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ABSTRACT
Large languagemodels (LLMs) exhibit strong capabilities as decision-
making agents by interleaving reasoning and actions, as seen in
ReAct-style frameworks. Yet, their practical deployment is con-
strained by high inference costs and large model sizes. We propose
Structured Agent Distillation, the first framework to distill a
ReAct-based LLM agent into a smaller model while preserving
both reasoning fidelity and action consistency. Our method intro-
duces a structured, span-level distillation strategy that explicitly
segments trajectories into reasoning and action spans, enabling
fine-grained alignment beyond standard token-level imitation. Un-
like other advanced distillation methods, Our method segments
trajectories into [REASON] and [ACT] spans, applying segment-
specific losses to align each component with the teacher’s behavior.
This structure-aware supervision enables compact agents to better
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Table 1: Comparison between LLMs and LLM-based general agents in terms of token efficiency.

Dimension LLMs LLM-based General Agents

Application Static, single-turn tasks (QA, etc.) Multi-turn interactive tasks (e.g., WebNav)
Objective Minimize FLOPs in generation Mini token budget across reasoning + action
Token Source Fixed input tokens per prompt Dynamic tokens in reasoning-action steps
Latency Target Single-step inference efficiency End-to-end efficiency over agent steps
Output Format Final text sequence Task trajectory (reasoning steps + actions)

1 INTRODUCTION
Large language models (LLMs) [52, 79, 84, 85] have recently been
extended beyond language modeling into decision-making roles,
giving rise to LLM-based general agents—systems that solve com-
plex tasks by interleaving multi-step reasoning and tool-augmented
actions. Frameworks like ReAct [75], Toolformer [44], and We-
bGPT [36] demonstrate that LLMs can operate through structured
reasoning-action trajectories—sequences alternating between delib-
eration and execution to complete tasks such as planning, web
navigation, and multi-hop question answering. Chain-of-thought
(CoT) prompting [65, 66] encourages models to decompose complex
tasks into intermediate reasoning steps before acting, reinforcing
the need to preserve reasoning–action structure during training.

Despite their effectiveness, LLM-based general agents remain
costly to deploy due to model size and inference overhead [48,
51, 77, 78]. To address this, recent work distills large agents into
smaller student models. However, most approaches rely on token-
level supervision [6, 9, 10, 14, 35, 62, 82], which treats the agent
trajectory as a flat token sequence and aligns predictions step by
step—ignoring its structured composition of reasoning and action.
Limitations of Token-Level Distillation. This paradigm fails
to capture the structural nature of agent behavior: (i) it overlooks
long-range dependencies between reasoning and action [86]; (ii)
it lacks span-level supervision, blurring the distinction between
planning and execution; (iii) it causes semantic drift during rollouts,
degrading coherence and task success.
Our Approach: Structured Agent Distillation. We propose a
structure-aware compression framework that explicitly models the
compositional structure of agent behavior. Our method segments
each trajectory into [REASON] and [ACT] spans and supervises
them with span-specific objectives. By applying segment-aware
masking and reasoning–action alignment, our approach preserves
both the rationale and the resulting decision—enablingmore faithful
and coherent student agents.
Our Contributions:
• Our work is the first to distill ReAct-style LLM agents using
structured span-level supervision: we segment trajectories into
reasoning and action spans and apply span-specific alignment via
token-level masks, improving over naive token-level distillation.
• We validate our approach on ALFWorld, HotPotQA-ReAct, and
WebShop, achieving consistent gains in task success, planning
efficiency, and chain-of-thought (CoT) alignment over strong
token-level baselines.
• We conduct comprehensive scaling and ablation studies, demon-
strating that segment-level supervision is critical for training
compact and robust student agents.

2 MOTIVATION
2.1 Why Token-Level Distillation Falls Short
LLMs vs. General Agents. While LLMs focus on single-turn gen-
eration, LLM-based general agents operate in interactive settings
where structured reasoning and action unfold over multiple steps.
Token efficiency in agentsmust therefore consider trajectory-level [40,
54] latency and semantic role differentiation. Table 1 summarizes
the key distinctions between the two paradigms.

This structured nature of agent trajectories poses unique chal-
lenges for compression and acceleration. In particular, existing
methods such as token-level distillation [14, 22], originally designed
for next-token prediction, fail to capture the hierarchical nature of
agent behavior. Token-level distillation supervises the student at
each decoding step using cross-entropy [4] or KL divergence [23]
between teacher and student outputs. While this is effective for
language modeling, it fails to account for the structured nature of
agent trajectories—specifically the distinction between intermediate
reasoning and final action execution.

Critically, token-level methods lack structural awareness, treating
all tokens equally without distinguishing their functional roles in
the agent trajectory. In practice, trajectories often alternate between
internal reasoning steps and external actions—two semantically
distinct spans that require different forms of supervision. As a result,
the student learns to match surface-level actions while ignoring the
underlying rationale, often skipping key planning steps required to
complete the task.

2.2 Toward Structured Agent Distillation
We propose Structured Agent Distillation (SAD), which seg-
ments trajectories into [REASON] and [ACT] spans and applies span-
specific supervision to improve structural imitation. A curriculum
mechanism further enhances stability by ordering training exam-
ples by complexity. Table 2 summarizes representative LLM-based
agent frameworks in terms of four dimensions: external tool us-
age, reasoning-action alignment, segment-aware supervision, and
curriculum-guided training. While prior methods such as ReAct
and Voyager support structured reasoning and tool use, they lack
segment-level supervision and curriculum scheduling. In contrast,
our SAD framework uniquely supports all four dimensions, en-
abling more faithful and efficient agent compression.

3 STRUCTURED AGENT DISTILLATION
FRAMEWORK

The proposed SAD segments teacher trajectories into reasoning
(Reason) and interaction (Action/Observation) spans, each su-
pervised independently to promote phase-specific alignment. As
shown in Figure 1, the teacher agent, given an observation and
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Table 2: Comparison of LLMagent training frameworks. Only
our method supports all four dimensions of structured agent
distillation. Tool: supports external API calls or tool use;
R–A Align.: aligns structured reasoning and action spans;
Seg.-aware Sup.: applies supervision across reasoning–action
sequences; Curric.: uses trajectory difficulty for progressive
training [24].

Framework Tool R–A Align. Seg.-aware Sup. Curric.

Token-Level KD [14] ✗ ✗ ✗ ✗

ReAct [75] ✓ ✓ ✗ ✗

Toolformer [44] ✓ ✗ ✗ ✗

Voyager [63] ✓ ✓ ✗ ✗

SAD (Ours) ✓ ✓ ✓ ✓

task prompt, produces [REASON]ing traces and [ACT]ion outputs,
forming a trajectory 𝜏 = (reason, action) used for curriculum
sampling. The student learns from 𝜏 via two losses: (1) CoT-Policy
Alignment LCoT aligns reasoning, and (2) Action Consistency LAct
aligns decisions. Refer to Appendix A for comprehensive analysis.

3.1 Problem Formulation
We aim to distill high-capacity ReAct-style teacher agents into
smaller studentmodels while preserving structured decision-making
behavior. Each teacher’s trajectory is a sequence of interleaved rea-
soning and action components:

𝜏 = [(𝑟1, 𝑟2, . . . , 𝑟𝑘 ), (𝑎1, 𝑎2, . . . , 𝑎𝑚)] , (1)

where 𝑟𝑖 ∈ R are reasoning tokens (e.g., CoT steps), and 𝑎 𝑗 ∈ A
are action tokens (e.g., tool calls, answers). Given a teacher policy
𝜋𝑇 (𝜏), the goal is to train a compact student policy 𝜋𝜃 (𝜏) such that

𝜋𝜃 (𝜏) ≈ 𝜋𝑇 (𝜏), (2)

preserving both semantic reasoning and execution structure beyond
token-level matching.

To enable sequence-to-sequence modeling, we linearize each
trajectory into a flattened form with segment markers:

𝜏 ′ = [REASON] 𝑟1 · · · 𝑟𝑘 [ACT] 𝑎1 · · ·𝑎𝑚 .

We tokenize this as

𝑥 = Tokenize(𝜏 ′) = (𝑥1, 𝑥2, . . . , 𝑥𝑇 ), (3)

and assign each token 𝑥𝑡 a segment label 𝑠𝑡 ∈ {Reason,Action},
indicating its span. These labels are used to compute segment-aware
losses during training.

For clarity, we adopt the following notation: 𝜏 denotes the struc-
tured reasoning–action trajectory, 𝜏 ′ its linearized form with ex-
plicit segment markers, and 𝑥 = Tokenize(𝜏 ′) the token sequence
processed by the model. Accordingly, 𝜋𝜃 always operates on tok-
enized inputs 𝑥 , while 𝜏 and 𝜏 ′ are used only for segmentation and
mask construction.

3.2 Trajectory Segmentation
Given a teacher-generated trajectory 𝜏 , we decompose it into two
disjoint spans:

(𝜏 (𝑟 ) , 𝜏 (𝑎) ) ← Segment(𝜏),

Figure 1: Structured Agent Distillation framework. The
teacher provides segmented reasoning–action trajectories.
The student aligns CoT traces and actions via span-specific
KL losses, with projected gradients and curriculum sampling
for stability.

where 𝜏 (𝑟 ) denotes the reasoning span and 𝜏 (𝑎) denotes the action
span. This segmentation is performed via lightweight rule-based
parsing based on prompt templates consistent across tasks (see
Appendix D). The segmented trajectory is then tokenized into a
sequence 𝑥 defined in Eq. (3). While the above formulation assumes
a single reasoning–action pair, SAD naturally extends to multi-step
ReAct trajectories 𝜏 = [(𝑟 (𝑖 ) , 𝑎 (𝑖 ) , 𝑜 (𝑖 ) )]𝐾𝑖=1 by applying union masks
over multiple reasoning/action spans. A detailed construction and
example are provided in Appendix M.

3.3 Structured Agent Distillation Objectives
To supervise student agents under SAD, we align binary token
masks𝑚𝑟 (𝑡) and𝑚𝑎 (𝑡)with the tokenized sequence𝑥 = (𝑥1, . . . , 𝑥𝑇 ),
enabling selective supervision over structurally distinct parts of
the trajectory.

(1) CoT-Policy Alignment Loss. For reasoning tokens, the stu-
dent’s conditional distribution 𝑝𝑆 (· | 𝑥<𝑡 ) is aligned with the
teacher’s distribution 𝑝𝑇 (· | 𝑥<𝑡 ) using Kullback–Leibler(KL) diver-
gence:

LCoT =

𝑇∑︁
𝑡=1

𝑚𝑟 (𝑡) KL(𝑝𝑇 (· | 𝑥<𝑡 ) ∥ 𝑝𝑆 (· | 𝑥<𝑡 )) . (4)

(2) Action Consistency Loss. For action tokens, we similarly mini-
mize KL divergence:

LAct =

𝑇∑︁
𝑡=1

𝑚𝑎 (𝑡) KL(𝑝𝑇 (· | 𝑥<𝑡 ) ∥ 𝑝𝑆 (· | 𝑥<𝑡 )) . (5)

CoT-Policy Alignment operates over the full vocabulary during
[REASON] spans to guide the student’s intermediate reasoning steps,
encouraging alignment with the teacher’s chain-of-thought. In
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Figure 2: Optimization structure of Structured Agent Distil-
lation (SAD) via gradient projection. Standard token-level
KL (gray) couples reasoning and action gradients, leading to
a conflict angle 𝜃 . SAD resolves this by projecting gradients
onto reasoning (V𝑟 ) and action (V𝑎) subspaces, forming an
orthogonal decomposition. The resulting projected update
(green) follows the composite direction Πreason (∇𝜃LCoT) +
Πaction (∇𝜃LAct), eliminating cross-span interference and clar-
ifying SAD’s optimization geometry.

contrast, Action Consistency Loss applies KL over a discrete action
space during [ACT] spans, ensuring that the student replicates the
teacher’s action decisions.

Final Objective. The total structured loss aggregates these terms:

Ltotal = 𝜆𝑟 · LCoT + 𝜆𝑎 · LAct, (6)

where 𝜆𝑟 and 𝜆𝑎 are scalar weights balancing the two objectives.
We set 𝜆𝑟 = 𝜆𝑎 = 1.0 to equally weight reasoning and action
supervision in the final loss.
Clarification. Although the loss terms are unscaled, this formula-
tion is not equivalent to computing a single token-level KL over the
entire vocabulary. Token-level KL normalizes over the joint token
spaceV𝑟 ∪V𝑎 , which couples gradients from frequent reasoning
tokens and rare but critical action tokens. In contrast, SAD applies
KL over disjoint normalization domains (V𝑟 for reasoning,V𝑎 for
action), thereby changing both the normalization space and gradi-
ent direction. This decomposition alters the optimization geometry
and prevents cross-span interference, constituting a fundamental
difference from a flat token-level KL even when 𝜆𝑟 and 𝜆𝑎 are equal.
While our formulation assumes teacher-forced alignment during
training, the loss can be extended to accommodate mismatched tra-
jectories via alignment-based matching, as detailed in Appendix H.

3.4 Optimization View: Gradient Projection and
Span Decoupling

To better understand the functional benefit of SAD, we present an
optimization-based interpretation of how span-specific KL losses
reshape the gradient landscape. Rather than assuming a cognitive or
semantic split, SAD introduces an optimization structure that avoids
interference between reasoning and action supervision signals.

As illustrated in Figure 2, a token-level KL couples heterogeneous
gradients into a single update direction (gray arrow), creating a
conflict angle 𝜃 between reasoning and action forces in parameter
space. SAD reformulates this process as an orthogonal gradient
projection: reasoning and action components are separately nor-
malized in their respective subspaces (V𝑟 ,V𝑎) and then recombined

geometrically. This projection removes cross-span interference and
yields span-specific updates, altering the overall optimization ge-
ometry.

LetV𝑟 andV𝑎 denote the token domains for reasoning and ac-
tion, along withV𝑟 ∩V𝑎 = ∅. A standard token-level KL minimizes

∇𝜃Ltoken = ∇𝜃 KL(𝑝𝑇 (· | 𝑥<𝑡 ) ∥ 𝑝𝑆 (· | 𝑥<𝑡 )) , (7)

where normalization over the entire vocabulary V𝑟 ∪ V𝑎 forces
shared probability mass between semantically incompatible tokens.
This coupling biases gradients toward frequent reasoning tokens
and suppresses rare but task-critical action tokens, explaining why
a single distribution cannot disentangle these behaviors.

The proposed SAD resolves this by restricting the KL computa-
tion to disjoint subspaces:

∇𝜃LSAD =𝑚𝑟 (𝑡) ∇𝜃KLV𝑟 (𝑝𝑇 ∥ 𝑝𝑆 )+𝑚𝑎 (𝑡) ∇𝜃KLV𝑎 (𝑝𝑇 ∥ 𝑝𝑆 ) , (8)
which performs gradient projection onto reasoning and action sub-
spaces,

∇𝜃LSAD = Πreason
(
∇𝜃LCoT

)
+ Πaction

(
∇𝜃LAct

)
. (9)

This projection changes both the normalization domain and gra-
dient direction, eliminating cross-span interference and yielding
span-specific updates. Hence, the distinction from token-level
KL is geometric, not cosmetic: SAD introduces a structure-aware
gradient decomposition rather than simply applying the KL diver-
gence to a smaller subset of tokens.

3.5 Multi-Step ReAct Trajectories and
Multi-Span Masks

TrajectoryModel. Extending the single-step formulation in Eq. (1),
we generalize SAD to multi-step ReAct episodes composed of alter-
nating reasoning, action, and observation segments:

𝜏 =
[
(𝑟 (1) , 𝑎 (1) , 𝑜 (1) ), (𝑟 (2) , 𝑎 (2) , 𝑜 (2) ), . . . , (𝑟 (𝐾 ) , 𝑎 (𝐾 ) , 𝑜 (𝐾 ) )

]
, (10)

where 𝑟 (𝑖 ) , 𝑎 (𝑖 ) , and 𝑜 (𝑖 ) denote the reasoning trace, executed action,
and subsequent observation at step 𝑖 . Linearization yields

𝜏 ′ =
𝐾∏
𝑖=1

(
[REASON] 𝑟 (𝑖 ) [ACT]𝑎 (𝑖 ) [OBS]𝑜 (𝑖 )

)
, 𝑥 = Tokenize(𝜏 ′) .

This formulation extends SAD beyond the single-step assumption,
enabling structured supervision across multiple reasoning–action
cycles.
Segment-Aware Mask Construction. Each token 𝑥𝑡 in the se-
quence is assigned a binary membership mask:

𝑚𝑟 (𝑡) = 1[𝑥𝑡 ∈ ∪𝑖𝑟 (𝑖 ) ],𝑚𝑎 (𝑡) = 1[𝑥𝑡 ∈ ∪𝑖𝑎 (𝑖 ) ],

𝑚𝑜 (𝑡) = 1[𝑥𝑡 ∈ ∪𝑖𝑜 (𝑖 ) ],
(11)

We enforce an exactly-one constraint for every token:

𝑚𝑟 (𝑡) +𝑚𝑎 (𝑡) +𝑚𝑜 (𝑡) = 1, ∀𝑡 ∈ [1,𝑇 ], (12)

ensuring non-overlapping and functionally disjoint spans. Rea-
soning and action masks (𝑚𝑟 ,𝑚𝑎) are used for supervision, while
observation masks (𝑚𝑜 ) indicate environmental feedback.
Observation Handling. Each token is assigned to exactly one
of the three functional categories—reasoning, action, or observa-
tion—ensuring disjoint span boundaries. However, only reasoning
and action tokens contribute to the distillation loss. Observation
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tokens (𝑚𝑜 (𝑡) = 1) are excluded from the distillation loss, as they
encode deterministic feedback from the environment rather than
agent behavior. This exclusion prevents the student from overfitting
to static textual observations and focuses learning on reasoning
and decision quality. Nonetheless, the framework permits optional
extensions: (1) adding an auxiliary cross-entropy term for percep-
tual grounding, or (2) defining a separate observation head for
multimodal tasks. All reported experiments adopt the exclusion
setting.
Supervision over Multi-Span Masks. Structured losses defined
in Section 3.3 (Eq. (4) and (5)) are applied independently to each
reasoning and action span, as detailed in Appendix L. with𝑚𝑟 and
𝑚𝑎 computed as the union of all [REASON] and [ACT] segments.
This union-mask construction generalizes SAD to multi-turn rea-
soning–acting trajectories, preserving disjoint functional roles and
preventing cross-span gradient interference.
Illustrative Example. A two-step episode (𝐾=2) from ALFWorld:

[REASON] I will first check the table. [ACT] search[tray] [OBS] You
see a tray.
[REASON] Now I will pick it up. [ACT] pickup[tray] [OBS] Tray in
inventory.

Here, reasoning tokens correspond to𝑚𝑟=1, action tokens to𝑚𝑎=1,
and observation tokens to 𝑚𝑜=1. Only reasoning and action to-
kens receive gradient updates, clarifying span-level supervision
semantics and aligning with multi-turn ReAct agent behavior.

3.6 Optimization Analysis and Intuition
Why It Works in Practice. The decoupled objectives alter both
gradient magnitude and direction across spans. Empirically, SAD
reduces step-to-step gradient variance and improves training sta-
bility under limited data. This acts as an implicit curriculum: rea-
soning spans provide dense signals for high-level coherence, while
action spans yield sparse but decisive grounding signals. The bal-
anced supervision accelerates convergence and strengthens reason-
ing–action compositionality.

SAD provides a principled change in optimization geometry that
(1) moves beyond simplified cognitive assumptions, (2) explains
why a single token-level distribution fails to separate reasoning and
action, and (3) establishes a structure-aware, theoretically grounded
distillation objective.

3.7 Semantic Decoupling and Example
While the overall loss is additive in form, our supervision is funda-
mentally different from flat token-level imitation. We explicitly de-
compose the learning signal into structurally disjoint spans—[REASON]
and [ACT]—and apply segment-specific losses to each, preserving
the semantics of multi-phase agent behavior.
CoT-Policy Alignment Loss (LCoT) supervises predictions within
the reasoning span, promoting coherentmulti-step inference aligned
with the teacher’s thought patterns. Action Consistency Loss
(LAct) applies only to the action span, enforcing the accurate repli-
cation of grounded decisions.

Each token is assigned to exactly one functional span using
binary masks {𝑚𝑟 (𝑡),𝑚𝑎 (𝑡)}, which gate gradient flow. This mask-
ing enforces semantic separation during training, ensuring that the

Algorithm 1 Structured Agent Distillation (SAD)
1: Initialize teacher policy 𝜋𝑇 , student policy 𝜋𝜃 , and curriculum

scheduler C
2: for epoch = 1 to 𝐸 do
3: Sample multi-step trajectory 𝜏 = {(𝑟 (𝑖 ) , 𝑎 (𝑖 ) , 𝑜 (𝑖 ) )}𝐾𝑖=1 ∼ C
4: Linearize and tokenize 𝜏 ′ =

[REASON] 𝑟 (𝑖 ) [ACT] 𝑎 (𝑖 ) [OBS] 𝑜 (𝑖 )

5: Construct binary masks𝑚𝑟 ,𝑚𝑎,𝑚𝑜 over tokens 𝑥1:𝑇
6: Forward pass: obtain student logits 𝑝𝑆 (· | 𝑥<𝑡 )
7: Compute losses LCoT,LAct
8: Aggregate weighted total loss Ltotal = 𝜆𝑟LCoT + 𝜆𝑎LAct
9: Update parameters 𝜃 ← 𝜃 − 𝜂 ∇𝜃Ltotal
10: end for

student independently learns high-level reasoning and low-level
execution. Unlike token-level KL with soft targets, our structure-
aware formulation avoids loss interference across phases, better
modeling causal dependencies (reason→ act). Ablations confirm
that removing either component harms performance.
Example.

Instruction: "Find the tray"
Teacher: [REASON] "I will first look on the table to check
for a tray..."→ [ACT] search[tray]
Student: [REASON] "Maybe it’s on the shelf, I should check
there."→ [ACT] search[tray]

Although the student executes the correct action, their reasoning
deviates from the teacher’s thought process. LCoT penalizes seman-
tic deviations within [REASON] via KL divergence between teacher
and student token distributions, producing gradients that align
multi-step reasoning. LAct rewards correct predictions in [ACT],
allowing action alignment even when reasoning differs.

3.8 Curriculum Sampling in Structured
Distillation

To further enhance learning efficiency and stability, we employ
curriculum learning [1, 11] based on a trajectory complexity score:

𝐶 (𝜏) = 𝛼 · len(𝑟1:𝑘 ) + 𝛽 · len(𝑎1:𝑚) + 𝛾 · entropy(𝜋𝑇 (𝜏)) , (13)

where len(𝑟1:𝑘 ) and len(𝑎1:𝑚) denote the lengths of the reason-
ing and action segments, respectively, and entropy(𝜋𝑇 (𝜏)) reflects
teacher uncertainty. The weights 𝛼, 𝛽,𝛾 balance their relative con-
tributions. During training, trajectories are sorted by𝐶 (𝜏), allowing
the model to start with examples and gradually progress to more
complex ones. Detailed analysis in Appendix N.

3.9 Training Algorithm
Algorithm 1 outlines our structured agent distillation process. The
student policy 𝜋𝜃 learns to imitate the teacher 𝜋𝑇 across reason-
ing stages, guided by a curriculum scheduler C that samples in-
creasingly complex trajectories. Each trajectory is tokenized into
reasoning and action spans, and the student predicts tokens autore-
gressively. The objective aggregates reasoning and action losses,
and gradients are backpropagated to update 𝜃 .
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Figure 3: Scaling behavior of student agents across model
sizes. Top-Left: Task Success Rate (%). Top-Right: Reason-
ing Length (tokens). Bottom-Left: Chain-of-Thought (CoT)
Match Rate (%). Bottom-Right: Episode Latency (steps). Struc-
tured Agent Distillation consistently outperforms the best
baseline method (Token-level [10]) and better approaches
teacher performance as model capacity increases.

4 EXPERIMENTS
4.1 Experimental Setups
Agent Environments.We evaluate on three representative bench-
marks: ① Embodied benchmark ALFWorld [55] for embodied in-
struction following, ② Web benchmark WebShop [74] towards
scalable real-world web interaction with grounded language agents,
and ③ multi-hop question benchmarks HotPotQA-ReAct [75] for
multi-hop QA with reasoning traces. ALFWorld and WebShop test
structured decision-making, while HotPotQA-ReAct requires open-
ended multi-hop reasoning and free-form answer generation—thus
already covering both discrete and natural-language modalities. All
reported results are averaged over 5 independent runs.
Baselines. The baselines include token level KD [10], word-level
KD [43, 56], and SeqKD [21, 38, 59, 87].
Dataset Statistics. We adopt standard splits from existing ReAct-
based benchmarks. ALFWorld comprises 8,055 instruction-following
trajectories (5,400 train / 1,200 val / 1,475 test). WebShop contains
12,000 web interaction samples (8,000 / 2,000 / 2,000), andHotPotQA-
ReAct includes 90,447 multi-hop reasoning examples (84,000 / 3,447
/ 3,000). The details of Experimental Setups in Appendix B.

4.2 Experimental Results and Analysis
We evaluate student agent performance across three benchmarks—
ALFWorld, WebShop, and HotPotQA-ReAct—comparing our pro-
posed Structured Agent Distillation with the baseline. We report
results across three evaluation metrics: task success rate, reasoning
efficiency, and CoT consistency (Table 3).
Task Success Rate. As shown in Table 3, Structured Agent Distilla-
tion consistently outperforms token-level MiniLLM baselines across
all student sizes, with especially notable gains at 120M (+4.3%), con-
firming the effectiveness of trajectory-level supervision over token
imitation.

Reasoning Efficiency. Table 3 shows that students trained via
Structured Agent Distillation generate shorter reasoning spans.
CoT Consistency (defined in Appendix C). As shown in Table 3,
our method achieves higher CoT match rates across all settings,
demonstrating stronger structural alignment with teacher reason-
ing.
Latency. Following prior work [54, 75], we measure the average
number of reasoning and action steps per episode. As shown in
Table 3, segment-aware students consistently exhibit shorter exe-
cution traces. Latency is measured in reasoning/action steps rather
than wall-clock time, and lower values indicate more concise and
efficient decision-making.
Segment Mask Validation. Figure 8 (Appendix F) confirms that
token-level masks align accurately with reasoning/action spans
across environments.
Span Statistics. As shown in Figure 9, reasoning spans are longer
and more variable, while action spans are shorter—justifying span-
specific supervision.
Our method outperforms token-level distillation across all bench-
marks (Table 4), yielding more accurate and faithful student agents.

5 SCALING ANALYSIS
To assess scalability, we transfer trajectories from a GPT-2-1.5B
teacher model into student models with 120M, 340M, and 760M
parameters using Structured Agent Distillation, and compare the
outcomes against the best-performing baseline method (token-
level [10]). Figure 3 summarizes four metrics—task success rate,
reasoning efficiency (avg. reasoning length), CoT match rate, and
episode latency—on ALFWorld, WebShop, and HotPotQA-ReAct.
Task Success. Success rates improve with model size (top-left),
with students trained via Structured Agent Distillation consistently
outperforming token-level baselines. At 760M, performance closely
approaches the teacher.
Reasoning Efficiency. Students trained via Structured Agent Dis-
tillation produce shorter, more efficient reasoning traces (top-right),
especially at larger scales.
CoT Match. Students distilled with our method better recover
the teacher’s reasoning structure (bottom-left), with consistently
higher CoT match rates.
Latency. Structured supervision yields lower episode latency (bottom-
right), reducing decision steps and accelerating task completion.
Structured Agent Distillation scales effectively with student capac-
ity, enhancing task success, planning efficiency, and structural rea-
soning alignment. Improvements are most pronounced at smaller
scales (e.g., 120M, 340M), where it mitigates the performance degra-
dation commonly observed with token-level imitation. Additional
scaling results for OPT and LLaMA models are presented in Appen-
dix G.

6 ABLATION STUDIES
We conduct ablation studies to understand the contribution of each
component in our Structured Agent Distillation framework.
Ablation on Reasoning, Action, and Segmentation Compo-
nents Specifically, we analyze the roles of reasoning supervision,
action supervision, and span segmentation. Table 5 confirms that
each supervision component plays a critical role:
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Table 3: Unified comparison of task success (↑), reasoning length (↓), CoT match (↑), and episode latency (steps) (↓) across
ALFWorld, WebShop, and HotPotQA. The teacher is a GPT-2-1.5B ReAct-style agent. Students trained via Structured Agent
Distillation consistently outperform token-level KD [10], KD [43, 56], and SeqKD [2, 21, 38, 59, 87] baselines.

Method Task Success ↑ Reasoning Length ↓ CoT Match Rate ↑ Episode Latency ↓
ALF Web Hot ALF Web Hot ALF Web Hot ALF Web Hot

Teacher(GPT) 71.2 68.7 78.5 8.2 11.5 10.8 100.0 100.0 100.0 5.8 7.4 6.2

KD-120M 37.3 34.9 46.1 13.2 16.4 15.3 57.1 52.7 63.4 9.3 10.9 9.2
SeqKD-120M 38.5 36.0 47.2 12.9 16.0 15.0 58.3 54.0 64.2 9.2 10.8 9.0
Token-120M 39.4 36.7 48.3 12.4 15.7 14.8 59.3 55.1 65.7 9.1 10.7 8.9
Ours (120M) 43.7 41.2 52.8 11.2 14.6 13.8 62.3 58.7 66.2 8.2 9.5 7.8

KD-340M 49.3 47.1 58.8 11.1 14.9 13.8 66.0 60.5 68.3 8.0 9.6 8.2
SeqKD-340M 50.7 48.6 60.2 10.9 14.5 13.4 67.2 61.4 69.3 7.9 9.5 8.1
Token-340M 52.1 49.8 61.5 10.6 14.1 13.0 68.1 62.4 70.5 7.8 9.4 7.9
Ours (340M) 56.3 54.7 65.5 9.8 13.1 12.2 71.5 66.9 74.0 7.1 8.7 7.0

KD-760M 57.5 54.3 66.2 10.1 13.7 12.6 72.0 67.2 73.1 7.2 8.9 7.4
SeqKD-760M 58.7 55.5 67.4 9.8 13.4 12.3 73.1 68.3 74.3 7.1 8.8 7.3
Token-760M 60.2 57.0 69.1 9.5 13.2 12.0 74.0 69.3 76.4 7.0 8.6 7.2
Ours (760M) 64.8 61.5 73.1 8.9 12.4 11.7 77.9 73.1 80.4 6.4 8.1 6.6

Table 4: Unified comparison of task success (↑), reasoning length (↓), CoT match (↑), and episode latency (↓) across ALFWorld,
WebShop, and HotPotQA. The teachers are OPT-13B, LLaMA-13B, and Orca2-13B ReAct-style agents. Students trained via
Structured Agent Distillation consistently outperform token-level [10], KD [43, 56], and SeqKD [2, 21, 38, 60, 87] baselines.

Model Task Success ↑ Reasoning Length ↓ CoT Match Rate↑ Episode Latency ↓
ALF Web Hot ALF Web Hot ALF Web Hot ALF Web Hot

Teacher (OPT13B) 76.5 73.2 82.7 38.2 35.9 40.7 100.0 100.0 100.0 6.5 5.9 4.8

KD (OPT-1.3B) 45.3 40.7 51.0 47.6 43.9 50.1 58.9 55.0 67.3 8.1 7.3 6.3
SeqKD (OPT-1.3B) 46.2 41.8 52.3 46.3 42.5 49.4 60.2 56.1 68.4 7.9 7.2 6.2
Token-OPT-1.3B 47.8 43.2 54.1 45.7 41.8 48.5 61.5 57.9 69.8 7.8 7.1 6.0
Ours (OPT-1.3B) 52.3 48.7 58.5 41.2 38.0 43.6 67.2 63.8 74.4 7.0 6.4 5.3

KD (OPT-2.7B) 53.1 48.3 60.7 44.3 40.1 46.5 65.1 61.0 73.4 7.5 6.9 5.7
SeqKD (OPT-2.7B) 54.4 49.7 61.3 43.2 39.5 46.0 66.2 61.9 74.1 7.3 6.7 5.6
Token-OPT-2.7B 55.6 51.0 62.9 42.5 39.0 45.2 67.3 62.7 75.5 7.2 6.6 5.6
Ours (OPT-2.7B) 59.2 56.4 67.0 39.4 36.2 41.7 71.6 67.9 79.8 6.7 6.1 5.0

KD (OPT-6.7B) 60.1 55.8 67.2 42.1 38.4 43.9 70.1 66.5 78.1 7.0 6.4 5.4
SeqKD (OPT-6.7B) 61.3 56.9 68.1 41.4 37.8 43.3 71.4 67.0 79.0 6.9 6.3 5.4
Token-OPT-6.7B 62.8 58.6 69.7 40.8 37.2 42.9 72.2 67.9 80.2 6.8 6.2 5.3
Ours (OPT-6.7B) 67.1 63.8 73.9 38.0 35.1 40.2 76.4 72.5 84.0 6.5 5.9 4.9

Teacher (LLaMA13B) 75.3 71.8 81.0 37.5 34.8 39.9 100.0 100.0 100.0 6.4 5.8 4.7

KD (LLaMA-7B) 62.1 56.9 70.1 42.5 38.3 44.0 71.2 66.0 79.0 6.8 6.3 5.3
SeqKD (LLaMA-7B) 63.0 58.1 70.9 41.7 37.9 43.6 72.5 67.1 80.0 6.8 6.2 5.2
Token-LLaMA-7B 64.2 59.3 71.5 41.1 37.5 43.2 73.0 68.3 81.2 6.7 6.1 5.2
Ours (LLaMA-7B) 68.0 64.1 75.2 38.2 34.9 39.8 77.2 72.9 84.7 6.4 5.8 4.8

Teacher (Orca2-13B) 78.1 75.6 84.3 37.0 34.6 39.1 100.0 100.0 100.0 6.3 5.8 4.6

KD (Orca2-7B) 64.0 59.2 72.4 41.6 37.8 43.1 73.1 68.7 81.5 6.7 6.2 5.2
SeqKD (Orca2-7B) 65.2 60.4 73.5 40.9 37.2 42.5 74.3 69.4 82.6 6.6 6.1 5.1
Token-Orca2-7B 66.3 61.7 74.8 40.3 36.9 42.0 75.6 70.2 83.4 6.6 6.0 5.1
Ours (Orca2-7B) 70.5 66.2 78.6 37.8 34.2 38.9 79.4 74.6 86.5 6.3 5.8 4.7

(1) Removing reasoning supervision (LCoT) significantly de-
grades CoT matches and increases latency, indicating reduced plan-
ning coherence.
(2) Removing action supervision (LAct) lowers task success and

execution fidelity, showing the importance of behavior alignment.
(3) Disabling span segmentation (flat token-level loss) causes
uniform degradation across all metrics, suggesting that structural
decomposition is essential.
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Table 5: Ablation study on ALFWorld using a 340M-parameter student model. Each variant controls whether reasoning, action
supervision, and explicit span segmentation are enabled.We report task success rate, CoTmatch rate, and episode latency(steps).

Method Reason Action Segm Succ (%) ↑ CoT (%) ↑ Episode Latency ↓

Full Segment-Aware (Ours) ✓ ✓ ✓ 56.3 71.5 7.1
Only Reasoning Supervision ✓ ✗ ✓ 52.7 69.2 7.4
Only Action Supervision ✗ ✓ ✓ 49.5 61.8 7.8
No Span Segmentation ✓ ✓ ✗ 48.2 60.4 8.1
Random Span Masking ✓ ✓ ∼ (random) 45.9 57.7 8.4

Table 6: Ablation study on ALFWorld using a 340M-
parameter student model. We vary the loss weight ratios be-
tween reasoning (CoT) and action supervision while keeping
their sum fixed. Structured Agent Distillation consistently
outperforms token-level baselines across all settings.

CoT : Act Ratio Succ (%) ↑ CoT (%) ↑ Episode Latency ↓

1.0 : 0.0 53.4 69.2 8.2
0.0 : 1.0 52.7 66.1 8.3
0.5 : 1.0 55.8 70.3 7.7
1.0 : 1.0 56.3 71.5 7.1
2.0 : 1.0 56.1 70.8 7.3

Token-Level Baseline 52.1 68.1 8.6

(4) Random span masking further harms performance, highlight-
ing the need for accurate, semantically meaningful segmentation.

These results demonstrate that our method captures structurally
distinct signals crucial for reasoning-action alignment.
Ablation on 𝜆𝑟 :𝜆𝑎 Ratio.We conduct an ablation to examine the
balance between reasoning and action supervision by varying the
weighting ratio between 𝜆CoT and 𝜆Act while keeping the total loss
weight fixed. As shown in Table 6, combining both losses yields the
best performance, with a balanced 1:1 ratio achieving the highest
success rate, CoT match, and shortest episode length. Even when
only one supervision term is used, SAD still outperforms token-
level baselines, indicating that reasoning and action signals are
complementary yet individually beneficial.

Ablation study on curriculum sampling in Appendix N, Qualita-
tive Examples and Faithfulness in Appendix O.

7 DISCUSSION
Semantic Decoupling Matters. Token-level imitation fails to
preserve reasoning–action structure. By segmenting trajectories
and supervising each span separately, Structured Agent Distillation
enables independent learning of reasoning and execution, which is
especially critical under limited capacity.
Loss Design. Although the total loss combines LCoT and LAct,
removing either term degrades CoT alignment, task success, and
efficiency, confirming their complementary roles beyond token-
level KL.
SegmentationRobustness.Our rule-based extraction of [REASON]
and [ACT] spans is lightweight and reliable across benchmarks, re-
quiring nomanual annotation while consistently improving student
performance.
Scalability. We use 13B teachers (OPT, LLaMA, Orca2) due to
resource limitations. SAD is model- and scale-agnostic, operating
independently of architecture or tokenizer. It naturally extends to

frontier models (e.g., Qwen3-235B-A22B, DeepSeek-V3.1), enabling
235B→13B/7B compression under the same objective.

8 RELATEDWORK
LLMAgents. LLM agents unify reasoning and action. ReAct [75] in-
terleaves language and actions. Toolformer [44] self-supervises API
calls, while WebGPT [36] reasons via web browsing. AutoGPT [41]
chains subtasks autonomously. AgentBench [34], ReWoo [70], and
HuggingGPT [53] explore modularity and tool use. CAMEL [26],
ChatDev [39], AutoGen [68], CrewAI [5], ToolBench [12], and
LangChain [15] focus on multi-agent collaboration and LLM orches-
tration. GITM [90] integrates LLMs with memory and knowledge to
build generally capable agents. Although these agents show strong
reasoning-action abilities, their trajectories remain challenging to
compress and generalize.
Distillation and Fine-Tuning. Token-level distillation [6, 9, 10, 14,
28, 29, 35, 49, 50, 69, 77, 82] compresses LLMs via soft target align-
ment and teacher-guided training. Recent work improves multi-
granular supervision [10, 27, 33], cross-modal transfer [32, 89], and
compact pretraining [30, 58, 80]. However, these methods target
static text generation, not structured reasoning-action trajectories.
Trajectory Modeling and Behavioral Cloning. Recent work
in sequence-level imitation [7, 20, 25, 46, 57, 65, 72, 73, 76, 81, 83],
behavior cloning [3, 13, 31, 42, 45, 47, 61, 67, 71, 88] emphasizes tem-
poral coherence in agent behavior. SpanBERT [19] masks contigu-
ous spans instead of individual tokens, and diffusion planning [16]
ConvBERT [17] uses span-based convolutions instead of attention
heads. LLM agents require structured objectives to model reasoning
and action jointly—captured by our Structured Agent Distillation
framework.

9 CONCLUSION
We propose Structured Agent Distillation, a compression frame-
work that segments teacher trajectories into reasoning and action
spans, allowing students to better replicate high-level reasoning
and low-level execution beyond token-level imitation. Our method
achieves consistent gains in task success, reasoning efficiency, and
CoT alignment over token-level baselines. Scaling and ablation re-
sults confirm the benefits of structured supervision under limited
capacity. These findings highlight the importance of preserving tra-
jectory structure for training lightweight agents and open avenues
for structured knowledge transfer in real-world decision making.
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