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Direct Learning

ABSTRACT

Reinforcement learning has become the central approach for language models
(LMs) to learn from environmental reward or feedback. In practice, the environ-
mental feedback is usually sparse and delayed. Learning from such signals is
challenging, as LMs must implicitly infer how observed failures should translate
into behavioral changes for future iterations. We introduce Experiential Rein-
forcement Learning (ERL), a training paradigm that embeds an explicit experi-
ence-reflection—consolidation loop into the reinforcement learning process. Given
a task, the model generates an initial attempt, receives environmental feedback,
and produces a reflection that guides a refined second attempt, whose success is
reinforced and internalized into the base policy. This process converts feedback
into structured behavioral revision, improving exploration and stabilizing opti-
mization while preserving gains at deployment without additional inference cost.
Across sparse-reward control environments and agentic reasoning benchmarks,
ERL consistently improves learning efficiency and final performance over strong
reinforcement learning baselines, achieving gains of up to +81% in complex multi-
step environments and up to +11% in tool-using reasoning tasks. These results
suggest that integrating explicit self-reflection into policy training provides a prac-
tical mechanism for transforming feedback into durable behavioral improvement.
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Figure 1:

Learning from Experience

(2) internalize the reflections to induce behavioral changes in future iterations.

1 INTRODUCTION

Large language models are increasingly deployed as decision-making agents that must act, observe
feedback, and adapt their behavior in environments with delayed rewards and partial information
(Singh et al., 2025; Yang et al., 2025; Song et al., 2025a; Bai et al., 2026). Reinforcement learning
offers a natural framework for improving such agents. The task environments typically provide
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In Experiential Reinforcement Learning (ERL), instead of learning from feedback or
outcome directly, an agent learns to (1) verbally reflect on its experience and observed outcome, and
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Figure 2: Conceptual comparison of learning dynamics in RLVR and Experiential Reinforcement
Learning (ERL). RLVR relies on repeated trial-and-error driven by scalar rewards, leading to
back-and-forth exploration without durable correction. ERL augments this process with an ex-
perience—reflection—consolidation loop that generates a revised attempt and internalizes successful
corrections, enabling persistent behavioral improvement.

feedback in the form of outcome reward after an agent generates the entire trajectory. In practice,
training agents against such sparse and delayed outcome signals remains difficult, as models must
implicitly infer how to translate observed failures into corrective behavior, a process that is often
unstable and sample-inefficient (Zhang et al., 2025; Shi et al., 2026). These challenges become more
pronounced in agentic reasoning tasks, where multi-step decisions could amplify small errors and
obscure credit assignment.

Humans address similar challenges through a process often described as experiential learning, in
which effective adaptation arises from a cycle of experience, reflection, conceptualization, and
experimentation (Kolb, 2014). After observing an outcome, a learner reflects on what occurred, forms
revised internal models, and applies those revisions in subsequent attempts. This cycle transforms
raw feedback into actionable behavioral corrections before those corrections are consolidated into
future behavior. While language models have demonstrated reflection-like capabilities at inference
time, standard reinforcement learning pipelines largely reduce feedback to scalar optimization signals,
requiring policies to implicitly discover corrective structure through undirected exploration rather
than explicit experiential revision.

This perspective highlights a progression in how language models learn from supervision and
interaction, illustrated in Figures 1 and 2. In supervised fine-tuning (SFT), policies imitate fixed
examples, enabling strong pattern reproduction but offering no mechanism for revising behavior
once deployed. Reinforcement learning with verifiable rewards (RLVR) extends learning into
interactive settings by optimizing scalar feedback, allowing agents to improve through trial-and-error;
however, corrective structure must still be inferred implicitly from sparse or delayed rewards. As
visualized in Figure 2, this can lead to repeated exploration without durable behavioral correction.
A natural next step is to structure learning around experience itself, transforming feedback into
intermediate reasoning that supports explicit revision and consolidation within each episode. Figure 1
conceptualizes this shift as moving from learning purely from feedback toward deliberate learning
from experience.

In this work, we introduce Experiential Reinforcement Learning (ERL), a training paradigm that
embeds an explicit experience—reflection—consolidation loop inside reinforcement learning. Instead
of learning solely from outcome rewards, the model first produces an initial attempt, receives
environment feedback, and generates a structured reflection describing how the attempt should be
improved. This reflection conditions a refined second attempt, whose outcome is reinforced and



Published as a workshop paper in Lifelong Agent @ ICLR 2026

ERL: Experiential Reinforcement Learning

T T
First Attempt (RL) | Self-reflection (RL) | Second Attempt (RL)

I I

| |

| Env. | Self-

Task 1 Feedback 1 Reflection
1 N 1
x — y— f —4 — A —

I I

I I

I

1

(2)

Internalization (SFT)

Figure 3: Overview of Experiential Reinforcement Learning (ERL). Given an input task z, the
language model first produces an initial attempt and receives environment feedback. The same model
then generates a self-reflection conditioned on this attempt, which is used to guide a second attempt.
Both attempts and reflections are optimized with reinforcement learning, while successful second
attempts are internalized via self-distillation, so the model learns to reproduce improved behavior
directly from the original input without self-reflection.

internalized into the base policy. By converting feedback into intermediate reasoning signals, ERL
enables the model to perform targeted behavioral correction before policy consolidation. Over time,
these corrections become part of the policy itself, allowing improved behavior to persist even when
reflection is absent at deployment. An overview of the algorithm is shown in Figure 3.

We evaluate ERL across sparse-reward control environments and agentic reasoning benchmarks
spanning two model scales. ERL consistently outperforms RLVR in all six evaluated settings,
achieving gains of up to +81% in Sokoban, +27% in FrozenLake, and up to +11% in HotpotQA.
These results demonstrate that embedding structured experiential revision into training improves
learning efficiency and produces stronger final policies across both control and reasoning tasks.

Contributions. Our main contributions are:

* We introduce Experiential Reinforcement Learning (ERL), a reinforcement learning paradigm that
incorporates an explicit experience—reflection—consolidation loop, enabling models to transform
environment feedback into structured behavioral corrections.

* We propose an internalization mechanism that consolidates reflection-driven improvements into the
base policy, preserving gains without requiring reflection at inference time.

* We demonstrate that experiential reinforcement learning improves training efficiency and final
performance across agentic reasoning tasks.

2 EXPERIENTIAL REINFORCEMENT LEARNING (ERL)

We introduce Experiential Reinforcement Learning (ERL), a training framework that enables a
language model to iteratively improve its behavior through self-generated feedback and internalization.
The key idea is to treat reflection as an intermediate reasoning signal that guides a refined second
attempt, while reinforcement learning aligns both attempts with reward, and supervised distillation
consolidates successful behaviors into the base policy. An overview is shown in Figure 3, and the
core training loop appears in Alg. 1. A detailed implementation, including memory persistence and
gating logic, is provided in Appendix A.

Given an input task x, the model 7y first produces an initial response

(€]

Y N7r9(' |Z‘),

which is evaluated by the environment to produce textual feedback f!) and reward (1), Rather
than immediately updating the policy, ERL optionally triggers a reflection-and-retry phase when the
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Algorithm 1 Experiential Reinforcement Learning

1: Inputs: Language model 7g; dataset of questions x; reward threshold 7; environment returning feedback f
and reward r.

. Initialize: reflection memory m < 0.

: repeat

Sample question x from the dataset.

// First attempt

Sample an answer yV ~ (- | 2).

Obtain environment feedback and reward (f, ().

/1 Self-reflection

Sample a reflection A ~ 7 (- | &,y fO, 3 m).

10:  // Second attempt

11:  Sample a refined answer 4@ ~ o (- | 2, A).

12:  Obtain environment feedback and reward (f?, ().

13:  Set reflection reward 7 < (.

14:  Store reflection m < A if r® > 7.

15:  // RL update
16: Update 0 via Lpoticy (0) over the first attempt, reflection, and second attempt.

wRe AN R

17:  // Internalization
18:  Update 0 via Laisin () to internalize reflection, training 7o to produce y® from x only.

19: until converged

first attempt underperforms relative to a reward threshold 7. This selective retry mechanism focuses
compute on trajectories that are most likely to benefit from revision while avoiding unnecessary
refinement when performance is already sufficient. When triggered, the model generates a reflection

A~ 71-0(' | x??’/(l)a f(l)ar(l)am)a

which serves as self-guidance describing how the initial attempt can be improved. Here, m denotes a
cross-episode reflection memory that persists successful corrective patterns discovered during training.
This memory provides contextual priors that help stabilize reflection generation and encourage reuse
of previously effective strategies. The model then produces a refined response

y @ ~ (- | 2, A),

and receives new feedback (f(?), 7(?)). Reflections that lead to sufficiently improved outcomes are
stored back into memory,

m«— A if r® >7
allowing corrective knowledge to accumulate across training episodes. The reflection is assigned
reward 7 = r(?), encouraging reflections that lead to improved downstream performance.

Both attempts and reflections are optimized using a reinforcement learning objective
Lpoticy (0) = —E[A logmo(y | x,-)],

where y denotes model outputs arising from the first attempt, reflection, or second attempt, and the
conditioning context corresponds to the inputs specified in Alg. 1. The advantage estimate A is
computed from the associated rewards.

While reflection and environment feedback provide strong training signals, such supervision is
typically unavailable at deployment time, where the model must operate in a zero-shot setting. We
therefore introduce an internalization step that converts reflection-guided improvements into persistent
policy behavior. The goal is to make the model remember corrections discovered during training
and avoid repeating the same mistakes when feedback is absent. We implement internalization
via selective distillation: we supervise the model to imitate only successful second attempts while
removing reflection context from the input. Concretely, given a training example x, we generate a
refined response 3?) and reward 7(?), and optimize

Laisin(0) = —E |:]I(7’(2) > 0) log 7y (y(Q) | z) },
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where [(+) is the indicator function. This trains 7y to reproduce improved behavior from the original
input x alone (no reflection), ensuring that lessons learned through feedback and self-reflection persist
at test time.

By alternating between reinforcement learning, selective reflection, and distillation, ERL bootstraps
self-improvement: reflections guide higher-quality retries, memory preserves effective corrective
structure, reinforcement learning aligns behavior with reward, and distillation internalizes gains into
the core model. Over time, this interaction stabilizes training, concentrates exploration on failure
cases, and reduces dependence on explicit reflection at inference.

2.1 COMPARISON TO STANDARD RLVR

Standard reinforcement learning with verifiable rewards (RLVR) optimizes a policy directly from
scalar outcome signals. Given an input z, the model samples a response y ~ my(- | x) and
receives a reward r, with policy updates derived from trajectory-level credit assignment. In this
formulation, feedback influences learning only through reward-driven optimization, requiring the
model to implicitly discover how failures should translate into behavioral change. Corrective structure
therefore emerges slowly through repeated exploration, with no explicit mechanism for revising
behavior within the same learning episode. This learning dynamic corresponds to trial-and-error
optimization, as illustrated in Figure 2.

Experiential Reinforcement Learning (ERL) augments this loop with an explicit experi-
ence—reflection—consolidation stage embedded inside each trajectory. Instead of optimizing solely
from outcome reward, the model converts environment feedback into a reflection that conditions a
refined attempt. This intermediate revision produces a locally improved trajectory that is reinforced
and later internalized through selective distillation, allowing the base policy to reproduce corrected
behavior without reflection at inference. A cross-episode reflection memory further stabilizes this
process by preserving corrective patterns that proved effective, allowing subsequent reflections to
reuse prior improvements. Importantly, ERL preserves the underlying RLVR objective: policy
gradients remain reward-driven, but operate over a richer trajectory structure that includes explicit
behavioral correction. This reframing shifts feedback from a scalar endpoint signal to a catalyst for
immediate revision, reducing reliance on undirected exploration while maintaining compatibility
with standard reinforcement learning pipelines. This contrast between blind trial-and-error learning
and reflection-guided revision is visualized in Figure 1 and Figure 2.

3 EXPERIMENT

We evaluate Experiential Reinforcement Learning (ERL) against standard RLVR on a set of agentic
reasoning tasks.

3.1 TaAsK

We evaluate ERL on three agentic reasoning tasks: Frozen Lake, Sokoban, and HotpotQA (Yang
et al., 2018). Detailed environment descriptions are provided in Appendix B.

For Frozen Lake and Sokoban, we configure the environments with sparse terminal rewards following
Wang et al. (2025) and Guertler et al. (2025). The agent receives reward only at episode completion:
areward of +1 is assigned for successfully achieving the objective and 0 otherwise. Crucially, we
do not provide explicit game rules or environment dynamics. The model must infer task structure
purely through interaction, with access limited to the available action set. This evaluation design is
inspired by prior work on learning from experience, where the goal is to measure an agent’s ability
to acquire task understanding through trial-and-error rather than relying on human-authored priors
embedded in pretraining. The combination of sparse rewards and unknown dynamics therefore
creates a challenging setting that emphasizes reasoning, planning, and experiential learning.

HotpotQA is adapted into an agentic multi-hop question-answering task following Search-R1 (Jin
et al., 2025). Given a question, the model performs iterative tool-assisted retrieval before producing a
final answer. To maintain consistency with the experiential learning setup, we provide only a default
system prompt describing available tools, without additional task-specific guidance. Correctness is
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Figure 4: Validation reward trajectories versus training wall-clock time on FrozenLake, HotpotQA,
and Sokoban for Qwen3-4B-Instruct-2507 and Olmo-3-7B-Instruct. ERL consistently achieves higher
reward and faster improvement than RLVR across tasks and models.

evaluated using token-level F1 against ground-truth answers. The reward function assigns 1.0 for
exact matches, a proportional reward for partial matches with F1 score > 0.3, and 0 otherwise.

3.2 MODELS AND BASELINES

In our experiments, we train Olmo-3-7B-Instruct (Olmo et al., 2025) and Qwen3-4B-Instruct-2507
(Yang et al., 2025) using both standard RLVR and our proposed ERL paradigm, with GRPO (Shao
et al., 2024) serving as the underlying policy-gradient optimizer in all cases. To ensure stable
training, we adopt common reinforcement learning techniques such as clipping, KL regularization,
and importance sampling. Notably, the internalization stage in ERL naturally involves off-policy
data, which can introduce additional instability. We therefore apply the same stabilization techniques
during this phase to maintain consistent optimization behavior. Additionally, because ERL requires
two attempts per task along with an additional reflection step, we allocate 10 rollouts per task for
RLVR and half as many per task per attempt for ERL to equalize the training compute per task across
methods. Full hyperparameters and implementation details are provided in Appendix C.

4 RESULT AND DISCUSSION

We evaluate Experiential Reinforcement Learning (ERL) against standard RLVR across three envi-
ronments spanning sparse-reward control (FrozenLake, Sokoban) and agentic reasoning (HotpotQA).
Table 1 summarizes the final performance, while Figures 5-6 visualize the performance and learning
dynamics. All curves are smoothed with a trailing moving average over 5 points. The same smoothing
procedure is applied to all figures unless otherwise noted.

4.1 PERFORMANCE ACROSS TASKS

ERL consistently improves final evaluation performance over RLVR across all tasks and both model
backbones. As shown in Table 1 and Figure 5, experiential training yields gains ranging from
moderate improvements on HotpotQA to substantial improvements on Sokoban and Frozenlake.

The largest effect occurs in Sokoban, where Qwen3-4B-Instruct improves from 0.06 to 0.87 and
Olmo3-7B-Instruct from 0.04 to 0.20. Sokoban requires long-horizon planning and recovery from
compounding errors, making performance sensitive to how well the agent reasons about environment
dynamics. Similarly, FrozenLake demands that the agent infer symbol semantics, action conse-
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Figure 5: Final evaluation reward on FrozenLake, HotpotQA, and Sokoban. ERL consistently
outperforms RLVR for both Qwen3-4B-Instruct-2507 and Olmo-3-7B-Instruct.

quences, and terminal conditions purely through interaction under sparse rewards. Importantly, as
described in Section 3, unlike many prior evaluation setups that provide explicit rules or environment
structure, our environments expose only observations and action interfaces; the agent must infer
task dynamics through trial-and-error. This design emphasizes learning from experience rather than
relying on pre-specified priors, making structured revision particularly valuable. In these settings, the
experience—reflection—consolidation loop enables the model to analyze failures, revise strategies, and
internalize corrective behavior within each episode, producing large improvements in exploration
efficiency and policy quality.

HotpotQA shows smaller but reliable gains. A likely explanation lies in differences in task struc-
ture. Compared to the grid-based control environments, HotpotQA presents a more homogeneous
interaction pattern centered on repeated tool invocation and answer synthesis, with denser evaluation
feedback and fewer latent dynamics to infer. Because RLVR already receives relatively informative
gradients in this regime, the additional benefit of structured experiential revision is reduced. This
contrast suggests that ERL yields the greatest advantage in environments where learning requires
substantial reasoning about unknown dynamics and long-horizon consequences, rather than primarily
optimizing over a stable interaction loop.

Importantly, improvements are observed across both models, indicating that the benefits of ERL arise
from enhanced learning dynamics rather than architecture-specific effects.

4.2 LEARNING EFFICIENCY AND OPTIMIZATION DYNAMICS

Figure 4 compares validation reward against wall-clock training time. Across tasks and models, ERL
reaches higher reward earlier and maintains a persistent margin over RLVR. This acceleration is
especially pronounced in FrozenLake and Sokoban, where RLVR progresses gradually while ERL
rapidly approaches high-reward behavior.

These dynamics suggest that reflection introduces an intermediate corrective signal that reshapes
exploration. Instead of relying solely on terminal reward propagation, the model conditions on
feedback and self-generated critique to revise its behavior. This concentrates training updates on
trajectories that are already partially aligned with the objective, reducing inefficient exploration.

Even in HotpotQA, where rewards are denser and the environment is comparatively simpler, ERL
maintains a consistent performance advantage over RLVR. Across environments, these results
indicate that ERL achieves higher final reward while improving learning efficiency, demonstrating
that structured experiential revision leads to faster and more effective policy improvement.

4.3 MECHANISTIC ROLE OF REFLECTION

Figure 6 shows training reward trajectories for ERL before and after the reflection step, alongside
RLVR. Across environments and models, post-reflection trajectories consistently achieve higher
training reward than pre-reflection trajectories and also exceed RLVR.
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Figure 6: Training reward trajectories for Qwen3-4B-Instruct-2507 and Olmo-3-7B-Instruct com-
paring RLVR with ERL before and after reflection. Post-reflection trajectories consistently achieve
higher reward than both RLVR and pre-reflection trajectories.

Task RLVR ERL ERL w/o Mem. ERL w/o Refl.

Qwen3-4B-Instruct-2507

FrozenLake 0.86 0.94 0.86 (-0.08) 0.60 (-0.34)
HotpotQA 045 0.56 0.56 (-0.00) 0.48 (-0.08)
Sokoban 0.06 0.87 0.87 (-0.00) 0.59 (-0.28)
Olmo3-7B-Instruct

FrozenLake 0.39  0.66 0.64 (-0.02) 0.54 (-0.12)
HotpotQA 0.47  0.50 0.47 (-0.03) 0.46 (-0.04)
Sokoban 0.04 0.20 0.24 (+0.04) 0.06 (-0.14)

Table 1: Final evaluation reward on FrozenLake, HotpotQA, and Sokoban. ERL performance is
compared against ablation variants, with highlighted drops showing the performance degradation
relative to ERL when removing memory reuse (w/o Mem.) or structured reflection (w/o Refl.).

This comparison highlights the immediate within-episode effect of reflection. After observing
feedback from the first attempt, the model generates a structured revision that guides a second
attempt with improved actions. The resulting gain in training reward indicates that reflection produces
actionable corrections within the same episode, rather than only shaping behavior over long horizons.
The sustained separation between pre- and post-reflection curves throughout training suggests that
reflection serves as a systematic revision mechanism. By converting observed outcomes into targeted
adjustments, it improves the quality of second attempts, which are subsequently reinforced and
contribute to longer-term policy improvement.

4.4 ABLATION STUDY: MEMORY AND REFLECTION MECHANISMS

To understand how structured reflection and cross-episode memory contribute to performance, we
conduct ablation studies across tasks and models. The quantitative results are reported in Table 1,
and representative learning dynamics for FrozenLake with Qwen3-4B-Instruct-2507 are shown in
Figure 7. These experiments isolate individual components of ERL while keeping the overall training
setup fixed.
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The no-memory variant disables cross-episode reflection storage. Reflections are still generated
and used to guide the second attempt within each episode, but they are not retained for reuse in
future episodes. As a result, corrective signals remain local to individual trajectories rather than
accumulating into persistent behavioral priors.

The no-reflection variant preserves the two-attempt interaction structure but removes explicit struc-
tured reflection. Instead, the model receives the full first-attempt interaction history together with a
generic instruction encouraging improvement. This design tests whether contextual reuse alone can
replicate the benefits of structured reflective reasoning. The prompt template used in this setting is
shown in Table 9 (Appendix).

The results in Table 1 show a consistent order-
ing across most tasks and models: full ERL
achieves the strongest performance, followed by
the no-memory variant, while the no-reflection
variant exhibits the largest degradation in most
settings. Figure 7 further illustrates that remov-
ing memory slows convergence, whereas remov-
ing reflection substantially reduces both learn-
ing speed and final reward. These findings sup-
port the core design intuition of ERL: reflec-
tion generates actionable behavioral corrections,
and memory propagates those corrections across
episodes to enable cumulative refinement.

—=== ERL w/o Mem.
ERL w/o Refl.

ERL
RLVR

0 2 4 6 8
At the same time, Table 1 reveals an impor- Training wall-clock time (hours)

tant caveat. In the Olmo3-7B-Instruct Sokoban

setting, the no-memory variant slightly outper-  Figure 7: Ablation study on Qwen3-4B-Instruct-
forms full ERL. This suggests that when a 2507 in FrozenLake. We compare full ERL with
model’s self-reflective ablhty is limited, or when two variants: (1) no memory, which disables cross-
the environment is complex and stochastic, per- episode reflection reuse, and (2) no reflection,
sistent memory may propagate early inaccurate which replaces structured self-reflection with raw
reflections, making recovery more difficult. In  first-attempt context and a generic retry instruc-
such cases, disabling cross-episode memory can tjon.

mitigate the accumulation of erroneous priors.

Nevertheless, across the broad set of tasks and models evaluated, ERL consistently delivers the
strongest overall performance, demonstrating that structured reflection combined with persistent
memory is highly effective in most practical settings.

5 RELATED WORK

Reinforcement Learning for LLMs. Reinforcement learning has become a central approach
for improving large language models. Early work focused on reinforcement learning from human
feedback (RLHF) to align model behavior with human preferences and conversational objectives
(Ouyang et al., 2022; Christiano et al., 2023; Shi et al., 2024; 2025). More recent efforts extend RL to
enhance mathematical reasoning, where verifiable or programmatic rewards derived from executable
checks or formal answer verification provide structured supervision for reasoning and solution
construction (OpenAl et al., 2024; Guo et al., 2025; Song et al., 2025b; Shi et al., 2026). In parallel,
research on tool-using and agentic LLMs treats the model as a policy that interacts with external
environments, alternating between actions and observations under task-dependent rewards to solve
multi-step problems (Yao et al., 2023; Jin et al., 2025; Bai et al., 2026; Jiang et al., 2026). Despite
their different goals, these approaches primarily treat environment feedback as a scalar optimization
signal propagated through policy gradients, requiring the model to implicitly infer corrective structure
through exploration. In contrast, our ERL paradigm introduces an explicit experience-reflection-
consolidation loop that transforms environment feedback into structured behavioral revision before
internalizing improvements into the base policy.

Learning from Experience. A growing body of work argues that the next scaling regime for Al
will come not from more static human text, but from agents generating ever-richer data through
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interaction-i.e., learning predominantly from experience. Silver & Sutton (2025) emphasizes that
continual, agent-generated data streams and long-horizon decision-making as the route beyond
imitation of human corpora. This motivates algorithmic mechanisms that convert failures into usable
learning signal rather than relying on rare successes. In classic reinforcement learning, Andrychowicz
et al. (2018) addresses sparse rewards by relabeling goals so that failed trajectories can still provide
informative updates, substantially improving sample efficiency in goal-conditioned tasks. In the
LLM-agent setting, Zhang et al. (2025) similarly targets the gap between imitation and full RL by
training agents on their own interaction traces even when explicit rewards are unavailable, using
the agent’s generated future states as supervision and including self-reflection as a way to learn
from suboptimal actions. Meanwhile, inference-time reflection methods demonstrate that LLMs can
critique and revise their own outputs to improve success (Zelikman et al., 2022; Madaan et al., 2023;
Shinn et al., 2023), but typically require reflection or memory at deployment. Concurrent research
explores integrating feedback-conditioned improvement directly into training. Hiibotter et al. (2026);
Song et al. (2026) formalize RL with textual feedback by distilling a feedback-conditioned teacher
policy into a student policy. ERL is aligned with this direction but emphasizes explicit self-reflection
as an intermediate reasoning step embedded inside the RL trajectory, where an initial attempt is
followed by reflection and a refined retry. Coupled with selective internalization and cross-episode
memory, this design treats reflection as a structured credit-assignment mechanism that transforms
raw experience into durable behavioral improvement without requiring reflection at inference time.

6 CONCLUSION

In this work, we presented Experiential Reinforcement Learning (ERL), a training paradigm that
incorporates an explicit experience—reflection—consolidation stage into the reinforcement learning
loop to convert environment feedback into structured behavioral correction. By pairing reflection-
guided revision with selective internalization, ERL enables models to learn corrective strategies during
training and consolidate them into a deployable policy that operates without reflection at inference
time. Across sparse-reward control and agentic reasoning tasks, ERL improves learning efficiency,
stabilizes optimization, and produces stronger final policies relative to standard reinforcement learning
baselines. These results demonstrate that embedding structured experiential revision directly into the
training process provides an effective mechanism for translating feedback into durable behavioral
improvement. Looking forward, this work suggests a path toward reinforcement learning systems that
are fundamentally grounded in experience, where explicit reflection and consolidation become core
primitives for building agents that continually learn, adapt, and improve from their own interactions.

10
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A  FULL ALGORITHM AND GATED REFLECTION

Gated Reflection. Algorithm 2 presents the full version of ERL used in our experiments. Compared
to the simplified version in Algorithm 1, the key difference is a gating mechanism on the second
attempt: reflection and refinement are triggered only when the first-attempt reward satisfies (1) < 7,
where 7 = 1. In other words, reflection is applied only to failed or suboptimal trajectories. In early
experiments, we applied reflection to all trajectories, including successful ones, but this led to unstable
training and reduced generalization. First, reflecting on already successful attempts encouraged reward
hacking: the model sometimes generated instance-specific shortcuts that guaranteed success for the
current sample but did not generalize to future episodes. Second, early in training when first-attempt
rewards are typically low, the optimization signal became dominated by the second attempt and
reflection, which are inherently off-policy relative to the base policy. This imbalance weakened
the on-policy learning signal and destabilized the policy. The gating mechanism mitigates these
issues by ensuring that successful trajectories remain purely on-policy, while reflection is reserved for
corrective revision on failed attempts. This design also aligns training with deployment: at inference
time, the model must generate y ~ 7y (- | ) without access to reflection A or feedback signals. By
restricting reflection to corrective cases and preserving sufficient on-policy updates in every batch,
the gating mechanism improves stability in training.

Memory Extensions. Algorithm 2 also maintains a simple reflection memory that stores successful
reflections as system prompt in plain text. A natural extension is to replace this mechanism with a
more sophisticated agentic memory system. For example, before the reflection step (Alg. 2, Line 12),
the model may retrieve relevant past reflections from a memory base conditioned on the current input
z, and after a successful refinement, update the memory using a structured agentic memory update
rule rather than direct overwrite. Such retrieval-and-update schemes would allow ERL to scale to
more diverse and long-horizon tasks by enabling selective reuse and continual refinement of past
corrective knowledge.

On-Policy Distillation. The internalization step in Algorithm 2 can also be generalized beyond
supervised distillation. Instead of training 7¢ to reproduce () from z using a standard distillation
loss, one may adopt an on-policy reverse KL objective. Let the contextual policy with access to
reflection and memory be 7y(- | =, A), and the deployment policy be mg(- | z). An on-policy
distillation objective can be written as

Lon(0) == Epp [H(r@) > o) Eyroro oy [KL(mo (- | 2, A) || 7o (- | x))]].

which encourages the deployment policy to match the richer contextual policy while remaining
on-policy with respect to g (- | ). This connects ERL to recent reverse-KL and on-policy distillation
approaches (Agarwal et al., 2024; Hiibotter et al., 2026; Song et al., 2026) and provides a principled
alternative to supervised internalization.

B ENVRIONMENT CONFIGURATION DETAILS

B.1 FROZEN LAKE

Frozen Lake is a grid-based navigation environment in which an agent must move from a start
location to a goal location on an n x n grid. We configure our Frozenlake environment following a
setup similar to those used in TextArena (Guertler et al., 2025) and Wang et al. (2025). The grid size
n is sampled uniformly from [2, 9]. For each instance, the start and goal tiles are randomly selected
as distinct positions. The grid layout is generated procedurally to ensure that at least one valid path
exists between the start and goal.

Each non-goal tile is assigned as either a safe frozen tile or a hole according to a frozen-tile probability
parameter p, sampled uniformly from [0.6, 0.85). Holes represent terminal failure states, while frozen
tiles are traversable. Transitions are deterministic: the agent’s chosen action directly determines its
next grid position, subject to boundary constraints.

At every step, the agent observes a full textual representation of the grid. To reduce the influence of
pretrained symbolic priors, we employ abstract symbols rather than semantically meaningful markers.

17



Published as a workshop paper in Lifelong Agent @ ICLR 2026

Algorithm 2 Reinforcement Learning from Self-Reflection (Full Version)

—_

: Inputs: Language model 7y; dataset of questions x; environment returning feedback f and reward r, reward
threshold 7.

2: Initialize: reflection memory m < 0.

3: repeat

4:  Sample question = from dataset.

5: [/ First attempt

6:  Sample answer y(V) ~ mq(- | z).

7:  Obtain feedback and reward (fV),r(1)).

8 // RL update on the first attempt

9:  Update 0 via Lpyolicy (0) over the first attempt

10:  // Gated second attempt

11:  ifr™® < 7 then

12: // Reflection with cross-episode memory

13: Sample reflection A ~ 7o (- | 2, yV, fO, 7D m),

14: Sample refined answer y® ~ 7wo(- | z, A).

15: Obtain feedback and reward (f*, r(®).

16: Set reflection reward 7 < r(?).

17: // Store reflection only if improved beyond threshold
18: if 7? > 7 then

19: Store reflection: m < A.

20: end if

21: // RL update on the second attempt

22: Update 0 via z:pomy(e) over reflection and second attempt.
23: // Internalization

24: Update 6 via Lqisin(6) to internalize reflection, training g to produce y(2) from x only.
25: end if

26: until converged

The default encoding is:
A = agent position, B = goaltile, C =hole, D = safe frozen tile.

This representation encourages the model to infer environment dynamics through interaction rather
than relying on prior associations.

In addition to the textual presentation of the grid, the environment also appends structured textual
feedback to the end of the interaction history after each action. This feedback communicates the
outcome of the most recent transition and serves as the only explicit signal describing terminal or
invalid events. The feedback messages are defined as follows:

* The agent reached the goal — issued when the agent successfully enters the
goal tile. The episode terminates with reward 1.0.

* The agent fell into the hole — issued when the agent enters a hole tile. The
episode terminates with reward 0.0.

* Hit the max step limit — issued when the agent exhausts the fixed step budget.
The episode terminates with reward 0.0.

* No valid actions were recorded. — issued when the agent produces an in-
valid action or when the attempted action results in no state change, such as moving into a
boundary. The episode continues unless the step budget is exhausted.

The default system prompt, self-reflection prompt, and example task are shown in Tables 2, 4, and 6.

The reward function is sparse. The agent receives a reward of 1.0 if it reaches the goal tile and 0.0
otherwise. Episodes terminate upon reaching the goal, entering a hole, or exhausting a fixed step
budget of 8 actions.

For training, we generate 10,000 procedurally sampled instances. Evaluation is conducted on a
disjoint set of 100 instances constructed using the same generation process.
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B.2 SOKOBAN

Sokoban is a grid-based box-pushing environment in which an agent must place all boxes onto
designated goal tiles. We configure our Sokoban environment following a setup similar to those used
in TextArena (Guertler et al., 2025) and Wang et al. (2025). Each instance is represented as an n X n
grid, where n is sampled uniformly from [6, 8] in our procedural generator. We construct single-box,
single-goal layouts with border walls, and randomly sample interior positions for the goal, box, and
player, subject to non-overlap constraints.

To control difficulty, each generated layout is accepted only if its shortest valid solution is at most 8
moves (computed by BFS over player-box states). This guarantees solvability while keeping episodes
short-horizon. Train and test splits are disjoint at the layout level.

At every step, the agent observes the full textual grid. As in FrozenLake, we use abstract symbols to
reduce direct reliance on pretrained semantic priors. The default encoding is:

A = agent position, a = agenton box, B =box, b = box on goal,

C = goal tile, E =wall, D = floor.

The action space is {Up, Down, Left, Right}. Moves are deterministic. The agent may push
exactly one adjacent box only when the cell behind the box is free; it cannot pull boxes, move through
walls, or move through boxes. Invalid moves produce no state change.

In addition to the grid observation, the interaction trace includes structured textual transition feedback
after each action. The feedback messages are:

* The agent solved the puzzle (all boxes on goals). — issued when
all boxes are on goal tiles. The episode terminates with reward 1.0.

e The agent moved or pushed a box; puzzle not solved yet. — is-
sued when the action changes the state but the puzzle remains unsolved.

* The agent did not move (likely hit a wall or tried to push
into a blocked space) . —issued when the chosen move is ineffective (no state
change).

* Hit the max step limit — issued when the fixed step budget is exhausted before
solving. The episode terminates with reward 0.0.

The default system prompt, self-reflection prompt, and example task are shown in Tables 2, 4, and 7.

The reward is sparse: 1.0 if and only if all boxes are on goals, and 0.0 otherwise. Episodes terminate
on success or when the step budget is exhausted. In the generated REEX Sokoban dataset, the
per-instance step budget is 8.

For training, we generate 10,000 procedurally sampled instances. Evaluation is conducted on a
disjoint set of 100 instances built with the same generation process.

B.3 HOTPOTQA

HotpotQA is a multi-hop open-domain question answering task in which an agent must answer
compositional questions by retrieving and synthesizing evidence across multiple documents. Each
instance consists of a natural-language question and a reference answer.

Unlike grid-based control environments such as FrozenLake or Sokoban, HotpotQA does not expose
an explicit environment state. Instead, the agent operates through a tool-augmented interaction loop
in which it alternates between reasoning, retrieval, and answer generation. The agent may invoke an
external retrieval tool and ultimately produce a final textual answer. The solver instruction requires
that the final answer be formatted inside \boxed{} to enable reliable extraction.

The retrieval interface is defined as:
local_search (query, top-k),

which queries a local dense-retrieval server built over an indexed Wikipedia cor-
pus and returns ranked text snippets relevant to the query. We use a Wikipedia
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Initial System Prompt for Frozenlake and Sokoban

You are an agent playing a game on a grid, acting as a reasoning engine.

Your decisions are based on your current game rules (your best guess of how the game works)
and your strategic playbook (your learned strategies). These may be incomplete or incorrect.
Your only way to interact with the environment is by choosing your NEXT ACTION.

## Instructions

1. Analyze State: Summarize the current state.

2. Predict Long-term Value of Outcomes: Evaluate the strategic value and potential of the
current state for the future.

3. Predict Immediate Consequences: For the top two candidate actions, predict their
consequences using a “result-because” structure.

4. Select the Best Action: Choose the action leading to the most advantageous future state.

## Required response structure

<reason>

*x1. Analysis of the Current State:xx [Summary of the board
state.]

*%2. Prediction of the Value of Current States:x*x

[Assessment] - Value: High / Medium / Low

*%x3. Prediction of Immediate Consequences:xx [Top 2
candidate actions]

</reason>

Then output the NEXT ACTION inside triple backticks, e.g., * * ‘Up * * .

Always remember:
- Valid actions: Up, Down, Left, Right.
- Think step by step, but make the final line only the next action wrapped in triple backticks.

Table 2: Initial System used for Frozenlake and Sokoban.

corpus organized by PeterJinGo/wiki-18-corpus, with prebuilt dense in-
dices from PeterJinGo/wiki-18-e5-index. Embeddings are generated using
intfloat/e5-base-v2. Retrieval is powered by FAISS (Douze et al., 2024) with multi-GPU
support. During each episode, the agent is allowed up to 5 interaction turns, which may include
reasoning steps, tool calls, and final answer submission.

Following the evaluation protocol of Search-R1 (Jin et al., 2025), the answer extracted from
\boxed{} is normalized prior to scoring by lowercasing and whitespace canonicalization. Correct-
ness is measured using token-level F1 against the ground-truth answer. The reward function assigns a
score of 1.0 for exact matches, a proportional reward equal to the F1 score when the F1 is at least 0.3,
and O otherwise.

The default system prompt, self-reflection prompt, and example task are shown in Tables 3, 5, and 8.

C TRAINING CONFIGURATION DETAILS

We train all models with the rLLM agent training stack (Tan et al., 2025) using GRPO (Shao et al.,
2024). Training runs on a single node with 8 H100s and uses vVLLM (Kwon et al., 2023) with
FlashAttention (Dao, 2024).

We enable hybrid engine training, gradient checkpointing, and remove-padding. The optimizer
learning rate is 1e—6. Actor updates use a mini batch size of 64, dynamic batch sizing, and a max
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Initial System Prompt for HotpotQA
You are a helpful assistant who answers questions directly and efficiently.
Provide your final answer in \boxed{} format.
## Available tool
[
{
"type": "function",
"function": {
"name": "local_search",
"description": "Search for information using a dense
retrieval server with Wikipedia corpus",
"parameters": {
"type": "object",
"properties": ({
"query": {
"type": "string",
"description": "Search query to retrieve relevant
documents"
}y
"top_k": {
"type": "integer",
"description": "Number of results to return
(default: 5)",
"minimum": 1,
"maximum": 50
}
by
"required": ["query"]
}
}
}
1

Table 3: Initial system prompt used for HotpotQA.

token length per GPU of 24,000. FSDP parameter/optimizer offload is enabled for the actor, and
parameter offload is enabled for the reference model.

We set the training batch size to 64, with a maximum prompt length of 8,196 tokens and a maximum
response length of 8,196 tokens. Rollouts are generated asynchronously using vLLM in async mode
with a tensor model parallel size of 1. We use a sampling temperature of 0.7, GPU memory utilization
of 0.85. For validation rollouts, we generate 4 samples per prompt with temperature 0.7, top-p
sampling set to 0.8, and top-k sampling set to 20.

KL regularization is enabled using a low-variance KL loss with coefficient 0.001, and we use a fixed
KL control coefficient of 0.001. The actor clipping ratio upper bound is set to 0.28, and the entropy
coefficient is set to 0. Rejection sampling and stepwise advantage estimation are disabled.

For RLVR training, we generate 10 samples per prompt. For ERL training, we generate only 4
samples per prompt for each attempt to match the compute budget of RLVR. Evaluation is performed
every 5 iterations, and training is manually early stopped upon convergence.

The design and implementation details of the ERL algorithm can be found in Appendix A.
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Self-reflection Prompt for Frozen Lake and Sokoban

You are a chief scientific strategist and master tactician.

Your mission is to analyze extensive field data from numerous operations to distill and refine
the Master Rulebook of a complex game.

You will be presented with a large collection of highly successful trajectories and critical
failure trajectories, collected over a long period.

Your primary task is to perform a deep, comparative analysis to understand the fundamental
principles of victory and defeat.

Act as a grand strategist, identifying universal patterns and high-level causal relationships.
Your goal is to synthesize these insights to produce the next generation’s Master Rulebook,
making it more robust, accurate, and effective.

Core Principles:

- Think Long-Term: focus on universal, strategic truths that hold across diverse scenarios.
- Learn from Contrast: extract insights by comparing winners and losers.

- Synthesize and Consolidate: produce a single unified theory.

- Be Authoritative and Concise: state rules as definitive principles.

Your output MUST be a single consolidated <prompt > block representing the new Master
Rulebook:

<prompt>

<game_rules>

x*+%1. Symbol Meanings:*xx [...]

**x2 . Information & Interpretation:xx [...]
*+%3. Gameplay & Actions:xx [...]

x*%4. Action Effects:xx [...]

*x5. Game Objective & Termination:** [...]
</game_rules>

<strategy>

*x1. Core Strategies:*xx [...]

*%2. Tactical Tips:*x*x [...]

</strategy>

</prompt>

Table 4: Self-reflection prompt used for Frozen Lake and Sokoban.

Self-reflection Prompt for HotpotQA

You are an expert prompt updater.

You will analyze recent trajectories, tool calls, and rewards to improve the solver’s system
prompt.

When failures occur, explicitly add rules that prevent repeating them (e.g., missing tool calls,
hallucinated facts, or unboxed final answers).

Keep the prompt short, actionable, and reusable.

Output ONLY the improved system prompt wrapped in <prompt>. ..</prompt> tags.

Table 5: Self-reflection prompt used for HotpotQA.
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Example Task for Frozen Lake

## {System Prompt}

Current Observation (0):
D C D

U o> o

D D C
C D D
D B D
You have not achieved the goal yet. Please give the next action.

## Action space
Up | Down | Left | Right

## Output requirement
Return reasoning in <reason>...</reason> and final action in triple backticks, e.g.,
AN \Right AN \.

Table 6: Example Frozen Lake task instance.

Example Task for Sokoban

## {System Prompt}

Current Board (O0):
B E B

MmO m

E
€
D
E

(a0 e I i I

E D B
E D D
E E E

Puzzle not solved yet. Provide the next move.

## Action space
Up | Down | Left | Right

## Output requirement
Return reasoning in <reason>. . .</reason> and final action in triple backticks, e.g.,
ANAY \Right AN \'

Table 7: Example Sokoban task instance.

Example Task for HotpotQA

## {System Prompt}

Question:
Which university did the author of “The Hobbit” attend?

Table 8: Example HotpotQA task instance.
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Second-Attempt Prompt Template for the No-Reflection Variant

## {System Prompt}

You are also provided with the model’s past attempt data, including observations,
actions, rewards, and feedback.

Use this information as context to make a better next-attempt decision policy.

Follow the action/output format exactly.

{First Attempt’s Trajectory }

Table 9: Generic second-attempt system prompt used in the no-reflection ablation. The model is
provided with the full first-attempt trajectory (observations, actions, rewards, and feedback) together
with a generic instruction encouraging improvement, without any structured reflection signal.
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