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r— — Motivation

are commonly with SFT on ReAct expert Task: Put a Clean Egg in the Microwave

trajectories or preference optimization over pairwise rollouts. -
@ Observation: You pick up egg 1 from the countertop 3

Existing methods:
o focus on imitating specific expert behaviors
o promote chosen reasoning actions over rejected ones
o may over-commit towards seemingly plausible but suboptimal
actions due to limited action space exploration

Thought: Now that | have the egg, | need to go back to
the microwave to complete the task.
Action: go to microwave 1 (xj £9g not cleaned

Thought: | now have the egg. | have several options for
the next step.

- go to microwave 1: this action seems valid but | am

Our method: not sure if the egg has already been cleaned.
o ] ] - clean egg 1 with sinkbasin 1: this action might not
o enables LLM agents to explicitly deliberate over candidate be valid as | am not at the sink yet.
. g - go to sinkbasin 1: this can be the most direct way to
actions before Comm/ttlng fo one advance the task as | can clean the egg there.
o finetunes LLM agents with self-synthesized deliberation Comparing these candidates, | will choose to go to

sinkbasin 1 because this can allow me to clean...

thoughts in an iterative manner Action: go to sinkbasin 1 (@4

Methodology —M — 2 n

Algorithm 1: Self-Taught Action Deliberation (SAND)

Input: Deyp, = {(u, 21,0a1,01, ..., or—1,2r,ar)"}: expert trajectories, I: number of self-taught
Behavior Initialization Self-Consistency Action Sampling Execution-Guide Action Critique Action Deliberation Synthesis iterations, /N: number of sampled actions, mpae: base LLM, Ty = Tpase: trainable LLM.
Expert Traiecto - o Output: Final LLM agent 7
[ Base LLM ] ~ P : . L *" ) if“’ \ Finetune mg on Dexp: LSFT = —Eenpyy, [log mo(e | u)]
;OQO\QQ | = | critique || | Base LLM for k = 1to I do
Expert Trajectory ; | ¥ °’ | v Tk < 795 Daeltib <
Critique = | o foreach e = (u, z1,a1,01,.. ., 2r,ar) € Dey, do
O = O “ _> l . [ Base LLM I —> | bl ! [ Delit?elr%rt‘ion ] Initialize history hg <— u and self-taught deliberation trajectory € = (u)
v Critique 3 / fort =1to L do

Deliberation Trajectory i Sample NN actions: {2, &\ W_ ~ (- | he_1)

A
LLM Agent 2
[LLM AgentJ [ | O::)O s O | if |{al", ..., a\™, a;}| = 0 then continue
L\ & = = Tt Rollout each action: {é;,r¢} ~ m (- | he—1, 2¢, Q)
Generate critique for each action: ¢; ~ Tpage (- | ag, €¢, 1, Prompt,),

A — B -(n) _(n)yyN+1
O Expert Thought & Action O LLM Agent Thought & Action O Synthesized Deliberation Thought & Action Synthesize action deliberation thought: Z; ~ Tuase(- | 1(a;™, ¢; ) }n1 , Prompty)

€ < €U (Z¢,at,0t); he < (hi—1, 2¢, at, 04)

| Daelib ¢ Daetir U {€}

Figure 2: An 1illustration of our SAND framework for synthesizing one step of action deliberation thoughts. Finetune 7y on Daclip: LFT = ~EenDyuy, [log Mo (€ | )]

Set Dexp < Daelip for the next iteration

return 7y
e SAND outperforms existing agent tuning methods ;
Model SHpeAeil ScienceWorld ALFWorld AT
_ _ _ ) Agents w/ Training
® ACtIOn de“beratlon |mpr0ves LLM agents at Qwen2.5-7B-Instruct + SFT (Zeng et al., 2024) v 69.2 60.8 721 75.4 69.4
Step_level across Iteratlons (Flgure 3) Llama-3.1-8B-Instruct + SFT (Zeng et al., 2024) v 75.6 65.1 79.3 71.6 72.9
Llama-3.1-8B-Instruct + ETO (Song et al., 2024b) v 81.3 74.1 g 76.4 112
Llama-3.1-8B-Instruct + KnowAgent (Zhu et al., 2025) v 81.7 69.6 80.0 74.9 76.6
® LLM agents ﬁnetu ned Wlth SAN D |ea rn When tO Llama-3.1-8B-Instruct + WKM (Qi1ao et .al., 2024) X 32.1 76.5 T2 78.2 78D
Llama-3.1-8B-Instruct + ETO&MPO (Xiong et al., 2025) X 83.4 80.8 85.0 79.1 82.1
deliberate (Figure 4). Qwen2.5-7B-Instruct + SAND (Iteration 1) 7 80.9 672 857 850 | 797
Qwen2.5-7B-Instruct + SAND (Iteration 2) v 83.2 69.9 85.0 89.6 81.9
= | | f Qwen2.5-7B-Instruct + SAND (Iteration 3) v 84.0 69.0 90.7 904.8 84.6
e For more results please reter to our paper. Llama-3.1-8B-Instruct + SAND (Iteration 1) / 86.6 775 929 918 | 86.0
[Llama-3.1-8B-Instruct + SAND (Iteration 2) v 88.7 78.2 94.3 94.0 88.8
[Llama-3.1-8B-Instruct + SAND (Iteration 3) v 85.7 79.1 94.3 96.3 88.9
ALFWorld (Seen) ALFWorld (Unseen)
16 - Base SFT SAND-1 SAND-2 SAND-3 L 60 Base SFT SAND-1 SAND-2 SAND-3
214 2 & E 50 & Table 2: Average rewards of all compared methods on two datasets. SAND significantly improves LLM agents across
Al _403'5 o -403'5 different model backbones, outperforming proprietary LLMs as well as state-of-the-art multi-agent approaches.
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=10 3 . g . .
B O O = O ;0 panel corresponds to a SAND iteration starting from Llama-3.1-8B-Instruct. The difficulty bands Hard, Medium,

Llama-3.1-8B-Instruct  Qwen2.5-7B-Instruct

Liama-3.1-8B-Tnstruct. Quen?.5-7B-nstruc Easy are determined based on the tertiles of reward distribution from the base Llama-3.1-8B-Instruct. The results
Figure 3: Average reward per step (bars) and average action deliberation rate per step (lines) show that more SAND iterations teach LLM agents to deliberate more on hard tasks and less on easy tasks.



