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Automated Design of Agentic Systems

AV T—zv b7y 7k

System prompt for the meta agent. “EE AN ,f \3 /f ].\ ei ﬁ&
You are a helpful assistant. Make sure to return in a WELL-FORMED JSON object. B .
= FAALVOFH: ¥ 27 DA
Main prompt for the meta agent. u a—= F‘ (framework) . 7 XL ]) ‘%’ 7P = ‘-‘/ 70 ]‘ 0) 7

You are an expert machine learning researcher testing various agentic systems. Your objective is to design 71_ —2 W ]_‘ % E:.Bﬁ L 71,: 1 OO ﬁ J;L [j;‘[ 0) 9— ]"“ ( % %

building blocks such as prompts and control flows within these systems to solve complex tasks. Your aim
is to design an optimal agent performing well on [Brief Description of the Domain].
[Framework Code] D f“j] %’“ﬁ D f'C &) )
[Output Instructions and Examples] - tﬂﬂ%j—\-k% I[ZE[jJ@? F =2 ]\j:EML:E
[Discovered Agent Archive] (initialized with baselines, updated at every iteration)
» AgentDfl: B LTBWAR—R T4 T

# Your task

You are deeply familiar with prompting techniques and the agent works from the literature. Your goal is = —_— Ny - - -

to maximize the specified performance metrics by proposing interestingly new agents. IfE é{ ‘de, /f 7T I/ vavs k‘ c\" éE}& L 7!; %) a) %
Observe the discovered agents carefully and think about what insights, lessons, or stepping stones can be

learned from them. iaﬂl]

Be creative when thinking about the next interesting agent to try. You are encouraged to draw inspiration

from related agent papers or academic papers from other research areas.

Use the knowledge from the archive and inspiration from academic literature to propose the next

interesting agentic system design.

THINK OUTSIDE THE BOX.

We use the following prompt for the meta agent to design the new agent based on the archive of
previously discovered agents.

7/27
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Framework Code D—f

# Named tuple for holding task information
Info = namedtuple(’Info’, [’name’, ’author’, ’content’, °’
iteration_idx’])

# Format instructions for FM response

FORMAT_INST = lambda request_keys: f"Reply EXACTLY with the
following JSON format.\n{str(request_keys)}\nDO NOT MISS ANY
FIELDS AND MAKE SURE THE JSON FORMAT IS CORRECT!\n"

# Description of the role of the FM Module
ROLE_DESC = lambda role: f"You are a {role}."

@backoff.on_exception(backoff.expo, openai.RateLimitError)
def get_json_response_from_gpt(msg, model, system_message,
temperature) :
\ nan
Function to get JSON response from GPT model.

Args:
- msg (str): The user message.

- model (str): The model to use.
- system_message (str): The system message.
- temperature (float): Sampling temperature.

Returns:
- dict: The JSON response.
\ nun

return json_dict

class FM_Module:
\ nun

Base class for an FM module.

Attributes:
- output_fields (list): Fields expected in the output.
- name (str): Name of the FM module.
- role (str): Role description for the FM module.
- model (str): Model to be used.
- temperature (float): Sampling temperature.
id (str): Unique identifier for the FM module instance.

\nnn

def init__(self, output_fields: list, name: str, role=’helpful

assistant’, model=’gpt-3.5-turbo-0125’, temperature=0.5)
None:

def generate_prompt(self, input_infos, instruction) -> str:
\ nun
Generates a prompt for the FM.

Args:
- input_infos (list): List of input information.
- instruction (str): Instruction for the task.

Returns:
- tuple: System prompt and user prompt.

An example of generated prompt:

->
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FERFEAH(ARC)

Meta-Agent Search on ARC

Held-out Test Accuracy (%)
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LLM Debate —e— Meta-Agent Search
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/
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SRR
Automatea pesign or Agentic dystems
Agent Name F1 Score Accuracy (%)
Reading Comprehension Math Multi-task  Science
State-of-the-art Hand-designed Agents
Chain-of-Thought (Wei et al., 2022) 64.2+0.9 28.0+3.1 654+33 29.2+3.1
COT-SC (Wang et al., 2023b) 64.4+0.8 282+3.1 659+32 305+3.2
Self-Refine (Madaan et al., 2024) 59.2+0.9 27.5+3.1 635+34 31.6+3.2
LLM Debate (Du et al., 2023) 60.6 + 0.9 39.0+34 656+33 314+32
Step-back Abstraction (Zheng et al., 2023) 60.4+1.0 31.1+£3.2 65.1+33 269+3.0
Quality-Diversity (Lu et al., 2024c¢) 61.8+0.9 23.8+3.0 65.1+33 302+3.1
Role Assignment (Xu et al., 2023) 65.8+0.9 30.1+3.2 645+33 31.1+3.1
Automated Design of Agentic Systems on Different Domains
Best Agents from Meta Agent Search 79.4+08 534+35 696+32 346+32

n 2TDORAL VIZBOWTR—ZA54 VLKL TEN-Z—C v F2HKH
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SR
Agent Name Accuracy on ARC (%)
GPT-3.5 | Claude-Haiku  GPT-4 Claude-Sonnet
Manually Designed Agents
Chain-of-Thought (Wei et al., 2022) 6.0+2.7 4.3+2.2 17.7+ 4.4 25.3+5.0
COT-SC (Wang et al., 2023b) 80+3.2 53+25 19.7+4.5 26.3+49
LLM Debate (Du et al., 2023) 4.0+2.2 1.7+1.5 19.0+ 4.5 247 +48
Self-Refine (Madaan et al., 2024) 6.7+2.7 6.3+28 23.0+5.2 39.3+55
Quality-Diversity (Lu et al., 2024c) 7.0+ 29 3.3+22 23.0+4.7 31.7+5.3
Top Agents Searched with GPT-3.5 Transferred to Other FMs

Structured Feedback and Ensemble Agent 13.7+3.9 5.0+25 30.0+5.2 38.7+5.5
Hierarchical Committee Reinforcement Agent 13.3 + 3.8 8.3+3.2 32.3+8.9 39.7+5.5
Dynamic Memory and Refinement Agent’ 12.7 +3.9 9.7+3.3 37.0+53 48.3+5.7

GPT3.5THRAINAZ—Y = v MIFIOLLMTD E g

(Claude-Sonnet23Ei\»)
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SRS R
Agent Name Accuracy (%) F1 Score Accuracy (%)
Math | Reading Comprehension Multi-task  Science
Manually Designed Agents
Chain-of-Thought (Wei et al., 2022) 28.0+3.1 64.2+0.9 65.4+33 29.2+3.1
COT-SC (Wang et al., 2023b) 28.2+3.1 64.4+0.8 659+3.2 305+3.2
Self-Refine (Madaan et al., 2024) 27.5+3.1 59.2+0.9 63.5+3.4 31.6+3.2
LLM Debate (Du et al., 2023) 390+34 60.6 +0.9 65.6+3.3 314+32
Step-back Abstraction (Zheng et al., 2023) 31.1+3.2 60.4+1.0 65.1+3.3 269+3.0
Quality-Diversity (Lu et al., 2024c¢) 23.8+3.0 61.8+0.9 65.1+3.1 30.2+3.1
Role Assignment (Xu et al., 2023) 30.1+3.2 65.8+0.9 64.5+3.3 31.1+3.1
Top Agents Searched on Math (MGSM) Transferred beyond Math Domains

Dynamic Role-Playing Architecture 534+35 70.4+0.9 624+34 286+3.1
Structured Multimodal Feedback Loop 50.2+3.5 70.4+0.9 67.0+3.2 28.7+3.1
Interactive Multimodal Feedback Loop 474 +3.5 71.9+0.8 648+33 299+32

s FIFXAL Y (BEEIRA ISR RY) B -REE
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Discovering Preference Optimization Algorithms with
and for Large Language Models
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Discovering Preference Optimization Algorithms with
and for Large Language Models

FHE

LLM-Driven Discovery Discovered Policy Algorithm 1 LLM-Driven Objective Discovery
A R ) . N
S f)ptlm|znt|oi(D|scoPOP) 1: Initialize LLM with established loss functions and their performance in context.
Extend/Update Held Out Apscs Eva Parormarce 2: repeat for each generation i

Context & Fitness 3 LLM proposes a new candidate objective function f;

4 Run unit tests to check the validity of the candidate and resample if needed.
5 Evaluate the objective function using the performance metric n

6: Update the LLM context with the performance data

7 LLM refines generation strategy based on the feedback

8:

until convergence criteria are met or maximum generations are reached

n RBEIN-BEEEE I INZLLMEZ, 2L F ¥ — U NEEaHiEiR > F < — 7 TdH 2 MT-Bench Tl L «
ZDAaT7%{EH

n LIMADO 70y 7 MOBEDRE L MBS 2 &5 Z £ T, LIMIZ X h BWiBREEZ 4T 5% X
I ICFEE



Discovering Preference Optimization Algorithms with
and for Large Language Models

YATFATa Y (—F)

You are a machine learning researcher who is testing out different
RLHF loss functions. When you respond, output a JSON where the
first key ("thought") corresponds to your thought process when
designing the next function. The second key ("name") corresponds
to the name of your next function. Finally, the last key ("code")
corresponds to the exact python code that you would like to try.
Here is an example:

i

"thought": "Based on the previous outputs, I should try the direct
preference optimization algorithm.",

"name": "dpo",

"code": "def sigmoid_loss(
self ,

policy_chosen_logps: torch.FloatTensor,
policy_rejected_logps: torch.FloatTensor,
reference_chosen_logps: torch.FlecatTemnsor,
reference_rejected_logps: torch.FloatTensor,

) -> torch.FloatTensor:
pi_logratios = policy_chosen_logps - policy_rejected_logps

ref_logratios = reference_chosen_logps - reference_rejected_logps
logits = pi_logratios - ref_logratios
losses = -F.logsigmoid(self.beta * logits)

return losses"

You are deeply familiar with binary classification losses from the
literature. Be creative and reference prior literature when
possible.

You must use the exact function interface used above. Feel free to
define extra hyperparameters within your function as constants. Do
not make them attributes of self.

18/27 Note that ‘self.beta = 0.05°.

o R g 5§ v e T S T S S - S T
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2—¥F7Far 7k (—F)

def kto_pair_loss(
self,
policy_chosen_logps: torch.FloatTensor,

Here are some results we’ve obtained:

E policy_rejected_logps: torch.FloatTensor,
neode": " reference_chosen_logps: torch.FloatTensor,
s reference_rejected_logps: torch.FloatTensor,
def logistic.log.loss( ) -> torch.FloatTensor:
self,

chosen_KL = (policy_chosen_logps - reference_chosen_logps).mean().
clamp (min=0)

rejected_KL = (policy_rejected_logps - reference_rejected_logps).
16 mean () .clamp (min=0)

policy_chosen_logps: torch.FloatTensor,

chosen_logratios = policy_chosen_logps - reference_chosen_logps
rejected_logratios = policy_rejected_logps -
reference_rejected_logps

# As described in the KTO report, the KL term for chosen (rejected
) is estimated using the rejected (chosen) half.

17

policy_rejected_logps: torch.FloatTemsor,
reference_chosen_logps: torch.FloatTensor,
reference_rejected_logps: torch.FloatTensor,

) -> torch.FloatTensor:
pi_logratios = policy_chosen_logps - policy_rejected_logps

ref_logratios = reference_chosen_logps - reference_rejected_logps
logits = pi_logratios - ref_logratios
losses = -F.logsigmoid(self.beta * logits)

return losses
"

"fitness": 7.8875

losses = torch.cat(

1 - F.sigmoid(self.beta * (chosen_logratios - rejected_KL)

19/27

),

et

1 - F.sigmoid(self.beta * (chosen_KL - rejected_logratios)

Mmmnd . 0




Discovering Preference Optimization Algorithms with
and for Large Language Models

= YR7
MT-Bench%Z fi\» 7z =)V F & — Vi
Alpaca Eval2.0% Fl\ 27> v 7V 7 — VRt
Reddit TL;DR7— % & v t % H\»7- Y
IMDb7 — % % v b %& M\ 7 5 e i 7% &5 4 K
o RO
 BFRINZHWEHED I L, —HLTEWHERE%ZR L % Log Ratio Modulated Loss % A& XX TH R L 7218
JBY%4DiscoPOP & ML,

= DiscoPOP%}, WTNDF A7 IZEBWT b BFDREmTE & FELL_EOYERE %2 K

= DiscoPOPIZBLi—& — U f3EE 7 X A FE Y X 7 IcB W TEN 158

s IMDbDRBIEAEKF A 27 Tlx, DiscoPOPIZFFEDRMEICE L TINHBHE#HIC R 574 &, BHEORMS H S
20/ 27 hi:



Discovering Preference Optimization Algorithms with
and for Large Language Models

EERFE A : MT-Bench TD < )L F ¥ — v 23F

RS g

S

50 LLM Obijective Discovery - Preference (h)ﬁm\z ation Name Full Name Objective f Function Score (/ 10) 1
E 1T | e ;>_ DPO Direct Preference Optimization log(1 + exp(- 8p)) 7.888
B19 e Er DPO* Offcal HggingFace 22phyT-germa’ DPO model log(1 + exp(~ 3g}) 7810
= i LIEm: ihood Calil RelLU(1 - 3p) 7.881
] xponental lag foss ise_______s_ QEu_ ation el ce [Etayaraibetal 2024) 7603
&8 i vé tife Loss Z(Var[3p771)" i U,o;(: 9] + ?1 a(Var[8p/ )T - Feen(Bo - 0BT 7978
2 uantile Loss g e B) 7953
Sq7 aptive Decay Logistic Loss YN 0)) - Fanal 7.941
5 AQFL Adaptive (ouantie Feedback Loss v 7931
dgg B CELL Combined Exponential + Logistic Loss 2925
8 % 00 25 75 100 125 150 175 LRML(DhmPUP) Lo gR,. 0 Modulated Loss (1= (s /7)) ; r 7916
LLM Propos: | /Generations LLM Proposals/Generations Policy Focused Loss 1/2 - fapo(fip) - 1w 1 L] f (JF} 1 7500

. mM&mthM%&%EL;béméht%tmz774/@ﬁ%ﬁm7w:Uz¢®¥m
n 70{%,85 X — % Dgemma¥ 7 zephyr-7b-gemma-sft; % i
n gemmaDR—RET)IN% ldeita-10k-v0-sft; T—F &y P TCHAIDD 774 v Fa—=v 7 LbD
= [ArgillaDPOMix 7Ky &I R7 7 A NiELFT—F v b THE
» HLOHBIBZHE T2 & &, ZOREBD AT v 7 CDPOZ BRI N BBIEICESIZ 5.
A= FRXA—=FIZFAL bDEHEH
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FERAE R0 : Alpaca Eval 2.0TD Y Y V¥ — v &k

Function Win Rate (%)1T WinRate-LC(%)1T WinRate(%)7T WinRate-LC (%) 7

22 /27

vs. GPT-4 vs. SFT Checkpoint
DPO 11.23 +0.97 12.81 + 0.66 122126 63.34 + 0.30
DPO* 11.99 + 1.00 14.73 £ 0.71 75.75 £ 1.31 59.88 £+ 0.41
SLiC 10.67 £+ 0.94 13;16 £ 0.69 75.05 + 1.34 59.67 £+ 0.42
KTO 12.57 + 1.00 13.58 + 0.67 78.81 +1.25 62.76 £ 031
"DBAQL  10.68+0.92 1141+ 057 72.06 £1.42 54.40 £ 0.38
AQL 11.11 + 0.96 13.63 £+ 0.68 76.34 + 1.30 60.94 + 0.36
PADLL 14.07 £ 1.04 14.89 + 0.66 81.10+1.21 64.14 + 0.28
AQFL 13.63 £ 1.05 15.55 +0.71 79.32+1.23 64.41 + 0.34
CELL 10.27 £ 0.93 12.26 + 0.61 71.75 +1.39 57.48 +0.34
LRML 13.21 +1.02 14.78 + 0.67 79.27 +1.24 65.18 + 0.32
PFL 8.15+0.83 10.67 £+ 0.57 68.27 + 1.44 56.14 + 0.43

= LRML (DiscoPOP) 2%\ 88
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KRG RF: TL,DRT— 5 & v b 2 Hw 751

e Al prasagm eaw L vmmasseaea e was e A waaw wwarw Lrw aca s

Function Win Rate (%) WinRate-LC(%)1T WinRate(%)1 WinRate-LC (%) T

vs. Human Preference vs. SFT Checkpoint
DPO 88.27 +1.07 82.82 +0.00 54.38 +1.52 54.64 + 0.00
SLiC 83.02 +1.29 63.41 + 0.00 53.03 &+ 1.52 54.11 + 0.00
KTO 85.34 +1.18 80.26 + 0.00 51.15+1.54 50.0 £+ 0.00
"DBAQL  84.71+1.21 78.68 £0.00 5255 +1.52 55.14 £ 0.00

AQL 81.87 +1.32 68.89 + 0.00 46.00 + 1.54 50.0 £ 0.00

PADLL 88.54 +1.05 76.13 £+ 0.00 55.34 +1.52 55.64 + 0.00
AQFL 85.03 +1.22 76.23 + 0.00 49.56 + 1.53 50.38 £+ 0.00
CELL 86.33 +1.14 73.72 + 0.00 50.35 + 1.52 51.90 £+ 0.00
LRML 87.63 +1.10 81.88 + 0.00 53.46 + 1.52 55.10 £+ 0.00
PFL 79.84 +1.35 69.23 + 0.00 44.12 + 1.52 44.57 + 0.00

= PADLL ¢ DPO23E V>, (LRML - DiscoPOPClE 72 \»)
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IMDb Posmve Text Generau%n DPO vs LRML
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DiscoPOPD 43T » [R5

Discovered Objective Functions

Gradient of Objective Functions
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(a) Discovered Objective Functions (b) Gradients of the Discovered Objective Functions

E.6 LRML: Log Ratio Modulated Loss
MT-Bench Score: 7.916

def log_ratio_modulated_loss(
self,
policy_chosen_logps: torch.FloatTensor,
policy_rejected_logps: torch.FloatTensor,
reference_chosen_logps: torch.FloatTensor,
reference_rejected_logps: torch.FloatTensor,
) -> torch.FloatTensor:

pi_logratios = policy_chosen_logps - policy_rejected_logps
ref_logratios = reference_chosen_logps - reference_rejected_logps
logits = pi_logratios - ref_logratios

# Modulate the mixing coefficient based on the log ratio
magnitudes

log_ratio_modulation = torch.sigmoid(legits)

logistic_component = -F.logsigmoid(self.beta * logits)
exp_component = torch.exp(-self.beta * logits)

# Blend between logistic and exponential component based on log
ratio modulation

losses = logistic_component * (1 - log_ratio_modulation) +
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flrmi(ﬁp) = (U(yﬁp/T) - 1) N fdpo(ﬁp) + D’(ﬁp/’l’) N fe:p(ﬁp) (4)
= (1= a(Bp/7)) - log(1 + exp(- Bp)) + o(Bp/T) - exp(- Bp) (&)
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