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Abstract

Although multi-agent systems based on large
language models show strong capabilities on
multiple tasks, they are still limited by high
computational overhead, information loss, and
robustness. Inspired by ResNet’s residual learn-
ing, we propose Residual Mixture-of-Agents
(RMoA), integrating residual connections to
optimize efficiency and reliability. To max-
imize information utilization from model re-
sponses while minimizing computational costs,
we innovatively design an embedding-based
diversity selection mechanism that greedily se-
lects responses via vector similarity. Further-
more, to mitigate iterative information degrada-
tion, we introduce a Residual Extraction Agent
to preserve cross-layer incremental informa-
tion by capturing inter-layer response differ-
ences, coupled with a Residual Aggregation
Agent for hierarchical information integration.
Additionally, we propose an adaptive termina-
tion mechanism that dynamically halts process-
ing based on residual convergence, further im-
proving inference efficiency. RMoA achieves
state-of-the-art performance on the benchmarks
of across alignment, mathematical reasoning,
code generation, and multitasking understand-
ing, while significantly reducing computational
overhead. Code is available at https://
anonymous. 4open.science/r/RMoA-E3D7/.

1 Introduction

Large language models (LLMs) (Achiam et al.,
2023; Team et al., 2024; Yang et al., 2024) have
achieved significant advancements in extensive nat-
ural language processing tasks (Wang et al., 2022;
Xu et al., 2024). Recently, researchers have pro-
posed several policy-based methods that enhance
model performance without model scaling. No-
table approaches include Chain-of-Thought (Wei
et al., 2022), which enhances multi-step reasoning;
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020), which leverages external information

sources; and Multi-Agent Systems (MAS) (Liang
et al., 2023; Li et al., 2023a). Among these innova-
tions, MAS has garnered significant attention due
to exceptional flexibility and broad compatibility.

Recently, iterative collaboration strategies have
been shown to enhance the capabilities of MAS.
Wang et al. (2025) proposed the Mixture-of-Agents
(MoA) architecture. This architecture leverages a
hierarchical processor design that enables multi-
ple layers of agents to process queries in parallel,
significantly improving computational efficiency.
Then, MoA employs an aggregator to integrate
the outputs from these agents, generating the fi-
nal response. Subsequently, Sparse Mixture-of-
Agents (SMoA) (Li et al., 2024) were introduced
to reduce the large number of tokens involved in
parallel queries under MoA, thus lowering infer-
ence costs. These approaches incorporate a judge
model (Zheng et al., 2023) to evaluate the quality
of responses generated by different models, thereby
reducing the number of tokens processed by the ag-
gregator. While this strategy somewhat alleviates
computational overhead, it still faces challenges in
ensuring the robustness of quality differentiation
among responses (Dhurandhar et al., 2024). More-
over, as the number of processing layers increases,
MoA may suffer from the loss of critical informa-
tion during aggregation (Tworkowski et al., 2024),
leading to inaccurate responses and ultimately com-
promising the overall stability and reliability .

To address these challenges, we propose RMoA,
an improved MoA-based architecture inspired by
residual connections. Unlike existing approaches,
we do not employ a judge model to select the opti-
mal response. Instead, we introduce an embedding
model to convert responses into vector represen-
tations and compute their similarities. A greedy
strategy is then applied to select K responses with
the highest diversity, ensuring greater information
heterogeneity. Additionally, we design a Residual
Extraction Agent to capture differences between re-
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sponses at successive layers. These residuals, along
with the selected diverse responses, are fed into the
aggregator, preserving incremental information and
mitigating the loss of key content during deep ag-
gregation.

To conserve computational resources, we incor-
porate an Adaptive Termination Mechanism, which
dynamically determines when to halt processing
based on response variations between iterations,
thereby reducing unnecessary overhead. Further-
more, to foster diverse and creative reasoning, each
agent is assigned a distinct role-playing persona.

To comprehensively evaluate the effectiveness
of our approach, we conduct extensive experiments
on alignment, mathematics, code generation, and
multi-task understanding. Experimental results
demonstrate that RMoA achieves state-of-the-art
performances with lower computational costs. Ad-
ditionally, a series of ablation studies validate the
effectiveness of each component in RMoA. Fi-
nally, we investigate RMoA’s performance under
increased computational budgets, showing that for
models with strong general capabilities, deeper ar-
chitectures tend to yield improved performance
across most datasets.

Overall, our contributions consist of three parts.

* We introduce RMoA, an improved MoA ar-
chitecture with an embedding-based selection
mechanism, a Residual Extraction Agent, and
an Adaptive Termination Mechanism to en-
hance efficiency and diversity.

* We validate RMoA on multiple benchmarks,
demonstrating superior performance with
lower computational cost. Ablation studies
confirm the effectiveness of each component.

* We analyze RMoA under varying computa-
tional budgets, showing that deeper architec-
tures improve performance and providing in-
sights into scalable multi-agent systems.

2 Related Work
2.1 LLM Reasoning

Recent advancements in LLM reasoning have intro-
duced various prompt strategies to improve down-
stream tasks. Chain of Thought (CoT) (Wei et al.,
2022; Kojima et al., 2022) prompting guides the
model to explicitly output the intermediate step-
by-step reasoning before providing the final an-
swer. To address errors in CoT, such as missing

steps or inconsistent logic, Auto-CoT (Zhang et al.,
2022) automates the generation of diverse demon-
strations, while Reprompting (Xu et al., 2023a)
iteratively refines prompts to enhance reasoning.
Plan-and-Solve (PS) (Wang et al., 2023) Prompting
introduces a planning phase to break tasks into sub-
tasks with detailed instructions. Additionally, Logi-
CoT (Liu et al., 2023) integrates symbolic logic
to validate reasoning processes and reduce errors.
Building on the linear structure of CoT, Tree of
Thought (ToT) (Yao et al., 2023) expands CoT with
a tree-like structure, considering multiple reason-
ing paths and self-evaluating choices, and Graph
of Thought (GoT) (Besta et al., 2024) represents
reasoning steps as graph nodes, incorporating oper-
ations like aggregation and refinement for complex
tasks. Addtionally, Cumulative Reasoning (CR)
(Zhang et al., 2023) simulates human-like itera-
tive reasoning, while LeMa (An et al., 2023) uses
GPT-4 as an error-correcting agent to revise faulty
reasoning steps and fine-tune LLMs. However,
the existing topological relationship (such as linear
chain or tree structure) is usually fixed in advance ,
which lacks dynamic adaptability and extensibility.

2.2 Collaborative Agents

Collaborative Agents in LLM-based systems en-
hance task performance by enabling agents to work
together, share knowledge, and dynamically adjust
their strategies to solve complex problems. Peer
Review Collaboration (Xu et al., 2023b) refines so-
lutions based on feedback from other agents. The
Chain of Experts framework (Xiao et al., 2023)
coordinates agents with specialized knowledge to
solve complex tasks, while Theory of Mind (Li
et al., 2023b) improves collaboration by enabling
agents to predict each other’s intentions. Besides,
frameworks like MetaGPT (Hong et al., 2023)
and Chatdev (Qian et al., 2024) utilize specialized
agents for modular tasks, such as programming,
while MapCoder (Islam et al., 2024) extends this
approach by integrating agents for code retrieval,
planning, and debugging. Dynamic frameworks
like DyLAN (Liu et al., 2024) and MACNET (Qian
et al., 2025) organize agent interactions based on
task importance, improving scalability and solution
quality in large collaborations. Wang et al. (2025);
Li et al. (2024) proposed Mixture-of-Agents archi-
tecture for iterative collaboration. However, they
are still limited by high computational overhead,
information loss, and robustness.
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Figure 1: MoA-RMOoA Structural Comparison.

3 Methodology

This section begins with an overview of MoA, fol-
lowed by a comprehensive analysis of RMoA’s core
components: Greedy Diversity Embedding Selec-
tion, Residual Agent, and Adaptive Termination
mechanisms, as depicted in Figure 2. Initially, the
Greedy Diversity Embedding Selection filters out
diverse and representative responses, ensuring var-
ied inputs for further processing. Next, the Resid-
ual Agent uses these selected responses to pinpoint
key differences between dialogue rounds, integrat-
ing them into the reference material to reduce in-
formation loss. Finally, the Adaptive Termination
Mechanism continuously monitors the process in
real-time, deciding whether to continue based on
residual detection outcomes, thus avoiding unnec-
essary iterations and potential hallucinations.

3.1 Mixture-of-Agents

As shown in Figure 1, MoA employs a multi-
layered architecture to generate and optimize re-
sponses. The structure comprises L layers, with
each layer [ consisting of N agents, denoted as
{A11,A412,..., A n}. And an aggregator A, is
positioned at the final. Initially, in the first layer,
multiple proposers independently generate initial
responses {R1 1, R12,..., R1 N} to a given query
x. These responses are then concatenated as 1
and serve as input for the subsequent layer. This
iterative process continues until reaching the final
layer, producing output Ry, . Finally, all inputs are
fed into A, for integration and optimization, gener-
ating the final response Rp.

3.2 Residual Mixture-of Agents

3.2.1 Greedy Diversity Embedding Selection

Tworkowski et al. (2024) identified the "Distraction
issue," where increasing tokens in the self-attention

mechanism can cause semantic overlap among
keys, hindering the model’s focus on relevant in-
formation. In the MoA, generating responses by
referencing up to /N previous models’ responses
increases cognitive load. To address this, we use a
greedy strategy to maximize diversity, selecting K
diverse responses for concatenation.

Taking layer [ as an example, our objective is to
identify a subset containing only K elements from
all responses {R; 1, Ry 2, ..., R; n } through maxi-
mum semantic diversity. The algorithm follows
these steps:

In the Similarity Matrix Construction in-
volves computing the cosine similarity matrix S €
R™ ™ for all pairs of responses. Each element of
this matrix is defined by the cosine similarity be-
tween embedding vectors e; and e;:

€€
S =) = e @
where e; and e; represent the embedding vectors
of R;; and R; ;, respectively. This matrix is sym-
metric, meaning that S; ; = S, ;, and the diagonal
elements are equal to 1, S; ; = 1.

In the Initialization Phase, we begin by defin-
ing the candidate index set C' = {1,2,..., N} and
the selected index set (Q = (). The initial element
is selected by minimizing the global average simi-
larity, which is calculated as:

1p = arg min

1 N
e’ N Z Si’j ' (2)
j=1

Once the initial element 7 is identified, the sets
are updated accordingly: @ < Q U {ip} and C' «
C\ {io}-

In the Iterative Selection Phase involves select-
ing elements to maximize diversity. For each itera-
tiont =1,..., K — 1, the process begins with the
Maximum Similarity Calculation, where for each
candidate ¢ € C, the maximum similarity with the
already selected set is computed as follows:

Q1) = Siq- 3

(1) = max Si g €)

Following this, the Minimization Selection step
chooses the candidate that minimizes ®(7):

= in ®(i). 4
it = arg min (1) 4)

After selecting the candidate, the sets are updated:
Q « QU {i;}and C < C\ {i;}. This iterative
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Figure 2: Overview of Residual Mixture-of-Agents Structure.

process continues until the termination condition
|Q] = K is met, resulting in the final selected
reference text set S = {r; | i € Q}.

3.2.2 Residual Agent

In the MoA framework, models may experience in-
formation loss when referencing multiple responses
from the previous iteration. This phenomenon can
lead to a gradual degradation of information, caus-
ing the model’s performance to decline even in
early stages (Li et al., 2024). We draw inspiration
from the residual concept in ResNet and introduce
a residual extraction agent and a residual aggrega-
tion agent. The residual extraction agent employs
predefined prompt templates to identify significant
variations between consecutive dialogue responses,
integrating these differential features with the pre-
vious layer’s output to provide contextual input
for subsequent processing. At the architecture’s fi-
nal stage, the residual aggregation agent combines
the preceding layer’s reference response with the
current layer’s residual features to generate an opti-
mized system output.

Residual Extraction Agent In layer [, fol-
lowing the execution of Greedy Diversity Embed-
ding Selection, we obtain K candidate responses
{Riz, }le generated by proposers, along with his-
torical responses { ;1 4, }JK:1 from the preceding
layer (I — 1). These responses are concatenated
to form composite inputs, which are subsequently
processed by the Residual Extraction Agent Res
to identify useful differences. This process can be
formally represented as follows:

* Concatenation Operation: Concatenate the
[-th layer’s responses with the previous layer’s

aggregated response:

Ry = Cat({Ry, 1oy {Ric10, o). (9)

* Residual Extraction: Compute the residual
using the residual extraction agent Res:

AR; = Res(Ry, prompt). (6)

* Residual Reference: Concatenate the ex-
tracted residual A R; with the previous layer’s
responses to provide reference for the next
layer:

Ry = Cat({Ri_1 4, Yoy, AR). (]

It is noteworthy that when [ = 1, there is no aggre-
gated response from the previous layer, so we set
ARy to be empty.

Residual Aggregation Agent The Residual
Aggregation Agent acts on the final layer to inte-
grate the model’s responses. Specifically, for the
last layer [, after greedy differential embedding
selection and residual extraction, the responses ob-
tained from the previous round are aggregated with
the current round’s residual AR;:

Ry = Agg({Ri-10,}_1, AR)). (8)

Through this approach, the RMoA framework ef-
fectively captures and integrates differences across
iterations, minimizing information loss and enhanc-
ing model performance in multi-layer iterative pro-
cesses.



3.2.3 Adaptive Termination

In the MoA framework, typically [/ layers of pro-
cessing are required to obtain the final output of a
problem. However, sometimes the ideal result may
be achieved at a shallower layer, and continuing
the process might lead to unnecessary computa-
tion or even negative effects. To address this, we
introduce an adaptive stopping mechanism that de-
termines whether to continue iteration by detecting
the presence of residuals in the extraction process.

Specifically, the core of the adaptive stopping
mechanism is: if no residuals are detected in the
current layer and the preceding m consecutive lay-
ers, the iteration process is terminated early. Math-
ematically, this can be expressed as:

For a given layer ¢, if forall j = 0,1,... ,m—1,
the values of AR;_; are "no change" or "no up-
date", then stop the iteration. Otherwise, continue
processing to the next layer.

This mechanism reduces unnecessary compu-
tational resource consumption while ensuring re-
sult quality, thereby improving the model’s effi-
ciency and performance. By adaptively determin-
ing the presence of residuals, the model can dy-
namically adjust the depth of processing, avoiding
over-computation and optimizing performance.

4 Evaluation

4.1 Setup

Benchmark To comprehensively evaluate the ef-
fectiveness of our method, we conduct experiments
across four critical benchmarks: alignment, math-
ematical reasoning, general reasoning, and code
understanding. For alignment assessment, we em-
ploy AlpacaEval 2.0 (Dubois et al., 2024) with
gpt-4-1106-preview as the reference model. This
benchmark utilizes a GPT-4-based evaluator to cal-
culate length-controlled (LC) win rates, effectively
mitigating length bias while comparing model re-
sponses against the reference outputs.

For mathematical reasoning evaluation, we adopt
the MATH (Hendrycks et al., 2021) benchmark,
which contains 5,000 challenging competition-
level mathematics problems requiring multi-step
reasoning. The general reasoning capability is mea-
sured through MMLU-redux (Gema et al., 2024),
a refined subset of the MMLU (Hendrycks et al.,
2020) benchmark comprising 3,000 manually re-
annotated samples that address original dataset er-
rors while maintaining comprehensive knowledge
coverage.CRUX (Gu et al., 2024) is a benchmark

for assessing code understanding, featuring 800
Python functions. It evaluates input and output
prediction tasks, requiring advanced code compre-
hension and reasoning.

Implementation Details In our research, we
mainly developed RMoA using open-source small
models, achieving significant performance im-
provements across multiple datasets, including
Gemma2-9B-Instruct (Team et al., 2024), Qwen?2.5-
7b-Instruct (Yang et al., 2024), and Llama3.1-8b-
Instruct (Vavekanand and Sam, 2024). We build
up to 6 layers of RMOA and select 3 responses
on Greedy Diversity Embedding Selection, using
the same small model in each layer for consis-
tency. To enhance the diversity and creativity
of model outputs, we introduced different role-
playing mechanisms (Jinxin et al., 2023) for the
models. We employed the open-source BGE-m3
(Multi-Granularity) model for embeddings, and the
same model for residual extraction and aggregation.
Since the MoA and SMoA papers did not conduct
experiments on small models (e.g., llama3.1-8B-
Instruct), the results presented in this section are
derived from our own tests. To ensure the reliabil-
ity and consistency of the results, we used the same
prompts, sampling temperature, and max_tokens
across all datasets. In terms of inference, we em-
ployed the vllm (Kwon et al., 2023) framework
to enhance inference speed, which may result in
minor differences compared to existing studies.

4.2 Results

As shown in Table 1,we conducted a compre-
hensive comparison of various MoA methods
across multiple datasets, including AlpacaEval2.0,
MATH, CRUX, and MMLU-redux.

MATH On the MATH benchmark, our method
significantly improves model performance. Specif-
ically, the Qwen2.5-7B-Instruct model achieves
a +2.26% absolute accuracy increase, Gemma2-
9B-Instruct shows a breakthrough improvement of
+13.8%, and Llama3.1-8B-Instruct sees a +3.92%
improvement. Notably, even on the larger GPT-
40 model, we observe a significant +4.56% gain,
demonstrating the exceptional performance of our
method in mathematical reasoning tasks.

CRUX On the CRUX dataset, our method
achieves optimal performance with Qwen2.5-7B-
Instruct (+3.69%) and GPT-40 (+11.57%). While
Gemma2-9B-Instruct and Llama3.1-8B-Instruct
also show positive gains, their improvements are
slightly lower compared to traditional MoA meth-



Model AlpacaEval 2.0 MATH CRUX MMLU-r Average
Qwen2.5-7B-Instruct 37.94 74.94 57.31 69.90 60.02
+MoA 31.77 75.28 56.81 62.70 56.64 .,
+SMoA 40.79 76.98 59.93 72.00 62-43@'0;47;
+RMoA 41.01 77.20 61.00 71.80 62.75, 45;%
Gemma?2-9B-Instruct 45.15 36.64 47.50 63.90 48.30
+MoA 42.73 48.92 51.50 65.73 52.224¢ o
+SMoA 43.23 49.96 51.25 65.80 52.56“‘8;%'
+RMoA 45.61 50.44 50.50 66.10 53.16, (‘)_% 7%
Llama3.1-8B-Instruct 22.93 48.18 40.62 58.60 42.58
+MoA 30.43 50.60 46.12 55.10 45.56+ 10,
+SMoA 31.99 51.20 4481 60.86 47.21/“;) 270
+RMoA 32.86 52.10 42.65 61.63 474141, 0.
GPT-40 55.18 76.60 75.80 83.73 72.83
+MoA 60.55 80.08 86.66 85.80 78.271, 410
+SMoA 56.24 78.08 86.93 84.94 76.55“‘] L
+RMoA 63.29 81.16 87.37 86.67 79.62, ..,

Table 1: Experimental results of various methods on the AlpacaEval2.0, MATH, CRUX, and MMLU-redux datasets,

evaluated using the original benchmark metrics.

ods (A = 1.2%—1.8%). This suggests that in code
understanding tasks, the introduction of redundant
tokens can positively influence performance by en-
hancing context modeling.

MMLU-redux In the MMLU-redux multi-
domain knowledge evaluation, the RMoA method
results in an average accuracy increase of +2.51%.
The SMoA method also shows a +1.86% improve-
ment. However, for MoA on smaller models (e.g.,
Qwen2.5-7B-Instruct and Llama3.1-8B-Instruct),
performance significantly drops below the baseline
(A = —=3.50% ~ —7.20%). This outcome veri-
fies that redundant information may interfere with
reasoning processes in knowledge-intensive tasks.

AlpacaEval 2.0 Due to experimental resource
constraints, we used the official GPT-40-mini as
the evaluator. The results indicate that our method
consistently achieves optimal performance across
models of varying scales, particularly with a no-
table +8.11% improvement on the GPT-40 model.
It is worth noting that although the improvement
for Gemma2-9B-Instruct is relatively modest (A =
40.46%), both SMoA and traditional MoA meth-
ods experience performance degradation on this
model (A = —1.92% ~ —2.42%).

5 Analysis

In this section, we conduct comprehensive experi-
ments to thoroughly investigate the mechanisms of
RMoA. The experiments are primarily divided into
ablation studies, cost analysis, and case studies.

5.1 Ablation Study

We conducted ablation experiments by fixing each
layer’s model to 6 Qwen2.5-7B-Instruct to system-
atically analyze the contribution of each RMoA
component to model performance. In the follow-
ing sections, we will analyze the impact of each
component in detail.

The number of responses selected through
greedy diversity embedding is a critical hyper-
parameter. As shown in Table 2, on the MATH
and CRUX datasets, model performance increases
when the response number K is 2 or 3, but de-
creases at K values of 4 and 5. Similarly, on the
MMLU-redux dataset, performance improves at
values of 2, 3, and 4, but declines at 5. Therefore,
selecting K = 3 strikes a balance between model
performance and computational cost. Notably, in
SMoA’s response selection process, K = 3 also
proves to be an optimal choice.

5.2 Budget Analysis

Models with strong comprehensive capabilities
can enhance the effectiveness of residual ex-
traction and aggregation. In our investigation
of the impact of different model capabilities on
residual extraction and aggregation, we selected
Llama3.1-8B-Instruct as the base model for our
experiments, with all proposers being Llama3.1-
8B-Instruct. For residual extraction, as shown in
Table 3, we fixed the residual aggregator as the
Llama3.1-8B-Instruct model and varied the resid-



Math CRUX MMLU-r Cost Model Extractor Aggreator
MoA 75.28 5731 62.70 176.59 Llama2-7B-Instruct 49.26 49.30
‘RMOA T TTo Llama3.1-8B-Instruct 52.10 52.10
JK=2 7624 58.12 71.30 104.47 Qwen2.5-72B-Instruct 53.38 80.16
z/ K=3 77.20 61.00 71.80 121.55 DeepSeek-R1-Distill-L1ama-70B 56.12 53.52
w/K=4 76.82 60.06 72.26 146.30
w/K=5 76.78 59.87 72.16 178.62

Table 3: Evaluating the Impact of Models as Residual Extractors

and Aggregators on MATH Dataset. LLaMA-3.1-8B-Instruct

Table 2: Hyperparameter analysis of the response
count K in Greedy Diversity Embedding Selec-
tion for Qwen2.5-7B-Instruct.
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Figure 3: Performance comparison of RMoA and MoA
across different layer counts on GPT-40 and Qwen2.5-
7B-Instruct.

Math CRUX MMLU-r Cost
MoA 7528 5731 62.70 176.59
“RMOA 7720 6100 7180  121.55
w/oES 7690  60.37 72.10 207.23
w/oRA 7590  59.37 71.60 90.37
w/o AT  77.10  59.62 71.70 138.56

Table 4: Ablation study results with Qwen2.5-7B-
Instruct. ES, RA, and AT correspond to Greedy Diver-
sity Embedding Selection, Residual Extraction Agent,
and Adaptive Termination.The cost metric refers to the
total dollar expenditure of the method across the three
datasets. It is calculated based on the Tother API’s pric-
ing model, which charges $0.30 per 1 million tokens.

ual extractor model. The results indicate that using
the more capable Qwen2.5-72B and Deepseek-R1-
Distill-Llama-70B models improved performance
on the MATH task by 1.28% and 4.02%, respec-
tively. In contrast, the less capable Llama2-7B-
Instruct led to a performance decrease of 2.84%. A
similar trend was observed for residual aggregation.
Notably, when using Qwen2.5-72B-Instruct for ag-
gregation, performance increased significantly by
28.06%. This improvement may be attributed to
the aggregator not only referencing the informa-

acts as the aggregator when evaluating extractors, and vice versa.
The setup uses four RMoA layers with LLaMA-3.1-8B-Instruct
as the proposer.
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Figure 4: Performance comparison of RMoA and MoA
across different layer counts on Llama3.1-8B-Instruct
and Gemma?2-9B-Instruct.

tion provided by the extractor and residuals but
also leveraging its own knowledge for aggregation.
This phenomenon aligns with previous findings
(Xie et al., 2024) on cognitive biases and the curse
of knowledge in Large language models.

RMoA demonstrates a stronger capability for
deep-level iteration. As shown in Figure 3 and
Figure 4, the performance of different models on
the MATH dataset continuously improves with the
increase in layers, whereas MoA exhibits varying
degrees of decline across all models. This further
indicates that MoA may generate hallucinations
during the iteration process, leading to originally
correct answers becoming incorrect. In contrast,
RMOoA completes the task more effectively, show-
casing its potential for deeper-level iteration com-
pared to MoA.

Cost Efficiency Analysis

Adaptive Termination mitigates performance
degradation caused by hallucinations due to ex-
cessive iterations and helps reduce costs. As
shown in Table 4, Adaptive Termination led to
varying degrees of improvement across different
datasets, with the most notable increase of 1.38%
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observed on the CRUX dataset. This improvement
is likely because smaller models may generate hal-
lucinations when they continue to update responses
after already providing correct answers. Addition-
ally, the implementation of adaptive early stopping
resulted in a cost savings of $17.01.

In Figure Sa, we present the relationship between
ACC and the total inference cost on the MATH
benchmark. Since we are using local inference,
accurately quantifying specific costs is challeng-
ing. Therefore, we utilize model pricing from
the API website for our calculations. The chart
illustrates a Pareto frontier, indicating that certain
models achieve a better balance between cost and
performance. Models closer to the Pareto frontier
are more cost-effective. Specifically, our RMoA,
by selecting three differentiated responses and em-
ploying Qwen2.5-7B-Instruct as the model for all
agents, achieves the optimal configuration. Com-
pared to MoA with the same model configuration,
RMoA improves performance by 1.92% while cost-
ing only 68.83% of MoA.

TFLOPs Analysis Due to the varying laten-
cies caused by different inference systems, we use
the number of TFLOPs as a proxy for latency.In
Figure 5b,the chart describes the relationship be-
tween ACC and the number of TFLOPs, where
a Pareto frontier is also observable. Models on
this frontier effectively utilize their computational
resources to maximize accuracy on MATH. Specif-
ically, compared to MoA with the same configura-
tion, RMoA achieves a 1.92% increase in accuracy
while reducing TFLOPs by nearly 31.88%.

5.3 Case Study

By demonstrating the effectiveness of greedy diver-
sity selection and residual extraction (more details
in Figures 14 and 15), we observe that the re-

sponses from the four models contain a amount of
homogeneous content. After applying greedy diver-
sity selection, GPT-40 and Qwen2.5-7B-Instruct
were chosen. These two responses encompass the
vast majority of the content from all responses,
highlighting the effectiveness of the greedy diver-
sity selection method. Additionally, by performing
residual extraction on the responses selected from
two consecutive rounds, we identified additional
information and detail discrepancies related to the
questions. This provides a solid foundation for
subsequent residual aggregation.

6 Conclusion

This paper introduces the RMoA Framewrok,
which ultilizes iterative collaboration to improve
MAS capabilities. We propose Greedy Differential
Embedding Selection, Residual Agent, and Adap-
tive Termination Mechanism to achieve diversity
maximization and residual compensation. The pro-
posed RMoA alleviates the problems of high com-
putational overhead, information loss and robust-
ness of traditaional MoA architecture. We conduct
extensive evaluations across a variety of tasks and
explore the potential of RMoA through ablation
studies and cost analysis.

Limitation

In this work, we introduce residuals to mitigate
information loss between layers, enabling our
method to achieve performance gains even at deep
layers. However, due to time and cost constraints,
we have not yet explored the performance limits of
our approach. In future work, we aim to evaluate
the performance limits of various models across
different depths and analyze the scaling laws that
govern these limits.
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A Prompt Design

In this section, we provide all the prompts used by
RMOoA in the experiments. Specifically, Figure 6
illustrates the prompts used by RMoA’s residual
extraction and residual aggregation agents. Mean-
while, Figure 7 displays the prompts employed in
the baseline models MoA and SMoA, which were
sourced from their official GitHub projects.

Additionally, to enhance the distinctiveness of
model outputs, we assigned different role-playing
descriptions (Jinxin et al., 2023) to each dataset.
Specifically, Figure 8 presents the role prompts
for AlpacaEval 2.0, Figure 9 showcases the role
prompts for CRUX, and Figures 10 and 11 display
the role prompts for MATH and MMLU-Redux,
respectively.

For different datasets, we employed distinct rea-
soning modes to optimize performance. As shown
in Figures 10 and 11, we used a few-shot approach
for the MATH dataset. Figure 12 illustrates the
use of Chain-of-Thought (CoT) reasoning for the
CRUX dataset. Due to the extensive nature of the
CoT content for MMLU-Redux, the prompts can
be found in the code’s prompt file. Lastly, for Al-
pacaEval 2.0, we adopted a zero-shot approach.

Benchmark Method
MATH Few-Shot
CRUX CoT
MMLU-redux CoT

AlpacaEval 2.0 Zero-Shot

Table 5: Inference Modes for Different Datasets

B Acknowledgment of Al Assistance in
Writing and Revision

We utilized ChatGPT-4o for paper refinement and
grammar correction.

C More results

As shown in 6 and 7,the benchmark performance
of Qwen2.5-7B-Instruct and GPT-40 across differ-
ent layers on the RMoA framework, as shown in the
tables, indicates a trend of increasing performance
with deeper layers. For Qwen2.5-7B-Instruct, there
is a consistent improvement across the MATH,
CRUX, and MMLU-r benchmarks, with CRUX
showing a notable increase from 57.12% at Layer
1t0 61.00% at Layer 6. Similarly, GPT-40 demon-
strates an upward trend, with MATH scores rising
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Math CRUX MMLU-r
RMOA

Layer 1 7532 57.12 69.96
Layer2 77.02 58.50 70.83
Layer3 77.10 59.50 70.9

Layer4 77.14 60.01 70.93
Layer5 77.26 60.05 71.80
Layer 6 77.20 61.00 71.80

Table 6: The benchmark performance of Qwen2.5-7B-
Instruct at different layers on RMoA.

Math CRUX MMLU-r

RMOA
Layer 1 79.18 86.68 83.73
Layer2 80.08 86.81 86.06
Layer3 80.44 87.18 86.56
Layer4 81.16 87.17 86.62
Layer5 8132 87.37 86.68
Layer6 81.34 87.37 86.67

Table 7: The benchmark performance of GPT-40 at
different layers on RMoA.

from 79.18% at Layer 1 to 81.34% at Layer 6, and
comparable improvements in CRUX and MMLU-r
benchmarks. These results suggest that the RMoA
framework effectively mitigates information loss
between layers, leading to enhanced performance
in deeper layers, and highlighting the potential for
further exploration into layer depth optimization to
achieve even greater performance gains.



Detailed Prompt

Residual Extraction Prompt for RMoA:

You are tasked with performing Residuals Simulation in Residual Networks.

Tasks:

Compare the results of multiple model responses from the previous round with those from the current round. Identify
specific differences such as content hallucinations, detail discrepancies, or additional information. If no significani
differences are found, indicate accordingly. Ensure that only genuine residuals are reported.

Chain-of-thought:

1. Comparison Basis:

Perform a one-to-one comparison between each model's response from the previous round and its corresponding
response in the current round.

2. Types of Residuals to Identify:

Content Errors (Hallucinations): Factual inaccuracies or fabricated information introduced in the current response.
Detail Discrepancies:Missing details, additional specifics, or changes in the level of detail.

Additional Information:New information or perspectives not present in the previous response.

3. Output Format:

Overall Indicator:

Start with *"Residuals Detected: Yes" if at least one model has residuals.

Use ""Residuals Detected: No" if no significant differences are found across all models.

Residual Details:

For each model with residuals, provide a concise description of the specific differences.

List each model's residual on a separate line, prefixed by the model number for clarity.

4. Authenticity Assurance:

Only report actual differences. Do not infer or generate residuals that do not exist.

Verify each identified residual to ensure its validity and relevance.

Residual Aggregation Prompt for RMoA:

You are the “Residual Aggregator.” You have two key inputs: previous response and current-layer
residuals.Deliver a well-rounded, error-free, and unbiased final answer that demonstrates thorough integration of
all relevant information.

Tasks:

1. Synthesize all responses into a single, concise, and accurate answer.

2. Integrate Residuals to fill gaps, include alternative views, and correct errors.

3. Evaluate Ciritically for bias or inaccuracy, ensuring reliability and objectivity.

4. Present Structurally, maintaining clear organization and logical flow.

Chain-of-Thought:

1. Review all responses for common points and discrepancies.

2. Draft a unified answer that captures essential information.

3. Incorporate Residuals by adding unique insights or corrections.

4. Finalize the response for clarity, coherence, and impartiality.

Figure 6: Agent Prompt Design-Part One
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Detailed Prompt

Aggregation for SMoA and MoA:

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.

Moderator & Judge Pormpt for SMoA:

You are a moderator. You will be provided with a set of responses from various open-source models to the latest user
query. Your task is to carefully and meticulously select [Response Number] responses from them, according to
correctness, fluency, relevance, and quality. It is crucial to critically evaluate the information provided in these
responses, recognizing that some of them may be biased or incorrect. Additionally, you need to decide whether to
end the debate by measuring the consistency between responses and giving an indicator controlling ending the
debate or not. The output should be a markdown code snippet formatted in the following schema: "reasoning": str //
Logical reasoning behind the chosen response "chosen responses": list / the best [Response Number] response.
For example [0, 1] "end debate": bool // whether end the debate Question:

AlpacaEval2.0 Role Description Prompt:

Role1: You are a natural language processing researcher specializing in evaluation methodologies for large
language models. You are analytical, detail-oriented, and deeply invested in addressing biases in automated
assessment systems. You collaborate with Al ethics teams at tech conferences, publishing papers on robust
evaluation metrics and developing protocols to ensure fair model comparisons.

Role2:You are a data scientist with expertise in statistical bias correction and metric design. You are pragmatic,
numerically adept, and excel at identifying confounding variables in evaluation frameworks. You work at a machine
learning startup, developing novel technigues to isolate model capabilities from superficial factors like response
length through rigorous statistical analysis.

Role3: You are an Al alignment engineer focused on instruction following robustness. You are systematic, solution-
driven, and passionate about bridging the gap between human intent and model behavior. You participate in
developer forums and open-source communities, creating benchmarking tools that test models' ability to handle
nuanced real-world instructions.

Role4:You are an educational technology specialist designing Al literacy curricula. You are articulate,
pedagogically skilled, and passionate about translating complex evaluation concepts into accessible formats. You
collaborate with university Al labs and K-12 educators to create instructional materials that explain model
benchmarking principles to diverse audiences.

Roleb:You are a cognitive science researcher studying human-Al interaction patterns. You are curious,
interdisciplinary, and investigate how people perceive model response quality. You conduct user studies at human-
computer interaction conferences, providing empirical insights about the relationship between quantitative metrics
and subjective response quality assessments.

Figure 7: Agent Prompt Design - Part two
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Detailed Prompt

Role6:You are an open-source model evaluation platform maintainer. You are community-oriented, technically
proficient, and dedicated to building transparent benchmarking infrastructure. You coordinate with volunteer
developers and researchers to implement standardized testing protocols while maintaining compatibility with
diverse model architectures."

CRUX Role Description Prompt:

Rolel: You are a software engineer specializing in code optimization and refactoring. You are analytical, detail-
oriented, and passionate about improving code efficiency and readability. You work closely with other developers
and software architects, focusing on enhancing existing codebases and ensuring high performance and
maintainability. Your role often involves reviewing code, identifying bottlenecks, and implementing solutions to
optimize functionality.

Role2: You are a data scientist with expertise in machine learning and predictive modeling. You are innovative,
data-driven, and skilled at extracting insights from complex datasets. You collaborate with cross-functional teams,
including engineers and product managers, to develop models that predict outcomes and inform decision-making.
Your work involves using statistical methods and programming to analyze data and build robust models.

Role3: You are a computer science professor with a focus on programming languages and software
development. You are methodical, knowledgeable, and dedicated to teaching and mentoring students. In
academic settings, you engage in research and curriculum development, aiming to advance understanding in
programming theory and practice. You often participate in conferences and publish papers on software
engineering topics.

Role4: You are a technical writer specializing in software documentation. You are precise, communicative, and
skilled at translating complex technical concepts into clear and concise documentation. You work closely with
developers and product teams to create user manuals, APl documentation, and tutorials that help users
understand and utilize software effectively. Your role involves ensuring that documentation is accurate,
comprehensive, and accessible.

Role5: You are a software developer with a passion for coding and problem-solving. You are creative, resourceful,
and enjoy building applications from scratch. You frequently collaborate with designers and product managers to
create user-friendly software solutions. Your role involves writing clean, efficient code and staying up-to-date with
the latest programming languages and technologies to continuously improve your skills.

Role6: You are a cybersecurity analyst with expertise in software security and vulnerability assessment. You are
vigilant, analytical, and dedicated to protecting systems from cyber threats. You work with IT teams to identify and
mitigate security risks, conduct penetration testing, and develop strategies to enhance security protocols. Your
role involves staying informed about the latest security trends and technologies to safeguard digital assets.

Figure 8: Agent Prompt Design - Part Three
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Detailed Prompt

MATH Role Description Prompt:

Role1: You are a theoretical mathematician specializing in abstract algebra and number theory. You are highly
analytical, imaginative, and enjoy tackling complex and intricate problems. You thrive in academic environments,
collaborating with researchers and publishing papers in high-impact journals. Your work involves deep theoretical
exploration and developing proofs, often requiring meticulous attention to logical structures and patterns.

Role2: You are an experienced mathematics competition coach with a background in applied mathematics. You
are strategic, motivating, and skilled at identifying shortcuts and elegant solutions to problems. You frequently
mentor high school and college students preparing for prestigious mathematics contests. Your role often involves
breaking down complex problems into manageable parts and providing practical strategies for efficient problem-
solving under time constraints.

Role3: You are a computational scientist with a focus on algorithm design and optimization. You are resourceful,
technical, and enjoy applying mathematical principles to solve real-world challenges. You work closely with
engineers and programmers, leveraging your expertise to design efficient algorithms and analyze computational
complexity. Your work often involves developing mathematical models and using them to simulate and solve
challenging problems.

Role4: You are an educational content creator specializing in mathematics. You are creative, engaging, and
dedicated to making complex topics accessible to learners of all levels. You design interactive tutorials, videos,
and problem sets for online learning platforms. You frequently collaborate with educators and curriculum
developers, ensuring that your content is both pedagogically sound and highly engaging.

Role5: You are a graduate student pursuing a Ph.D. in mathematics, with a focus on combinatorics and
probability theory. You are inquisitive, methodical, and thrive on exploring mathematical problems from multiple
perspectives. You actively participate in academic conferences and collaborate with fellow researchers on joint
projects. Your role involves delving deep into problem derivations and providing clear, step-by-step explanations.

Role6: You are a professional actuary with expertise in risk assessment and statistical analysis. You are
pragmatic, detail-oriented, and adept at using mathematics to solve practical problems in finance and insurance.
Regularly collaborating with economists and financial analysts, you excel at deriving precise solutions and
explaining them in terms that are accessible to non-specialists.

MMLU-redux Role Description Prompt:

Role1:

You are a theoretical mathematician specializing in abstract algebra and number theory. You are highly analytical,
imaginative, and enjoy tackling complex and intricate problems. You thrive in academic environments, collaborating
with researchers and publishing papers in high-impact journals. Your work involves deep theoretical exploration and
developing proofs, often requiring meticulous attention to logical structures and patterns.

Figure 9: Agent Prompt Design - Part Four
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Detailed Prompt

Role2:

You are an experienced mathematics competition coach with a background in applied mathematics. You are
strategic, motivating, and skilled at identifying shortcuts and elegant solutions to problems. You frequently mentor
high school and college students preparing for prestigious mathematics contests. Your role often involves
breaking down complex problems into manageable parts and providing practical strategies for efficient problem-
solving under time constraints.

Role3:

You are a computational scientist with a focus on algorithm design and optimization. You are resourceful,
technical, and enjoy applying mathematical principles to solve real-world challenges. You work closely with
engineers and programmers, leveraging your expertise to design efficient algorithms and analyze computational
complexity. Your work often involves developing mathematical models and using them to simulate and solve
challenging problems.

Role4:

You are an educational content creator specializing in mathematics. You are creative, engaging, and dedicated to
making complex topics accessible to learners of all levels. You design interactive tutorials, videos, and problem
sets for online learning platforms. You frequently collaborate with educators and curriculum developers, ensuring
that your content is both pedagogically sound and highly engaging.

Role5:

You are a graduate student pursuing a Ph.D. in mathematics, with a focus on combinatorics and probability
theory. You are inquisitive, methodical, and thrive on exploring mathematical problems from multiple perspectives.
You actively participate in academic conferences and collaborate with fellow researchers on joint projects. Your
role involves delving deep into problem derivations and providing clear, step-by-step explanations.

Roleé:

You are a professional actuary with expertise in risk assessment and statistical analysis. You are pragmatic,
detail-oriented, and adept at using mathematics to solve practical problems in finance and insurance. Regularly
collaborating with economists and financial analysts, you excel at deriving precise solutions and explaining them
in terms that are accessible to non-specialists.

Figure 10: Agent Prompt Design - Part five
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Detailed Prompt

MATH few-shot Prompt:

Problem:

Kevin Kangaroo begins hopping on a number line at 0. He wants to get to 1, but he can hop only $\frac{1}X3}$ of
the distance. Each hop tires him out so that he continues to hop $\frac{1X3}$ of the remaining distance. How far
has he hopped after five hops? Express your answer as a common fraction.

Solution:

Let's think step by step

Kevin hops $1/3% of the remaining distance with every hop.

His first hop takes $1/3$ closer.

For his second hop, he has $2/3$ left to travel, so he hops forward $(2/3)(1/3)$.

For his third hop, he has $(2/3)"2$ left to travel, so he hops forward $(2/3)2(1/3)$.

In general, Kevin hops forward $(2/3){k-1}(1/3)$ on his $k$th hop.

We want to find how far he has hopped after five hops.

This is a finite geometric series with first term $1/3%, common ratio $2/3$, and five terms.

Thus, Kevin has hopped $\frac{\frac{1{3Neft(1-\left(\frac{2{3Nright)*5\right) {1-\frac{2{3}} = \frac{2111{243}3.
So the final answer is $\boxed{\frac{211{243}}$.

Problem:

What is the area of the region defined by the equation $xA2+y"2 - 7 = 4y-14x+3%?
Solution:

Let's think step by step

We rewrite the equation as $x"2 + 14x + yA2 - 4y = 10$ and then complete the square,
resulting in $(x+7)"2-49 + (y-2)72-4=108%,

or $(x+7)"2+(y-2)"2=63%.

This is the equation of a circle with center $(-7, 2)$ and radius $\sqri{63},$

so the area of this region is $\pi r2 = 63\pi$.

So the final answer is $\boxed{63\pi}$.

Problem:

If $x*2+y"2=1%, what is the largest possible value of $IxI+lyl$?
Solution:

Let's think step by step

If $(x,y)$ lies on the circle,

so does $(x,-y),$ $(-x,-y),$ and $(-x,-y),$ (which all give the same value of $ix| + lyl$),
so we can assume that $x \ge 0% and $y \ge 0.$

Then $ixl + lyl = x + y.$ Squaring, we get

\[(x +y)"2 =x"2 + 2xy + y"2 =1 + 2xy.\]

Note that $(x - y)*2 \ge 0.$

Expanding, we get $x2 - 2xy + y*2 \ge 0,% so $2xy \le x"2 + y"2=1.§
Hence 1 + 2xy \le 2)\]lwhich means $x + y \le \sqr{2}.$

Equality occurs when $x = y = \frac{1}{\sqr{2}},$

so the maximum value of $Ix| + Iyl$ is $\sqri{2}.$

So the final answer is $\boxed{\sqri{2}}$.

Figure 11: Math Few-shot Prompt-Part One
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Detailed Prompt

Problem:

If $f(x)=\frac{ax+bHcx+d}, abcd\not=0$ and $f(f(x))=x$ for all $x$ in the domain of $f$, what is the value
of $a+d$?

Solution:

Let's think step by step

The condition $f(f(x))$ means that $f$ is the inverse of itself,

so its graph is symmetrical about the line Sy = x$.

With a rational function of this form, we will have two asymptotes:

a vertical one at $x=—d/c$ if $cx+d$ does not divide $ax+b$,

and a horizontal one at $y=a/c$,

if we take the limit of $f(x)$ as $x$ goes to $\pm\infty$.

In order for $f$ to be its own inverse, the intersection of the asymptotes must lie on the line $y=x$
so that it and its asymptotes reflect onto themselves.

This means that $-d/c=a/c$,

and therefore $—d=a$%$ and $a+d=0%.

So the final answer is $\boxed{0}$.

Problem:

Expand $(2z"2 + 5z - 6)(3z"3 - 2z + 1)$.

Solution:

Let's think step by step

$$\begin{arrayHcrrrrrrr}

&&& 323 &K &-2Z & +1&\\

\times & & & & 2z"2 & +5z & -6 \\
\cline{1-7}\rule{0ptH0.17in}

& & & -18z"3 & & +12z & -6 & \\

& & +15z"4 & & —10z"2 & +5z & & \\

+ & 6z"5 & & —4z"3 & +2z"2 & & & \\
\cline{1-7N\rule{0ptH0.17in}

& 6z"5 & +15z"*4 & -22z"3 & — 8z"2 &+17z & -6 &
\end{array}$$

So the final answer is $\boxed{6z"5+152"4-222"3-82"2+17z-6}$.

Figure 12: Math Few-shot Prompt-Part Two

18



Detailed Prompt

CRUX Output prediction Chain-of-Thought Prompt:

You are given a Python function and an assertion containing an input to the function. Complete the assertion with
a literal (no unsimplified expressions, no function calls) containing the output when executing the provided code
on the given input, even if the function is incarrect or incomplete. Do NOT output any extra information. Execute
the program step by step before arriving at an answer, and provide the full assertion with the correct output in
[ANSWER] and [fANSWER)] tags, following the examples.

[PYTHON]
def f(s):
S=S+S5S
return "b" + s + "a"
assert f("hi") == 7?
[/PYTHON]
[THOUGHT]
Let's execute the code step by step:

1. The function f is defined, which takes a single argument s.

2. The function is called with the argument "hi", so within the function, s is initially "hi".

3. Inside the function, s is concatenated with itself, so s becomes "hihi".

4. The function then returns a new string that starts with "b", followed by the value of s (which is now "hihi"), and
ends with "a".

5. The return value of the function is therefore "bhihia".

[[THOUGHT]

[ANSWER]

assert f("hi") == "bhihia"

[/ANSWER]

[PYTHON]

{code}

assert f({input}) == 77
[/PYTHON]
[THOUGHT]

CRUX Input prediction Chain-of-Thought Prompt:

You will be given a function f and an output in the form f(??) == output. Your task is to find any input such that
executing f on the input leads to the given output. There may be multiple answers, but only output one. First, think
step by step. You MUST surround the answer with [ANSWER] and [f/ANSWER] tags. Express your answer as a
passing assertion containing the input and the given output.

[PYTHON]
def f(x):
return x + 1
assert f(??) == 17
[/PYTHON]
[THOUGHT]
To find an input such that executing f on the input leads to the given output, we can work backwards from the
given assertion. We know that f(??) == 17.

Since the function f(x) returns x + 1, for f(??) to be equal to 17, the value of ?? should be 16.
[[THOUGHT]

[ANSWER]

assert f(16) == 17

[/ANSWER]

[PYTHON]

{code}

assert f(77?) == {output}
[/PYTHON]
[THOUGHT]

Figure 13: CRUX Chain-of-Thought Prompt
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Case

Dataset: AlpacaEval 2.0

Question:What are the names of some famous actors that started their careers on Broadway?

Setting:Employ a four-layer architecture and four distinct models to provide responses, selecting two differentiated replies
using a Greedy Diversity Embedding Selection.

GPT-4o0: 1.Many famous actors began their careers on Broadway before transitioning to film and television. Here are some notable examples:

. Hugh Jackman - Before becoming famous for his role as Wolverine in the "X-Men" series, Hugh Jackman performed in several Broadway productions,
including "The Boy from Oz."

=]

. Sarah Jessica Parker - Known for her role as Carrie Bradshaw in "Sex and the City," Sarah Jessica Parker started her career on Broadway, appearing in
productions like "Annie."

w

. Kristin Chenoweth - An accomplished Broadway performer, Kristin Chenoweth gained fame for her role as Glinda in "Wicked" before moving on to film and
television.

'S

. Neil Patrick Harris - Before his television success in "Doogie Howser, M.D." and "How I Met Your Mother," Neil Patrick Harris performed on Broadway in
productions such as "Assassins" and "Hedwig and the Angry Inch."

w

. Idina Menzel - Known for her role as Elphaba in "Wicked," Idina Menzel has had a successful Broadway career and has also appeared in films like "Frozen,"
where she voiced Elsa.

=

. Nathan Lane - A well-known Broadway actor, Nathan Lane starred in productions like "The Producers" and has also appeared in films such as "The Birdcage.

=

. Bernadette Peters - A Broadway legend, Bernadette Peters has had a long and successful career on stage and has also appeared in films and television.
These actors are just a few examples of performers who began their careers on Broadway and went on to achieve fame in other entertainment mediums.

Llama3.1-8B-Instruct:There are numerous famous actors who started their careers on Broadway. Here's a comprehensive list of
some of the most notable ones:\n\n**Classic Hollywood Stars:**\n\n1. **Audrey Hepburn**: Made her Broadway debut in 1948 in \"High
Button Shoes\" and went on to become a Hollywood legend.\n2. **James Cagney**: Began his career on Broadway in the 1920s, appearing in
plays like \"Penny Arcade\" and \"The Right to Happiness.\"\n3. #*Lauren Bacall**: Made her Broadway debut in the 1940s, appearing in
productions like \"Too Many Girls\" and \"Woman of the Year.\"\n4. **Liza Minnelli**: Made her Broadway debut in the 1950s, appearing in
productions like \"Best Foot Forward\" and \"The Pajama Game.\"\n5. **Lauren Bacall's contemporary, **Al Pacino**: Began his career on
Broadway in the 1960s, appearing in productions like \"Does a Tiger Wear a Necktie?\" and \"The Indian Wants the Bronx.\"\n\n**Musical
Theater Stars:**\n\n1. **Julie Andrews**: Made her Broadway debut in the 1950s, starring in productions like \"The Boy Friend\" and \"My
Fair Lady.\"\n2. **Richard Gere**: Made his Broadway debut in 1975 in the production of \"Grease.\"\n3. **Nathan Lane**: Began his career
on Broadway in the 1980s, appearing in shows like \"The Producers\" and \"Guys and Dolls.\"\n4. **/dina Menzel**: Originated the role of
Maureen in the 1995 Broadway production of \"Rent\" and later won a Tony Award for her performance.\n5. **Neil Patrick Harris**: Began
his career on Broadway in the 1990s, appearing in productions like \"Rent\" and \"Assassins.\"\n6. **Lea Michele**: Began her career on
Broadway in 2003 in the musical \"Les Mis\uO0Oe9rables\" and went on to star in the TV show \"Glee.\"\n7. **Ben Platt**: Made his
Broadway debut in 2011 in the musical \"The Book of Mormon\" and won a Tony Award for his performance.\n\n**Modern Stars:**\n\n1.
**\fiola Davis**: Made her Broadway debut in 1996 in the play \"Seven Guitars\" and won a Tony Award for her performance.\n2. **Lin—
Manuel Miranda**: Began his career on Broadway in the 2000s, creating and starring in the hit musicals \"In the Heights\" and
\"Hamilton.\"\n3. **Leslie Odom Jr.**: Began his career on Broadway in the 1990s, starring in productions like \"Rent\" and \"Hamilton.\"\n4.
**Ren\u00e9e Elise Goldsberry**: Made her Broadway debut in 2004 in the musical \"Rent\" and won a Tony Award for her performance in
\"Hamilton.\"\n\n**Other notable actors:**\n\n1. **Helen Mirren**: Began her career on Broadway in the 1960s, starring in productions like
\"A Midsummer Night's Dream\" and \"Hamlet.\"\n2. **Robert De Niro**: Started out on Broadway in the 1960s, appearing in productions like
\"Greet\" and \"The Zoo Story.\"\n3. **Philip Seymour Hoffman**: Began his career on Broadway in the 1990s, starring in productions like
\"True West\" and \"Death of a Salesman.\"\n\nThis list is by no means exhaustive, but it highlights some of the most notable actors who
started their careers on Broadway and went on to achieve great success in film and television.

Qwen2.5-7B-Instruct:1. **Meryl Streep** — Streep began her career on Broadway with the play \"The Children's Hour\" in 1975. Her
performances there helped establish her as a talented actress.\n\n2. **Al Pacino** — Pacino was part of the New York Shakespeare
Festival\u2019s Public Theater company and appeared in several Broadway productions before transitioning to film and television. His early
experiences on stage significantly influenced his acting style.\n\n3. **Audrey Hepburn** - Although she is more famously known for her film
roles, Hepburn made her stage debut in \"Gigi\" on Broadway in 1958, which won her a Tony Award. This early exposure to live theater
undoubtedly contributed to her skill as an actress.\n\n4. **lan McKellen** — McKellen first came to prominence on Broadway, appearing in
productions such as \"Equus.\" His stage work laid the foundation for his later success in both theater and fiim.\n\n5. **Kathy Bates** —
Bates began her career in the late 1970s on Broadway, where she starred in \"The Miser\" and \"A Streetcar Named Desire.\" These roles
helped establish her as a versatile and talented actress.\n\n6. **Hugh Jackman** — Before his Hollywood success, Jackman had a successful
run on Broadway, most notably in \"Les Mis\uOOe9rables,\" where he originated the role of Jean Valjean. His time on stage was instrumental
in developing his acting skills.\n\n7. **Jeffrey Wright** — Wright has been a prominent figure on Broadway, including his roles in \"The Coast
Guard\" and \"Angels in America.\" His stage experience has been crugial in shaping his career in both theater and film.\n\n8. **Viola
Davis** — Davis started her acting career on Broadway, starring in \"Fences\" in 2010, which earned her a Tony Award. Her stage work has
been a significant part of her journey to becoming one of the most respected actresses in Hollywood.\n\nThese actors, among many others,
have transitioned from the stage to the screen, bringing their stage experience to enhance their performances in film and television.

Gemma2—9B—|nStl‘uc‘l:Bmadway has served as a launchpad for countless successful acting careers. \n\nHere are some notable
examples, spanning both classic Hollywood and modern stars:\n\n**Classic Hollywood:**\n\n* **Marlon Brando:** Known for his
revolutionary method acting, Brando began his career on Broadway with \"Truckline Cafe\" (1947). \n* **Humphrey Bogart:** The iconic
\"tough guy\" of film noir found his start on stage before achieving cinematic stardom.\n* **Robert De Niro:** Before dominating the silver
screen, De Niro honed his craft in off-Broadway productions.\n* **Audrey Hepburn:** Her Broadway debut in \"Gigi\" helped propel her to
international fame.\n* **James Dean:** While best known for his film roles, Dean's early career included a Broadway appearance in
\"Seether.\"\n\n**Modern Stars:**\n\n* **Daniel Radcliffe:** Famous for his portrayal of Harry Potter, Radcliffe gained valuable stage
experience starring in \"Equus\" on Broadway.\n* **Andrew Garfield:** Garfield's Broadway credits include \"Death of a Salesman\" and
\"Angels in America,\" which helped launch his successful film career.\n* **Lin-Manuel Miranda:** The creator and star of \"Hamilton\" and
\"In the Heights,\" Miranda's songwriting and acting talents were first showcased on Broadway.\n* **Zendaya:** While known for her
television and film work, Zendaya's early career included a role in \"Shake It Up: The Broadway Musical.\"\n* **Hugh Jackman:** Before
becoming a global icon as Wolverine, Jackman made his mark on Broadway, originating the role in \"The Boy from Oz.\"\n\n**QOther notable
names:**\n\n* **|dina Menzel:** Known for her powerful voice in \"Wicked\" and \"Frozen,\" Menzel's career began on Broadway.\n*
**Zachary Quinto:** His role in \"Angels in America\" led to his breakthrough in \"Star Trek.\"\n* **Jake Gyllenhaal:** Gyllenhaal's
dedication to the stage is evident in his various Broadway appearances, including \"Sunday in the Park with George.\"\n* **Denzel
Washington, Morgan Freeman, Tom Hanks, Viola Davis, Mathan Lane, Audra McDonald**\n\nThese are just a few examples of the many
talented actors who have honed their craft on the Broadway stage. \n\n\n\n",

Figure 14: An example to demonstrate Greedy Diversity Embedding Selection and Residual Extraction. Part One
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After Greedy Diversity Embedding Selection: GPT-40 and Qwen2.5-7B-Instruct

The response from the previous round of greedy diversity embedding selection:

Qwen2.5-7B-Instruct:

Several renowned actors have started their careers on Broadway before achieving fame in film and television. Here are
some notable examples:\n\nl. **Meryl Streep** - Streep began her career on Broadway with the play \"The Children's
Hour\" in 1975. Her performances there helped establish her as a talented actress.\n\n2. **Al Pacino** - Pacino was part
of the New York Shakespeare Festival\u2019s Public Theater company and appeared in several Broadway productions
before transitioning to film and television. His early experiences on stage significantly influenced his acting style.\n\n3.
** Audrey Hepburn** - Although she is more famously known for her film roles, Hepburn made her stage debut in
\"Gigi\" on Broadway in 1958, which won her a Tony Award. This early exposure to live theater undoubtedly contributed
to her skill as an actress.\n\n4. **Ian McKellen** - McKellen first came to prominence on Broadway, appearing in
productions such as \"Equus.\" His stage work laid the foundation for his later success in both theater and film.\n\n5.
**Kathy Bates** - Bates began her career in the late 1970s on Broadway, where she starred in \"The Miser\" and \"A
Streetcar Named Desire.\" These roles helped establish her as a versatile and talented actress.\n\n6. **Hugh Jackman** -
Before his Hollywood success, Jackman had a successful run on Broadway, most notably in \"Les Mis\u00e9rables,\"
where he originated the role of Jean Valjean. His time on stage was instrumental in developing his acting skills.\n\n7.
**Jeffrey Wright** - Wright has been a prominent figure on Broadway, including his roles in \"The Coast Guard\" and
\"Angels in America.\" His stage experience has been crucial in shaping his career in both theater and film.\n\n8. **Viola
Davis** - Davis started her acting career on Broadway, starring in \"Fences\" in 2010, which earned her a Tony Award.
Her stage work has been a significant part of her journey to becoming one of the most respected actresses in
Hollywood.\n\nThese actors, among many others, have transitioned from the stage to the screen, bringing their stage
experience to enhance their performances in film and television.

Gemma2-9B-Instruct:

Many famous actors have graced the Broadway stage before achieving stardom in film and television. Here's a list of
some notable names, categorized for clarity: \n\n**Legends:**\n\n* **Marlon Brando:** Known for his electrifying
performance in \"A Streetcar Named Desire.\"\n* **Humphrey Bogart:** A Hollywood icon who honed his skills on
Broadway in numerous productions.\n* **Robert De Niro:** Before becoming a cinematic legend, De Niro started his
career in off-Broadway theatre.\n* **Barbra Streisand:** Made her Broadway debut in \"I Can Get It For You
Wholesale,\" launching a career spanning music, film, and stage.\n* **Angela Lansbury:** A stage and screen legend
celebrated for iconic roles in \"Mame\" and \"Gypsy.\"\n* **Laurence Olivier:** Widely regarded as one of the greatest
actors of all time, Olivier had a long and illustrious Broadway career.\n* **Helen Mirren:** A Dame Commander of the
British Empire, Mirren won a Tony Award for her performance in \"The Audience.\"\n\n**Modern Stars:**\n\n*
**Denzel Washington:** A two-time Academy Award winner, Washington won a Tony Award for his performance in
\"Fences.\"\n* **Meryl Streep:** A record-breaking 21-time Academy Award nominee, Streep began her career on the
Broadway stage and won a Tony Award for \"The Cherry Orchard.\"\n* **Tom Hanks:** A beloved actor known for his
versatility, Hanks started his career in numerous stage productions.\n* **Scarlett Johansson:** A versatile actress who
earned a Tony nomination for her performance in \"A View from the Bridge.\"\n* **Daniel Radcliffe:** Famous for his
portrayal of Harry Potter, Radcliffe's early acting experience was on stage, including \"Equus\" on Broadway.\n* **Hugh
Jackman:** Won a Tony Award for \"The Boy From Oz\" before finding worldwide fame as Wolverine.\n* **Nathan
Lane:** A comedic powerhouse known for his roles in \"The Producers\" and \"Guys and Dolls.\"\n* **Lin-Manuel
Miranda: ** A Tony and Grammy Award winner, Miranda created and starred in the groundbreaking musical
\"Hamilton.\"\n\nThis list is by no means exhaustive. Many other talented actors have honed their craft on Broadway
before achieving success in other arenas. \n\n\n",

Residual Extraction:

Residuals Detected: Yes
Residual Details:
1. Model 1 Residuals:

Additional Information: The current response includes additional actors such as Sarah Jessica Parker, Kristin Chenoweth,
Neil Patrick Harris, Idina Menzel, and Bernadette Peters, who were not mentioned in the previous response.

Detail Discrepancies: The current response provides more specific examples of Broadway productions for each actor, which
were not detailed in the previous response.

2. Model 2 Residuals:**

- **Detail Discrepancies:** The current response maintains consistency with the previous round, providing similar details
and examples of actors' Broadway careers. However, there is a slight reordering and rephrasing of the content without
introducing new information or errors.

Figure 15: An example to demonstrate Greedy Diversity Embedding Selection and Residual Extraction. Part Two
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