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Abstract

Reinforcement learning (RL) for retrieval-
augmented language models enables policies
to interleave generated reasoning with retrieved
observations. However, in Search-R1-style
PPO, training may become unstable after the
model has already reached strong validation
performance. This paper studies late-stage col-
lapse as a training-stability problem in search-
based RL. Four metrics are proposed to quan-
tify validation drawdown (VDD), advantage-
tail expansion (ATE), actor update stress (AUS),
and observation-to-actor contamination in gen-
eralized advantage estimation (GAE), denoted
as OAGC. The analysis further shows how ob-
servation tokens can influence actor updates
through value targets, value-model learning,
and GAE. To address this issue, Observation-
aware Stabilization (OAS) combines observa-
tion residual decay, old-value anchoring, and
boundary smoothing. On three benchmark
datasets (NQ, TriviaQA, and HotpotQA), OAS
improves Search-R1 PPO under multiple re-
trieval budgets. In the main Top-3 setting, our
method improves the exact match (EM) mea-
sure from 31.8/49.6/18.7 to 37.6/56.8/23.9 and
reduces OAGC from 0.331 to 0.088, with lower
search-budget saturation and no increase in the
no-search rate.

1 Introduction

Large language models are increasingly used as
reasoning agents that interact with external environ-
ments. In knowledge-intensive question answering,
retrieval-augmented generation (RAG) retrieves ex-
ternal evidence before generation (Lewis et al.,
2020), but a single-pass pipeline is often insuffi-
cient for multi-hop evidence gathering, query refor-
mulation, and intermediate verification (Gao et al.,
2023). Recent work on agentic RAG and tool-use
RL therefore invokes search tools during reasoning,
including ReAct (Yao et al., 2023) and Search-R1
(Jin et al., 2025). These methods model question

answering as a multi-step trajectory that interleaves
reasoning, actions, and observations (Xiong et al.,
2025; Qian et al., 2025; Zhang et al., 2025).

This paradigm makes reinforcement learning a
natural framework for optimizing search-tool be-
havior from outcome-level rewards or process-level
feedback, unlike supervised fine-tuning on fixed
human-annotated or distilled trajectories. RL can
teach models when to search, how to reformulate
queries, how to use retrieved evidence, and when to
stop (Jin et al., 2025). In Search-R1-style training,
the search engine is incorporated into the environ-
ment, and interactive search-reasoning trajectories
can be optimized with PPO (Schulman et al., 2017;
Jin et al., 2025) or GRPO (Shao et al., 2024; Jin
et al., 2025).

However, interactive search reasoning can also
introduce severe stability problems. Prior work on
multi-turn agent RL and LLM RL has reported re-
ward collapse, entropy collapse, policy staleness,
and gradient spikes in long-sequence or multi-turn
environments (Wang et al., 2025; Zheng et al.,
2025; Dong et al., 2026a). These findings sug-
gest that search-tool RL should be evaluated not
only by final answer accuracy but also by whether
model behavior and optimization signals remain
stable during training.

Our reproduction experiments show that this sta-
bility cannot be guaranteed. We observe a late-
stage failure mode distinct from failing to learn:
the model reaches a reasonable intermediate valida-
tion score, but later suffers a validation drawdown
while both tool use and answer generation degrade.
Final scores cannot distinguish such late-stage col-
lapse from consistently low-scoring runs.

We analyze this late-stage collapse problem
through the token structure of search trajectories.
A single sequence contains both generated tokens
and observation tokens. Generated tokens are ac-
tions sampled by the actor. In contrast, observa-
tion tokens are environmental feedback returned

26287

mailto:lintong@pku.edu.cn


by the retriever. Although they remain in the con-
text, observation tokens should not directly con-
tribute to the actor loss because they are external
feedback rather than actions sampled by the policy.
Throughout the paper, observation tokens denote
retriever-returned text, observation residuals denote
their temporal-difference (TD) residual terms, and
generated-token advantages denote advantages at
actor-loss positions. Existing implementations typ-
ically mask observation tokens out of the actor loss
(Jin et al., 2025; Chai et al., 2025), but they rarely
explain their role in value fitting, TD residuals,
generalized advantage estimation (GAE), and ad-
vantage propagation (Schulman et al., 2016, 2017).
This paper therefore asks whether the current treat-
ment can transmit observation-side value errors
or TD residuals into generated-token advantages,
thereby affecting late-stage stability.

We therefore examine training stability through
token-level signals rather than final scores alone.
Our analysis first defines late-stage collapse as a
validation drawdown after an earlier performance
peak. It then asks whether this collapse is accom-
panied by systematic gaps between generated and
observation tokens in actor-critic signals. We fur-
ther ask whether these signals can guide a stabiliza-
tion method that preserves observations as context
while reducing their interference with generated-
token policy updates.

To answer these questions, we use four diag-
nostic metrics for training dynamics: validation
drawdown (VDD), advantage tail expansion (ATE),
actor update stress (AUS), and observation-to-actor
GAE contamination (OAGC). These metrics sum-
marize performance drawdown, advantage-tail ex-
pansion, actor update pressure, and observation-to-
actor contamination. Guided by these diagnostics,
we trace how observation-side residuals can affect
generated-token advantages through value-target
construction, value-model updates, and GAE. This
motivates Observation-aware Stabilization (OAS),
which down-weights observation-side TD residu-
als, anchors value drift around observation spans,
and smooths abrupt boundary value changes while
keeping observation tokens available as context.

Our contributions are summarized as follows:

1. We introduce a diagnostic suite of VDD, ATE,
AUS, and OAGC. These metrics character-
ize late-stage collapse from four perspectives:
performance drawdown, advantage tails, ac-
tor update pressure, and observation-to-actor

GAE contamination.

2. We conduct a token-level mechanism analysis
that separates value, return, and advantage
signals for generated and observation tokens.
We use OAGC and domain gaps to trace how
observation-side errors enter generated-token
advantages.

3. We propose Observation-aware Stabilization
(OAS), which stabilizes search-tool PPO
through observation residual decay, old-value
anchoring, and boundary smoothing. Main
results and ablations show that OAS improves
exact match and reduces nVDD, ATE, and
OAGC. The time-aligned analysis further con-
nects ATE, AUS, and OAGC with validation
drawdown and shows that OAS maintains
more stable late-stage training dynamics than
PPO.

2 Related Work

2.1 Retrieval-Augmented and
Tool-Augmented Language Agents

Retrieval-augmented generation (RAG) uses ex-
ternal knowledge to mitigate outdated knowledge,
factual hallucination, and weak evidence traceabil-
ity (Lewis et al., 2020; Gao et al., 2023). Early
RAG systems typically retrieve once before gener-
ation; this is effective for knowledge-intensive QA
but limited by retrieval noise and fixed workflows
in multi-hop reasoning. ReAct (Yao et al., 2023)
interleaves reasoning traces, actions, and observa-
tions, moving retrieval from static preprocessing to
a tool action within the reasoning trajectory.

Search-augmented reasoning systems let mod-
els decide when to search and how to form
queries. Search-R1 (Jin et al., 2025) incorporates
search into the RL environment, where model-
generated <search>...</search> spans trigger
retrieval and returned evidence is appended as
<information>...</information>. RAG-Gym
(Xiong et al., 2025) emphasizes process super-
vision and critic evaluation for agentic RAG,
while RLFactory (Chai et al., 2025) implements
a generate-parse-invoke-update loop with obser-
vation markers. These works define the setting
studied here: the model generates search actions,
receives observations, and continues reasoning be-
fore answering.
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2.2 Reinforcement Learning for Language
Models and Tool-Use Rewards

Reinforcement learning is now central to language-
model post-training. RLHF (Ouyang et al., 2022),
PPO (Schulman et al., 2017), and GAE (Schulman
et al., 2016) provide foundations for instruction fol-
lowing and actor-critic training, while DeepSeek-
R1 (Guo et al., 2025) and DeepSeekMath (Shao
et al., 2024) show the role of outcome rewards
and GRPO-style methods in long-chain reasoning.
Search-tool RL adds tool timing, query formula-
tion, evidence use, and stopping decisions to this
setting.

Tool-use tasks therefore make reward design
and credit assignment harder. ToolRL (Qian et al.,
2025) argues that rewards should cover intermedi-
ate decisions such as tool selection, execution, and
result use, not only final answer matching. Rea-
sonRAG (Zhang et al., 2025) decomposes agentic
RAG supervision into query generation, evidence
extraction, and answer generation, aiming to re-
duce outcome-only sparsity. Turn-level credit as-
signment work (Zeng et al., 2025) further shows
that sharing one trajectory-level advantage makes
different search turns difficult to attribute.

2.3 Training Instability in Multi-Turn Agent
Reinforcement Learning

Instability in LLM reinforcement-learning dynam-
ics is a recurring issue. Prior work reports entropy
collapse, reward variance collapse, policy stale-
ness, gradient spikes, catastrophic updates, and
advantage bias (Wang et al., 2025; Zheng et al.,
2025; Dong et al., 2026a). RAGEN (Wang et al.,
2025) observes Echo Trap in multi-turn agent RL,
where local reward overfitting coincides with re-
ward variance cliffs, entropy drops, and gradient
spikes. More general LLM RL stability work links
token-level objectives to training-inference discrep-
ancy and policy staleness (Zheng et al., 2025).

Tool-use settings further amplify these issues.
Search-R1 (Jin et al., 2025) and RLFactory (Chai
et al., 2025) feed external results back as observa-
tions and mask retrieved/tool-return tokens out of
the policy loss, marking tool feedback as different
from model-generated text. ARPO (Dong et al.,
2026b) and AEPO (Dong et al., 2026a) show that
such feedback changes entropy, rollout sampling,
and policy updates; SimpleTIR (Xue et al., 2025)
links performance collapse to feedback-induced
distributional drift and gradient norm explosion.

Understanding Tool-Integrated Reasoning (Lin and
Xu, 2025) further shows that reward shaping can
weaken main-task correctness signals under group-
normalized advantages. Together, these works
show that tool calls change the feedback distribu-
tion, advantage attribution, and gradient propaga-
tion on which model updates depend.

Overall, existing work shows that tool feedback
changes trajectory distributions, exploration, and
optimization signals, but less is known about how
observation tokens affect search-RL stability. Re-
trieved results both alter subsequent generation as
context and receive special training treatment, such
as exclusion from actor loss. They may still af-
fect value estimation, GAE, or advantage compu-
tation. This gap motivates our diagnostic focus
on VDD, ATE, AUS, OAGC, and token-domain
value/advantage gaps.

3 Trajectory-Level Instability Metrics

The failures in search-tool RL do not always mean
that the model fails to learn from the start. In PPO
training of Search-R1-style methods, we observe
a more subtle dynamic: the model first reaches a
useful validation score in the middle of training,
but later regresses, accompanied by degraded tool
use and abnormally long outputs. To distinguish
this phenomenon from low-performing runs that
never reach useful validation performance, we for-
malize it as trajectory-level optimization instability.
We characterize it with four metrics: validation
drawdown (VDD), advantage tail expansion (ATE),
actor update stress (AUS), and observation-to-actor
GAE contamination (OAGC). Full symbol defini-
tions and construction details are provided in Ap-
pendix A.

Let yt denote the validation score around training
step t. VDD measures how far the current valida-
tion score has dropped from its historical best:

VBestt = max
s≤t

ys,

VDDt = VBestt − yt,

nVDDt =
VDDt

|VBestt|+ ϵ
.

(1)

VDD serves as the outcome-side reference metric
for late-stage collapse; nVDDt makes drawdown
magnitudes comparable across runs.

ATE and AUS characterize process-side abnor-
malities associated with the drawdown. ATE is
computed from the advantage range over generated
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tokens that participate in actor updates:

AdvRanget = max
i

Ât,i −min
i

Ât,i,

ATEt = robust_z+(AdvRanget).
(2)

Here i denotes the flattened token-sample index
over all generated tokens in the current batch that
participate in the actor update. ATE indicates
whether the advantage distribution used to weight
actor updates exhibits abnormal tail expansion.
AUS measures the stress induced by a complete
actor update:

AUSt =
1

2
robust_zshared+ (|PostKLt|)

+
1

2
robust_zshared+ (PostClipFract) .

(3)

For each training step, KL and ClipFrac are mea-
sured on the same frozen actor-loss batch imme-
diately before and after the complete actor update,
including all mini-batches, PPO epochs, and opti-
mizer steps. The PPO and OAS trajectories use one
shared median/MAD reference constructed from
all valid steps, placing the two methods on the same
scale.

In search-tool tasks, elevated AUS indicates
that a complete actor update has entered a high-
deviation, high-clipping regime. Such update stress
can affect ordinary next-token generation as well
as search timing, query content, retrieved observa-
tions, and subsequent context.

OAGC captures the contribution of observation
tokens to generated-token advantages. Let Dπ be
the set of generated-token positions that participate
in actor loss, and let Dobs be the set of observation-
token positions returned by the retriever. We
first define the observation-side component of a
generated-token advantage by retaining only future
observation-token TD residuals, and then normal-
ize its absolute mass by the total generated-token
advantage mass:

Aobs
t =

∑

ℓ≥0, t+ℓ∈Dobs

(γλ)ℓδt+ℓ,

OAGC =

∑
t∈Dπ

|Aobs
t |∑

t∈Dπ
|At|+ ϵ

.

(4)

Higher OAGC means that a larger fraction
of generated-token advantage comes from
observation-side residuals. We next examine
whether ATE, AUS, and OAGC are associated with
VDD. Across multiple groups of NQ runs using

Metric Current VDD Future VDD (10 / 20 / 30 steps)

ATE 0.636 0.614 / 0.562 / 0.462
AUS 0.683 0.598 / 0.559 / 0.572
OAGC 0.594 0.472 / 0.450 / 0.344

Table 1: Step-level pooled Pearson correlations between
process metrics and validation drawdown.

Qwen2.5-3B-Instruct and Search-R1-style PPO,
we compute step-level pooled Pearson correlations;
future VDD corresponds to VDD after 10, 20, and
30 training steps.

As shown in Table 1, ATE, AUS, and OAGC
are all positively correlated with current VDD and
remain positively correlated with VDD at 10- to
30-step horizons. ATE and AUS have the strongest
current correlations, while OAGC also shows a
positive relationship with current drawdown and
a weaker but persistent relationship with future
drawdown. This supports using the three process
metrics as complementary diagnostics for VDD-
related instability.

4 Stability Analysis

Section 3 formalizes late-stage collapse as a
training-dynamics phenomenon. We next analyze
the following question in search-tool PPO: even
though observation tokens should not receive actor-
loss updates, why can they affect generated-token
policy updates through the value-model update, TD
residuals, and GAE?

A search-tool trajectory can be formulated as:

zi = (xi, Gi,1, Oi,1, Gi,2, Oi,2, . . . , Gi,Ki , yi),
(5)

where Gi,k is a model-generated reasoning, query,
or answer token span, and Oi,k is an observation
span returned by the retriever. Existing Search-
R1-style search-tool training keeps Oi,k in the se-
quence so that later generated tokens can read it. It
masks observation tokens in the actor loss, while
return targets, TD residuals, GAE, and value-model
updates may still be computed over sequences that
include them. Figure 1(b) previews how this active
value/GAE path can propagate observation-side
signals to generated-token actor updates; Proposi-
tions 1–3 formalize its three stages.

Let G denote all generated-token positions that
participate in actor loss. The PPO actor objective
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is formulated as:

Lπ(θ) =
1

|G|
∑

(i,t)∈G
min

(
ρi,t(θ)Âi,t,

clip(ρi,t(θ), 1− ϵ, 1 + ϵ)Âi,t

)
.

(6)

The relevant quantity is therefore not the direct
inclusion of observation tokens in the actor loss,
but the construction of Âi,t by the value model and
GAE. If the GAE residual chain still passes through
observation positions, then:

ÂV
i,t =

Ti−t∑

ℓ=0

(γλ)ℓmV
i,t+ℓδi,t+ℓ. (7)

Full derivations of the three observation-to-actor
propagation stages are given in Appendix B.1–B.3.

Proposition 1 (Return/value target mismatch).
If GAE-based target construction still passes
through observation positions, then the actual
token-level target for a generated token differs sys-
tematically from a reference target. This reference
target recurses only over generated-token decision
points. Define the reference return target R̂⋆

i,j and
subtract it from the actual token-level target:

ER
i,j = R̂V

i,j − R̂⋆
i,j . (8)

This mismatch decomposes into three terms:

ER
i,j = Sλ

i,j︸︷︷︸
trace-decay mismatch

+ Sboot
i,j︸ ︷︷ ︸

bootstrap-state mismatch

+ Cobs
i,j︸︷︷︸

observation residual contribution

.
(9)

Here, Sλ captures the additional trace de-
cay across observation spans, Sboot captures the
change from token-level to generated-token-level
bootstrap states, and Cobs captures observation-
token TD residuals entering earlier generated-token
targets. Appendix B.1 provides the complete de-
composition and minimal-rollout cases.

Proposition 2 (Value model update propagation).
The target mismatch in Proposition 1 enters the
value-model update and changes the gradient di-
rection of generated-token value learning. When
observation positions participate in the same value
loss, generated-token supervision is rescaled by
ZG/ZV , while ER perturbs the generated-token
gradient.

The first effect reduces the relative supervision
weight assigned to generated-token decision points,
and the second shifts their fitting targets from R̂⋆

toward the actual token-level target R̂V . Because
the value model shares parameters and represen-
tations across positions, observation-side supervi-
sion can also alter the value baselines of nearby
generated-token states. Appendix B.2 gives the
complete gradient decomposition and propagation
derivation.

Proposition 3 (Actor update propagation).
Observation-side signals in the value-model / GAE
path enter the actor update by changing the advan-
tage weights of generated-token policy gradients.
The generated-token advantage can be decomposed
as:

Âi,t = AG
i,t +AO

i,t, (i, t) ∈ G, (10)

Here, AO
i,t is the future observation-residual con-

tribution that reaches the current generated token
through GAE recursion. This is the theoretical
counterpart of OAGC in Eq. (3.4): as the aggregate
absolute mass of AO increases relative to the to-
tal generated-token advantage Â, OAGC increases.
Appendix B.3 gives the complete expansion.

In summary, observation-side biases propagate
from target construction through value-model learn-
ing to generated-token actor updates, where their
advantage contribution is measured by OAGC. This
three-stage mechanism identifies one source of
downstream bias propagation and motivates the
OAS interventions introduced in the next section.

5 Observation-aware Stabilization

OAS is a mechanism-level stabilization method for
Search-R1-style PPO. Section 4 traces a mecha-
nism by which observation-token value errors and
TD residuals can enter generated-token advantages
and amplify instability. OAS therefore keeps ob-
servations as state information. It constrains how
they enter value fitting, GAE, and boundary value
transitions. Figure 1 summarizes this propagation
path and locates the three OAS components within
it.

Let mV,π
i,t and mV,obs

i,t denote generated-token
and observation-token positions in the value/GAE
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(a) generated span
Gi,k

observation span
Oi,k

next generated span
Gi,k+1

OAS-3
Boundary smoothing

OAS-3
Boundary smoothing

(b)
observation

position
(i, t) ∈ Dobs

DIRECT ACTOR
PATH

policy loss at
observation positions

MASKED

VALUE /
GAE PATH
observation
TD residual

δi,t+ℓ

OAS-1: residual
decay

P1
return/value target

mismatch
ER

i,j = Sλ
i,j + Sboot

i,j

+ Cobs
i,j

P2
value-model

update
propagation

OAS-2: old-value
anchoring

P3
actor update
propagation

Âi,t = AG
i,t + AO

i,t

measured
by OAGC

generated-token
actor update

Figure 1: Observation-to-actor influence and OAS intervention points. (a) A generated span produces an observation
that informs the next generated span. (b) Although its direct actor path is masked, the observation still reaches
generated-token actor updates along the value/GAE path, through return/value target mismatch (P1), value-model
update propagation (P2), and advantage propagation (P3). P1–P3 denote Propositions 1–3; OAS-1–3 denote residual
decay, old-value anchoring, and boundary smoothing.

Top-k = 2 Top-k = 3 Top-k = 5
Method NQ TriviaQA HotpotQA NQ TriviaQA HotpotQA NQ TriviaQA HotpotQA

Search-R1 PPO 30.6 (.86) 48.8 (2.43) 17.9 (.16) 31.8 (.44) 49.6 (.78) 18.7 (.99) 31.2 (.13) 53.7 (.31) 19.1 (.24)
Search-R1 GRPO 29.0 (.28) 47.1 (.34) 16.3 (.19) 29.7 (.48) 47.8 (.25) 17.1 (.41) 28.5 (.13) 46.4 (.59) 17.5 (.47)
DAPO 34.1 (.19) 50.2 (.87) 18.7 (.12) 34.2 (1.66) 51.0 (.19) 19.4 (.23) 33.0 (.86) 50.0 (.43) 20.0 (.65)
KL-Cov 32.1 (.92) 49.6 (.79) 17.6 (.43) 32.6 (.25) 52.7 (.55) 18.2 (.94) 31.8 (.34) 49.4 (.98) 18.8 (.11)
DAR 32.8 (.23) 50.3 (.46) 19.0 (.33) 33.5 (.36) 51.2 (.93) 19.8 (.22) 32.4 (.49) 50.2 (1.02) 21.6 (.14)
I-PPO 31.3 (.29) 49.1 (1.09) 17.8 (.26) 31.9 (.37) 49.8 (.32) 18.5 (.78) 30.8 (.57) 48.6 (.41) 18.9 (.63)
Ours (OVR only) 30.7 (.16) 51.6 (.70) 19.9 (.61) 34.8 (.86) 50.4 (.17) 20.8 (.30) 33.7 (.61) 51.5 (.55) 20.3 (.88)
Ours (OAS) 33.5 (.58) 55.6 (.50) 22.7 (.97) 37.6 (.83) 56.8 (.49) 23.9 (.81) 36.4 (.41) 55.1 (.71) 24.5 (.29)

Table 2: Main OAS comparison with Qwen2.5-3B-Instruct. Exact-match percentages are reported as mean (sample
SD) over two runs (n = 2). Bold and underlined means denote the best and second-best mean in each column,
respectively.

domain. For sequence i, define

ρi =

∑
tm

V,obs
i,t∑

tm
V,π
i,t + ϵ

,

αobs
i = αmin + (1− αmin) exp(−βρi),

0 ≤ αmin < 1, β > 0.

(11)

Thus, trajectories with larger observation-to-
generation ratios retain less observation-side TD-
residual mass. Appendix C.1 analyzes the coeffi-
cient’s monotonicity and parameter roles.

Observation contribution decay. OAS pre-
serves generated-token residuals and scales
observation-token residuals by αobs

i :

wα
i,t = mV,π

i,t + αobs
i mV,obs

i,t . (12)

For generated-token positions (i, t) ∈ Dπ, the mod-
ified advantage and return target are

Âα
i,t =

∑
ℓ≥0(γλ)

ℓwα
i,t+ℓδi,t+ℓ, R̂α

i,t = Vϕold
(si,t) + Âα

i,t, mV,π
i,t = 1.

(13)

Observation positions retain the original token-
level target R̂V . The resulting domain-specific loss
Lα
value therefore uses R̂α on generated positions

and R̂V on observation positions.

Observation old-value anchoring. To limit
observation-side value drift, OAS augments Lα

value

with

LOVR
value(ϕ) = Lα

value(ϕ)

+ λobsEi,t

[
(1− αobs

i )mV,obs
i,t

· (Vϕ(si,t)− Vϕold
(si,t))

2 ].
(14)

The factor 1−αobs
i strengthens anchoring on trajec-

tories receiving greater observation-residual decay,
while mV,obs

i,t restricts the penalty to observation
positions.

Observation-boundary smoothing. OAS marks
adjacent generated/observation transitions and pe-
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nalizes their value gaps:

mbd
i,t = mV,π

i,t mV,obs
i,t+1 +mV,obs

i,t mV,π
i,t+1,

Jbd(ϕ) = Ei,t

[
mbd

i,t (Vϕ(si,t)− Vϕ(si,t+1))
2
]
.

(15)
The final value objective is

LOAS
value(ϕ) = LOVR

value(ϕ) + λsmJbd(ϕ). (16)

Together, contribution decay limits observation-
residual propagation into generated-token advan-
tages, old-value anchoring constrains observation-
side value drift, and boundary smoothing regular-
izes local value discontinuities. Appendices C.2–
C.4 provide the complete loss expansion and limit-
ing cases.

6 Experiments

This section evaluates whether observation-aware
stabilization (OAS) improves task performance,
training dynamics, and search-budget control. We
examine final QA performance across datasets, re-
trieval budgets, and model sizes; evaluate bounded
transfer to FEVER fact verification; analyze how
nVDD, ATE, AUS, and OAGC evolve together with
EM; and study retrieval behavior and search-budget
use during training.

6.1 Experimental Setup

We use a Search-R1-style search-tool RL frame-
work on three benchmark datasets: NQ, TriviaQA,
and HotpotQA. During each rollout, the model gen-
erates search actions, the retriever inserts observa-
tion tokens into the context, and the model con-
tinues reasoning before producing a final answer.
Main-text experiments use Qwen2.5-3B-Instruct
(Yang et al., 2024), with Qwen2.5-1.5B-Instruct
used as an additional scale check. We report fi-
nal EM across datasets and Top-k budgets with
k ∈ {2, 3, 5}. We analyze nVDD, ATE, and OAGC
in the Qwen2.5-3B Top-3 ablations, and time-align
EM, nVDD, ATE, AUS, and OAGC for the con-
trolled Qwen2.5-1.5B NQ Top-3 PPO and OAS
trajectories. The OAS defaults are αmin = 0.2000,
β = 0.2812, λobs = 1.0000, and λsm = 0.0277;
all were frozen before formal evaluation. All meth-
ods within a setting use the same split, retrieval
budget, generation limits, and exact-match scorer;
full dataset, baseline, coefficient-selection, and sen-
sitivity details are in Appendix D.

6.2 OAS Results Across Model Sizes

We first compare OAS with baselines on Qwen2.5-
3B-Instruct, testing task performance across
datasets and retrieval budgets. Table 2 reports mean
(sample SD) over two runs for the main 3B compar-
ison. OAS has a higher reported two-run mean than
Search-R1 PPO in all nine settings and the highest
mean among all compared methods in eight of nine
settings. Under the Top-3 setting, its means are
37.6/56.8/23.9 EM on NQ/TriviaQA/HotpotQA,
compared with 31.8/49.6/18.7 for Search-R1 PPO.
OVR-only is already competitive, consistent with
observation-side value regularization and residual
decay contributing to the gain; full OAS has higher
means than OVR-only in all nine settings, consis-
tent with an additional contribution from boundary
smoothing. The pattern is not tied to a single Top-k:
NQ and TriviaQA have their highest OAS means at
Top-3, while HotpotQA has its highest OAS mean
at Top-5. Multi-hop questions can benefit from
additional evidence, whereas shorter factoid ques-
tions may suffer from irrelevant observations and a
heavier context-modeling burden.

Table 3 reports the corresponding 1.5B results.
The 1.5B results follow the main trend. OAS has a
higher reported two-run mean than Search-R1 PPO
in all nine 1.5B settings, including Top-3 margins
of 1.0/5.4/4.5 EM on NQ/TriviaQA/HotpotQA, and
has the highest mean among all compared methods
in seven of nine settings. On NQ, OAS has the
highest mean at Top-2 but not at Top-3 or Top-5,
suggesting that the smaller model is more sensitive
to query quality, retrieval noise, and context use.
When the model has limited capacity to filter obser-
vations reliably, adding more retrieved information
does not necessarily improve performance.

6.3 Transfer to FEVER Fact Verification

To examine OAS beyond open-domain QA, we
evaluate it on FEVER fact verification (Thorne
et al., 2018) using Qwen2.5-1.5B-Instruct. FEVER
assigns each claim one of three labels—SUPPORTS,
REFUTES, or NOT ENOUGH INFO—using
Wikipedia evidence. Each claim receives one fixed
Top-3 retrieval, and PPO and OAS share the claims,
observations, data order, training budget, reward,
and evaluation protocol. We evaluate search-on
three-way label accuracy at steps 25, 50, and 75
and compute nVDD over the same validation se-
quence.

As shown in Table 5, PPO peaks at 0.514 label
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Top-k = 2 Top-k = 3 Top-k = 5
Method NQ TriviaQA HotpotQA NQ TriviaQA HotpotQA NQ TriviaQA HotpotQA

Search-R1 PPO 27.9 (.38) 45.0 (.95) 15.3 (.57) 28.4 (.77) 45.7 (1.14) 16.0 (.23) 29.5 (.52) 45.6 (.82) 16.3 (.56)
Search-R1 GRPO 26.2 (.86) 43.5 (.44) 14.6 (.13) 26.9 (.59) 44.1 (1.16) 15.2 (.89) 25.7 (.06) 42.9 (.94) 15.5 (.01)
DAPO 29.4 (1.13) 46.1 (.25) 16.1 (.10) 30.0 (.17) 46.8 (.90) 16.8 (.55) 33.8 (.52) 45.8 (.62) 17.0 (1.10)
KL-Cov 28.6 (.53) 45.4 (.88) 15.1 (.05) 29.1 (.47) 46.0 (.99) 15.8 (.71) 28.0 (.47) 45.1 (.84) 16.0 (.60)
DAR 29.0 (.29) 46.2 (.71) 16.3 (.62) 28.5 (.08) 46.9 (.92) 17.0 (.67) 29.6 (.25) 46.0 (.17) 17.2 (.73)
I-PPO 28.0 (.40) 45.2 (.11) 15.5 (.88) 28.5 (2.42) 45.9 (.45) 16.2 (.18) 27.6 (.92) 46.8 (.58) 16.4 (.96)
Ours (OVR only) 28.6 (.70) 47.5 (.84) 17.4 (.75) 30.2 (.76) 48.3 (.30) 18.2 (.23) 28.2 (.42) 46.4 (.79) 18.6 (.69)
Ours (OAS) 32.7 (.57) 50.2 (.47) 19.3 (1.56) 29.4 (.64) 51.1 (.88) 20.5 (.38) 32.1 (.49) 47.4 (1.35) 21.0 (.42)

Table 3: Additional OAS comparison with Qwen2.5-1.5B-Instruct. Exact-match percentages are reported as mean
(sample SD) over two runs (n = 2). Bold and underlined means denote the best and second-best mean in each
column, respectively.

Method nVDD↓ ATE↓ OAGC↓

Search-R1 PPO 0.138 13.36 0.331
OAS w/o anchor 0.192 9.84 0.268
OAS w/o decay 0.164 8.72 0.301
OAS w/o smoothing 0.118 5.21 0.142
Full-response smoothing 0.104 4.80 0.126
OAS 0.082 3.56 0.088

Table 4: OAS ablations with Qwen2.5-3B and Top-3. Lower values indicate smaller validation drawdown, advantage-
tail expansion, and observation-to-actor contamination.

Method Step 25 Step 50 Step 75

PPO 0.394 / 0.000 0.514 / 0.000 0.450 / 0.125
OAS 0.381 / 0.000 0.458 / 0.000 0.564 / 0.000

Table 5: FEVER fact-verification results with Qwen2.5-
1.5B-Instruct and fixed Top-3 retrieval. Each entry re-
ports search-on three-way label accuracy / nVDD.

accuracy at step 50 but falls to 0.450 at step 75,
yielding a final nVDD of 0.125. OAS, in contrast,
improves throughout training and reaches 0.564 at
step 75 with a final nVDD of 0.000, outperforming
PPO by 0.114. These contrasting trajectories show
that OAS mitigates late-stage drawdown while im-
proving final label accuracy on FEVER. Together,
the results extend the drawdown reduction and final-
performance benefits of OAS from open-domain
QA to fact verification.

6.4 OAS Ablations and Process Metrics
To analyze OAS gains, Table 4 removes or replaces
individual components in the setting of Qwen2.5-
3B and Top-3, and compares process metrics. Full
OAS obtains the lowest nVDD, ATE, and OAGC.
Relative to Search-R1 PPO, it reduces nVDD from
0.138 to 0.082, ATE from 13.36 to 3.56, and OAGC
from 0.331 to 0.088. These results show that OAS
improves validation stability, limits advantage-tail
expansion, and reduces observation-to-actor con-

tamination.
The ablations align with this mechanism. Re-

moving old-value anchoring increases nVDD,
while removing contribution decay leaves OAGC
close to the PPO baseline, indicating that observa-
tion residuals more easily enter generated-token ad-
vantages. Removing boundary smoothing still im-
proves over PPO but remains weaker than full OAS,
suggesting that boundary value jumps can affect
later advantages. Full-response smoothing is also
weaker than boundary smoothing on nVDD, ATE,
and OAGC, supporting local generated/observation
boundaries as the more targeted intervention points.

6.5 Time-aligned Training Diagnostics
Figure 2 aligns EM, nVDD, ATE, AUS, and
OAGC at 25-step intervals for PPO and OAS with
Qwen2.5-1.5B on NQ under Top-3 retrieval. EM
is evaluated every five steps, and nVDD at each
displayed point is computed from the complete val-
idation history up to that step. ATE, AUS, and
OAGC are measured at the corresponding training
steps.

Both methods improve EM during the early and
middle stages of training, reaching 0.318 for PPO
and 0.316 for OAS at step 175. PPO EM subse-
quently decreases to 0.278 at step 250, while its
nVDD increases to 0.215 and its ATE, AUS, and
OAGC reach 10.130, 7.330, and 0.328. At the same
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Figure 2: Time-aligned validation and process diagnostics for PPO and OAS with Qwen2.5-1.5B on NQ under
Top-3 retrieval. Solid black lines with circular markers denote PPO, and dashed gray lines with square markers
denote OAS. Values are displayed every 25 training steps; nVDD is computed from validation performed every five
steps. AUS is measured across complete actor updates and uses a shared PPO/OAS median/MAD reference.

step, OAS retains an EM of 0.297, with nVDD,
ATE, AUS, and OAGC of 0.060, 4.030, 4.110, and
0.074.

The aligned trajectories show that advantage-tail
expansion and actor-update stress accumulate be-
fore and alongside the largest validation drawdown,
while observation-to-actor contamination increases
mainly in the later stage. Together, the metrics
connect changes in optimization dynamics with the
subsequent decline in validation performance.

The figure presents one controlled trajectory per
method and therefore characterizes temporal be-
havior within this experiment without estimating
run-to-run uncertainty or defining universal diag-
nostic thresholds.

6.6 Retrieval Behavior and Training
Dynamics

On a fixed Qwen2.5-1.5B NQ Top-3 evaluation
set, OAS shows more restrained late-stage search-
budget use while preserving active tool engage-
ment. At step 250, OAS achieves higher EM
and lower nVDD than PPO (0.297/0.060 ver-
sus 0.278/0.215), with fewer executed searches
and lower budget saturation (1.154/0.127 versus
1.673/0.357) and a lower no-search rate (0.017 ver-

sus 0.039). Complete step-150/250 statistics, the
proxy definition, and detailed discussion are pro-
vided in Appendix E and Table 10.

7 Conclusion

This paper studies late-stage instability in search-
tool RL and identifies observation-token propaga-
tion through value learning and GAE as an under-
explored pathway. We introduce diagnostic met-
rics and OAS, a lightweight method combining ob-
servation residual decay, old-value anchoring, and
boundary smoothing. Across open-domain QA and
a bounded FEVER transfer, OAS improves final
task performance while reducing nVDD, ATE, and
OAGC. The time-aligned analysis connects increas-
ing ATE, AUS, and OAGC with validation draw-
down, while the retrieval-behavior analysis shows
lower late-stage search-budget saturation without
increased tool avoidance. The nearly unchanged
answer-string miss proxy does not establish im-
proved retrieval relevance or faithfulness. Together,
the diagnostics, mechanism analysis, and OAS in-
tervention characterize and mitigate instability in
search-tool RL.
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Limitations

Our experiments evaluate Qwen2.5-1.5B/3B mod-
els across three open-domain QA datasets and fur-
ther extend to Qwen2.5-1.5B FEVER fact verifi-
cation under fixed Top-3 Wikipedia retrieval. The
FEVER results show that the stability and final-
performance benefits of OAS are not confined to
open-domain QA. We have not yet evaluated larger
model scales, real web-browsing environments,
multimodal tools, or more complex long-horizon
agent tasks, and leave validation in these settings
to future work.

Our mechanism analysis is not a complete causal
account of search-tool RL instability. OAGC,
domain-specific value-loss results, and the OAS
ablations are consistent with mask-induced actor-
critic domain mismatch. However, search-tool RL
instability may also depend on reward sparsity, re-
triever noise, policy drift, long-sequence optimiza-
tion, and shifts in the sampling distribution. We
treat observation-side value and TD-residual prop-
agation as a measurable pathway targeted by OAS,
not as the only explanation for collapse.

Finally, OAS is designed primarily for PPO-style
training with a critic and GAE. Its components
may need to be reformulated for critic-free meth-
ods such as GRPO or systems with different state
representations, masking rules, and tool-feedback
formats. OAS also introduces additional hyperpa-
rameters and measurable training-time overhead.
Appendix D.2 reports one matched cost compar-
ison using Qwen2.5-1.5B on NQ with Top-3 re-
trieval, and Appendix D reports a one-at-a-time
coefficient sensitivity study in a Qwen2.5-3B NQ
Top-3 setting. Broader computational profiling
across model scales, hardware platforms, and task
regimes, broader coefficient sweeps, and interac-
tions with other stabilization techniques remain
future work.

Potential risks also remain. Stabilizing retrieval-
augmented RL may make search agents more re-
liable at using retrieved content, but retrieved ev-
idence can still be noisy, biased, outdated, or ma-
nipulated. More stable training therefore does not
remove the need for retrieval filtering, factuality
checks, and safety evaluation before deployment.
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A Complete Definitions of
Trajectory-Level Instability Metrics

A.1 Validation Drawdown
Validation drawdown (VDD) measures how much
previously acquired validation performance is lost
during training. For the dynamic in which the
model first reaches usable performance and then
degrades, VDD directly measures the current vali-
dation score’s drop from the historical best score.
Let yt be the validation score around training step
t, and define the historical best validation score as:

VBestt = max
s≤t

ys.

Validation drawdown and normalized validation
drawdown are:

VDDt = VBestt − yt,

nVDDt =
VDDt

|VBestt|+ ϵ
.

Here ϵ avoids instability when the historical best
score is close to zero; nVDDt normalizes the draw-
down by the historical best score so that drawdown
magnitudes are comparable across runs. VDD is
the core outcome metric for measuring late-stage
collapse in this paper, and serves as the outcome-
side anchor for examining whether ATE, AUS, and
OAGC appear simultaneously with, or before, the
drawdown.

A.2 Advantage Tail and Actor Update Stress
VDD describes regression in training outcomes;
ATE and AUS describe two optimization-side sig-
nals associated with that regression. Since the avail-
able logs only provide aggregate quantities such as
advantage, KL, and clip fraction, ATE and AUS are
constructed as heuristic proxies from observable
logs.

Advantage tail expansion (ATE) focuses on
whether the advantage weights used by actor up-
dates exhibit tail expansion. PPO actor updates are
weighted by advantages; if the tail of the advantage
distribution expands abnormally, a small number
of high-magnitude tokens can dominate the update
direction. Let the advantage range at a training step
be:

AdvRanget = max
i

Ât,i −min
i

Ât,i.

Here i denotes the flattened token-sample index
over all generated tokens in the current batch that
participate in the actor update. We use the posi-
tive robust anomaly of AdvRanget as ATE, where
robust_z+ keeps only robust z-scores above the
normal range:

robust_z+(xt) = max(rt, 0),

rt =
xt −median(x)

1.4826 ·MAD(x) + ϵ
.

ATE is therefore defined as:

ATEt = robust_z+(AdvRanget).

ATE serves as an advantage-tail proxy during train-
ing, indicating whether the advantage distribu-
tion used by actor updates has expanded abnor-
mally. When GAE or return/value estimation gives
a small number of tokens high-magnitude advan-
tages, AdvRanget increases and ATE rises.

ATE describes whether the advantage weights
themselves are abnormal, while actor update stress
(AUS) measures the stress induced by a complete
PPO actor optimization step. We construct it from
positive robust anomalies of post-step KL and
policy-gradient clip fraction:

AUSt =
1

2
robust_zshared+ (|PostKLt|)

+
1

2
robust_zshared+ (PostClipFract).

Here PostKLt and PostClipFract are measured
on the same frozen actor-loss batch immediately
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before and after a complete PPO actor optimization
step, including all mini-batches, PPO epochs, and
optimizer steps. The PPO and OAS trajectories
use one shared median/MAD reference constructed
from all valid steps. When KL and clip fraction
both enter high ranges, the actor optimization step
has moved away from the local update region that
PPO is designed to maintain. In search-tool tasks,
such deviation can affect ordinary next-token gen-
eration as well as search timing, query content,
retrieved observations, and subsequent context.

A.3 Observation-to-Actor GAE
Contamination

ATE and AUS describe the overall pressure on actor
updates, but they do not distinguish whether advan-
tage abnormalities come from model-generated to-
kens or external observation tokens. In search-tool
trajectories, observation tokens do not participate
in actor loss, but they can still affect preceding
generated-token advantages through TD residuals
and GAE. OAGC therefore measures the fraction
of generated-token advantage contributed by future
observation-token residuals.

Let Dπ denote the set of generated-token po-
sitions that participate in actor loss, and let Dobs

denote the set of observation-token positions re-
turned by the retriever. For any t ∈ Dπ, let its
GAE advantage be At. Let δt+ℓ be the TD residual
at position t+ ℓ. Let γ and λ be the discount fac-
tor and the GAE parameter. Keeping only future
observation-token contributions to this advantage
gives:

Aobs
t =

∑

ℓ≥0, t+ℓ∈Dobs

(γλ)ℓδt+ℓ.

This expression follows the temporal recursion of
GAE, but keeps only positions in Dobs. It therefore
gives the contribution of future observation-token
TD residuals to the current generated-token advan-
tage.

The resulting OAGC ratio is:

OAGC =

∑
t∈Dπ

|Aobs
t |∑

t∈Dπ
|At|+ ϵ

.

Higher OAGC means that a larger fraction
of generated-token advantage comes from
observation-side residuals.

B Complete Derivation of the
Observation-to-Actor Propagation
Chain

B.1 Error Decomposition in Return/value
Target Construction

B.1.1 Derivation for Proposition 1
Consider the i-th search-tool trajectory:

zi = (xi, Gi,1, Oi,1, Gi,2, Oi,2, . . . , Gi,Ki , yi),

where Gi,k is a model-generated reasoning, query,
or answer token span, and Oi,k is an observation
span returned by the retriever or tool. Let the se-
quence positions be t = 1, . . . , Ti, and define:

mπ
i,t = 1[zi,t ∈ Gi], mobs

i,t = 1[zi,t ∈ Oi],

mV
i,t ∈ {0, 1}.

Here mπ denotes generated-token positions kept
in actor loss, mobs denotes observation-token po-
sitions, and mV denotes the mask used for GAE /
value-target construction. Existing Search-R1-style
search-tool training usually masks observation to-
kens in actor loss. At the same time, observation
tokens remain in the context. The value-model up-
date, return targets, TD residuals, and GAE may
still use these positions. Denote generated-token
positions and observation-token positions by:

G = {(i, t) : mπ
i,t = 1},

O = {(i, t) : mobs
i,t = 1}.

Observation tokens are kept in the context because
they provide state information for later generation.
However, they may be excluded only from actor
loss while still entering return targets and the GAE
residual chain. In that case, generated-token targets
contain additional terms.

PPO samples trajectories with the old policy and
uses the importance ratio to express the difference
between the current policy and the sampling policy:

ρi,t(θ) =
πθ(zi,t | zi,<t)

πθold(zi,t | zi,<t)
.

On generated-token positions G, the clipped actor
objective is:

Lπ(θ) =
1

|G|
∑

(i,t)∈G
min

(
ρi,t(θ)Âi,t,

clip(ρi,t(θ), 1− ϵ, 1 + ϵ)Âi,t

)
.
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The actor objective sums only over generated to-
kens, but Âi,t is supplied by the value model and
GAE. If the GAE residual chain passes through
observation positions, the advantage is constructed
as:

δi,t = ri,t + γVϕold
(si,t+1)− Vϕold

(si,t),

ÂV
i,t =

Ti−t∑

ℓ=0

(γλ)ℓmV
i,t+ℓδi,t+ℓ.

The corresponding token-level return target is:

R̂V
i,t = Vϕold

(si,t) + ÂV
i,t.

The value loss is:

LV (ϕ) =

∑
i,tm

V
i,t

(
Vϕ(si,t)− R̂V

i,t

)2

∑
i,tm

V
i,t

.

Decompose mV into generated and observation
parts:

mV
i,t = mV,π

i,t +mV,obs
i,t .

Substitution gives:

ÂV
i,t =

Ti−t∑

ℓ=0

(γλ)ℓ
(
mV,π

i,t+ℓ +mV,obs
i,t+ℓ

)
δi,t+ℓ.

Thus, whenever mV,obs is nonzero, observation-
token TD residuals enter GAE. For generated-token
positions that participate in actor loss, these resid-
uals further enter the generated-token advantages
used in the actor update.

To isolate the terms introduced by the actual
token-level target construction, define a generated-
token-level reference target. This target recurses
only over generated-token decision points. It treats
the observation span as a tool-induced state tran-
sition rather than an independent actor decision
point.

For any generated-token position (i, j) ∈ G, let
j+ be the next generated-token position after j in
the same rollout, and let ∆i,j = j+ − j. Define the
span reward from j to j+ as:

rspan
i,j:j+

=

∆i,j−1∑

h=0

γhri,j+h.

Define the reference TD residual as:

δ⋆i,j = rspan
i,j:j+

+ γ∆i,jVϕold
(si,j+)− Vϕold

(si,j).

Let j = j0 < j1 < · · · denote the generated-token
positions starting from j. The generated-token-
level GAE and return target are:

Â⋆
i,j =

∑

q≥0

γjq−jλqδ⋆i,jq ,

R̂⋆
i,j = Vϕold

(si,j) + Â⋆
i,j .

This reference target is only a comparison base-
line: it corresponds to the return signal received by
generated tokens when only generated tokens are
treated as decision points.

Define the difference between the actual token-
level return target and the generated-token-level
reference target:

ER
i,j = R̂V

i,j − R̂⋆
i,j .

Decompose the actual return target into a generated-
token term and an observation-token additive term:

R̂V
i,j = R̂π

i,j + Cobs
i,j ,

where:

R̂π
i,j = Vϕold

(si,j) +

Ti−j∑

ℓ=0

(γλ)ℓmV,π
i,j+ℓδi,j+ℓ,

Cobs
i,j =

Ti−j∑

ℓ=0

(γλ)ℓmV,obs
i,j+ℓδi,j+ℓ.

Then:

ER
i,j = R̂π

i,j − R̂⋆
i,j︸ ︷︷ ︸

generated-token estimator mismatch

+ Cobs
i,j︸︷︷︸

observation residual contribution

.

The first term is the discrepancy between the token-
level estimator and the generated-token-level esti-
mand. It can remain even when observation resid-
uals are removed. The second term is the direct
contribution of observation-token residuals to GAE
/ value-target construction.

Expanding the first term yields two sources of
generated-token estimator mismatch.

The first source is trace-decay mismatch. Actual
token-level GAE multiplies by λ for every token
crossed. By contrast, generated-token-level GAE
multiplies by λ only when crossing a generated
decision point. If jq is the q-th generated-token
position, then:

Sλ
i,j =

∑

q

γjq−jλq
(
λjq−j−q − 1

)
δi,jq .
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If observation tokens are inserted between j and jq,
then jq − j − q > 0. Since 0 < λ < 1, λjq−j−q <
1. Future generated-token residuals are therefore
additionally decayed. Thus, even when observation
residuals do not enter as an additive term, inserting
an observation span changes the GAE trace-decay
path.

The second source is bootstrap-state mismatch.
Token-level TD residuals bootstrap from the cur-
rent token to the next token state. Generated-token-
level residuals skip the observation span and boot-
strap to the next generated-token state. Their dif-
ference is:

δi,jq − δ⋆i,jq = γVϕold
(si,jq+1)

− γ∆i,jqVϕold
(si,jq+1)

−
∆i,jq−1∑

h=1

γhri,jq+h.

Let:

Sboot
i,j =

∑

q

γjq−jλq
(
δi,jq − δ⋆i,jq

)
.

Then:
R̂π

i,j − R̂⋆
i,j = Sλ

i,j + Sboot
i,j .

Combining the above decompositions gives the
complete mismatch:

ER
i,j = Sλ

i,j︸︷︷︸
trace-decay mismatch

+ Sboot
i,j︸ ︷︷ ︸

bootstrap-state mismatch

+ Cobs
i,j︸︷︷︸

observation residual contribution

.

Taking conditional expectation gives:

E[ER
i,j | si,j ] = E[Sλ

i,j + Sboot
i,j | si,j ]

+ E[Cobs
i,j | si,j ].

where:

E[Cobs
i,j | si,j ]

=

Ti−j∑

ℓ=0

(γλ)ℓE
[
mV,obs

i,j+ℓδi,j+ℓ | si,j
]
.

Therefore, the conditional expectation of Cobs
i,j van-

ishes only when the discounted observation-token
residual sum has zero conditional expectation. In
general, observation tokens affect generated-token
return targets through two paths. The first is a struc-
tural trace-decay / bootstrap-state path induced by
inserting observation spans. The second is a resid-
ual path in which observation-token TD residuals
directly enter GAE.

B.1.2 Case 1: Minimal Rollout with One
Observation Token

Take the minimal rollout:

G0, O1, G2,

where G is a generated token and O is an observa-
tion token. Assume that only the final generated
token receives outcome reward:

r2 = y, y ∈ {+1,−1}, r0 = r1 = 0.

Let:
vk = Vϕold

(sk).

For G0, the difference between the actual token-
level target and the generated-token-level reference
target is:

R̂V
0 − R̂⋆

0 = γ2λ(λ− 1)(y − v2)︸ ︷︷ ︸
trace-decay mismatch

+ γv1 − γ2v2︸ ︷︷ ︸
bootstrap-state mismatch

+ γλ(γv2 − v1)︸ ︷︷ ︸
observation residual contribution

.

In this case, all three sources appear explicitly. The
first term is the additional trace decay induced by
applying token-level GAE across the intermediate
observation token. The second term is the differ-
ence between bootstrapping the actual TD residual
to s1 and bootstrapping the reference residual to
s2. The third term is the TD residual of the obser-
vation token itself. The value v1 is the value of
an observation state. It is not associated with an
actor action, yet it enters the generated-token return
target. If v1 is unstable, this error enters the actor
update through R̂V

0 and ÂV
0 . The same path can

occur when the observation span differs sharply
from generated spans in token distribution.

B.2 Derivation for Proposition 2
By Appendix B.1, the mismatch first arises in GAE
/ return construction. After the mismatched target
is used for the value-model update, let:

ei,t = Vϕ(si,t)− R̂V
i,t,

and let:
ZG =

∑

i,t

mV,π
i,t ,

ZO =
∑

i,t

mV,obs
i,t ,

ZV = ZG + ZO.
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The actual value loss is:

LV =
1

ZV


∑

i,t

mV,π
i,t e2i,t +

∑

i,t

mV,obs
i,t e2i,t


 .

On generated-token positions, the return-target de-
composition in Proposition 1 gives:

R̂V
i,t = R̂⋆

i,t + ER
i,t.

Thus the error term in the actual value-model up-
date satisfies:

ei,t =
(
Vϕ(si,t)− R̂⋆

i,t

)
− ER

i,t.

If the value model were fit only on generated-token
positions against the reference target, the ideal gra-
dient would be:

∇ϕL
⋆,G
V =

2

ZG

∑

i,t

mV,π
i,t

·
(
Vϕ(si,t)− R̂⋆

i,t

)
∇ϕVϕ(si,t).

The actual generated-token contribution to the
value model gradient is:

∇ϕLV

∣∣
G
=

2

ZV

∑

i,t

mV,π
i,t ei,t∇ϕVϕ(si,t).

Substituting ei,t yields:

∇ϕLV

∣∣
G
=

ZG

ZV
∇ϕL

⋆,G
V

− 2

ZV

∑

i,t

mV,π
i,t ER

i,t∇ϕVϕ(si,t).

This expression gives the form of return-target mis-
match inside the value-model gradient. The first
term shows that the generated-token ideal gradi-
ent is scaled by ZG/ZV . This scaling appears be-
cause observation positions also enter the shared
normalization denominator. The second term is
the gradient shift introduced by ER

i,t. It moves the
value model from fitting R̂⋆ toward fitting the ac-
tual token-level target R̂V .

For observation positions, the generated-token-
level reference target has no corresponding inde-
pendent decision point and no independent return
target. Hence no analogous mismatch term relative
to R̂⋆ can be written. The actual observation part
of the value-model gradient is:

∇ϕLV

∣∣
O
=

2

ZV

∑

i,t

mV,obs
i,t ei,t∇ϕVϕ(si,t).

This gradient is not a biased estimate of a true
generated-token-level target. Instead, it introduces
an additional value supervision point. This point
is absent from the generated-token-level reference
target. For a single observation token O, the local
value-model update is:

∇ϕLO = 2
(
Vϕ(sO)− R̂O

)
∇ϕVϕ(sO).

If correct samples dominate the batch, observation-
token targets tend to be high:

R̂O > Vϕ(sO),

and the update raises values near the observation
token. Conversely, if incorrect samples dominate
the batch or sampling distribution:

R̂O < Vϕ(sO),

the update lowers values near the observation to-
ken. Since observation tokens are not actor de-
cision points, this direction has no direct policy-
improvement meaning. Observations should af-
fect value by changing later generated-token states
rather than by independently fitting final outcomes.

As training proceeds, observation-position value-
model updates can make the value model more sen-
sitive to observation text distribution, length, posi-
tion, and retrieved content. For a generated token
G, the first-order effect of one observation-token
value-model update on Vϕ(sG) is approximately:

∆Vϕ(sG)
∣∣
O
≈ − 2η

ZV

(
Vϕ(sO)− R̂O

)

· ⟨∇ϕVϕ(sG),∇ϕVϕ(sO)⟩ .

If the representation gradients of sG and sO are
correlated, the value error on the observation token
moves the generated-token value prediction. In the
next advantage computation, the generated-token
baseline has therefore changed:

Âi,t depends on Vϕold
(si,t).

B.3 Derivation for Proposition 3
By Appendix B.2, return-target mismatch can
change subsequent value baselines through the
value-model update. On generated-token posi-
tions, decompose the actual GAE advantage into
generated-token and observation-token contribu-
tions:

Âi,t = AG
i,t +AO

i,t, (i, t) ∈ G.
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The two terms are:

AG
i,t =

∑

ℓ≥0

(γλ)ℓmV,π
i,t+ℓδi,t+ℓ,

AO
i,t =

∑

ℓ≥0

(γλ)ℓmV,obs
i,t+ℓ δi,t+ℓ.

Here AO
i,t is the part of future observation-token

residuals that reaches the current generated-token
advantage through GAE recursion. It corresponds
to the observation-side advantage contribution in
the OAGC definition in Eq. (3.4). The correspond-
ing ratio is:

OAGC =

∑
(i,t)∈G

∣∣∣AO
i,t

∣∣∣
∑

(i,t)∈G

∣∣∣Âi,t

∣∣∣+ ϵ
.

If the value model has an unstable value repre-
sentation over observation text, one-step TD resid-
ual magnitudes inside the observation span can in-
crease. For observation-span tokens without direct
task reward, typically:

δi,u ≈ γVϕold
(si,u+1)− Vϕold

(si,u).

Substituting this approximation gives the
observation-token contribution to a generated-
token advantage:

AO
i,t =

∑

ℓ≥0

(γλ)ℓmV,obs
i,t+ℓ

· (γVϕold
(si,t+ℓ+1)− Vϕold

(si,t+ℓ)) .

C OAS Method Details

C.1 Properties of the Observation Decay
Coefficient

The observation decay coefficient defined in Sec-
tion 5 is:

αobs
i = αmin + (1− αmin) exp(−βρi),

0 ≤ αmin < 1, β > 0.

It sets the retained weight of observation-token
TD residuals in generated-token GAE and re-
turn targets as a function of the trajectory-level
observation-to-generation ratio ρi. Differentiating
with respect to ρi gives:

∂αobs
i

∂ρi
= −(1− αmin)β exp(−βρi) < 0.

Thus, αobs
i decreases monotonically with ρi. When

a trajectory contains a higher fraction of observa-
tion tokens, OAS applies stronger decay to obser-
vation residuals. When ρi = 0, αobs

i = 1, and this
term recovers the full observation-residual reten-
tion in the original token-level GAE.

The lower bound αmin preserves a minimum con-
tribution of observation tokens to later state values,
preventing tool information from being completely
removed from return estimation. Lower values of
αmin make the method closer to cutting off obser-
vation residuals. Higher values make it closer to
original GAE.

The parameter β controls how quickly the decay
increases as ρi grows. It can also be written as:

β =
log 2

ρ1/2
,

where ρ1/2 is the observation-to-generation length
ratio at which the exponential decay term falls to
one half. Smaller ρ1/2 corresponds to faster decay,
while larger ρ1/2 corresponds to slower decay.

C.2 Contribution-Decayed Value Objective
For generated-token positions, OAS uses
the contribution-decayed target R̂α, whereas
observation-token positions retain the original
token-level target R̂V . The complete domain-
specific value loss is

Lα
value(ϕ) = Ei,t

[
mV,π

i,t

(
Vϕ(si,t)− R̂α

i,t

)2

+mV,obs
i,t

(
Vϕ(si,t)− R̂V

i,t

)2 ]
.

Here R̂V
i,t is the original token-level value target.

This domain-specific target construction retains
observations as contextual states while reducing
the contribution of their TD residuals to generated-
token actor updates.

C.3 Observation Old-Value Anchoring
External observations can differ sharply from gen-
erated text in length and distribution. OAS there-
fore adds an observation old-value anchor to the
contribution-decayed loss:

LOVR
value(ϕ) = Lα

value(ϕ)

+ λobsEi,t

[
(1− αobs

i )mV,obs
i,t

· (Vϕ(si,t)− Vϕold
(si,t))

2 ].

Here λobs ≥ 0 controls the anchoring strength.
The observation mask excludes generated-token
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positions from this penalty, while 1 − αobs
i as-

signs stronger anchoring to trajectories receiving
stronger observation-residual decay. When αobs

i =
1, the anchor vanishes.

C.4 Boundary Smoothing and Limiting Cases

Domain-specific residual weights and value targets
can create value gaps when a trajectory crosses
between generated-token and observation-token
spans. OAS marks these adjacent transitions with

mbd
i,t = mV,π

i,t mV,obs
i,t+1 +mV,obs

i,t mV,π
i,t+1,

and penalizes their value differences using

Jbd(ϕ) = Ei,t

[
mbd

i,t (Vϕ(si,t)− Vϕ(si,t+1))
2
]
.

The mask is zero away from adjacent gener-
ated/observation transitions, so non-boundary po-
sitions do not contribute to Jbd. The final value
objective is

LOAS
value(ϕ) = LOVR

value(ϕ) + λsmJbd(ϕ),

λsm ≥ 0.

These definitions imply three limiting proper-
ties. First, OAS reduces to the original token-level
PPO value objective when there are no observation
tokens, or when λobs = λsm = 0 and αobs

i = 1.
Second, as the observation-to-generation length
ratio increases, observation-token value drift and
the observation-residual contribution to generated-
token advantages are reduced together. Third,
boundary smoothing acts only on adjacent gener-
ated/observation transitions and reduces boundary-
gap effects on later advantage estimates.

D Experimental Setup Details

D.1 Experimental Setup Details

We use a Search-R1-style search-tool reinforce-
ment learning framework. During reasoning, the
model generates search actions. The environment
returns observation tokens according to the search
request, and the external evidence is inserted into
the subsequent context. The model then produces
a final answer after several rounds of search and
reasoning. We keep the search environment, data
splits, and training budget fixed when comparing
stabilization methods.

The datasets are NQ (Kwiatkowski et al., 2019),
TriviaQA (Joshi et al., 2017), and HotpotQA (Yang

Dataset Scope/source Train Dev Test/eval

NQ English factoid QA / wiki 79,168 8,757 3,610
TriviaQA English factoid QA / wiki+web 78,785 8,837 11,313
HotpotQA English multi-hop QA / wiki 90,447 7,405 7,405

Table 6: Dataset documentation and split statistics. Hot-
potQA uses the development split for evaluation because
the processed benchmark does not provide a separate
test split in our setup.

et al., 2018). NQ and TriviaQA evaluate open-
domain factoid question answering. TriviaQA pro-
vides a larger trivia-style QA benchmark. Hot-
potQA is a multi-hop open-domain QA dataset. It
tests whether the method remains stable when an-
swers require combining multiple evidence pieces.
To study retrieval-budget sensitivity, we use Top-k
values of 2, 3, and 5. Each search therefore returns
2, 3, or 5 candidate evidence passages.

Table 6 summarizes the dataset documentation
and split statistics used in our experiments. All
three benchmarks are English QA datasets built
from Wikipedia or web-derived sources. They
cover open-domain factoid and multi-hop question
answering rather than demographic-group repre-
sentation.

The main experiments use Qwen2.5-3B-Instruct
as the base model, and we also report results with
Qwen2.5-1.5B-Instruct. Final task performance is
measured by exact match (EM). Training dynamics
are measured by nVDD, ATE, AUS, and OAGC.

The base models have approximately 3B and
1.5B parameters, respectively, as indicated by their
Qwen2.5 model names. The main experiments use
Ray, vLLM rollout, and FSDP training on one node
with 8 H20 GPUs per run. Each reported experi-
mental setting was run twice, with about 250 train-
ing steps per run. The reported tables contain 72
main 3B settings, 6 additional 3B ablation/process
settings, and 72 main-text 1.5B settings. A 3B run
took about 10 hours, and a 1.5B run took about
6 hours. This gives an estimated total compute
budget of about 19,400 H20 GPU-hours.

Unless otherwise stated, reported EM and diag-
nostic values are averages over the two repeated
runs for each experimental setting, rather than max-
ima selected across runs. The best and second-best
markings in the tables are based on the reported
means. In Tables 2 and 3, each cell reports mean
(sample SD) over the two runs (n = 2), where sam-
ple SD is computed with the n− 1 denominator.

Implementation uses the Search-R1-style train-
ing stack with Ray for distributed execution, vLLM
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Item Value

Training algorithm PPO with GAE and Search-R1-style search inter-
action

Training steps About 250 steps per reported run
Batch sizes Train 512; validation 256; PPO mini-batch 256
Actor update Learning rate 1×10−6; PPO epochs 1; clip ratio

0.2; entropy coefficient 0.001
Critic update Learning rate 1×10−5; value clip 0.5; critic

micro-batch 8–32
GAE / KL γ = 1.0; λ = 1.0; fixed KL coefficient 0.001
Generation limits Max prompt 4,096; response 500; observation

500; max turns 2
Sampling Temperature 1.0; top-p = 0.95; top-k = −1
Retrieval budgets Top-k ∈ {2, 3, 5}
OAS coefficients αmin = 0.2000; β = 0.2812; λobs =

1.0000; λsm = 0.0277

Table 7: Core experimental setup and hyperparameters.
We did not perform a broad hyperparameter search;
shared values were kept fixed across datasets and meth-
ods, while retrieval budget and method-specific stabi-
lization components were varied as described in the
experiments.

for rollout generation, and PyTorch FSDP for ac-
tor, reference, and critic workers. Evaluation uses
the framework’s rule-based exact-match scorer af-
ter dataset-specific answer normalization. We do
not use external linguistic preprocessing packages
such as NLTK, spaCy, or ROUGE for the reported
EM results. The retriever is queried through the
Search-R1 retrieval server with the Top-k budgets
in Table 7; all compared methods within a setting
use the same data split, retrieval budget, generation
limits, and evaluation scorer.

The baselines include the following methods.
Search-R1 PPO is the base Search-R1 search-tool
RL method trained with PPO (Jin et al., 2025;
Schulman et al., 2017). Search-R1 GRPO replaces
PPO with group-relative policy optimization in
the same search-tool framework. It provides a
critic-free comparison (Jin et al., 2025; Shao et al.,
2024). DAPO improves large-scale RL stability
with decoupled clipping, dynamic sampling, token-
level policy gradients, and length penalties (Yu
et al., 2025). KL-Cov adds KL constraints to high-
covariance tokens following a covariance-based
analysis of policy-entropy change (Cui et al., 2025).
DAR constructs advantage-regression weights from
online rewards. It then performs stable policy
improvement through weighted supervised fine-
tuning (He et al., 2025). I-PPO iteratively fits a
Q function. It uses the fitted Q function to guide
later PPO updates for multi-turn dialogue or trajec-
tory optimization (Jiang et al., 2025).

D.2 Computational Overhead

We measure the computational overhead of OAS
using a matched comparison with Search-R1 PPO
on NQ. Both methods use Qwen2.5-1.5B-Instruct,
Top-3 retrieval, four NVIDIA H20 GPUs, and the
same random seed, batch configuration, sequence
limits, validation schedule, checkpoint policy, and
250-step training budget. Average step time is com-
puted over all 250 training steps, and total training
time includes the scheduled validation and check-
point operations. Table 8 reports the resulting com-
putational costs.

Method Step time (s) Total time (h) Sampled peak GPU (GiB) Non-ckpt. storage (MiB)

Search-R1 PPO 91.89 6.42 94.97 0.862
OAS 116.07 8.10 94.16 0.857

Table 8: Computational overhead on NQ with Qwen2.5-
1.5B-Instruct and Top-3 retrieval using four NVIDIA
H20 GPUs. Peak memory is the maximum sampled
nvidia-smi memory usage during training. Non-
checkpoint storage includes training logs, configuration
files, and tracking metadata; model checkpoints and
shared data or retrieval-index assets are excluded.

Among the measured costs, the main overhead
of OAS is additional training time. OAS increases
the average step time from 91.89 to 116.07 sec-
onds, corresponding to a 26.32% increase, and in-
creases the total training time from 6.42 to 8.10
hours. In contrast, its sampled peak GPU memory
and non-checkpoint storage remain comparable to
those of PPO. This result is consistent with the
design of OAS: it introduces no additional model
parameters, layers, or forward passes, while its
residual-decay, old-value-anchoring, and boundary-
smoothing terms add only O(T ) token-wise com-
putation for a trajectory of length T . Since the
reported time includes rollout generation, retrieval,
validation, and checkpoint operations, the mea-
sured increase represents the end-to-end training
overhead under this configuration.

D.3 OAS Coefficient Selection

Table 7 reports the method-specific OAS defaults.
The parameter αmin sets the minimum observation-
residual retention. The parameter β was deter-
mined from the median observation/generated-
token ratio on NQ trajectories. The regularization
coefficients were scaled toward 5% of the base
critic loss using a short probe without task out-
comes. All OAS coefficients were fixed before
formal evaluation.
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D.4 OAS Coefficient Sensitivity
We evaluate the sensitivity of the OAS coefficients
using a one-at-a-time design. Observation residual
decay is jointly controlled by αmin and β, while
boundary smoothing is controlled by λsm. For each
of these three coefficients, we evaluate 0.5× and
2× its default while holding all other settings fixed.
The coefficient λobs controls the separate old-value
anchoring mechanism and remains fixed at its de-
fault. The evaluated values were fixed before in-
specting the sensitivity results.

The study uses Qwen2.5-3B, NQ, and Top-3
retrieval. It includes six one-at-a-time variants to-
gether with the default OAS configuration as a ref-
erence.

Configuration Final EM nVDD OAGC

Default OAS 0.3760 0.0820 0.0880
αmin, 0.5× 0.3352 0.0677 0.0795
αmin, 2× 0.3794 0.0803 0.1591
β, 0.5× 0.3077 0.1790 0.3821
β, 2× 0.3672 0.0752 0.0899
λsm, 0.5× 0.3727 0.0908 0.1024
λsm, 2× 0.3758 0.0511 0.0746

Table 9: One-at-a-time OAS coefficient sensitivity on
Qwen2.5-3B, NQ, and Top-3 retrieval. Each non-default
row changes only the named coefficient; λobs remains
fixed at its default.

Table 9 reveals an asymmetric sensitivity pro-
file. Halving β produces the largest degrada-
tion, reducing Final EM from 0.3760 to 0.3077
and increasing nVDD/OAGC from 0.0820/0.0880
to 0.1790/0.3821, whereas doubling it remains
close to the default. In contrast, λsm is compar-
atively insensitive within the tested range: both
variants preserve Final EM (0.3727–0.3758), and
the 2× setting further lowers nVDD/OAGC to
0.0511/0.0746. The coefficient αmin governs a
performance–stability trade-off: halving it im-
proves the stability diagnostics but reduces Final
EM to 0.3352, while doubling it preserves Final
EM but raises OAGC to 0.1591. Taken together, the
tested lower-β setting is unfavorable, λsm requires
little fine tuning over this range, and αmin controls
the balance between task performance and stabil-
ity; the frozen default therefore provides a balanced
operating point among the evaluated variants.

D.5 Artifact Use and Data Statement
We use existing datasets, models, and software
artifacts only for research evaluation. Our use
of NQ, TriviaQA, HotpotQA, FEVER, Qwen2.5,

Run EM / nVDD ATE / OAGC

PPO, step 150 0.285 / 0.040 2.540 / 0.073
PPO, step 250 0.278 / 0.215 10.130 / 0.328
OAS, step 150 0.266 / 0.047 0.010 / 0.053
OAS, step 250 0.297 / 0.060 4.030 / 0.074

Run Searches / saturation Miss No search

PPO, step 150 1.116 / 0.137 0.512 0.021
PPO, step 250 1.673 / 0.357 0.514 0.039
OAS, step 150 1.060 / 0.073 0.493 0.011
OAS, step 250 1.154 / 0.127 0.509 0.017

Table 10: Time-aligned task, training-diagnostic, and
retrieval-behavior statistics on the fixed Qwen2.5-1.5B
NQ Top-3 evaluation set. The miss column reports an
answer-string retrieval-miss proxy.

and Search-R1-style training code is intended for
benchmarking and methodological analysis. We
do not redistribute derived datasets, model check-
points, or artifacts beyond the research context of
this submission.

We do not collect new user data or release new
raw-text datasets. Our experiments use existing
public QA and fact-verification benchmarks, and
we report only aggregate evaluation results. Since
these benchmarks may contain naturally occurring
entity names or web-derived text, we do not re-
distribute dataset contents, model checkpoints, or
derived raw examples with this submission.

E Detailed Retrieval-Behavior
Diagnostics

To complement EM with behavior-level evidence,
we evaluate a fixed Qwen2.5-1.5B NQ Top-3 evalu-
ation set at steps 150 and 250. Table 10 aligns EM
and nVDD with ATE, OAGC, executed searches,
budget saturation, no-search rate, and an answer-
string retrieval-miss proxy. The proxy checks
whether a retrieved observation lacks a normalized
gold-answer alias. nVDD is computed from the
full periodic-validation sequence.

Table 10 supports a focused behavioral conclu-
sion: OAS stabilizes how the policy uses search
as training proceeds. By step 250, OAS combines
higher EM and lower drawdown (0.297/0.060 ver-
sus 0.278/0.215) with fewer executed searches and
substantially lower budget saturation (1.154/0.127
versus 1.673/0.357). Its no-search rate is also lower
(0.017 versus 0.039), arguing against the simple ex-
planation that stability comes from using the tool
less. The stability gain is therefore accompanied
by more restrained allocation of the search budget—
especially fewer repeated or budget-exhausting
searches—while active tool engagement is pre-
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served.
However, the nearly unchanged retrieval-miss

proxy (0.509 versus 0.514) limits this conclusion
to search-budget control and does not establish im-
proved retrieval relevance or answer faithfulness.
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