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Abstract

Long-horizon LLM agents require reinforce-
ment learning methods that can assign credit
to intermediate decisions under sparse and de-
layed rewards. Recent group-based methods
such as GiGPO improve over GRPO by con-
structing step-level advantages at repeated an-
chor states. However, we show that such dense
credit can be statistically unreliable: under lim-
ited rollouts, rare but lucky actions may re-
ceive overly large advantages, producing di-
vergent anchor bias and late-stage training os-
cillation. We propose Evidence-Calibrated
Policy Optimization (ECPO), a critic-free pol-
icy optimization algorithm that calibrates step-
level credit before policy updates. ECPO com-
bines Evidence-Calibrated Action Advantage,
which groups rollouts by canonical actions and
shrinks low-count estimates, with Variance-
Gated Credit Weighting, which suppresses an-
chor states dominated by within-action noise.
Experiments on ALFWorld and WebShop
with Qwen2.5-1.5B/7B show that ECPO con-
sistently outperforms strong baselines, im-
proving GiGPO by +5.2/+7.3 success points
on ALFWorld/WebShop with Qwen2.5-1.5B
while adding only 0.1% additional advantage-
computation overhead. Code is available at
https://github.com/AgentQ@/ECPO.

1 Introduction

Large language models (LLMs) have achieved re-
markable success in diverse NLP tasks (Vaswani
et al.,, 2017; Brown et al., 2020; Singh et al.,
2025), and there is increasing interest in deploy-
ing them as autonomous agents capable of long-
horizon decision-making (Bai et al., 2022; Shao
et al., 2024; Feng et al., 2025). Such agentic
LLMs interact with complex environments, exe-
cute multi-step plans, and must cope with delayed
rewards. These capabilities pose significant chal-
lenges for reinforcement learning (RL), particu-
larly in assigning credit to intermediate decisions
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Figure 1: Motivation and overview of ECPO. Top: an
ALFWorld case illustrating divergent anchor bias. We
define a divergent anchor as an anchor state where at
least one canonical action is sampled more than once,
while other actions may have only singleton evidence.
Under such imbalanced evidence, GiGPO can over-
reward a rare lucky action based on its observed return.
Bottom-left: divergent anchors become more frequent
during training, increasing from 9% to 28%. Bottom-
middle: this bias leads to late-stage reward oscillation;
EcCPO reduces the final reward standard deviation from
o = 0.746 to 0 = 0.555. Bottom-right: by calibrat-
ing action-level evidence, ECPO improves final success
rates over GiGPO on both ALFWorld and WebShop.

in long-horizon trajectories (Pignatelli et al., 2023;
Wei et al., 2025).

GRPO (Shao et al., 2024) optimizes policies
with group-relative trajectory returns, but its credit
signal remains tied to final episode outcomes and
is therefore sparse in long-horizon agentic tasks.
GiGPO (Feng et al., 2025), an agent-oriented vari-
ant of GRPO, mitigates this sparsity by assigning
step-level credit at repeated anchor states: for roll-
outs that revisit the same state, it compares their
subsequent returns and assigns relative advantages
to the actions taken from that state. This enables
intermediate decisions to receive credit according
to their apparent contribution to eventual task suc-
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cess.

However, Figure 1 (bottom middle) shows that
denser step-level credit does not automatically
translate into stable optimization. Despite pro-
viding intermediate supervision beyond sparse ter-
minal rewards, GiGPO exhibits pronounced late-
stage reward oscillations, with a final reward stan-
dard deviation of 0 = 0.746. This observation
suggests that the key limitation may lie not only
in credit sparsity, but also in the reliability of the
constructed step-level credit signal.

To understand the source of this instability, we
analyze anchor-level credit assignment in GiGPO
and identify a failure mode that we call divergent
anchor bias. Figure 1 (top) shows a representa-
tive ALFWorld anchor state with 8 rollouts. At
this state, action A is sampled by seven rollouts
and leads to six eventual successes, while action
B is sampled only once and happens to succeed.
Since GiGPO estimates step-level advantages di-
rectly from observed downstream returns, the rare
action B can receive an overly large positive ad-
vantage, even though its true downstream success
probability may be lower than that of action A
under sufficient sampling. In this case, GiGPO
confuses a lucky observation with reliable action
quality, thereby pushing the policy toward a high-
variance and potentially suboptimal action.

This bias becomes more severe as training pro-
gresses. As the policy improves, action distribu-
tions at anchor states become increasingly concen-
trated: dominant actions may appear many times,
while low-probability exploratory actions are still
occasionally sampled. Such imbalanced anchor
groups make rare actions especially vulnerable to
overestimation when they happen to succeed. As
shown in Figure 1 (bottom left), the fraction of
divergent anchors increases from 9% to 28% dur-
ing training. This explains the late-stage reward
oscillation in Figure 1 (bottom middle): once di-
vergent anchors become frequent, GiGPO injects
high-variance step-level gradients into policy up-
dates, slowing convergence and destabilizing the
later training process.

The underlying mechanism is statistical. Step-
level credit assignment aims to identify, at each an-
chor state, which action has the highest expected
downstream success. Yet the true posterior suc-
cess probability of each action is unknown. With
a limited rollout budget, the algorithm can only
approximate it using empirical outcomes from a
small number of samples. When an action is ob-

served only once, its empirical success rate is ei-
ther O or 1, which is a highly unreliable point esti-
mate. Therefore, directly converting observed re-
turns into step-level advantages can over-reward
rare but lucky actions and under-reward frequent
actions with more stable evidence.

Motivated by this diagnosis, we propose
Evidence-Calibrated Policy Optimization
(EcPo), which calibrates step-level credit before
using it for policy updates. ECPO contains
two components. Evidence-Calibrated Action
Advantage (ECA) groups rollouts by canonical
actions and applies shrinkage estimation to obtain
calibrated action-level advantages, reducing the
overestimation of low-count actions. Variance-
Gated Credit Weighting (VarGate) decomposes
anchor-level return variation into between-action
signal and within-action noise, and suppresses
step-level credit when the observed action dif-
ferences are statistically unreliable. Together,
these components retain the benefit of dense
step-level supervision while reducing the variance
introduced by small-sample anchor estimates.

We evaluate ECPO on two long-horizon
agent benchmarks: ALFWorld (Shridhar et al.,
2020) and WebShop (Yao et al., 2022a) with
Qwen2.5-1.5B/7B-Instruct (Qwen Team et al.,
2024). Results show that ECPO consistently out-
performs prompt-based agents, actor-critic RL
baselines (Schulman et al., 2017), and prior
group-based policy optimization methods such as
GRPO (Shao et al., 2024) and GiGPO (Feng et al.,
2025). In particular, with Qwen2.5-1.5B, ECcPO
improves over GiGPO by +5.2 points on ALF-
World and +7.3 success points on WebShop. With
Qwen2.5-7B, EcPo further improves the overall
ALFWorld success rate from 90.8% to0 91.9%, and
improves WebShop success rate from 72.4% to
74.7%. We also analyze different rollout group
sizes and find that ECPO consistently improves
over GiGPO under N € {4, 8,10}, with gains of
+4.7, +5.2, and +3.9 points, respectively. These
gains come with negligible computational over-
head: EcCPO adds only 0.1% extra advantage-
computation overhead over GiGPO, suggesting
that evidence-calibrated credit construction pro-
vides a practical and scalable way to stabilize long-
horizon LLM agent training.
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2 Related Work

Reinforcement learning for LLM agents. RL
has been widely used to train language agents
for dynamic, interactive, and long-horizon en-
vironments. Early work applied DQN (Mnih
et al., 2015) to text-based games and language-
conditioned decision making (Narasimhan et al.,
2015; He et al., 2016; Hausknecht et al., 2020),
while recent benchmarks extend this setting to
embodied tasks, web navigation, and application-
centered tool execution (Shridhar et al., 2020; Yao
et al., 2022a; Trivedi et al., 2024). Prompt-based
agents such as ReAct (Yao et al., 2022b) improve
interaction by interleaving reasoning and acting,
but lack environment-specific policy learning. Re-
cent RL agents explore hierarchical RL, search-
guided optimization, entropy-regularized tuning,
memory-efficient PPO variants, and end-to-end
multi-turn RL (Zhou et al., 2024; Wang et al.,
2025). More recent methods address sparse credit:
Tree-GRPO uses tree-structured rollouts (Ji et al.,
2025), GiGPO constructs step-level advantages
from repeated anchor states (Feng et al., 2025),
HCAPO refines credit through hindsight reason-
ing (Tan et al., 2026), and RAPO augments ex-
ploration with retrieved off-policy traces (Zhang
et al., 2026). However, these methods densify
credit while assuming the estimated step signal is
reliable. In contrast, ECPO studies credit reliabil-
ity itself, showing that small rollout groups induce
divergent anchor bias and calibrating action-level
evidence before updates.

Reinforcement learning for large language
models. RL is central to improving LLMs.
RLHF trains models to follow human prefer-
ences (Ziegler et al., 2019; Stiennon et al., 2020;
Ouyang et al., 2022; Bai et al.,, 2022), with
PPO (Schulman et al., 2017) widely used de-
spite value-model overhead. To reduce this cost,
critic-free estimators such as REINFORCE and
RLOO have been revisited (Williams, 1992; Ah-
madian et al., 2024). For reasoning, GRPO (Shao
et al., 2024) estimates group-relative advantages
from multiple responses, inspiring scalable algo-
rithms including Dr.GRPO, DAPO, CPPO, and
GSPO (Liu et al.,, 2025; Yu et al., 2025; Lin
et al., 2025; Zheng et al., 2025), with applica-
tions to mathematical reasoning, search, and tool
use (Shao et al., 2024; Dong et al., 2025a,b).
Our work follows this critic-free group-based
paradigm, but targets long-horizon agentic tasks

where credit must be assigned across environment-
dependent actions rather than whole responses.
EcPO complements existing methods by intro-
ducing evidence-calibrated step-level advantages
while preserving efficiency.

3 Preliminaries

Problem setup. We consider a long-horizon agen-
tic RL setting, where an LLM agent completes a
multi-step task specified by x ~ p(X). At step
t = 1,...,T, the agent observes a state s; € S,
generates a textual action a; € V<", receives a re-
ward r; € R, and transits to s;41. A full episode
forms a trajectory

T:{(sl,al,rl),...,(sT,aT,rT)}. (1)

The policy mg(a: | s¢,x) defines the action dis-
tribution conditioned on the task description and
current state. Since rewards in long-horizon tasks
are often sparse or delayed, assigning credit to in-
termediate actions is challenging.

Group-based RL. Given a task x, group-based
RL samples N trajectories {;}2Y; from the old
policy y,_,, and computes advantages from within-
group return statistics without learning a separate
value function. Let R; = R(7;) be the return of
trajectory ;. GRPO (Shao et al., 2024) estimates
the trajectory-level advantage as

AGRPO _ Ri — pr

or+e’

where o, is the standard deviation of { R; }é\le and
e is a small constant. This critic-free formulation
is scalable, but it assigns the same trajectory-level
advantage to all actions in an episode.

Step-level credit in GiGPO. GiGPO (Feng et al.,
2025) introduces step-level credit by exploiting re-
peated anchor states. An anchor state is a state
s visited by multiple rollout occurrences in the
same trajectory group, allowing actions from the
same local context to be compared. For trajectory
7i = {(sit,aiz, Tz‘,t)}tTip the future return from
step t is

T;
Giv=>_7""ris, 3)
=t

where -y is the discount factor. For anchor state s,
GiGPO collects its occurrence set

Ts = {(i,t) | sit = s} (O]
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It then normalizes future returns within this anchor
group:

Gt —
Aggehor = ZHZR e, ()
Ogs+ €
where ps and o, are the mean and standard devia-
tion of {G; | (j,k) € Zs}. The final advantage
is

AGlGPO AGRPO + wAanchor (6)

where w controls the strength of step-level credit.
GiGPO provides denser supervision than GRPO,
but its anchor advantage is computed from raw
occurrence-level returns and is therefore sensitive
to small or imbalanced anchor groups.

4 Methodology

As discussed in Section 3, GiGPO improves
over trajectory-level GRPO by assigning step-
level credit at repeated anchor states. However,
its anchor advantage Ai‘;‘:hor is computed from
raw future returns. Under limited rollouts, this
occurrence-level estimator can be unreliable: a
rare action with one lucky successful rollout may
receive a larger advantage than a frequent action
supported by more stable evidence. This pro-
duces divergent anchor bias, where the policy up-
date is driven by accidental downstream success
rather than reliable action quality, leading to high-
variance updates in later training.

We propose Evidence-Calibrated Policy Op-
timization (ECPO), a critic-free algorithm that
treats step-level credit construction as a statistical
evidence calibration problem. Figure 2 illustrates
the overall workflow. Rather than directly trust-
ing occurrence-level returns, ECPO aggregates
rollouts by canonical actions, calibrates action-
level estimates with shrinkage, and estimates an-
chor reliability through variance decomposition.
The final update combines the group-level tra-
jectory advantage with calibrated and reliability-
gated step-level credit. In the following subsec-
tions, we introduce Evidence-Calibrated Action
Advantage (ECA), Variance-Gated Credit Weight-
ing (VarGate), and the resulting policy optimiza-
tion objective. We analyze ECPO theoretically in
Appendix D and summarize the training procedure
in Algorithm 1.

4.1 Evidence-Calibrated Action Advantage

GiGPO assigns step-level credit by normalizing
the future returns of all occurrences that revisit the

same anchor state. This is effective when anchor
groups are balanced and sufficiently sampled, but
unreliable under limited rollout budgets. When an
action is observed only once, its empirical return is
a high-variance point estimate: a rare lucky action
can receive an overly large advantage even if its
true downstream success probability is low. The
key issue is that occurrence-level credit confounds
current action quality with later trajectory random-
ness. Thus, step-level credit should be estimated
at the action level, and low-count actions should
be calibrated before policy updates.

We introduce Evidence-Calibrated Action Ad-
vantage, which groups occurrences by canonical
actions and applies shrinkage estimation. For an
anchor state s with occurrence set Z;, each raw
textual action a; ; is mapped to a canonical action

uiy = can(a;y), (7

where can(-) is a deterministic environment-
grounded canonicalizer that removes superficial
textual variation while preserving executable ac-
tion identity. Invalid or unmatched outputs are
mapped to a special invalid-action token rather
than merged with valid actions. The canonical ac-
tion set is

Us = {uiy | (i,t) € T} )

In implementation, we lowercase and trim each
generated action, remove redundant punctuation,
normalize template variants, and match the result
against the environment’s admissible action set at
the current state. A unique match is mapped to that
admissible action string; otherwise it is mapped to
the invalid-action token. Anchor states are equally
deterministic: we use the environment’s structured
state identifier when available, and otherwise use
an exactly matched normalized observation string.
This avoids learned or semantic clustering and
makes both action and anchor construction repro-
ducible. For each u € U, we define

Is,u = {(th) € Is ’ Uit = u};

)]
u — ‘Is,u‘-

Let G ; be the future return of occurrence (i, t),
and let us be the mean future return over Zg. The
empirical return of action u is

GS Z Gzt

(3,t)ELs 0

(10)
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Figure 2: Overview of ECPO. ECPO collects grouped rollout trajectories and constructs both trajectory-level
and step-level credit. At repeated anchor states, rollout occurrences are grouped by canonical actions; Evidence-
Calibrated Action Advantage shrinks low-count action estimates, while Variance-Gated Credit Weighting down-
weights unreliable anchor signals. The calibrated step-level credit is then combined with the trajectory-level group

advantage for critic-free policy optimization.

To avoid over-trusting low-count actions, we
shrink the empirical action return toward the
anchor-level mean:

,11 _ ns,uGs,u + Kfls
S, u Y
’ Nsy + K

(11)
where /i, ,, is the calibrated action-level return and
k > 0 controls shrinkage strength. Smaller n ,,
yields stronger shrinkage toward u,, while larger
N, Telies more on G&u.

We then normalize calibrated action estimates
within the same anchor state. The action-level
standard deviation is

1/2
1 N
o =\ S (s — 1) (12)
ST uelds
The calibrated action advantage is
ﬂsi,t,ui,t - :u‘si,t
Aact(si,ta az’,t) = W; (13)
where ¢ > 0 is a numerical constant. All oc-

currences taking the same canonical action at the
same anchor state share the same A, so step-
level credit is based on calibrated action-level evi-
dence rather than noisy individual occurrences.

4.2 Variance-Gated Credit Weighting

Although ECA reduces low-count overestimation,
calibrated action estimates should not always be
trusted equally. Some anchor states exhibit clear
action-dependent return differences, where the cur-
rent action strongly explains downstream success.
Other anchors are dominated by within-action ran-
domness: even trajectories taking the same action
may later diverge and obtain different returns. In
such cases, injecting step-level credit can still in-
troduce noisy gradients. Therefore, beyond cal-
ibrating action values, ECPO must also decide
whether an anchor state provides reliable evidence
for step-level policy updates.

We introduce Variance-Gated Credit Weighting,
which decomposes anchor-level return variation
into between-action signal and within-action noise.
For anchor state s, the between-action variance is

1 = 2
Bs = Nsu Gs,u — Hs) (14)
o %; ( )
where ng; = |Zs|. A large B; indicates that action
choice explains substantial return variation.
For each canonical action u, the within-action
variance is

1 _
Vars(G | u) = — Z (Gi,t — G&u)z.
S (i) ETs
(15)
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The anchor-level within-action variance is
1
W, = - ; nsy Vars(G | ). (16)
ueEUs

Here, W, captures downstream uncertainty after
conditioning on the current action.
To further account for sample size, we define

n
gs = tanh (—5) ,
i

where 7 > 0 controls saturation. The final reliabil-
ity weight is

A7)

B,

— 18
Bs+Ws+e€ (18)

pVG(S) = 0s
When B, dominates W, pyc(s) remains large
and the step-level signal is trusted; when W, dom-
inates, the anchor is noisy and its contribution is
suppressed. For non-comparable anchors, such as
those with fewer than two canonical actions, the
reliability weight is set to zero and the update falls
back to trajectory-level credit.

4.3 Policy Optimization with ECPO

The two components above produce calibrated
step-level credit while preserving the stability and
scalability of group-based RL. ECPO keeps the
original trajectory-level group advantage as the
global learning signal and injects step-level credit
only when the anchor provides reliable action-
level evidence. This design retains critic-free op-
timization, but changes the role of anchor states:
they are no longer treated as automatically trust-
worthy sources of dense supervision, but as statis-
tical evidence whose reliability must be estimated
before affecting the policy update.

Let AiGRP O denote the group-level trajectory ad-
vantage of 7;. For each occurrence (i,t), ECPO
constructs the final advantage as
AEtCPO = AiGRPO +w PVG(Sz‘,t) Aact(si,ta ai,t)a

(19)
where w > 0 controls the strength of calibrated
step-level credit. When the anchor is unreliable,
pvaG(sit) becomes small and the update falls back
to trajectory-level group optimization; otherwise,
ECPO uses the calibrated step signal to refine the
update.

The textual action a;; is generated as a token
sequence a;¢ = (Yit1,---,Yit L;,)» Where Ly is
the action length. Let c;; , denote the token con-
text of token y; ; ¢, including the task description,

interaction history, current state, and previous ac-
tion tokens. The token-level probability ratio is

7o (Vi | Cie)
TO01a (yi,t,f | Ci,tl)

Git0(0) = (20)
We optimize the policy with the following
clipped objective:

Jecro(0) = Ej 0 [min (%,t,ew)/if,tcpoy
clip (Qi,t,£(9)7 1 — eaip, 1 + 6c11p> AESPO)}

— BB Dt (7ol | i) | (- i) |

21)
where €., > 0 is the clipping threshold, 7 .ef
is the reference policy, Dkr,(+||-) denotes the KL
divergence, and 8 > 0 is the KL coefficient.
The same occurrence-level advantage AE?PO is as-
signed to all tokens of a; ¢, so the policy promotes
or suppresses the entire action according to its
evidence-calibrated credit.

S Experiments and Results

In this section, we evaluate the effectiveness of
ECPO on long-horizon agentic tasks and conduct
ablation studies to verify the contribution of each
component.

5.1 Results on Long-Horizon Agentic Tasks

Experimental setup. We evaluate ECPO on
two long-horizon agentic benchmarks: ALF-
World (Shridhar et al., 2020) and WebShop (Yao
et al., 2022a). For ALFWorld, we report the av-
erage success rate including six subtasks: Pick,
Clean, Cool, Look, Heat, and Pick2. For Web-
Shop, we report both the average task score and
success rate. All results are averaged over 3 ran-
dom seeds. Each run is trained for 150 itera-
tions. Qwen2.5-1.5B experiments use 8 A100-
80G GPUs for approximately 12 hours, while
Qwen2.5-7B experiments use 16 A100-80G GPUs
for approximately 16 hours. We use Qwen2.5-
1.5B-Instruct and Qwen2.5-7B-Instruct (Qwen
Team et al., 2024) as trainable base policies, and
compare ECPO with three groups of baselines:
closed-source LLM agents, including Gemini-3.5-
Flash and GLM-5.1; prompt-based open-source
agents, including direct prompting, ReAct (Yao
et al., 2022b), and Reflexion (Shinn et al., 2023);
and RL training baselines, including PPO with
a critic (Schulman et al., 2017), RLOO (Ahma-
dian et al., 2024), GRPO (Shao et al., 2024), and
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Table 1: Main results on ALFWorld and WebShop. For ALFWorld, we report success rates for each subtask as
well as the overall result. For WebShop, we report the average task score and success rate. Results are averaged
over 3 random seeds. Within each trainable model block, the best result is in bold and the second-best result is

underlined.
Method ALFWorld ‘ WebShop
Pick Clean Cool Look Heat Pick2 All ‘ Score  Success
Closed-source LLMs
Gemini-3.5-Flash 91.2439 67.1425 333468 51.5443 333478 575415 57.6433| 58414 39405
GLM-5.1 929152 829116 667434 727174 854159 6504204 773417129142 8.14i33
Owen2.5-1.5B-Instruct
Prompting 59 33 4.2 5.5 9.7 0.0 4.1 23.1 52
ReAct 17.4 15.7 7.7 20.5 6.2 2.0 12.8 40.1 11.3
Reflexion 353 21.7 194 22.2 13.6 3.7 21.8 55.8 21.9
PPO 648435 571449 464140 405169 60.6466 4744119 544131 |73.8430 51.5429
RLOO 88.3i3.0 71.0i5.9 66.4i5,5 52.818.6 62.8i8.7 56.9i4‘7 69.7i2,5 73-9i5.6 52-1i6.7
GRPO 853415 8454168 597450 537480 782479 535456 72.8436|64.1457 52.6443
GiGPOW/Std 83.2j:4.6 94.6i4.0 84.1i5,4 82.2i1.6 84.2;i:0.0 91.75:4_7 87.5:5:0,6 80.45:4_2 64.6:5:3,1
Ecpo 967127 957115 87.0400 944179 100.0400 81.7424 927107 | 8441352 71941 7
Owen2.5-7B-Instruct
Prompting 334 19.3 2.8 21.6 6.9 3.2 14.8 26.4 7.8
ReAct 48.5 343 18.2 354 13.2 17.6 31.2 46.2 19.5
Reflexion 62.0 44.9 36.3 41.6 30.9 23.8 42.7 58.1 28.8
PPO 923440 925424 803420 64.045.4 895470 688453 804407 |81.4431 687451
RLOO 87.6j:4‘3 87.3i5,8 71.9i5,2 78.2:t8.3 81.3:|:7,6 48~9j:8.4 75«5:i:4.6 80.35;3,2 65.7i4,o
GRPO 90.815,1 89.315.4 72.5i5_4 66.116,7 74~7i6.9 64.717.3 77.615_2 79-3j:248 66.113_7
GiGPOW/Std 97-7i1.6 98.8i1_6 89.3i8.2 82.717_9 83.7i7.2 79-2i6.6 90.8i1_3 84.4io45 72-4i2.6
Ecpro 9444116 1000100 797421 822416 912455 933154 91.9.07 (855105 747430

GiGPO (Feng et al., 2025). Unless otherwise
specified, we follow the training configuration of
GiGPO, with a rollout group size of 8. For ECPO,
we set the shrinkage strength to x = 2.0 and the
VarGate temperature to 7 = 2.0. We further use
dmin = 7 as the depth threshold and pp,;, = 0.5 as
the reliability floor for StrictValid anchors. Full hy-
perparameter settings are provided in Appendix A.
We additionally evaluate generalization to search-
augmented QA in Section 5.3. We also analyze the
training dynamics in Appendix B.1 and the cost of
training time in Appendix 6.2.

Experiment results. Table 1 reports the main re-
sults on ALFWorld and WebShop. We summarize
three findings. 1) Evidence-calibrated credit im-
proves long-horizon agent performance. ECPO
achieves the best overall performance under the
Qwen2.5-1.5B setting. On ALFWorld, it improves
the overall success rate from 87.5 to 92.7, and on
WebShop it improves the success rate from 64.6
to 71.9. The gains over GiGPO show that denser
step-level credit alone is not sufficient; calibrating
the reliability of such credit leads to better pol-
icy learning in long-horizon environments. 2) The

gains are consistent with our divergent-anchor
diagnosis. GiGPO assigns step-level advantages
from raw future returns, which can over-reward
rare but lucky actions when anchor groups are im-
balanced. EcPo directly addresses this issue by
shrinking low-count action estimates and gating
unreliable anchor states. This produces more sta-
ble optimization: as shown in Figure 1, ECPO
reduces the final reward standard deviation from
o = 0.746 to o = 0.555. Thus, the improvement
is not merely due to adding another step-level sig-
nal, but to making the step-level signal statisti-
cally more reliable. 3) ECPO remains effective
across model scales and tasks. The advantage of
ECPoO also holds when scaling to Qwen2.5-7B. On
WebShop, it further improves over GiGPO in both
task score and success rate, and on ALFWorld
it achieves the best overall 7B result in Table 1.
These results suggest that evidence-calibrated pol-
icy optimization provides a general mechanism for
stabilizing group-based RL, especially in settings
where repeated anchor states contain imbalanced
and noisy action evidence.
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Table 2: Ablation study on ALFWorld with
Qwen2.5-1.5B-Instruct. We report success rates av-
eraged over 3 random seeds. “ECA” and “VG” in-
dicate whether Evidence-Calibrated Action Advantage
and Variance-Gated Credit Weighting are enabled.

Method ECA VG Al Pick Pick2 Look Heat Cool Clean

GiGPO
ECA-only
VarGate-only
Ecro

- 875106 832146 917147 822416 842400 841454 946140
~ 89810. 888415 90.010.0 82211.6 93.0425 826456 956416
v 89.611.3 843440 900441 822116 895400 870100 978416
V' 927107 967127 817424 944479 100000 87.040.0 957115

5.2 Ablation Study

Experimental setup. We conduct ablation studies
on ALFWorld with Qwen2.5-1.5B-Instruct. All
variants follow the same training and evaluation
protocol as the main experiments, and results are
averaged over 3 random seeds on the valid_seen
split. We compare four variants: GiGPO as the
baseline, +ECA which replaces occurrence-level
anchor credit with Evidence-Calibrated Action
Advantage but does not use VarGate, +VarGate
which applies Variance-Gated Credit Weighting to
raw occurrence-level anchor credit without ECA
shrinkage, and the full ECPO with both compo-
nents.

Experiment results. Table 2 reports the ab-
lation results. We summarize three findings.
1) Each component independently improves
GiGPO. Adding ECA alone improves the overall
success rate from 87.5 to 89.8, showing that action-
level shrinkage effectively reduces the bias of low-
count anchor estimates. Adding VarGate alone
improves the overall success rate to 89.6, indicat-
ing that variance-based reliability gating can sup-
press noisy anchor states even without action-level
shrinkage. These results validate the two sources
of instability identified in our analysis: small-
sample action estimation and unreliable anchor-
level credit. 2) ECA and VarGate are comple-
mentary. The full ECPO achieves the best over-
all success rate of 92.7, outperforming GiGPO by
+5.2 points. This gain is larger than either compo-
nent alone and also exceeds their simple individ-
ual improvements, suggesting a synergistic effect.
ECA first calibrates action-level evidence, while
VarGate further decides whether the calibrated
step signal is reliable enough to affect the policy
update. 3) The full method mainly improves
tasks sensitive to unstable step credit. ECPO
brings large gains on Pick, Look, and Heat, where
long-horizon dependencies make noisy step-level
credit especially harmful. At the same time, Pick2
decreases compared with GiGPO, suggesting that

some subtasks may already benefit from the orig-
inal anchor signal and require less aggressive cal-
ibration. Overall, the ablation confirms our cen-
tral claim: reliable step-level credit requires both
action-level evidence calibration and anchor-level
reliability control.

5.3 Generalization to Search-Augmented QA

We further evaluate ECPO on search-augmented
QA, where an agent must decide whether to search
or answer within four interaction turns. We train
Qwen2.5-3B-Instruct on NQ (Kwiatkowski et al.,
2019) and HotpotQA (Yang et al., 2018), and eval-
uate on in-domain and out-of-domain single-hop
and multi-hop datasets. For a controlled compari-
son, GiGPO and ECPO use the same training pro-
tocol: 256 training examples, rollout group size 5,
actor learning rate 1 x 10~°, and 200 iterations on
8 A100 GPUs.

Table 3 shows that ECPO improves the average
over GiGPO from 42.5 to 43.4. The clearest gains
are on out-of-domain single-hop datasets, where
PopQA improves from 41.5 to 44.1 and TriviaQA
from 59.5 to 60.7. The smaller gain than on ALF-
World and WebShop is consistent with our diagno-
sis: evidence calibration is most useful in longer-
horizon environments with more repeated anchors
and more imbalanced action evidence.

6 Discussion

6.1 Effect of Rollout Group Size

Experimental setup. We further study how the
rollout group size affects step-level credit assign-
ment. We vary the group size as N € {4,8,10}
on ALFWorld with Qwen2.5-1.5B-Instruct, while
keeping all other training hyperparameters un-
changed. For each setting, we compare GiGPO
and ECPO at training step 150 and report the val-
idation success rate. We also analyze optimiza-
tion stability using the rolling standard deviation
of validation success rate, the maximum single-
step success-rate jump, and the average advantage
range.

Experiment results. Table 4 shows that ECPO
consistently improves over GiGPO under N &
{4,8,10}, with success-rate gains of +4.7, +5.2,
and +3.9 points, respectively. The largest gain oc-
curs at N = 8, where GiGPO is stronger than
at N = 4 but retains unstable step-level credit.
This matches our diagnosis: once the policy be-
comes more capable, repeated anchor states be-
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Table 3: Performance on search-augmented QA. Models are trained on NQ and HotpotQA.  and * denote in-
domain and out-of-domain datasets. Best results in each group are bolded.

Single-Hop QA

Multi-Hop QA

Method Avg.
NQT TriviaQA* PopQA* HotpotQAT 2Wiki* MuSiQue* Bamboogle*

Ri-Instruct  27.0 53.7 19.9 23.7 29.2 7.2 29.3 27.1
Search-R1 ~ 34.1 54.5 37.8 32.4 31.9 10.3 26.4 325
ZeroSearch  41.4 57.4 44.8 27.4 30.0 9.8 11.1 31.7
StepSearch - - - 34.5 32.0 174 34.4 -

GiGPO 44.0 59.5 415 37.0 37.0 12.1 26.4 425
EcPO 43.7 60.7 44.1 37.6 36.6 12.7 27.2 43.4

Table 4: Effect of rollout group size on ALFWorld.
We evaluate GiGPO and Ecpo with N € {4,8,10}
rollouts using Qwen2.5-1.5B-Instruct. ECPO improves
the final success rate across different rollout budgets.

Group Size N GiGPO  Ecpro A
4 71.9% 76.6%  +4.7pp
8 87.5% 92.7%  +5.2pp
10 90.6% 94.5%  +3.9pp

Table 5: Per-step training time. Only the advantage-
computation difference is attributable to ECPO; genera-
tion time varies with sampled trajectory length.

Method Adv. Gen. Actor Total Extra Cost

GRPO
GiGPO
Ecpro

0.53s 183.0s 35.2s
0.66s 207.7s 30.2s
0.96s 232.6s 30.0s

282.9s -
302.8s —
339.2s Adv.: +0.30s

come more frequent, but the sampled evidence
at each anchor may still be imbalanced, making
rare lucky actions influential in policy updates. In-
creasing rollouts alone does not solve the prob-
lem: GiGPO remains below ECPO at every group
size. GiGPO’s largest single-step jump occurs at
N = 8§, revealing influential yet unreliable anchor
signals. ECPO mitigates this failure: ECA sup-
presses small-sample action bias, while VarGate
filters noisy anchors and large policy jumps. Over-
all, reliable credit construction matters more than
simply increasing rollout count for stable long-
horizon training. Additional group-size results ap-
pear in Appendix B.2.

6.2 Training-Time Efficiency

Table 5 isolates evidence-calibration cost. Advan-
tage computation rises from 0.66s to 0.96s over
GiGPO (+0.30s), only 0.10% of total step time,
while actor-update time is unchanged. ECPO adds
no critic or optimizer update. Because genera-

tion varies with trajectory length, only the 0.30s
difference is attributable overhead; rollout genera-
tion remains the bottleneck. The small increment
reflects that ECPO reuses collected rollouts and
computes only lightweight statistics over anchor
groups, avoiding the memory and synchronization
costs of maintaining a learned value model. This
design also simplifies integration into critic-free
pipelines: calibration operates on rollout metadata
before the policy update and requires neither ad-
ditional model placement nor a separate gradient-
synchronization path. The measured overhead is
therefore lightweight post-processing rather than
an additional learning component. Moreover, cali-
bration uses materialized scalar returns and action
identifiers, so its cost does not scale with model pa-
rameters in the same way as actor optimization.

7 Conclusion

We identify divergent anchor bias as a key source
of instability in step-level credit assignment for
long-horizon LLM agents: denser credit can be-
come harmful when rare lucky actions are over-
rewarded under limited rollouts. To address
this issue, we propose ECPO, which calibrates
action-level evidence through shrinkage and gates
unreliable anchor states via variance decompo-
sition.  Experiments on ALFWorld and Web-
Shop show that ECPO improves over GiGPO by
+5.2 and +7.3 success points with Qwen2.5-1.5B,
while reducing late-stage reward variance and
adding only 0.1% advantage-computation over-
head. Search-augmented QA results further show
that the method transfers beyond embodied and
web-interaction environments. These results sug-
gest that reliable credit construction is crucial for
stable long-horizon agent training.
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Limitations

Although ECPO improves the reliability of step-
level credit assignment, it still has several limi-
tations. First, our method relies on repeated an-
chor states to construct calibrated step-level ad-
vantages. In environments where state repetition
is rare or where states are difficult to canonical-
ize, the amount of usable anchor-level evidence
may be limited, and ECPO may fall back more
often to trajectory-level advantages. Second, our
experiments focus on ALFWorld, WebShop and
SearchQA with Qwen2.5-based agents. While
these benchmarks cover embodied planning, web
interaction and QA, broader evaluation on more di-
verse tool-use, multi-agent, and real-world deploy-
ment settings is needed to further validate the gen-
erality of evidence-calibrated credit assignment.

Ethics Statement

This work studies reinforcement learning methods
for improving long-horizon LLM agents. The pro-
posed method aims to make policy optimization
more stable and reliable by reducing noisy credit
assignment, and does not introduce new tools, ex-
ternal data collection, or user-facing autonomous
capabilities beyond the evaluated benchmark en-
vironments. However, stronger LLM agents may
also increase risks when deployed in open-ended
settings, especially if they are connected to real
tools or services. Therefore, practical deployment
should include appropriate safety constraints, hu-
man oversight, logging, and environment-specific
access control. All experiments are conducted on
standard research benchmarks, and no private or
sensitive user data is used.
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A Experimental Details

A.1 Details of Training

Hyperparameters for ALFWorld. All methods
are configured with identical basic hyperparame-
ters for fair comparison. The maximum prompt
length is 2048 tokens, and the maximum response
length is 512 tokens. Each episode allows up to
50 environment steps. The learning rate is set to
1 x 107 for the actor and 1 x 10~ for the critic,
where the critic is used only in PPO. We adopt a
rule-based reward: a reward of 10 is assigned for
task success and O for failure, and invalid actions
receive a penalty of —0.1. For all group-based RL
methods, we use a group size of 8 and sample 16
groups per rollout, resulting in 16 x 8 = 128 par-
allel environments. PPO instead uses 128 separate

environments for rollouts. The rollout temperature
is set to 1.0, while the validation temperature is
set to 0.4. The mini-batch size is 256, and the
KL-divergence loss coefficient is 0.01. For step-
level credit methods, the weighting coefficient w
is fixed at 1, and the discount factor ~ is set to
0.95. For EcPo, we set the shrinkage strength to
Kk = 2.0, the VarGate temperature to 7 = 2.0, the
depth threshold to dni, = 7, and the reliability
floor to ppin = 0.5.

Hyperparameters for WebShop. All methods
are configured with identical basic hyperparame-
ters. The maximum prompt length is 4096 tokens,
and the maximum response length is 512 tokens.
Each episode is limited to 15 environment steps.
The learning rate is 1 x 1076 for the actor and
1 x 10~° for the critic, where the critic is used
only in PPO. We use the same rule-based reward as
ALFWorld: 10 for success and O for failure, with
a penalty of —0.1 for invalid actions. All group-
based RL methods use a group size of 8 and sam-
ple 16 groups per rollout, totaling 16 x 8 = 128
parallel environments. PPO uses 128 distinct en-
vironments for rollouts. The rollout temperature
is set to 1.0, while the validation temperature is
set to 0.4. The mini-batch size is 64, and the KL-
divergence loss coefficient is 0.01. For step-level
credit methods, the weighting coefficient w is fixed
at 1, and the discount factor = is set to 0.95. For
EcPo, we use the same evidence-calibration hy-
perparameters as ALFWorld: x = 2.0, 7 = 2.0,
=7, and ppin, = 0.5.

Computing details. For ALFWorld and Web-
Shop, all Qwen2.5-1.5B experiments are trained
on 8 A100-80G GPUs with 12 hours, and all
Qwen2.5-7B experiments are trained on 16 A100-
80G GPUs with 16 hours. Each experiment is
trained for 150 iterations. All reported results are
averaged over 3 random seeds.

dmin

A.2 Implementation Details of Anchor
Validation

StrictValid anchors. In implementation, cali-
brated step-level credit is applied only to anchors
that pass a lightweight validity check. An anchor
is considered StrictValid if it satisfies four con-
ditions: it appears after the shallow exploration
stage, has repeated visits, contains at least two
canonical actions, and has non-degenerate return
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variation. Formally, for anchor state s, we use

StrictValid(s) = 1] depth(s) > dmin, ns > 2,
Us| > 2,Bs + W > €].

(22)
If an anchor does not pass this check, we set its
step-level reliability weight to zero and the update
falls back to the trajectory-level advantage. For
anchors passing the check, we optionally apply a
reliability floor:

,OVG(S) < max(pVG(5)7 pmin)- (23)

This prevents reliable anchors from being overly
suppressed by small numerical fluctuations. In our
experiments, we set dpi, = 7 and ppiy, = 0.5.
These two parameters are used only for implemen-
tation stability; the core method is defined by the
ECA shrinkage estimator and the VarGate reliabil-
ity weight.

A.3 Prompt Templates

ALFWorld prompt. For ALFWorld, we use the
following prompt template with recent interaction
history and admissible actions.

ALFWorld Prompt Template

You are an expert agent operating in the ALFRED Em-
bodied 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} ob-
servations and the corresponding actions you took: {ac-
tion_history}

You are now at step {current_step} and your current ob-
servation is: {current_observation}

Your admissible actions of the current situation are: [{ad-
missible_actions}].

Now it’s your turn to take an action.

You should first reason step-by-step about the current sit-
uation. 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.

WebShop prompt. For WebShop, we use the
following prompt template with recent interaction
history and available actions.

WebShop Prompt Template

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 corre-
sponding actions you took: {action_history}. You are
now at step {current_step} and your current observation
is: {current_observation}. Your admissible actions for

the current situation are: [{available_actions}].

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.

B Additional Results

B.1 Training Dynamics Analysis

Final success rates show the endpoint performance
of an agent, but they do not reveal whether the pol-
icy reaches this performance through stable learn-
ing or through noisy late-stage updates. To exam-
ine the optimization process more directly, we an-
alyze both the validation curves and the variance
of step-level advantage estimates. This analysis is
designed to support our central claim: the bene-
fit of ECPO comes not merely from adding denser
step-level credit, but from making such credit sta-
tistically more reliable.

Training dynamics. Figure 3a compares the learn-
ing curves of GiGPO and ECPO. On ALFWorld,
the two methods behave similarly in the early
stage, but ECPO begins to separate from GiGPO
after around step 60 and finally reaches 92.7%
validation success rate, compared with 87.5% for
GiGPO. Its shaded region is also narrower, indicat-
ing more stable convergence. On WebShop, ECPO
maintains a consistent advantage in the middle and
late stages, and the gap continues to enlarge as
training proceeds, ending at 71.9% versus 64.6%.
This pattern suggests that the benefit of ECPO is
cumulative: more reliable gradients lead to more
persistent policy improvement over training.

The reward curves further support this interpre-
tation. Compared with GiGPO, ECPO achieves a
higher reward trajectory with a narrower rolling
standard deviation. This indicates that the policy
updates produced by ECPO are more directionally
consistent and less affected by noisy anchor-level
estimates. Thus, ECPO improves not only the final
success rate, but also the learning efficiency and
stability of the whole training process.
Advantage-variance diagnostic. Figure 3b iso-
lates the effect of ECA on step-level advantage
estimation. The standard deviation of ECA-
calibrated advantages remains consistently lower
than that of raw GiGPO-style anchor advantages
throughout training, showing that ECA is effective
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Figure 3: Training dynamics and advantage-variance diagnostics. Left: ECPO achieves higher final validation
performance and more stable reward trajectories on both ALFWorld and WebShop. Right: ECA consistently re-
duces the standard deviation of step-level advantages throughout training, with stronger correction when divergent
anchors become more frequent. Together, these results show that evidence-calibrated credit improves not only final

performance but also the stability of policy optimization.

across the entire optimization process rather than
only at a particular stage. Although both curves
increase as training progresses, reflecting increas-
ingly deterministic policies and larger action-level
differences, ECA keeps the advantage variance at
a lower level.

More importantly, the reduction becomes
stronger again in the later stage. The relative re-
duction is 37% at step 0, decreases to 28% around
step 75, and rises to 40% by step 150. This
late-stage strengthening coincides with the period
where divergent anchors become more frequent,
indicating that ECA automatically applies stronger
correction when small-sample action estimates be-
come more problematic. This behavior directly
matches the design of ECA: low-count actions re-
ceive stronger shrinkage toward the anchor-level
mean, preventing rare but lucky actions from pro-
ducing high-variance advantages.

Overall, Figure 3 connects the mechanism and
the empirical outcome. The diagnostic plot ver-
ifies that ECA reduces the variance of step-level
credit, while the training curves show that this vari-
ance reduction translates into smoother optimiza-
tion and higher final performance. These results
support our story that reliable credit construction,
rather than simply denser step-level supervision, is
the key to stable long-horizon LLM agent training.

B.2 Additional Analysis on Small-Rollout
Evidence Calibration

To further understand why ECPO remains effective
under small rollout budgets, we analyze two diag-

nostic signals: the VarGate reliability weight pyg
and the advantage range. These diagnostics com-
plement the group-size discussion in Section 6.1
by showing how ECPO adapts its credit correc-
tion when the amount of anchor-level evidence
changes.

VarGate adapts to rollout evidence. Figure 4a
shows the training dynamics of the VarGate reli-
ability weight pyg under N = 4 and N = 8.
Since pyg € [0,1] measures how reliable the
anchor-level step signal is, a smaller value means
that ECPO relies less on step-level credit and more
on trajectory-level group advantage. The N = 4
curve remains consistently lower than the N = 8
curve, with average reliability weights of 0.538
and 0.720, respectively. This indicates that when
fewer rollouts are available, each anchor state con-
tains less action-level evidence, and VarGate auto-
matically detects this uncertainty by reducing the
contribution of step-level advantages. Thus, ECPO
does not require manually changing the step-credit
weight for different rollout budgets; its reliabil-
ity gate provides an adaptive response to finite-
sample noise.

ECA is more effective when small-sample bias
is stronger. Figure 4b compares the advantage
range, defined as the maximum advantage mi-
nus the minimum advantage within a batch. A
larger range indicates more dispersed advantage
estimates, where some actions may be excessively
rewarded while others are excessively penalized,
leading to less reliable gradient directions. When
N = 4, GiGPO has an average advantage range
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Figure 4: Diagnostics under different rollout group sizes. Left: VarGate assigns lower reliability weights under
smaller rollout budgets, indicating that ECPO automatically downweights unreliable step-level credit. Right: ECA
reduces the advantage range more clearly when N = 4, showing stronger correction under more severe small-

sample bias.

of 18.65, while ECPO reduces it to 14.97, corre-
sponding to a 20% reduction. This shows that
ECA shrinkage effectively suppresses extreme es-
timates caused by low-count actions. When N =
8, the ranges of GiGPO and ECPO become much
closer, 21.35 versus 21.03, suggesting that action-
level estimates are already less sparse and leave
less room for shrinkage correction.

These diagnostics support the mechanism of
EcPO under different rollout budgets. When N
is small, the dominant issue is unreliable action es-
timation; ECA reduces extreme action advantages,
while VarGate lowers the overall trust in anchor-
level step signals. When N becomes larger, the
action estimates become more stable, so ECA in-
tervenes less aggressively, while VarGate contin-
ues to filter noisy anchors. Therefore, the benefit
of ECPO is not a fixed heuristic effect: it adapts to
the amount and reliability of rollout evidence, pro-
viding stronger correction precisely when small-
sample bias is more severe.

C Pseudo Code of ECPO

Algorithm 1 presents the training procedure of
Ecpo.

D Theoretical Analysis of Evidence
Calibration

This section provides a theoretical analysis of
why raw occurrence-level anchor credit can over-
reward rare but lucky actions, and why ECPO re-
duces this effect through evidence calibration.

D.1 Finite Rollouts Cannot Reliably Identify
Action Quality

Consider an anchor state s and a canonical action
u. Let the binary downstream success variable af-
ter taking action u be Y € {0, 1}, with posterior
success probability

pu=Pr(Y =1]s,u). (24)

The ideal step-level credit should depend on p,,,
because p, measures the true expected down-
stream success of action u at state s. However, in
group-based agentic RL, p,, is unknown and must
be estimated from only n, rollout occurrences.
When n ,, is small, especially when ng,, = 1, the
empirical estimate

Ns,u
. I
Pu = E Y; (25)
Nsu =

is a high-variance point estimate.

This limitation is information-theoretic and
does not depend on a specific algorithm. Con-
sider two possible posterior success probabilities
p and p + A. From n Bernoulli samples, any
method that tries to distinguish Bernoulli(p) from
Bernoulli(p + A) has error probability lower
bounded by Le Cam’s inequality:

1

Por > 5 (1=TV(F}, P a)) s (26)

where PJ' denotes the distribution of n iid.
Bernoulli samples with success probability p. Us-
ing Pinsker’s inequality,

TV(P), Pyia)

n 27
< \/2DKL (Bern(p)||Bern(p + A)).
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For small A, the KL divergence satisfies

2
Dx1,(Bern(p)|Bern(p+ A)) = O <p(1A_p)) .
(28)

Therefore, when

A:()( pu—m)

the two posterior success probabilities cannot be
reliably distinguished. Thus, with small 7, no
distribution-free estimator can consistently deter-
mine whether an action is truly good or only lucky
from rollout observations alone. This motivates
calibrating the observed action-level evidence be-
fore using it for policy optimization.

(29)

D.2 Expected Over-Rewarding of Rare
Lucky Actions in GiGPO

We now analyze a typical divergent anchor. As-
sume that at anchor state s, there are two canonical
actions: a frequent good action u™ and a rare bad
action v~ . The good action is sampled m times,
while the bad action is sampled once:

=1. 30)

Ng yt+ = M, Ng -

Let their true posterior success probabilities be

p+ =Pr(Y =1 87u+)7

po = Pr(Y =1 s,u°), Gh

P+ > p--

Let K ~ Binomial(m, p; ) denote the number of
successful rollouts among the m occurrences of
u*t, and let Y~ ~ Bernoulli(p_) denote the ob-
served outcome of the singleton bad action.
GiGPO normalizes raw future returns at the
occurrence level. Conditioned on the event that

the bad action succeeds once, i.e., Y~ = 1, the
anchor-level mean return is
K+1
= —. 32
P =7 (32)

For binary future returns, the corresponding
anchor-level standard deviation is

ox =V ikl — k).

The GiGPO advantage assigned to the singleton
bad action is then

(33)

1 —pk
oK +e€

Agigpo(K) = (34)

The average GiGPO advantage of the frequent
good action is

- K/m — g

+ _

Adigpo(K) = e
Therefore, when the singleton bad action succeeds
and the frequent good action is not perfectly suc-
cessful,i.e., Y~ =1 and K < m, GiGPO assigns
the bad action a higher average step advantage:

_ _ 1-K/m
AGiaro(K) = Adiapo(K) = 1= K/jm

(35)

(36)
Thus, although p_ < p., the bad action can re-
ceive a larger step-level advantage due to a lucky
singleton outcome.
The probability of this over-rewarding event is

Pr (AGicpo > Adiapo) =p- (1-p1). 37

The expected positive advantage gap assigned to
the bad action is

m—1
E [AGigpo) =P- (?)pi(l —py)"E
k=0

1—k/m
V(= ) + €
(38)
where kil
= —, 3
Pe= (39)

Equation (38) shows that the expected erroneous
advantage is strictly positive whenever p_ > 0
and py < 1. Therefore, raw occurrence-level
credit can systematically over-reward rare but
lucky actions under finite rollout budgets.

D.3 Expected Reduction under ECPO

EcPoO reduces this over-rewarding effect in two
steps. First, Evidence-Calibrated Action Advan-
tage shrinks low-count action estimates toward the
anchor-level mean. For the singleton bad action
with observed return Y~ = 1, the ECA-calibrated
return is

- 14+ kug
= 40
s T+ r (40)
Hence its centered evidence becomes
N 1 —pg
- = . 41
s, 127:¢ 1+r (41)

Compared with the raw centered evidence 1 — g
used by GiGPO, the singleton bad action is shrunk

by a factor of
1

1+k

(42)
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With the default x = 2, this factor is 1/3.

Second, Variance-Gated Credit Weighting mul-
tiplies the calibrated action advantage by the relia-
bility weight

" B,
S) = S —
Ve I By Wt e

0 < pva(s) < 1.

(43)

Thus, under the same local normalization scale,
the erroneous singleton bad-action advantage sat-
isfies

- pva(s) .-
E [AECPO] SE [ 1+r GiGPO} "
i ) (44)
< 1+ KE [AGiGPO] :

Therefore, ECPO provably reduces the expected
positive advantage assigned to rare lucky actions.
With k = 2, ECA alone reduces the centered sin-
gleton evidence by at least a factor of 3, and Var-
Gate further suppresses anchors whose observed
differences are dominated by within-action noise.

D.4 Training-Stage Noise Estimated from
Validation Success Rate

The previous analysis shows that the harmful event
is driven by singleton lucky successes. In practice,
the probability that a rare action obtains a success-
ful downstream rollout increases as the agent be-
comes more capable, because later trajectories are
more likely to recover from imperfect intermedi-
ate actions. We therefore use the GiGPO valida-
tion success rate at training step ¢, denoted by SRy,
as a proxy for the lucky-success noise mass:

This does not claim that every action has success
probability SRy; rather, it estimates how likely a
singleton rollout is to appear successful due to
downstream recovery or stochastic continuation.

Table 6 reports five representative training steps.
The singleton lucky-success proxy increases sub-
stantially during training, from 0.1250 at step O to
0.8828 at step 150. According to Eq. (41), ECA re-
duces this singleton-centered evidence by a factor
of 1/(1 + k) = 1/3 before VarGate further gates
unreliable anchors.

This explains why divergent anchor bias be-
comes more harmful in the later stage of training.
As SR; increases, a rare action is more likely to
obtain a lucky successful rollout, and GiGPO is

Table 6: Noise proxy estimated from GiGPO valida-
tion success rate. We use SR, as a proxy for the prob-
ability that a singleton rollout appears successful. With
k = 2, ECA reduces the centered singleton evidence
by a factor of 1/3 before applying VarGate.

Step SR: ECA-scaled proxy
0 0.1250 0.0417
50 0.3281 0.1094
75 0.4844 0.1615
125 0.8516 0.2839
150 0.8828 0.2943

more likely to convert this singleton observation
into a large positive advantage. ECPO counters
this effect by applying stronger shrinkage to low-
count actions and suppressing unreliable anchor
states through VarGate. Consequently, even when
late-stage training produces more singleton lucky
successes, their expected contribution to the policy
gradient is substantially reduced.
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Algorithm 1 ECPO Training Procedure

1: Input: training task set D = {z}, policy g, reference
policy 7yef, environment £, group size N, maximum iter-
ations K, discount factor -y, step-credit weight w, shrink-
age strength x, VarGate temperature 7, PPO clipping
threshold eciip, KL coefficient 3.

2: Initialize: policy parameters 6.
3: *¥* ECPO training begins ***
4: for k =1to K do
5:  Setold policy mg_,, < mo.
6:  for each task description x € D do
7 **% Step A: Group rollout collection. **%*
8: Sample N trajectories {7;} X, from mg_,, in envi-
ronment £.
9: Compute trajectory returns {R; }1¥;.
10: Compute trajectory-level advantages AFRFO by
Eq. (2).
11: **% Step B: Anchor-state construction. ***
12: for each trajectory 7; do
13: for eachstept =1,...,7; do
14: Compute future return G; ¢+ by Eq. (3).
15: Add occurrence (7,t) into the anchor set
Ts; ,-
16: end for
17: end for
18: *#*% Step C: Evidence-Calibrated Action
Advantage. ***
19: for each anchor state s do
20: Canonicalize each action a;; as wu;; =
can(a;,¢).
21: Group occurrences in Z; by canonical actions
Us.
22: for each canonical action u € Us do
23: Compute action occurrence set Zs, and
count N,y ~
24: Compute empirical action return Gs 4.
25: Compute shrinkage-calibrated return fis,.,
by Eq. (11).
26: end for
27: Compute  calibrated  action  advantage
Aact(Si,t, ai,t) by Eq. (13).
28: end for
29: **% Step D: Variance-Gated Credit Weighting. ***
30: for each anchor state s do
31: Compute between-action variance Bs by
Eq. (14).
32: Compute within-action variance W, by
Eq. (15).
33: Compute reliability weight pvc (s) by Eq. (18).
34: if s has fewer than two canonical actions then
35: Set pva(s) < 0.
36: end if
37: end for
38: **% Step E: Policy optimization. ***
39: for each occurrence (7,t) do
40: Compute final advantage A5 by Eq. (19).
41: Assign Afﬂm to all tokens of action a; ¢.
42: end for
43: Optimize 7y with the clipped objective in Eq. (21).
44:  end for
45: end for

46: Output: trained policy 7.
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