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Abstract

Standard reinforcement learning (RL) for large language model (LLM) agents primarily
optimizes extrinsic task rewards, often favoring isolated task completion over continual
adaptation. This paradigm can cause premature convergence to suboptimal policies and leaves
useful experience only implicitly encoded in model parameters, limiting its retrieval and reuse
for future decisions. We introduce RETROAGENT, an online RL framework that trains agents
to master interactive environments not merely by solving tasks, but by evolving across
episodes. Inspired by human retrospective self-improvement, RETROAGENT augments
extrinsic rewards with hindsight-generated dual intrinsic feedback: (i) Intrinsic Numerical
Feedback, which rewards beneficial exploration by measuring incremental subtask progress
relative to prior attempts; and (¢) Intrinsic Language Feedback, which distills successes and
failures into reusable textual lessons for explicit experience reuse. To leverage these lessons
effectively, we propose Similarity & Utility-Aware Upper Confidence Bound (SimUtil-UCB),
a retrieval strategy that balances semantic relevance, historical utility, and exploration.
Across four challenging agentic benchmarks, RETROAGENT achieves new state-of-the-art
performance, outperforming GRPO by +18.3% on ALFWorld, +15.4% on WebShop, +27.1%
on Sokoban, and +8.9% on MineSweeper, while demonstrating strong test-time adaptation
and out-of-distribution generalization.
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Figure 1: (a) Overview of RETROAGENT. After each episode, the agent reflects on its trajectory to generate
dual intrinsic feedback, promoting exploration and facilitating experiential learning. (b) Initialized from
Qwen-2.5-7B-Instruct, RETROAGENT substantially outperforms the GRPO baseline and achieves new SOTA
across four agentic benchmarks.
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1 Introduction

Reinforcement learning (RL) (Sutton et al., 1998) has become a central paradigm for training large language
model (LLM) agents to act in complex interactive environments through direct experience (Ouyang et al.,
2022; Zhang et al., 2022; Comanici et al., 2025; Singh et al., 2025; Liu et al., 2025b). However, most existing
RL frameworks primarily optimize extrinsic task-success rewards, favoring one-off task solving over continuous
adaptation across interactions (Abel et al., 2023; Weng, 2026; Rafiee & Sutton, 2026). For example, in
embodied-agent tasks, training often terminates once an agent finds a successful action sequence. Such
success-driven optimization has two limitations. First, agents may over-exploit early successes and prematurely
converge to suboptimal policies instead of exploring alternatives (Kirk et al., 2024). Second, useful experience
is usually stored only implicitly in model parameters, making prior interactions difficult to retrieve, inspect,
and reuse for later policy improvement (Lin, 1992; Graves et al., 2014). This can slow learning and weaken
generalization, especially when relevant experience is sparse or context-dependent (Goyal et al., 2022).

Existing work addresses these limitations in two largely separate ways. Exploration-oriented methods broaden
search through, for example, meta-RL with cross-episode training (Jiang et al., 2025; Beck et al., 2025)
or uncertainty-modulated rewards under sparse feedback (Wang et al., 2025b). Yet they do not explicitly
preserve reusable experience, limiting the role of past interactions in sustained policy evolution. Conversely,
memory-augmented methods store raw trajectories (Goyal et al., 2022; Wu et al., 2025; Liu et al., 2026b) or
distilled skills, rules, and lessons (Anthropic, 2025; Wang et al., 2025¢; Liu et al., 2026b; Xia et al., 2026).
However, memory is typically used as passive context augmentation: retrieval is governed by fixed similarity
metrics, regardless of downstream utility, and remains decoupled from policy optimization. As a result, agents
may become brittle when memory is noisy or unavailable, while over-reliance on retrieved experience can
suppress further exploration.

These observations motivate a central question: Can an agent couple exploration with explicit experience
reuse so that experience guides policy evolution and is gradually internalized, rather than being persistently
supplied by an external memory buffer? More broadly, can agents exploit intrinsic signals from their own
trajectories to evolve ! under sparse external supervision?

To answer this question, we introduce RETROAGENT (Figure 1), an online RL framework inspired by human
retrospective reflection (Lyons & Zelazo, 2011; Liu & van der Schaar, 2025). RETROAGENT trains agents to
master complex interactive environments not merely by solving tasks, but by evolving across episodes
under both extrinsic task-success rewards and retrospective dual intrinsic feedback. After each episode, the
agent analyzes its trajectory to diagnose successes and failures, identify useful progress, and generate two
complementary feedback signals. Intrinsic Numerical Feedback rewards exploratory behavior that reflects
capability improvement. Since real-time capability evolution is hard to measure directly, we approximate it
by incremental subtask progress relative to prior attempts, such as locating a target item even when the
final purchase fails. The resulting scalar reward reinforces beneficial exploration and mitigates premature
convergence. Intrinsic Language Feedback distills actionable lessons from successful and failed trajectories
into an explicit memory buffer for future decision-making. To retrieve useful lessons, we propose Similarity €
Utility-Aware Upper Confidence Bound (SimUtil-UCB), which combines semantic relevance with historical
utility and uses Upper Confidence Bound (UCB) (Auer et al., 2002) to balance exploiting high-utility lessons
with exploring under-used ones.

We study two variants of RETROAGENT: (i) an in-context self-reflection mechanism, and (#) an RL-
trained self-reflection mechanism whose reflective capability is jointly optimized with the decision policy.
RETROAGENT is compatible with various RL algorithms; in our implementation, we optimize the decision
policy with GRPO (Shao et al., 2024b) and the self-reflection policy with REINFORCE (Williams, 1992). We
evaluate RETROAGENT using Qwen-2.5-7B-Instruct (Qwen et al., 2025) and Llama-3.1-8B-Instruct (Grattafiori
et al., 2024) on four agentic benchmarks: ALFWorld (Shridhar et al., 2021), WebShop (Yao et al., 2022a),
Sokoban (Racaniére et al., 2017), and MineSweeper (Li et al., 2024). Across all environments, RETROAGENT
consistently outperforms prior RL fine-tuning, memory-augmented RL, exploration-guided RL, and meta-RL

n this paper, we use evolution to denote the joint process of task solving and continuous adaptation (Hinton et al., 1987;
Lehman et al., 2023).
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baselines, improving SOTA success rates by approximately +10% on WebShop and +16% on Sokoban, while
exhibiting strong test-time adaptation and out-of-distribution generalization.

Our contributions are four-fold: (i) We introduce RETROAGENT, an online RL framework with hindsight
self-reflection for continuous policy evolution in interactive environments. (i) We design dual intrinsic
feedback to promote beneficial exploration and efficient experiential learning. (i77) We propose SimUtil-UCB,
a retrieval strategy that balances semantic similarity, historical utility, and exploration when leveraging
accumulated lessons. (i) We demonstrate across four agentic benchmarks that RETROAGENT substantially
outperforms strong baselines and achieves new SOTA results in both in-distribution and out-of-distribution
settings.

2 Related Work

LLMs as Decision-Making Agents. The reasoning capabilities of LLMs have driven their deployment as
autonomous decision-making agents. An initial line of research prompts frozen LLMs: ReAct (Yao et al.,
2022c), Reflexion (Shinn et al., 2023), and related methods (Park et al., 2023; Wang et al., 2024a) leverage
in-context examples, structured prompts, memory retrieval (Wang et al., 2024b), and external tools (Schick
et al., 2023; Xie et al., 2024; Zhang et al., 2025a) to tackle complex tasks. However, these approaches are
inherently bounded by the capabilities of the underlying foundation model. This ceiling has motivated a
second line of work that trains LLM agents directly—through supervised fine-tuning (Tajwar et al., 2025; Xi
et al., 2025) or RL (Song et al., 2024; Zhang et al., 2025b; Feng et al., 2025; Jiang et al., 2025)—enabling them
to improve from environmental interactions rather than relying on static prompts or handcrafted workflows.

Reinforcement Learning for LLM Agents. RL has become a central paradigm for training agents in
multi-turn, dynamic environments (Wang et al., 2025d; Putta et al., 2025; Liu et al., 2025a;b). ArCHer (Zhou
et al., 2024) employs hierarchical value functions for WebShop (Yao et al., 2022b), while LOOP (Chen et al.,
2025) integrates PPO (Schulman et al., 2017) with Leave-One-Out advantage estimation for long-horizon tasks
in AppWorld (Trivedi et al., 2024). Group-based RL methods have further refined credit assignment: building
on GRPO (Shao et al., 2024a), GiGPO (Feng et al., 2025) introduces two-level advantage estimation, while
other works investigate turn-level reward shaping (Wei et al., 2025) and stepwise progress attribution (Wang
et al., 2025a). Meta-RL (Beck et al., 2025) offers a complementary perspective; notably, LAMER, (Jiang et al.,
2025) uses cross-episode training to enable active test-time exploration. However, these methods optimize
primarily against extrinsic environmental feedback, and recent analyses argue that genuine self-improvement
requires intrinsic signals beyond sparse task rewards (Liu & van der Schaar, 2025). Although prior works
have explored intrinsic motivation (Gao et al., 2025) or entropy-modulated policies (Wang et al., 2025b),
RETROAGENT takes a fundamentally different path: a hindsight self-reflection mechanism produces dual
intrinsic feedback, shifting the objective from isolated problem-solving toward continuous adaptation.

Learning from Experience through Retrospection. A growing body of work moves beyond scalar
rewards by leveraging verbal feedback and retrospective memory for agent self-improvement. Early ap-
proaches (Shinn et al., 2023; Madaan et al., 2023; Yao et al., 2024) generate natural-language critiques or
lessons from interactions, iteratively refining same-task performance via in-context learning. Subsequent work
internalizes such feedback into model parameters: Jiang et al. (2025) use reflections to guide cross-episode
adaptation within a meta-RL framework, while Zhang et al. (2025¢); Hitbotter et al. (2026) refine failed
trajectories into high-quality data for policy optimization through RL or distillation. A complementary
direction adopts memory-based architectures (Goyal et al., 2022; Wu et al., 2025; Wang et al., 2025¢; Zhang
et al., 2026; Zhou et al., 2025; Fang et al., 2026; Liu et al., 2026b) that store trajectories, lessons, or skills (Xia
et al., 2026) in a retrieval buffer to assist similar future tasks in context. RETROAGENT advances this
paradigm along a new axis: the agent reflects on its trajectories to produce both intrinsic numerical rewards
that guide exploration and intrinsic language feedback that facilitates exploiting past experiences, with these
dual signals jointly driving policy optimization.
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Figure 2: Overview of the RETROAGENT framework. After each episode, a self-reflection mechanism analyzes
the trajectory to produce two forms of intrinsic feedback: (i) Intrinsic Numerical Feedback, which quantifies
incremental subtask completion relative to prior attempts, rewarding promising exploratory behaviors that
may not yet yield task success; and (4) Intrinsic Language Feedback, which distills actionable lessons from past
successes and failures into a memory buffer, retrieved via the proposed SimUtil-UCB strategy to effectively
leverage accumulated experiences on similar tasks.

3 RetroAgent

We introduce RETROAGENT (Figure 2), an online reinforcement learning framework that employs hindsight
self-reflection to improve exploration and experiential learning under sparse extrinsic feedback. Section 3.1
formalizes the problem and overviews the self-reflection mechanism. Next, we detail our strategies for utilizing
intrinsic feedback: Section 3.2 introduces numerical feedback to promote exploration, while Section 3.3
explains how language feedback enables the exploitation of past experience. Finally, Section 3.4 establishes
the policy optimization objectives for both RETROAGENT variants.

3.1 General Overview

Problem Formulation. We model the LLM agent’s multi-turn interaction with its environment as a
Markov Decision Process (MDP) (Sutton et al., 1998), defined by M = (S, A, P, R,~), where S is the
state space, A the action space, P(s;y1 | 8¢, at) the environment’s transition dynamics, R(s¢, a;) the reward
function, and v € [0, 1] the discount factor. At each step ¢t =0,...,T—1, the agent observes state s; € S and
samples action a; € A from its policy my(- | s¢). In the LLM agent setting, the state is the concatenation of
all preceding observations and actions: s; = (0g, ag, .. .,ai—1,0t). Executing a; yields reward r.r1 = R(s¢, at)
and successor state sg11 ~ P(- | st,a¢), producing a trajectory 7 = (so,a0,71,.-.,87-1,ar—1,77). With
purely extrinsic rewards 7441 = 7§}, the standard objective is to maximize the expected discounted return:

T—-1
jStandard<9) = ETNTrg(-|x)><P[GO] = ETN’ITQ("CE)XP [ Z Wt r?itll P (1)

t=0

where x = og is the task instruction drawn from the training set D, and 7 ~ (- | ) x P denotes that
trajectories are generated jointly by the policy and the environment dynamics. In practice, extrinsic rewards
are sparse: a non-zero terminal reward R®** is provided only when the episode ends, either upon successful
task completion or upon exceeding the allowed number of steps. To simplify credit assignment, we redistribute
this terminal reward uniformly across all steps, setting r{¥{ = R®" for every t.

RETROAGENT augments this objective with intrinsic feedback from a hindsight self-reflection mechanism.
An intrinsic reward R®* (Section 3.2) is likewise assigned uniformly to every step, yielding the composite
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objective:
T—1

chtroAgcnt (0) = ETNHQ(".Z’,M)XP [ ’Yt (REXt + Rint)
t—

, (2)

where IIy(- | z, M) denotes a mixture distribution over trajectories induced by two policies: the base
policy my(- | ) and a memory-augmented policy mo(- | fmemory (@, M)). Here, fmemory (2, M) represents the
proposed SimUtil-UCB retrieval strategy (Section 3.3), which selects a memory instance that is both relevant
and useful from the memory buffer M (which grows over time) to augment the task instruction x.

Hindsight Self-Reflection. At its core, RETROAGENT incorporates a hindsight self-reflection mechanism
for efficient experiential learning. At the conclusion of each episode, the agent evaluates its trajectory via a
reflection function z = frefiect(7), leveraging in-context learning (Wei et al., 2022).2 This function produces
a reflection tuple z = (¢(,r),¢,!) comprising three components: (7) a scalar potential score ¢, ) € [0,1]
estimating the subtask completion rate, from which the intrinsic numerical reward R is derived (Section 3.2);
(%) a binary success prediction ¢ € {success, failure}; and (7ii) a natural-language retrospective lesson [ distilled
from the trajectory. The lesson [, encapsulated within a memory entry m, is stored in a memory buffer M
and subsequently retrieved via fimemory (%, M) to provide intrinsic language feedback (Section 3.3).

The central challenge of this mechanism lies in eliciting high-quality intrinsic feedback. To this end, we
propose two variants: an in-context variant and an RL-trained variant.

In-Context Variant. We employ pairwise induction by augmenting the reflection function with two
additional inputs: (i) a binary outcome indicator I°** € {success, failure}, and (ii) a contrastive reference
trajectory Tyef collected from an earlier training step whose outcome differs from that of the current episode.
Contrasting successful and failed trajectories enables the model to more precisely isolate behavioral strengths
and deficiencies, yielding higher-quality potential scores and lessons (Lee et al., 2023). The resulting reflection
function takes the form z = freficet (Tref, 0, 7).

RL-Trained Variant. In this variant, the agent is jointly optimized so that its self-reflection capability
co-evolves with its decision-making policy. We introduce a reflection reward R'*flct that quantifies the
accuracy of the agent’s self-assessment:

Rreﬁect = Rext,(i) . 1{6 _ ]ext}7 (3)

where 1{-} is the indicator function and ¢ is the success prediction produced by the reflection. Scaling by Re**
aligns the magnitude of the reflection reward with that of the extrinsic signal.> Let (g denote the reflection
policy, which generates the reflection tuple z = (¢(,,7), ¢, [) conditioned on the trajectory 7. The composite
training objective generalizes Equation 2 by incorporating a self-reflection term:

T-1

jRetroAgent(e) = ETNH(;(-\I,M)XP [Z 7t (REXt + Rint)
t=0

+ Areflect * Ez~4p9(-\‘r) [RreHECt]v (4)

Self-Reflection

Decision-Making

where Arefioct > 0 is a coefficient controlling the relative weight of the self-reflection objective; Equation 2 is
recovered when Arefiect = 0. Prompt templates for both variants are provided in Appendix E, and optimization
details are discussed in Section 3.4.

3.2 Intrinsic Numerical Feedback for Directed Exploration

Sparse terminal rewards do not distinguish uninformative failures from trajectories that make meaningful
partial progress. This limitation is especially severe for LLM agents, whose action spaces are large and whose
useful intermediate reasoning or tool-use behaviors may not immediately produce task success. To provide
a directed exploration signal, RETROAGENT converts the reflected potential score ¢, ;) into an intrinsic

2For notational simplicity, we reuse 7 to denote the agent—environment interaction history, consisting of interleaved observations
and actions.
3Alternative reward-scaling strategies are possible but are left for future work.
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capability-evolution reward. This reward assigns intrinsic credit only to trajectories whose reflected progress
exceeds the best group-level performance previously observed for the same task.

For each task x, we maintain a historical baseline <I>§ck), where <I>§CO) = 0. The baseline records the maximum
group-mean extrinsic success rate observed before iteration k. After collecting IV rollouts for task x at iteration

k, we compute I$**(z) = + Z;V:1 IZXt’(j ), where Izm’(j ) e {0,1} denotes the extrinsic success indicator of the
j-th rollout. The baseline is then updated by

dk+D) — max {@gﬁ), I_th(x)} . (5)

Given a trajectory 7 with reflected potential score ¢, ), its intrinsic reward is defined as the rectified gain
over the current baseline:

RYT) = |bamyk — ‘I)gck)L ; [a]+ == max{a, 0}. (6)
The trajectory-level reward used for policy optimization is
Ry (r) = R () + B"(r).
When the iteration is clear from context, we omit the superscript k.

This reward has two useful properties. First, it is progress-sensitive: even failed trajectories may receive
positive intrinsic reward if their reflected potential exceeds the historical baseline. Second, it is self-normalizing:
since <I>;(Ek) is monotonically non-decreasing, intrinsic credit is assigned only to trajectories that improve upon
the agent’s current capability threshold. Thus, the reward encourages capability improvement rather than
undirected novelty or repeated partial behaviors.

Theoretical Justification. We next formalize why the capability-evolution reward promotes directed
exploration. For a task x and policy class II, define the extrinsic objective of policy # € II as
Jext(m52) = Errlayxp [RY(7)], and define the augmented objective at iteration k as Jaug(mz) =
ETNTF("CE)XP [ReXt(T) + Riknt(T)] .

Definition 1 (Valuable exploratory trajectory). At iteration k, a trajectory T is §-valuable for task x if its
reflected potential exceeds the historical baseline by at least 6 > 0: ¢y 7y = (b;k) + 6. We denote the set of all
such trajectories by

Vk‘,ﬁ(x) = {T : ¢(z,r),k Z (I)a(ck) =+ 6} .

Proposition 2 (Intrinsic reward favors valuable exploration). Let pys(m;2) = Prror(.|z)xp [T € Vis(2)].
Then, for any policy m € 11,
Jaug(ﬂ';x) > Jext(ﬂ';x) +5pk,5(7r;1‘). (7)

Consequently, among policies with equal extrinsic value, the augmented objective favors policies that sample
d-valuable trajectories with higher probability.

Proof. If 7 € Vy s5(z), then R™(7) = [gﬁ(gm)’k - @(mk)} > §. For all other trajectories, R (7) > 0. Therefore,
+
Ermn(lzyxp [BENT)] =8 Pron(ja)xp [T € Vis(2)] . Adding Jext(m;2) to both sides proves the claim. [

Proposition 2 shows that intrinsic reward breaks the degeneracy among failed trajectories in sparse-reward
settings: failures with stronger reflected progress obtain larger augmented returns and therefore provide a
directed learning signal.

Proposition 3 (Monotone exploration pressure). For every task xz, the baseline sequence {@&k)}kzo is
monotonically non-decreasing. Moreover,

RM(1)>0 <= x> 0P,

Thus, as the agent’s capability improves, intrinsic reward is assigned only to trajectories that exceed the
updated threshold.
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Proof. By the update rule in Equation (5), ¢ = max{@&k),f,?‘t(x)} > . Hence, {@&’“)}kzo is

monotonically non-decreasing. The equivalence follows immediately from R}gm(T) = [qﬁ(xﬁ),k — <I>§f) g
Jr

3.3 Intrinsic Language Feedback via Reflection Memory

The numerical exploration reward indicates which trajectories are promising, but it does not explain how
the agent should improve. To provide reusable guidance, RETROAGENT maintains a retrieval-augmented
reflection memory. Each memory entry is m; = (z;,1;, 74, u;, ni, d;), where x; is the task instruction, I; is the
retrospective lesson, 7; is the source trajectory, u; € [0, 1] is the empirical utility of the lesson, n; € N is its
retrieval count, and d; € {success, failure} is the originating extrinsic outcome.

For efficient semantic retrieval, each task instruction is embedded using a frozen sentence encoder £. We
embed each memory instruction as v; = E(x;).

SimUtil-UCB retrieval. Given a current task x, SimUtil-UCB scores each memory entry using semantic
relevance, empirical utility, and an exploration bonus. Semantic relevance is measured by cosine similarity,

E(x) vy

= @iz ®)

Srel(x7 xz)

and entries with s,q(z, ;) < 0.4 are discarded. Each utility score is initialized to u; = 0.5. Whenever
m; is retrieved and the resulting episode obtains task success score 4; € [0, 1], the utility is updated by
wi < (1 = Bugi)ui + Burirlis, where By € (0,1).

To avoid repeatedly exploiting only a small subset of memories, SimUtil-UCB adds a UCB exploration bonus.
Let Ny =D, 51 be the total number of memory retrievals. The utility-UCB value is

i In N
u%éB =U; + K M

(9)

max(n;, 1)’
where k > 0 controls memory exploration and is set to 1.0 in our experiments. The final retrieval score is
S(m; | 2, M) = asa(z,z;) + (1 — a)ulbp, (10)

where « € [0, 1] controls the relevance—utility trade-off. Let K be the top-k entries under S. The selected lessons
are concatenated as lretrieved = ®ie « li, yielding the memory-augmented input fmemory (€, M) = T & lretrieved-
After retrieval, each selected entry is marked as accessed by setting n; < n; + 1 for all i € K.

Theoretical Justification. We formalize reflection memory as intrinsic language feedback using the
Learning from Language Feedback (LLF) framework (Xu et al., 2025). Scalar rewards provide outcome-level
supervision, whereas retrieved lessons impose trajectory-level constraints that can distinguish task-solving
hypotheses more efficiently than rewards alone.

Let IT denote the policy class and H a class of text-expressible hypotheses over task-solving strategies. Each
hypothesis n € H induces a value function: r, : II — [0,1]. For a task z, let M(x) be the distribution over
retrieved lessons. A lesson I ~ M (x) induces a verifier loss:

Um,l,m) €[0,1],

where smaller values indicate that hypothesis 17 better explains the behavior of policy 7 under lesson [. The
memory-induced loss and its corresponding excess loss are defined as:

LM(Q?) (7T7 77) = ElNM(x) V(ﬂ.7 L 77)} 3

Ay (mn) = L) (m,m) — Jnf, L) (m,1').
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Definition 4 (Memory-informative feedback). For a task x, the retrieved lesson distribution M(x) is
(C, €)-memory-informative if there exist constants C > 0 and € > 0 such that, for all n,n’ € H and 7 € I1:

2
|1 () = 1y (m)|” < CAp(ay (m,1) + €.

Definition 4 establishes that if two hypotheses yield different policy values, the retrieved lessons induce a
detectable verifier-loss gap, bounded by an approximation error e. Thus, reflection memory is effective when
reward-relevant disagreements are captured by language-feedback consistency.

Definition 5 (Memory-conditioned transfer eluder dimension). Given a memory distribution M, verifier
loss ¢, and precision € > 0, the memory-conditioned transfer eluder dimension: dimrg (H,l, e | M) is the
mazimum length d of a sequence m1,...,mq € Il such that, for some € > €, each w; is € -transfer independent
of {m1,...,mj_1} under verifier losses induced by lessons retrieved from M.

This dimension quantifies the exploration burden—specifically, how many policies must be evaluated before
memory-induced language feedback resolves relevant uncertainty.

Theorem 6 (Memory-guided complexity reduction). Suppose M(z) is (C, €)-memory-informative, and define
the induced reward class Ry = {ry, : n € H}. Following the transfer-eluder analysis for reward-informative
language feedback (Xu et al., 2025), we have:

dimTE (H, Cf, € | M) S dimE (RH, 6),

up to the approximation error in Definition 4. This inequality can be strict when retrieved lessons identify
intermediate subgoals, failure modes, or corrective actions unobservable from scalar rewards alone.

Proof sketch. By Definition 4, any pair of hypotheses that differ in induced value on a policy also exhibit a
corresponding gap in memory-induced verifier loss, scaled by C' and up to error e. Thus, memory feedback
can distinguish all reward-relevant hypothesis disagreements that scalar rewards can. Consequently, any
sequence remaining transfer-independent under the scaled verifier C'¢ cannot exceed the length of the longest
sequence remaining independent under the induced reward class Ry. Strict improvement occurs because a
single explanatory lesson can eliminate multiple hypotheses that sparse scalar rewards cannot distinguish. [

Theorem 6 formalizes reflection memory’s role in reducing exploration complexity: retrieved lessons do not
merely provide context; they actively constrain the set of plausible task-solving hypotheses.

Proposition 7 (SimUtil-UCB retrieval behavior). Assume u; is an unbiased or asymptotically consistent
estimate of memory m;’s expected downstream utility on semantically related tasks, and that syo(x,x;) is
bounded. SimUtil-UCB exhibits the following properties: (i) Among memories with comparable semantic
relevance, entries with higher empirical utility are preferred as n; grows. (it) Among memories with comparable
empirical utility, entries with higher semantic relevance are preferred. (iii) Memories with lower retrieval
counts receive larger exploration bonuses.

Proof. The retrieval score is defined as:

S(mi |z, M) = aswa(z,2:) + (1 - a) <uz +K thM) 7

max(n;, 1)

where Ny = > ;1 Fora fixed semantic relevance, increasing u; increases .9, favoring higher-utility memories.
For a fixed utility and retrieval count, increasing sc(z, ;) increases S, favoring more relevant memories.
Finally, the exploration term decreases monotonically with n;, ensuring under-tested memories receive a
larger bonus. As n; — oo, this bonus vanishes, and retrieval is governed strictly by semantic relevance and
empirical utility, adhering to the optimism-under-uncertainty principle (Auer et al., 2002). O
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Algorithm 1 RETROAGENT Training Framework

Require: Training dataset D, Sentence encoder &, hyperparameters «, Butil, K, Areflect -
1: Initialize memory buffer M < (), policy parameters 6, historical baselines @, + 0 for all z € D.
2: for each training iteration do
3: Sample task instruction x ~ D.
% 1. Memory Retrieval (SimUtil-UCB)
if M # () then
Compute semantic relevance sye) via cosine similarity using &(x).
Retrieve top-k entries K maximizing S(m; | ©, M) = aspe + (1 — oz)ufft)il_UCB.
Form augmented input fmemory(Z, M) = & & lretrieved-
Increment access counts: n; < n; + 1 for all i € K.
10: end if
11: % 2. Trajectory Generation

12: Generate N/2 trajectories 7 via base policy g, (- | ).

13:  Generate N/2 trajectories 7 via memory-augmented policy g, (- | fmemory(z, M)).

14: % 3. Self-Reflection & Intrinsic Feedback

15: for each trajectory 7(9) in the N rollouts do

16: Observe extrinsic reward R®%(") and outcome I°*%(),

17: Generate reflection tuple z(9 = (¢E;)7T), ), l(i)) via reflection function frefect Or policy @g.
18: Compute capability-evolution intrinsic reward: R™ (%) + max(O, ¢)EQT) — @I).

19: Store new memory entry m(®) into buffer M.

20: end for

21: Update task baseline: ®, < max(®,, + Zjvzl Ie"tv(j)).

22: Update utilities u; for retrieved entries ¢ € K via EMA: u; < (1 — Buti)us + Butitlie-
23: % 4. Policy Optimization (Dual Feedback)

24: Compute advantages A using composite returns G = SoAt (ReXt7(i) + Ri“t7(i)).
25: Update decision-making policy 6 by maximizing Jpecision-Making(f) via GRPO.

26: if using RL-Trained Reflection Variant then

27: Compute reflection reward: Rreflect:() < Rext.(i) . 1{c = Jext1,

28: Update reflection policy ¢y by maximizing Jseit-Reflection(f) via REINFORCE.
29: end if

30: end for

3.4 Policy Optimization with Dual Intrinsic Feedback

RETROAGENT is compatible with a broad class of RL algorithms. In this work, we instantiate it with
GRPO (Shao et al., 2024b), adapted to incorporate dual intrinsic feedback into multi-turn trajectory
optimization. We describe the trajectory generation procedure, the decision-making objective, and the
optional self-reflection objective in turn.

Trajectory Generation with Memory Augmentation. For each task instruction = from D, we
generate N trajectories under Ilg_, (- | #, M) x P (Equation 2). The first N/2 are sampled from the base
policy, 7" ~ mg_, (- | ) x P, and the remaining N/2 from the memory-augmented policy, () ~ (- |
fmemory (2, M)) x P. Each trajectory 7(*) = (séi), a((f), R 5%)717 a%)il) is a state—action sequence of length T;.
This partition lets the agent leverage past experience via memory retrieval while retaining the capacity for
independent exploration, facilitating continuous policy adaptation.

Decision-Making Objective. Since both R and R® are uniform across time steps (Section 3.1), the

discounted return reduces to a trajectory-level scalar G(9) = ZtT:Bl vt (Re"t’(i) + Rint’(i)), and every step

i) _ G(i)—mean({G(l)7...,G(N)})
std({GM),...G(N})

within a trajectory shares the same group-relative advantage: Al
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()4 4D
Defining the per-token importance ratio as p(l) (0) = M(a( <‘)S‘ (’)at <§) 7 the decision-making objective is
o414 (@ <y
formulated as:
LA T;—1la"|
i
Ibecision-Making(0) = Eqp, {r@ g, o (o, M)XP lN Z T ( = 0 Al ))
i=1 " t=0 j=1 (11)

T;
- 5DKL[7T9(' | St )H Tret(- | St )]

where |a£i)| denotes the number of tokens in action agi). Following Liu et al. (2025a), we remove

the length normalization term W The clipped surrogate function is defined as Lg};p (9, fl(i)> =
f

min (pgzj)(ﬁ) AD | clip (pgzj)(ﬂ), 1—€clip, 1+ec1ip) fl(i)), where €., bounds the policy update and 5 controls

the KL divergence regularization toward the reference policy m.f. For the in-context self-reflection variant,

the total objective is simply JretroAgent(8) = IDecision-Making (6)-

Self-Reflection Objective (for RL-Trained Variant). The RL-trained variant additionally optimizes

the reflection policy ¢g. For each trajectory 7(9), @y generates a reflection sequence z(9) = ((;SE?T), @), l(i)).

The success prediction component ¢ is scored by Rrefeet:() (Equation (3)). We optimize ¢y using REIN-
FORCE (Williams, 1992):

N \z( )|
Tselt-Refiection (0) = Bz g, (1r0) [ Z Z log (2 ) | 7@ 22) - Rrefiect. ()] (12)

=1 j=1

where |2(9| is the token length of the reflection sequence. Gradients from this objective do not propagate
through trajectory generation. The full RL-trained objective is

chtroAgcnt (0) = chcision—Making(e) + )\rcﬂcct . chlf—Rcﬁcction(0)~ (13)

We summarize the RETROAGENT framework in Algorithm 1 and provide theoretical justifications in Ap-
pendix A.

4 Experiments

4.1 Experimental Setup

Environments. We evaluate RETROAGENT across four distinct agentic tasks: (i) ALFWorld (Shridhar
et al., 2021), a text-based embodied environment where agents complete household tasks through navigation
and object interaction. We assess both in-distribution (seen rooms) and out-of-distribution (unseen rooms)
generalization. (ii) Webshop (Yao et al., 2022a), a simulated e-commerce environment requiring agents to
navigate a web interface to purchase products matching user specifications. (#4) Sokoban (Racaniére et al.,
2017), a planning-heavy puzzle task where agents must push boxes to target locations. Due to the irreversible
nature of pushing actions, errors often render puzzles unsolvable. Complexity is governed by board size and
box count; we train on 6 x 6 boards with 2 boxes, following Jiang et al. (2025). (iv) MineSweeper (Li et al.,
2024), a logic-based puzzle requiring agents to identify mine locations using numerical clues. Difficulty is
controlled by board size and mine density; we train on 6 x 6 boards with 3 mines. We report Success Rate
across all tasks, supplemented by Task Score for WebShop.

Compared Methods. We evaluate RETROAGENTgent against four categories of competitive baselines,

reporting results averaged over three independent runs: (i) Prompting-based methods: We compare against
ReAct (Yao et al., 2022¢) and Reflexion (Shinn et al., 2023), the latter of which incorporates an in-context

10



Under review as submission to TMLR

Table 1: Main results across four benchmarks, averaged over three independent runs (mean + standard
deviation). All improvements are statistically significant with p < 0.01. Results marked with * are cited
from prior work (Xia et al., 2026; Feng et al., 2025; Wang et al., 2025b). Unless otherwise specified, all
training frameworks use the GRPO algorithm. “Success” and “Score” denote Success Rate and Task Score,
respectively. w/ Teacher Model indicates methods that require a teacher model for skill induction.

Method ALFWorld ‘WebShop Sokoban MineSweeper
Success (%) Score (%) Success (%) Success (%) Success (%)
Qwen-2.5-7B-Instruct (Zero-Shot) 16.9+1.8 45418 0.8+0.0 2.610.5 6.5+1.6
Prompting-based Methods
ReAct® (Yao et al., 2022c¢) 31.2 46.2 19.5 3.9 7.0
Reflexion™ (Shinn et al., 2023) 42.7 58.1 28.8 4.3 7.4
Fine-tuning with RL
RLOO™* (Kool et al., 2019) 75.544.6 80.343.2 65.744.0 99416 32.844.8
GRPO (Shao et al., 2024b) 77.344.3 75.543.6 66.941 .2 11.2495 39.342.7
GiGPO”" (Feng et al., 2025) 90.8+1.3 84.4459 72.813.2 219428 411410
Fine-tuning with RL-based Frameworks
MemRL* (Zhang et al., 2026) 21.4 29.5 9.2 42439 7.041.4
EvolveR* (Wu et al., 2025) 43.8 42.5 17.6 6.0+3.2 11.743.1
Mem0 (Chhikara et al., 2025)+GRPO* 54.7 58.1 37.5 - -
SimpleMem (Liu et al., 2026a)+GRPO* 62.5 67.8 46.9 - -
SKILLRL* (Xia et al., 2026) w/ Teacher Model 89.9 85.2 72.7 - -
GRPO w/ EMPG™ (Wang et al., 2025b) 78.5 81.0 69.3 12.84233 40.143.6
Fine-tuning with Meta-RL Frameworks
LAMER (Jiang et al., 2025) 82.3+3.6 - 61.744.7 14.341.2 333118
RL Training with Extrinsic and Dual Intrinsic Feedback
RETROAGENT (In-Context Reflection) 91.741.2 87.6+2.1 78941356 32.644.6 479420
RETROAGENT (RL-Trained Reflection) 95.612.3 88.91+13 823116 383434 48.2120

self-reflection mechanism for iterative refinement. (i7) RL algorithms: We include REINFORCE Leave-One-
Out (RLOO) (Kool et al., 2019; Ahmadian et al., 2024), GRPO (Shao et al., 2024b), and Group-in-Group
Policy Optimization (GiGPO) (Feng et al., 2025). GiGPO represents the current state-of-the-art by utilizing
anchor-state grouping for fine-grained credit assignment. (i) RL-based frameworks: This category includes
memory-augmented methods such as MemRL (Zhang et al., 2026) (which updates a memory bank while
keeping the policy frozen), EvolveR (Wu et al., 2025) (which integrates raw trajectories into optimization),
and Mem0 (Chhikara et al., 2025)+GRPO and SimpleMem (Liu et al., 2026a)+GRPO, (which incorporate
persistent memory into the training process). We also compare against SkillRL (Xia et al., 2026), a hybrid
approach (supervised finetuning and RL) that induces actionable skills via a teacher model to guide the
student’s policy optimization, and GRPO with EMPG (Wang et al., 2025b), which utilizes entropy-modulated
policy gradients for long-horizon optimization. (iv) A Meta-RL framework (Beck et al., 2025): We compare
against LAMER (Jiang et al., 2025), which leverages a multi-episode structure to foster active exploration
and robust adaptation within a meta-learning context.

Implementation Details. We evaluate RETROAGENT on Qwen-2.5-7B-Instruct (Qwen et al., 2025) and
Llama-3.1-8B-Instruct (Grattafiori et al., 2024). Although RETROAGENT is generally compatible with various
RL algorithms, we adopt GRPO as the default and implement our framework by adapting the open-source
Verl training library (Sheng et al., 2024). We employ the task prompts from Feng et al. (2025) to enable
decision-making via the ReAct format (Yao et al., 2022c), in which the model generates step-by-step reasoning
before its corresponding action. At training time, the agent distills lessons as memories from trajectories on
the training set; at test time, the agent leverages these memories for task completion on the test set. Detailed
hyperparameter settings and training configurations are provided in Appendix B.
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4.2 Main Results

We present the main results in Table 1 and summarize the key findings below.

Retrospective dual intrinsic feedback improves policy evolution. RETROAGENT achieves state-
of-the-art performance on all four benchmarks, outperforming GRPO by +14.4, +12.0, +21.4, and +8.6
percentage points on ALFWorld, WebShop, Sokoban, and MineSweeper, respectively. These gains show that
augmenting extrinsic rewards with hindsight-generated intrinsic feedback enables more effective learning than
success-driven RL alone. On WebShop, RETROAGENT further surpasses the strongest baselines, GiGPO
and SKILLRL, by +6.1-6.2%, confirming the benefit of combining progress-aware exploration with explicit
experience reuse.

Numerical and language feedback are complementary. RETROAGENT consistently outperforms
memory-augmented methods, including MemRL, EvolveR, SimpleMem+GRPO, and SKILLRL, showing that
textual memory alone is insufficient without progress-aware exploration signals. It also exceeds GRPO w/
EMPG, which uses uncertainty-based intrinsic rewards, indicating that numerical signals alone miss reusable
trajectory-level knowledge. These results validate the complementary roles of intrinsic numerical feedback for
exploration and intrinsic language feedback for experience reuse.

Distilled lessons are more useful than raw trajectories. RETROAGENT substantially outperforms
EvolveR, which reuses raw trajectories as in-context demonstrations; on WebShop, RETROAGENT achieves
78.9-82.3% success versus 17.6% for EvolveR. This suggests that raw trajectories may contain noisy or
task-specific details, whereas retrospective self-reflection produces concise and transferable lessons for future
decisions.

RL-trained self-reflection further improves performance. Jointly training the self-reflection policy
further improves RETROAGENT, reaching 95.6%, 82.3%, and 38.3% success on ALFWorld, WebShop, and
Sokoban, respectively. This indicates that reflective feedback generation can itself be optimized to better
support policy evolution.

4.3 Test-Time Adaptation and Generalisation

99.0% 100.0% 100.0%
100 100 v
()
9?2.9 %o
90
82.3% .90
S S
~ 80 ¥ 85
® RetroAgent RetroAgent
= = (RL-Trained) g 80 —+ (RLTrained)
g 70 —&— RetroAgent 3 ——4— RetroAgent
2 LaMer Q 75 LaMer
. —#— GRPO 2 70 —&#— GRPO
60 -$- Zero-shot -~ Zero-shot
B -
______ ----—-"
ole-—-------"------ & --—--—----""" "T ol®==mT T
1 2 3 1 2 3
Number of Attempts k Number of Attempts k
(a) Test-time adaptation on WebShop (ID). (b) Test-time adaptation on ALFWorld (OOD).

Figure 3: Test-time adaptation in an in-distribution (ID) setting on WebShop and an out-of-distribution
(OOD) setting on ALFWorld.
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Figure 4: Robustness to challenging tasks on MineSweeper.

Test-Time Adaptation. Following Jiang et al. (2025), we evaluate test-time adaptation with
Discovery@k (Hubotter et al., 2026), defined as the probability of solving a task within k attempts:

Discovery@Qk := P(\/i’;1 r(y; | x) = 1) . Results are shown in Figure 3.

RetroAgent enables rapid test-time adaptation. RETROAGENT reaches near-perfect discovery within
three attempts in both in-distribution WebShop (82.3% — 99.0%) and out-of-distribution ALFWorld
(92.9% — 100.0%) settings, consistently outperforming the Meta-RL baseline LAMER. The margin over

LAMER further increases with k& in OOD settings, suggesting that retrospective reasoning better exploits
repeated attempts.

Table 2: Impact of memory retrieval on test-time adaptation.

WebShop
Method Merr.lory
Retrieval Discovery@1 (%) Discovery@2 (%) Discovery@3 (%)

GRPO (Baseline) - 66.941.2 87.841.8 97.140.5
RETROAGENT (In-Context) X 76.841.6 91.9412 98.440.0
_RETROAGENT (RL-Trained) _ _x___ _ Tlere O.T412 99.0405
RETROAGENT (In-Context) v 78.943.6 93.0+1.4 97.9405
RETROAGENT (RL-Trained) N 82.3116 93.0108 99.040.5

RetroAgent internalizes intrinsic feedback during training. Table 2 ablates test-time memory retrieval.
Removing retrieval causes only minor drops in Discovery@1 and Discovery@2 (e.g., 78.9% — 76.8% for
in-context self-reflection), while Discovery@3 remains unchanged. This suggests that dual intrinsic feedback
is largely absorbed into the policy parameters, rather than relying on memory access at inference time.

Robustness to Challenging Tasks. Following Jiang et al. (2025), we assess robustness on MineSweeper
under two harder-than-training settings (Figure 4): (¢) increasing the mine count from 3 to 4, and (i) varying
the mine count from 3 to 5.

RetroAgent remains robust under increased difficulty. RETROAGENT consistently outperforms all
baselines in both settings, showing rapid adaptation to harder instances (Figure 4a) and graceful degradation
as task difficulty increases (Figure 4b).
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4.4 Analysis of In-Context Self-Reflection

C

S51.0{ — Trend 21.0{ — Trend X"
g’ ffffff Perfect Calibration . % ffffff Perfect Calibration
508 . o 208
— = q)
[} 0
8’0'6 : 0.6
‘g 0.4 £0.4
o £
£ 0.2 20.2
g o
0 0.0 0 0.0
v @

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Expert Score (Oracle) Expert Score (Oracle)
(a) Completion scores via single induction. (b) Completion scores via pairwise induction.

Figure 5: Accuracy of subtask completion scores generated via single-trajectory (single) vs. pairwise-trajectory
(pairwise) induction for Qwen-2.5-7B-Instruct on WebShop.

Table 3: Quality of lessons (i.e., memories) generated via single-trajectory vs. pairwise-trajectory induction,
as assessed by GPT-4o.

Hallucination Rate (%) Estimated Utility Score (%)
Method .
. Failure Success
Failure Success
() () Low () Med (—) High (1) Low () Med (—) High (1)
Single Induction 8.8 15.1 8.8 78.2 12.9 12.2 75.6 12.2
Pairwise Induction 3.8 11.9 3.1 76.7 20.1 6.2 76.2 17.6

Table 4: Effect of induction method and augmentation ratio on GRPO performance. Augmentation Ratio
denotes the fraction of sampled trajectories per prompt that receive memory-augmented generation; the
remaining trajectories are sampled without augmentation.

Method Augmentation ‘WebShop
Ratio Task Score (%) Success Rate (%)
GRPO — 75.5:‘:3.6 66.9:‘:1,2
+ Single Induction 100% (Full Group) 81.34256 70.342.1
+ Pairwise Induction 100% (Full Group) 82.341.3 729416
+ Pairwise Induction  50% (Half Group) 8244199 75.344.3

The effectiveness of RETROAGENT depends on the quality of self-reflection, which determines both the accuracy
of intrinsic numerical feedback and the utility of intrinsic language feedback. We compare single-trajectory
and pairwise-trajectory induction under the in-context self-reflection mechanism.

For numerical feedback, we use GPT-4o subtask completion scores (OpenAl et al., 2024) as oracle estimates
and measure correlation with each induction method. For language feedback, we use GPT-40 to evaluate
lesson quality. We further assess downstream impact by augmenting GRPO with lessons from each method,
retrieved by semantic relevance to the task prompt (Table 4). Details are provided in Appendix C.

Pairwise induction yields more accurate and useful self-reflection. Pairwise-trajectory induction
produces intrinsic numerical feedback that better matches oracle subtask completion scores, as shown by
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Table 5: Impact of discounted returns and intrinsic reward shaping on GRPO. Capability-evolution rewards
denote the intrinsic numerical feedback described in Section 3.2.

Method Discounted Reward WebShop
Returns Type Task Score (%) Success Rate (%)
GRPO (Baseline) - Extrinsic 75.5+43.6 66.941.2
GRPO v Extrinsic 84.240.2 T4.742.7
+ Progress-Guided Rewards v Extrinsic 84.241.7 75.0+3.1
+ Capability-Evolution Rewards v Extrinsic & Intrinsic 88.2191 79.7T431

its closer alignment with the dashed oracle curve in Figure 5. It also generates higher-quality language
feedback, with lower hallucination rates and higher estimated utility (Table 3). These improvements translate
into better downstream optimization: GRPO augmented with pairwise-induction lessons outperforms the
single-induction variant (72.9% vs. 70.3%; Table 4).

Preserving unguided exploration prevents premature convergence. Table 4 shows that half-group
memory augmentation outperforms full-group augmentation (75.3% vs. 72.9% success). This indicates that
applying memory-guided generation to all sampled trajectories reduces diversity and can promote premature
convergence to suboptimal strategies.

4.5 Effect of Intrinsic Numerical Feedback

Training Step

Training Step
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o o (
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5 40 o 40 VA
[} i et [
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(a) Impact of capability-evolution rewards. (b) Impact of memory-retrieval strategies.

Figure 6: Valid-set performance dynamics on WebShop when augmenting GRPO with intrinsic numerical
feedback (a) or intrinsic language feedback (b).

We study the effects of discounted returns and intrinsic reward shaping on GRPO. Table 5 reports evaluation
results, and Figure 6a shows validation dynamics. As an additional baseline, we consider progress-guided
rewards, which replace the potential score ¢, ;) in Equation 6 with the binary environment success score
IP*t thereby grounding the rectified gain in extrinsic outcomes rather than self-assessed progress.

Intrinsic numerical feedback improves policy optimization. As shown in Table 5, using discounted
returns to compute trajectory-level advantages improves GRPO by +8.7 percentage points in task score and
+7.8 in success rate on WebShop. Adding capability-evolution rewards further increases performance to 88.2%
task score and 79.7% success rate, with consistent gains from step 25 onward (Figure 6a). Capability-evolution
rewards also outperform progress-guided rewards, indicating that self-reflection-based potential scores provide
richer shaping signals than binary extrinsic outcomes alone.
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Table 6: Impact of intrinsic language feedback on GRPO using different memory-retrieval strategies. SimUtil-

UCB denotes the our proposed memory retrieval strategy (Section 3.3).

Method Dllic:unted l;?trtl:eval ‘WebShop
eturns rategy Task Score (%) Success Rate (%)
GRPO (Baseline) - - 75.543.6 66.941.2
GRPO v - 84.240.2 T4. 7107
+ Memory Retrieval v Similarity 791471 70.145.5
+ Memory Retrieval v Similarity & Utility 78.4+11.4 69.548.7
+ Memory Retrieval v SimUtil-UCB 86.4+1.8 786 +1.6

4.6 Effect of Intrinsic Language Feedback

Having shown in Section 4.4 that intrinsic language feedback improves policy optimization, we evaluate
SimUtil-UCB against two ablations: similarity-based retrieval (Criterion 1 only) and similarity—utility
retrieval (Criteria 1-2, without the exploration bonus). Table 6 reports final performance, and Figure 6b
shows validation dynamics. All experiments use half-group memory augmentation.

Balancing relevance, utility, and exploration is critical. As shown in Table 6, discounted returns
improve GRPO, but adding memories retrieved by similarity-only or similarity—utility criteria degrades
performance. This contrasts with Table 4, where similarity-based retrieval improves standard GRPO without
discounted returns, suggesting that discounted returns may amplify low-quality memory-guided behaviors.
In contrast, SimUtil-UCB consistently improves performance, reaching an 86.4% task score and a 78.6%
success rate (Table 6; Figure 6b). By adding the UCB exploration bonus (Equation 9), SimUtil-UCB
avoids over-reliance on semantically similar or historically high-utility memories and promotes broader use of
under-explored lessons.

Figure 7 further analyzes retrieval frequency. Each memory instance is initialized with count 1, which
increments after retrieval. SimUtil-UCB distributes access more evenly, with most instances retrieved about
5 times (Figure 7c), whereas similarity-based retrieval concentrates on a small subset, with many instances
exceeding 15 retrievals (Figure 7a). This confirms that the UCB bonus diversifies memory usage and
contributes to stronger final performance.

10 Similarity [ Similarity & Utility [ Similarity & Utility-UCB

g Mean 215 ---= Mean 215 - Mean

§0-8 Min / Max g Min / Max g -+ Min / Max

Qa : Qa Qa

g 0.6 g 1.0 g 1.0

204 Statistics @ Statistics @ i Statistics

o Mean: 1.57 505 Mean: 1.57 50> Mean: 1.59
0.2 Min: 1 Min: 1 Min: 1

Max: 41 A Max: 13 A Max: 13

0.0, 10 20 30 40 %0 25 50 75 100 125 Qo0 25 50 75 100 125

Access Counts Access Counts Access Counts

(a) Similarity-based retrieval. (b) Similarity & utility. (¢) SimUtil-UCB.

Figure 7: Distribution of accumulated memory usage counts across retrieval strategies on WebShop, estimated
via kernel density estimation (KDE) (Chen, 2017). Each panel shows how frequently stored memory instances
are accessed under a given strategy.

4.7 Effect of Combining Dual Intrinsic Feedback

We present results for combining intrinsic numerical and language feedback in Table 7 and compare in-context
versus RL-trained reflection mechanisms in Figure 8.
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Table 7: Individual and combined effects of intrinsic numerical and language feedback under different self-
reflection mechanisms on WebShop. Rows above the dashed line ablate each feedback type in isolation; rows
below combine both (Dual).

Intrinsic Self-Reflection WebShop
Method .
Feedback  Mechanism  Tusk Score (%) Success Rate (%)

GRPO (Baseline) - - 75.543.6 66.9+1.2

+ Capability-Evolution Rewards  Numerical Pairwise Induction 88.242.1 79.74+3.1
__+ SimUti-UCB Memory Retrieval Language Pairwise Induction ~_ 86.d41s 8616
RETROAGENT (In-Context) Dual Pairwise Induction 87.642.1 7894356
RETROAGENT (RL-Trained) Dual Pairwise Induction 87.041.4 771410
RETROAGENT (RL-Trained) Dual Single Induction 889113 82.3116
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(a) Valid-set performance over the course of training. (b) Reflection accuracy over the course of train-

ing, smoothed with exponential moving average
(EMA) (Klinker, 2011).

Figure 8: In-context vs. RL-trained self-reflection mechanisms in RETROAGENT on WebShop.

Combining dual intrinsic feedback facilitates superior agentic reasoning. As shown in Table 7,
RETROAGENT achieves notable performance gains (e.g., = +3% success rate) by integrating dual intrinsic
feedback compared to using either capability-evolution rewards or SimUtil-UCB memory retrieval in isolation.
The in-context variant, however, slightly underperforms GRPO with capability-evolution rewards only,
suggesting that simultaneous exploration signals from both feedback channels might interfere with each other
during action selection.

Joint optimization preserves reflection quality and improves RL training. In Figure 8b, the
reflection accuracy of the in-context variant declines steadily as the policy improves (orange curve), even
though extrinsic success signals remain available. In contrast, the RL-trained self-reflection mechanism
maintains accuracy throughout training (blue curve). Although accuracy dips slightly before step 75—Tlikely
because decision-making policy improvement temporarily outpaces reflection adaptation—it recovers and
increases steadily thereafter. The initial gap relative to the in-context baseline arises because the RL-trained
variant uses single induction, which is less informative than pairwise induction (consistent with Section 4.4).

We validate the choice of single induction by comparing it against a pairwise variant that conditions on a
reference trajectory: z = frefiect (Tref, 7). Although including 7ye¢ yields the highest reflection accuracy (green
curve, Figure 8b), it does not improve task performance (Table 7). This discrepancy suggests that contrastive
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comparison enables the reflector to infer outcomes from relative differences between trajectories rather than
developing robust standalone evaluation capability.

4.8 Effect of Intrinsic Feedback on Exploration

Both intrinsic numerical and language feedback are designed to improve RL by guiding exploration: capability-
evolution rewards encourage promising action sequences, while retrieved lessons discourage repeated failures
and reinforce effective strategies. We test this hypothesis on the WebShop test set under three settings: (%)
GRPO with capability-evolution rewards only, (#7) GRPO with SimUtil-UCB memory retrieval only, and ()
RETROAGENT with in-context or RL-trained self-reflection. We quantify trajectory diversity using the Vendi
Score (Friedman & Dieng, 2023) over both successful and failed trajectories.

Table 8: Impact of intrinsic feedback on trajectory diversity on WebShop, measured by the Vendi Score (Fried-
man & Dieng, 2023). A score of 0.00 for Qwen-2.5-7B-Instruct indicates that fewer than two successful
trajectories were generated, precluding diversity measurement.

Method ;ntzlglmi Vendi Score (1)
eedbac Successful Traj. Failed Traj.

Qwen-2.5-7B-Instruct - 0.00" 1.89
GRPO (Baseline) - 1.85 1.71

+ Capability-Evolution Rewards Numerical 2.04 1.82

+ SimUtil-UCB Memory Retrieval Language 2.13 1.97
RETROAGENT (In-Context Self-Reflection) Dual 2.01 1.78
RETROAGENT (RL-Trained Self-Reflection) Dual 2.20 1.94

Intrinsic feedback promotes useful exploration. All intrinsic-feedback variants obtain higher Vendi
Scores on successful trajectories than GRPO, indicating more diverse successful strategies. The in-context
RETROAGENT variant shows slightly lower diversity than the single-feedback ablations, suggesting that the
two feedback channels may partially constrain exploration when used jointly (Table 7).
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Figure 9: Sensitivity of RETROAGENT to two key coefficients on the WebShop test set, reported in terms of
task score and success rate (averaged over three runs).

4.9 Training Efficiency
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We evaluate training efficiency by comparing RETROA-
GENT with the GRPO baseline in terms of training
time (Figure 10).

I Time to Match GRPO
Total Training Time

N
o

o e 16.94h
Intrinsic feedback accelerates convergence. Al-

though RETROAGENT incurs higher total training cost
than GRPO, it reaches GRPO’s peak performance sub-
stantially earlier. The in-context variant matches the
GRPO peak at step 65, while the RL-trained variant
does so at step 73 (Figure 8a), reducing the time re-
quired to reach this performance by 46% and 32%,
respectively. The RL-trained variant converges slightly
more slowly, likely due to the additional optimization 0 GRPO RetroAgent RetroAgent

of the reflection objective. (In-Context) (RL-Trained)
Compared RL Training Approaches

=
(6]

14.61h

=
o

Time (Wall-Clock Hours)
(6]

4.10h ?:TSitiVity ity Tradeoff Coeffici Figure 10: Training time (wall-clock hours) on Web-
to the Relevance-Utility Tradeoff Coefficient Shop. “Time to Match GRPO” denotes the time
required for each RETROAGENT variant to reach the

We examine the relevance—utility tradeoff in memory re-
Y Y peak performance of the GRPO baseline.

trieval for RETROAGENT with in-context self-reflection
by varying the coefficient « from 0.3 (utility-oriented)
to 0.7 (relevance-oriented). As shown in Figure 9a,
RETROAGENT achieves higher WebShop task scores
and success rates when utility is prioritized (o = 0.3).
This highlights the importance of accounting for historical utility, rather than relying solely on semantic
relevance, when retrieving experiential memories.

4.11 Sensitivity to the Self-Reflection Objective Weight

We examine the effect of the self-reflection objective weight Ajefiect On the final performance of RETROAGENT
with RL-trained self-reflection mechanism by varying Arefiect from 0 (self-reflection loss disabled) to 1. As
shown in Figure 9b, increasing Ayefiect consistently improves performance on WebShop, raising the success
rate from 75.8% to 82.3% and the task score from 86.0% to 88.9%.

4.12 Generalization Across Model Architectures

Table 9: Performance of RETROAGENT on Llama-3.1-8B-Instruct across four agentic benchmarks. All
improvements are statistically significant (p < 0.01).

Method ALFWorld ‘WebShop Sokoban MineSweeper
Success (%) Score (%) Success (%) Success (%)  Success (%)
Llama-3.1-8B-Instruct (Zero-shot) 29.249.9 0.2404 0.110.2 5.7+05 7.0408
GRPO (Baseline) 72-7i2.3 78.0i2‘3 67.6i2‘8 12-2i1‘2 42-4i2‘5
LAMER (Jiang et al., 2025) 76-0i1A8 - 7O~3j:3.6 15.9i2.4 32~Oj:3.4
GiGPO (Feng et al., 2025) 909136 87.8423 T7.7439 13.541.9 48.249
RETROAGENT (In—Context) 93.1415 87.811.8 71-9i3.6 391413 523416
RETROAGENT (RL-Trained) 9144174 8954571 80.5455 24.545 g 59.9.3 5

RetroAgent generalizes across model architectures. To assess architectural generality, we evaluate
RETROAGENT with Llama-3.1-8B-Instruct (Grattafiori et al., 2024). As shown in Table 9, RETROAGENT
consistently achieves state-of-the-art performance across all four tasks. The RL-trained self-reflection variant
slightly underperforms the in-context variant on ALFWorld and Sokoban, likely due to interference between
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reflection and decision-making objectives during joint optimization. Specifically, the auxiliary reflection loss
may weaken the primary policy-gradient signal. We leave improved multi-objective balancing to future work.

4.13 Scaling Across Model Sizes
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Figure 11: Performance comparison of various methods across different model scales.

RetroAgent generalizes across model scales. We evaluate RETROAGENT on WebShop using Qwen2.5-
Instruct models at 7B and 14B scales. As shown in Figure 11, RETROAGENT consistently outperforms
competitive baselines at both scales. Scaling from 7B to 14B yields modest gains: task score improves by
+0.9%—+3.8%, and success rate by +1.3%—+1.6%. These results suggest that larger models can better encode
and exploit experiential knowledge, but that model scaling alone provides limited benefits when the compared
models share similar pretraining distributions and thus similar underlying reasoning capabilities.

4.14 Qualitative Analysis

We qualitatively examine RETROAGENT’s policy evolution by analyzing how lessons distilled from similar past
tasks guide decision-making during training. We compare an early failed trajectory from RETROAGENT with
in-context self-reflection at step 65 and a later successful trajectory at step 150 on the WebShop validation
set. As shown in Figure 12, at step 65, RETROAGENT selects an incorrect item at decision Step 1, fails to
choose the required pink variant, and assigns low token-level confidence to the correct category “youth.” In
contrast, at step 150, RETROAGENT retrieves relevant lessons from memory and selects the correct item with
the required attributes at higher confidence. Full trajectories are provided in Appendix D.

5 Conclusion

We present RETROAGENT, an online RL framework that bridges one-off task solving and continuous adaptation.
Through a hindsight self-reflection mechanism, RETROAGENT generates dual intrinsic feedback: (7) intrinsic
numerical feedback that rewards promising exploration by tracking incremental subtask completion, and (i)
intrinsic language feedback that distills reusable lessons into a memory buffer. This memory is retrieved via
SimUtil-UCB, which balances relevance, utility, and exploration to leverage prior experience effectively. By
jointly learning from extrinsic task-success rewards and retrospective dual intrinsic feedback, RETROAGENT
enables efficient experiential learning. Experiments across four diverse agentic tasks show that RETROAGENT
consistently achieves SOTA performance while exhibiting strong test-time adaptation and out-of-distribution
generalization. These results suggest that dual intrinsic feedback is a promising direction for building
continuously adaptive agents. Future work includes developing more effective multi-objective optimization
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Figure 12: Qualitative comparison of RETROAGENT (in-context self-reflection) on the WebShop validation
set between training step 65 (failed trajectory, left) and training step 150 (successful trajectory, right). For
conciseness, only action tokens and their corresponding probabilities are shown at each decision step.

strategies for jointly training self-reflection and decision-making, and extending RETROAGENT to multi-agent
and open-ended settings.
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Ethics Statement

Throughout this research, we have adhered to ethical guidelines that prioritize privacy, fairness, and the
responsible development of autonomous agents. All experiments are conducted on publicly available interactive
decision-making benchmarks (ALFWorld, WebShop, Sokoban, and MineSweeper) within fully simulated,
sandboxed environments. Our study does not involve human subjects, personally identifiable information, or
private data, thereby safeguarding user privacy by design. The proposed intrinsic feedback mechanisms—
capability-evolution rewards and memory-based language feedback—operate entirely within these simulated
environments and do not interact with real users or real-world systems. All training is performed using
open-source base models, ensuring transparency and reproducibility. These measures were implemented to
minimize potential negative impacts on users and society.
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A Theoretical Analysis — Joint benefit of dual intrinsic feedback

We analyze how reflection memory and intrinsic numerical feedback jointly affect policy optimization. Memory
retrieval changes the rollout distribution by increasing the probability of sampling trajectories with high
reflected potential, while the capability-evolution reward assigns larger return to such trajectories. Thus,
trajectories exhibiting partial progress can be reinforced even without extrinsic success.

Let qo = x be the original prompt and
dm = fmemory(-ry M)
be the memory-augmented prompt. For a fixed behavior policy mg_,,, define
QO(T) = Pboia (T | C]O), Qm(T) = Pboia (T | QW)'
If memory-augmented rollouts are sampled with probability p € [0, 1], the rollout distribution is
Qp(7) = (1 = p)Qo(7) + pQun (7). (14)
In RETROAGENT, p = 1/2.

Recall that 7 is d-valuable at iteration k if

(b(xﬂ'),k > (I)a(vk) + 0.

Let
Phs = Lo [reVis@], pkls = Pr (7€ Vis(@)]
Then, under Q,,
Pes= Py [r€Ves(@)] = (1~ PIPis + PPRs- (15)
P

Intrinsic feedback as selective gradient weighting. At iteration k, the augmented reward is
RYS(r) = R) + BN, RPN = (b - o) (16)

For ¢ € {qo, ¢ }, define
Jzug(& q) = ]ETNPQ(‘lq) [Rzug(T)] . (17)
Treating rewards as trajectory-level feedback, the likelihood-ratio identity gives
VGJZug(0§ q) = ]E7~p9(~|q) [Rzug(T)VO IOgPO(T | q)]
=E[R™(1)Vologpe(T | 9)] +E [Ri*(T)Valogpe(r | 9)] -
Thus, intrinsic feedback adds the gradient component
g’ifnt (H;Q) = IE‘r~ps(-\q) I:R}i)nt (T)VG Inga(T | Q)] . (19)

For every 7 € Vj, 5(x), R () > §, whereas trajectories below the current baseline receive no intrinsic reward.
Hence, the capability-evolution reward selectively upweights trajectories whose reflected potential exceeds the
current capability threshold.

In practice, returns are replaced by advantages. Let
AT q) = RE(7) — bi(a), (20)
where bi(q) is an action-independent baseline, such as the GRPO group mean. Since
Erpo 1oy [0r(@) Vo logpe(7 | q)] =0,
the policy gradient is equivalently
Vo 8(0:9) = By 1) [A}"*(7,0) Vo log po (T | ¢)]. (21)

Therefore, even if R®*'(7) = 0, a trajectory can receive positive gradient weight whenever its augmented
advantage is positive. Intrinsic feedback consequently separates failures with meaningful reflected progress
from uninformative failures.
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Proposition 8 (Intrinsic feedback lower-bounds valuable-trajectory weight). Fiz ¢ € {qo,qm}, and define

pres(05q) =  Pr [1€Vs(2)].
T~po(-lq)

For ) )
T (059) = Ernpy o) [B(T)]
we have ‘
Ji™(0;9) > 6 pr.s(6; q)- (22)
Moreover, . ‘
Vo Ji"(0;q) = B[R (1) Vo log po(7 | ¢)1{T € Vi 5(x)}] (23)
+E [R(1)Velogpe(r | 9)L{T ¢ Vis(2)}],
where the first term assigns at least § intrinsic return weight to each §-valuable trajectory.
Proof. For T € Vy 5(x), Ri™(7) > 6, and otherwise Ri*(7) > 0. Hence,
T (0;q) = B[Ry (7)]
>E[61{7T € Vi s(x)}]
= 3 pr,s(0; 9)-
The gradient decomposition follows by inserting
1=1{r € Vi s5(x)} + {7 ¢ Vi 5()}
into the likelihood-ratio gradient. O
Joint effect. The mixture objective is
JR(0) = (1= p)J;"8(0; q0) + pJ}."5(0; gm)- (24)
Its gradient is
Vo i (0) = (1= p)Brrq, [AL"(7,40) Vo log po (7 | qo)] (25)

+ p]ETNQm [Aiug(ﬂ qm)Va 10gp9 (T ‘ Qm)] .
Thus, memory retrieval affects the sampling distribution, while intrinsic feedback affects return and advantage
weights.

Theorem 9 (Joint improvement from memory retrieval and intrinsic reward). Assume memory augmentation
increases the probability of sampling a §-valuable trajectory by at least Axqg > 0:

Phs = P%,& + Aum- (26)
Then
Phos = Phs + PAM, (27)
and
Ernq, [R(7)] 2 0 (phs + pAM) - (28)

Therefore, relative to base-only sampling, the intrinsic-reward lower bound improves by at least pdArq. For
p=1/2, the gain is at least §Ap /2.
Proof. By Equation (15) and Equation (26),
Phs = (1= p)p} s + poil's
> (1= p)pis+p (PRs + Am)
= Phs+ PAM
Since every §-valuable trajectory receives intrinsic reward at least d, and all intrinsic rewards are nonnegative,

Ervq, [R}cnt(T)} > 5pz,5 >0 (p%(s + pAM) .
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Internalization through shared parameters. Because base and memory-augmented prompts share
policy parameters, a high-advantage trajectory sampled under one prompt can increase the likelihood of
related behavior under the other prompt when their score gradients are aligned.

Let 71 € Vj 5(2) be sampled under ¢, € {qo, ¢m }, and suppose A;"8(77,¢,) > 0. A single-sample update is
07 =0+nA" (77, q4)Valogpe(tT | qa), (29)

with learning rate n > 0. If 77 is extrinsically failed but valuable, then R™*(7T) = 0 and Ri™(rF) > 4, so it
may still be reinforced whenever its augmented advantage is positive.

Proposition 10 (Internalization of memory-guided exploration). Let 7+ € Vi s5(x) be sampled under
da € {q0:qm}, and let gy € {qo, gm}. Under Equation (29),

log po+ (77 | ) —logpo (77 | au) = nAL (77, qa) (Vo logpe(tF | @), Ve logpo (" | qa))

+O0(n?). (30)

Thus, if the inner product is positive, then for sufficiently small  the update increases the likelihood of T
under qp to first order.

Proof. A first-order Taylor expansion gives
log po+ (71 | @) = logpa(tT | @) + (Vo logpa(rT | @), 07 — 6) + O(||6T — 0][3).

Substituting Equation (29) proves Equation (30). Since A3"#(7",¢,) > 0, positive alignment gives a positive
first-order change. ]

Corollary 1 (Expected transfer from memory-augmented to base prompting). Define

ho(T) = Vglogpe(T | qo), hin (1) = Vo logpe(T | gm)-

Suppose
ErnQu [AG (7, am) (ho(7), hun (7)) H{T € Vis(2)}] > 0. (31)

Then, for sufficiently small n, a policy-gradient update on memory-augmented valuable trajectories increases
their expected log-likelihood under the base prompt to first order:

Ervq,, [(logpo+ (7 | go) —logpa(7 | qo)) {7 € Vi s(x)}] > 0, (32)

up to O(n?) terms.

Proof. Apply Proposition 10 with ¢, = ¢, and ¢, = qo, multiply by 1{7 € V; s(2)}, and take expectation
over 7 ~ @.,. The first-order term is positive by Equation (31); for sufficiently small 7, it dominates the
O(n?) remainder. O

Overall, memory retrieval shifts sampling toward trajectories with higher reflected potential, intrinsic numerical
feedback upweights trajectories that exceed the current capability baseline, and shared parameters allow
high-advantage memory-guided behaviors to transfer to the base prompt when score gradients are aligned.
Together, these mechanisms explain how RETROAGENT improves exploration, credit assignment, and online
adaptation under sparse extrinsic rewards.

34



Under review as submission to TMLR

B Implementation Details

Detailed hyperparameter settings and training configurations are provided in Table 10. We use
sentence-transformers/all-MiniLM-L6-v2.% All experiments were conducted on 4 NVIDIA H200 GPUs.

C Superiority of Pairwise Induction over Single Induction

We analyze reflection sequences generated during GRPO training augmented with either single-trajectory or
pairwise-trajectory induction. Specifically, we sample four sequences per task prompt every 10 training steps,
randomly selecting 800 sequences from this pool. Using GPT-40 as an external evaluator, we assess two
metrics: the alignment between the agent’s induced subtask completion scores and oracle outcomes (induced
by GPT-40), and the quality of the agent’s summarized lessons (see Appendix E.3 for evaluation prompts).

1.0 1.0
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§ 0.8 o 0.8
g 2
0.6 $06
g :
[} ‘©
£0.4 0.4
S £
= S
[V
g )
S 0.2 502
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0.0 A 0.0
Total Failure Early Progress Good Failure Success Total Failure Early Progress Good Failure Success
(0%) (>0%) (>50%) (Won) (0%) (>0%) (>50%) (Won)
Trajectory Outcome (Oracle) Trajectory Outcome (Oracle)
(a) Single induction. (b) Pairwise induction.

Figure 13: Comparison of intrinsic discrimination capability for Qwen-2.5-7B-Instruct using single vs. pairwise
induction, measured by subtask completion scores on WebShop.

Figure 13 compares the ability of single- and pairwise-trajectory induction to discriminate trajectory quality
within the training-free self-reflection mechanism. For this analysis, we define a successful trajectory as
having a completion score of 1. While both methods correctly assign minimal scores to “Total Failure” cases,
pairwise induction demonstrates superior discrimination for intermediate outcomes. For example, as shown
in Figure 13a, single induction struggles to distinguish “Early Progress” from “Total Failure,” resulting in a
distribution heavily skewed toward zero for partial successes. In contrast, pairwise induction (Figure 13b)
effectively recognizes partial progress, assigning distinctly higher scores to “Early Progress” trajectories and
establishing a clear separation from total failures.

4nttps://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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Table 10: Default hyperparameters and training configurations for RETROAGENT across all environments.

Hyperparameter

Qwen-2.5-7B-Instruct

Llama-3.1-8B-Instruct

Description

Training Configuration

Training batch size 16 16 Accumulated batch size per
update

Validation batch size 128 128 Batch size for validation

Learning rate 10°¢ 107¢ Optimizer learning rate

Max prompt length 16 384 16 384 Maximum input context
length (tokens)

Max response length 2048 2048 Maximum generated re-
sponse length (tokens)

Group size (V) 8 8 Number of rollouts per
prompt

Total steps 150 /300 150 / 300 Training epochs (150 for
ALFWorld and WebShop;
300 for Sokoban and
Minesweeper)

Evaluation frequency 5 5 Epochs between consecutive
evaluations

Reward and Regularization

Extrinsic reward (R®*") {0, 10} {0, 10} Scalar reward from the envi-
ronment

Intrinsic reward (R™) [0, 1] [0, 1] Capability-evolution intrin-
sic reward

KL coefficient (B) 0.01 0.01 KL-divergence regularization
weight

Discount factor (vy) 0.95 0.95 Discount factor for multi-
step returns

Memory and Sampling

Training temperature 0.4 0.4 Sampling temperature dur-
ing rollouts

Validation temperature 0.4 0.4 Sampling temperature dur-
ing validation

Initial utility score 0.5 0.5 Initial utility assigned to
each memory entry

Utility smoothing (Buti1) 0.05 0.05 Exponential moving average
coefficient for utility updates

UCB exploration constant (c) 1.0 1.0 Exploration coefficient in
UCB-based retrieval

Relevance—utility weight () 0.7 0.7 Trade-off coefficient in re-
trieval scoring

Memory-augmented ratio 1:1 1:1 Ratio of memory-augmented
to base rollouts

Self-Reflection (RL-Trained Variant)

Reflection reward (Rrefect) {0, 10} {0, 10} Scalar reward for reflection
accuracy

Reflection weight (Arefiect) 1.0 1.0 Weight of the self-reflection
objective relative to the
decision-making objective

Evaluation Configuration

Evaluation temperature 0.4 0.4 Sampling temperature dur-
ing evaluation

Max inference tokens 2048 2048 Maximum token budget per

inference step
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D Generated Trajectories by RetroAgent

E Task Prompts

E.1 Prompt Templates for In-Context Self-Reflection

Prompt for Single Induction on Webshop

You are an expert evaluating a WebShop shopping attempt.

Your task is to: {task description}

You have just completed an attempt at this shopping task. The task was {success} completed.
Trajectory of the attempt:

{current__trajectory}

<think>

Given the task outcome, analyze the trajectory to understand:

1. What subtasks were attempted? (search, filter, select, purchase)
2. Which subtasks succeeded vs failed based on the observations?
3. What specific actions or decisions led to this outcome?

4. What are the 1-2 most valuable lessons from this attempt?

< /think>

Output your evaluation as JSON:

{

"subtasks": [

{"name": "search_product", "description": "[describe actual search]",
"status": "[completed or incomplete]"},

{"name": "apply_filters", "description": "[describe filters used]",
"status": "[completed or incomplete]"},

{"name": "select_item", "description": "[describe selection]",
"status": "[completed or incomplete]"},

{"name": "complete_purchase", "description": "[describe purchase]",
"status": "[completed or incomplete]"}

1

"task_success": [true if successfully completed, false if unsuccessfully
completed],

"action_lesson": "[key action insight, e.g., ’Precise search with brand+model
found exact match’ OR ’Generic search missed required features’]",
"navigation_lesson": "[navigation insight, e.g., ’Efficient use of filters
saved time’ OR ’Failed to check additional pages with better options’]"

}
EVALUATION GUIDELINES:

e The task outcome has been provided - use it to set task success accordingly

e Focus on WHY the attempt had this outcome:

— If successful: What strategies worked well?
— If unsuccessful: What went wrong and where?

o Each subtask status must reflect actual trajectory events

o Lessons should explain factors that led to the outcome
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o Reference specific elements from trajectory (item IDs, pages, search terms)
o Use null for lessons only if truly not applicable

Output ONLY the JSON evaluation.

Prompt for Pairwise Induction on Webshop

You are an expert evaluating a WebShop shopping attempt.

Your task is to: {task description}

You have just completed an attempt at this shopping task. The task was {success} completed.
{reference__trajectory}

Trajectory of the attempt:

{current__trajectory}

<think>

If a reference trajectory exists, compare it with the current trajectory.

Given the task outcome, analyze the trajectory to understand:

1. What subtasks were attempted? (search, filter, select, purchase)
2. Which subtasks succeeded vs failed based on the observations?
3. What specific actions or decisions led to this outcome?

4. What are the 1-2 most valuable lessons from this attempt?

< /think>

Output your evaluation as JSON:

{

"subtasks": [

{"name": "search_product", "description": "[describe actual search]",
"status": "[completed or incomplete]"},

{"name": "apply_filters", "description": "[describe filters used]",
"status": "[completed or incomplete]"},

{"name": "select_item", "description": "[describe selection]",
"status": "[completed or incomplete]"},

{"name": "complete_purchase", "description": "[describe purchase]",
"status": "[completed or incomplete]"}

e

"task_success": [true if successfully completed, false if unsuccessfully

completed],

"action_lesson": "[key action insight, e.g., ’Precise search with brand+model

found exact match’ OR ’Generic search missed required features’]",
"navigation_lesson": "[navigation insight, e.g., ’Efficient use of filters

saved time’ OR ’Failed to check additional pages with better options’]"
}

EVALUATION GUIDELINES:
o The task outcome has been provided - use it to set task success accordingly

e Focus on WHY the attempt had this outcome:

— If successful: What strategies worked well?
— If unsuccessful: What went wrong and where?

o Each subtask status must reflect actual trajectory events

38



Under review as submission to TMLR

o Lessons should explain factors that led to the outcome
¢ Reference specific elements from trajectory (item IDs, pages, search terms)
o Use null for lessons only if truly not applicable

Output ONLY the JSON evaluation.

Prompt for Pairwise Induction on Alfworld

You are an expert evaluating an ALFRED Embodied Environment task attempt.
Your task is to: {task_description}

You have just completed an attempt at this task. The task was {success} completed.
{reference__trajectory}

Trajectory of the attempt:

{current_ trajectory}

<think>

If a reference trajectory exists, compare it with the current trajectory.

Given the task outcome, analyze the trajectory to understand:

1. What subtasks were attempted? (pick up, navigate, use appliance, place object)
2. Which subtasks succeeded vs failed based on the observations?
3. What specific actions or decisions led to this outcome?

4. What is the most valuable lesson from this attempt?

< /think>

Output your evaluation as JSON:

{

"subtasks": [

{"name": "pick_up_object", "description": "[describe pickup action, e.g.,
’Pick up mug from countertop’]", "status": "[completed or incomplete]'},

{"name": "navigate_to_location", "description": "[describe navigation, e.g.,
’Go to microwave 1°]", "status": "[completed or incomplete]"},

{"name": "use_appliance", "description": "[describe appliance use, e.g.,
’Heat mug in microwave’]", "status": "[completed or incomplete]"},

{"name": "place_object", "description": "[describe placement, e.g.,
’Place heated mug in cabinet’]", "status": "[completed or incomplete]"}

1,

"task_success": [true if successfully completed task goal, false if failed],

"action_lesson": "[key action insight, e.g., ’Attempted to place mug 1

directly in cabinet 2 without heating - must use microwave 1 first’ OR
’Successfully found knife in drawer 3 after checking wrong locations’]",
"navigation_lesson": "[spatial insight, e.g., ’Microwave 1 located in
kitchen area, not near cabinets’ OR ’Multiple sinkbasins exist - must
check all for target object’]"
X

EVALUATION GUIDELINES:

e The task outcome has been provided - use it to set task success accordingly

e Focus on WHY the attempt had this outcome:

— If successful: What sequence or strategy worked well?
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— If unsuccessful: What step failed or was missed?
o Each subtask status must reflect actual trajectory events
o Lessons should explain factors that led to the outcome
o Reference specific elements from trajectory (object IDs, locations, appliances)
o Use null for lessons only if truly not applicable

Output ONLY the JSON evaluation.

Prompt for Pairwise Induction on Minesweeper (1/2)

You are an expert evaluating a Minesweeper game attempt.

Task Requirements: Reveal all non-mine cells on a {board_size}x{board_size} board with {n_mines}
mines without detonating any mine.

You have just completed an attempt at this Minesweeper game. The game was {success} completed.
{reference__ trajectory}

Current Trajectory of the attempt:

{current__trajectory}

<think>

If a reference trajectory exists, compare it with the current trajectory.

Analyze the current trajectory to determine:

1. Which subtasks were attempted and their completion status
2. Specific actions/decisions that caused the outcome
3. What went wrong (if failed) or right (if succeeded)

4. Devise a concise, new plan of action that accounts for any mistakes with reference to specific
actions that should be taken in the next trial

Game notation for reference:
o Cell states: ? (unopened), . (blank/no neighbors), 1-8 (mine count), * (mine)
o Coordinates: rows/columns indexed 1 to {board size}
o Valid actions: (row, col) where 1 < row,col < {board_ size}
o Blank cells auto-cascade to reveal connected blanks 4 borders
Subtask Completion Criteria (binary evaluation for failed trajectories t00):

o valid_moves: COMPLETED if made at least 2 valid format moves; INCOMPLETE if mostly
invalid actions

o exploration_ progress: COMPLETED if revealed >10% of board; INCOMPLETE if revealed
<10%

o logical attempt: COMPLETED if attempted any deduction (even if wrong); INCOMPLETE
if only random/invalid moves

e error_recovery: COMPLETED if corrected any error within 3 attempts; INCOMPLETE if
repeated same errors

o cascade_usage: COMPLETED if triggered or attempted any cascade; INCOMPLETE if only
single cell reveals
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o systematic_ approach: COMPLETED if showed any pattern in move selection; INCOMPLETE
if purely random

< /think>

Prompt for Pairwise Induction on Minesweeper (2/2)

Required JSON Output:

{
"subtasks": [
{"name": "valid_moves", "description": "[e.g., ’Made 5 valid moves like
(1,1), (2,3)’ or ’Only invalid formats like (-1,-1)’1",
"status": "[completed/incomplete]"},
{"name": "exploration_progress", "description": "[e.g., ’Revealed 15
cells (25% of board)’ or ’Only revealed 2 cells’]",
"status": "[completed/incomplete]"},
{"name": "logical_attempt", "description": "[e.g., ’Tried to use
(3,3)=1 constraint’ or ’No deduction attempts’]",
"status": "[completed/incomplete]"},
{"name": "error_recovery", "description": "[e.g., ’Fixed format after
2 attempts’ or ’Repeated invalid action 10 times’]",
"status": "[completed/incomplete]"},
{"name": "cascade_usage", "description": "[e.g., ’(1,1) triggered
8-cell cascade’ or ’No cascade attempts’]",
"status": "[completed/incomplete]"},
{"name": "systematic_approach", "description": "[e.g., ’Checked corners
first’ or ’Random clicking’]", "status": "[completed/incomplete]"}
1,
"trajectory_value": [count of completed subtasks out of 6],
"task_success": [true if successfully completed, false if unsuccessfully
completed],
"next_priority": "[Most important fix, e.g., ’Use valid (row,col) format’
or ’When cell shows 1, count unopened neighbors’]"
}

Evaluation Rules:
o Award COMPLETED for ANY positive demonstration, even in failed games
o valid_moves: Just need 2+ correctly formatted moves anywhere in trajectory
o exploration_progress: 10% is roughly 6 cells on 8x8 board - achievable even if hit mine
o logical attempt: Credit for trying logic, even if conclusion was wrong
o error_recovery: Credit for any correction, even if made new errors later
o cascade_usage: Credit for choosing corners/edges that could cascade
e systematic_approach: Credit for any non-random pattern in moves
o trajectory_ value helps distinguish quality among failed attempts (0-6 scale)
Output JSON only.
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Prompt for Pairwise Induction on Sokoban (1/2)

You are an expert evaluating a Sokoban game attempt.

Task Requirements: Push all boxes ("X’) onto target spots (O’) in the grid without getting them
stuck against walls ("#’) or in corners.

You have just completed an attempt at this Sokoban level. The game was {success} completed.
{reference__trajectory}

Current Trajectory of the attempt:

{current_ trajectory}

<think>

If a reference trajectory exists, compare it with the current trajectory.

Given the task outcome, analyze the trajectory to understand:

1. Which subtasks were attempted and their completion status
2. Specific actions/decisions that caused the outcome
3. What went wrong (if failed) or right (if succeeded)

4. Devise a concise, new plan of action that accounts for any mistakes with reference to specific
actions that should be taken in the next trial

Game notation for reference:
e Symbols: # (wall), _ (floor), O (target), X (box), P (player), v/ (box on target)
o Coordinates: (row, col)
o Valid actions: ["up', "down", "left", "right"]
e Rules: Push only (no pull), one box at a time, walls block movement.
Subtask Completion Criteria (binary evaluation for failed trajectories too):

e valid moves: COMPLETED if made at least 2 valid directional moves; INCOMPLETE if
mostly invalid formats/hallucinations

o navigation_ logic: COMPLETED if player successfully navigated to a box; INCOMPLETE if
stuck hitting walls/looping

e box_interaction: COMPLETED if at least one box was pushed to a new coordinate; INCOM-
PLETE if no boxes moved

o deadlock avoidance: COMPLETED if avoided pushing boxes into unrecoverable corners/walls;
INCOMPLETE if immediate deadlock created

e goal progress: COMPLETED if at least one box was placed on a target; INCOMPLETE if 0
boxes on targets

o systematic_approach: COMPLETED if moves showed clear intent (e.g., moving behind a
box to push); INCOMPLETE if random walking

< /think>

Prompt for Pairwise Induction on Sokoban (2/2)

Required JSON Output:
{
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"subtasks": [

{"name": "valid_moves", "description": "[e.g., ’Outputted valid directions
like up, down’ or ’Used invalid commands’]",

"status": "[completed/incomplete]"},

{"name": "navigation_logic", "description": "[e.g., ’Reached box at (3,2)’
or ’Walked into wall at (1,1) repeatedly’]l",

"status": "[completed/incomplete]"},

{"name": "box_interaction", "description": "[e.g., ’Pushed box from (2,2)
to (2,3)’ or ’No boxes moved’]", "status": "[completed/incomplete]"},

{"name": "deadlock_avoidance", "description": "[e.g., ’Kept boxes away from
corners’ or ’Pushed box into cormer (1,1)’]",

"status": "[completed/incomplete]"},

{"name": "goal_progress", "description": "[e.g., ’1/3 boxes placed on target’
or ’No boxes on targets’]", "status": "[completed/incomplete]"},

{"name": "systematic_approach", "description": "[e.g., ’Cleared path for
second box’ or ’Random movement’]", "status": "[completed/incomplete]"}

1,

"trajectory_value": [count of completed subtasks out of 6],

"task_success": [true if successfully completed, false if unsuccessfully
completed],

"next_priority": "[Most important fix, e.g., ’Don’t push box into corner at
(1,1)’ or ’Move to (2,3) to push down’]"

3

Evaluation Rules:
o Award COMPLETED for ANY positive demonstration, even in failed games
e valid_moves: Just need 2+ correctly formatted actions
o navigation_logic: Credit for traversing the map without getting stuck on walls immediately
o box_interaction: Credit for changing the state of the board (moving a box)

o deadlock avoidance: Credit if the first box move didn’t result in an immediate game-over
state

o goal progress: Credit for securing at least one objective, even if others failed

o systematic_approach: Credit for positioning the player specifically to push a box

o trajectory_value helps distinguish quality among failed attempts (0-6 scale)
Output JSON only.

E.2 Prompt Templates for RL-Trained Self-Reflection

Prompt for Pairwise Induction on Webshop

You are an expert evaluating a WebShop shopping attempt.
Target Task: {task_description}

You have just completed an attempt at this shopping task.
Trajectory of the attempt:

{current__trajectory}
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<think>
If a reference trajectory exists, compare it with the current trajectory.
Analyze the trajectory to determine if the task was successful:
1. Identify the specific requirements in the ‘Target Task’ (attributes, type, options).
2. Examine the final action in the trajectory. Did it end in a ‘click[buy]’?
3. If a purchase was made, compare the purchased item’s details against the ‘Target Task’
requirements.
4. Did the purchased item match ALL requirements? (If no purchase was made, it is a failure).
5. What specific actions or decisions led to this outcome?
6. What are the 1-2 most valuable lessons from this attempt?

< /think>

Output your evaluation as JSON:

{

"subtasks": [

{"name": "search_product", "description": "[describe actual search]",
"status": "[completed or incomplete]"},

{"name": "apply_filters", "description": "[describe filters used]",
"status": "[completed or incomplete]"},

{"name": "select_item", "description": "[describe selection]",
"status": "[completed or incomplete]'},

{"name": "complete_purchase", "description": "[describe purchase]",
"status": "[completed or incomplete]"}

1

"task_success": [true if the correct item was purchased, false otherwise],
"action_lesson": "[key action insight, e.g., ’Precise search with brand+model

found exact match’ OR ’Generic search missed required features’]",
"navigation_lesson": "[navigation insight, e.g., ’Efficient use of filters

saved time’ OR ’Failed to check additional pages with better options’]"
b

EVALUATION GUIDELINES:

¢ Determine Success Yourself: You must judge ‘task success’ by comparing the purchased
item in the trajectory to the Target Task.

o Criteria for Success: The task is ONLY true if the agent successfully clicked ‘buy’ on an
item that matches all required attributes (color, size, flavor, etc.).

e Criteria for Failure: If the trajectory ends without a purchase, or if the wrong item was
bought, ‘task success’ is false.

o Each subtask status must reflect actual trajectory events.

o Lessons should explain factors that led to the outcome.

o Reference specific elements from trajectory (item IDs, pages, search terms).
o Use null for lessons only if truly not applicable.

Output ONLY the JSON evaluation.

Prompt for Pairwise Induction on ALFWorld (1/2)

You are an expert evaluating an ALFWorld embodied agent attempt.
Target Task: {task description}
G J
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e B
You have just completed an attempt at this household task.
Trajectory of the attempt:

{current_ trajectory}

<think>
1. If a reference trajectory exists, compare it with the current trajectory.
2. Analyze the trajectory to determine if the task was successful:

(a) Identify the specific requirements in the ‘Target Task’ (target object, required state change,
final destination).

Examine the sequence of actions. Did the agent successfully locate the correct object?
g J
) If a state change was required (clean, heat, cool, slice), was the correct appliance or tool used?
(d) Did the agent place the object in the correct final receptacle?
)

Did the trajectory end with the ‘stop’ action after achieving the goal state? (If the agent
stopped prematurely or failed to stop, it is a failure).

(f) What specific actions or decisions led to this outcome?
(g) What are the 1-2 most valuable lessons from this attempt?
< /think>

Output your evaluation as JSON:

{{
"subtasks": [
{{"name": "locate_object", "description": "[describe search for target
object]", "status": "[completed or incomplete]"}},
{{"name": "acquire_object", "description": "[describe picking up target]",
"status": "[completed or incomplete]"}},
{{"name": "modify_state", "description": "[describe heating/cleaning
/cooling/slicing if applicable, else ’N/A’]",
"status": "[completed, incomplete, or N/A]"}},
{{"name": "place_object", "description": "[describe final placement]",
"status": "[completed or incomplete]"}}
i
"task_success": [true if the goal state was achieved and ’stop’
was called, false otherwise],
"action_lesson": "[key action insight, e.g., ’Used microwave to heat
apple instead of fridge’ OR ’Failed to slice bread before plating’]",
"navigation_lesson": "[spatial/search insight, e.g., ’systematically
checked all cabinet receptacles’ OR ’wasted steps revisiting empty drawers’]"
1

G J

Prompt for Pairwise Induction on ALFWorld (2/2)

EVALUATION GUIDELINES:

¢ Determine Success Yourself: You must judge ‘task_success’ by comparing the final state in
the trajectory to the Target Task.

e Criteria for Success: The task is ONLY true if the agent manipulated the correct object, achieved
the correct state (e.g., hot, clean), placed it in the correct target, and issued the ‘stop’ command.

o Criteria for Failure: If the trajectory ends without the ‘stop’ command, or if the agent stopped
without completing the goal (e.g., holding the object instead of placing it), ‘task_success’ is false.

o Each subtask status must reflect actual trajectory events.
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e ™)
o Lessons should explain factors that led to the outcome.

o Reference specific elements from trajectory (object IDs like ‘apple 1’, receptacle IDs like ‘countertop
2).
e Use null for lessons only if truly not applicable.

Output ONLY the JSON evaluation.
- Y,

Prompt for Pairwise Induction on Sokoban (1/2)

You are an expert evaluating a Sokoban game attempt.
Task Requirements: Push all boxes (‘X’) onto target spots (‘O’) in the grid without getting them
stuck against walls (‘#’) or in corners.

You have just completed an attempt at this Sokoban level.
Current Trajectory of the attempt:
{current__trajectory}

<think>
1. If a reference trajectory exists, compare it with the current trajectory.

2. Analyze the trajectory to determine if the task was successful:

(a) Identify the grid layout and target locations in the ‘Target Task’

(b) Examine the final board state in the trajectory. Are ALL boxes (‘X’) placed on targets (‘O’)
resulting in ‘\/’?

(c) If the game ended without success, check for deadlocks (boxes stuck in corners or against
walls).

(d) Did the player successfully navigate the player (‘P’) to push positions without hitting walls
repeatedly?

(e) What specific logic or movement behavior led to this outcome?

(f) What are the 1-2 most valuable lessons from this attempt?

(g) Devise a concise, new plan of action that accounts for any mistakes with reference to specific
actions that should be taken in the next trial

Game notation for reference:

Symbols: # (wall),  (floor), O (target), X (box), P (player), v/ (box on target)
Coordinates: (row, col)

Valid actions: ["up", "down", "left", "right"]

Rules: Push only (no pull), one box at a time, walls block movement.

Subtask Completion Criteria (binary evaluation for failed trajectories too):

o valid_ moves: COMPLETED if made at least 2 valid directional moves; INCOMPLETE if mostly
invalid formats/hallucinations

o navigation_ logic: COMPLETED if player successfully navigated to a box; INCOMPLETE if
stuck hitting walls/looping

e box__interaction: COMPLETED if at least one box was pushed to a new coordinate; INCOM-
PLETE if no boxes moved

o deadlock__avoidance: COMPLETED if avoided pushing boxes into unrecoverable corners/walls;
INCOMPLETE if immediate deadlock created
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e N
e goal_ progress: COMPLETED if at least one box was placed on a target; INCOMPLETE if 0
boxes on targets

o systematic__approach: COMPLETED if moves showed clear intent (e.g., moving behind a box
to push); INCOMPLETE if random walking

< /think>
. J

Prompt for Pairwise Induction on Sokoban (2/2)

Required JSON Output:

{{

"subtasks": [
{{"name": "valid_moves", "description": "[e.g., ’Outputted valid
directions like up, down’ or ’Used invalid commands’]",
"status": "[completed/incomplete]"}},
{{"name": "navigation_logic", "description": "[e.g., ’Reached box at (3,2)’
or ’Walked into wall at (1,1) repeatedly’]",
"status": "[completed/incomplete]"}},
{{"name": "box_interaction", "description": "[e.g., ’Pushed box from (2,2)
to (2,3)’ or ’No boxes moved’]",
"status": "[completed/incomplete]"}},
{{"name": "deadlock_avoidance", "description": "[e.g., ’Kept boxes away
from corners’ or ’Pushed box into corner (1,1)°’]1",
"status": "[completed/incomplete]"}},
{{"name": "goal_progress", "description": "[e.g., ’1/3 boxes placed
on target’ or ’No boxes on targets’]",
"status": "[completed/incomplete]"}},
{{"name": "systematic_approach", "description": "[e.g., ’Cleared path
for second box’ or ’Random movement’]",
"status": "[completed/incomplete]"}}

1

"trajectory_value": [count of completed subtasks out of 6],

"task_success": [true if successfully placed all boxes on targets,
false if deadlock or incomplete],
"next_priority": "[Most important fix, e.g., ’Don’t push box into corner
at (1,1)’ or ’Move to (2,3) to push down’]"
1}

Evaluation Rules:

¢ Determine Success Yourself: You must judge ‘task_success’ by comparing the final board state
in the trajectory to the Target Task.

o Criteria for Success: The task is ONLY true if ALL boxes are on target spots (‘4/’).

e Criteria for Failure: If the trajectory ends with a deadlock, or if the agent stopped before placing
all boxes, ‘task_success’ is false.

e Each subtask status must reflect actual trajectory events.
o Lessons should explain factors that led to the outcome (planning vs. random).
o Reference specific elements from trajectory (coordinates, symbols).

e Use null for lessons only if truly not applicable.
Output ONLY the JSON evaluation.
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Prompt for Pairwise Induction on Minesweeper (1/2)

You are an expert evaluating a Minesweeper game attempt.
Task Requirements: Reveal all non-mine cells on a {board_size}x{board_size} board with
{n__mines} mines without detonating any mine.

You have just completed an attempt at this Minesweeper game.
Current Trajectory of the attempt:
{current__trajectory}

<think>
1. If a reference trajectory exists, compare it with the current trajectory.

2. Analyze the trajectory to determine if the task was successful:

(a) Identify the board constraints (size, mine count) in the ‘Target Task’.

(b) Examine the final action in the trajectory. Did it result in a mine detonation (loss) or a cleared
board (win)?

(c) If the game ended without a mine detonation, check if ALL safe cells were revealed.

(d) Did the player successfully flag mines (optional but helpful) and reveal all safe spots? (If a
mine was hit or safe cells remain hidden, it is a failure).

(e) What specific logic or guessing behavior led to this outcome?
(f) What are the 1-2 most valuable lessons from this attempt?

(g) Devise a concise, new plan of action that accounts for any mistakes with reference to specific
actions that should be taken in the next trial

Game notation for reference:
o Cell states: ? (unopened), . (blank/no neighbors), 1-8 (mine count), * (mine)
o Coordinates: rows/columns indexed 1 to {board size}
o Valid actions: (row, col) where 1 < row,col < {board_ size}
o Blank cells auto-cascade to reveal connected blanks + borders

Subtask Completion Criteria (binary evaluation for failed trajectories too):

e valid__moves: COMPLETED if made at least 2 valid format moves; INCOMPLETE if mostly
invalid actions

« exploration_ progress: COMPLETED if revealed >10% of board; INCOMPLETE if revealed
<10%

e logical attempt: COMPLETED if attempted any deduction (even if wrong); INCOMPLETE if
only random/invalid moves

e error_recovery: COMPLETED if corrected any error within 3 attempts; INCOMPLETE if
repeated same errors

o cascade__usage: COMPLETED if triggered or attempted any cascade; INCOMPLETE if only
single cell reveals

o systematic__approach: COMPLETED if showed any pattern in move selection; INCOMPLETE
if purely random

</think>
. J
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Prompt for Pairwise Induction on Minesweeper (2/2)

Required JSON Output:

{{
"subtasks": [
{{"name": "valid_moves", "description": "[e.g., ’Made 5 valid moves
like (1,1), (2,3)’ or ’Only invalid formats like (-1,-1)’1",
"status": "[completed/incomplete]"}},
{{"name": "exploration_progress", "description": "[e.g., ’Revealed 15 cells
(25% of board)’ or ’Only revealed 2 cells’]",
"status": "[completed/incomplete]"}},
{{"name": "logical_attempt", "description": "[e.g., ’Tried to use (3,3)=1
constraint’ or ’No deduction attempts’]",
"status": "[completed/incomplete]"}},
{{"name": "error_recovery", "description": "[e.g., ’Fixed format after
2 attempts’ or ’Repeated invalid action 10 times’]",
"status": "[completed/incomplete]"}},
{{"name": "cascade_usage", "description": "[e.g., ’(1,1) triggered 8-cell
cascade’ or ’No cascade attempts’]",
"status": "[completed/incomplete]"}},
{{"name": "systematic_approach", "description": "[e.g., ’Checked corners
first’ or ’Random clicking’]",
"status": "[completed/incomplete]"}}

1,

"trajectory_value": [count of completed subtasks out of 6],
"task_success": [true if successfully cleared all safe cells,

false if detonated mine or incompletel],

"next_priority": "[Most important fix, e.g., ’Use valid (row,col) format’
or ’When cell shows 1, count unopened neighbors’]"

1}

Evaluation Rules:

¢ Determine Success Yourself: You must judge ‘task_success’ by comparing the final board state
in the trajectory to the Target Task.

e Criteria for Success: The task is ONLY true if the agent successfully revealed ALL safe cells
without detonating a mine.

e Criteria for Failure: If the trajectory ends with a mine detonation, or if the agent stopped before
revealing all safe cells, ‘task_success’ is false.

e Each subtask status must reflect actual trajectory events.

o Lessons should explain factors that led to the outcome (logic vs. guessing).
o Reference specific elements from trajectory (coordinates, cell values).

e Use null for lessons only if truly not applicable.

Output ONLY the JSON evaluation.
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E.3 Prompts for Analyzing the Quality of Intrinsic Feedback

To assess the fidelity of the intrinsic feedback generated via self-reflection, we employ GPT-40 (OpenAl et al.,
2024) as an external judge. Our evaluation focuses on two key components: the accuracy of the induced
subtask completion scores (intrinsic rewards) and the quality of the summarized lessons (intrinsic feedback).

To verify the accuracy of the subtask completion scores, we utilize the prompt detailed in Section E.1. To
evaluate the quality of the summarized lessons derived from the agent’s trajectories, we use the prompt
presented below.

Prompt for Evaluating Summarized Lessons

System Prompt:

You are an expert evaluator of AT Memory Systems. Your goal is to determine the ‘Information Gain’ and
‘Cruciality’ of lessons generated by an agent. You must distinguish between generic fluff (low quality) and
specific, actionable insights (high quality).

User Prompt:

# Context

The agent performed a task in a web environment.

Actual Outcome: {actual_outcome}

# Trajectory (History of Actions)

{trajectory}

# Agent’s Generated Reflection (containing Lessons)

{reflection}

# Evaluation Task

Analyze the action_lesson and navigation_lesson in the reflection above.

1. Specificity: Is the lesson specific to the UI elements/errors encountered? (e.g., “Clicking ‘Submit’
failed because the form was empty” vs. “I failed to click”).

2. Causal Accuracy: Does the lesson correctly identify the root cause of the {actual_outcome}?

3. Utility: If the agent retrieves this lesson in a future attempt, will it significantly improve the success

rate?

# Output Format (JSON Only)
{

"lesson_quality_score": <int 1-10>,

"specificity_rating": <"High"|"Medium"|"Low">,

"utility_rating": <"High"|"Medium"|"Low">,

"reasoning": "<Short explanation of why this lesson is useful/useless>",

"is_hallucination": <bool, true if lesson mentions events not in trajectory>
}
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Table 11: Successful trajectory generated by RETROAGENT (in-context self-reflection) at training step 150 on
the WebShop validation set.

Instruction: You are an expert autonomous agent operating in the WebShop e-commerce environment. Your
task is to: Find me officially licensed, machine wash men’s t-shirts with polyester heathers, heathers cotton,
cotton heather, needle sleeve, classic fit with color: pink, and fit type: youth, and size: small, and price lower
than 50.00 dollars.

Past reflections on similar tasks: Action Insight: The search terms used did not match the available
products, leading to no suitable options being found. | Navigation Insight: Efficient use of filters could have
potentially narrowed down the search, but the specific dimensions and color were not met in any of the results.
Warning: These lessons may be outdated. Use them only if they align with your current observation.

Observation 1: Your current observation is: ‘Search’ Your admissible actions of the current situation are:
[’search[<your query>]’, ’click[search]’] Now it’s your turn to take one action for the current step. You
should first reason step-by-step about the current situation, then think carefully which admissible action best
advances the shopping goal. This reasoning process MUST be enclosed within <think> </think> tags. Once
you've finished your reasoning, you should choose an admissible action for current step and present it within
<action> </action> tags.

RetroAgent: <think> To achieve the goal of finding officially licensed, machine wash men’s t-shirts with
specific attributes, I need to construct a search query that includes all the required attributes... 1 will
construct the search query to include all these attributes and then execute the search. </think> Action:
search[officially licensed men’s t-shirts polyester heathers heathers cotton cotton heather
needle sleeve classic fit color pink fit type youth fit type size small price < 50.00]

Observation 2: You are now at step 2 and your current observation is: 'Back to Search’ [SEP] 'Page 1 (Total
results: 50)’ [SEP] 'Next >’ [SEP] "B09GL561XH’ [SEP] ’Disney Mickey And Friends Happy Birthday Mickey
Confetti T-Shirt’ [SEP] ’$22.99’ [SEP] 'BO7XPR3R7N’ [SEP] 'Marvel Avengers: Endgame Captain America
America’s Language T-Shirt’ [SEP] ’$22.99’ ... [SEP] 'B09QS8RD8YN’ [SEP] 'Bungo Stray Anime Dogs Anime
Character, Long Sleeve, Sweatshirt, Hoodie, T shirt’ [SEP] '$19.99".

RetroAgent: <think> The current page does not list any t-shirts that are officially licensed... The best
action at this point is to click on the first product listed to see if it is the correct product... </think> Action:
click[b09gl561xh]

Observation 3: You are now at step 3... ’fit type’ [SEP] 'men’ [SEP] 'women’ [SEP] ’youth’ [SEP] ’color’
[SEP] ’white’ ... [SEP] 'pink’ [SEP] ’size’ [SEP] 'small’ ... 'Disney Mickey And Friends Happy Birthday Mickey
Confetti T-Shirt’ [SEP] ’Price: $22.99".

RetroAgent: <think> The current page is not displaying the results for the search query that was previously
conducted... The fit type ’youth’ is one of the specific fit types mentioned in the search query, so I will click on
‘youth’ to ensure that the filter is set correctly. </think> Action: click[youthl]

Observation 4: You are now at step 4... 'fit type’ [SEP] 'men’ [SEP] 'women’ [SEP] ’youth’ [SEP] ’color’ ...
[SEP] ’pink’ [SEP] ’size’ [SEP] 'small’ ... 'Disney Mickey And Friends Happy Birthday Mickey Confetti T-Shirt’
[SEP] 'Price: $22.99..

RetroAgent: <think> The current situation shows that the search has narrowed down to a specific product...
The next step is to select the color pink to ensure that the color is officially licensed and meets the criteria.
< /think> Action: click[pink]

Observation 5: You are now at step 5... 'Disney Mickey And Friends Happy Birthday Mickey Confetti T-Shirt’
[SEP] "Price: $22.99" ...

RetroAgent: <think> The current situation shows that the search has narrowed down to a specific product...
with the color being pink. The size is not yet selected... The next step is to select the size small to confirm that
it meets the criteria. </think> Action: click[smalll

Observation 6: You are now at step 6... 'Disney Mickey And Friends Happy Birthday Mickey Confetti T-Shirt’
[SEP]| 'Price: $22.99" ...

RetroAgent: <think> The current situation shows that the search has narrowed down to a specific product...
The price is $22.99, which is within the budget... I can proceed with clicking on 'Buy Now’ to confirm the
selection. < /think> Action: click[buy now]
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Table 12: Failed trajectory generated by RETROAGENT (in-context self-reflection) at training step 65 on the
WebShop validation set.

Instruction: You are an expert autonomous agent operating in the WebShop e-commerce environment. Your
task is to: Find me officially licensed, machine wash men’s t-shirts with polyester heathers, heathers cotton,
cotton heather, needle sleeve, classic fit with color: pink, and fit type: youth, and size: small, and price lower
than 50.00 dollars.

Observation 1: Your current observation is: ‘Search’. Your admissible actions of the current situation are:
[’search[<your query>]’, ’click[search]’]. Now it’s your turn to take one action for the current step.
You should first reason step-by-step about the current situation, then think carefully which admissible action
best advances the shopping goal. This reasoning process MUST be enclosed within <think> </think> tags.
Once you’ve finished your reasoning, you should choose an admissible action for current step and present it
within <action> </action> tags.

GRPO: <think> To achieve the goal of finding officially licensed, machine wash men’s t-shirts with
specific attributes, I need to construct a search query that includes all the required attributes... I will
construct the search query to include all these attributes and then execute the search. </think> Action:
search[officially licensed men’s t-shirts polyester heathers heathers cotton cotton heather
needle sleeve classic fit color pink fit type youth fit type size small price < 50.00]

Observation 2: You are now at step 2 and your current observation is: 'Back to Search’ [SEP] "Page 1 (Total
results: 50)’ [SEP] 'Next >’ [SEP] "BO8HF132PN’ [SEP] ’Flamingo Pink waterbird costume Gift Premium
T-Shirt’ [SEP] ’$19.99’ [SEP] 'B07JVVDJ6L’ [SEP] ’Canadian Tuxedo T Shirt - Novelty Denim Tux T-Shirt’
[SEP] ’'$19.99’ [SEP] 'B09GL561XH’ [SEP] 'Disney Mickey And Friends Happy Birthday Mickey Confetti T-Shirt’
[SEP] ’$22.99’ ... [SEP] 'BOTHRFSNL4’ [SEP] 'Nautica Men’s Solid Crew Neck Short-Sleeve Pocket T-Shirt’
[SEP] ’$16.05 to $40.98".

GRPO: <think> The current observation indicates that the search results are being displayed, and the first
result is "BOSHF132PN" with the title "Flamingo Pink waterbird costume Gift Premium T-Shirt" and a price of
$19.99. However, this product does not match the specific criteria we are looking for, as it is a costume t-shirt
rather than a men’s t-shirt, and it is not officially licensed. Given the current search results, the next logical
step is to click on the first result to see if it matches the criteria... The most appropriate action here is to click
on the first result, "BOSHF132PN", to check if it matches the criteria. </think> Aetion: click [b08hf132pn]

Observation 3: You are now at step 3 and your current observation is: 'Back to Search’ [SEP] < Prev’ [SEP]
fit type’ [SEP] 'men’ [SEP] 'women’ [SEP] ’youth’ [SEP] ’size’ [SEP] ’small’ ... ’'Flamingo Pink waterbird
costume Gift Premium T-Shirt’ [SEP] "Price: $19.99’ [SEP] 'Rating: N.A’ [SEP] 'Description’ [SEP] ’Features’
[SEP] 'Reviews’ [SEP] 'Buy Now’.

GRPO: <think> 1. The current observation shows that the search results are being displayed... 2. The
product does not match the search criteria... 3. The next step is to refine the search results to ensure that the
search criteria are met. The most appropriate action here is to click on "youth" to filter the results to show only
products that are intended for youth. < /think> Aetion: click[youth]

Observation 4: You are now at step 4... 'fit type’ [SEP] 'men’ [SEP] 'women’ [SEP] 'youth’ [SEP] ’size’ [SEP]
’small’ ... ’Flamingo Pink waterbird costume Gift Premium T-Shirt’ [SEP] "Price: $19.99" ...

GRPO: <think> The current observation shows that the search results are being displayed, and the last action
was to click on "youth" fit type... However, the product does not match the criteria we are looking for... Given
the current situation, the best action to take is to click on "small" size, as we are looking for a men’s t-shirt with
specific attributes, and the size is part of the search criteria. </think> Action: click[smalll

Observation 5: You are now at step 5... ’Flamingo Pink waterbird costume Gift Premium T-Shirt’ [SEP]
"Price: $19.99" ...

GRPO: <think> The current observation indicates that the search results are filtered by fit type, size, and
price. The last action was to click on "small" size... However, this product does not match the specific criteria
we are looking for... Given the current search results, the best action to take is to click on "Buy Now" for the
current product to see if it meets the criteria or if it is a close match. </think> Action: click[Buy Now]
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