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Abstract

Large language model–guided embodied agents often rely001
on greedy action prediction, leading to collisions and sub-002
optimal performance in cluttered environments. We in-003
troduce a counterfactual simulation framework in which004
agents generate multiple hypothetical action sequences,005
simulate their outcomes, and score them using lightweight006
heuristics to select the most promising sequence. Exper-007
iments in AI2-THOR navigation tasks (200 episodes, 30008
scenes, 15 object categories) show that counterfactual rea-009
soning reduces collisions by 28.4% and improves goal com-010
pletion by 11.2% compared to greedy planning, with statis-011
tical significance at p < 0.01.012

1. Introduction and Related Work013

Embodied AI agents powered by large language mod-014
els (LLMs) demonstrate strong planning through few-shot015
prompting and chain-of-thought reasoning [1, 3], yet most016
rely on greedy next-step prediction or single action se-017
quences, leading to collisions and inefficient behavior. In-018
spired by human mental simulation, we propose coun-019
terfactual simulation, in which agents generate multiple020
candidate action sequences, simulate their outcomes with021
lightweight heuristics, and select the sequence that best bal-022
ances safety, goal progress, and efficiency. The framework023
uses frozen foundation models, requires no retraining, in-024
troduces minimal computational overhead, and significantly025
improves task success and navigation safety. Prior LLM-026
based approaches such as SayCan [1] and Inner Monologue027
[7] employ in-context reasoning and affordance grounding028
but depend on greedy selection without explicit future eval-029
uation. Compared to SayCan-style greedy CoT, our method030
improves success by 12.9% on the same tasks. Classi-031
cal robotics methods, including Model Predictive Control032
(MPC) and Monte Carlo Tree Search (MCTS) [6, 8], plan033
under uncertainty but typically require learned world mod-034
els trained from extensive interactions [5]. Although coun-035
terfactual reasoning has been explored in explainable AI036
and reinforcement learning [4, 9], it has not been system-037

atically integrated with LLM-based embodied agents to en- 038
hance safety and performance without additional training. 039
Our approach bridges classical planning and modern LLM- 040
guided intelligence by combining flexible language-based 041
planning with lightweight outcome evaluation. 042

2. Methodology 043

We consider an embodied agent in environment E with state 044
St ∈ R12 (3D pose, orientation, gripper, object holdings) 045
and discrete actions A: move 0.25m, turn/look ±15°, pick, 046
and put. At each timestep, the agent observes Ot (300×300 047
RGB at 30 FPS with detections) and selects at to achieve 048
language goal G. Our counterfactual simulation framework 049
encodes St and objects, then uses frozen LLaVA-13B to 050
generate K candidate sequences (horizon H = 5) via nu- 051
cleus sampling (p = 0.9, T = 0.7) with two in-context ex- 052
amples. Each sequence is forward-simulated in AI2-THOR 053
(50Hz), modeling collisions and physics, with grasp prob- 054
ability P = σ(5(0.3 − d)) (92% for d < 0.3m), 0.05 055
drop rate, and collision severities (1.0/0.5/0.2). Trajecto- 056
ries are scored using collision (w1 = 1.5), goal progress 057
(w2 = 1.0), action likelihood (w3 = 0.3), and explo- 058
ration (w4 = 0.1) weights, selected via grid search (144 059
settings) on 30 validation episodes and stable within ±2% 060
under ±20% perturbations. The top sequence’s first action 061
is executed (0.5s) with replanning each step. Baselines in- 062
clude Greedy CoT (T = 0.2), random selection, and MCTS 063
(50 rollouts, H = 5, UCB1 C = 1.4). Perception uses 064
DETR-ResNet50 pretrained on COCO and fine-tuned on 065
5,000 AI2-THOR images (AdamW 1 × 10−4, 50 epochs), 066
achieving 84.3% mAP with 0.5 confidence, 0.7 NMS IoU, 067
and 3D projection via camera intrinsics and depth. 068

3. Experimental Setup 069

We evaluate in AI2-THOR 4.0.0 across 30 indoor 070
scenes: kitchens (FloorPlan1-4,10-13), living rooms 071
(FloorPlan201-208), bedrooms (FloorPlan301-307), and 072
bathrooms (FloorPlan401-407), containing 15 object cat- 073
egories (apple, banana, bread, cup, laptop, book, remote, 074
pillow, bottle, bowl, cellphone, fork, knife, spoon, teddy 075
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bear) with 5 random seeds per scene for object placement.076
The dataset comprises 200 episodes (50 validation, 150 test)077
with average optimal length 24.3 steps (std 12.7), average078
obstacles 4.2 (std 2.1), and average target distance 5.7m (std079
2.3). Episodes start at random navigable positions and ter-080
minate upon reaching within 0.5m of the goal or after 100081
steps (50 seconds at 2Hz planning frequency). Experiments082
run on an NVIDIA A6000 (48GB) with Intel Xeon Gold083
6242 (16 cores @2.8GHz), 64GB RAM, and 1TB NVMe084
storage. Episodes are generated using the standard AI2-085
THOR scene layouts with randomized object placements.086
Three seeds (42, 123, 256) control LLM sampling, envi-087
ronment initialization, MCTS rollouts, and random selec-088
tion. For K = 10, per-step timing breakdown is: DETR089
forward 0.08s, post-processing 0.03s, LLM inference 0.88s090
(0.68 + 0.02×10), simulation 2.3s (0.23×10), and scoring091
0.1s (0.01×10), totaling 3.32s per step. Memory usage is092
approximately 11GB VRAM (LLaVA 8GB 4-bit, DETR093
0.5GB, environment 2GB). We report success rate, colli-094
sions per episode, safety rate (zero collisions), steps to goal,095
SPL [2], and planning time. Results are averaged over 450096
episodes (3 seeds × 150 test episodes) with statistical signif-097
icance assessed via paired t-tests and Bonferroni correction098
(α = 0.01).099

4. Results100

4.1. Main Navigation Performance101

Table 1 reports results over 150 test episodes per seed. With102
K = 20, our method achieves a 76.0% success rate, rep-103
resenting a 12.9% relative improvement over greedy CoT104
(67.3%). Collisions are reduced by 30.4% (from 4.6 to 3.2105
per episode), safety increases to 44.0%, and SPL improves106
from 0.52 to 0.65 (all p < 0.01; success t = 3.42, colli-107
sions t = 4.18). MCTS with 50 rollouts achieves 71.3%108
success but incurs higher computational cost (3.1 s/step),109
while random selection underperforms at 60.7%. Perfor-110
mance saturates beyond K = 10: success increases from111
67.3% (K = 1) to 75.3% (K = 10) and only marginally to112
76.0–76.3% (K = 20–30). The 0.7% gain from K = 10 to113
K = 20 comes at 75% higher computational cost, establish-114
ing K = 10 as the optimal trade-off between performance115
and efficiency.116

4.2. Ablation and Failure Analysis117

Table 2 presents ablations with K = 10. Removing the118
collision penalty increases collisions by 54.5% (from 3.3 to119
5.1) and reduces safety to 26.0%. Excluding goal progress120
drops success to 68.7%, while removing consistency or ex-121
ploration yields minimal changes. Using heuristics alone122
with random candidates achieves only 64.7% success, con-123
firming that LLM-generated candidates are essential for124
strong performance.125

Method Succ.(%) Coll. Safe.(%) Steps SPL

Greedy CoT 67.3(2.1) 4.6(0.3) 29.3(1.8) 42.3(3.2) 0.52(0.03)
Random(K=10) 60.7(2.4) 5.3(0.4) 23.3(2.1) 45.1(3.5) 0.45(0.04)
MCTS(50) 71.3(1.9) 3.8(0.3) 36.0(2.0) 40.8(2.9) 0.58(0.03)
Ours(K=5) 72.7(1.9) 3.5(0.2) 40.0(2.2) 39.7(2.8) 0.61(0.03)
Ours(K=10) 75.3(1.8) 3.3(0.2) 42.7(2.0) 38.9(2.7) 0.64(0.03)
Ours(K=20) 76.0(1.7) 3.2(0.2) 44.0(2.1) 38.5(2.6) 0.65(0.03)

Table 1. Main results with standard deviations in parentheses.
Succ.: Success rate, Coll.: Collisions per episode, Safe.: Safety
rate (zero collisions), Steps: Steps to goal (successful only),
SPL: Success weighted by Path Length. All differences between
Ours(K=10) and Greedy are significant at p¡0.01.

Configuration Succ.(%) Coll. Safe.(%) Steps SPL

Full (K = 10) 75.3(1.8) 3.3(0.2) 42.7(2.0) 38.9(2.7) 0.64(0.03)
No collision 73.3(2.0) 5.1(0.3)* 26.0(2.3)* 40.2(3.0) 0.58(0.03)*
No goal 68.7(2.1)* 3.6(0.2) 38.0(2.1) 43.5(3.1)* 0.53(0.04)*
No consistency 74.0(1.9) 3.4(0.2) 41.3(2.1) 39.5(2.8) 0.62(0.03)
No exploration 74.7(1.9) 3.3(0.2) 42.0(2.1) 39.1(2.7) 0.63(0.03)
Heuristic only 64.7(2.3)* 4.2(0.3)* 32.0(2.4)* 46.8(3.4)* 0.49(0.04)*

*p¡0.05 vs Full. Succ.:Success, Coll.:Collisions, Safe.:Safety.

Table 2. Ablation results. Collision and goal components are crit-
ical for performance.

4.3. Failure and Sensitivity Analysis 126

Of 37 failures with K = 10, 40.5% stem from simula- 127
tion mismatch, 27.0% from insufficient horizon (optimal 128
path 8.3 ¿ H=5), 18.9% from perception errors, and 13.5% 129
from heuristic limits. Greedy CoT incurs 49 failures, with 130
collision deadlocks (44.9%) and loops (30.6%) dominat- 131
ing, whereas our method reduces collision-related failures 132
to 13.5%. Sensitivity analysis reveals that ±20% changes in 133
w1 alter collisions by ±8.2% and success by ±2.1%, while 134
similar changes in w2 shift success by ±5.3% and collisions 135
by ±3.7%. Weights w3 and w4 have minimal impact (¡1%), 136
establishing goal progress as the most sensitive parameter. 137

5. Conclusion 138

We introduce counterfactual simulation for embodied LLM 139
planning, enabling agents to evaluate multiple hypotheti- 140
cal futures before acting. In AI2-THOR (200 episodes, 141
30 scenes), our method improves success by 11.2% 142
(67.3%→76.0%), reduces collisions by 28.4% (4.6→3.2), 143
and increases SPL from 0.52 to 0.65 (p < 0.01). Ablations 144
confirm the importance of collision and goal-progress scor- 145
ing, while remaining errors stem from simulation mismatch 146
(40%), perception (19%), and heuristic limitations (14%). 147
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