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Core Intuition

Reasoning forms a token-level flow network from Question to
FlowTracer isolates the answer-supporting backbone and assigns
targeted RL credit to it.

Messy Local Traces

Many local interactions; not every token ultimately supports the answer
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FlowTracer extracts (and later rewards) the routes whose
information actually reaches and supports the answer.
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— Backbone Path

©Q view reasoning as an information-flow network across tokens.
& Filter out dead-end branches that never support the final answer-.

® Concentrate reward on the backbone that truly drives the answer.

Flow Reveals

Flow Gathers,
Then Redistributes

Information periodically concentrates at a
few positions, then broadcasts to later
steps.
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Perturb Low-flow Tokens

s Perturb High-flow Tokens
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Token Position

High-throughput tokens often
align with structural anchors.
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Tracing Attention-Induced Information Flow for Targeted RL in LLMs
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Question

Reasom'ng Flow

RL Credit

Answer

Reward what drives the answer.

How We Trace the Reasoning Flow
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Aggregated attention - token DAG

Aggregated attention map

Model attention as
token-to-token influence.
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Normalization.

Answer targeted, flow-conserving

the answer.

Suppress routes that cannot reach
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Reaching Pick Backbone Hubs
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High-flow hubs emerge along the
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reasoning backbone.

High-flow hubs emerge along the
reasoning backbone.

n Reweight RL Credit

@ 5sclected high-flow tokens (v, = 1.5)
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Reweighted Polic
[ RL Igsste ] — [ updatye ]
pweight selected backbone tokens in
RL training.

Y = 1.5 if t eTop-40% high-flow tokens

Ye =1

otherwise

Focus learning on the tokens that
truly drive the answer.
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What Reasoning

Perturb Hubs,
Derail Reasoning

Perturbing high-flow tokens disrupts reasoning
more than low-flow tokens.
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Larger Downstream Effect
Answer Changes

Structural Anchors Carry High Flow
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Experiment Results

FlowTracer maintains the strongest training dynamics on math reasoning benchmarks.
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Table 2. Results of math reasoning on Qwen3-Base models. We compare performance between 1K and 8K context lengths across various
methods. Bold denotes the best results.
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Reasoning flow concentrates in middle-layer
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Figure 6. FlowTracer using attention signals from different layer ranges on Qwen3-4B with 1024 context length on math reasoning.
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Method AIME24 AIME?25 AMC23 MATHS500 Olympiad Avg.
1K SK 1K SK 1K SK 1K SK 1K SK | 1K 8K
Owen3-4B-Base
GRPO 8.4 19.5 52 16.1 55.1 57.6 74.2 81.0 42.8 49.9 37.1 44.8
Random 8.7 18.0 5.5 16.6 55.2 57.1 74.4 82.0 42.0 50.0 37.2 44,7
High-entropy 8.3 19.3 4.9 15.4 55.8 57.8 74.8 81.2 42.8 48.6 37.3 44 .5
Gradient 8.6 20.3 4.2 19.6 53.2 57.8 74.1 82.3 43.3 51.3 36.7 46.3
Correlation 8.7 19.3 5.5 15.4 55.2 57.8 74.4 81.2 42.0 48.6 37.2 44.5
Attention 10.5 22.4 59 20.4 58.4 59.3 74.9 82.3 43.1 51.5 38.6 47.2
FlowTracer 109 +2.5 22.7+32 6.9+1.7 21.9+58 59.0+39 62.4+48 759 +1.7 83.1+21 44.2+14 53.0+3.1 394 +2.2 48.6 +3.8
Owen3-8B-Base
GRPO 9.3 24.9 7.3 20.8 59.1 66.3 77.1 85.1 442 54.4 394 50.3
Random 8.9 25.1 8.1 21.3 60.1 67.2 77.4 85.5 43.3 55.3 39.6 50.9
High-entropy 8.7 24.0 8.1 20.9 61.5 63.7 78.1 84.2 45.9 53.1 40.5 49.2
Gradient 9.5 23.7 8.0 20.8 60.0 65.7 77.3 84.2 45.0 53.4 40.0 49.5
600  Correlation 8.2 24.1 7.9 20.7 58.8 64.4 77.9 84.2 44.8 53.2 39.5 49.3
Attention 10.1 25.6 9.3 21.6 62.9 66.1 78.4 85.9 45.9 55.5 41.3 50.9
FlowTracer 13.0 +3.7 26.1 +1.2 11.8+4.5 224 +1.6 65.6+65 70.4+4.1 79.7+26 86.7+1.6 46.7+25 56.7+2.3 434 +4.0 52.5+2.1

FlowTracer is applicable across
diverse reasoning paradigms.

Method Countdown CrossThinkQA
GRPO 52.6 48.0
Random 55.0 47.6
High-entropy 57.7 47.6
Attention 60.4 49.6
FlowTracer 63.2 +10.6 50.2 +2.2

Table 6. Computational Overhead

Low overhead: FlowTracer introduces

only a marginal time overhead of 2.2%-

Analysis. Average training step time
and FlowTracer’s credit assignment
time across different model sizes and
context lengths.

Moa]. 5 7(l'nntext Step Time Flow Credit Overhead

Owen3-4B IK 71.0s 1.57s 2.2%

8K 189.7 s 8.55s 4.5%

Owen3-8B IK 79.0 s 1.66 s 2.1%
wen3-

8K 275.3s 11.04 s 4.0%
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