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Motivation: Hard Exploration

● Hard-exploration problems are characterized by:
○ Large & complex state–action spaces
○ Sparse rewards with delayed feedback
○ Deceptive local optima that trap naive 

exploration

Atari games with more immediate reward signals, simple action spaces

Hard Exploration: Montezuma’s Revenge
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Motivation: Exploration Problem in LLM Agents

TALES: Text-Adventure Learning Environment Suite. Cui et al., arxiv 2025.
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Background: Go-Explore

● Go-Explore decomposes 
hard exploration into Go 
and Explore

● Maintains a state archive
○ “Go” to a 

promising state
○ “Explore” from the 

state, expanding 
the archive
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Background: Go-Explore

● Several works including ours builds on 
Go-Explore

● eXploiT-and-eXplore (XTX)
○ Go: Imitation learned-policy
○ Explore: DQN w/ curiosity rew

● Intelligent Go-Explore (IGE)
○ Go: LLM to decide state
○ Explore: ReAct

● Global-local World Memory (GLoW, Ours)
○ Go: LLM-based state selection with 

more principled value decomp. 
○ Explore: Multiple explorations 

while inferring “advantage”
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GLoW: Global-Local “World Memory”

Global World Memory (Go)
● Trajectory Frontier F

○ Top-k highest-value 
trajectories

● A form of value decomposition for 
selection (via LLM):

○ v  for representing achieved 
values from state

○ v' for capturing estimated 
future potential

Local World Memory (Explore)
● Multi-path Advantage Reflection 

(MAR)
○ Compare n trajectories 

starting from same state
○ LLM infers semantic 

advantages at key states in 
an (s,a)-like form
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“Go” with GWM

Value-Ranked Trajectory Frontier
● F = {τ₁, τ₂, ..., τₖ} are top-k 

trajectories ranked by max 
cumulative reward

LLM Value Decomposition
● Wglobal = gLLM(F) = {(s₁, v₁, v'₁), (s₂, 

v₂, v'₂), ...}
● v   = achieved value from state 

(empirical)
● v'  = LLM estimate of future 

potential (semantic form of 
optimism under uncertainty)

Inspired by UCB: the potential value v' 
serves the same role as the exploration 
bonus, but through LLM reasoning about 
bottlenecks rather than visit counts.

... 

Wglobal
State selection 
using LLM
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“Explore” with LWM

Motivation: Advantages over Q-values

A(s,a) = Q(s,a) − V(s)

● Q-value estimation from sparse rewards 
→ prone to high variance

● Single-trajectory reflection 
→ prone to incorrect causal attribution

Multipath Advantage Reflection (MAR):

  Wlocal = MAR(Ts, F) = {(s*₁, As*₁), ..., (s*ₖ, As*ₖ)}
  
1.  Sample n trajectories from same starting state
2.  LLM compares outcomes to identify semantic advantages
3.  Frontier F serves as stable value baseline
4.  Each trajectory τᵢ benefits from insights of τᵢ₋₁

Agent

inform next 
exploration traj

generate new 
Wlocal



Experiments: Baselines
RL Baselines:

● DRRN: Value-based RL (DQN)
● KG-A2C: Advantage Actor Critic (A2C) augmented by a dynamic knowledge graph
● eXploit-then-eXplore (XTX): Current state-of-the-art in Jericho, implementing Go-Explore with imitation learning on 

promising trajectories for state selection, and DQN with intrinsic curiosity reward for exploration

MCTS Baselines:

● MC-LAVE: Combines MCTS with language driven exploration, concentrating search effort on promising actions 
identified based on value estimates from semantically similar past actions.

● MC-DML: Enhances MCTS by incorporating LLMs as action priors in the PUCT algorithm, which balances exploration 
and exploitation during tree search. 

LLM Baselines:

● ReAct: Standard LLM agent interleaving reasoning and acting
● Reflexion: Building on ReAct, incorporating self-reflection on each episode to guide future episodes
● In-context Reinforcement Learning (ICRL): Concatenate window of previous episodes, rewards and instruction to 

behave based on observed episodes and rewards
● Intelligent Go-Explore (IGE): Implement Go-explore using LLM-based selection, and ReAct-based exploration
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Experiments: Results

● GLoW outperforms other 
LLM-based approaches, 
setting highest perf on 7/10 
games

● On par with RL/MCTS-based 
methods, with 100-800x 
fewer interactions, showing 
effective exploration
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Experiments: Ablations

● MAR performs better than Reflection for guiding exploration

● Wglobal is effective for state selection

● The global and local components are complementary
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Experiments: Scaling to stronger LLMs

● GLoW is effective using 
GPT-4.1: Performance scales 
across games

● Surpasses XTX on 5/6 
games

● State of the art on 4/6 games
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Qualitative Analysis of Failure Modes

Mode 1: Conservative state selection
● (Zork1 example) Overprioritizing safety and early-game potential over deeper state with uncertainty

Mode 2: Multi-step dependency reasoning failure
● (Deephome example) Solves one puzzle which is a dependency for others, but fails to capitalize, 

reverting to exploring familiar areas leading to no new progress

Commonly, LLM’s understanding of value tends to be myopic, handling few-step lookahead well, but struggling 
with longer causal chains
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