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Information periodically concentrates at a 
few positions, then broadcasts to later
steps.
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High-throughput tokens often 
align with structural anchors.
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Perturb Hubs, 
Derail Reasoning
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Perturbing high-flow tokens disrupts reasoning 
more than low-flow tokens.

Minor effect
Answer Stable

Larger Downstream Effect
Answer Changes

Perturb Low-flow Tokens

Perturb High-flow Tokens

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

FlowTracer maintains the strongest training dynamics on math reasoning benchmarks. 

Reasoning flow concentrates in middle-layer
attention. 

FlowTracer is applicable across 
diverse reasoning paradigms.

Low overhead: FlowTracer introduces 
only a marginal time overhead of 2.2%–

4.5%
Table 6. Computational Overhead 
Analysis. Average training step time 
and FlowTracer’s credit assignment 
time across different model sizes and 
context lengths. 

Answer-Supporting Reasoning Backbone

Backbone Path High-throughput Token Weak Answer Support

Attention-induced 
Edge

Token Question Answer

Messy Local Traces
Many local interactions; not every token ultimately supports the answer

FlowTracer extracts (and later rewards) the routes whose 
information actually reaches and supports the answer.

FlowTracer (ours)

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.

Aggregated attention → token DAG

𝑊𝑖𝑘 = 𝑎(𝑥𝑘, 𝑥𝑖)

Model attention as 
token-to-token influence.

Suppress routes that cannot reach 
the answer.

High-flow hubs emerge along the 
reasoning backbone.

Focus learning on the tokens that 
truly drive the answer.
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High-flow hubs emerge along the 
reasoning backbone.

𝑓 𝑘 =෍
𝑘>𝑖

𝑓(𝑖) 𝑊𝑖𝑘
′

𝜏 𝑘 = 𝑓 𝑘 +෍
𝑗>𝑘

𝜙(𝑘 → 𝑗)

Build Token Graph
with Attention Map
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Upweight selected backbone tokens in 
RL training.

Selected high-flow tokens (𝛾𝑡 = 1.5)

Other tokens (𝛾𝑡 = 1.5)

𝛾𝑡 = 1.5 if t ∈Top-40% high-flow tokens

𝛾𝑡 = 1 otherwise
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Answer targeted, 
Flow-conserving

Normalization
Backbone Tokens 

RL Credit 
Reweighting

Answer targeted, flow-conserving
Normalization.

Aggregated attention map

Tracing Attention-Induced Information Flow for Targeted RL in LLMs

Reward what drives the answer.
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