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Abstract

Agentic reinforcement learning enables large
language models to solve long-horizon tasks
by interacting with the environment and inter-
nalizing tool-use behavior into their reasoning.
Prior work assigns supervision primarily based
on outcome rewards or external reward models,
but largely ignores environment observations,
a critical source of learning. Consequently,
agents may identify successful actions without
understanding how the environment responds,
producing suboptimal policies. To address this,
we propose SOAR (Supervision from Obser-
vation for Agentic Reinforcement Learning),
which assigns positive advantages to observa-
tion tokens proportional to the negative entropy
of preceding actions. This encourages the agent
to learn from outcomes of confident actions,
grounding policy updates in environment dy-
namics and improving anticipation of tool-call
consequences. Empirical results across three
domains and 13 benchmarks show that SOAR
consistently improves performance, yielding
gains of up to 7.0% on general reasoning tasks
and 16.9% on deep research tasks, while reduc-
ing erroneous and inefficient tool usage.1

1 Introduction

Recent advances in large language model
(LLM)–based agents have enabled effective solu-
tions to long-horizon tasks, including deep research
(OpenAI, 2025), automated presentation generation
(Zheng et al., 2025a), and autonomous large-scale
code debugging (Cursor, 2025; Anthropic, 2025a).
Unlike static LLMs, these agents operate within
iterative action–observation loops, using multi-step
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1Code is available at https://github.com/Mimasss2/SOAR.

What was the pseudonym of the Swiss
painter Erich Wassmer?

<think>The user is asking... </think>
<search>Erich Wassmer
pseudonym</search>

None of the provided web pages contain
information about Erich Wassmer or...

<think> The initial search did not yield
any useful information. I will try a
broader search including the country
(Switzerland)...</think>
<search>Swiss painter Erich
Wassmer pseudonym</search>

Erich Wassmer, a Swiss painter, used the
pseudonym Ricco.  He was born...

<answer>\\boxed{Ricco}</answer>

Query too broad.

Added professional/nationality qualifiers.

entropy

entropy

Figure 1: SOAR treats observations as learning signals,
not passive context: instead of assigning them zero
advantage, it rewards them positively in proportion to
the negative entropy of the preceding action.

tool use to adapt to dynamic and partially observ-
able environments (Zhang et al., 2025b; Cheng
et al., 2025b). To move beyond fixed, heuristic-
based workflows, Reinforcement Learning (RL)
has emerged as the primary paradigm for training
agentic foundation models (Anthropic, 2025b; Liu
et al., 2025), especially in the era of experience (Sil-
ver and Sutton, 2025). In the agentic setting, clas-
sical RL is extended by treating language-based
reasoning and tool-use actions as part of the policy,
while modeling environment feedback as observa-
tions, enabling agents to learn adaptive, multi-step
decision-making strategies through interaction (Jin
et al., 2025b; Wang et al., 2025b).

Despite its promise, agentic RL faces unique ef-
ficiency bottlenecks. Agentic rollouts are long and
computationally expensive to generate (Nguyen
et al., 2025; Team et al., 2025a), while supervision
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remains largely sparse and outcome-based (Wang
et al., 2025b), leading to low per-token learning
efficiency. Existing credit assignment methods at-
tempt to alleviate this by redistributing sparse re-
wards across intermediate steps (Dong et al., 2025b;
Wang et al., 2025a) or by introducing external re-
ward models (Zheng et al., 2025b; Rahman et al.,
2025). However, these approaches overlook a crit-
ical source of supervision: environment observa-
tions themselves. Observation tokens, which con-
stitute a considerable fraction of each rollout, are
typically assigned zero advantage. As a result, the
policy may learn which actions lead to success
without sufficiently modeling how the environment
responds (Silver and Sutton, 2025). This contrasts
with human learning, where unexpected observa-
tions provide strong feedback that refines one’s
understanding of underlying dynamics.

Leveraging observations during RL is non-
trivial. During exploration, a partially trained
agent may take noisy or sub-optimal actions, re-
sulting in observations that do not contribute to
a coherent policy. In light of this, we propose
SOAR (Supervision from Observation for Agentic
Reinforcement Learning). SOAR explicitly incor-
porates environment observations into the policy
optimization objective by treating them as active
learning signals rather than passive context. The
core mechanism of SOAR is an entropy-aware op-
timization strategy: instead of assigning zero ad-
vantages to observations, we assign them positive
advantages proportional to the negative entropy of
the preceding action, as shown in Fig. 1. The in-
tuition is that low action entropy reflects higher
policy confidence and consistency in action se-
lection; observations following such actions are
therefore more likely to reflect meaningful and pre-
dictable environment responses, making them more
reliable learning signals for internalizing environ-
ment dynamics. By optimizing the likelihood of
these observations, SOAR encourages the policy
to internalize environment dynamics and antici-
pate consequences. This dense supervision allevi-
ates reward sparsity and reduces unproductive tool
calls by grounding the agent’s thoughts in envi-
ronment dynamics. Extensive experiments demon-
strate SOAR’s improvement across diverse agentic
settings, including reasoning and deep search tasks.

Our contributions are threefold:

• We provide a diagnostic analysis of policy un-
certainty in agentic RL, where the policy model

obtains more deterministic actions but reveals
limited internalization of environment dynamics.

• We propose Supervision from Observation for
Agentic Reinforcement Learning (SOAR), which
directly optimizes observation tokens to enhance
the agent’s awareness of action consequences.

• Extensive experiments across 3 domains and
13 benchmarks demonstrate the effectiveness
of SOAR for agentic RL, yielding performance
gains of up to 16.9% alongside reduced observa-
tion uncertaity and more productive tool usage.

2 Related Work

Agentic Reinforcement Learning. Agentic rein-
forcement learning extends classical RL to multi-
step interactive settings, where large language mod-
els interleave reasoning, tool use, and environ-
ment feedback to solve long-horizon tasks. Re-
cent agentic foundation models, including Kimi-
K2 (Team et al., 2025a), GLM-4.6 (Z.ai, 2025),
and DeepSeek-V3.2 (Liu et al., 2025), leverage RL
to improve tool invocation and decision-making
in dynamic environments, and agent orchestration
as well (Ruan et al., 2026). Representative frame-
works such as Search-R1 (Jin et al., 2025b), RA-
GEN (Wang et al., 2025b), and ReTool (Feng et al.,
2025) rely primarily on rule-based or outcome-
driven rewards, resulting in sparse and delayed
supervision over long trajectories. To mitigate
this, prior work either synthesizes more challeng-
ing interaction data (Wu et al., 2025a; Qian and
Liu, 2025; Tang et al., 2025; Xu et al., 2026) or
redistributes outcome-based rewards across inter-
mediate steps and introduces rubric-based process
supervision (Wang et al., 2025a; Dong et al., 2025b;
Zheng et al., 2025b; Rahman et al., 2025). Yet these
methods still derive supervision indirectly from out-
comes or heuristics. In contrast, SOAR integrates
environment observations optimization in addition
to policy-generated token, enabling more explicit
learning of action consequences.
Learning from experience. Despite substan-
tial progress from training on large-scale human-
generated or curated corpora, such approaches pri-
marily enable models to approximate human be-
havior and are unlikely to yield superhuman in-
telligence in isolation (Silver and Sutton, 2025).
Progress beyond this regime requires training sig-
nals that evolve with the agent’s competence, mo-
tivating learning from an agent’s own experience
through interaction with environments. Experience-
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Figure 2: Overall framework of SOAR. (Top) Action entropy modulates rewards as an observation-aware advantage,
with batch-wise relative reward normalization and sequence-wise relative entropy normalization. (Bottom) Observa-
tion tokens receive an auxiliary advantage proportional to the preceding action’s negative entropy, improving credit
assignment for informative environment interactions.

based learning exposes agents to novel observa-
tions, state transitions, and feedback induced by
their actions (Sutton et al., 1999). Representative
successes include self-play systems such as Al-
phaGo and AlphaZero (Silver et al., 2016, 2017),
iterative refinement in AlphaFold (Jumper et al.,
2021), and interactive GUI agents (Zhang et al.,
2025a). More recent work explores using LLM-
based agents to rewrite or synthesize experien-
tial observations to model environment dynam-
ics (Zhang et al., 2025c; Chen et al., 2025) or ex-
perience selection (Gong et al., 2026; Xu et al.,
2025). Motivated by these limitations, SOAR di-
rectly leverages agent observations as supervision
to improve anticipation of action consequences.

3 Method

We first introduce the key notations and preliminary
for agentic reinforcement learning (Sec. 3.1). Then,
we provide a diagnostic analysis on policy uncer-
tainty during the reinforce learning phase (Sec. 3.2).
Finally, we introduce Supervision from Observa-
tion for Agentic Reinforcement Learning, internal-
izing environment dynamics into the policy model
(Sec. 3.3). Fig. 2 shows the overall framework.

3.1 Notations and Preliminaries

We consider an agentic reinforcement learning set-
ting in which a policy model interacts with an en-

vironment through tool calls. Given an input x
from dataset D and a set of available tools, the
policy produces a trajectory y following the ReAct
paradigm (Yao et al., 2023). Specifically, a trajec-
tory consists of a sequence of interaction rounds
indexed by k = 0, 1, . . . , n:

y = {(t(k), a(k), o(k))}nk=0, (1)

where t(k) denotes the reasoning trace generated
by the policy, a(k) denotes the action taken by the
agent (either a tool invocation or a final answer),
and o(k) denotes the observation returned by the
environment in response to a(k). Importantly, ob-
servations o(k) are environment-generated tokens
and are not sampled from the policy distribution.
At the token level, we denote by yj the j-th token
in the flattened trajectory y, and by |y| the total
number of tokens in the trajectory.

The goal of agentic reinforcement learning is
to optimize a policy πθ that generates trajectories
conditioned on the input x, that is:

max
θ

Ex∼D, y∼πθ(·|x)
[
r(x, y)

− β DKL

(
πθ(y | x) ∥πold(y | x)

)]
.

(2)

Here r(x, y) denotes the task-level reward, and
DKL(·∥·) regularizes the learned policy against a
reference policy πold to prevent excessive devia-
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Figure 3: Diagnostic analysis of observation tokens on Qwen2.5-3B-Instruct. (Left) The entropy trend of actions and
observations during agentic RL training. (Middle) Token type statistics across various datasets. (Right) Correlation
analysis between action and observation tokens across tasks.

tion. The expectation is taken over both inputs and
sampled trajectories.

To avoid reliance on explicit value-function ap-
proximation and to improve training efficiency for
long-horizon agentic trajectories, Group Relative
Policy Optimization (GRPO) is usually used to op-
timize the objective in Eq. (2) (Shao et al., 2024;
Zheng et al., 2025c). For each input x, we sample
a group of N trajectories {y1, . . . , yN} from the
current policy and compute their corresponding re-
wards {Ri}Ni=1, where Ri = r(x, yi). The relative
advantage for trajectory yi is estimated as:

Âi,j =
Ri −mean({Rk}Nk=1)

std({Rk}Nk=1)
I(yi,j), (3)

where I(yi,j) = 1

{
yi,j /∈

n⋃

k=0

{o(k)i }
}
. (4)

The indicator function I(yi,j) ensures 0 advantage
is assigned to observation tokens from the environ-
ment to exclude them from optimization.

Based on the advantage estimates, the policy
is optimized using a clipped importance-sampling
objective at the token level. The resulting loss
function is given by:

LGRPO =
1

N

N∑

i=1

[
1

∑|yi|
j=1 I(yi,j)

|yi|∑

j=1

min
(
ρi,jÂi,j , clip(ρi,j , 1− ϵ, 1 + ϵ)Âi,j

)

− β DKL

(
πθ(yi | x) ∥πold(yi | x)

)
]
,

(5)

where

ρi,j =
πθ(yi,j | x, yi,<j)

πold(yi,j | x, yi,<j)
(6)

is the importance sampling ratio for token yi,j .

3.2 Diagnostic Analysis on Policy Uncertainty
In this section, we provide a diagnostic analy-
sis of policy uncertainty during agentic reinforce-
ment learning. We examine entropy dynamics of
both action tokens and their resulting environment
feedback, assessing whether on-policy training im-
proves internalization of environment dynamics.

Prior work highlights the importance of entropy
in reinforcement learning, where maintaining en-
tropy is crucial for effective exploration and per-
formance (Cheng et al., 2025a). As training pro-
gresses, policy optimization typically reduces ac-
tion entropy, reflecting increasingly confident and
deterministic behavior (Yue et al., 2025). However,
whether lower action entropy corresponds to im-
proved understanding of action consequences, i.e.,
environment feedback, remains an open question.

To address this, we analyze entropy dynamics
of both action and observation tokens during agen-
tic RL training. Let E(·) denote the entropy of a
categorical distribution. For token position j, the
policy entropy is defined as:

E(yj) = −
∑

v

πθ(v | x, y<j) log πθ(v | x, y<j),

(7)
where the summation is taken over the vocabulary.
For an action a(k), represented as a contiguous
token subsequence, we define its entropy as the
average token entropy:

E(a(k)) = 1

|a(k)|
∑

yj∈a(k)
E(yj). (8)

Similarly, we compute the entropy of an observa-
tion o(k) by averaging token-level entropies over
the observation span.

The left panel of Fig. 3 shows the entropy dy-
namics of actions and observations during train-
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ing. Action entropy E(a(k)) decreases gradually,
indicating increasing policy confidence in action
selection. In contrast, observation entropy E(o(k))
rises over time, revealing a growing uncertainty
in environment responses despite on-policy opti-
mization. This divergence suggests that the pol-
icy becomes more decisive in its actions without
a commensurate improvement in anticipating their
consequences, pointing to limited internalization
of environment dynamics.

We further examine the composition of agent
trajectories across datasets, as shown in the middle
panel in Fig. 3. Observation tokens constitute a
substantial fraction of total tokens, exceeding 50%
in search-intensive benchmarks such as HotpotQA
and Bamboogle. Given the high cost of on-policy
rollouts, this indicates a major inefficiency in stan-
dard agentic RL: a large volume of tokens encoding
rich environment feedback does not contribute to
the learning signal.

Upon a closer examination of the entropy distri-
butions of action and observation tokens in Fig. 3
(right), we found that the entropy scale varies
across tasks. Thus a more fine-grained control of
entropy is needed. Together, these findings sug-
gest that existing agentic RL paradigms insuffi-
ciently leverage environment feedback, motivating
the need for explicitly incorporating observation-
level learning signals to improve environmental
awareness.

3.3 Supervision from Observation for Agentic
Reinforcement Learning

Motivated by the diagnostic analysis in Sec. 3.2,
we observe that existing agentic RL paradigms pri-
marily emphasize learning which actions are ben-
eficial, while providing limited supervision over
the consequences of those actions, i.e., the induced
environment transitions. As a result, even under
on-policy interaction, the learned policy may fail to
internalize the underlying environment dynamics.

To address this, we propose Supervision from
Observation for Agentic Reinforcement Learning
(SOAR), which augments outcome-based RL with
an auxiliary training signal on observation tokens.
In addition to trajectory-level rewards for policy-
generated tokens, SOAR assigns positive advan-
tages to observation tokens, treating them as im-
plicit feedback reflecting the consequences of pre-
ceding actions. This encourages the policy to antic-
ipate environment responses, internalizing environ-
ment dynamics beyond optimizing final outcomes.

Naively assigning advantages to all observations
can, however, may amplify noisy or uninformative
feedback. To mitigate this, we scale observation-
level advantages by an action-certainty signal, em-
phasizing observations that follow actions about
which the policy is more confident. Since action
certainty is only meaningful relative to other ac-
tions within a trajectory, as different tasks may
have systematically different entropy scales (see
Fig. 3 right), we normalize action entropy (follow-
ing Eq. (8)) across interaction rounds within the
same trajectory:

∆E(a(k)) = E(a(k))−mean
(
{E(a(s))}ns=1

)

std
(
{E(a(s))}ns=1

) .

(9)
We now define the observation-aligned advan-

tage at the token level. Outcome-based advantages
are applied to policy-generated tokens as in GRPO,
while entropy-weighted advantages are only as-
signed to observation tokens associated with pre-
ceding actions, providing denser credit assignment
signals that help the model better interpret envi-
ronmental feedback. Formally, the advantage for
token yi,j in trajectory yi is given by:

Ãi,j =
Ri −mean({Rk}Nk=1)

std({Rk}Nk=1)
I(yi,j)

︸ ︷︷ ︸
Outcome-based advantage

+ λ

ni∑

k=1

sg[σ(−∆E(a(k)i ))]1
{
yi,j ∈ o

(k)
i

}

︸ ︷︷ ︸
Observation-aligned advantage

,

(10)
where I(yi,j) is the policy-token indicator defined
in Eq. (4), sg[·] denotes the stop-gradient operator.
σ(z) = 1/(1 + e−x) is the sigmoid function, and
λ is a hyperparameter controlling the strength of
the observation-aligned signal.

Using the observation-aligned advantage es-
timate, we optimize the policy with a clipped
importance-sampling objective:

LSOAR =
1

N

N∑

i=1

[
1

|yi|

|yi|∑

j=1

min

(
ρi,jÃi,j , clip(ρi,j , 1− ϵ, 1 + ϵ)Ãi,j

)

− βDKL

(
πθ(yi | x) ∥πold(yi | x)

)
]
,

(11)

here normalization is performed over all tokens,
as both policy-generated tokens and observation
tokens now receive non-zero advantages.
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Method
Mathematical Reasoning Knowledge Reasoning

OverallAIME
24

AIME
25

MATH
500

GSM
8K

MATH AVG HQA 2Wiki Mus Bamb GAIA AVG

Qwen2.5-3B-Instruct
DA 3.3 0.0 54.4 62.0 64.8 36.9 6.6 11.2 4.4 8.6 2.3 6.6 21.8
TIR 10.0 10.0 60.2 60.2 70.0 42.1 11.9 14.4 8.1 13.0 6.7 10.8 26.5
+GRPO 10.0 13.3 71.2 84.0 80.0 51.7 61.0 66.4 27.2 77.5 25.0 51.4 51.6
+SOAR 26.7 16.7 71.4 84.8 82.4 56.4 59.9 65.9 30.8 80.8 32.5 54.0 55.2

Qwen2.5-7B-Instruct
DA 3.3 10.0 70.8 90.0 83.6 51.5 11.4 17.7 9.9 25.6 5.6 14.0 32.8
TIR 20.0 20.0 72.8 72.8 81.2 53.4 17.7 14.1 20.1 6.8 14.1 14.6 34.0
+GRPO 30.0 23.0 79.4 90.2 88.0 62.1 54.6 71.2 31.6 74.8 34.0 53.2 57.7
+SOAR 33.3 33.3 84.2 92.0 89.4 66.4 59.9 73.8 30.5 74.9 39.6 55.7 61.1

Table 1: Evaluation results on mathematical and knowledge reasoning benchmarks. The best and second-best
performances are indicated by bold and underlined text, respectively. DA stands for direct answering without tool
calling, while TIR stands for tool-intergrated reasoning. Dataset abbreviations correspond to HotpotQA (HQA),
Musique (Mus), and Bamboogle (Bamb).

4 Experimental Setup

This section outlines the experimental setup for
evaluating SOAR. We describe the datasets span-
ning reasoning and deep search tasks, the base mod-
els and baseline algorithms, and the training and
evaluation protocols.

Training and Evaluation Datasets. We evalu-
ate our method on three categories of tasks:

• Mathematical Reasoning: This category in-
cludes GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021), as well
as competition-level benchmarks such as
MATH500 (Lightman et al., 2023), AIME24 (AI-
MO, 2024), and AIME25 (OpenCompass, 2025).

• Knowledge Reasoning: We consider multi-
hop question answering datasets including Hot-
potQA (Yang et al., 2018), 2Wiki (Ho et al.,
2020), MuSiQue (Trivedi et al., 2022), and Bam-
boogle (Press et al., 2023).

• Deep Search: These tasks require complex in-
formation retrieval and multi-step reasoning, in-
cluding GAIA (Mialon et al., 2023), WebWalk-
erQA (Wu et al., 2025b), SealQA (Thinh Pham
et al., 2025), and FRAMES (Krishna et al., 2025).

We train with 10K agentic RL dataset from (Dong
et al., 2025a) for reasoning tasks and a 1.1K mixed
hard search dataset for deep search (Dong et al.,
2025b), more details can found in App. C.

Base Models and Baselines. We conduct agen-
tic RL experiments using the Qwen family of

models. Specifically, we use Qwen2.5-3B/7B-
Instruct for mathematical and knowledge reason-
ing tasks (Team et al., 2025b). For deep search
tasks, we adopt Qwen3-8B/14B (Yang et al., 2025),
which provide stronger long-horizon reasoning ca-
pabilities. Our method is agnostic to the under-
lying RLVR algorithm, as it only augments the
token-level advantage estimates by assigning non-
zero advantages to environment-generated obser-
vation tokens, which are masked out in standard
formulations. In the main experiments, we build
upon Group Relative Policy Optimization (GRPO)
and study the effect of incorporating observation-
aligned advantages.

Training Setting. All models are trained using
the verl framework (Sheng et al., 2025). For each
input, we sample N = 16 trajectories from the
current policy and compute a trajectory-level out-
come reward based on the prediction’s F1 score
against ground-truth answers, augmented with
format-based penalties. We employ a Python ex-
ecutor as the code tool. For search, we use a local
dense retriever (Jin et al., 2025b) when training
on reasoning tasks, and a search engine for deep
search training. In both cases, retrieved content is
summarized before being fed back to the policy.
Training proceeds for 2 epochs on reasoning tasks
and 5 epochs on deep search tasks due to limited
data. Across all experiments, we use a batch size
of 128 and a learning rate of 1× 10−6. Additional
implementation details are provided in Appx. C.
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Method GAIA WebWalkerQA SealQA FRAMES Overall
Lv.1 Lv.2 Lv.3 OA Easy Med. High OA S.0 S.Hard OA

Qwen3-8B
DA 17.9 7.7 0.0 12.6 4.4 7.1 0.0 6.0 14.0 6.3 10.6 22.0 12.8
RAG 38.5 15.4 0.0 22.3 42.2 29.8 28.2 32.0 16.8 10.8 14.2 30.4 24.7
ReAct 35.9 11.5 8.3 20.4 17.8 19.0 15.5 17.5 19.6 4.5 13.0 38.0 22.2
Search-o1 38.5 15.4 0.0 22.3 26.7 23.8 22.5 24.0 28.7 9.9 20.5 41.4 27.1
+GRPO 43.6 34.6 16.7 35.9 48.9 45.2 33.8 42.0 34.3 13.5 25.2 46.6 37.4
+SOAR 48.7 34.6 8.3 35.9 53.3 56.0 38.0 49.0 34.9 16.2 26.3 53.6 41.2

Qwen3-14B
DA 25.6 13.4 8.3 17.5 6.7 4.8 2.8 4.5 14.7 4.5 10.2 27.8 15.0
RAG 38.5 13.5 0.0 21.4 40.0 34.5 29.6 34.0 16.1 10.8 13.8 33.0 25.6
ReAct 30.8 21.2 16.7 24.3 24.4 27.4 19.7 24.0 17.5 9.0 13.8 49.0 27.8
Search-o1 48.7 21.2 16.7 31.1 42.2 41.7 28.2 37.0 27.3 13.5 21.3 45.4 33.7
+GRPO 43.6 36.5 16.7 36.9 46.7 50.0 39.4 45.5 30.8 11.7 22.4 46.6 37.9
+SOAR 51.3 40.4 8.3 40.8 48.9 53.6 42.2 48.5 32.9 18.0 26.4 61.6 44.3

Table 2: Evaluation results on deep search benchmarks. The best and second-best performances are indicated by
bold and underlined text, respectively. DA stands for direct answering without calling tools. OA stands for Overall,
S.0 and S.Hard represents the Seal-0 and Seal-Hard subset.

Evaluation Setting. During inference, we use
a temperature of 0.6 and top-p sampling with
p = 0.95 for all models. The python executor
is used for code tool, and the Serper search engine2

is employed for search tool. For retrieved web re-
sults, we additionally crawl the full webpages and
summarize relevant content before returning ob-
servations to the agent. For knowledge reasoning
tasks, we report F1 scores on the four QA datasets.
For all other tasks, we adopt the LLM-as-a-Judge
paradigm, using Qwen3-30B-A3B-Instruct-2507
as the judge model with the instruction in Fig. 13.
Following prior work (Dong et al., 2025b), we ex-
tract final answers enclosed in \box{} and report
pass@1 across all benchmarks.

5 Experimental Results

In this section, we present the main experimental
results across multiple domains (Sec. 5.1). We then
conduct ablation studies to validate the contribu-
tion of individual components (Sec. 5.2). Finally,
we provide quantitative analyses of training dynam-
ics and tool invocation behavior (Sec. 5.3), with
additional qualitative examples included in App. G.

5.1 Main Results
We report the main results in Tabs. 1 and 2, high-
lighting the consistent superiority of SOAR in

2https://serper.dev/

improving agentic performance across different
model scales and backbone architectures.

Overall performance improvement on reason-
ing tasks. As shown in Tab. 1, SOAR achieves
the best overall performance, improving absolute
scores by 7.0% and 5.9% over GRPO. For the 7B
model, it ranks first on 9 of 10 benchmarks, show-
ing consistent gains across reasoning tasks. For
3B models, mathematical reasoning improves by
9.1%, indicating that leveraging environment ob-
servations enhances the use of the code interpreter
and overall problem-solving.

Performace enhancement on deep search
tasks. Results on deep search benchmarks are
shown in Tab. 2. SOAR achieves the strongest
overall performance for both 8B and 14B models,
outperforming GRPO by 10.2% and 16.9%, respec-
tively. On the FRAMES benchmark, gains reach
15.0% for 8B and 32.6% for 14B models. The ob-
served 8.3% drop on GAIA Lv.3 is due to a single
case in this small subset (12 samples), with minor
differences between models arising from round-
ing and isolated rule application, and does not in-
dicate a broader issue, with detailed analysis in
App. G. Taken together, These results demonstrate
that observation-level supervision from search tools
enables the agent to better anticipate step-level out-
comes, resulting in more effective search actions.

Impact of agentic reasoning on deep search.
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Figure 4: Quantitative Analysis. (Left) Comparison of Python tool call error rate. (Middle) Observation probability
trend over training. (Right) Reward score trend over training.

Method Math
AVG

Know.
AVG Overall

SOAR 56.4 54.0 55.2
-Relative entropy 54.9 52.2 53.5
-Entropy weight 53.3 52.5 52.9
-Obs-aligned Adv 52.5 51.4 52.0

Table 3: Ablation results of SOAR on Qwen2.5-3B-
Instruct on math and knowledge (Know.) reasoning
tasks.

We analyze the impact of progressively introduc-
ing agentic reasoning into the inference pipeline.
Compared to direct answering, RAG improves per-
formance by 1.7× on 14B models. Incorporat-
ing ReAct increases it to 1.87×, and the Search-
o1 pipeline, which enables additional reasoning
over retrieved documents, further raises perfor-
mance to 2.3×. These results validate the bene-
fit of autonomous agentic pipelines over conven-
tional direct-answering approaches for complex
deep search tasks.

5.2 Ablation Study

We ablate the key design components of SOAR, in-
cluding relative action entropy, entropy-modulated
observation weighting, and observation-aligned ad-
vantage, and report the results in Tab. 3.

Relative action entropy is critical for stable
performance gains. Replacing the relative action
entropy term ∆E(a(k)i ) in Eq. (10) with the ab-
solute action entropy E(a(k)i ) (“Relative Entropy”
row) degrades performance by 1.8% on mathemat-
ical reasoning and 3.3% on knowledge reasoning.
This drop arises because entropy magnitudes vary
across domains (see Fig. 3 right), leading to im-
balanced gradient updates. Relative normalization
mitigates this by enabling domain-agnostic scaling
of advantages.

Entropy-modulated observation weighting

improves learning efficiency. We remove the en-
tropy modulation term σ(−∆E(a(k)i )) in Eq. (10)
and assign a uniform observation advantage λ to all
observation tokens (“Entropy Weight”). This leads
to a larger performance drop of 4.7% on mathemat-
ical reasoning and 3.0% on knowledge reasoning
tasks. The result indicates that treating all observa-
tions equally is sub-optimal, as it fails to prioritize
informative environment feedback.

Removing supervision from observation
yields the largest degradation. Finally, we elim-
inate the observation-aligned advantage term in
Eq. (10), reducing the method to standard GRPO
(“Obs-Aligned Adv”). This variant exhibits the
worst performance, with average decreases of 6.1%
on mathematical reasoning and 4.8% on knowledge
reasoning, corresponding to a 5.5% overall drop.
This highlights the importance of explicitly lever-
aging environment observations as learning signals
in agentic reinforcement learning.

5.3 Quantitative Analysis

In this section, we compare SOAR with GRPO
along 4 dimensions: (1) tool-call error rate, (2)
observation likelihood under the policy, (3) reward
progression, and (4) test-time scaling. Overall, we
show that SOAR not only improves final reward
but also promotes a more principled understanding
of action–consequence relationships.

Supervision from observations yields fewer er-
roneous tool calls. The left panel of Fig. 4 shows
the percentage of Python tool calls that result in
compilation errors for the 7B model. Training
with SOAR reduces errors by 18.8% on AIME
24, 48.1% on MATH500, and 83.3% on MATH.
These results indicate that direct supervision from
execution-time observations, i.e., code outputs and
error traces, provides a valuable learning signal,
encouraging the generation of syntactically and se-
mantically valid code and reducing uninformative
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Figure 6: Math performance under different sampling budgets k. We report pass@k for k ∈ {1, 3, 5}. SOAR
consistently improves performance across sampling budgets, with especially large gains on more challenging
benchmarks such as AIME25, suggesting better sample efficiency and sample quality.

tool calls during inference.
SOAR enhances environment awareness. The

middle panel in Fig. 4 shows that the likelihood
of observed environment feedback under the pol-
icy increases more substantially with SOAR than
with GRPO for the 8B model. This trend indicates
that direct supervision from observations helps
the model better anticipate environment responses,
leading to more confident and informed action se-
lection grounded in expected consequences.

GRPO underperforms SOAR in reward op-
timization. The right panel in Fig. 4 compares re-
ward trajectories during training for the 8B model.
SOAR consistently achieves higher reward scores
than GRPO across training iterations, demonstrat-
ing improved learning efficiency. These results
suggest that incorporating observation-level super-
vision yields not only better environment modeling
but also stronger reward optimization, ultimately
leading to more capable agent foundation models.

Consistent gains under test-time scaling. To
evaluate SOAR under test-time scaling, we report
pass@k and standard deviation in Figs. 5 and 6. For
math benchmarks, we sample 32 outputs per prob-
lem and estimate pass@1/3/5. For knowledge rea-
soning and deep search benchmarks, where agen-
tic inference is substantially more expensive, we

follow Team et al. (2025a) and sample 4 outputs
per problem, reporting pass@1 and standard devia-
tion. These results provide two key findings. First,
SOAR consistently outperforms GRPO across sam-
pling budgets while maintaining low standard de-
viations, indicating that the improvements are sta-
tistically stable rather than due to sampling noise.
Second, SOAR improves both pass@1 and pass@k,
suggesting that it enhances sample quality without
sacrificing output diversity.

6 Conclusion

In this paper, we propose Supervision from Ob-
servation for Agentic Reinforcement Learning
(SOAR), which incorporates environment obser-
vations as an explicit supervision signal. SOAR
assigns positive advantages to observation tokens
proportional to the negative entropy of preceding
actions, encouraging the agent to learn from the
consequences of confident decisions and ground ac-
tions in environment dynamics. This enables better
anticipation of tool-call outcomes and stronger ac-
tion–effect associations. We view SOAR as a step
toward more efficient, environment-aware agentic
RL and hope it motivates future work on richer
observation-level supervision and credit assign-
ment for language-based agents.
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Limitations and Future Work

Our experiments on reasoning tasks relied on a lo-
cal dense retriever as the search tool. While more
advanced retrieval methods, such as web search
engines (Jin et al., 2025a), may further improve
performance, we limited our setup due to the high
cost of large-scale API calls. Exploring richer re-
trieval mechanisms is a promising direction for
future work to enhance the model’s generalization
capability.

We conducted experiments on relatively small
models. Although these models provide meaning-
ful insights, evaluating SOAR on larger-scale mod-
els (e.g., hundreds of billions of parameters) would
help assess its scalability and generalizability. Ex-
tending to larger models requires substantial com-
putational resources but could further validate the
robustness of our approach.

For evaluating answer correctness, we relied on
Qwen3-30B-A3B-Instruct as the judge model due
to the large volume of evaluation. While this en-
ables automated evaluation at scale, it may intro-
duce subtle biases compared to human judgments.
Future work could explore more robust evalua-
tion protocols, including unbiased model-based
judges or human-in-the-loop assessments, to fur-
ther strengthen reliability.

Ethical Considerations

We conducted basic checks to ensure the datasets
used in our experiments were appropriate for train-
ing agentic foundation models. While efforts were
made to minimize unsuitable content, a more com-
prehensive dataset curation and filtering process
was beyond the scope of this work. Our experi-
ments primarily utilized English-language datasets,
and the generalizability of our approach to non-
English or culturally diverse contexts has not been
fully evaluated, highlighting an important direction
for future research. We also used an AI assistant
to check for grammatical errors and to polish sen-
tence clarity during manuscript preparation. The
main objective of this study was to enhance agentic
capabilities in aligned large language models; on-
going evaluation and interventions remain essential
to maintain safety and responsible deployment.
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A Baselines

In this section, we introduce the three categories
of baselines used for comparison: 1) direct model
reasoning, 2) tool-enhanced methods, and 3) RL-
based methods.

Direct Reasoning. For direct reasoning base-
lines, we provide each question directly to the lan-
guage model and prompt it to reason thoroughly
before producing a final answer. No external tools
are made available, so the model must rely solely
on its internal knowledge. The instruction used is
shown in Fig. 9.

Tool-enhanced Methods. We consider three
representative tool-enhanced approaches: standard
retrieval-augmented generation (RAG), ReAct, and
Search-o1. In standard RAG, the question is used
as a query to retrieve relevant documents from a
search engine, after which the model generates
an answer conditioned on both the question and
the retrieved content (Lewis et al., 2020), with the
instruction in. ReAct extends standard RAG by
enabling iterative reasoning, action, and observa-
tion, allowing the model to perform multi-round
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searches and refine its information gathering (Yao
et al., 2023). Both standard RAG and ReAct use
a direct search API that returns the top-10 results,
each consisting of a title, URL, and a short snip-
pet. Beyond the ReAct paradigm, Search-o1 fur-
ther crawls the retrieved webpages and employs an
LLM-based summarizer to extract query-relevant
information, yielding more detailed and structured
evidence (Li et al., 2025b). The prompts used for
these methods are provided in Figs. 10 and 11.

RL-based Methods. For RL-based baselines,
we primarily consider GRPO in our main experi-
ments due to its wide adoption in agentic RL (Wang
et al., 2025b; Zheng et al., 2025c; Jin et al., 2025b)
and because our method is agnostic to the underly-
ing RL algorithm. In addition to GRPO, we eval-
uate compatibility with other representative RL-
based methods, including REINFORCE++ (Hu,
2025) and ARPO (Dong et al., 2025b). REIN-
FORCE++ extends the classic REINFORCE algo-
rithm with variance-reduction techniques to yield
more stable and efficient policy gradients. ARPO
further extends GRPO to the agentic setting by in-
troducing an entropy-based adaptive rollout mecha-
nism that promotes exploration at high-uncertainty
decision points following tool usage. Results for
REINFORCE++ and ARPO and their combination
with SOAR are reported in App. E.

B Evaluation Benchmarks

For mathematical reasoning evaluation, we use 5
challenging dataset as follows:
• AIME24 (AI-MO, 2024): A competition-level

math benchmark from the American Invitational
Mathematics Examination. It contains 30 chal-
lenging problems spanning diverse domains in-
cluding algebra, geometry.

• AIME25 (OpenCompass, 2025): A competition-
level math benchmark consisting of 30 newly
released problems from American Invitational
Mathematics Examination in February 2025, in-
cluding problems spanning algebra, geometry,
combinatorics and so on.

• GSM8K (Cobbe et al., 2021): An elementary
school level math benchmark consisting of 1.32k
multi-step calculation problems that require 2-8
reasoning steps.

• MATH (Hendrycks et al., 2021): A comprehen-
sive academic benchmark for mathematical rea-
soning, spanning fields such as calculus, algebra,
and discrete mathematics.

• MATH500 (Lightman et al., 2023): A selected
subset from the MATH dataset containing 500
high-difficulty math problems, with difficulty ex-
ceeding college-level math.

For knowledge reasoning evaluation, we use 4
multi-hop question-answering benchmarks:

• HotpotQA (Yang et al., 2018): A multi-
hop question-answering benchmark built from
Wikipedia, targeting evaluation of complex infor-
mation retrieval and reasoning across documents.

• 2WikiMultihopQA (Ho et al., 2020): Another
multi-hop question-answering benchmark based
on structured and unstructured data, and addition-
ally provides evidence information for a compre-
hensive evaluation.

• MuSiQue (Trivedi et al., 2022): A challenging
multi-hop question-answering benchmark, with
problems progressing from simple retrieval to
deeper understanding of documens and logical
reasoning.

• Bamboogle (Press et al., 2023): A question-
answering benchmark requiring composition of
multiple facts to arrive at a solution, evaluating
both information retrieval and reasoning abilities.

For deep search evaluation, we adopt 4 challeng-
ing search-intensive benchmarks as follows:

• General AI Assistant (GAIA) (Mialon et al.,
2023): A benchmark of 466 carefully designed
real-world tasks that evaluate LLMs’ core capa-
bilities, including reasoning, web browsing, and
tool use, providing a framework for assessing
general AI assistants. We use only the text-subset
with 103 examples, with 39, 52, 12 samples for
Lv.1, Lv.2, Lv.3 separately.

• WebWalkerQA (Wu et al., 2025b): A benchmark
of 680 question–answer pairs designed to eval-
uate LLMs’ web traversal abilities, focusing on
multi-hop reasoning over complex and dynamic
web content. We use a subset with 200 exam-
ples following (Dong et al., 2025b), with 45, 84,
71 samples for Easy, Medium, Hard level prob-
lems separately. Among these questions, 125
are chinese questions, while the rest are english
questions.

• FRAMES (Krishna et al., 2025): A comprehen-
sive evaluation dataset for Retrieval-Augmented
Generation systems with 824 samples, testing ca-
pabilites across factuality, retrieval accuracy, and
reasoning.

• SealQA (Thinh Pham et al., 2025): This bench-
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mark presents a challenge for evaluating search-
augmented LLMs on fact-seeking questions,
where web search often returns conflicting, noisy,
or uninformative results. For our experiments,
we use the Seal-0 subset, which contains 111
samples, and the Seal-Hard subset, which con-
tains 143 samples excluding those in Seal-0. We
omit the LongSeal subset, as our model has not
been optimized for long-context scenarios.
To facilitate evaluation, we select the first 500

examples from datasets with a large volume of data.

C Implementation Details

C.1 Tool Configuration

We employ two categories of tools: coding tools
and search tools. For coding, we use a Python in-
terpreter with a timeout of 120 seconds. For search
during training on reasoning tasks, we adopt a local
dense retriever following (Jin et al., 2025b). The
retriever is based on the 2018 Wikipedia corpus,
which provides a large-scale and stable document
collection. We use intfloat/e5-base-v2 as the
retriever backbone, retrieve the top-5 documents
per query, and truncate each document to a maxi-
mum length of 800 tokens.

For deep search training and for evaluation
across all datasets, we instead use a Google search
engine. This design choice is motivated by the fact
that many questions require access to more recent
or domain-diverse documents that are not covered
by Wikipedia alone, even with optimal query for-
mulation. We use the Serper API to obtain Google
search results, returning the top-10 results, each
consisting of a title, URL, and snippet. Follow-
ing retrieval, we crawl the webpages associated
with each URL and apply a filtering step based on
word-overlap F1 score between the webpage con-
tent and the snippet. The filtered content is treated
as the final search result. Regardless of whether
it originates from the local dense retriever or the
web search engine, this search result is provided
to an LLM, which extracts and summarizes query-
relevant information and returns the condensed evi-
dence to the agent for subsequent decision making
following the instruction in Fig. 12.

C.2 Inference Settings

We use vLLM (Kwon et al., 2023) under the Apache
License 2.0 as the inference framework. During
generation, we set the temperature to 0.6, top-p to
0.95, and the repetition penalty to 1.1. We allow

at most 5 tool calls to the code interpreter and 10
tool calls to the search tool per sample. The overall
time limit for processing a single sample is set to
1500 seconds.

C.3 Training Configuration
We first conduct cold-start supervised fine-tuning
(SFT) to empower the model with basic agentic
capabilities, then we conduct reinforcement learn-
ing to further enhance and internalize it agentic
capabilities.

In the SFT stage, we train the model on
the ToolStar-54K dataset, which contains both
mathematical problems and question-answering
tasks (Dong et al., 2025a). Trajectories are sam-
pled from Qwen2.5-3B-Instruct based on answer
accuracy. We use LLaMA-Factory (Zheng et al.,
2024) under the Apache License 2.0 as the training
framework and train for 3 epochs with a learning
rate of 7× 10−6, a batch size of 128, and a cosine
learning rate scheduler with a warmup ratio of 0.1.
Weight decay is set to 0.1.

After obtaining the SFT checkpoints, we per-
form reinforcement learning based on verl frame-
work under the Apache License 2.0. For reasoning
tasks, we train on 10k ToolStar examples (5k math
and 5k question-answering) for 2 epochs with a
learning rate of 1× 10−6. The training batch size
is 128, with a maximum prompt length of 1536
and a maximum response length of 4096. For each
prompt, we sample 16 rollout trajectories and com-
pute relative rewards to estimate advantages.

For deep search tasks, we use a dataset of 1.1k
hard search questions, containing 871 questions
from SimpleDeepResearcher (Sun et al., 2025) and
200 questions from WebSailor (Li et al., 2025a).
The model is trained for 5 epochs using the same
learning rate of 1× 10−6. The maximum prompt
length is increased to 2000 and the maximum re-
sponse length to 10,000. We generate 16 rollout
trajectories for 8B models and 12 trajectories for
14B models due to memory constraints.

Across all training runs, we set the hyperparame-
ter λ in Eq. (10) to 0.2, which encourages learning
from observations while preventing the observa-
tion loss term from dominating gradient updates.
We set β = 0 in both Eq. (11) and Eq. (5) to
promote policy exploration. All experiments are
conducted on 8 NVIDIA H20 GPUs, and we em-
ploy FlashAttention-2 (Dao, 2024) and DeepSpeed
ZeRO-3 (Rasley et al., 2020; Ren et al., 2021) to
accelerate training.

35189



Judge Model AIME24 AIME25 MATH500 GSM8K MATH Avg

Qwen3-30B-A3B 33.3 33.3 84.2 92.0 89.4 66.4
Claude-4.5-Sonnet 33.3 33.3 84.0 92.2 89.4 66.4
Gemini-2.5-Flash 33.3 33.3 83.2 92.0 89.4 66.2
GPT-5.2 33.3 33.3 84.0 92.0 89.2 66.4

Max Diff 0.0 0.0 1.0 0.2 0.2 0.2

Table 4: Robustness to judge model choice. We re-evaluate the same predictions using four different judge models.
The performance is highly stable across judges, with at most 1.0 percentage point deviation on any benchmark.
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Figure 7: Per-step RL training time during Deep Search
training on Qwen3-8B. Left: absolute training time mea-
sured at regular training checkpoints. Right: relative re-
duction in training time of SOAR compared with GRPO.

C.4 Reward Design
Rewards are computed based on both final an-
swer accuracy and format correctness, following
(Dong et al., 2025b). Final answer accuracy is
measured using word-level F1 score, while format
correctness is determined by whether the answer is
wrapped in \box{}. Responses that achieve both a
positive word-level F1 score and correct formatting
are assigned higher rewards. The reward formula
is as follows:

r(s,G) =
(
Ifm(s)− 1

)

+ Ifm(s) ·
[
I(F1 > 0)

(
F1 + 0.1 Itc(s)

)]
.

(12)

Here, s is the answer extracted from \box{}, G is
the ground truth answer, and F1 is the word-level
F1 score between the two strings. Ifm(s) represents
whether the trajectory fulfills the format require-
ments, while Itc(s) represents whether the trajec-
tory contains both tool call for search and code
interpreter.

D Further Quantitative Analysis

In this section, we conduct further quantitative anal-
ysis on the training time of SOAR, and the robust-
ness to judge model choice for evaluation.

D.1 Training Time Comparison
To investigate the additional computation cost for
SOAR compared to other baselines, we measure

the per-step RL training time in Fig. 7. We ob-
serve reduced overall training time because SOAR
improves agent efficiency, leading to shorter and
more effective trajectories with fewer redundant
tool calls. Since rollout generation dominates agen-
tic RL training cost, improved rollout efficiency
reduces end-to-end training time. The additional
entropy computation itself introduces negligible
overhead, since, entropy is computed directly from
token log-probabilities already produced during
the forward pass, requiring only lightweight addi-
tional reductions per token. No additional model
parameters, forward passes, or auxiliary networks
are introduced. Thus, SOAR introduces negligible
computational overhead.

D.2 Robustness to Judge Model Choice
In our setting, the judge is only used to verify
whether the predicted answer matches the refer-
ence answer, which is a largely objective matching
task with minimal subjective interpretation. To as-
sess robustness, we re-evaluated results using multi-
ple alternative judge models, including Claude-4.5-
Sonnet, Gemini-2.5-Flash, and GPT-5.2, in addi-
tion to Qwen3-30B-A3B. As shown in Table 4, the
reported performance is highly stable across judges.
The maximum deviation across judge models is at
most 1.0 percentage point on every benchmark,
with an average maximum deviation of only 0.28
percentage points across tasks. Most differences
are within 0.2 points. These results indicate that
our conclusions are not sensitive to the choice of
judge model. This evaluation protocol is also con-
sistent with prior agentic RL work such as (Li et al.,
2025b; Dong et al., 2025b).

E Generalizability Analysis

In this section, we evaluate SOAR on more ad-
vanced RL algorithms, including Reinforce++ (Hu,
2025) and ARPO (Dong et al., 2025b), as reported
in Tab. 5. When combined with SOAR, Rein-
force++ and ARPO achieve consistent performance
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Method Math
AVG

Know.
AVG Overall

ARPO 54.0 49.0 51.5
+SOAR 55.0 49.6 52.3

Reinforce++ 52.0 48.4 50.2
+SOAR 55.4 50.3 52.9

Table 5: Generalizability to other RL algorithms.

improvements of 5.4% and 1.6%, respectively. For
the baseline algorithms, we observed gradient ex-
plosion around 50–60% of the total training steps,
so we selected the checkpoint immediately pre-
ceding this instability for evaluation. To ensure a
fair comparison, we also selected the SOAR check-
points at the corresponding training steps, even
though training with SOAR does not exhibit gradi-
ent explosion or exhibit at later steps. Extending
training with ARPO + SOAR to the full 2 epoch
further boosts overall performance to 53.0. We
expect that with additional RL stabilization tech-
niques could yield even greater gains, which we
leave for future work.

F Prompt Templates

In this section, we demonstrate the instruc-
tions used for our experiments, including system
prompts for training and inference in Figs. 8 to 11,
instructions for information extraction model after
a search tool call in Fig. 12, and the instruction
used for LLM-as-Judge Fig. 13.

G Case Study

We present examples of outputs from the optimized
model on MATH, Bamboogle, and GAIA. We ob-
serve that models trained with SOAR exhibits more
reasoning-consistent tool calls and more accurate
tool call arguments.

In addition, we examined the GAIA Lv.3 sub-
set and found that the observed performance drop
(8.3%) is largely driven by a single case, which is
more noticeable due to the small size of this subset
(12 samples). In this instance, the 8B model shows
a minor inconsistency in applying decision rules,
while the 14B model produces a slightly different
output because it used a rounded approximation
for a quantitative value in the retrieved evidence.
These differences are limited to this individual case
and are not observed across other subsets. Over-
all, this variation reflects the inherent sensitivity of

small-sample evaluations rather than a substantive
issue with model behavior or methodology.
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Training Template

You are a helpful assistant that can solve the given question step by step with the help of the
wikipedia search tool and python interpreter tool. Given a question, you need to first think about
the reasoning process in the mind and then provide the answer. During thinking, you can invoke
the wikipedia search tool to search and python interpreter tool to calculate the math problem for
fact information about specific topics if needed. The reasoning process and answer are enclosed
within <think> </think> and <answer> </answer> tags respectively, and the search query and result
are enclosed within <search> </search> and <result> </result> tags respectively. For example,
<think> This is the reasoning process. </think> <search> search query here </search> <result>
search result here </result> <think> This is the reasoning process. <python> python code here
</python> <result> python interpreter result here </result> <think> This is the reasoning process.
</think> <answer> The final answer is \box{answer here} </answer>. In the last part of the answer,
the final exact answer is enclosed within \box{}with latex format.

Figure 8: Instruction used for training.

Direct Reasoning Instruction

You are a helpful assistant that can solve the given question step by step. Given a question, you
need to first think about the reasoning process in the mind and then provide the answer. The
reasoning process and answer are enclosed within <think> </think> and <answer></answer> tags
respectively. For example, <think> This is the reasoning process. </think> <answer> The final
answer is \box{answer here} </answer>. In the last part of the answer, the final exact answer is
enclosed within \box{}with latex format.

Figure 9: Instruction used for testing standard reasoning.

Standard RAG Instruction

You are a knowledgeable assistant that utilizes the provided documents to answer the user’s
question accurately.
Guidelines:
- Analyze the provided documents to extract relevant information. Synthesize the information to
formulate a coherent and accurate answer.
- Ensure that your response directly addresses the user’s question using the information from the
documents.
Given a question and the provided reference documents, you need to first think about the reasoning
process in the mind and then provide the answer. The reasoning process and answer are enclosed
within <think> </think> and <answer> </answer> tags respectively. For example, <think> This is
the reasoning process. </think> <answer> The final answer is \box{answer here} </answer>. In
the last part of the answer, the final exact answer is enclosed within \box{}with latex format.

Figure 10: Instruction used for testing standard RAG.
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ReAct and Search-o1 Instruction

You are a helpful assistant that can solve the given question step by step with the help of the
wikipedia search tool and python interpreter tool. Given a question, you need to first think about
the reasoning process in the mind and then provide the answer. During thinking, you can invoke the
wikipedia search tool to search and python interpreter tool to calculate the math problem for fact
information about specific topics if needed. The reasoning process and answer are enclosed within
<think> </think> and <answer> </answer> tags respectively, and the search query and result
are enclosed within <search> </search> and <result> </result> tags respectively. For example,
<think> This is the reasoning process. </think> <search> search query here </search> <result>
search result here </result> <think> This is the reasoning process. </think> <python> python code
here </python> <result> python interpreter result here </result> <think> This is the reasoning
process. </think> <answer> The final answer is \box{answer here} </answer>. In the last part of
the answer, the final exact answer is enclosed within \box{}with latex format.

Figure 11: Instruction used for testing Search-o1.

Search Result extraction Instruction

Task Instruction:
You are tasked with reading and analyzing web pages based on the following inputs: Current
Search Query, and Searched Web Pages. Your objective is to extract relevant and helpful
information for Current Search Query from the Searched Web Pages.
Guidelines:
1. Analyze the Searched Web Pages:
- Carefully review the content of each searched web page.
- Identify factual information that is relevant to the Current Search Query and can aid in the
reasoning process for the original question.
- Ensure that the extracted information is accurate and relevant.
- DO NOT add any new knowledge that does not exist in the searched web pages.
2. Output Format:
- Present the helpful information for current search query: beginning with ‘Final Information’ as
shown below.
Final Information
[Helpful information]
Inputs:
- Current Search Query:
{search_query}
- Searched Web Pages:
{documents}
Now you should analyze each web page and find helpful information based on the current search
query “{search_query}” and previous reasoning steps.

Figure 12: Instruction used for extracting relevant information from search results.
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LLM-as-Judge Instruction

Given a Question and its Golden Answer, verify whether the Predicted Answer is correct. The
prediction is correct if it fully aligns with the meaning and key information of the Golden Answer.
Respond with “Correct” if the prediction is correct and “Incorrect” otherwise. Golden Answer
may have multiple options, and matching any one of them is considered correct.
Question: {question}
Golden Answer: {labeled_answer}
Predicted Answer: {pred_answer}

Figure 13: Instruction used for comparing a prediction and a reference answer for LLM.
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Case 1: Reasoning-aligned code tool calling

Question: Round 6287215 to the nearest ten thousand.
Answer: 6290000
GRPO: <think> To round the number 6287215 to the nearest ten thousand, we need to follow
these steps:...
Let’s confirm this using Python code.
<think><python>
...
# Round the number to the nearest ten thousand
rounded_number = round(number, -5)
print(rounded_number)
</python>
<result>6300000</result>
<think>
It seems there was a slight misunderstanding in the initial explanation. When rounding to the
nearest ten thousand, the correct approach is to look at the digit in the thousands place. Let’s
correct the code and explanation. The correct steps are: ...
Let’s confirm this using Python code again.
<think><python>
...
# Round the number to the nearest ten thousand
rounded_number = round(number, -5)
print(rounded_number)
</python>
<result>6300000</result>
<answer>The output from the code confirms that the correct rounding of 6287215 to the nearest
ten thousand is indeed 6300000. Therefore, the final answer is 6300000 .</answer>
SOAR:
<think> To round the number 6287215 to the nearest ten thousand, we need to look at the digit in
the thousands place. If this digit is 5 or greater, we round up the ten thousands digit by one. If it is
less than 5, we keep the ten thousands digit as it is.
Here’s the step-by-step process:
...
Let’s confirm this with Python code.
<think><python>
# Define the number
number = 6287215
# Round the number to the nearest ten thousand
rounded_number = round(number, -4)
print(rounded_number)
</python>
<result>6290000</result>
<answer>The number 6287215 rounded to the nearest ten thousand is 6290000 .</answer>

Figure 14: A case from the MATH dataset. The GRPO-trained model fails to produce Python code consistent with
its reasoning, rounding a number incorrectly to a hundred thousand instead of to the nearest ten thousand. Even
after recognizing the mistake, it does not correct the error. In contrast, the model trained with SOAR successfully
aligns its code with its reasoning and solves the problem correctly, demonstrating improved reasoning-to-execution
consistency.
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Case 2: Purpose-aligned tool calling

Question: As of August 1, 2024, what is the population of the writer of the “Culdcept Saga”’s
birthplace? Write the answer to the nearest million, in characters.
Answer: Two million.
GRPO:
<think> Okay, let’s tackle this question step by step...</think>
<search>writer of Culdcept Saga</search>
<result>From the searched web pages, the writer (specifically the story and scenario writer) of
*Culdcept Saga* is **Tow Ubukata**...</result>
<think>Alright, so the writer is Tow Ubukata. Now, I need to find his birthplace...</think>
<python> ...
print("Searching for Tow Ubukata’s birthplace...")
birthplace = "Tokyo, Japan"
print(f"Tow Ubukata’s birthplace is birthplace.")
projected_population = 38
...</python>
<result>Searching for Tow Ubukata’s birthplace...</result>
<think>Wait, but I should verify the exact birthplace. Maybe the search results...</think>
<search>Tokyo population 2024 projection</search>
<result>..."The largest and most populated city on Earth is Tokyo, Japan, with a population of
approximately 37.1 million people in its urban area as of 2024."...</result>
<think>Okay, so after correcting myself, the accurate number based on the search results is 37.1
million, which rounds to 37 million...</think>
<answer> 37 </answer>
SOAR:
<think> Okay, let me try to figure this out step by step. ...
Let me do a quick search. Let me start by searching for the writer of Culdcept Saga.</think>
<search>writer of culdcept saga</search>
<result>Based on the searched web pages, particularly...the primary writer of the story and scenario
for *Culdcept Saga* is **Tow Ubukata**...</result>
<think> Okay, so according to the search results, the writer of Culdcept Saga is Tow Ubukata. Now
I need to find out where he was born...</think>
<search>Tow Ubukata birthplace</search>
<result>Based on the searched web pages, particularly...the birthplace of Tow Ubukata is confirmed
to be **Gifu Prefecture, Japan**. Specifically:...</result>
<think> Alright, so his birthplace is Gifu Prefecture, Japan. Now I need to find the population of
Gifu Prefecture as of August 1, 2024...</think>
<search>Gifu Prefecture population 2024</search>
<result>Based on the searched web pages, particularly **Web Page 1 (Wikipedia)**, the population
of Gifu Prefecture as of **April 1, 2025**, is **2,040,000**. This is the most recent official
population figure available ...</result>
<think> Hmm, the sources give conflicting numbers. Some say 2,040,000 as of April 2025, others
older figures like 1,931,212 in 2023....</think>
<answer> 2 </answer>

Figure 15: A case from the FRAMES dataset. The GRPO trained model cheat by using python code to print the
internal knowledge instead of using search tool to acquire information related to the question, thereby produces the
wrong answer. In contrast, the model trained with SOAR successfully searched all the relevant information required
for solving the problem, demonstrating improved tool call productivity.
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Case 3: Search accuracy comparison

Question: In 2016, who was the host of the longest running talk show?
Answer: Jimmy Fallon
GRPO:
<think>... Let’s break down my plan: 1. Search for lists of long-running talk shows, focusing
on those active around 2016. 2. Identify the oldest among them. 3. Find the host(s) of that
show.</think>
<search>list of long running talk shows started before 2016</search>
<result>From the searched web pages, the following long-running talk shows that began before
2016 are particularly relevant to identifying the "longest running talk show" as of 2016:...</result>
<think>The search results indicate that "The Tonight Show" is the longest-running talk show
franchise. Under Johnny Carson, it ran from 1962 to 1992...Let’s look for more recent lists
or discussions specifically addressing the state of talk shows in 2016 regarding their historical
standing.</think>
<search>which talk show was the longest running in 2016</search>
<result>...**The Tonight Show** is consistently identified across multiple sources (including
Wikipedia, CNN, and academic analyses) as the **longest-running talk show in American televi-
sion history**. It began on **September 27, 1954**...</result>
<think>The search results confirm that "The Tonight Show" is the longest-running talk show ever. ...
That show was "The Tonight Show," and its primary host during its formative and longest-running
periods was Johnny Carson.</think><answer> Johnny Carson </answer>
SOAR:
<think> To determine who hosted the longest-running talk show in 2016, I will start by identifying
which talk shows have been around for an extended period before looking into their hosts during
that year.</think>
<search> search query: Which talk show has the longest history?</search>
<result>The Tonight Show is the longest-running talk show in television history...This establishes
that The Tonight Show has the longest history among all talk shows, making it the definitive answer
to the query.</result>
<think> After finding out that "The Tonight Show" holds the record for being the longest-running
talk show due to its inception back in 1954, my next task would be determining whose role as host
contributed towards maintaining such longevity specifically up until 2016.</think>
<search> search query: Who was hosting The Tonight Show in 2016?</search>
<result>Based on the searched web pages, specifically ... it is confirmed that **Jimmy Fallon**
was hosting *The Tonight Show* in 2016...</result>
<think> Now having identified both pieces of necessary information—the longest-running talk
show being "The Tonight Show", and the person who hosted it in 2016 as Jimmy Fallon—I am
ready to formulate my response to the original question.</think>
<answer> JimmyFallon </answer>

Figure 16: A case from the Bamboogle dataset. The GRPO trained model only searched the show correctly, but
extracted the host required wrongly, while the SOAR trained model identifies the host for 2016 correctly.
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