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1 Motivation
Language agents should improve from their own experience. But RL needs rewards that many real 
environments — websites, multi-turn tools — rarely provide. Imitation learning (SFT) avoids 
rewards, yet only copies expert demonstrations. Can we combine the best of both worlds?

2 Early Experience
The agent proposes its own actions and collects the resulting future states as 
supervision. Two strategies turn these states into learning signals:

3 Results — Immediate Gains to IL

3 Results — Better Foundations for Upcoming RL, Data Efficiency, and Domain Generalization

Out-of-domain gains persist across three unseen splits— even larger than in-domain

RL from early-experience checkpoints reaches higher ceilings
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Table 2. Out-of-domain evaluation results (%). Improvements over imitation learning are shown in green. Prompt means the instruct
model’s performance. IWM and SR refer to implicit world modeling and self-reflection, respectively.

ALFWorld BFCLv3 SearchQA (F1)

-3.2-3B -2.5-7B -3.1-8B -3.2-3B -2.5-7B -3.1-8B -3.2-3B -2.5-7B -3.1-8B

Prompt 5.5 4.7 18.8 1.3 7.1 6.2 24.6 33.1 37.0
Imitation Learning 74.2 64.1 63.3 5.3 7.6 6.7 40.5 47.0 47.4

Ours-IWM 77.3 (+3.1) 70.3 (+6.2) 78.1 (+14.8) 8.9 (+3.6) 12.9 (+5.3) 7.6 (+0.9) 45.4 (+4.9) 49.5 (+2.5) 49.6 (+2.2)
Ours-SR 77.3 (+3.1) 71.1 (+7.0) 72.7 (+9.4) 13.8 (+8.5) 8.3 (+0.7) 8.0 (+1.3) 44.0 (+3.5) 51.2 (+4.2) 50.7 (+3.3)
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Figure 3. Reinforcement learning (GRPO) starting from checkpoints trained with different methods on three infra-ready environments.
Bars show performance before (deeper shade) and after RL (lighter shade) for three methods. Checkpoints from early-experience methods
(IWM, SR) consistently lead to higher post-RL ceilings than imitation-only starts, with advantages often maintained or amplified after RL.

turn base; OOD settings are averaged over multi-turn miss-
ing function, missing argument, and long context.

The results of our trained models are shown in Table 2,
from which we can make the following observations. OOD
scores drop relative to in-domain across all tasks, yet early
experience consistently recovers a substantial portion of
the gap. In several cases the relative gains are larger than
in-domain (e.g., SearchQA), indicating that converting
one’s own rollouts into supervision prepares the policy for
states not covered by demonstrations. The method-wise
pattern mirrors in-domain trends: IWM helps most where
dynamics are stable (e.g., ALFWorld); SR is strongest
when distribution shifts alter tool availability or arguments
(e.g., BFCLv3); both IWM and SR help under retrieval
shifts (e.g., SearchQA), for all model sizes.

Takeaway. Early experience improves robustness under
diverse OOD regimes: IWM excels when dynamics are
stable, SR when shifts affect tool availability, arguments,
or retrieval distributions. In several benchmarks (e.g.,
ALFWorld and SearchQA), OOD gains meet or exceed
in-domain gains, reinforcing that an agent’s own experience
provides supervision that generalizes.

5.4. RL Following Early Experience

To evaluate the impact of early experience once envi-
ronments provide verifiable rewards (the defining condi-
tion of the era of experience), we append an RL stage
to the checkpoints from § 5.2 on three benchmarks:

WebShop, ALFWorld, and SearchQA. Following estab-
lished recipes (Feng et al., 2025; Jin et al., 2025), we adopt
the widely used GRPO algorithm (Shao et al., 2024) with
identical hyperparameters and training steps. The only
changing factor across runs is the starting checkpoint, each
resulting from a different training method: imitation learn-
ing, implicit world modeling, or self-reflection.

Results in Figure 3 show a clear pattern: starting from early-
experience checkpoints consistently yields higher post-RL
ceilings. In some cases, the performance gap grows during
RL training (e.g., ALFWorld); in others, it narrows but
never reverses. Even when reward optimization is applied
for the same number of steps, IL starts rarely match the
final performance of models initialized with early experi-
ence. For completeness, we also run GRPO directly from
the raw pretrained model without any supervised stage. This
performs worst across all tasks and shows unstable training
dynamics, highlighting the necessity of a strong initializa-
tion. Appendix B shows results with detailed metrics.

Takeaway. Early experience acts as a mid-training bridge
between the era of human data and the era of experience.
It enables stronger policies than imitation learning without
rewards from environments and amplifies the benefits of sub-
sequent RL. Under identical RL recipes, early-experience
checkpoints achieve higher final performance. These results
suggest that once RL setups become available in new envi-
ronments, early experience can immediately unlock further
gains without retraining from scratch.
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environments, data sources, models, and the full training
and evaluation details are provided in Appendix B.

5.2. Effectiveness

Table 1. Results on eight benchmarks. All values are success rates
(%) unless otherwise noted. Improvements over imitation learning
are shown in green. Prompt indicates zero-shot performance of
the instruction-tuned model. IL, IWM, and SR denote imitation
learning, implicit world modeling, and self-reflection, respectively.
Appendix B shows complete results including baselines.

Benchmark Model Prompt IL Ours-IWM Ours-SR
Embodied and Scientific Simulation, and Travel Planning

ALFWorld
-3.2-3B 8.6 78.1 83.6 (+5.5) 85.9 (+7.8)
-2.5-7B 14.8 78.1 82.8 (+4.7) 82.0 (+3.9)
-3.1-8B 25.0 80.5 85.9 (+5.4) 85.2 (+4.7)

ScienceWorld
-3.2-3B 2.3 51.6 55.5 (+3.9) 56.2 (+4.6)
-2.5-7B 3.9 53.9 59.4 (+5.5) 57.8 (+3.9)
-3.1-8B 3.1 54.7 57.0 (+2.3) 68.0 (+13.3)

TravelPlanner
-3.2-3B 0.0 19.4 28.3 (+8.9) 32.2 (+12.8)
-2.5-7B 0.0 16.7 22.2 (+5.5) 31.7 (+15.0)
-3.1-8B 0.0 17.2 25.0 (+7.8) 32.2 (+15.0)

Multi-Turn Tool Use

BFCLv3
-3.2-3B 1.3 21.3 25.3 (+4.0) 29.3 (+8.0)
-2.5-7B 10.6 26.7 29.3 (+2.6) 32.0 (+5.3)
-3.1-8B 6.7 16.0 20.0 (+4.0) 20.0 (+4.0)

Tau-Bench
-3.2-3B 5.2 24.3 26.1 (+1.8) 28.7 (+4.4)
-2.5-7B 20.0 33.9 38.7 (+4.8) 39.5 (+5.6)
-3.1-8B 6.0 35.9 40.8 (+4.9) 41.7 (+5.8)

SearchQA (F1)
-3.2-3B 13.3 38.0 39.0 (+1.0) 38.6 (+0.6)
-2.5-7B 19.3 39.9 40.8 (+0.9) 42.0 (+2.1)
-3.1-8B 21.0 41.0 44.3 (+3.3) 41.8 (+0.8)

Web Navigation

WebShop
-3.2-3B 0.0 41.8 60.2 (+18.4) 52.7 (+10.9)
-2.5-7B 0.8 51.6 56.2 (+4.6) 62.2 (+10.6)
-3.1-8B 0.0 47.3 58.6 (+11.3) 58.2 (+10.9)

WebArena-Lite
-3.2-3B 1.2 6.1 8.5 (+2.4) 7.3 (+1.2)
-2.5-7B 1.8 4.2 7.3 (+3.1) 6.1 (+1.9)
-3.1-8B 0.6 4.9 8.5 (+3.6) 8.5 (+3.6)

We evaluate across eight environments that span multi-turn
tool use, web navigation, and more in Table 1. All three
models are trained with the same prompt format and decod-
ing strategy. Per environment, our methods use exactly the
same step budget as imitation learning.

Overall Gains. Early experience improves over imita-
tion learning in all settings across model sizes. Implicit
world modeling (IWM) yields steady gains in structured
environments (ALFWorld/ScienceWorld +2.3 to +5.5;
WebShop +11.3 to +18.4). Self-reflection (SR) delivers the
largest jumps when tasks require multi-step reasoning and
constraint satisfaction (TravelPlanner +12.8 to +15.0;
ScienceWorld +13.3; BFCLv3 +8.0 on the 3B model).

Action-Space Perspective. Across our eight environments,
the action spaces fall into three categories. Closed and
finite action sets (e.g., ALFWorld for embodied navi-
gation, ScienceWorld for scientific procedures, and
TravelPlanner for itinerary planning) present a small,
fixed list of admissible actions from the start. Here, IWM
helps the policy internalize transition regularities, while SR

adds targeted corrections for long-horizon plans (e.g., large
SR gains on TravelPlanner). Structured but large ac-
tion sets (e.g., BFCLv3 for terminal tasks and Tau-Bench
for multi-domain APIs) require selecting from many typed
tools with arguments and sequencing them correctly. In
this setting, early experience reduces tool misuse and im-
proves ordering; SR often helps more when policy errors are
logical. Open action sets (e.g., SearchQA with free-form
search queries, WebArena with fine-grained web element
interactions) allow a vast number of possible actions, of-
ten combinatorial in nature. These are the hardest regimes;
nevertheless, early experience still yields reliable gains by
turning exploratory rollouts into dense training signals with-
out requiring rewards.

Observation-Space Perspective. Our benchmarks span a
wide range of observation complexities. At the low end,
ALFWorld provides short, clean textual descriptions of
the scene, while ScienceWorld produces procedural
readouts of ongoing experiments. Mid-range settings like
BFCLv3 and Tau-Bench return structured API schemas
and tool outputs that must be parsed and sequenced cor-
rectly. At the high end, WebArena presents noisy, fine-
grained web states as accessibility trees, requiring reason-
ing over hundreds of DOM-like elements. We provide ex-
amples of each environment in Appendix C. In settings
where state transitions are consistent and predictable (e.g.,
WebShop), IWM excels by helping the agent internalize
environment dynamics and improve next-state predictions.
When failures stem primarily from reasoning errors or the
need to repair long-horizon plans (e.g., TravelPlanner,
ScienceWorld), SR delivers larger gains by explicitly
comparing actions to expert trajectories. Overall, regardless
of how simple or complex the environment’s observations
are, early experience methods consistently turn the agent’s
own actions and resulting states into effective supervision
signals that improve policy learning without rewards.

Takeaway. Early experience reliably converts an agent’s
own actions and resulting states into scalable supervision
beyond expert demonstrations. All methods under this
paradigm strengthen policies across environments that differ
substantially in both action spaces and observation complex-
ity. These effects hold across two model sizes and three
environment families, demonstrating strong generalizable
feasibility of our early experience paradigm.

5.3. Out-of-Domain Generalization

To evaluate the robustness of trained policies beyond in-
domain performance, we evaluate early experience on envi-
ronments with out-of-domain (OOD) splits, using the same
checkpoints evaluated in § 5.2. To set up, for ALFWorld
and SearchQA we follow the OOD splits defined in their
original work. For BFCLv3 the in-domain setting is multi-
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Table 2. Out-of-domain evaluation results (%). Improvements over imitation learning are shown in green. Prompt means the instruct
model’s performance. IWM and SR refer to implicit world modeling and self-reflection, respectively.

ALFWorld BFCLv3 SearchQA (F1)

-3.2-3B -2.5-7B -3.1-8B -3.2-3B -2.5-7B -3.1-8B -3.2-3B -2.5-7B -3.1-8B

Prompt 5.5 4.7 18.8 1.3 7.1 6.2 24.6 33.1 37.0
Imitation Learning 74.2 64.1 63.3 5.3 7.6 6.7 40.5 47.0 47.4

Ours-IWM 77.3 (+3.1) 70.3 (+6.2) 78.1 (+14.8) 8.9 (+3.6) 12.9 (+5.3) 7.6 (+0.9) 45.4 (+4.9) 49.5 (+2.5) 49.6 (+2.2)
Ours-SR 77.3 (+3.1) 71.1 (+7.0) 72.7 (+9.4) 13.8 (+8.5) 8.3 (+0.7) 8.0 (+1.3) 44.0 (+3.5) 51.2 (+4.2) 50.7 (+3.3)
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Figure 3. Reinforcement learning (GRPO) starting from checkpoints trained with different methods on three infra-ready environments.
Bars show performance before (deeper shade) and after RL (lighter shade) for three methods. Checkpoints from early-experience methods
(IWM, SR) consistently lead to higher post-RL ceilings than imitation-only starts, with advantages often maintained or amplified after RL.

turn base; OOD settings are averaged over multi-turn miss-
ing function, missing argument, and long context.

The results of our trained models are shown in Table 2,
from which we can make the following observations. OOD
scores drop relative to in-domain across all tasks, yet early
experience consistently recovers a substantial portion of
the gap. In several cases the relative gains are larger than
in-domain (e.g., SearchQA), indicating that converting
one’s own rollouts into supervision prepares the policy for
states not covered by demonstrations. The method-wise
pattern mirrors in-domain trends: IWM helps most where
dynamics are stable (e.g., ALFWorld); SR is strongest
when distribution shifts alter tool availability or arguments
(e.g., BFCLv3); both IWM and SR help under retrieval
shifts (e.g., SearchQA), for all model sizes.

Takeaway. Early experience improves robustness under
diverse OOD regimes: IWM excels when dynamics are
stable, SR when shifts affect tool availability, arguments,
or retrieval distributions. In several benchmarks (e.g.,
ALFWorld and SearchQA), OOD gains meet or exceed
in-domain gains, reinforcing that an agent’s own experience
provides supervision that generalizes.

5.4. RL Following Early Experience

To evaluate the impact of early experience once envi-
ronments provide verifiable rewards (the defining condi-
tion of the era of experience), we append an RL stage
to the checkpoints from § 5.2 on three benchmarks:

WebShop, ALFWorld, and SearchQA. Following estab-
lished recipes (Feng et al., 2025; Jin et al., 2025), we adopt
the widely used GRPO algorithm (Shao et al., 2024) with
identical hyperparameters and training steps. The only
changing factor across runs is the starting checkpoint, each
resulting from a different training method: imitation learn-
ing, implicit world modeling, or self-reflection.

Results in Figure 3 show a clear pattern: starting from early-
experience checkpoints consistently yields higher post-RL
ceilings. In some cases, the performance gap grows during
RL training (e.g., ALFWorld); in others, it narrows but
never reverses. Even when reward optimization is applied
for the same number of steps, IL starts rarely match the
final performance of models initialized with early experi-
ence. For completeness, we also run GRPO directly from
the raw pretrained model without any supervised stage. This
performs worst across all tasks and shows unstable training
dynamics, highlighting the necessity of a strong initializa-
tion. Appendix B shows results with detailed metrics.

Takeaway. Early experience acts as a mid-training bridge
between the era of human data and the era of experience.
It enables stronger policies than imitation learning without
rewards from environments and amplifies the benefits of sub-
sequent RL. Under identical RL recipes, early-experience
checkpoints achieve higher final performance. These results
suggest that once RL setups become available in new envi-
ronments, early experience can immediately unlock further
gains without retraining from scratch.
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Figure 4. Effect of demonstration budget and branching factor. (a): success rate vs. fraction of expert trajectories; (b): success rate vs.
branching factor K (number of alternative actions per state in Dexpert). Results are based on -3.1-8B.

6. Discussion
6.1. Impact of Amount of Human Data

To examine how performance scales with the amount of ex-
pert supervision, we vary the number of demonstrations used
to seed early experience. Figure 4(a) shows that early expe-
rience maintains a consistent lead over imitation learning
at every data level. On WebShop, just 1/8 of the demon-
strations already surpasses imitation learning trained on the
full dataset; on ALFWorld, the same holds with 1/2 of
the demonstrations. Both IWM and SR improve with more
expert data, yet the margin over imitation learning remains
large, showing that early experience provides supervision
signals beyond what demonstrations alone can supply.

6.2. Impact of Branching Factor

To investigate the impact of branching factor for our meth-
ods, we also ablate the branching factor K, the number of
alternative actions rolled out per expert state when generat-
ing early experience. Figure 4(b) shows that IWM improves
steadily as K increases, consistent with learning richer tran-
sition regularities. SR improves at small to moderate K and
shows diminishing returns at very large K: comparing many
alternatives occasionally includes other success-leading ac-
tions, reducing the contrast with the expert, and current mod-
els have limited capacity to reason over many alternatives
and outcomes in a single context. Overall, both methods
improve most of the time, with IWM favoring larger K and
SR working best with a modest K (e.g., 2–4).

6.3. Comparison to Baselines

We compare early experience to two alternatives that en-
hance reasoning without environment interaction. (1) Long
CoT (test-time). Inspired by test-time scaling (Snell et al.,
2024), this baseline forces instruction-tuned models to rea-
son more extensively at inference. We perform prompt
search and use delimiter truncation (e.g., </think>) to
encourage longer chain-of-thought generation compared to

Table 3. Comparison of early experience with three representative
baselines. Results are based on -3.1-8B.

WebShop ALFWorld

Prompt 0.0 25.0
+Long CoT 1.6 (+1.6) 28.4 (+3.4)

Imitation Learning 47.3 80.5
+Long CoT 0.0 (-47.3) 25.8 (-54.7)
+STaR 25.0 (-22.3) 74.2 (-6.3)
+DPO 53.1 (+5.8) 82.8 (+2.3)

Ours-IWM 58.6 (+11.3) 85.9 (+5.4)
Ours-SR 58.2 (+10.9) 85.2 (+4.7)

standard prompts (Wei et al., 2022). (2) STaR-style data
(training-time). Following STaR (Zelikman et al., 2022),
we synthesize rationales for expert actions and fine-tune
on (state, rationale, action) triplets. Crucially, these ratio-
nales remain ungrounded as they ignore alternative actions
and their resulting states. (3) Direct Preference Optimiza-
tion. We reuse non-expert actions from Drollout as rejected
responses and expert actions as chosen responses, training
with DPO (Rafailov et al., 2023) on these preference pairs.

As shown in Table 3, early experience consistently out-
performs both baselines. Long CoT offers only modest
gains, and the same long-reasoning strategy cannot transfer
to models fine-tuned on expert trajectories lacking inher-
ent rationales, leading to performance degradation. For
STaR-style training, the retained rationales are ungrounded
without seeing the environment, so fine-tuning on these rea-
soning chains, which potentially contain hallucinated facts,
degrades performance. In contrast, early experience directly
converts the policy’s own off-expert rollouts into grounded
supervision from observed next states, producing robust im-
provements that these alternatives fail to match. DPO is both
weaker and more brittle than early experience: training col-
lapses within tens of optimization steps on both benchmarks
(reported numbers are the best pre-collapse checkpoint).
Preference signal over off-expert rollouts appears to be a
weaker training target than grounding the policy in observed
next states or reflection rationales used in early experience.
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6. Discussion
6.1. Impact of Amount of Human Data

To examine how performance scales with the amount of ex-
pert supervision, we vary the number of demonstrations used
to seed early experience. Figure 4(a) shows that early expe-
rience maintains a consistent lead over imitation learning
at every data level. On WebShop, just 1/8 of the demon-
strations already surpasses imitation learning trained on the
full dataset; on ALFWorld, the same holds with 1/2 of
the demonstrations. Both IWM and SR improve with more
expert data, yet the margin over imitation learning remains
large, showing that early experience provides supervision
signals beyond what demonstrations alone can supply.

6.2. Impact of Branching Factor

To investigate the impact of branching factor for our meth-
ods, we also ablate the branching factor K, the number of
alternative actions rolled out per expert state when generat-
ing early experience. Figure 4(b) shows that IWM improves
steadily as K increases, consistent with learning richer tran-
sition regularities. SR improves at small to moderate K and
shows diminishing returns at very large K: comparing many
alternatives occasionally includes other success-leading ac-
tions, reducing the contrast with the expert, and current mod-
els have limited capacity to reason over many alternatives
and outcomes in a single context. Overall, both methods
improve most of the time, with IWM favoring larger K and
SR working best with a modest K (e.g., 2–4).

6.3. Comparison to Baselines

We compare early experience to two alternatives that en-
hance reasoning without environment interaction. (1) Long
CoT (test-time). Inspired by test-time scaling (Snell et al.,
2024), this baseline forces instruction-tuned models to rea-
son more extensively at inference. We perform prompt
search and use delimiter truncation (e.g., </think>) to
encourage longer chain-of-thought generation compared to

Table 3. Comparison of early experience with three representative
baselines. Results are based on -3.1-8B.

WebShop ALFWorld

Prompt 0.0 25.0
+Long CoT 1.6 (+1.6) 28.4 (+3.4)

Imitation Learning 47.3 80.5
+Long CoT 0.0 (-47.3) 25.8 (-54.7)
+STaR 25.0 (-22.3) 74.2 (-6.3)
+DPO 53.1 (+5.8) 82.8 (+2.3)

Ours-IWM 58.6 (+11.3) 85.9 (+5.4)
Ours-SR 58.2 (+10.9) 85.2 (+4.7)

standard prompts (Wei et al., 2022). (2) STaR-style data
(training-time). Following STaR (Zelikman et al., 2022),
we synthesize rationales for expert actions and fine-tune
on (state, rationale, action) triplets. Crucially, these ratio-
nales remain ungrounded as they ignore alternative actions
and their resulting states. (3) Direct Preference Optimiza-
tion. We reuse non-expert actions from Drollout as rejected
responses and expert actions as chosen responses, training
with DPO (Rafailov et al., 2023) on these preference pairs.

As shown in Table 3, early experience consistently out-
performs both baselines. Long CoT offers only modest
gains, and the same long-reasoning strategy cannot transfer
to models fine-tuned on expert trajectories lacking inher-
ent rationales, leading to performance degradation. For
STaR-style training, the retained rationales are ungrounded
without seeing the environment, so fine-tuning on these rea-
soning chains, which potentially contain hallucinated facts,
degrades performance. In contrast, early experience directly
converts the policy’s own off-expert rollouts into grounded
supervision from observed next states, producing robust im-
provements that these alternatives fail to match. DPO is both
weaker and more brittle than early experience: training col-
lapses within tens of optimization steps on both benchmarks
(reported numbers are the best pre-collapse checkpoint).
Preference signal over off-expert rollouts appears to be a
weaker training target than grounding the policy in observed
next states or reflection rationales used in early experience.
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