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Multi-Agent Collaboration

> Multiple agents for task division

o E.g., in code generation task, the agents can include: Problem Analyser, Algorithm

Developer, Architecture Designer, Programmer, Tester, etc.

> Agent communication to bolster collaboration

o E.g, toresolve mathematical problems, one agent can provide its own solution based on

analysing and summarizing the answers from other agents.

> Multi-stage process of agent collaboration

O Decompose a task into multiple steps, where the agents on each step target to resolve the

problem based on results in previous steps.
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Key Questions

> Agent creation and optimization

o What types of agents should be integrated into the collaboration process, and

how can we create and/or optimize them?

> Communication structure determination

o How do the agents communicate with each other during the collaboration?

Which agents should be involved at each step of the process?
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Our Target

> Propose a general framework to optimize a multi-agent

collaboration process

o Our method can be generally applied to resolving complex tasks, within a multi-stage

collaboration framework consisting of multiple LLM agents.

> Optimize both the communication (structure) and

agents (functionality)

o Given the task, optimize the functionality of the agents, as well as the agent

collaboration and communication structure.
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Five Key Dimensions for Optimization

> Functional Optimization - optimize the agents

o Fun-1. Optimize existing candidate agents. E.g., optimize the instruction

prompts and/or few-shot examples of these agents.

o Fun-2: Generate and optimize a new agent to participate in the collaboration

process.
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Five Key Dimensions for Optimization

> Structural Optimization - optimize 3 types of controllers to

control communication

o Str-1: Choose the candidate agents from all existing agents before collaboration with

an optimizable LLM.

o Str-2: Select agents for participation and collaboration during certain step with an

optimizable LLM.

o Str-3: Use and optimize an LLM to decide how agents communicate with each other.
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Optimization Algorithm for a Single Dimension

- any of the five dimensions for optimization

— Semantic Initializer
S ---> B --> <
Q  Initialize a candidate set of
d% U ——— I </> agents/controllers with the
- ) = . same role. E.g., create k
: : : “Programmer” to write
' python code with different
instruction prompts.

Semantic Initializer )
—3
A _—_———r = m TP </>
do
Contrastive Comparator
Agents/Controllers with same role Collaboration with each agent/controller Performance Scores

f Q Generate a new agent or
: controller by contrasting and

reasoning the underlying
dq‘lo === ﬁ < { Jq-o v dq-o R factors for the given

Fostie Negative positive-negative pair.

Optimized Agent/Controller  Contrastive Comparator
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Example - Agent Optimization (Fun-1)

N P R A g S B R P PR PR S

|
iAgent 1 ("Programmer"): You are an intelligent programmer. You must complete the python function

|

' —
'given to you by the user. And you must follow the format they present when giving your answer! You ! —
«can only respond with actual code. L= /e = » 08%
B e I =

L]

) . o I —
1Agent 2 ("Programmer"): You are an experienced Python programmer. Your task is to implement the —

|
|
Semantic Initializer :provided function signatures and docstrings accurately. Remember to include comments throughout | = » = = » 0913
,your code and adhere to the format specified in the function signatures and docstrings. :
|

Collaborations  Performance Scores

Generating comments may be a
ey factor to improve efficiency:
of the Agent "Programmer”.

:Agent 3 ("Programmer"): You are an experienced Python programmer. Implement a
iPython function that performs the specified operation or algorithm as described in the

:provided docstring. Ensure that your implementation follows the format presented in the ! dq VS d‘
docstring and that the function handles the input parameters appropriately. Remember to: € = <= 0 ‘
linclude comments with your code. These comments should clarify the functionality of

:each line, making the code more understandable and logically structured. Remember to !

only respond with comments and actual code. : Contrastive Comparator

Postivie Negative
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lterative Optimization for Multiple Dimensions

Iterative Optimization

d  Considering both structural and
functional perspectives, we iteratively
optimize several points by refining each
one while keeping the others fixed.

Optimize the green agent
Keep the optimized

agent and structure,
then re-run the process
Update the optimized agent 1
L]
U O Iterative optimization is to ensure the
effectiveness of contrastive reasoning.
R That's to say, constrain the variables of a
positive-negative pair within a narrow
range to ensure all other factors remain
QL A Q consistent.
do do do

& /R i Efficient Contrastive Ability

b o 11



Applications &
Experiments




TEXAS

The University of Texas at Austin

WHAT STARTS HERE CHANGES THE WORLD

Code Generation

@ Query
def (n:int, p:int):
"""Return 2*n modulo p.
Examples:

Please follow the function
signature and complete
the implementation of the
Python function. Reply the
completion in a code
block.

d Dataset/Benchmark

o

Multi-Agent Collaboration

def (n:int, p: int):
"""Return 2*n
modulo p.
Examples:

nnn

return pow(2, n, p)

HumanEval: 160 human-labeled function-level completion codes and unit tests.

d Evaluation Metric

a

Pass@]: pass rate of the generated code for each problem.

Q
Base LLM
d  gpt-3.5-turbo-1106

13
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Experimental Results

>  Optimize Single Functional Dimension

a For fun-1, there are seven existing agents to optimize, which are ['PythonAssistant!,
'AlgorithmDeveloper', 'ComputerScientist!, 'Programmer’, 'Passer’, 'Tester!, 'Reflector']. For fun-2, we
generate a new agent added for collaboration and optimization.

Baselines
CodeT  AgentVerse =~ ADAS AFlow  DyLAN
Pass@1 67.50+168 78.2942.34 75.614206 85.63+2.10 85.744283

Method

OMAC (Functional Dimension)
Fun-1.1 Fun-1.2  Fun-1.3 Fun-14 Fun-1.5 Fun-1.6 Fun-1.7 Fun-2
Pass@1(%) 88.39+254 86.31+221 88.87+136 89.25+130 88.74+267 88.39+122 88.34+t142 86.77+243

Method

14
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Experimental Results

> Optimize Single Structural Dimension

Q  For str-1, we optimize a controller to select candidate agents before collaboration. For str-2, we
optimize a controller to rank and re-select agents during the collaboration. For str-3, we optimize
a controller to globally decide whether the output of one agent should be incorporated as input

context for another agent.

Baselines OMAC (Structural Dimension)

CodeT  AgentVerse = ADAS AFlow DyLAN Str-1 Str-2 Str-3
Pass@1 67.50+168 78.29+234 75.61+206 85.63+210 85.74+283 86.76+122 86.92+227 87.55+246

Method

15
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> Optimize Multiple Dimensions

Q Left: Optimize two best-performing dimensions (Fun-1.4 and Fun-1.3) one by one, repeating three
iterations.
a Right: Optimize two sub-optimal dimensions (Fun-1.4 and Str-3) one by one, repeating three iterations.
94 93
= = Fun-1.4 = = Fun-1.4
03] = = Fun-1.3 -—- Str-3
—#— OMAC 921 == OMAC
0
_ 927 I, il T 911 T
& 2 ’ c3 4
g P . J & 90 P T Y ey <L
S 7 \\ 4 S »7 [ e
S 904 8, LS o] 7
< Bl < go [ mem e nh e e s ) o e e e e e e i
89 G0 Lttt [Pt i S A S MG R S P S S P = I
88 A
88 R R A =
T T T T T T 87 T T T T T T
Fun-1.4 Fun-1.3 Fun-1.4 Fun-1.3 Fun-1.4 Fun-1.3 Fun-1.4 Str-3 Fun-1.4 Str-3 Fun-1.4 Str-3
Dimension being Optimized

Dimension being Optimized
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Arithmetic Reasoning

Problem: Tom has a red marble, a greeh marble, a blue
marble, and three identical yellow marbles. How many

different groups of two marbles can Tom choose?
1
Y

Multi-Agent Collaboration

\4
Solution: There are two cases here: either Tom chooses
two yellow marbles (1 result), or he chooses two marbles
of different colors ((g) = 6 results). The total number of

distinct pairs of marbles Tom can choose is 1 4+ 6 = .
Q Dataset/Benchmark

O  MATH: 7 subareas with 280 math questions and evaluation scripts.
A Evaluation Metric

Accuracy: ratio of the correct generated answers.
d BaselLLM

d  gpt-3.5-turbo-1106
17
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Experimental Results

> Optimize Single Dimension

a For fun-1, we can optimize the “System Prompt” or “Examples” of the agents. For fun-2, we generate and optimize a
new agent into collaboration. For str-1, we optimize a controller to select candidate agents before collaboration. For
str-2, we optimize a controller to rank and re-select agents during each turn of collaboration. For str-3, we optimize a
controller to decide whether the output of one agent should be incorporated as input context for another agent.

Method Baselines
SE SC LLM Debate ADAS AFlow DyLAN
Accuracy(%) 28.72+175  29.14+207 29.42+4233 28.944204 32494262 32.35+1.94
Method OMAC (Structural Dimension) OMAC (Functional Dimension)
Str-1 Str-2 Str-3 Fun-1.1 Fun-1.2 Fun-2

Accuracy(%) 33.34+145  33.41+137 33.70+162  3517+196  34.91+203  33.95+1.30

18
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Experimental Results

>  Optimize Multiple dimensions

a Left: Optimize two best-performing dimensions (Fun-1.1 and Fun-1.2) one by one, repeating three
iterations.
Q Right: Optimize two sub-optimal dimensions (Fun-1.1 and Str-3) one by one, repeating three iterations.
P | o Fun-1.1 44 == Fun-1.1
= = Fun-1.2 - Str-3
== OMAC > == OMAC
421 B O 421
l—’— 8 5 5
§40 = 2 40 // \\\\ W o it e
z 4 oy ’
e ¥4 g ’
S 38 ’ g 381 i
< < /4
-
36 ?,’ 36 1 A
344
i . s A U o T KL T 8 D At LR D, LU ) s P L T I P | PO I PO O S PR Sl i R s 0
Funll  Funl2  Funll  Funl2  Fun-ll  Fun-l2

Fun-l1l  Str3 Fun-ll  Str3 Fun-l1l  Str3
Dimension being Optimized Dimension being Optimized
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General Reasoning

"At the beginning of a class period, half of the students
in a class go to the library. Later in the period, half of
the remaining students go to the computer lab. If there
are 8 students remaining in the class, how many
students were originally in the class?”

(A) 12 students

(B) 16 students

(C) 24 students

(D) 32 students

()

Multi-Agent Collaboration

@ Query

Q Dataset/Benchmark
O  MMLU: multiple-choice questions across humanities, social sciences, hard sciences, and
other fields.
d  Evaluation Metric
O Accuracy: ratio of the correct answers.
d BaselLM

d  gpt-3.5-turbo-1106
20
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Experimental Results

> Optimize Single Dimension

J For fun-1, there are seven existing agents to optimize, which are [“Economist”, “Doctor”, “Lawyer”, “Mathematician”,
“Psychologist”, “Programmer”, “Historian”]. For fun-2, we generate and add one agent for collaboration and
optimization.For str-1, we optimize a controller to select candidate agents before collaboration. For str-2, we optimize
a controller to rank and re-select agents during each turn of collaboration. For str-3, we optimize a controller to

decide whether the output of one agent should be incorporated as input context for another agent.

Baselines OMAC (Structural Dimension)
SE LLM Debate =~ ADAS AFlow  DyLAN Str-1 Str-2 Str-3
Accuracy 65.76+231 68.74+267 69.02+244 70.06+257 69.42+216 73144224 72.06+196 73.18+147

Method

OMAC (Functional Dimension)
Fun-1.1 Fun-1.2  Fun-1.3 Fun-14  Fun-1.5 Fun-1.6  Fun-1.7 Fun-2
Accuracy 72.33+247 73.23+183 72.06+241 74224220 73.15+286 72.07+292 71.83+274 71.02+257

Method

21
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Experimental Results

>  Optimize Multiple Points

a Left: Optimize the two best-performing dimensions (Fun-1.4 and Fun-1.2) one by one, repeating three
iterations.

Q Right: Optimize the two sub-optimal dimensions (Fun-14 and Str-3) one by one, repeating three iterations.

79 79
= = Fun-1.4 - = Fun-1.4
= = Fun-1.2 == Str-3
78 A 78 4
== OMAC = == OMAC o
77 A ¥ 77
o=, 2 = 5 2
3\0, o\° e Bace: - - 9 -
2" FE-TTTTSSB ST 32— e
© 75.2 7’ ® 7
5 A 7’ 5 7
o 751 - ~ 7’ O 75 A 7
O - ~ 7 O 7
< s S<pe < 74.2 783
f=s ————————— —— e — — b— W ———— ————————— — o
74 i = e 74 1ﬁ-—'“ = I
7 [ e S0 o ot s e oy s s s [ R A PO S (SRS S ———a——
72 T T T T T T 72 _,_ T T T T T
Fun-1.4 Fun-1.2 Fun-1.4 Fun-1.2 Fun-1.4 Fun-1.2 Fun-1.4 Str-3 Fun-1.4 Str-3 Fun-1.4 Str-3
Dimension being Optimized Dimension being Optimized
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Ablation Study

> OMAC-C

Qd  Exclude the Contrastive Comparator and only keep Semantic Initializer.
O  First initialize a set of agents/controllers. Then evaluate each on the training data and select the
one with the best performance for inference.

> Both modules are effective

Method Str-1 Str-2 Str-3 Fun-1.1 Fun-1.2 Fun-2

OMAC-C 32.64+1.98 32.67+2.10 32.764231 34.204+2.87 33.69+2.32 32.71+2.03
OMAC 33.06+1.62 33.14+122 33.38+1.83 35.01+2.66 34.82+221 33.67+0.61

23
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Conclusion

> A general framework for multi-agent collaboration optimization

O  Our framework is highly adaptable, enabling the automatic optimization of solutions for
various tasks.

> Structural and functional optimization

O  We summarize and implement five key dimensions for both structural and functional optimization.

> Single-dimensional and multi-dimensional optimization

d  We design optimization algorithms for a single dimension as well as for iteratively optimizing
multiple dimensions.

25



@ TEXA.S WHAT STARTS HERE CHANGES THE WORLD

‘The University of Texas at Austin

Limitation and Future Work

> Computation cost and robustness

O  OMAC relies heavily on the knowledge and reasoning capabilities of LLMs. This may
introduce high variance due to the inherent diversity and uncertainty of LLM-generated

outputs, especially within a multi-agent system.
 Contrastive reasoning needs evaluating agents or controllers across the entire training
dataset. This ensures robust and representative performance evaluations, but

significantly increases computational costs.

> More components and new optimizer

d Extend OMAC to optimize other components of MAS, such like memory control and

safety check.
Qd  Apart from utilizing LLMs to optimize, integrate other methods such as prompt-tuning for

more controllable and fine-grained optimization.
26
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Validation of iterative optimization
>  Optimize Multiple Points

Q Left: Optimize Fun-1.1and Fun-1.2 iteratively.
O Right: Optimize Fun-1.1 and Fun-1.2 jointly.

39
== Fun-1.1 == Fun-1.1
| — = Fun-1.2 H
- OMAC , 387 = omac A i &
42 - s _§ ——————— -0 -
— [
= . e . 371
O Q
3\;40' g ?; 36.1 : 36.0
[ .
® ’ 2 36 B B T 1y ——¢
o V4 fos 56’— oy -
3 38 / 3 %4 =
&) g s B s s e e S S S S S S S S S S S S SN S S S S — e
- 35 -
36 57 o B
34 i
___________________ (R i e
B e T e P e = =
Fun-1.1 Fun-1.2 Fun-1.1 Fun-1.2 Fun-1.1 Fun-1.2 33 ! H : :
un-1. un-1. ) un-1. un-1. un-1. un-1. 1 2 3 4 5 6
Dimension being Optimized

Iteration of Contrastive Reasoning
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Hyperparameter Sensitivity

> Sjze of initial collection

Table 5: Accuracy (%) of OMAC on each dimension with different sizes of initial collection on

arithmetic reasoning task.

WHAT STARTS HERE CHANGES THE WORLD

Collection Size Str-1 Str-2 Str-3 Fun-1.1 Fun-1.2 Fun-2
g=1 32.63+1.42 32.69+2.22 32.78+253 33.134284 32914243 32.71+1.93
=12 32.85+1.76 32.88+1.97 32.94+2.14 34.26+2.63 33.62+2.32 33.27+1.71
2=193 33.06+1.62 33.14+1.22 33.38+1.83 35.01+2.66 34.82+2.21 33.67+0.61
g=4 33.15+142 33.23+0.78 33.51+1.53 35314184 35.04+2.01 33.93+1.23
2=9 33.23+1.13 33.31+0.56 33.67+1.4 35.47+1.95 35.19+1.74 34.18+0.61

30
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Hyperparameter Sensitivity

>  Maximum number of contrasting iterations

Table 6: Accuracy (%) of OMAC on each dimension with different maximum number of contrastive
reasoning iterations on arithmetic reasoning task.

Number of Iterations Str-1 Str-2 Str-3 Fun-1.1 Fun-1.2 Fun-2
=1 32.59+1.75 32.61+236 32. 7442385 32.99+225 32.83+2.65 32.67+231
w=2 32.78+2.03 32.80+1.75 32.88+2.32 34.02+2.34 33.64+2.76 33.17+242
w=3 33.06+1.62 33.14+122 33.38+1.83 35.01+2.66 34.82+221 33.67+0.61
w=4 33.18+1.03 33.26+1.23 33.54+1.62 35.38+1.55 35.16+1.23 34.04+0.78
w=2Hy 33.26+0.73 33.35+1.13 33.71+1.04 35.61+1.76 35.33+1.32 34.22+0.75
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Prompt Templates - Semantic Initializer ceneral Reasoning

iy

Fun-1

Generate {initialization number} distinct prompts to instruct an LLM to
resolve some general reasoning problems acting as the given role: {optimized
agent role}.

Each prompt should guide the model to accurately and efficiently resolve
problems while adhering to the specified role.

Each prompt must begin strictly with the following content: {basic
description of the optimized agent}. Then, you should consider
adding more detailed, logical, and through instructions, which can help the
LLM resolve problems better acting as the given role.

Do not output anything currently. Instead, I will provide a sequence number,
and you should return only the corresponding prompt one by one.

Do not create any specific instances of the problems in the prompt, cause they
are not provided now.

Ensure that the generated prompts follow the given example format but differ in
content and structure from the example itself. The example is as follows:

{one-shot example}.

32
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Prom pt Tem plates - Semantic Initializer ceneral Reasoning

Fun-2

Generate {initialization number} distinct prompts to instruct an LLM
to resolve some general reasoning problems related to math, hard science,
humanities, and social sciences. There are some existing agents in the system to
resolve the problems, whose roles are: {roles of existing agents}.

You need to generate some new roles and prompts for the LLM to better resolve
the problems.

First, determine the roles of these prompts. Next, create the prompts that
instruct the LLM to resolve problems based on the defined roles.

Do not output all the generated roles and prompts at once. Instead, I will request
either the k-th role or the k-th prompt individually. When asked, directly output
the corresponding content of the role name or prompt one at a time.

Do not create any instances of the problems in the prompt, cause they are not
provided now.

You can decide the content and detailed functional instructions of the roles and
prompts. You may consider adding more detailed instructions to help the LLM
resolve problems.

The following is an example of a role and the corresponding prompt (also
ensure your output is different from the example role and prompt):

{one-shot example}.

33
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Prom pt Tem plates - Semantic Initializer ceneral Reasoning

Str-1

Generate {initialization number} distinct prompts for an LLM to choose
some top agents best suited for resolving some general reasoning problems
related to math, hard science, humanities, social sciences, etc.

Don’t directly output all the generated prompts. I will provide you the sequence
number of the prompt. Then you should directly output the content text of the
corresponding prompt one by one.

Each prompt should decide and specify the number of the chosen agents. The
minimal number is 4 and maximum number is 7.

Each prompt should help to accurately and efficiently identify the top agents
best suited for problem-solving.

Note that all information about the task and candidate agents has been
previously provided as the context. The prompt generated here will be added to
the context to form the final prompt for agent selection.

You may consider adding more detailed and thorough instructions to help the
LLM select the top agents better.

The following is an example of a prompt (also ensure your output is different
from the example prompt):

{one-shot example}.

34
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Prom pt Tem plates - Semantic Initializer ceneral Reasoning

Str-2

Generate {initialization number} distinct prompts for an LLM to choose
some top solutions for best resolving some general reasoning problems related
to math, hard science, humanities, social sciences, etc.

Don’t directly output all the generated prompts. I will provide you with the
sequence number of the prompt. Then you should directly output the content
text of the corresponding prompt one by one.

You can decide the number of the chosen solutions and the content of the
prompt. The number of solutions should be between 2 and 7.

The prompt should help to accurately and efficiently select the top solutions
that resolve the given problems best.

Note that all the solutions and the problem have been previously provided as
the context. The prompt generated here will be added to the context to form the
final prompt for solution selection.

You may consider adding more detailed and thorough instructions to help the
LLM select the top solutions better.

The generated prompt should specify the output format like the given example
(also ensure that it is different from the example prompt):

{one-shot example}.

35
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Prompt Templates - Semantic Initializer ceneral Reasoning

Str-3

Generate {initialization number} distinct prompts for an LLM to choose
some top candidate agents whose generated solutions to some general reasoning
problems may be useful as inputs for the current agent to produce improved
solutions.

Don’t directly output all the generated prompts. I will provide you with the
sequence number of the prompt. Then you should directly output the content
text of the corresponding prompt one by one.

You should decide the number of chosen agents and the content of the prompt.

The number of chosen agents should be between 4 and 7.

Each prompt should help to accurately and efficiently identify the top candidate
agents whose generated solutions are helpful to be taken as input for the current
agent.

Note that all information about the candidate agents and the current agent has
been previously provided as the context. The prompt generated here will be
added to the context to form the final prompt for agent selection.

You may consider adding more detailed and thorough instructions to help the
LLM select the candidate agents better.

The following is an example of a prompt (also ensure your output is different
from the example prompt):

{one-shot example}.

36
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Prompt Templates - Contrastive Comparator (ceneral reasoning)

a a

Fun-1

Generate and output a child prompt for an LLM to resolve some general reason-
ing problems acting like the given role: {optimized agent role}.

At the end, a pair of parent prompts is provided: one positive and one negative.
The positive parent prompt has been shown to be more effective and efficient in
guiding the LLLM to resolve problems following the given role.

Your task is to carefully compare the two parent prompts, identifying the key
reasons why the positive parent prompt performs better. Based on these insights,
generate and output a child prompt that further improves upon the positive
parent prompt to enhance problem-solving.

Do not create any instances of the problem in the prompt, cause they are not
provided now.

The child prompt must begin strictly with the following content: {basic
description of the optimized agent}. Then, you can consider adding
more detailed, logical, and through instructions based on the insights you have
gained from the comparison.

Output only the content of the child prompt excluding the reasoning process.
Here is the positive-negative pair of parent prompts: {positive/negative
prompts}.

37
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Prompt Templates - Contrastive Comparator (ceneral reasoning)

Fun-2

Generate and output a pair consisting of a role name and its corresponding
prompt, designed to resolve some general reasoning problems (related to math,
hard science, humanities, social sciences, etc.).

First, determine the role of the LLM. Next, create a prompt that effectively
instructs the LLM to resolve problems based on this role.

I will provide two parent role-prompt pairs: one positive and one negative.

The positive pair has been proven to be more effective in guiding the LLM to
generate high-quality solutions for general problems.

Your task is to carefully analyze both parent pairs, identifying the factors that
make the positive pair superior. Based on this analysis, generate and output a
child role and prompt pair that improves upon the positive parent pair and leads
to even better problem resolution.

The child prompt must be distinct from both parent prompts while incorporating
the lessons learned from their comparison.

Do not output the role and prompt immediately. I will request them separately,
and when asked, provide only the corresponding content—either the role name
or the prompt.

Here is the positive-negative pair of parent prompts: {positive/negative
prompts}.

38
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Prompt Templates - Contrastive Comparator (ceneral reasoning)

Str-1

Create and output a child prompt for an LLM to choose some top agents that
best suited for resolving some general reasoning problems related to math, hard
science, humanities, social sciences, etc.

I will provide you with a pair of parent prompts. Then you should only output a
child prompt according the following instructions:

The positive parent prompt is proven to be more helpful and efficient to instruct
the LLLM to select more useful and effective agents for problem resolution.
You should carefully compare the two parent prompts, finding the potential
reasons why the positive parent prompt is better than the negative parent prompt.
Based on that, you should generate and output a child prompt that can help to
choose top agents more effectively and efficiently than the positive prompt.
The child prompt should follow the format of the parent prompts.

The child prompt should be different from the parent prompts. And directly
output the content text of the child prompt.

Here is the positive-negative pair of parent prompts: {positive/negative
prompts}.

39
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Prompt Templates - Contrastive Comparator (ceneral reasoning)

Str-2

Create and output a child prompt for an LLM to choose some top solutions
for resolving some general reasoning problems (related to math, hard science,
humanities, social sciences, etc.) best.

I will provide you with a pair of parent prompts. Then you should only output a
child prompt according the following instructions:

The positive parent prompt is proven to be more helpful and efficient to instruct
the LLM to select more useful and effective solutions to resolve the problems.
You should carefully compare the two parent prompts, finding the potential
reasons why the positive parent prompt is better than the negative parent prompt.
Based on that, you should generate and output a child prompt that can help to
choose top solutions more effectively and efficiently than the positive prompt.

The child prompt should follow the format of the parent prompts.

The child prompt should be different from the parent prompts. And directly
output the content text of the child prompt.

Here is the positive-negative pair of parent prompts: {positive/negative
prompts}.
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Create and output a child prompt for an LLM to choose some candidate agents
whose generated solutions to some general reasoning problems may be useful
as inputs for the current agent to produce improved solutions.

I will provide you a pair of parent prompts. Then you should only output a child
prompt according the following instructions:

The positive parent prompt is proven to be more helpful and efficient to instruct
the LLM to select more useful and effective agents.

You should carefully compare the two parent prompts, finding the potential
reasons why the positive parent prompt is better than the negative parent prompt.
Based on that, you should generate and output a child prompt that can help to
choose top agents more effectively and efficiently than the positive prompt.
The child prompt should follow the format of the parent prompts.

The child prompt should be different from the parent prompts. And directly
output the content text of the child prompt.

Here is the positive-negative pair of parent prompts: {positive/negative
prompts}.
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Dimension |

Fun-1

Default
Prompt

You are a mathematician. You are good at math games, arithmetic calculation,
and long-term planning. Please provide a step-by-step approach to solve some
provided mathematical problems.

Optimized
Prompt

You are a mathematician. You are good at math games, arithmetic calculation,
and long-term planning.

When devising a step-by-step strategy for solving a complex optimization
problem involving multiple variables and constraints, consider breaking down
the problem into smaller, more manageable sub-problems.

Analyze the objective function and constraints to understand their impact on
the feasible solution space. Explore various solution methods such as linear
programming, gradient descent, or integer programming to determine the most
suitable approach for the problem at hand.

Finally, implement the chosen method meticulously while constantly evaluating
its efficiency and accuracy. If necessary, iterate on the strategy to improve the
optimization process.

Explain the rationale behind each step of your chosen approach.
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Dimension | Fun-2

Default | You are a super-intelligent Al assistant capable of performing tasks more effec-
Prompt | tively than humans.

You are a Data Analyst. You need to provide a detailed explanation of how
to use statistical techniques to identify and analyze patterns for the data in the
Optimized | given question.

Prompt | Provide a step-by-step guide on how to conduct the analysis for a given dataset.
Also, provide a clear and detailed explanation of the process for selecting an
appropriate statistical approach.
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Dimension | Str-1

Here is the task and question: {task context}.

These are the agents and their functional description: {candidate agents’
Default functionalities}.

krompt Take functionality, efficiency, and necessity into consideration, choose
top 5 agents best suited for resolving the given problem. Think it step by step.
Put your answer in the form like [1,3,4,5,6] at the end of your response.

Here is the task and question: {task context}.
These are the agents and their functional description: {candidate agents’
functionalities}.

To address general reasoning problems across various disciplines such

as math, hard science, humanities, and social sciences, it is crucial to identify

Optimized | the top 6 agents with exceptional problem-solving abilities and expertise in
Prompt | diverse areas.

These agents should demonstrate proficiency in critical thinking, logical

reasoning, and analytical skills to effectively resolve multifaceted problems.

Evaluate the candidates based on their demonstrated knowledge, adaptability,

and capability in tackling complex reasoning challenges.

After carefully assessing these criteria, provide your response in the form

[1,2,3,4,5,6] at the end of your submission.
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Dimension \ Str-2

Here is the task and question: {task context}.

These are the solutions to the problem from other agents: {previous agents’
Default solutions}.

Prompt
Please choose the best 2 solutions and think step by step. Put your an-
swer in the form like [1,2] or [3,4] at the end of your response.

Here is the task and question: {task context}.
These are the solutions to the problem from other agents: {previous agents’
solutions}.

Analyze the given context thoroughly and choose the top 3 solutions
Optimized | based on their ability to accurately and efficiently resolve the given problems.
Prompt | The selected top solutions should be effective in resolving reasoning problems
in various fields including math, science, humanities, and social sciences.
Consider practical applicability, logical soundness, and clarity of each solution.
Then think step by step to clearly explain how each solution can be applied in
different scenarios.
Please put your answer in the form like [1,2,3] at the end of your response.
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Dimension |

Str-3

Default
Prompt

Here is the functional description of the current agent: {current agent’
functionality}.

These are the candidate agents and their functional description: {candidate
agents’ functionalities}.

Take functionality, efficiency, and necessity into consideration. Select
the top 5 candidate agents whose generated solutions to some general reasoning
problems can be mostly useful as inputs for the current agent to produce
improved solutions. Think it step by step.

Put your answer in the form like [1,2,3,4,5] at the end of your response.

Optimized
Prompt

Here is the functional description of the current agent: {current agent’s
functionality}.

These are the candidate agents and their functional description: {candidate
agents’ functionalities}.

Consider the agents whose generated solutions are most likely to im-
prove the current agent’s problem-solving capabilities.

Select the top 4 candidate agents based on the effectiveness, practicality, and
relevance of their solutions.

Consider their ability to address complex challenges, think outside the box,
and produce innovative perspectives that could benefit the current agent in
enhancing its problem-solving capabilities.

Prioritize agents whose solutions offer a fresh approach, logical reasoning, and
effective problem-solving strategies.

Present your answer in the format [1,2,3,4] at the end of your response.

46



