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Abstract

Long-horizon LLM agents trained with sparse
terminal rewards tend to experience slow and
unstable learning, and the issue is amplified
by group-normalized on-policy objectives com-
monly used for LLM training (e.g., GRPO).
When rollout groups collapse to nearly all fail-
ures early in training, within-group normal-
ization yields collapsed advantages and weak
learning signals. To address this, we pro-
pose Curriculum Replay via Progressive Suf-
fixes from Successful Trajectories (CRPS),
a lightweight RL-training strategy that turns
serendipitous terminal successes into a within-
trajectory curriculum. CRPS maintains a buffer
of successful trajectories and restarts rollouts
from suffix states, with an online controller
adapting k£ to match agent competence and
keep replay outcomes away from all-failure/all-
success extremes. Across ALFWorld and Web-
Shop with different foundation models, CRPS
consistently outperforms full-episode GRPO
and naive experience replay. Group-level di-
agnostics further show that CRPS reduces the
fraction of extreme groups and increases within-
group outcome diversity, aligning with faster
and more stable training.

1 Introduction

Large language models (LLMs) have recently been
extended into interactive agents capable of multi-
step reasoning, tool use, and real world interac-
tion (Gur et al., 2023; Shi et al., 2024; Xi et al.,
2025). While such agents can solve non-trivial
tasks in embodied-like text environments and web
navigation tasks (Shridhar et al., 2021; He et al.,
2024; Wei et al., 2025), improving them with end-
to-end reinforcement learning remains challenging,
especially in long-horizon settings with sparse and
delayed rewards (Wang et al., 2025; Feng et al.,
2025b).
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Figure 1: Sparse long-horizon agent RL often yields
collapsed within-group reward distributions (e.g., all
failures), making GRPO-style normalization ineffec-
tive. CRPS replays from successful suffix states to keep
group success rates away from extremes.

In many realistic settings, an episode can span
tens of environment steps, while success is only ob-
served at termination: the agent must plan, explore,
and execute a long sequence of actions before re-
ceiving a single terminal success signal (Shridhar
et al., 2021; Yao et al., 2022). As a result, most
early rollouts fail, yielding sparse learning signals
and slow progress under outcome-only reinforce-
ment learning (Ecoffet et al., 2021; Pathak et al.,
2017).

This challenge is further amplified for group-
based policy optimization methods commonly
used for LLM fine-tuning (e.g., GRPO-style train-
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ing (Shao et al., 2024)). These methods typically
sample multiple rollouts per instruction and nor-
malize rewards within each group to form relative
advantages. When the reward distribution within
a group becomes extreme (e.g., almost all failures
early in training, or almost all successes for “too
easy” replay), advantage estimates collapse and
gradients become weak, wasting environment in-
teractions.

These observations suggest that, beyond the
choice of optimizer, the training distribution
(which tasks and which start states we sample) mat-
ters critically in sparse long-horizon agent RL (Ben-
gio et al., 2009; Narvekar et al., 2020; Portelas et al.,
2020). In particular, within-group normalization
is most effective when groups contain a mix of
successes and failures; however, long-horizon sam-
pling naturally produces many all-failure groups
early on, while overly easy replay can later produce
all-success groups. Both extremes waste interac-
tions because the resulting advantages provide little
usable learning signal.

At the same time, even in the difficult regime,
agents occasionally succeed due to exploration and
stochasticity. Such rare successes are expensive
to obtain but contain privileged information: they
identify states from which the agent can sometimes
finish the task under the current policy class (Oh
et al., 2018; Andrychowicz et al., 2017). A natural
question, then, is how to systematically amplify
the learning value of these occasional successes—
turning a small number of terminal rewards into
a sequence of learnable training problems of con-
trollable difficulty, without requiring dense reward
shaping or external task generators (Bengio et al.,
2009; Narvekar et al., 2020; Portelas et al., 2020).

At the same time, even in the difficult regime,
agents occasionally succeed due to exploration and
stochasticity. Such rare successes are expensive to
obtain but are informative for GRPO-style learn-
ing: they expose intermediate states where success
is neither impossible nor trivial under the current
policy class (Oh et al., 2018; Andrychowicz et al.,
2017). A natural question, then, is how to amplify
the learning value of these occasional successes—
turning a small number of terminal rewards into
a sequence of learnable training problems of con-
trollable difficulty, without dense shaping or task
generators, and avoiding degenerate groups (Ben-
gio et al., 2009; Narvekar et al., 2020; Portelas
et al., 2020).

In this paper, we propose Curriculum Replay via

Progressive Suffixes from Successful Trajectories
(CRPS), a simple add-on that couples success-only
replay with progressive suffix restarts and adaptive
difficulty control for GRPO-style training (Mnih
et al., 2015; Schaul et al., 2015; Oh et al., 2018).
The key idea is to repeatedly train on appropriately
difficult subproblems—neither trivially easy nor
hopelessly hard—because these “partially solvable”
cases tend to yield the strongest within-group learn-
ing signal. Concretely, given a stored successful
trajectory of length 7', CRPS chooses a replay start
index tg = T — k (i.e., a suffix length k), resets
the environment to the corresponding state, and
re-executes from tg to termination with the current
policy. Here, k serves as a simple difficulty knob:
smaller k£ produces easier near-goal subproblems,
while larger k yields harder ones starting farther
from the goal. We further adapt k online so that
replayed subproblems track the agent’s capability
and keep group success rates away from extremes
as training progresses.
In summary, our contributions are as follows:

* We introduce CRPS, a minimal replay-based
add-on that turns serendipitous terminal suc-
cesses into a within-trajectory curriculum with
a single difficulty knob, without requiring
dense rewards or external task generation.

* We show that combining suffix-state replay
with adaptive difficulty control constructs less-
extreme group reward distributions for GRPO-
style optimization, mitigating reward extrem-
ity and improving data utilization under sparse
terminal rewards.

* We evaluate CRPS on ALFWorld and Web-
Shop, demonstrating consistent improvements
over full-episode baselines and naive experi-
ence replay across model scales.

2 Related Work

Reinforcement learning for LLM agents. LLM
agents combine language generation with environ-
ment interaction, where a small change in the gen-
erated text can induce a different tool call or state
transition. Early agent frameworks such as Re-
Act (Yao et al., 2023) highlight the tight coupling
between reasoning traces and executable actions,
and subsequent work explores how to endow base
models with stronger tool and agent behaviors via
self-training or fine-tuning (Schick et al., 2023;
Shinn et al., 2023; Zeng et al., 2023; Chen et al.,
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2023). To optimize these agents under sparse,
verifiable objectives (e.g., task success), recent
pipelines increasingly adopt RL-style policy op-
timization. Compared to standard PPO (Schul-
man et al., 2017), group-based variants such as
GRPO (Shao et al., 2024) and REINFORCE-style
baselines such as RLOO (Kool et al., 2019) are
attractive for LLM training because they weaken
dependence on a learned critic. However, long-
horizon interaction benchmarks (e.g., ALFWorld
and WebShop (Shridhar et al., 2021; Yao et al.,
2022)) make learning particularly challenging: re-
wards arrive at the end, while optimization must
improve decisions far from the goal.

Experience enhanced LLLM agents. Experience
replay is a canonical mechanism for reusing past
interactions in RL, popularized in deep RL systems
such as DQN (Mnih et al., 2015) and extended
with prioritized and distributed variants (Schaul
et al., 2015; Horgan et al., 2018). In sparse-reward
settings, related ideas include self-imitation (Oh
et al., 2018) and hindsight relabeling (Andrychow-
icz et al., 2017; Fang et al., 2019). For LLM
agents, the emphasis is often not purely on off-
policy sample reuse, but on experience augmenta-
tion: recording, organizing, and reusing high-value
trajectories or memories to improve long-horizon
behavior. Representative directions include expe-
rience replay for GUI agents (Lu et al., 2025; Xu
et al., 2025), record-and-replay style agent train-
ing (Feng et al., 2025a), contextual replay for self-
improvement (Liu et al., 2025), and analyses of
memory management for LLM agents (Xiong et al.,
2025). A common limitation is coarse control over
where to restart or what subproblem to practice
within a trajectory. CRPS complements these ef-
forts as a GRPO-oriented instantiation with within-
trajectory control over the start state: it restores
an intermediate state by replaying a prefix of a
successful trajectory and then collects a fresh on-
policy suffix, inducing a graded curriculum along
the same task instance.

Curriculum learning in RL. Curriculum learn-
ing trains on easier problems first and gradually
increases difficulty (Bengio et al., 2009). Prior
work studies curriculum design and automation in
RL, including survey frameworks and automatic
curricula (Narvekar et al., 2020; Portelas et al.,
2020), self-paced and distributionally robust cur-
ricula (Satheesh et al., 2025a), and other adaptive
strategies (Chaudhary and Behera, 2025; Hiibotter

et al., 2025). For LLM agents, curricula are often
induced via additional machinery (e.g., process-
level supervision or reward shaping, constraint-
aware training, or environment/task design) (Tan
et al., 2025; Tzannetos et al., 2025; Satheesh et al.,
2025b; Xia et al., 2025). CRPS instead provides a
simple curriculum mechanism without dense inter-
mediate rewards or external task generators: for a
fixed task instance, it reshapes the start-state distri-
bution along a successful trajectory from near-goal
to farther-from-goal.

3 Method

3.1 Problem Formulation

We model an instruction-conditioned interactive
agent as a partially observable Markov decision
process (POMDP)

Mx: (S7A?P?Q?O77ﬂ77)7 (1)

where x is a task instruction, s; € S is the latent en-
vironment state, a; € A is a textual action executed
by the environment, s;+1 ~ P(- | s¢,at), and the
agent observes o, € Q with oy ~ O(- | s¢). We
focus on sparse long-horizon benchmarks where
the reward is terminal:

1 if episode succeeds att =T
Ty = 2

0 otherwise,

We denote the terminal return by R(7) = rp €
{0,1}. The agent is an autoregressive language
policy 7y that conditions on the instruction and in-
teraction history h; = (z,01,a1,...,0;) and sam-
ples actions a; ~ my(- | h¢). The objective is to
maximize success probability:

max Erromy (1) [R(T)]- 3)

3.2 Reward Extremity

Group-based on-policy methods for LLM fine-
tuning (e.g., GRPO) sample G rollouts per instruc-
tion and compute relative advantages by normaliz-
ing rewards within the group:

A()_R(g)f'uR

OR+ €

1 G

_ = (9)

MR_GZRQ’ 4)

g=1

1 G
0%:5 (RY) — ug)?

g=1
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Figure 2: CRPS overview: store successful trajectories, replay from suffix states with adaptive k, and mix replay

with fresh exploration for on-policy updates.

When all rewards in the group are identical (all O or
all 1), or ~ 0 and the resulting learning signal col-
lapses. This “reward extremity” is common early
in long-horizon training (all failures) and can also
happen under overly easy replay (all successes).

3.3 CRPS Overview

CRPS (Curriculum Replay via Progressive Suf-
fixes from Successful Trajectories) builds a within-
trajectory curriculum from occasional terminal suc-
cesses. The core mechanism is to replay from
suffix states of a successful trajectory, where the
suffix length k directly controls replay difficulty
and horizon. By dynamically adjusting &, CRPS
selects replay problems that match the agent’s cur-
rent competence, keeping replay outcomes away
from all-failure/all-success extremes and prevent-
ing group-normalized advantages from collapsing.

3.4 Success Buffer

We maintain a buffer B of task instances (instruc-
tions) for which we have observed at least one
successful rollout and that remain non-trivial for
the current policy. Each buffer entry stores (i) the
instruction and a successful interaction trace, and
(i1) metadata that allows reconstructing an interme-
diate state by replaying a prefix: an environment
initialization identifier z (e.g., a seed) and the ac-
tion sequence. Under deterministic environment
dynamics conditioned on (z, ap¢—1), we can re-
store s; by resetting with 2z and re-applying the first
t actions. We store each successful trace in the

buffer as

b= (2. 2 T, {(or,a)} ).
with R(b) = 1.

&)

In addition to the trajectory itself, we optionally
maintain per-entry replay statistics (e.g., moving-
average replay success) to support difficulty-aware
sampling and eviction.

Trajectory Insertion. Among tasks for which
we observe at least one successful trajectory, suc-
cesses can correspond to (i) already-easy tasks with
high group success rates (which can yield near-
deterministic replay and all-success groups), (ii)
brittle one-off successes that are hard to reproduce,
or (iii) moderately difficult tasks where success is
achievable but not guaranteed. Since CRPS aims to
replay these moderately difficult, mixed-outcome
cases for group-normalized updates, we gate buffer
insertion using the group success rate

G

acc(z) = éz 1{RY =1}.

g=1

(6)

To prioritize non-trivial tasks and filter out overly
easy (mastered) successes, we insert b into B only
if its rollout succeeds and

acc(r) < amax and 1{R(7)=1}=1, (7)

where amax 1S an “easiness” threshold that ex-
cludes near-deterministic successes. Importantly,
tasks that remain challenging are not discarded:
CRPS can make them learnable by starting from
a shorter suffix (smaller k) and then gradually ex-
panding the replay horizon as the policy improves.
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3.5 Suffix Replay with Dynamic &

Given a sampled buffer entry b € B with horizon
T, CRPS selects a suffix length & and defines the
replay start index

to = max(0,7 — k). )

CRPS restores sy, by resetting the environment us-
ing the stored initialization metadata z and replay-
ing the first ¢y actions from the stored successful
trajectory, then rolls out the current policy 7y from
to until termination, producing an on-policy trajec-
tory segment 7 with terminal reward R (7). Smaller
k starts closer to success (easier, higher replay suc-
cess); larger k£ moves farther from the goal (harder,
longer horizon).

Initializing k. We initialize replay difficulty pro-
portionally to the successful trajectory length and
the observed task difficulty. Concretely, for a task
instance with group success rate acc(z) (Eq. 6) and
a successful trajectory length T', we set

kO = Chp({(ﬁmin + (Bmax - Bmin) acc(w)) T—| 5

kmin; kmax)7
)
so harder tasks (smaller acc(x)) start from shorter
suffixes (easier replay), and easier tasks start from
longer suffixes.

Adapting % to avoid extreme groups. To pre-
vent group-based advantages from collapsing
(Eq. 4), we want replay groups to contain a mix-
ture of successes and failures rather than collapsing
to all-0 or all-1 outcomes. CRPS achieves this
by adapting k to maintain an intermediate replay
success rate.

Let p; denote the replay success probability
when starting from suffix length k. Since the op-
timization signal is computed within groups, we
monitor replay outcomes at the group level. For
a replay group (same instruction, G rollouts) we
define

G
1
aJCCreplay(x) = G E I{R(g) =1} (10)
g=1

We track an exponential moving average p; over
recent replay groups:

Pr = (L=A)pr + A~ acCrplay(z),  (11)

with smoothing factor A € (0, 1]. We then adjust
k with step size A to keep py, inside a target band

p* = [pi; pul € (0,1):

min(k + A, kmax)  if pr > pu,
k<« ¢ max(k — A, kpin)  if px < p,  (12)
k otherwise.

If replay is too successful (o > p,), we increase
k to start farther from the goal, making replay
harder and preventing all-success groups; if re-
play is too unsuccessful (pr < p;), we decrease
k to move closer to success, preventing all-failure
groups. This keeps the reward distribution away
from extremes and maintains useful gradients un-
der within-group normalization.

Buffer maintenance (mastery removal). As
training progresses, the controller may expand re-
play toward the full trajectory (i.e., k — T'). When
replay remains highly successful even at the max-
imal horizon (e.g., the replay group success rate
consistently exceeds a threshold), the correspond-
ing task/trajectory is considered mastered and can
be removed from B to keep replay focused on cur-
rently learnable examples.

3.6 Exploration—Replay Mixture

Pure replay can overfit to narrow success modes
and stop discovering new solutions. We therefore
mix: (i) fresh rollouts from the environment initial
state distribution to discover new successes, and
(ii)) CRPS replay rollouts from suffix states to
stabilize learning and propagate success backward
along the trajectory.

Replay also chooses which instruction to train
on (an instruction stored in B) in addition to where
to start (the suffix state). We keep a non-zero explo-
ration mass to continually discover new successes
and prevent the buffer from collapsing to a nar-
row subset of tasks. Concretely, CRPS induces a
mixture over start states:

(fresh exploration),

(k)

Jtart — (1 - preplay) do
- k
DPreplay dB

(suffix replay),

(13)
where d is the environment’s initial-state distribu-
tion and dg) samples an entry b ~ B, restores s¢,
by resetting with 2 and replaying the first ¢y actions
from the stored trace, and uses tg from Eq. 8.
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4 Experimental Setup

4.1 Agent Interface and Training

Action interface. We follow a ReAct-style
loop (Yao et al., 2023): at each environment step,
the model is prompted with the task instruction
and a truncated interaction history, and then out-
puts a structured Action string executed by the
environment. The model may also emit intermedi-
ate reasoning (e.g., Thought) tokens, but only the
Action is parsed and executed.

extbfRL algorithm. Unless otherwise stated,
we focus on terminal-only sparse-reward policy-
gradient training (PPO/RLOO/GRPO family), us-
ing a group on-policy optimizer (GRPO-style; Shao
et al., 2024) with group size G rollouts per instruc-
tion and terminal outcome reward R € {0, 1}. We
compare full-episode training (from initial states)
against replay variants and CRPS.

CRPS configuration. We maintain a buffer 5
of historical successful trajectories. During data
collection, we sample replay groups with probabil-
ity Preplay (and otherwise sample fresh groups from
the initial state distribution). For a replay group,
we sample 7 ~ B, restore a suffix start state s,
by replaying the prefix actions up to ¢o (Eq. 8),
and then roll out the current policy from s, until
termination. We adapt the suffix length £ online
using the controller in Eq. 11-12 to keep the re-
play success rate close to a target band (we use
p* € [0.2,0.8] throughout unless otherwise stated).
Key hyperparameters such as preplay are reported in
the Appendix for reproducibility.

4.2 Benchmarks

ALFWorld (Shridhar et al., 2021) is a text-based
household environment aligned with ALFRED-
style tasks (e.g., pick-and-place, clean, heat/cool).
Episodes require multi-step exploration and state
tracking, and reward is typically sparse and termi-
nal.

WebShop (Yao et al., 2022) is an interactive e-
commerce website environment where the agent
must search, browse product pages, and finally
click “buy” to select an item satisfying a natural-
language instruction. The environment provides
a normalized task score in [0, 1] based on how
well the selected item matches the instruction con-
straints (e.g., attributes), and we treat score = 1 as
success.

4.3 Baselines

We include: (i) Imitation learning (if demon-
strations are available), including supervised fine-
tuning (SFT) and rejection-filtered fine-tuning
(RFT). We include imitation baselines to separate
the gains from offline behavior cloning vs. on-
line RL. (ii) Full-episode on-policy RL from ini-
tial states, including PPO (Schulman et al., 2017),
RLOO (Kool et al., 2019), and GRPO-style train-
ing (Shao et al., 2024). (iii) Success replay base-
line that reuses historical successful trajectories by
restarting from the beginning of a previously suc-
cessful episode. This baseline is motivated by the
most recent and strongest replay-buffer based train-
ing paradigms for agentic RL (Lu et al., 2025; Xu
et al., 2025); we implement a streamlined but com-
petitive variant tailored to sparse, terminal-reward
text environments.

4.4 Metrics

We report (1) final success rate at a fixed interac-
tion budget, and (2) task score when the bench-
mark provides a graded score (e.g., WebShop score
in [0, 1], measuring the degree of constraint satis-
faction).

5 Results

We present main results on ALFWorld and Web-
Shop, then analyze whether CRPS mitigates reward
extremity and whether the replay start automati-
cally expands over training.

5.1 Main Results

Table 1 reports the final performance under a fixed
interaction budget. Across both model scales,
GRPO+CRPS achieves the strongest overall results
on ALFWorld (All) and WebShop (Score/Succ.),
outperforming full-episode RL baselines as well
as vanilla experience replay. On Qwen2.5-1.5B,
CRPS improves ALFWorld-All from 0.73 (GRPO)
to 0.83 (+10%), and raises WebShop Score/Succ.
from 0.67/0.53 to 0.73/0.61. On Qwen2.5-7B,
CRPS improves ALFWorld-All from 0.78 (GRPO)
to 0.86 (+8%), and WebShop Score/Succ. from
0.77/0.68 to 0.82/0.74.

Compared with +ExpReplay, CRPS yields con-
sistent additional gains, indicating that curriculum
replay from successful suffixes provides more fine-
grained and targeted control over the curriculum,
and is therefore more effective than simple replay
alone. For example, on 1.5B, CRPS improves over
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Base Model Method . ALFWorld . WebShop
Pick Look Clean Heat Cool Pick2 All  Score Succ.
GPT-5 0.88 0.68 043 046 034 041 0.56| 0.61 0.46
Closed-source o
Gemini-2.5Pro | 0.85 0.53 0.67 0.68 0.29 059 0.59| 043 0.36
SFT 0.79 0.55 064 070 023 050 0.52| 028 0.20
RFT 0.82 055 075 074 042 052 0.63| 043 0.30
PPO 0.78 0.60 0.77 0.74 056 055 0.66| 0.65 0.53
Qwen2.5-1.5B RLOO 0.88 0.53 0.71 063 0.66 057 0.70| 0.58 0.46
GRPO 0.85 054 085 078 0.60 054 0.73| 0.67 0.53
7777777777 +ExpReplay | 0.88 0.63 0.87 0.84 067 065 078 0.67 0.55
+CRPS (ours) | 091 0.72 0.88 090 0.73 0.76 0.83| 0.73 0.61
SFT 0.64 071 060 068 032 0.57 058]| 056 0.39
RFT 082 066 070 073 064 0.59 0.68]| 0.63 045
PPO 091 064 092 089 0.80 068 0.80| 0.77 0.64
Qwen2.5-7B  RLOO 0.88 0.78 0.87 081 0.72 049 0.76 | 0.69 0.59
GRPO 090 0.66 0.89 075 0.73 065 0.78| 0.77 0.68
7777777777 +ExpReplay [ 091 073 088 079 077 0.68 082|080 0.70
+CRPS (ours) [ 0.91 080 0.86 083 080 0.71 0.86| 0.82 0.74

Table 1: Performance on ALFWorld and WebShop. We report ALFWorld success rates for each subtask category
and overall (All). For WebShop, we report task Score and Success Rate (Succ.).

+ExpReplay from 0.78 to 0.83 on ALFWorld-All
and from 0.67/0.55 to 0.73/0.61 on WebShop; on
7B, CRPS further improves ALFWorld-All from
0.82 to 0.86 and WebShop Score/Succ. from
0.80/0.70 to 0.82/0.74.

We also observe that CRPS brings especially
large gains on longer-horizon categories (e.g.,
Cool/Pick2), consistent with the motivation that
replaying near-goal suffixes early and gradually ex-
panding the replay horizon helps propagate learn-
ing signal to decisions far from the goal.

Learning curves. Figure 3 shows the learning
dynamics on WebShop. Compared with GRPO,
CRPS achieves a clear left-shift in the learning
curve and exhibits smoother, more stable improve-
ment. Notably, GRPO undergoes an inefficient
early phase where exploration is dominated by
long-horizon failures, producing many all-zero roll-
out groups and thus weak learning signal. By re-
playing successful suffixes, CRPS increases the
prevalence of mixed-outcome groups early, which
shortens the cold-start period and improves sam-
ple efficiency (see Figure 4 for reward-extremity
diagnostics).

(a) Training Performance
0 T T T

=)

e
2
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we CRPS |1
w_ GRPO
n
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e
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(b) Validation Performance
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n n
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Figure 3: WebShop training and validation success rate
over optimization steps for GRPO vs. CRPS. CRPS ex-
hibits faster and more stable improvement, and reaches
a higher final success rate.

5.2 Diagnosing Reward Extremity

To test whether CRPS prevents group advantages
from collapsing (Eq. 4), we measure reward-
distribution statistics over training: (i) the fraction
of all-zero groups (all rollouts fail), and (ii) group
reward entropy.

With binary terminal rewards R € {0, 1}, let k
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Figure 4: WebShop reward-extremity diagnostics during
training. CRPS reduces extreme groups (all-0/all-1) and
yields a more mixed reward distribution within groups.

be the number of successes among the G rollouts
for a prompt. The empirical distribution is p(1) =
k/G and p(0) = 1 — k/G, and the group reward
entropy (in bits) is

Hgroup = —p(1) logy p(1) — p(0) logy p(0), (14)

We report the all-zero group fraction (the fraction
of prompts with £ = 0), and summarize entropy at
each optimization step by averaging over groups
in the batch, Hyuen = & 32| Hidup. Higher
entropy indicates more mixed outcomes within
groups (less reward extremity), yielding more dis-
criminative relative comparisons and a stronger
effective learning signal for group-based RL.

Results and analysis. Figure 4(a) shows that
GRPO suffers from a long early stage where a
large fraction of rollout groups are all-zero (all sam-
pled trajectories fail), implying near-zero within-
group reward variance and thus collapsed group
advantages in Eq. 4. In contrast, CRPS quickly
drives down the all-zero-group fraction, consistent
with the idea that starting from successful suffixes
makes it substantially more likely to obtain at least
some successful rollouts within a group. This ef-
fect is also reflected in Figure 4(b): CRPS attains
higher group reward entropy earlier in training, in-
dicating more mixed outcomes within groups and
therefore more discriminative relative comparisons.
Concretely, during the early phase where GRPO
frequently produces nearly homogeneous (mostly
failing) groups, CRPS maintains a substantially
lower all-zero fraction and a higher entropy signal,
suggesting that it alleviates the “no-signal” regime
caused by reward extremity. Together, these trends

(a) Dynamic K: Pass Rate

Group Entropy

Pass Rate
Group Entropy (bits)

Group Entropy

Pass Rate

Group Entropy (bits)

== Normal Ratio
1 Low R:
=== High Ratio

Lo atio
—— High Ratio

0 50 100 ) 50 100
Training Steps Training Steps

Figure 5: Ablations on ALFWorld with Qwen2.5-1.5B.
Top: dynamic k vs. fixed k. Bottom: replay ratio
sensitivity. Left: pass rate. Right: group reward entropy
(bits).

explain the faster and more stable learning curves in
Figure 3: by reducing reward extremity (all-0/all-1
groups) and increasing within-group outcome di-
versity, CRPS improves the quality and frequency
of effective updates, especially during the cold-start
phase of long-horizon tasks.

5.3 Ablations

We report ablations on ALFWorld using Qwen?2.5-
1.5B as the base model, following the same GRPO-
style on-policy optimizer and CRPS pipeline de-
scribed in Section 4. We track both pass rate and
group reward entropy (Section 5.2) to jointly re-
flect end performance and whether training avoids
extreme groups.

We ablate two core design choices in CRPS:
(i) the within-trajectory curriculum implemented
by dynamic suffix-length control, and (ii) the re-
play ratio preplay that trades off exploiting known
successes vs. exploring fresh trajectories. Fig-
ure 5(a) removes the controller and uses a fixed
suffix length for replay. Dynamic k£ improves early-
stage learning and maintains higher reward entropy,
consistent with keeping replay outcomes in a learn-
able band and thus providing stronger within-group
learning signal. Figure 5(b) evaluates replay ratios
Preplay € {0.05,0.2,0.8}. Too small a replay ratio
(0.05) underutilizes the success buffer and degrades
toward full-episode on-policy training, while too
large a ratio (0.8) accelerates early learning but
reduces exploration and can slow later-stage con-
vergence; the default setting (0.2) best balances
these effects.
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6 Conclusion

This paper we introduced CRPS, a within-
trajectory curriculum replay strategy for long-
horizon LLLM agents trained with sparse terminal
rewards. CRPS maintains a buffer of successful
trajectories and restarts rollouts from suffix states,
while dynamically adapting the suffix length & to
keep replay outcomes in a learnable band. This
mitigates reward extremity in group-based policy
optimization and improves data efficiency without
requiring dense reward models or task generation.
We outlined an evaluation protocol on ALFWorld
and WebShop that emphasizes both success-rate
improvements and mechanism-oriented diagnos-
tics. Future work can consider combining CRPS
with more fine-grained credit assignment.

Limitations

Like many recent LLM-agent RL studies, our ex-
periments primarily assume environments with (ap-
proximately) deterministic state transitions given
an action sequence, which makes prefix replay re-
liable when restoring intermediate states. While
CRPS does not conceptually require determinism,
stochastic transitions or non-replayable side ef-
fects may introduce state mismatch when replaying
prefixes, potentially reducing the effectiveness of
within-trajectory curricula. An important future
direction is to extend CRPS to more stochastic
and partially observable settings by incorporating
robust state restoration (e.g., snapshotting when
available), uncertainty-aware replay selection, and
replay strategies that tolerate imperfect reconstruc-
tion.
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A Benchmarks and Interaction Interfaces

We evaluate CRPS on two long-horizon, sparse-
reward agent benchmarks that require multi-step
interaction.

ALFWorld. ALFWorld (Shridhar et al., 2021)
is a text-based embodied environment aligned with
ALFRED-style household tasks. Each episode
provides a natural-language goal and requires the
agent to complete it through multi-turn interaction.
The benchmark contains 3,827 task instances span-
ning six common activity categories: Pick & Place
(Pick), Examine in Light (Look), Clean & Place
(Clean), Heat & Place (Heat), Cool & Place (Cool),
and Pick Two & Place (Pick2). At each step, the
agent receives a textual observation and an explicit
list of admissible actions; the episode terminates
after a fixed horizon, and reward is sparse and
success-based.

WebShop. WebShop (Yao et al., 2022) is an in-
teractive e-commerce environment where the agent
must search, browse product pages, and eventually
select an item that satisfies a natural-language shop-
ping instruction. The environment is presented as
a simulated HTML-based website with a large ac-
tion space (e.g., searching, clicking links/buttons,
navigating pages), and includes over 1.1 million
products and 12k instructions. Following standard
practice in WebShop, the environment returns a
normalized score in [0, 1]; we treat score = 1 as
success.

B Environment Interface and Prompts

We use a ReAct-style loop: at each environment
step, the policy is prompted with the task instruc-
tion and a truncated interaction history, and pro-
duces an output of the form

(think) 7 (/think) (action)a (/action),

where only the <action> span is parsed and ex-
ecuted by the environment. Each step’s prompt
includes: (i) the task instruction, (ii) the current
step count, (iii) a short window of recent action—
observation history (history length 2 for ALFWorld
and WebShop), (iv) the current observation, and (v)
the current action space provided by the environ-
ment (admissible actions in ALFWorld; available
actions in WebShop).

C Prompt Templates

This section lists the exact prompts used to format
the agent input for ALFWorld and WebShop.

Prompts for ALFWorld Environment

You are an expert agent operating in the
ALFRED Embodied Environment.
Your task is to: {task_description}

Prior to this step, you have already
taken {step_count} step(s).

Below are the most recent {history_length}
observations and the corresponding
actions you took:

{action_history}

You are now at step {current_step}.

Your current observation is: {
current_observation}

Your admissible actions of the current
situation are:

[{admissible_actions}].

Now it’s your turn to take an action.

You should first reason step-by-step
about the current situation. 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.

Prompts for WebShop Environment

You are an expert autonomous agent
operating in the WebShop e-commerce
environment.

Your task is to: {task_description}.

Prior to this step, you have already
taken {step_count} step(s). Below are

the most recent {history_length}
observations and the corresponding
actions you took: {action_history}

You are now at step {current_step} and
your current observation is: {
current_observation}.

Your admissible actions of the current
situation are:

L

{available_actions?}

1.

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.
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D Environment Reset and State
Snapshots

CRPS requires resetting the environment to an in-
termediate state sy, from a successful trajectory.
Depending on the benchmark implementation, this
can be supported via: (i) state serialization (the
environment exposes a function to serialize and re-
store the full simulator state), or (ii) deterministic
replay (store the initial seed/snapshot and deter-
ministically re-apply the action sequence up to £y
to reconstruct sy,). In either case, the replay roll-
out from sy, is executed with the current policy to
remain on-policy.

E Dynamic k£ Hyperparameters

The dynamic controller in Eq. 11-12 introduces
p* = [p1, pu] (target band for replay success rate),
A (EMA smoothing), and A (step size). In all
experiments, we use the following values unless

otherwise stated:
* target band p* = [0.2,0.8];
* EMA smoothing A = 0.9;
* step size A = 2.

E.1 Dynamic Controller Parameter Analysis

To understand the impact of the step size A and
the EMA smoothing parameter A on the dynamic
k controller, we evaluate the average convergence
steps of curriculum replay samples under differ-
ent parameter settings. Convergence steps measure
how many iterations are required, on average, for
samples with extreme reward distributions to con-
verge into the target success rate interval. All ex-
periments use Qwen2.5-1.5B-Instruct with settings
consistent with the main paper.

Step size A. Table 2 reports convergence steps
for varying A. Larger step sizes accelerate conver-
gence but risk instability: on ALFWorld, A > 8
leads to unstable convergence; on WebShop, which
requires fewer average steps to converge, this in-
stability threshold is lower (A > 6). Small values
(A € {1,2}) provide stable, acceptable perfor-
mance across both tasks.

Smoothing \. Table 3 reports convergence steps
for varying A. Smaller A causes a lagged estimation
of the replay success probability: as the policy
improves, new high-success rollouts receive lower
weight, leading to higher convergence steps. At

A ALFWorld WebShop

1 4.13 2.96
2 2.96 2.01
4 1.88 1.33
6 1.58 —
8 _ —

Table 2: Average convergence steps under varying step
size A (A = 0.9). “—” indicates unstable convergence.

A = 1.0 (no smoothing), the success rate estimate
shows some oscillation but remains acceptable.

A ALFWorld WebShop

0.1 17.68 10.74
0.5 6.67 5.53
0.9 2.96 2.01
1.0 2.87 2.03

Table 3: Average convergence steps under varying
smoothing A (A = 2).

Overall, CRPS’s negative-feedback dynamic cur-
riculum mechanism is insensitive to these control
parameters. Reasonable parameter combinations
have minimal impact on final performance, and
convergence step variation constitutes only a small
fraction of the total RL training process.

F Additional Discussion for Ablations

We provide additional interpretation for the abla-
tions in Section 5.3.

Removing dynamic k. On ALFWorld, we re-
move dynamic suffix-length control and use a fixed
k = 10 for replay. Dynamic k improves early-
stage learning dynamics by keeping replay rollouts
in a learnable band (avoiding both all-fail and all-
success groups), which increases group reward en-
tropy and provides a stronger within-group learning
signal for group-based on-policy optimization.

Replay ratio sensitivity. We evaluate replay
ratios Preplay € {0.05,0.2,0.8}. When preplay =
0.05, CRPS underutilizes the success buffer and
becomes close to full-episode on-policy training;
when preplay = 0.8, replay stabilizes and acceler-
ates early training but reduces exploration and can
slow the discovery of new successes.

G LLM Assistance

We used large language models (LLMs) in a lim-
ited, assistive manner during manuscript prepara-
tion. Specifically, LLMs were used for English
grammar/style polishing and spelling checks, and
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to help surface potentially relevant literature for
subsequent manual verification and citation. In
addition, some icon assets used in the method
schematic were generated with Al-based tools and
then manually curated/edited by the authors. All
technical contributions, experimental design, im-
plementation, and result interpretation were per-
formed and verified by the authors.
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