : Self : Cross Accuracy(%) Avg Cost($) Avg Latency(s)

Uniform (1:1:1) 81.58 4.46 6.99
Scorer-Heavy (2:1:1) 83.20 4.39 6.56
Cross-Heavy (1:1:2) 82.09 4.45 6.77
Self-Heavy (1:2:1) 83.07 4.48 7.02

Table 9: Sensitivity analysis over different weighting
schemes in the mixture-of-judges.

utes and <50 GB GPU memory. (2) As shown
in Table 13 in Appendix, generating training data
(around 4k samples as shown in Table 15 in Ap-
pendix) for adding a new LLM is consistently low-
cost across models (typically < $4 and within
hours under parallel requests). The exact inference
time is model-dependent and can be reduced via
parallelization, making the offline overhead negli-
gible relative to online efficiency gains.

5 Conclusion

In conclusion, we present RouteMoA, an efficient
Mixture-of-Agents framework that overcomes the
resource limitations of classical MoA through
dynamic routing. The framework employs a
lightweight scorer to perform an initial screen-
ing of candidates using prior knowledge from the
query, followed by a mixture of judges that refines
scores with posterior knowledge from model out-
puts. RouteMoA significantly reduces cost and
latency while maintaining strong performance. Ex-
perimental results also show strong OOD general-
ization ability and large-scale model pool scalabil-
ity. This prior-posterior routing approach offers a
scalable and practical path toward efficient multi-
LLM collaboration.
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Limitations

The scorer requires retraining to support new
LLMs. However, integrating a new LLM only
involves training a lightweight scorer on a small
curated query set, which takes about 25 minutes.
Future work will explore retrain-free routing.
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A Aggregation Prompt, Self- and
Cross-assessment Prompt

The prompts used in the inference stage of Route-
MoA are shown in Figure 6, Figure 7, and Fig-
ure 8. These prompts include instructions for
the LLM to aggregate responses from models in
the previous layer, to score its own answer (self-
assessment prompt), and to evaluate answers from
other LLMs (cross-assessment prompt). Specifi-
cally, the prompt at layer-1 (Figure 6) includes both
the aggregation prompt and the self-assessment
prompt. For intermediate layer-l|1<l<L (Figure 7),
the prompts consist of the aggregation prompt, the
self-assessment prompt, and the cross-assessment
prompt. Finally, in the last layer (Figure 8), only
the aggregation prompt is included.

B Prompt for Training Dataset
Generation

To generate training data that meets the require-
ments of layer-1, we prompt the LLMs to answer
questions from the datasets. The prompts used
for each dataset are presented in Figure 10. The
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You are participating in a multi-agent
reasoning task.

**Your objectives**
1. Produce the best possible answer to the
user’s query.
2. Critically evaluate your own answer and
give it a quality score **between 0 and 1**
(0 = completely wrong, 1 = perfect).

**Output format** - return **ONLY** a
valid JSON object:
“‘json
{
"answer": "<your answer>",
"self_score": <float between 0 and 1>
}
”’

Do **not** add any keys, comments or extra
text.

Figure 6: The prompt used in layer-1.

model outputs are then compared with the ground
truth answers. For layer-l|l>1, we prompt the mod-
els to generate aggregated answers based on refer-
ence answers from all models. These aggregated
responses are subsequently evaluated against the
ground truth. Additionally, a judge model is em-
ployed to assess the quality of each answer. The
prompt used for generating the aggregated answers
is shown in Figure 9. We use InternLM2-1.8B-
Reward as the judge model.

C Clustering Details for Sample-Sample
Loss

The sample-sample contrastive loss encourages se-
mantically similar queries to have closer embed-
dings. To achieve this, we use t-SNE (Van der
Maaten and Hinton, 2008) and k-means (Mac-
Queen, 1967) algorithm to transfer input prompt
embeddings to low-dimensional vectors and clus-
ter them into Q groups{K1,K2, ...,KQ}. We ran-
domly select an in-group query x+ ∈ Kq, and
an out-group set X− ⊂ {∪q′ ̸=qKq′} of H queries
from the training mini-batch.

You are participating in a multi-agent
reasoning task.Here are several answers
from other LLMs:

answer_block

**Your objectives**
1. Taking every answer in the previous
round into account and produce an improved
answer to the user’s query.
2. Critically evaluate your own answer and
give it a quality score **between 0 and 1**
(0 = completely wrong, 1 = perfect).
3. Critically evaluate **each** ANSWER_i
above with a value in [0, 1] representing its
quality.
(0 = completely wrong, 1 = perfect)

**Output format** - return **ONLY** a
valid JSON object:
“‘json
{
"answer": "<your improved answer>",
"self_score": <float>,
"peer_scores":
[<float_score_for_ANSWER_0>,
<float_score_for_ANSWER_1>, ...]
}
”’
Do not include any other text.

Figure 7: The prompt used in intermediate layer-
i|1<i<l.
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Dataset Prompt

MATH Answer the following multiple choice question. The last line of your response should be of
the following format: ’ANSWER: $LETTER’ (without quotes) where LETTER is one of
ABCD. Think step by step before answering. {question} {options}

GSM8k {question} Please reason step by step, and put your final answer within \boxed{}.

ARC-c {problem} Please reason step by step, and put your final answer within \boxed{}.

MBPP You are an expert Python programmer, and here is your task: {prompt} Your code should
pass these tests: {test_list}

RACE-high Answer the following multiple choice question. The last line of your response should be of
the following format: ’ANSWER: $LETTER’ (without quotes) where LETTER is one of
ABCD. Think step by step before answering. {question}{options}

MMLU-biomed Answer the following multiple choice question. The last line of your response should be of
the following format: ’ANSWER: $LETTER’ (without quotes) where LETTER is one of
ABCD. Think step by step before answering. Article: {article} Q:{questions} {options}

Table 10: The prompt of each dataset.

You have been provided with a set of
responses from various open-source models
to the latest user query. Your task is to
synthesise these responses into a single,
high-quality answer. Critically evaluate the
information given, correct any mistakes, and
produce a coherent, well-structured response
that meets the highest standards of accuracy.

Responses from models:
1.model_response_1
2.model_response_2
...

Figure 8: The prompt used in the last layer.

You have been provided with a set of
responses from various open-source models
to the latest user query. Your task is to
synthesize these responses into a single,
high-quality response. It is crucial to
critically evaluate the information provided
in these responses, recognizing that some
of it may be biased or incorrect. Your
response should not simply replicate the
given answers but should offer a refined,
accurate, and comprehensive reply to
the instruction. Ensure your response is
well-structured, coherent, and adheres to the
highest standards of accuracy and reliability.

This is the original question answered by
these models:
original question

Responses from models:
1.model_response_1
2.model_response_2
...

Figure 9: The prompt used to generate model response
with reference answers.
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D Top-1-Hit, Top-3-Hit and Top-3-Agree
Calculation Details

We define three evaluation metrics to assess the
effectiveness of the scorer in RouteMoA: Top-1
Hit Rate (Top-1-Hit), Top-3 Hit Rate (Top-3-Hit),
and Top-3 Agreement Rate (Top-3-Agree).

Top-1 Hit Rate (Top-1-Hit)
The Top-1 Hit Rate (Top-1-Hit) measures the prob-
ability that the scorer’s top-1 prediction is one of
the models that are able to provide a correct answer.

Let p be the index of the top 1 model according
to the scorer, and T = {t1, ..., tk} be the set of
indices of the models that are able to provide a
correct answer.

We define the Top-1 Hit Rate as:

Top-1-Hit =

{
1, if p ∈ T,

0, otherwise.

The final Top-1-Hit is obtained by averaging
this score over all test cases that can be answered
correctly by at least one model.

Top-3 Hit Rate (Top-3-Hit)
The Top-3 Hit Rate (Top-3-Hit) measures the prob-
ability that the ground-truth best model is included
in the scorer’s top-three predictions.

Let P = {p1, p2, p3} be the set of indices of
the top 3 models according to the scorer, and T =
{t1, ..., tk} be the set of indices of the models that
are able to provide a correct answer.

We define the Top-3 Hit Rate as:

Top-3-Hit =

{
1, if |P ∩ T | ≥ 1,

0, otherwise.

The final Top-3-Hit is obtained by averaging
this score over all test cases that can be answered
correctly by at least one model.

Top-3 Agreement Rate (Top-3-Agree)
The Top-3 Agreement Rate (Top-3-Agree) is a met-
ric to evaluate whether the top three models se-
lected by the scorer align with those that have the
best true performance. For each test case or dataset,
the scorer selects the top 3 models based on pre-
dicted scores, and we compare them with the top 3
models according to ground truth performance.

Let P = {p1, p2, p3} be the set of indices of
the top 3 models according to the scorer, and T =

{t1, t2, t3} be the set of indices of the top 3 models
according to the ground truth.

We define the Top-3 Agreement Rate as:

Top-3-Agree =





1, if |P ∩ T | = 3,

0.6, if |P ∩ T | = 2,

0.3, if |P ∩ T | = 1,

0, otherwise.

This scoring rule assigns a full score if all top
3 models are correctly identified, a partial score
if two / one out of the top 3 are correct, and zero
otherwise. The final Top-3-AR is obtained by av-
eraging this score over all test cases that can be
answered correctly by at least one model.

Scorer evaluation under different α and λ

We calculate the three evaluation metrics: Top-1-
Hit, Top-3-Hit, and Top-3-Agree under different
combinations of scorer training hyperparameters α
and λ, the results are shown in Figure 10, 11, 12,
respectively.
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Figure 10: Top-1-Hit under different training hyperpa-
rameters (λ and α) for the scorer module.
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Figure 11: Top-3-Hit under different training hyperpa-
rameters (λ and α) for the scorer module.
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Figure 12: Top-3-Agree under different training hyper-
parameters (λ and α) for the scorer module.

E Dataset Statistics for Scorer Training of
Small-Scale Model Pool

The dataset statistics for scorer training are pre-
sented in Table 11. The train/dev/test splits gener-
ally follow the original partitioning of each dataset.
For datasets that lack a dev split, we divide the
original training portion into train and dev subsets.

Dataset train dev test

MATH 7125 375 5000
ARC-c 1119 299 1165
MBPP 120 43 257
RACE-high 7000 300 3498
MMLU-biomed 92 25 817

Table 11: Dataset statistics for scorer training.

F Evaluation Details on Large-Scale
Model Pool

To explore the ability of RouteMoA to handle large-
scale agent pools, we conduct experiments with an
agent pool containing 15 newest LLMs including
Qwen (Yang et al., 2025) and Deepseek (Guo et al.,
2025; Liu et al., 2024) series with varying sizes
(from 4B to 235B parameters), capabilities, and
think mode, as listed in Table 12.

Note that both MoA and SMoA are infeasible to
handle the larger agent pool, since these methods
need all LLMs to infer and then aggregate the re-
sponses. When the agent pool is large, it is a huge
cost for all model to perform inference. Besides,
the context will be too long and exceeds the limit.
Although we can choose a subset of agents from the
large agent pool for MoA and SMoA to alleviate
these problems, these two methods lack clear crite-
ria for selecting such model subsets. If we select
high-performing models such as Deepseek-R1, the
total cost will be high, and the context will be long.
If we select smaller models such as Qwen2.5-7B,

although the cost will be lower, the performance
can not be guaranteed.

In contrast, our RouteMoA method is designed
to deal with such situation. It has clear criteria
on how to select agent subsets according to the
categories and complexity of user queries. It low-
ers cost while ensures a competitive performance.
Specifically, to handle the larger agent pool, we
collect a wide range of datasets as a query pool,
shown in Table 15. We only select a subset from
each dataset to enable that the whole query pool is
not very large. The dataset statistics are also shown
in Table 15. Maintaining a smaller query pool ben-
efits the scalability of the scorer. If a new LLM is
added into the agent pool, it infers on these queries
(the process will be shorter if the query pool is rel-
atively small) and results are used to train a new
scorer. Training can be completed in less than 30
minutes, using less than 50GB GPU memory.

Size Model Thinking Mode

Small
Qwen3-4B no-think
Qwen3-8B no-think
Qwen2.5-7B-Instruct no-think

Medium

Qwen3-14B no-think
Qwen3-32B no-think
Qwen3-30B-A3B think/no-think
QwQ-32B think
DeepSeek-R1-Distill-Qwen-14B think
DeepSeek-R1-Distill-Qwen-32B think

Large

Qwen2.5-72B-Instruct no-think
Qwen3-235B-A22B think/no-think
DeepSeek-R1 think
DeepSeek-R1-0528 think
DeepSeek-V3 no-think
DeepSeek-V3-0324 no-think

Table 12: Models that forms a larger agent pool.

We evaluate RouteMoA on 30 test sets, as shown
in Table 14, each set contains 15 samples (not
overlapping with the training set). Among these,
lcqmc (Liu et al., 2018), mrpc (Dolan and Brock-
ett, 2005), and cluewsc2020 (Xu et al., 2020) are
out-of-distribution test sets, which do not appear in
the training set.

G Detailed Offline Cost

The detailed offline cost of generating training data
(Table 15) is shown in Table 13.

H Model & Data License and Intended
Use Statement

Our experiments utilize a collection of publicly
available models and benchmark datasets. To the
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best of our knowledge, our use of these models and
datasets is consistent with their intended research
purposes as specified by their original creators. All
models and datasets used in this work are cited.
For any model or dataset we use, we adhere to its
stipulated terms of use.

Model Name Cost ($) Time (h)

Qwen3-4B 0.05 7.03
Qwen3-8B 0.18 5.82
Qwen2.5-7B-Instruct 0.10 1.65
Qwen3-14B 0.30 6.79
Qwen3-32B 0.56 8.08
Qwen3-30B-A3B 0.55 5.73
QwQ-32B 0.49 7.80
DeepSeek-R1-Distill-Qwen-14B 0.18 8.16
DeepSeek-R1-Distill-Qwen-32B 0.37 13.55
Qwen2.5-72B-Instruct 0.51 2.28
Qwen3-235B-A22B 0.81 9.08
DeepSeek-R1 2.39 9.61
DeepSeek-R1-0528 3.86 12.81
DeepSeek-Chat 1.64 1.89
DeepSeek-V3-0324 2.09 2.93

Table 13: Cost and time of training data generation for
different models with 6 parallel requests.

Category Dataset

Language Understanding

lcqmc, ocnli, sst2
cola, mrpc, msra, qqp
sts_b, ag_news
qnli, chid_baidu

Reading&QA webqa, c3
cmrc, race, story_cloze

Logic Reasoning
cluewsc2020
winogrande_wsc
truthful_qa

Math Reasoning

bigmath
gsm8k, geometry
GAOKAO-2023_Math_en
prealgebra, precalculus

Language Generation

word_manipulation_v2
nlpcc2017_task2
lcsts, conll2014
nlpcc2018_task2

Table 14: Test dataset categories for the large agent
pool.
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Dataset Description Data Num

ag_news (Zhang et al., 2015) News topic classification 80
algebra (Hendrycks et al., 2020) Algebra math problems 80
BBH-100 (Suzgun et al., 2023) BIG-Bench Hard subset 80
bigmath (Albalak et al., 2025) Complex math problems 16
c3 (Ma et al., 2025) Chinese multiple-choice QA 80
chid (Zheng et al., 2019) Chinese idiom cloze test 80
chid_baidu (Zheng et al., 2019) Baidu Chinese idiom dataset 80
chinese_safety_test_bias (Wang et al., 2024d) Safety and bias evaluation 80
cmrc (Cui et al., 2019) Chinese machine reading comprehension 80
cola (Warstadt et al., 2019) Linguistic acceptability corpus 77
commonsense_qa (Talmor et al., 2019) Commonsense question answering 80
conll2014 (Ng et al., 2014) Grammatical error correction 80
counting_and_probability (Hendrycks et al., 2020) Math combinatorics problems 80
GAOKAO-2023_Math_en (Zhang et al., 2023) Chinese college entrance exam math 80
gsm8k_test_100 (Cobbe et al., 2021) Grade school math (subset) 80
IFEval (Zhou et al., 2023) Instruction following evaluation 320
lcsts (Hu et al., 2015) Chinese short text summarization 79
LiveCodeBench100-2305-2409 (Jain et al.) Live programming evaluation 80
math (Hendrycks et al., 2021) General math problems 80
math23k_test_100 (Wang et al., 2017) Math word problems (subset) 80
MATH-500 (Hendrycks et al., 2021) Challenging math competition problems 400
mmlu_pro (Wang et al., 2024c) Massive multi-task understanding 224
msra (Levow, 2006) Named entity recognition 80
newstest2020 (Freitag et al., 2021) Machine translation evaluation set 80
nlpcc2017_task2 (Qiu et al., 2017) News headline categorization 80
nlpcc2018_task2 (Zhao et al., 2018) Grammatical error correction 80
number_theory (Hendrycks et al., 2020) Math number theory problems 80
ocnli (Hu et al., 2020) Chinese natural language inference 80
prealgebra (Hendrycks et al., 2020) Pre-algebra math problems 80
precalculus (Hendrycks et al., 2020) Precalculus math problems 80
qnli (Rajpurkar et al., 2016) Question-answering NLI 80
qqp (Zhang et al., 2019) Quora question pairs similarity 80
race (Lai et al., 2017) Reading comprehension 80
reco (Wang et al., 2020) Chinese reading comprehension 80
squad (Rajpurkar et al., 2016) Reading comprehension 80
sst2 (Socher et al., 2013) Sentiment analysis (binary) 80
story_cloze_test (Mostafazadeh et al., 2017) Story completion and reasoning 80
sts_b (Cera et al.) Semantic textual similarity benchmark 80
truthful_qa (Lin et al., 2022) Truthfulness evaluation in QA 80
webqa (Chang et al., 2022) Web-based question answering 80
winogrande_wsc (Sakaguchi et al., 2020) Coreference resolution 80

Total 4596

Table 15: The query pool used to train the scorer for the larger agent pool.
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