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m INTRODUCTION

Reasoning traces are optimization targets

Large reasoning models are increasingly prominent due to their
strong logical reasoning abilities

* Final responses
» concise and actionable
* Reasoning traces

» longer, structurally more complex

» might be redundant, inconsistent, or incorrect

* Improving reasoning quality is therefore crucial

e

Therefore, | think my setup is correct.
Wait, but just to make sure, let me think ...
Alternatively, using the coordinates ...

So, that confirms the area is indeed 2.
But in our case, the integrand is ...

So the area is 2.

But let me check ...

Alternatively, maybe | can ...

Therefore, | think this is the correct ...



TRM m INTRODUCTION

Three fundamental questions

01
Introduction > Q1. What constitutes a high-quality reasoning trace?
02 \) Characterizing
Characterizing
03 » Q2. How can we reliably evaluate long and implicitly

_ structured traces?
Evaluating s

Evaluating

04
Optimizing

» Q3. How can we leverage such evaluation signals to
optimize reasoning at scale?
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TRM m INTRODUCTION

Our answers to the three questions

Define reasoning quality, evaluate it reliably, then turn it into a usable reward.
01

Introduction

02 Characterizing Evaluating Optimizing

Characterizing

Better Reasoning Leads Test-Time Scaling
Ve [ Reasoning Trace [ Final Response} D GO
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03

Evaluating

( ME2 Effectiveness DAG Structure| Pairwise Evaluation
\ Principle

04

- B e - oo
Optimizing
ME?Z principle name what DAG-based pairwise evaluation TRM turns preferences into
good traces look like. produces preferences. a reward signal.
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TRM m CHARACTERIZATION
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ME2 principle for reasoning quality

01
‘ . ) . g Macro-level !
Introduction * Where quality manifests? Macro-Efficiency Macro-Effectiveness
Well-organized structure Coherent and goal-aligned structure
02 » Macro: global-level organization a{© . contan e B b robiem objective
. . . [ Lo - Disciplined branching * Logical coherence
Characterizing > Micro: Step_[eve[ quallty D—>D and reflection I+ Noillogical shortcuts/ /_L %
+ Low Structural (! O !)
{ (~] Redundancy
03 . ) o 2 \,
_ What quality entails? Efficiency ME Effectiveness
Evaluating Pr1n01p1e
> iCi :com I nin . - . .
Efﬁqency compact reasoning Micro-Efficiency / Micro-Effectiveness
04 without wasted effort Low local redundancy . Locally valid, internally consistent

Optimizing > Effectiveness: coherent progress
toward the goal

« Concise, purposeful steps « Explicit Justifications ; @
+ Clear, direct phrasing « Internal Consistency
» No looping repetition + No local errors

Micro-level E
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m EVALUATION

How do we model complex reasoning structure?

* We represent reasoning traces as DAGs

(Directed Acyclic Graphs)
» Nodes are reasoning steps
» Edges capture semantic dependencies

» The DAG exposes how ideas branch, merge,
and progress

- Why DAGs?
» Trees: too rigid
» General graphs: too unconstrained

» DAGs: preserve step order while modeling
complex dependencies

Reasoning Trace

~

Final Response

w

Step Partitioning

7

First ... ] [ Therefore ...

(o) (et~

DAG Construction

DAG Structure
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m EVALUATION

Reasoning structuring

« Step partitioning
» Start from coarse trace segments
» Mine high-frequency step prefixes

» Refine boundaries into atomic steps

 DAG construction

» Traverse the steps in generation order
» Select parents from earlier steps

» Add directed edges for semantic
dependencies

Algorithm 1 DAG Construction

Input: partitioned reasoning steps (s1,...,Sy,)
Output: reasoning DAG G = (V, E)
Initialize V' « {v;}, E « ()
fori =2ton do
Create node v; for step s; and add it to V'
Construct attachment pool P; C {vy,...,v;_1}
Select parent nodes Parent(v;) C P; using an LLM
for each v; € Parent(v;) do
E +— EU{(vj,vi)}
end for
end for
Collapse consecutive linear chains in G into super-nodes
Replace V' with the resulting super-nodes




TRM m EVALUATION
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How do we compare reasoning quality?

01 Macro Abstraction i Branching = | o Micro Abstraction
Structure-oriented '_T_| i Progression g i o~ i C.._'. Content-oriented
Introduction P ° | / ~ I
o?each rlxi)de b - i~ + Extract the dominant path
i I e.g., node
« Linearize summaries ode § 1 i |
02 with structural tags to S::r?ﬁ;::z: i / . Pt Cloncatﬁna;e raw siep iﬁth
Characterizing present DAG structure L el ] ElleiniE) nts il el
03
Evaluating » Dataset construction » Thinking Reward Model (TRM)
04 » Compare pairs through macro/micro abstractions » 8B reward model
Optimizing > Judge quality under ME? principle » Trained on the TRM-Preference dataset
» Build TRM-Preference dataset (103K training » Decouple reasoning quality from
pairs) answer correctness
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TRM m OPTIMIZATION

Better reasoning leads to better outcomes

01

AIME24 - GPT-OSS-20B

-Of- i 0.825
Introduction Best-of-N SeleCtI%n Qwen2.5-Math-PRM-7B
>’0.800 —e— ReasonFlux-PRM-7
S —e— TRM (ours)
02 5 0.775
» TRM < 0,750
Characterizing
0.725
03 1 2 4 8 16
. . . Number of Responses (N)
Selueing + TRM-guided Test-Time Scaling (TTS)
» Trained only on verified-correct traces without explicit AIME25 - GPT-OSS-20B
04 correctness supervision 0.761
e o o > 0.74
Qg1 > At test-time, selecting higher-scored traces yields better £ s
final accuracy g 0.70
0.68

ST 0 Better reasoning, as measured by closer alignment ] ; i : &
with the ME2 principle, leads to better final outcomes Number of Responses (N)




TRM m OPTIMIZATION

TRM turns reasoning quality into training gains

Verifiable Models STEM Performance (%) Math Performance (%)
O ]_ Reward GPQA SuperGPQA MMLU-Pro BBEH FS  Avg. | AMC AIME24 AIME25 MATH500 Olympiad Ave.
Qwen2.5-Math-1.5B
Introduction BaseModel ~ 10.1 13.2 19.9 1.3 77 104 222 2:7 0.6 32,0 15.4 14.6
Verifier 21.7 17.0 314 6.2 104 17340 | 438 7.9 43 69.0 375 32.5,179
ReasonFlux  23.7 17.6 32,0 52 9.1 175, | 450 10.0 49 714 35.0 3313050
O 2 TRM (ours)  27.3 17.3 33.0 6.8 126 194, | 488 114 7.0 74.2 373 35.7.01.1
o Qwen2.5-Math-7B
gooo TRM BaseModel ~ 22.7 19.8 38.6 6.1 144 203 50.8 12.8 7.7 69.0 324 34.5
- P o aseliviode! - & 30. h X L. V.. % . 8 VX .
Characterizing N C Verifier 38.9 254 415 86 192 279, | 620 168 13.7 816 461 440,05
Group Thinking  ReasonFlux ~ 41.9 25.6 49.4 9.5 239 3015 | 619 17.1 13.2 83.6 46.5 44.5,100
Samples Rewards TRM (ours) 42.4 26.7 50.5 9.2 265 311,05 | 63.4 19.1 17.1 83.0 47.4 46.0.11 5
O 3 Llama-3.1-8B-Instruct
BaseModel ~ 16.2 22.1 43.6 8.6 203 222 19.4 3.9 0.2 47.6 10.4 16.3
Evaluatin g Verifier 293 249 475 128 252 279,57 | 247 5.1 12 52.6 18.4 20.4,4,
ReasonFlux  31.8 27.3 50.9 132 260 298, | 293 8.8 1.4 55.0 21.5 23.2:69
TRM (ours)  36.4 26.7 52.6 140 291 318, | 328 8.1 2.4 53.8 239 24.2,76

04
Optimizing + TRM-guided RL (GRPO)

> Gated reward shaping biases learning toward ME?-aligned reasoning

r=r71y- (1 —a+ a-Sigmoid(r;))
SECTION 04 / 04
—— — — TRM-guided RL improves over verifier-only training
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m OPTIMIZATION

Thinking rewards enhance reasoning

Model A Model B Qwen2.5-Math-7B Qwen2.5-Math-1.5B Llama-3.1-8B-Instruct
TRM Verifier
ReasonFlux Verifier -:D :: ::l
ReasonFlux BaseModel - . | . | :i:'
TRM ReasonFlux [N e —
05 06 o7 08 05 o6 07 o8 05 06 07 05

Win Rate Win Rate Win Rate
Trace quality win rate: Model A beats Model B; ties excluded.

+ TRM-trained policies produce better reasoning traces
> Verifiers enforce correctness, but cannot rank correct traces

» TRM supplies the missing signal: which correct trace reasons better

Thinking rewards shift RL toward ME*-aligned reasoning



Thank you!

Contact: zzzhr97@gmail.com

Our Team

https.//github.com/Simplified-Reasoning



