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3. In-the-flow Agentic System Optimization
Agentflow: An In-the-flow Agentic System

: Multi-turn Markov Decision Process(MDP)
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3. In-the-flow Agentic System Optimization

Agentflow: An In-the-flow Agentic System

: Action Planner P

() &) )

[ Planner 70| (@)

Input:

[Query Analysis]
[Global Goal]
[Required Skills]

Output:

[Current Sub-Goal]
[Selected Tool]
[Context for Tool Use]

J

Action

Planner, P

Instruction for Action Planner

Task: Determine the optimal next step to address the query using available tools and previous context.
Context:

Query: {Question}

Available Tools: [Base Generator, Python Coder, Google Search, Wikipedia Search, Web Search]
Toolbox Metadata: [Tool Metadatal, Tool Metadata2, ...]

Previous Steps: {Actions from Memory }




3. In-the-flow Agentic System Optimization

Agentflow: An In-the-flow Agentic System

: Tool Executor, E
Planner Output(Current Sub-Goal) Selected Tool

|
2] (%]

Task: Generate a precise command to execute the selected tool.

| I [_ Context:
Query: {Question}
[ Executor ] @ Sub-Goal: {Sub Goal from Next Step Plan}
Tool Tool Name: {Selected Tool from Next Step Plan}
Toolbox Metadata: {Selected Tool Metadata from Next Step Plan}
EXQCUtOI', E Relevant Data: {Context from Next Step Plan}
e
4 N
Input:
[Current SUb'GOGI] Output Format: Present your response in the following structured format. Do not include any extra text
[Selected Tool & or explanations.
Confext] Example 1:
[T°°| Metadafa] Generated Command:
Ou t+: execution = tool.execute (gquery="Summarize the following porblom:"Isaac has
*Pu ' 100 toys, masa gets ...., how much are their together?")
[Generajed Command] Example 2:
[EX ecution Res U“'] Generated Command:
~ -~ execution = tool.execute(query=["Methanol", "function of hyperbola®,
"Fermat®s Last Theorem"])




3. In-the-flow Agentic System Optimization

Agentflow: An In-the-flow Agentic System

: Execution Verifier, V

[Generated Command]
[Execution Result]

Output:

[Execution Analysis]
[Memory Analysis]
[Verification Status]

Execution
Verifier, V

Executor output Memory

Instruction for Execution Verifier

Task: Evaluate if the current memory 1s complete and accurate enough to answer the query, or if more
tools are needed.

Context:

Query: {Question}

Available Tools: [Base Generator, Python Coder, Google Search, Wikipedia Search, Web Search]
Toolbox Metadata: [Tool Metadatal, Tool Metadata2, ...]

Memory (Tools Used & Results): {Actions from Memory }
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3. In-the-flow Agentic System Optimization

Agentflow: An In-the-flow Agentic System

- Solution Generator G
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3. In-the-flow Agentic System Optimization

In-the-flow Reinforcement Learning Optimization

: optimize “the planner” in the flow of execution
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[Global Goal] [Selected Tool & [Execution Result]
[Required Skills] Context] Output: A )
Output: [Tool/Metodata] [Execution Analysis] LTramedJ
[Current Sub-Goal] Output: [Memory Analysis]
[Selected Tool] [Generated Command] [Verification Status] j ;
[Context for Tool Use] [Execution Result] Frozen
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(b) In-the-Flow Rollout at Turn ¢
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3. In-the-flow Agentic System Optimization

In-the-flow Reinforcement Learning Optimization

: Flow-GRPO
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3. In-the-flow Agentic System Optimization

In-the-flow Reinforcement Learning Optimization
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Multi-turn Agentic System Rollouts

LLM Value Function x
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Flow-GRPO: rollout-level advantage
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3. In-the-flow Agentic System Optimization

In-the-flow Reinforcement Learning Optimization

: Objective function
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4. Experiments
Experimental Setup

Training Setup

Model Training Configuration

e Learningrate:1x 107°
e Action Planner sampling temperature: 0.5 (exploration—-exploitation @)
e KL divergence penalty coefficient: 8 = 0.001
Base e Planner Z|C £3 Z10|: 2048 tokens
Generator )
e Batch size: 32
Rollout & Turn Settings

o METrollout 7H=: 8

e Z rolloutQ| Z|CH turn #=: 3 turns
Tool Setup

Reward & Evaluation

e Final-outcome reward(dE & 0/1)=
GPT-40 7|dt LLM-as-judge?t L7t
Tool Execution Environment

Wikipedia

Search

e = tool call2 s7|4l(synchronous) X2|
e Tool call timeout: 500 seconds
e Tool LHE LLM 2IZl temperature: 0.0 (determiniic)

87H2| NVIDIA A100 GPU



Experimental Setup

Evaluation Setup

Knowledge- Agentic
intensive search reasoning

Bamboogle/ 2Wiki

: GAIA
HotpotQA / Musique

Logic-dense Scientific
mathematical reasoning
reasoning
AIME 2024 et
AMC 2023 MR
GameOf24

4. Experiments

Rollout & Planner Settings

e Evaluation A| rollout Z[CH turn ~: T =10
- O Z' multi-step reasoning =& 7t
e Planner sampling temperature: 0.7
- L}t reasoning 2= B4 =X

Evaluation Protocol: GPT-40 7|4t LLM-as-Judge

Task: Determine if the Model Response is equivalent to the Ground Truth.

Instructions:

1. Extract: Isolate the final answer from the Model Response, ignoring all reasoning steps. Look specif-
ically for content within [ or the concluding statement.

2. Normalize & Compare: Assess equivalence after normalization:

3. Mathematical Answers: Must be mathematically identical (e.g., § is equivalent to 0.5).

4. Numerical/Textual Answers: Ignore formatting (commas, spaces), case sensitivity, and extraneous
units/currency (e.g., “1,000” == “1000”, “Paris” == “PARIS™).

5. Multiple Choice Questions (MCQ): The answer must match either the correct option’s content (e.g.,
“Paris”) or its identifier (e.g., “A” or “Ist”).

6. Verdict: Return “True” only if the normalized answers are semantically or mathematically equivalent.

Inputs:

Question: {Question}
Model Response: {Final Response from Solution Generator}
Ground Truth: {GT}

Output Format: Present your response in the following structured format. Do not include any extra text
or explanations.

<analysis>: Brief analysis of the comparison.

<true-false>: “True” or “False”.




4. Experiments

Main Results: Accuracy

Search Intensive Agentic
Model Size Bamboogle 2Wiki HotpotQA Musique | Avg. A |GAIA A
Qwen-2.5-7B-Instruct 7B-Inst 12.0 23.0 21.0 6.0 15.5 32 [129.9
Qwen-2.5-14B-Instruct 14B-Inst 21.6 26.7 20.0 8.0 19.1 55 [127.6
. Qwen-2.5-32B-Instruct 32B-Inst 24.0 26.7 27.0 6.0 20.9 95 [123.6
Proprietary LLMs Ilama-3.3-70B-Instruct 70B-Inst |  18.4 07 520 160 | 273 (1300 32 1299
GPT-40-mini (Hurst et al., 2024) ~8B 40.8 35.6 41.0 15.0 331 1242 | 7.1 | 126.0
GPT-40 (Hurst et al., 2024) ~200B 68.8 49.5 54.0 24.0 49.1 182 | 17.3 1158
Supervised Fine-Tuning (SFT)  7B-Inst 12.0 25.9 22.0 6.6 16.6 0N 32 [1299
Iter-RetGen (Shao et al., 2023)  7B-Inst 36.8 33.6 374 17.8 314 [1259| 39 [129.2
Search-Integrated Search-R1 (Jin et al., 2025) 7B-Inst 43.2 38.2 37.0 14.6 333 1240 | 19.1 114.0
Reasonind LLMs ZeroSearch (Sun et al., 2025) 7B-Base 27.8 35.2 34.6 18.0 2809 1284 | 165 116.6
g ReSearch (Chen et al., 2025) 7B-Base 42.4 47.6 43.5 22.3 390 1183 | 173 1158
StepSearch (Wang et al., 2025d) 7B-Base 40.0 36.6 38.6 22.6 35 1228 — —
VerlTool (Jiang et al., 2025) 7B-Base 46.4 45.3 44.8 19.3 390 1183 | 112 [ 1219
Training-free Agentic AutoGen (Wu et al., 2024) 7B-Inst 59.6 44.0 50.0 15.9 424 1149 6.3 |126.8
System AGENTFLOW 7B-Inst 58.4 60.0 51.3 19.2 472 1121 | 172 17159
AGENTFLOW (w/ Flow-GRPO) 7B-Inst 69.6 77.2 57.0 25.3 57.3 - 33.1 -
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4. Experiments

Main Results: Accuracy

Reasoning LLMs

Code-Integrated
Reasoning LLMs

4. Experiments

Math Reasoning Scientific Reasoning

Model Size AIME24 AMC23 GameOf24 | Avg. GPQA MedQA | Avg. A
Qwen-2.5-7B-Instruct 7B-Inst 6.7 47.5 33.0 29.1 1225 34.0 66.0 50.0 113.5
Qwen-2.5-14B-Instruct 14B-Inst 6.7 60.0 25.0 30.6 1£21.0| 31.0 75.0 53.0 110.5
Llama-3.3-70B-Instruct 70B-Inst 6.7 47.5 31.0 28.4 231 350 67.0 | 51.0 1125
Llama-3.1-405B-Instruct 405B-Inst | 26.7 47.5 23.0 324 119.1| 30.0 62.0 46.0 t17.5
GPT-40-mini (Hurst et al., 2024) ~8B 13.3 57.5 16.0 28.9 226 27.0 66.0 46.5 117.0
GPT-40 (Hurst et al., 2024) ~200B 13.3 60.0 32.0 351 1164| 31.0 60.0 45.5 118.0
Supervised Fine-Tuning (SFT) 7B-Inst 6.7 47.5 33.0 29.1 1225 | 34.0 66.0 50.0 1 13.5
SimpleRL-reason (Zeng et al., 2025b) 7B-Base 16.7 60.0 33.0 36.6 115.0| 45.0 65.0 50.0 1 13.5
Open-Reasoner-Zero (Hu et al., 2025a) 7B-Base 16.7 54.9 32.0 345 1£17.0| 34.0 54.0 44.0 1 19.5
General-Reasoner (Ma et al., 2025) 7B-Base 13.3 55.0 33.0 33.8 (1t 17.7| 35.5 61.0 48.3 115.2
Luffy (Yan et al., 2025) 7B-Inst 30.7 44.8 33.0 36.2 115.3| 34.0 77.0 55.5 18.0
TIR (Yang et al., 2024b) 7B-Inst 10.0 50.0 33.0 31.0 [120.5| 42.0 76.8 594 14.1
ToRL (Li et al., 2025b) 7B-Inst 20.0 60.0 31.0 37.0 114.5| 35.0 76.5 55.8 17.7
AutoGen (Wu et al., 2024) 7B-Inst 13.3 57.5 24.0 31.6 (1199| 420 72.0 57.0 16.5
AGENTFLOW 7B-Inst 16.7 47.4 31.0 31.7 £198| 37.0 76.0 | 56.5 17.0
AGENTFLOW (w/ Flow-GRPO) 7B-Inst 40.0 61.5 53.0 51.5 — 47.0 80.0 63.5 —




4. Experiments

In-depth Anaysis of Optimized Planning
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(a) 2Wiki Training Steps
Figure 5: Tool call ratio change by Flow-GRPO fine-tuning.
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In-depth Anaysis of Optimized Planning

3. MEL

b

FMEES LA A= SH

( Question: Compute the check digit the Tropicos ID for the Order
Helotiales would have if it were an ISBN-10 number. 3@ |||||||||
Ground truth answer: 3

ﬁ (

-

"

v

®' Selected tool: Wikipedia Search
® Sub-goal: Retrieve Tropicos ID of Order Helotiales from Wikipedia.
® Tool call: query="Tropicos ID for the Order Helotiales"

® Result: No results found for query: Tropicos ID for Order Helotiales. x

- >y

v

e Selected tool: Google Search
¢ Sub-goal: Retrieve the Tropicos ID of the Order.
* Tool call: query="Tropicos ID for the Order Helotiales"

1
CP- Selected tool: Wikipedia Search (Truncated...) ® Result: No results found.

e Result: The Tropicos ID for the Order Helotiales is 100370510.
v

J

®- Selected tool: Python Coder

Y
¢ Sub-goal: Calculate the check digit for the Tropicos ID 100370510 ej
if it were an ISBN-10 number.

* Tool call: query="Calculate check digit for ISBN-10 number 100370510”
= Result: name 'isbn' is not defined.

T -

OActmn steps 3 to 9 have similar sub-goals, commands, and results;
the agent is stuck in error loops and unable fix the naming issue.

Solution: The Python tool failed repeatedly with the same 'isbn'

J

kJ

X

variable error). The agent failed to calculate the check digit.

( ) AgentFlow (before Flow-GRPO Fine-tuning)

O x

v
2 . b
¢ Selected tool: Google Search (Truncated...) ® Result: Tropicos ID: 100370510. G Q

v

®' Selected tool: Python Coder
¢ Sub-goal: Write and execute a Python script to calculate the check digit for
“tropicos_id" as if it were an ISBN-10 number.

® Tool call: query="Calculate the check digit for the ISBN-10 number” + tropicos_id
® Result: Error in execute_command: name 'tropicos_id' is not defined.

e

L

~

v

@- Selected tool: Python Coder

X
¢ Sub-goal: Write and execute a Python script to calculate the check digit for G
“tropicos_id" as if it were an ISBN-10 number.
* Tool call: query="Compute the check digit for 100370510 as an ISBN-10 number”
e Result: 3 (printed output).
def calculate_check_digit(isbn):
isbn_digits = [int(digit) for digit in isbn[:9]]
total_sum = sum(position * digit for position, digit in enumerate(isbn_digits, start=1))
check_digit = total_sum % 11
if check_digif == ]10:
return 'X
else:
return str(check_digit)
result = calculate_check d|g|1'("100370510")

S

print(f*The check digit is {result}”)
v

Solution: The check digit is 3, resulting in the full number 1003705103.

&
<

w () AgentFlow (after Flow-GRPO Fine-tuning)

4. Experiments



4. Experiments
Training Strategies On The Planner

Planner Model Training Bamboogle 2Wiki GAIA AIME24 AMC23 GameOf24 Avg.

Qwen-2.5-7B  Frozen 58.4 60.0 17.2 16.7 47.4 31.0 38.5
GPT-40 Frozen 65.0 1 6.6 70.0 1 10.0 23.6 1 6.4 16.7 1 0.0 48.7 11,5 42.0 1 11.0 44.3 1 5.8
Qwen-2.5-7B SFT 304 280 327,273 63 109 33134 375 99 7.0 1240 195 190

Qwen—2.5—7B Flow-GRPO 69.6 +11.2 FL2 ke 33.1 4+ 15.9 400 1 23.3 61.5 $14.4 53.0 1 22.0 55.7 1+ 17.2

Table 3: Pertormance comparison of AGENTFLOW across different training methods.
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4. Experiments

Training Efficiency Analysis

e L Training Reward Trend
3 - Response Length Trend
.
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Figure 8: Training dynamics and efficiency of Flow-GRPO.
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4. Experiments

4. Experiments

Scaling Trends In Agentflow

2. Turn 37| 27| (3 to 10)

Turns (Tmax) 3 5 7 10

0
Bamboogle 2Wiki GAIA  AIME24 Bamboogle 2Wiki GAIA AIME24

gl 37|0| E Ms
1. Backbone |0l = 8-S 2Wiki 222 3.18 381 444
GameOf24 1.63 2.12 236 2.67
AgentFlow (Qwen-2.5-3B-Instruct) AgentFlow (Qwen-2.5-7B-Instruct) AIME24 1.63 1.63 186 1.90
50 4 Sefore tuming | 80 GAIA 243 346 428 542
uning Before tuning
. I After tuning B After tuning 80 -
X 60 - 60 A +15.8%
> 70 - -:jq'/
© 40 A 40 - -
o = 60+
<T 20 A 20 1 == G 0Of24 o
I o 2 o] S
' 5 == GAIA
0 )
)
<

40 1 (+16.7%)
Figure 9: Flow-GRPO fine-tuning offers consistent gains on 0. +6.3%
AGENTFLOW as the backbone model size scales from 3B to 7B.

20
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Max Allowed Turns

Figure 10: Average turns and
accuracy with increased 71 .



