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ABSTRACT

Large language model (LLM)-based agents have demonstrated strong capabilities
on complex tasks. They typically perform reasoning before each action through-
out an interaction trajectory. However, reasoning may not be necessary at every
turn, as reasoning produced earlier can continue to support subsequent actions. A
key challenge is therefore to determine when existing reasoning remains sufficient
and when a new reasoning step is needed, without relying on costly generation-
based verification. We find that decreases in the likelihood of subsequent reference
actions after removing additional reasoning closely track whether those actions re-
main recoverable given earlier reasoning, providing an effective and lightweight
signal for estimating cross-turn action support. Based on this observation, we pro-
pose Reasoning Adaptation through Cross-Turn Estimation (RACE), a training
approach for adaptive agent reasoning. RACE introduces a Likelihood-Guided
Progressive Reasoning Cover Detection (LoGiC) procedure that progressively
identifies reasoning turns whose removal has limited impact on the current and
subsequent reference actions. The resulting removal signals are incorporated into
both supervised fine-tuning and agentic reinforcement learning, enabling the pol-
icy to learn when to reason and when to act directly. Extensive experiments on
four representative agent benchmarks show that RACE substantially reduces rea-
soning cost while maintaining or improving task performance.

1 INTRODUCTION

Recent advances in Large Reasoning Models (LRMs) (OpenAI, 2024; DeepSeek-AI, 2025; Qwen
Team, 2025) have significantly improved the capabilities of agents on complex tasks that require
sustained planning and execution across multiple interaction turns (Wang et al., 2025; Li et al.,
2026b; Jin et al., 2026; Li et al., 2026a; Tan et al., 2026). In these tasks, agents make sequential
decisions by incorporating historical actions and environment feedback into their evolving context.
Under this paradigm, many existing agents explicitly generate reasoning steps before action deci-
sions (Yao et al., 2023; Li et al., 2025; Cheng et al., 2026b; Zheng et al., 2025), implicitly treating
reasoning as necessary at every interaction turn and incurring substantial inference cost over long
trajectories (Chen et al., 2025; Yang et al., 2026a; Chen et al., 2026a).

However, reasoning may not be confined to the interaction turn in which it is generated. Our analysis
shows that earlier reasoning can support subsequent actions over varying ranges: some reasoning
steps remain useful for only one subsequent turn, while others continue to support actions across
multiple turns, as shown in Figure 1. Such persistence may be explained by the fact that previously
generated plans, constraints, or intermediate judgments can remain useful beyond their original
turns (Ning et al., 2026) and continue to support subsequent actions. We refer to this as cross-turn
reasoning persistence. Under this perspective, we think agents do not need to generate reasoning
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Figure 1: Analysis of cross-turn reasoning support. (a) Reference-action recovery at subsequent
turns after removing later reasoning. (b) Decreases in the likelihood of subsequent reference actions
closely correspond to the recovery rate, providing a lightweight proxy for action recoverability.

at every turn when previous reasoning remains sufficient to support later actions. A new reasoning
step is only required when changes in the interaction context make previous reasoning insufficient.

This perspective aligns with recent studies on adaptive reasoning (Zhang et al., 2025; Yang et al.,
2026a; Lee et al., 2026a; Ning et al., 2026), which seek to reduce inference cost by determining
whether reasoning is necessary at each interaction turn. To obtain turn-level removal signals, they
typically compare actions generated with and without a reasoning step (Yang et al., 2026b). How-
ever, these approaches do not explicitly account for the varying cross-turn persistence of reasoning,
with reasoning necessity typically assessed independently at each turn. Moreover, obtaining the
removal signals requires repeated generations for candidate reasoning turns, increasing the cost of
supervised fine-tuning data synthesis as trajectories grow longer (Lee et al., 2026b). This challenge
becomes more pronounced in on-policy reinforcement learning, where generation-based verifica-
tion must be repeatedly performed at every interaction turn to obtain local turn-level signals for
newly sampled trajectories as the policy evolves, introducing substantial computational overhead
and limiting scalability. Therefore, the key to reducing inference cost is not independently deter-
mining whether reasoning steps can be removed, but estimating how far existing reasoning remains
sufficient and when a new reasoning step becomes necessary.

In this paper, we investigate this problem and seek a lightweight alternative to turn-level verifica-
tion of reasoning necessity. We find that decreases in the likelihood of subsequent reference actions
after removing additional reasoning closely track whether those actions remain recoverable given
earlier reasoning. This observation motivates using likelihood decrease of subsequent actions as a
lightweight signal for evaluating reasoning removal from existing trajectories, without repeatedly
generating candidate actions for verification. Therefore, we propose RACE (Reasoning Adaptation
through Cross-Turn Estimation), a training approach that learns adaptive reasoning behavior by es-
timating the cross-turn impact of reasoning removal. The core of RACE is a Likelihood-Guided
Progressive Reasoning Cover Detection (LoGiC) procedure that uses reference-action likelihood
decrease as a lightweight signal for reasoning removal. In detail, LoGiC assesses each candidate
reasoning by measuring the effect of its removal on the likelihood of the current and subsequent ref-
erence actions under the resulting context. A candidate is removed only when the decrease remains
within a predefined threshold across all affected actions. The retained reasoning steps collectively
form a reasoning cover that provides sufficient support for actions throughout the trajectory. Unlike
generation-based turn-level verification, LoGiC requires only likelihood computation for existing
reference actions, enabling efficient derivation of turn-level reasoning removal signals for training.

RACE further incorporates these signals into both supervised fine-tuning (SFT) and agentic rein-
forcement learning (RL). During the SFT stage, LoGiC transforms full-reasoning trajectories into
adaptive reasoning trajectories, teaching the model when it can act directly without additional rea-
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soning. Building on this initialization, RACE introduces cover-aware agentic RL, where LoGiC is
applied to successful trajectories sampled from the current policy to derive their reasoning removal
signals. The signals are converted into reasoning-closure supervision, providing a direct learning
signal for when to terminate reasoning. In this way, the task reward optimizes task performance,
while LoGiC-derived reasoning removal signals shape adaptive reasoning behavior.

We evaluate RACE on four representative agent benchmarks spanning scientific reasoning, web
shopping, application use, and knowledge-intensive reasoning. Compared with standard SFT fol-
lowed by RL, RACE maintains comparable task performance while reducing reasoning tokens by
32.3%, 80.2%, 46.4%, and 62.0% on ScienceWorld, WebShop, AppWorld, and DeepSearch, vali-
dating its ability to learn effective adaptive reasoning behavior.

Our main contributions are summarized as follows:

• We characterize the cross-turn effect of agent reasoning, showing that earlier reasoning can con-
tinue to support subsequent actions over varying ranges, and that reference-action likelihood de-
crease provides a lightweight proxy for estimating this support.

• We propose RACE, a training approach for adaptive agent reasoning that leverages likelihood-
guided cross-turn estimation to derive reasoning removal signals and incorporates them into both
supervised fine-tuning and agentic reinforcement learning.

• Extensive experiments on four representative agent benchmarks show that RACE substantially
reduces reasoning cost while maintaining or improving task performance.

2 PRELIMINARIES

Before presenting our method, we first establish the problem formulation, measure how far existing
reasoning can support subsequent actions through repeated action generation, and further seek a
lightweight signal that does not require repeated action generation.

2.1 PROBLEM FORMULATION

To formalize our study of agent reasoning, we consider an agent completing a task q over T decision
turns. At each turn t, it takes action at and receives observation ot, with optional reasoning rt
generated before the action. Let xt = (q, r1, a1, o1, . . . , at−1, ot−1) denote the context before turn
t. Rather than requiring reasoning before every action, we consider two execution modes under the
policy πθ. At turn t, the agent may generate reasoning and then take an action,

rt ∼ πθ(· | xt), at ∼ πθ(· | xt, rt), (1)

or act directly without generating additional reasoning at the current turn,

at ∼ πθ(· | xt). (2)

Our objective is to optimize πθ to selectively invoke reasoning across decision turns while still
preserving task performance during agent execution.

2.2 MEASURING CROSS-TURN SUPPORT THROUGH GENERATION

To directly measure how far existing reasoning can support subsequent actions, we analyze suc-
cessful trajectories generated by Qwen3.5-9B on ScienceWorld and WebShop. Given a successful
full-reasoning trajectory τ = (q, (rt, a

∗
t , ot)

T
t=1), where a∗t is the reference action at turn t, we select

turn s as the cutoff, retain all reasoning through turn s, and remove all reasoning steps after turn s
while keeping the original actions and observations unchanged.

For each turn j > s, we denote the resulting truncated context as x̃j , generate K actions from this
context, and compute the reference-action recovery rate:

Recj =
1

K

K∑
k=1

I
[
â
(k)
j ≃ a∗j

]
, â

(k)
j ∼ πθ(· | x̃j). (3)
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Here, K = 4, and ≃ denotes canonical action equivalence. As shown in Figure 1(a), reasoning
from earlier turns can continue to support later actions, allowing subsequent actions to be recovered
without additional reasoning. However, the effective range of this support varies: some reasoning
supports only the immediate action, while others remain useful across multiple subsequent turns.

While reference-action recovery rate provides a direct measure of such support, it requires full au-
toregressive decoding for every candidate context. This makes repeated verification costly for large-
scale data synthesis and especially for on-policy reinforcement learning.

2.3 LIKELIHOOD-BASED ESTIMATION OF ACTION SUPPORT

Generation-based recovery rate directly measures whether subsequent reference actions remain re-
coverable when only earlier reasoning is retained, while this behavior may also be reflected in their
likelihoods. If a subsequent action remains recoverable given earlier reasoning, its reference-action
likelihood should remain relatively stable; otherwise, it should decrease. We therefore examine the
relationship between likelihood decrease and generation-based recovery rate.

For a reference action a∗j with Mj tokens, we define its mean token log-likelihood under context h:

ℓ(a∗j | h) = 1

Mj

Mj∑
m=1

log πθ

(
a∗j,m | h, a∗j,<m

)
. (4)

For each truncated context x̃j and the corresponding complete context (xj , rj), we define the de-
crease in the reference action likelihood as

dj = ℓ(a∗j | (xj , rj))− ℓ(a∗j | x̃j). (5)

As shown in Figure 1(b), reference-action likelihood decrease closely corresponds to reference-
action recovery rate. Small decreases generally correspond to reliable recovery, while larger de-
creases are associated with lower recovery rates. This suggests that likelihood decrease can serve
as a lightweight proxy for subsequent action recoverability given earlier reasoning. Unlike action
generation, it only requires batched teacher-forced scoring of reference actions.

3 METHODOLOGY

In this section, we introduce RACE, a training approach that enables agents to adaptively determine
when to reason and when to act directly. An overview of RACE is illustrated in Figure 3.

• Likelihood-Guided Progressive Reasoning Cover Detection (§3.1): We use reference-action
likelihood decrease to identify removable reasoning and construct a reasoning cover.

• Agent Reasoning Synthesis for Supervised Fine-Tuning (§3.2): Based on the identified reason-
ing cover, we synthesize adaptive reasoning trajectories for supervised fine-tuning.

• Reasoning-Cover-Aware Agentic Reinforcement Learning (§3.3): We further develop a cover-
aware agentic RL approach that masks removable reasoning from policy-gradient optimization
and provides reasoning-closure supervision on successful rollout trajectories.

3.1 LIKELIHOOD-GUIDED PROGRESSIVE REASONING COVER DETECTION

Motivated by the correspondence between likelihood decrease and action recovery observed in §2.3,
we use reference-action likelihood decrease to evaluate the effect of reasoning removals and pro-
gressively construct a reasoning cover. As shown in Figure 2, the procedure consists of three steps:

(1) Action-Likelihood Initialization. Given an agent trajectory τ = (q, (rt, at, ot)
T
t=1), we treat

each action at as a fixed reference action, denoted by a∗t , for likelihood evaluation under its original
full-reasoning context. Following Equation 4, we initialize the action-likelihood vector as

ℓ(0) = [ℓ(a∗1 | x1, r1), . . . , ℓ(a
∗
T | xT , rT )] . (6)

This vector serves as the reference for subsequent reasoning-cover construction.
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Figure 2: Overview of the Likelihood-Guided Progressive Reasoning Cover Detection (LoGiC). (1)
Reference-action likelihoods are initialized on the full trajectory. Starting from the second turn, (2)
LoGiC tests whether the reasoning can be removed, and (3) verifies the removal based on likelihood
decrease, with each accepted removal updating the context used to evaluate subsequent turns.

(2) Progressive Reasoning Compression. To assess the effect of removing a reasoning step un-
der the current compressed context, we construct a candidate trajectory without that reasoning and
recompute the likelihoods of the current and subsequent reference actions for comparison.

Specifically, we evaluate each reasoning step sequentially starting from the second turn and carry
accepted removals forward to subsequent turns. Let x(t) denote the context before turn t after
applying all reasoning removals accepted at preceding turns. In particular, x(1) = (q) and x(2) =(
x(1), r1, a

∗
1, o1

)
. At turn t ∈ {2, . . . , T}, we remove rt to construct a candidate trajectory and

compute the corresponding candidate action-likelihood vector as

ℓ̃(t) =
[
ℓ̃
(t)
1 , . . . , ℓ̃

(t)
T

]
, (7)

where

ℓ̃
(t)
j =


ℓ
(t−1)
j , j < t,

ℓ(a∗t | x(t)), j = t,

ℓ(a∗j | x(t), a∗t , ot, (ru, a
∗
u, ou)

j−1
u=t+1, rj), j > t.

(8)

In the case of j > t above, the candidate trajectory differs from the current trajectory only by the
removal of rt, while all subsequent reasoning, actions, and observations remain unchanged.

(3) Likelihood-Based Verification. To determine whether a candidate reasoning step can be safely
removed under the current compressed context, we measure its effect on the likelihoods of the cur-
rent and subsequent reference actions. Specifically, for each reference action a∗j for j ∈ {t, . . . , T},
we compute the corresponding likelihood decrease as

d
(t)
j = ℓ

(t−1)
j − ℓ̃

(t)
j . (9)

We accept the removal of rt only if the decrease remains within the threshold ϵ consistently for all
current and subsequent reference actions throughout the entire trajectory:

d
(t)
j ≤ ϵ, ∀j ∈ {t, . . . , T}. (10)

The likelihood vector and context are then updated according to the verification result:

(
ℓ(t), x(t+1)

)
=


(
ℓ̃(t),

(
x(t), a∗t , ot

))
, if accepted,(

ℓ(t−1),
(
x(t), rt, a

∗
t , ot

))
, otherwise.

(11)

After all turns have been examined, the retained reasoning steps constitute the reasoning cover of τ .
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Figure 3: Overview of our training approach RACE. RACE uses the LoGiC algorithm to identify
reasoning steps that can be safely removed, and the resulting signals are used in both supervised
fine-tuning and agentic reinforcement learning to learn adaptive reasoning behavior.

3.2 AGENT REASONING SYNTHESIS FOR SUPERVISED FINE-TUNING

To enable agents to adaptively determine when to reason and when to act directly, we use the rea-
soning covers identified by the Likelihood-Guided Progressive Reasoning Cover Detection (LoGiC)
algorithm in §3.1 to synthesize adaptive reasoning trajectories for supervised fine-tuning.

LoGiC-Based Data Synthesis. Given an agent trajectory τ , we apply the LoGiC algorithm to
identify reasoning that can be removed and obtain the corresponding adaptive agent reasoning tra-
jectory τ̃ = LoGiC(τ). The resulting trajectories constitute the SFT training data DSFT.

Supervised Fine-Tuning. We fine-tune the agent on DSFT using supervised learning:

LSFT = −Eτ̃∼DSFT

 |τ̃ |∑
n=1

log πθ (τ̃n | τ̃<n)

 . (12)

The loss is applied only to model-generated reasoning and action tokens. This stage provides di-
rect supervision for learning when to generate reasoning and when to act directly, serving as an
initialization for subsequent agentic reinforcement learning.

3.3 REASONING-COVER-AWARE AGENTIC REINFORCEMENT LEARNING

Supervised fine-tuning provides an initial adaptive reasoning policy from fixed offline trajectories,
which may not match the evolving policy. We therefore incorporate LoGiC into on-policy agentic
reinforcement learning. For each rollout batch, LoGiC identifies removable reasoning steps in suc-
cessful trajectories to mask unnecessary reasoning from the policy-gradient objective and supervise
reasoning termination. Failed trajectories follow standard GRPO.

LoGiC-Based Reasoning Masking. We first prevent GRPO from reinforcing reasoning that
LoGiC identifies as unnecessary. Specifically, for each successful on-policy trajectory, LoGiC de-
rives a set of SKIP turns Si. We mask the reasoning tokens at these turns from the GRPO objective
while retaining their action tokens for task optimization. Let Pi denote all policy-token positions in
τi, and Ki ⊆ Pi denote those remaining after masking turns in Si. The masked GRPO loss is

LGRPO = − 1∑
i∈B |Pi|

∑
i∈B

∑
k∈Ki

min
(
ri,k(θ)Âi, clip (ri,k(θ), 1− ϵclip, 1 + ϵclip) Âi

)
. (13)

Here, ri,k(θ) is the importance ratio and Âi the group-relative advantage. Masked reasoning tokens
are excluded from the policy gradient while their original positions remain in the normalization.

LoGiC-Based Reasoning Closure. Masking prevents redundant reasoning from being reinforced,
but does not directly encourage the policy to terminate reasoning at these turns. We therefore in-
troduce reasoning-closure supervision on LoGiC-verified SKIP turns. Specifically, let e denote the
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Table 1: Main results on four agent tasks, including ScienceWorld, WebShop, AppWorld, and
DeepSearch. Avg Tok. denotes the average number of reasoning tokens generated per trajectory.
For models with up to 32B parameters, the best results are in bold and the second are underlined.

Method
ScienceWorld WebShop AppWorld DeepSearch

Success ↑ Avg Tok.↓ Success ↑ Avg Tok.↓ Success ↑ Avg Tok. ↓ Success ↑ Avg Tok.↓

ReAct-style Iterative Reasoning Agents
DeepSeek-V4-Pro 32.11 1,662 40.20 1,288 87.69 3,016 40.00 1,243
GLM-5.3 30.29 1,854 46.60 1,715 77.61 17,142 24.00 3,287
GPT-5.5 (Medium) 69.88 793 40.20 799 91.11 1,002 46.25 557
Claude-Opus-4.6 (Medium) 59.37 - 53.40 - 78.80 - 30.00 -
Kimi-K3 45.52 1,633 45.80 1,471 80.00 2,751 44.25 1,679
Qwen3.8-27B 38.37 2,011 35.60 1,059 58.46 4,425 33.50 2,623
Qwen3.5-9B 18.52 2,210 15.60 2,713 46.15 3,134 29.25 1,281

Reasoning-Efficient Agents (Qwen3.5-9B)
Think Tool 19.63 2,426 14.00 2,154 43.59 2,943 25.75 987
ADaPT 14.24 5,512 31.80 3,720 21.20 4,166 25.75 1,797
Sparse ReAct 19.85 2,126 16.40 2,426 45.47 3,187 26.00 2,228
DART 17.92 1,413 18.20 1,791 49.06 2,345 29.00 1,316
AdaptThink 64.49 1,252 44.60 748 68.72 2,381 33.50 1,481
RACE-SFT 43.05 1,966 45.40 1,232 63.08 3,330 28.25 1,856
RACE-SFT-RL 73.28 1,403 53.40 535 65.13 1,900 35.00 822

reasoning termination token, Isucc denote the successful trajectories, Si denote their LoGiC-verified
SKIP turns, and x

(t)
i denote the corresponding compressed context. The reasoning-closure loss is

Lclose = − 1∑
i∈B Ti

∑
i∈Isucc

∑
t∈Si

log πθ

(
e | x(t)

i

)
, (14)

where Ti is the number of interaction turns in τi. Normalizing by total rollout turns makes clo-
sure supervision scale with the prevalence of LoGiC-verified SKIP turns. The final actor objective
combines task optimization with LoGiC-Based reasoning closure:

Lactor = LGRPO + λLclose, (15)

where λ controls the strength of reasoning-closure supervision.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS

Datasets and Evaluation. We evaluate RACE on four representative agent benchmarks: (1) Sci-
entific Reasoning: ScienceWorld (Wang et al., 2022) evaluates science tasks in simulated envi-
ronments requiring sequential reasoning and actions. (2) Web Shopping: WebShop (Yao et al.,
2022) evaluates product search and selection based on user requirements. (3) Application Use:
AppWorld (Trivedi et al., 2024) evaluates tasks through interactions with simulated apps and APIs.
(4) Knowledge-Intensive Reasoning: DeepSearch (Jin et al., 2025) evaluates knowledge-intensive
question answering through retrieval and reasoning. We report success rate and average reasoning
tokens per trajectory. Dataset and implementation details are in Appendices A and C.

Baselines. We compare RACE with the following agent reasoning baselines: (1) ReAct-style Itera-
tive Reasoning Agents. We evaluate ReAct (Yao et al., 2023)-style reasoning agents across a range
of representative open-source and closed-source models, including DeepSeek-V4-Pro (DeepSeek-
AI, 2026), GLM-5.3 (GLM, 2026), GPT-5.5 (OpenAI, 2026), Claude-Opus-4.6 (Anthropic, 2026),
Kimi-K3 (Kimi Team, 2026), and Qwen3.8 series (Qwen Team, 2026b). (2) Reasoning-Efficient
Agents. We further compare with Think Tool (Anthropic, 2025), ADaPT (Prasad et al., 2024),
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Table 2: Ablation studies of RACE. The best results are in bold.

Method
ScienceWorld WebShop AppWorld DeepSearch

Success ↑Avg Tok. ↓Success ↑Avg Tok. ↓Success ↑Avg Tok.↓Success ↑Avg Tok.↓

RACE-SFT-RL 73.28 1,403 53.40 535 65.13 1,900 35.00 822
w/o Reasoning Masking in RL 72.95 609 46.00 124 56.75 3,161 32.00 2,196
w/o LoGiC in RL (RACE-SFT+GRPO) 75.54 2,573 51.40 2,670 67.18 8,574 35.75 3,507
w/o LoGiC-RL (RACE-SFT) 43.05 1,966 45.40 1,232 63.08 3,330 28.25 1,856
w/o LoGiC (SFT+GRPO) 74.55 2,073 52.00 2,702 65.30 3,545 35.75 2,163
w/o Training (Base) 18.52 2,210 15.60 2,713 46.15 3,134 29.25 1,281
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Figure 4: Comparison of task performance and reasoning efficiency with and without LoGiC.

Sparse ReAct (Yao et al., 2023), DART (Lee et al., 2026a), and AdaptThink (Zhang et al., 2025). All
reasoning-efficiency methods are evaluated with Qwen3.5-9B (Qwen Team, 2026a) as the backbone
to ensure a fair comparison. Detailed descriptions of these baselines are provided in Appendix B.

4.2 MAIN RESULTS

Table 1 presents the main results across four representative agent benchmarks, evaluating both task
performance and reasoning cost. We summarize the key findings below.

Competitive Performance against Strong LLM Agents. RACE achieves competitive performance
against substantially larger and proprietary LLM agents, with success rates of 73.28, 53.40, 65.13,
and 35.00 on ScienceWorld, WebShop, AppWorld, and DeepSearch, respectively. Interestingly,
several LLM agents sometimes take actions without additional explicit reasoning, suggesting that
such adaptive behavior can emerge in capable agents. RACE learns this behavior through training,
skipping reasoning when appropriate while maintaining performance across diverse agent tasks.

Superior Performance and Reasoning Efficiency. RACE achieves a strong performance-
efficiency trade-off across four agent benchmarks. Compared with Qwen3.5-9B, RACE-SFT-RL
improves success by 54.76, 37.80, 18.98, and 5.75 points while reducing reasoning tokens by 36.5%,
80.3%, 39.4%, and 35.8% on ScienceWorld, WebShop, AppWorld, and DeepSearch, respectively.
Among same-backbone baselines, RACE-SFT-RL performs best on ScienceWorld, WebShop, and
DeepSearch, while using fewer tokens than AdaptThink on WebShop, AppWorld, and DeepSearch.

Further Gains from Cover-Aware Reinforcement Learning. Cover-aware RL further improves
upon RACE-SFT. Compared with RACE-SFT, RACE-SFT-RL increases success by 30.23, 8.00,
2.05, and 6.75 points on ScienceWorld, WebShop, AppWorld, and DeepSearch, respectively, while
reducing reasoning tokens by 28.6%, 56.6%, 42.9%, and 55.7%. These simultaneous gains show
that LoGiC serves as an effective proxy for deriving turn-level reasoning removal signals during
policy optimization without repeated generation-based verification.
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Figure 5: Scaling analysis with Qwen3.5-2B, 4B, and 9B across ScienceWorld, WebShop, Ap-
pWorld, and DeepSearch, showing task performance and reasoning efficiency at different model
scales under no additional training, RACE-SFT, and RACE-SFT-RL.

4.3 QUANTITATIVE ANALYSIS

Ablation Studies. We examine the effect of LoGiC-derived signals in SFT and RL. As shown in Fig-
ure 4, RACE-SFT stays within 1.88 points of standard SFT, while reducing reasoning tokens by 4.3%
to 20.0%. The efficiency gains are larger during RL. Compared with standard SFT+GRPO, RACE-
SFT-RL stays within 1.40 points while reducing reasoning tokens by 32.3%, 80.2%, 46.4%, and
62.0% on ScienceWorld, WebShop, AppWorld, and DeepSearch, respectively. Table 2 shows that
removing LoGiC from RL sharply increases reasoning cost, from 1,403 to 2,573 tokens on Science-
World, 535 to 2,670 on WebShop, 1,900 to 8,574 on AppWorld, and 822 to 3,507 on DeepSearch.
Removing reasoning masking also reduces success rate on ScienceWorld, WebShop, AppWorld, and
DeepSearch, while its effect on reasoning cost varies across benchmarks.

Scaling Analysis on the Qwen3.5 Series. We further analyze RACE across Qwen3.5-2B, 4B, and
9B on four agent benchmarks. As shown in Figure 5, RACE generally achieves stronger task per-
formance as model scale increases, although the gains vary across benchmarks. On AppWorld,
although performance improves substantially with model scale, the gains of RACE-SFT-RL over
RACE-SFT vary across model sizes. This may be related to the limited training data available for
AppWorld, which makes RL training less stable, especially at smaller model scales. Across model
scales, RACE-SFT-RL generally improves task performance over RACE-SFT while also substan-
tially reducing reasoning tokens, with especially large reductions on WebShop. Overall, these results
further suggest that the effectiveness of RACE largely persists across different model scales.

Table 3: Analysis of adaptive reasoning behav-
ior. Skip denotes the proportion of turns that di-
rectly execute actions without generating reason-
ing, while Tok./Think denotes the average reason-
ing tokens over reasoning turns.

Benchmark
RACE-SFT RACE-SFT-RL

Skip (%) Tok./Think Skip (%) Tok./Think

ScienceWorld 37.22 132 69.65 273
WebShop 7.15 144 55.72 101
AppWorld 7.74 273 52.15 302
DeepSearch 1.79 259 5.77 117

Adaptive Reasoning Behavior Analysis. To
understand how RACE reduces reasoning cost,
we examine the skip ratio and average rea-
soning tokens over thinking turns. As shown
in Table 3, RL increases the skip ratio across
all four benchmarks. Meanwhile, reasoning
tokens per thinking turn increase on Science-
World and AppWorld but decrease on WebShop
and DeepSearch. This suggests that RACE
does not uniformly shorten reasoning. Instead,
it skips reasoning at more turns, while retained
reasoning adapts to task characteristics. In
state-intensive tasks such as ScienceWorld and
AppWorld, reasoning concentrates on more demanding interaction turns, whereas WebShop and
DeepSearch favor more concise reasoning. Case studies are provided in Appendix F.

5 RELATED WORK

Reasoning-Efficient Methods. Prior studies have explored reducing unnecessary reasoning and
improving reasoning efficiency in language models and agents (Wei et al., 2026). One line re-
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duces agent reasoning cost through more efficient planning, execution, or direct efficiency optimiza-
tion (Xu et al., 2023; Hu et al., 2024; Chen et al., 2026b; 2025). Another line studies adaptive
reasoning more broadly, dynamically determining when or how much reasoning to perform (Lewis-
Lim et al., 2025; Zhang et al., 2025; Fang et al., 2025; Lou et al., 2025; Wu et al., 2025; Lu et al.,
2025; Su et al., 2026; Liang et al., 2025; Yang et al., 2026a; Ning et al., 2026; Yang et al., 2026b).
RACE extends this direction to turn-wise agent interaction, using a lightweight proxy to determine
whether fresh reasoning is needed and applying the resulting signals to both SFT and agentic RL.

Agentic Reinforcement Learning. Reinforcement learning (RL) (Schulman et al., 2017; Shao
et al., 2024; Rafailov et al., 2023) is widely used to optimize agents from task-level feedback. Recent
work has explored effective policy optimization (Dong et al., 2025a), rollout exploration (Dong et al.,
2025b; He et al., 2026a), and credit assignment (Feng et al., 2025; He et al., 2026b; Cheng et al.,
2026a) for agent tasks. While these methods mainly focus on task performance, less attention has
been paid to adaptive reasoning behavior during interaction. Our work complements this line by
introducing adaptive reasoning into agentic reinforcement learning.

6 CONCLUSION

In this work, we present Reasoning Adaptation through Cross-Turn Estimation (RACE), a training
approach for adaptive reasoning in LLM-based agents. Our analysis shows that earlier reason-
ing can support subsequent actions over varying ranges, while reference-action likelihood decrease
provides a lightweight signal for estimating this support. Based on these findings, RACE intro-
duces a Likelihood-Guided Progressive Reasoning Cover Detection (LoGiC) procedure to identify
removable reasoning steps and use the resulting signals in both supervised fine-tuning and agentic
reinforcement learning. Across four representative agent benchmarks, RACE substantially reduces
reasoning cost while maintaining or improving task performance, demonstrating the effectiveness
of likelihood-guided cross-turn estimation for learning efficient adaptive reasoning behavior.
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A TASKS AND DATASETS

We evaluate our method on four representative agent tasks, covering scientific reasoning, web shop-
ping, application use, and knowledge-intensive search.

A.1 SCIENTIFIC REASONING TASK

For scientific reasoning, we use ScienceWorld (Wang et al., 2022), a benchmark designed to eval-
uate agents on elementary-level science tasks in a text-based simulated environment. It comprises
30 tasks across 10 science topics: changes of state, temperature measurement, electrical circuits,
friction, object classification, chemical mixtures, plants and pollinators, life spans, life stages, and
Mendelian genetics. Each task requires the agent to accomplish a specified scientific goal through
a sequence of textual observations and actions. We use the official training split for training and
evaluate on the full official test split, which contains 1,819 task instances.
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A.2 WEB SHOPPING TASK

For web shopping, we use WebShop (Yao et al., 2022), which formulates shopping as a goal-
directed decision-making task in the simulated e-commerce websites. WebShop contains 1,181,436
real-world products collected from Amazon and 12,087 crowd-sourced natural language instruc-
tions. Each instruction specifies requirements for a desired product, such as its attributes, options,
and price, and the agent must search for relevant products, browse and compare candidates, select
the required options, and complete the purchase. The instructions are officially divided into 10,587
training, 1,000 development, and 500 test instances. We use the official training split for training
and evaluate on the full test split of 500 instances.

A.3 APPLICATION USE TASK

For application use, we adopt AppWorld (Trivedi et al., 2024), where agents complete realistic
day-to-day tasks by operating simulated applications through APIs. AppWorld provides 9 day-to-
day applications with 457 APIs and includes 750 tasks instantiated from 250 task scenarios. These
tasks involve multiple applications and require agents to reason over intermediate results and adapt
subsequent operations accordingly. Task completion is evaluated using state-based unit tests that
verify the resulting application states.

We use both the official Train and Dev splits from the benchmark release for training. While the
AppWorld paper reports 105 training tasks and 60 development tasks, the benchmark release used
in our experiments contains 90 available Train tasks and 57 available Dev tasks. Therefore, our
training set consists of 147 tasks in total. For evaluation, we use the complete Test-N split with 168
tasks and the complete Test-C split with 417 tasks.

A.4 DEEP SEARCH TASK

For deep search, we follow AgentGym-RL (Xi et al., 2025) and consider queries from seven ques-
tion answering datasets following the setup of Search-R1 (Jin et al., 2025). These include Natural
Questions (NQ) (Kwiatkowski et al., 2019), TriviaQA (Joshi et al., 2017), and PopQA (Mallen
et al., 2023) for general question answering, as well as HotpotQA (Yang et al., 2018), 2WikiMul-
tiHopQA (Ho et al., 2020), MuSiQue (Trivedi et al., 2022), and Bamboogle (Press et al., 2023) for
multi-hop question answering. Given a question, the agent can issue search queries to retrieve infor-
mation and incorporate the retrieved evidence into its reasoning before producing the final answer.

We combine the training sets of NQ, HotpotQA, 2WikiMultiHopQA, and MuSiQue to construct the
training data. Following AgentGym-RL, we evaluate on 400 examples randomly sampled from the
development sets of seven datasets, covering diverse knowledge-intensive question answering tasks.

B BASELINE DETAILS

This section provides detailed descriptions of the baselines used in our experiments.

B.1 REACT-STYLE ITERATIVE REASONING AGENTS

• DeepSeek-V4-Pro (DeepSeek-AI, 2026) is a large-scale Mixture-of-Experts (MoE) language
model released by the DeepSeek team. It consists of 1.6 trillion total parameters with 49 bil-
lion activated parameters and supports long-context processing. The model is designed for com-
plex reasoning, coding, and agentic tasks, providing strong capabilities in handling challenging
problems with extended contexts. We use DeepSeek-V4-Pro-0813 in our experiments.

• GLM-5.3 (GLM, 2026) is an open-source large language model developed by Zhipu AI. It is
designed for complex tasks including software engineering, reasoning, and agentic applications.
The model supports long-context processing, function calling, and structured outputs, enabling it
to handle multi-step workflows and interactive scenarios.

• GPT-5.5 (OpenAI, 2026) is OpenAI’s frontier model for complex knowledge work and real-
world problem solving. It provides capabilities in coding, information analysis, and tool use, with
support for long-context processing and multi-step task execution across diverse scenarios. We
evaluate GPT-5.5 with the reasoning effort set to medium.
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• Claude-Opus-4.6 (Anthropic, 2026) is a frontier model developed by Anthropic. It is designed
for complex tasks including software engineering, research, analysis, and agentic workflows. The
model supports extended thinking and long-context reasoning, enabling multi-step problem solv-
ing. We use Claude-Opus-4.6 in our experiments with the thinking level set to medium.

• Kimi-K3 (Kimi Team, 2026) is an open-weight multimodal model released by Moonshot AI.
It adopts a Mixture-of-Experts architecture with 2.8 trillion total parameters, of which 104 bil-
lion are activated during inference. By incorporating Kimi Delta Attention (KDA) and Attention
Residuals (AttnRes), the model supports multimodal understanding and contexts of up to one
million tokens, making it suitable for complex reasoning and long-horizon agentic tasks.

• Qwen3.8 series (Qwen Team, 2026b) is an open-source large language model series developed
by Alibaba’s Qwen team. It is designed for a range of applications, including coding, profes-
sional tasks, research, and long-horizon agentic workflows. The series supports flexible thinking
modes and agent execution, enabling the models to handle complex multi-step tasks. The series
includes models of different scales to support diverse computational requirements and application
scenarios. We use Qwen3.8-27B in our experiments.

B.2 REASONING-EFFICIENT AGENTS

• Sparse ReAct (Yao et al., 2023) is a prompting strategy based on the ReAct paradigm that re-
duces unnecessary reasoning generation during interaction. It allows the model to skip reasoning
at some turns and directly execute actions when reasoning is not needed, while preserving the
original ReAct interaction process between reasoning, actions, and observations.

• ADaPT (Prasad et al., 2024) is an approach for as-needed decomposition and planning in LLM-
based agents. It adaptively performs task decomposition only when the executor cannot directly
complete the current sub-task, avoiding unnecessary planning for simpler tasks. The approach
employs a planner-executor framework and recursively decomposes complex tasks when needed.
By adjusting the planning process according to task complexity, ADaPT reduces redundant de-
composition and planning during agent execution.

• Think Tool (Anthropic, 2025) provides the agent with an auxiliary no-op tool for internal delib-
eration. The agent can autonomously decide whether to invoke this tool before taking subsequent
actions. We implement this mechanism through prompting without additional training.

• DART (Lee et al., 2026a) adaptively selects between thinking and non-thinking modes based on
the agreement of multiple no-think drafts. Since DART was originally designed for standalone
query-level reasoning, we adapt it to our multi-step agent scenarios by sampling multiple no-
thinking tool-call drafts at each interaction turn and using their agreement as a signal for deciding
whether to invoke reasoning. This adaptation applies DART’s decision process at the turn level,
where the agent determines whether to generate reasoning before executing each action.

• AdaptThink (Zhang et al., 2025) learns to allocate reasoning by allowing models to choose
between thinking and non-thinking modes. We extend this idea to interactive agents by mak-
ing the reasoning-mode choice at every decision turn, where the agent either generates rea-
soning before an action or directly executes the action with an empty think block. Follow-
ing the original formulation, we train the agent with GRPO using a modified reward r(τ) =

R(τ)+δ · 1
|τ |

∑|τ |
t=1 I(NoThinkt), where the second term measures the proportion of non-thinking

turns. The bonus term is applied only to successful trajectories, and we set δ = 0.05 while keeping
the remaining GRPO settings unchanged.

C IMPLEMENTATION DETAILS

C.1 EVALUATION PROTOCOL

We evaluate on ScienceWorld, WebShop, AppWorld, and DeepSearch. Across all benchmarks, we
cap each episode at 30 interaction turns and allow up to 65,536 tokens for each model generation.
We use a temperature of 1.0, top-p of 1.0, and a maximum context length of 262,144 tokens, with
reasoning enabled and native tool calling. ScienceWorld, WebShop, and DeepSearch allow at most
one tool call per interaction turn, whereas AppWorld supports multiple API calls within a turn using
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precomputed and audited task-specific API lists. We report task success rate and the average total
number of reasoning tokens per trajectory, measuring task performance and reasoning cost.

For ScienceWorld, we evaluate on 1,819 test instances spanning 30 task types, where an instance
is considered successful only when the final environment score reaches 100. For WebShop, we
use the official test split of 500 crowd-sourced instructions and consider a task successful when the
environment reward reaches 1. For AppWorld, we evaluate on both Test-Normal and Test-Challenge
and report the overall strict task success over all 585 tasks. DeepSearch is evaluated on 400 questions
using Exact Match (EM).

C.2 TRAINING DETAILS

C.2.1 SUPERVISED FINE-TUNING

We construct the SFT data from successful trajectories annotated by DeepSeek-V4-Pro-0813.
Specifically, we apply LoGiC with Qwen3.5-9B to these trajectories and set the likelihood-decrease
threshold to ϵ = 0.001 to identify reasoning steps that can be removed. The resulting adaptive
reasoning trajectories are then used to fine-tune Qwen3.5-9B. For ScienceWorld, WebShop, and
DeepSearch, we set the learning rate to 1×10−5 and the effective batch size to 32. Since AppWorld
provides substantially fewer training trajectories, we use a smaller learning rate of 5× 10−6 and an
effective batch size of 8. The maximum training sequence length is 65,536 tokens.

C.2.2 REINFORCEMENT LEARNING

We initialize RL from the corresponding RACE-SFT checkpoint for each benchmark. We use a
batch size of 16 and sample 8 trajectories per instance, yielding 128 trajectories per rollout batch.
The learning rate is set to 1 × 10−6, with one policy update epoch per rollout batch and a clipping
ratio of 0.2. Rollouts are sampled with a temperature of 1.0 and top-p of 1.0, with a maximum of
30 interaction turns. LoGiC is applied only to successful on-policy trajectories during training, with
the likelihood-decrease threshold set to ϵ = 0.001. We set the closure-loss weight to λ = 0.02 for
ScienceWorld, WebShop, and AppWorld, and λ = 0.01 for DeepSearch.

D PROMPT TEMPLATE

We use task-specific prompt templates for the four benchmarks, following their respective interac-
tion protocols and tool interfaces. For AppWorld, we adopt the official prompt template. The full
prompt templates are shown below.

Prompt Template for ScienceWorld

You are an agent for science world. Every round I will give you an observation, and you must call exactly one
of the provided functions to act toward finishing the given task. Only use the provided functions; the objects
you choose must exist in the current room. If the environment returns “No known action matches that input”,
your previous action was invalid and you should try another option.

Prompt Template for WebShop

You are web shopping. I will give you instructions about what to do. Every round I will give you an observation
and a list of available actions. Use the available tools to choose one valid action for the current page. Use
search only if the search bar is available. Use click only with an exact value from the page clickables. If the
page remains unchanged, it might indicate that your action is invalid.

Prompt Template for DeepSearch

Answer the question using your own knowledge and information returned by the search tool.
Use search only when necessary, call it at most once per turn, and avoid repeating equivalent searches. Once
you have enough information, stop searching.
Only give me the final answer and do not output any other words. The final answer should be the shortest
possible answer span, without explanations, Markdown, citations, or extra details.
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Prompt Template for AppWorld

I am your supervisor, and you are an AI Assistant whose job is to complete my day-to-day tasks fully au-
tonomously.
My name is: {full_name}. My personal email is {email} and phone number is {phone_number}.
You will be given a task instruction and a list of functions in the standard format. The functions correspond
to APIs from various apps you have access to. The function name has two parts, the app name and API name
separated by “__”, e.g., spotify__login is the login API for the Spotify app.
You will complete the task completely autonomously through multi-turn interaction with the execution environ-
ment. In each turn, you will make one or more function calls, and the environment will return its outputs. This
will continue either until you call the complete_task API from the Supervisor app, or until a maximum of
{max_interactions} turns are reached. Here are brief app-wise descriptions. {app_descriptions}
Key Instructions:
A. General instructions:

• Act fully on your own. You must make all decisions yourself and never ask me or anyone else to confirm
or clarify. Your role is to solve the task, not to bounce questions back, or provide me directions to follow.

• You have full access – complete permission to operate across my connected accounts and services.

• Never invent or guess values. For example, if I ask you to play a song, do not assume the ID is 123. Instead,
look it up properly through the right API.

• Never leave placeholders; don’t output things like your_username. Always fill in the real value by
retrieving it via APIs (e.g., Supervisor app for credentials).

• When I omit details, choose any valid value. For example, if I ask you to buy something but don’t specify
which payment card to use, you may pick any one of my available cards.

• Avoid collateral damage. Only perform what I explicitly ask for. Example: if I ask you to buy something,
do not delete emails, return the order, or perform unrelated account operations.

• You only have {max_interactions} turns. Avoid unnecessary requests. You can batch unlimited
function calls in a single turn – always group them to save steps.

B. App-specific instructions:

• All my personal information (biographical details, credentials, addresses, cards) is stored in the Supervisor
app, accessible via its APIs.

• Any reference to my friends, family or any other person or relation refers to the people in my phone’s
contacts list.

• Always obtain current date or time, from the phone app’s get_current_date_and_time API, never
from your internal clock.

• All requests are concerning a single, default (no) time zone.

• For temporal requests, use proper time boundaries, e.g., when asked about periods like “yesterday”, use
complete ranges: 00:00:00 to 23:59:59.

• References to “file system” mean the file system app, not the machine’s OS. Do not use OS modules or
functions.

• Paginated APIs: Always process all results, looping through the page_index. Don’t stop at the first page.

C. Task-completion instructions:
You must call the supervisor__complete_task API after completing the task.

• The task is doable, but if you cannot find a way, you can call it with status="fail" to exit with failure.

When the answer is given:

• Keep answers minimal. Return only the entity, number, or direct value requested – not full sentences. E.g.,
for the song title of the current playing track, return just the title.

• Numbers must be numeric and not in words. E.g., for the number of songs in the queue, return “10”, not
“ten”.
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E THE ALGORITHM WORKFLOW OF THE LIKELIHOOD-GUIDED
PROGRESSIVE REASONING COVER DETECTION

In this section, we present the detailed procedure of the Likelihood-Guided Progressive Reasoning
Cover Detection (LoGiC) algorithm, as illustrated in Algorithm 1.

Algorithm 1 Likelihood-Guided Progressive Reasoning Cover Detection (LoGiC)
Input trajectory τ = (q, (rt, at, ot)

T
t=1); reference actions {a∗

t }Tt=1; likelihood function ℓ(·); threshold ϵ

1: Initialize action-likelihood vector ℓ(0) = [ℓ(a∗
1|x1, r1), ..., ℓ(a

∗
T |xT , rT )]

2: Initialize compressed context x(1) ← q, x(2) ← (x(1), r1, a
∗
1, o1)

3: Initialize reasoning cover C ← {r1}
4: Initialize compressed trajectory τ̃ ← (q, r1, a

∗
1, o1)

5: for t = 2, . . . , T do
6: Remove rt from the trajectory while keeping previous accepted removals, and construct the candidate

trajectory: (x(t), a∗
t , ot, rt+1, a

∗
t+1, ot+1, ..., rT , a

∗
T , oT )

7: Compute candidate likelihood vector under the candidate trajectory: ℓ̃(t) = [ℓ̃
(t)
1 , ..., ℓ̃

(t)
T ]

8: Compute likelihood decrease: d(t)j = ℓ
(t−1)
j − ℓ̃

(t)
j , j ∈ {t, . . . , T}

9: if d(t)j ≤ ϵ, ∀j ∈ {t, . . . , T} then
10: Accept the removal of rt
11: Update likelihood vector: ℓ(t) ← ℓ̃(t)

12: Update compressed context: x(t+1) ← (x(t), a∗
t , ot)

13: Update compressed trajectory: τ̃ ← (τ̃ , a∗
t , ot)

14: else
15: Retain rt
16: Update likelihood vector: ℓ(t) ← ℓ(t−1)

17: Update compressed context: x(t+1) ← (x(t), rt, a
∗
t , ot)

18: Update compressed trajectory: τ̃ ← (τ̃ , rt, a
∗
t , ot)

19: Add rt into reasoning cover C
20: end if
21: end for
22: Output compressed trajectory τ̃ and reasoning cover C

F CASE STUDY

The examples in Tables 4, 5, 6, and 7 illustrate the adaptive reasoning behaviors learned through
RACE across diverse agent tasks, including scientific reasoning, web shopping, application use,
and deep search. Across these scenarios, the trained policy generates reasoning when needed while
acting directly when the existing context already provides sufficient support for subsequent actions.

F.1 CASE STUDY FOR SCIENTIFIC REASONING

Table 4 presents a ScienceWorld trajectory that requires combining red and blue paint to obtain
violet paint. The policy model trained with RACE initially uses reasoning to infer the required
composition and plan the manipulation sequence. Its first action, however, attempts to pick up the
liquid directly and is rejected by the environment, revealing that the planned operation is infeasible.

The returned feedback triggers a short revision of the action strategy: instead of handling the liquid
directly, the model switches to pouring it into the glass cup. Once this correction is established and
the first pour succeeds, the remainder of the task becomes straightforward. The policy directly pours
the blue paint, mixes the contents, and focuses on the resulting violet paint. This trajectory highlights
how RACE training concentrates reasoning on planning and recovery from execution failure, while
allowing the policy to carry out the remaining supported actions without additional reasoning.

F.2 CASE STUDY FOR WEB SHOPPING

Table 5 presents a WebShop trajectory in which a policy model trained with RACE adaptively allo-
cates reasoning during product search and verification. The initial reasoning consolidates the user’s
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constraints into a targeted query, leading to a candidate product that matches the requested item and
price range. The policy then proceeds through the product page and description directly, since these
navigation steps require little additional deliberation.

The need for reasoning emerges again only when the description fails to establish whether the prod-
uct is individually wrapped. This missing attribute prompts the policy to inspect the feature page,
where the remaining requirements are confirmed. With the product now fully verified, it returns to
the product page and completes the purchase without further reasoning. The trajectory demonstrates
how RACE training supports selective reasoning around uncertain product attributes while keeping
routine browsing and selection steps concise.

F.3 CASE STUDY FOR APPLICATION USE

Table 6 presents an AppWorld example that requires coordinated use of the file system, phone, and
Gmail. The policy begins by decomposing the request into several subgoals: locating the birth
certificate, finding the husband’s contact information, and sending the document as an email attach-
ment. With this workflow established, it carries out a sequence of routine operations, including
account login and file retrieval, without generating reasoning at every turn.

Reasoning reappears when the task moves to a new subgoal that requires additional information or
planning. After locating the target file, the policy recognizes that the husband’s contact information
is still needed and searches for the corresponding contact. After retrieving the email address, it rea-
sons again to formulate the final email action and attach the correct birth certificate file. The remain-
ing sending and task-completion steps are then executed directly without further reasoning. This
trajectory highlights how RACE training leads the policy to concentrate reasoning around meaning-
ful subgoal transitions, while avoiding unnecessary reasoning during routine operations whose next
actions are already clear from the current context.

F.4 CASE STUDY FOR DEEP SEARCH

Table 7 presents a DeepSearch example that requires identifying two film directors and comparing
their birth dates. The policy first decomposes the question into the necessary information: the
directors of Reaching for the Sun and Trifling Women, followed by their respective birth dates. Once
this search structure is established, it retrieves the director of each film, skipping additional reasoning
for the second lookup when the required action is already clear.

After both directors are identified, reasoning is invoked again to determine the remaining evidence
needed for the comparison. The policy then retrieves their birth dates, directly issuing the second
birth-date query after obtaining the first result. Finally, it combines the collected evidence and con-
cludes that Rex Ingram, the director of Trifling Women, was born earlier than William A. Wellman.
The trajectory shows that RACE training encourages reasoning at points that require query decom-
position or evidence synthesis, while allowing straightforward retrieval steps to proceed directly.
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Table 4: A scientific reasoning example on ScienceWorld illustrating the adaptive reasoning be-
havior enabled by RACE across different interaction turns. [...] indicates omitted content. Special
symbols highlight reasoning ( blue box ), tool calls ( green box ), and tool results ( yellow box ).

Example from ScienceWorld Dataset

Task Instruction
Your task is to use chemistry to create violet paint. When you are done, focus on the violet paint.
Initial Observation
This room is called the art studio. In it, you see:
a substance called air
a large cupboard. The large cupboard door is closed.
a table. On the table is: a glass cup (containing nothing).
a wood cup (containing red paint)
a wood cup (containing blue paint)
a wood cup (containing yellow paint)
You also see:
A door to the hallway (that is closed)

Model Output by RACE (9B)

<think> We are in art studio. Need to create violet paint using chemistry. Violet is likely mixture of blue and
red. We have red and blue paint. Need to combine to create violet. Maybe need proper containers. There is
a glass cup and wood cups. Need to mix red and blue paints. The task says “use chemistry to create violet
paint. When you are done, focus on the violet paint.” We need to use tool. Perhaps open? But first maybe
move red paint and blue paint into glass cup, then mix. The red and blue are in wood cups. We can pickup?
“a wood cup (containing red paint)”. The object is “red paint”? Maybe “pick up red paint”? The action
“pickup” moves object to inventory. Then use on glass cup? Actually “mix” mixes contents of container.
We can move blue to glass cup, red to glass cup, then mix. But can we pick up paint? Likely “pickup red
paint” then “pickup blue paint”, then maybe “move red paint to glass cup”? Inventory has both. Then move
each to glass cup? Then mix. ... We can call “pickup red paint” to get red paint in inventory. Then “pickup
blue paint”. But “red paint” maybe “wood cup”? Science word: objects are visible. “a glass cup (containing
nothing).” “a wood cup (containing red paint)”. We can call "pickup red paint"? If object not directly “red
paint”? It should be fine. Let’s start by picking red paint. </think>
<tool call> pickup (obj="red paint") </tool call>
<tool response> You can’t pick up a liquid directly. Try pouring it from one container to another, or dunking

empty containers into containers filled with the liquid. </tool response>

<think> Need pour from wood cup into glass cup. We can “pour red paint from wood cup to glass cup”?
The tool “pour” likely “liq”: “red paint”, “container”: “glass cup”. But maybe need source? The L: “pour a
liquid into a container.” So “pour liquid into glass.” They may require “pour red paint into glass cup”? We
can use “pour” with liq=“red paint”, container=“glass cup”. But if red paint in wood cup, pours from wood
cup? Science word maybe pours from wherever. The object available is “red paint”? Maybe it’s “a wood cup
(containing red paint)”. The liquid is red paint. We can pour red paint into glass cup. Let’s try. </think>
<tool call> pour(liq="red paint", container="glass cup") </tool call>
<tool response> You pour the red paint into the glass cup. </tool response>

<think> </think>
<tool call> pour(liq="blue paint", container="glass cup") </tool call>
<tool response> You pour the blue paint into the glass cup. </tool response>

<think> </think>
<tool call> mix(container="glass cup") </tool call>
<tool response> Red and blue paint mix to produce violet paint. </tool response>

<think> </think>
<tool call> focus(obj="violet paint") </tool call>
<tool response> You focus on the violet paint. </tool response>
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Table 5: A web shopping example on WebShop illustrating the adaptive reasoning behavior enabled
by RACE across different interaction turns, including product search, browsing, and selection. [...]
indicates omitted content. Special symbols highlight reasoning ( blue box ), tool calls ( green box ), tool
results ( yellow box ), and clickable web elements ( gray box ).

Example from WebShop Dataset

Task Instruction
I like traditional, old and individually wrapped albert’s chocolate ice cubes 60 count tray chocolate, and price
lower than 60.00 dollars

Model Output by RACE (9B)

<think> The user wants to search for a product. Let me construct a search query based on the instruction. I’ll
search for “Albert’s Chocolate Ice Cubes 60 count tray traditional old individually wrapped”. </think>
<tool call> search (keywords="Albert’s Chocolate Ice Cubes 60 count tray individually wrapped") </tool call>
<tool response>

Page 1 (Total results: 50) Next >
B00T7JEX44 Albert’s Chocolate Ice Cubes 60 Count Tray $29.88
B00QOX3I6U Albert’s Chocolate Ice Cubes 50 Count $19.91
B00A4BRAE4 Albert’s Chocolate Ice Cubes 100 Count Tray $29.62 ...
</tool response>

<think> </think>
<tool call> click (item="B00T7JEX44") </tool call>
<tool response> Back to Search < Prev Albert’s Chocolate Ice Cubes 60 Count Tray, Price: $29.88, Rating:

N.A. Description Features Reviews Buy Now </tool response>

<think> </think>
<tool call> click (item="Description") </tool call>
<tool response> Back to Search < Prev Milk Chocolate Ice Cubes are the type of candy that chocolate lovers

dream about. Because they are made from the highest quality ingredients, they are very perishable and have
become quite hard to find. </tool response>

<think> </think>
<tool call> click (item="< prev") </tool call>
<tool response> Back to Search < Prev Albert’s Chocolate Ice Cubes 60 Count Tray, Price: $29.88, Rating:

N.A. Description Features Reviews Buy Now </tool response>

<think> The description page doesn’t mention individually wrapped. Let me check features. </think>
<tool call> click (item="Features") </tool call>
<tool response> Back to Search < Prev Alberts Chocolate Ice Cubes - each container contains 60, 0.4 ounce,

individually wrapped chocolate ice cubes. This is a traditional and old time favorite of many so order while
you still can. These chocolate cubes are great for any candy dish or candy buffet and are sure to excite anyone
looking for some old fashioned candy. </tool response>

<think> </think>
<tool call> click (item="< prev") </tool call>
<tool response> Back to Search < Prev Albert’s Chocolate Ice Cubes 60 Count Tray, Price: $29.88, Rating:

N.A. Description Features Reviews Buy Now </tool response>

<think> </think>
<tool call> click (item="Buy Now") </tool call>
<tool response> Thank you for shopping with us! </tool response>
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Table 6: An application use example on AppWorld illustrating the adaptive reasoning behavior
enabled by RACE across different interaction turns. [...] indicates omitted content. Special symbols
highlight reasoning ( blue box ), tool calls ( green box ), and tool results ( yellow box ).

Example from AppWorld Dataset

Task Instruction
Email the birth certificate found in my file system to my husband.
User Profile
My name is: Kristin White. My personal email is kri-powe@gmail.com and phone number is 6017026518.

Model Output by RACE (9B)

<think> I need to email the birth certificate found in my file system to my husband. Let me start by under-
standing my accounts and finding the birth certificate file, then identify my husband’s contact, and draft/send
the email. First, I need credentials. Let me get supervisor profile and passwords, and maybe current phone/-
time. Let me call supervisor_show_account_passwords and supervisor_show_profile. Also, maybe phone
login requires phone number and password. I have personal email and phone number given: email kri-
powe@gmail.com, phone 6017026518. Let me get credentials. Let me call supervisor APIs. </think>
<tool call>

supervisor.show_account_passwords()
supervisor.show_profile()
</tool call>
<tool response>

[
{"account_name": "amazon", "password": "$AMAZON_PASSWORD"},
{"account_name": "file_system", "password": "$FILE_SYSTEM_PASSWORD"},
{"account_name": "gmail", "password": "$GMAIL_PASSWORD"},
{"account_name": "phone", "password": "$PHONE_PASSWORD"},
{"account_name": "simple_note", "password": "$SIMPLE_NOTE_PASSWORD"},
{"account_name": "splitwise", "password": "$SPLITWISE_PASSWORD"},
{"account_name": "spotify", "password": "$SPOTIFY_PASSWORD"},
{"account_name": "todoist", "password": "$TODOIST_PASSWORD"},
{"account_name": "venmo", "password": "$VENMO_PASSWORD"}

]
</tool response>

<tool response>

{
"birthday": "1987-05-31",
"email": "kri-powe@gmail.com",
"first_name": "Kristin",
"last_name": "White",
"phone_number": "6017026518",
"sex": "female"

}
</tool response>

<think> </think>
<tool call>

file_system.login (username="kri-powe@gmail.com", password=FILE_SYSTEM_PASSWORD)
phone.login (username="6017026518", password=PHONE_PASSWORD)
gmail.login (username="kri-powe@gmail.com", password=GMAIL_PASSWORD)
</tool call>
<tool response>

{ "access_token": "$FILE_SYSTEM_TOKEN", "token_type": "Bearer" }
</tool response>

<tool response>

{ "access_token": "$PHONE_TOKEN", "token_type": "Bearer" }
</tool response>

<tool response>

{ "access_token": "$GMAIL_TOKEN", "token_type": "Bearer" }
</tool response>
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Example from AppWorld Dataset (continued)

<think> </think>
<tool call>

file_system.show_directory(directory_path="/", access_token=FILE_SYSTEM_TOKEN, substring="birth")
</tool call>
<tool response>

"/home/kristin/documents/personal/identity/birth_certificate.pdf"
</tool response>

<think> Good, found birth certificate pdf. Now need to identify husband contact. Let me search contacts
with relationship “husband” or query “husband”. </think>
<tool call>

phone.search_contacts (relationship="husband", access_token=PHONE_TOKEN, page_limit=20)
</tool call>
<tool response>

[ {
"birthday": "1981-10-14",
"contact_id": 540,
"created_at": "2021-10-18T16:24:13",
"email": "alexwhite@gmail.com",
"first_name": "Alex",
"home_address": "0031 Jeremy Cliff Suite 552\nSeattle\nWashington\nUnited States\n72731",
"last_name": "White",
"phone_number": "3707865891",
"relationships": ["partner", "husband"],
"work_address": "406 Lindsay Courts Suite 522\nSeattle\nWashington\nUnited States\n26281"

} ]
</tool response>

<think> Husband email is alexwhite@gmail.com. Now need to draft/send email with birth certificate attach-
ment. Let me create draft with recipient alexwhite@gmail.com, subject maybe “Birth Certificate”, body
describing the document, and attach the file. The attachment file path is absolute: /home/kristin/docu-
ments/personal/identity/birth_certificate.pdf. Need file_system_access_token and gmail access_token. Let
me create draft with attachment_file_paths. The gmail create_draft has optional scheduled_send_at etc, but
we can just create draft and then send from draft. Let me create draft with attachment. </think>
<tool call>

gmail.create_draft(access_token=GMAIL_TOKEN, recipient_email_addresses=["alexwhite@gmail.com"],
subject="Birth Certificate", body="Here is my birth certificate.",
attachment_file_paths=["/home/kristin/documents/personal/identity/birth_certificate.pdf"],
file_system_access_token=FILE_SYSTEM_TOKEN)
</tool call>
<tool response>

{ "draft_id": 518, "message": "Draft created." }
</tool response>

<think> </think>
<tool call>

gmail.send_email_from_draft(draft_id=518, access_token=GMAIL_TOKEN,
file_system_access_token=FILE_SYSTEM_TOKEN)
</tool call>
<tool response>

{ "message": "Sent email from your draft.", "sent_email_id": 20867, "sent_email_thread_id": 47820 }
</tool response>

<think> </think>
<tool call>

supervisor.complete_task(status="success")
</tool call>
<tool response>

{ "message": "Marked the active task complete." }
</tool response>
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Table 7: A deep search example on DeepSearch illustrating the adaptive reasoning behavior enabled
by RACE across different interaction turns, including query decomposition, evidence collection, and
answer synthesis. [...] indicates omitted content. Special symbols highlight reasoning ( blue box ), tool
calls ( green box ), and tool results ( yellow box ), and the final answer ( red box ).

Example from DeepSearch Dataset

Task Instruction
Which film has the director who was born first, Reaching For The Sun or Trifling Women?

Model Output by RACE (9B)
<think> We need answer question. Need identify directors of “Reaching For The Sun” and “Trifling Women”,

their birth dates, compare. Need search. Use search tool. </think>
<tool call> search(query="Reaching For The Sun film director born") </tool call>
<tool response>

Doc 1(Title: "Reaching for the Sun") Reaching for the Sun Reaching for the Sun is a 1941 American comedy
film directed by William A. Wellman and written by W.L. River. The film stars Joel McCrea, Ellen Drew,
Eddie Bracken, Albert Dekker, Billy Gilbert, George Chandler and Bodil Ann Rosing...
</tool response>

<think> </think>
<tool call> search(query=’"Trifling Women" film director’) </tool call>
<tool response>

Doc 1(Title: "Trifling Women") Trifling Women Trifling Women is a 1922 American silent romantic drama
film directed by Rex Ingram. It is credited with boosting the careers of its leads, Barbara La Marr and Ramon
Novarro. It has been described as Ingram’s most personal film...
</tool response>

<think> Need comparison of directors’ birthdates. William A. Wellman? Rex Ingram? Need know “Reach-
ing For the Sun” director William A. Wellman birth date. Let’s search. Also need Rex Ingram birth date.
Search. </think>
<tool call> search(query="William A. Wellman director birth date") </tool call>
<tool response>

Doc 1(Title: "William A. Wellman") William A. Wellman William Augustus Wellman (February 29, 1896 –
December 9, 1975) was an American film director notable for his work in crime, adventure and action genre
films, often focusing on aviation themes, a particular passion. He also directed several well-regarded satirical
comedies... </tool response>

<think> </think>
<tool call> search(query="Rex Ingram director born birth date") </tool call>
<tool response>

Doc 1(Title: "Rex Ingram (director)") Rex Ingram (director) Rex Ingram (15 January 1892 – 21 July 1950)
was an Irish film director, producer, writer and actor...
</tool response>

<think> Reaching For the Sun director William A. Wellman born Feb 29, 1896. Trifling Women director
Rex Ingram born Jan 15, 1892. Question "Which film has the director who was born first" -> Trifling Women
(1892 < 1896). Final concise. </think>
<answer

Trifling Women
</answer>
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