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Three Graph Lenses

Classify a graph by where its operator acts in the agent loop

O O @)
EXPERIENCE GRAPH DECISION GRAPH LEARNING GRAPH
NODE tool / fact / state NODE state / routine / memory NODE state / LM module
EDGE compatibility / relation EDGE action / reachability EDGE transition / latent transform
USE generate - verify - grade USE search = retrieve - reuse USE merge - credit = backprop

WHY more valid supervision WHY fewer external trials WHY denser signal per label



Three Graph Lifetimes

DIMENSION EXPERIENCE DECISION LEARNING
Typical node tool / fact / state state / routine module

Typical edge compatibility / relation action / reachability latent transition
Operator generate / verify search / retrieve credit / backprop
Lifetime pipeline query - tasks rollout

Wang et al., IICAI'26 Survey - representative works in notes



01 / EXPERIENCE GRAPHS

Turn structure into supervision



Trajectory2Task: APl DAG

1. Trajectory Exploration
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DAG Structure Creates Verifiable Provenance

Generate the task after execution, so every label is anchored to an observed state

transition.
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2. Task Generation

You want to cancel an order,
you only give information when
being explicitly asked
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Wang et al., Trajectory2Task: Training Robust Tool-Calling Agents with Synthesized Yet Verifiable Data for Complex User Intents. ACL’26



Kowledge Graph (KG) Paths: Reuse Structure

NODE One subgraph — question scaffold

Wikidata entity
Einstein ETH Zurich Switzerland L
EDGE Zurich (answer)

typed factual relation; target + distractor branches
USE

scaffold the question; retain target nodes as waypoints

Distractor

DATA EFFICIENCY branch

Process signal without rationale labels
Target nodes — solver waypoints

Wau et al., Knowledge-Graph Paths as Intermediate Supervision for Self-Evolving Search Agents. 2026



Waypoint Coverage Reward Recovers Signal from Failure

Correct = 1; wrong but on-path gets partial credit; invalid = 0.
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Wau et al., Knowledge-Graph Paths as Intermediate Supervision for Self-Evolving Search Agents. 2026



KG-RAG: Reachable Paths

NODE

GUI screen / actionable Ul state

EDGE

action-labeled transition to the next state

USE

build graph offline; retrieve an ordered path online
DATA EFFICIENCY

Reduce online trial-and-error

Guan et al., EMNLP’25

OFFLINE
Ul state 1 4[ Ul state 2 jﬁ Ul state 3
Reachable paths
in structured store
ONLINE

) Retrieve
User intent ‘[ ordered path J— Execute




KG-RAG

Guan et al.,
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Figure 2: Overview of KG-RAG architecture: (a) UTG extraction capturing app Ul navigation structures; (b) Intent generation
suggesting plausible user intents and decomposing them into intermediate milestones; (c¢) Intent-guided LLM search efficiently
identifying candidate trajectories aligned with user intents; and (d) KG-RAG knowledge database supporting effective online
mobile app interactions.

KG-RAG: Enhancing GUI Agent Decision-Making via Knowledge Graph-Driven Refrieval-Augmented Generation. EMNLP’25
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02 / DECISION GRAPHS

Allocate search and Reuse exploration.



LATS: Search a Decision Tree

NODE

task-local state / interaction history

EDGE

candidate action followed by observation

USE

MCTS expansion, reflection, value, and backup
DATA EFFICIENCY

Better utility from a limited within-query search budget

Zhou et al., Language Agent Tree Search Unifies Reasoning, Acting, and Planning in Language Models. ICML’24

[ State / history}

Action A Action B
+ observation + observation
branch branch branch goal

expand - act - observe - reflect/value - back up

12



LATS: Search a Decision Tree

1) Selection 2) Expansion

Input Input

Zhou et al., Language Agent Tree Search Unifies Reasoning, Acting

3) Evaluation 4) Simulation

Input

S 1
LM
SZ S2
Value
S3 S3
v
Output

, and Planning in Language Models. ICML’'24

5) Backpropagation

Input

6) Reflection

Input

Output

LM

Reflection

+

S

13



LATS Improves Within-Query Search Efficiency

Algorithm 1 LATS(s, pg, pv, Pret, d, k, 1, w, a, b)

Require: Initial state s, action generator pg, value function py-, reflection generator p.r, number of generated actions n,
depth limit L, number of roll-outs K, context c, exploration weight w, and value function weight A
Initialize action space A, observation space O
Initialize the state-action value function py : § X A — R and visit counter N : S + N to one
fork«+0,..., K —1do
fort+0,...,L—1do
if s; not terminal then > Expansion & Simulation
fori+1,...,ndo
Sample a.” ~ po(s:)
Get 0!”) from environment, Sgiﬁl — (.0 al?), cgﬁl +— (0, a!")
Evaluate V") ~ X % py (st?) + (1 — A) % SC(s{?) &> Evaluation
V(s) V1
Add s to children
end for
end if
if s; is terminal then > Reflection
Get r from environment
if r not success then
reflection < prer(cy)
¢ + reflection

end if
end if
Qi < argMaXqeo(s,) [V(Sf) 4+ w % > Selection

Get corresponding o; from memory, s¢+1 < (ct, 0¢, at), cey1 < (01, at)
N(St+1) — N(St+1) + 1
if a: is an output action then break

end for

T <+ the actual number of steps

fort T —1,...,0do > Backpropagation

V(se)(N(se)—1)+
Vist) = =R

end for
end for

Zhou et al., Language Agent Tree Search Unifies Reasoning, Acting, and Planning in Language Models. ICML’24.



03 / LEARNING GRAPHS

Make sparse feedback local and reusable



Trajectory-Level Credit Wastes Useful Transitions

One trajectory scalar gives every step the same sign, even when step quality differs.

Step Ratio

22% of failed steps progress

euseful prefixes stay hidden
ecoarse negative advantage

erecoverable interaction signal
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Non-Progress

34.7%
Progress

22.0%
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Suc'cess Faiiure

65.3% of successful steps stall

*detours receive positive credit
ecoarse positive advantage

sreward is spent on non-progress

Cheng et al., Beyond Trajectory-Level Attribution: Graph-Based Credit Assignment for Agentic Reinforcement Learning. ICML’26
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GraphGPO: Credit on Edges

NODE

canonical environment state merged across rollouts ot
shared g
EDGE state

observed action transition (s, a, s')
USE
distance-to-success - edge reward - policy advantage So progress

DATA EFFICIENCY
No process labels or critic

shorter distance to success = higher edge credit

Cheng et al., Beyond Trajectory-Level Attribution: Graph-Based Credit Assignment for Agentic Reinforcement Learning. ICML’26
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GraphGPO Learns More from the Same Rollouts

Aggregated State-Transition Graph Graph-Based Advantage Estimation
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Figure 3. Overview of GraphGPO. For simplicity, we assume all transition costs are unitary, i.e., ¢(s, @) = 1. Left: The aggregated
state-transition graph constructed based on states from rollout trajectories, where identical states are merged (e.g., s1 = s? = st = s?).
Right: Graph-based advantage estimation, where the credit a531gnment relies on the the distance d(-) of the next state. Taking the initial

state s; as an example, the shortest path to the goal state s° is {(s1, a?, s2), (S2, @z, Ssucc) }, yielding d(s1) = 2. Moreover, the maximum
shortest-step distance among all states that can reach the goal is dmax = 2.

Cheng et al., Beyond Trajectory-Level Attribution: Graph-Based Credit Assignment for Agentic Reinforcement Learning. ICML’26 18



Summary

The Three Graphs Intervene at Different Points

Classify a graph by where its operator acts

© © ©

EXPERIENCE DECISION LEARNING

tool / fact / state nodes decision / memory nodes state / module nodes
compatibility / relation edges action / reachability edges transition / latent edges
generate + verify — labels search + retrieve — fewer assign + backprop — dense

trials signal

19



Choose the Appropriate Graph under Different Resource-scarce
Settings

Weak synthetic data Costly current trial

APl/entity nodes + compatibility/relation edges. State nodes + action transitions. Search and
Generate and verify; constrain;

Repeated task family Sparse outcomes

Case/workflow nodes + similarity/precedence. State/module nodes + transition/latent edges.

Retrieve and reuse; Assign or backprop;

20
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