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ABSTRACT

Recent advances in large vision-language models (LVLMs) have shown promise
for embodied task planning, yet they struggle with fundamental challenges like
dependency constraints and efficiency. Existing approaches either solely optimize
action selection or leverage world models during inference, overlooking the benefits
of learning to model the world as a way to enhance planning capabilities. We
propose Dual Preference Optimization (D?PO), a new learning framework that
jointly optimizes state prediction and action selection through preference learning,
enabling LVLMs to understand environment dynamics for better planning. To
automatically collect trajectories and stepwise preference data without human
annotation, we introduce a tree search mechanism for extensive exploration via
trial-and-error. Extensive experiments on VoTa-Bench demonstrate that our D2PO-
based method significantly outperforms existing methods and GPT-40 when applied
to Qwen2-VL (7B), LLaVA-1.6 (7B), and LLaMA-3.2 (11B), achieving superior
task success rates with more efficient execution paths.

1 INTRODUCTION
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Existing approaches leverage language models for embodied task planning, including prompt-based
methods [Song et al.| (2022)); |Shin et al.| (2024); [Liang et al.| (2022), supervised fine-tuning (SFT)
from expert demonstrations Wu et al.[ (2023)); [(Chen et al.|(2024b); Jin et al.| (2023), and RL-based
optimization [Carta et al.| (2023); |Yang et al.| (2023)); |Szot et al|(2023)). However, these methods
primarily focus on learning direct mappings from state to action, optimizing for what to do without
considering the consequences of these actions. To model environment dynamics, some recent methods
leverage LLMs directly as world models through prompting |[Hao et al.| (2023); |Zhou et al.| (2024) to
guide the search path. However, these approaches introduce additional computational overhead while
fail to develop world modeling capabilities during training.

Inspired by human cognition, where we naturally develop an internal world model through continuous
interaction with the environment Johnson-Laird| (1983)); [Tolman|(1948); |LeCun|(2022), we propose to
enhance planning capabilities by incorporating world modeling during the training stage. Accordingly,
we propose a novel learning framework called Dual Preference Optimization (D>PO), which jointly
optimizes state prediction and action selection through preference learning: (1) State Prediction,
where the model predicts the next state given the current state and action, learning the consequences
of actions over time; (2) Action Selection, which improves the model’s policy ability to choose
appropriate actions with reasoning based on the goal and interaction history. By representing world
dynamics in natural language, we leverage the prior knowledge of large language models. More
importantly, rather than treating world modeling as a separate component, our framework uses world
modeling objectives to enhance the policy’s planning capabilities. Through this dual optimization,
the policy model naturally develops an understanding of world dynamics, leading to more informed
action selection without requiring explicit world model guidance during inference.

To automatically collect correct trajectories and stepwise preference data for training, we introduce a
tree search mechanism that systematically explores action sequences within a simulated environment.
By combining model evaluations and environmental feedback, this scalable method can automatically
generate extensive trajectories and construct preference pairs for both action selection and state
prediction. This approach eliminates the need for expert demonstrations and preference annotations,
while efficiently gathering diverse embodied interaction experiences.

Extensive experiments on VoTa-Bench, our vision-enhanced extension of the text-only LoTa-Bench
(designed for LLMs) Choi et al.|(2024), demonstrate that our method outperforms existing training
approaches across multiple evaluation settings. Our evaluation shows significant improvements
in both success rate and planning efficiency, with our 7B-parameter model surpassing GPT-40’s
performance on multiple test types, highlighting the efficacy and potential of our approach.

Our main contributions are as follows:

* We propose to learn world modeling to enhance model’s planning abilities through our
novel Dual Preference Optimization (D?PO) framework, which jointly optimizes state
prediction and action selection through preference learning, enabling the model to learn
action consequences while improving planning.

* We introduce a tree search algorithm that automatically collects trajectories and constructs
multimodal stepwise preference data for embodied task planning via trial-and-error, elimi-
nating the need for human annotation.

* We demonstrate that auxiliary world modeling objectives significantly improve embod-
ied task planning with extensive experiments on VoTa-Bench. Our 7B-parameter model
achieves a relative improvement of 31.4% and 33.0% in success rate and planning efficiency
respectively compared to SFT baselines.

2 RELATE WORK

2.1 EMBODIED TASK PLANNING

Embodied task planning is a key component of Embodied Al, enabling agents to perform complex
tasks within dynamic and physical environments. Early LLM-based methods|Yao et al.| (2022)); Sun
et al.| (2023);|Zhao et al.|(2023) rely purely on textual metadata from the environment, making them
struggle to adapt to the unpredictable and dynamic nature of real-world settings. Later approaches
Singh et al.| (2022); Song et al.| (2022)); |Shin et al.| (2024); Yang et al.| (2024)); [Zhao et al.[ (2024);
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Shirai et al.|[(2023) introduce cascaded visual processing through external models. However, these
multi-stage pipelines increase system complexity and potential error propagation. Notably, existing
methods Pashevich etldl. (2021); Inoue & Ohashi (2022); Lu et al. (2023); Chehn|et al.|(2024b);
Zhao et al.[(2024) also heavily rely on manual step-by-step instructions. In contrast, we propose an
end-to-end approach using a single VLM for both direct visual processing and autonomous planning,
despite the increased modeling challenges.

Methodologically, several recent works have explored diverse prompting strategies Song et al. (2022);
Shin et al.|[(2024); Liang et al. (2022) and multi-agent frameworks with specialized roles|Zhang
et all (2023); Mai et al. (2023); Wang et al. (2024b). SFT-based approaches learn from expert
demonstrations using human or language model annotated data Wu et al. (2023); Chen et al. (2024b);
Jin et al. (2023), or collect training data through actor-critic simulation Li et al. (2024). Recent works
explore PPO-based optimization using designed reward templates Carta et al. (2023) or optimizing
through environment interaction feasibility Yang et al. (2023); Szot et al. (2023) These RL-based
methods require designed reward or training separate reward models. Direct preference optimization
(DPO) Rafailov et al. (2023), as an implicit reward modeling approach, has shown promise in
LLM planning Song et al. (2024); Zhao et al. (2024). Different from existing approaches focusing
on optimizing action selection alone, we propose to leverage DPO for joint optimization of state
prediction and action selection in LVLMs.

2.2 WORLD MODEL

World model is a computational framework that predicts future states based on current states and
actions, enabling decision-making through simulated outcomes Sutton (1990). Traditional approaches
based on recurrent state space models (RSSM) for low-level control, focus on learning state transitions
in a latent space rather than language modeling and rely on handcrafted reward functions Hafner et al.
(2019; 2020); Wu et al. (2022); Hafner et al. (2023). Recent advancements have explored integrating
LLMs to leverage prior knowledge, with some using LLMs to generate symbolic plans or code to
modeling world Guan et al. (2023); Dainese et al. (2024), and others using text prompting Hao et al.
(2023); Zhou et al. (2024). However, these methods mainly utilize world modeling during inference,
without incorporating it into the training process. In contrast, our approach jointly optimizes state
prediction and action selection with DPO during training stage, learning world modeling capabilities
that enhance the model's planning abilities.

3 METHOD

3.1 TASK FORMULATION

We model the embodied task planning problem as a Partially Observable Markov Decision Process
(POMDP), where the agent operates in a partially observable environment and generates actions
based on multimodal feedback. The POMDP is de ned by the t(®J&\; O; T ;M ;R; ), whereS

is the state spacé, is the action spacé&) is the observation spacg,: S A!S isthe transition
function &t = T(st 1;&)), M : S 1O isthe observation function provided by the simulation
environmentR : S A! [0; 1]is the reward function, andis the constant discount factor. Due to
partial observability, the agent cannot directly access the completesstate, but instead receives
rst-person visual observations = M (s;) 2 O from the environment.

Given a task goal 2 G, whereGis the space of natural language task instructions, the agent interacts
with the environment through a sequential planing process. At each time step t, the agent receives an
observatioro, 2 O from the simulation environment and maintains a history of past observations
and action$; = (0p; @1; 01;::5; &; 0 ). Based on this history and the task goal, the agent's policy
generates an acticg., (jo;h),wherethepolicy :G H!A maps the current history

h; and goalg to a distribution over the action spage

Through this interaction process, a trajectory is formed ag g; @;a;;01;:::;0n 1;8n;0n), Where

n is the length of the trajectory, and each observatias provided by the environment after executing
actiona;. The task is considered successfully completed if the nal state satis es the goal condition,
with the reward de ned as(e) = 1 if the goal condition is satis ed and 0 otherwise.
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Figure 2: Our method consists of two dimensions: (1) Data Exploration via Step-wise Tree Search
(Sec 3.2), which collects preference data through sampling and selecting potential actions, iterative
tree expansion, and trajectory backtracking; (2) Dual Preference Optimiza®O(dramework

(Sec 3.3) that leverages the collected preference pairs to jointly optimize action selection and state
prediction.

3.2 DATA EXPLORATION VIA STEP-WISE TREE SEARCH

Previous training methods often rely on costly human expert annotations or GPT-40-generated labels,
which can be both time-consuming and limited in diversity. To address these challenges, we introduce
a novel tree search framework for embodied task planning that explores the action space step-by-step
with environment interaction, eliminating the need for human expert annotation.

Our framework consists of three components: action sampling and evaluation, iterative tree expansion,
and trajectory validation and backtracking. First, we sample and evaluate potential actions at each
state using a hybrid scoring mechanism. Then, we iteratively expand the search tree by selecting
and exploring promising nodes at each level, following a breadth- rst strategy. Once a goal state is

reached, we backtrack through the trajectory to create preference pairs for dual optimization of action
selection and state prediction. More detailed implementation is provided in the appendix D.

Action Sampling and Evaluation At each selected state nogle we sample multiple potential
actionsat(i)i:l ..x using a base policy model. Actions are evaluated through a hybrid scoring
mechanism combining two components: a process reward s&bcrﬁom GPT-40, which evaluates

how actions contribute to goal completion based on the history according to a score-based prompt,
and a binary environmental feasibility scm&?\, indicating action executability (1 if executable, O if

not). These scores are normalized and combined with equal weightsite r Sbe+ (1 )réay
where = 0:5, guiding exploration towards both goal-oriented and executable trajectories.

Iterative Tree Expansion Following a breadth- rst strategy, actions with high scor{?')éil

(where is a prede ned threshold) are selected for expansion. The states after selected actions
execution in the environment form the next level of exploration. This step-by-step expansion ensures
extensive exploration of promising solution paths at each depth while maintaining physical feasibility.

Trajectory Validation and Backtracking Upon reaching a goal state, we extract the trajectory

by backtracking and constructing preference pairs for both action selection and state prediction. At
eachstes; 1! a inasuccessful trajectory, where visual observatigng = M (s; 1) represent

the agent's rst-person view of states as input, we generate two types of preference pairs. For

action selection, we obtaify; a ; 0« ;r¥; a"; r{ ;a‘tj N (1)), Where(r; &) represents the chosen
reasoning-action pair ang; a{j o (1) are alternatives from sibling nodes. For state prediction, we

4
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extract(s; 1; at;s}’v;s{j IN (t)), wheres” represents the state description that would result from
executing actiom", ands} j2n (1) are the corresponding state descriptions from alternative actions.

3.3 DUAL PREFERENCEOPTIMIZATION (D?PO) FRAMEWORK

We propose the Dual Preference OptimizatioRRD) framework, building upon Direct Preference
Optimization (DPO) Rafailov et al. (2023). The core idea of DPO is to directly optimize the model
using preference paifg/" ; y'g, where the optimization objective encourages the model to assign
a higher probability to preferred respongég”  y') while maintaining proximity to a reference
model, without additional reward model.

We extend this preference learning framework to embodied task planning by simultaneously optimiz-
ing two critical aspectsaction selectionandstate prediction. The action selection optimization
focuses on enhancing the policy model, enabling the agent to choose the most appropriate action
based on the current state, history, and task instruction. Meanwhile, the state prediction optimization
targets the world modeling, which learns to predict the next state resulting from the current state
and action. This dual optimization approach enhances the agent's understanding of environment
dynamics, leading to better planning performance.

Action Selection Given contex{(g; a« ; O« ), we optimize the probability of selecting preferred
reasoning-action paig}"; a}') over rejected pairé}; a}):

h

r;aljg; ax ; 0« rl;aljg;ac ;oq) |
Laciod 5 re) =  Egas ox sWavilal)p log lo (r";a'jg <t ) | (re; g <t )

rer(r} ;@Y jg; act ;0<t ) ref(r; aljg; axe 50« )

@)

State Prediction Given state-action pairés; 1;a:), we optimize the prediction of preferred
outcome states) after executing action; over rejected stateg. The states are represented as
descriptions that capture key object properties, spatial relationships, and agent status (e.qg., “the plate
is on the table, and the agent is holding the cup”). This optimization enables the model to learn the
dynamic state changes induced by actions. Formally, the state prediction objective is:

h

Wisy 1;a, lise 1;a0) |
Lstat(—( ; ref): E(a,;s, 1;5}”;5{)D |09 (Stjt ! t) |0 M : (2)

ref(St'jst 1;a) ref(SHst 1;a)

Finally, we combine both objectives in a joint optimization problem. The total loss is a weighted sum
of the action selection and state prediction losses, with the objective function de ned as:

Liotal = Lactionl 5 ref) * L s 5 ref);
where is a hyperparameter controlling the balance between the two optimization objectives.

4 EXPERIMENT

4.1 BEXPERIMENTAL SETTINGS
4,1.1 VOTA-BENCH

DatasetOur evaluation is based on the LoTa-Bench Choi et al. (2024), which leverages the Al2-
THOR Kolve et al. (2017) simulation environment and repurposes data from ALFRED Shridhar
et al. (2019). Unlike ALFRED, which provides both task- and step-level instructions for translating
detailed step-by-step guidance into robot actions, LoTa-Bench focuses on high-level task planning
using only task-level instructions.

In this work, we extend LoTa-Bench to create a new multimodal benchmark, VoTa-Bench, to better
support LVLMs. (1) Unlike the original LoTa-Bench, which relies on textual descriptions, VoTa-
Bench incorporates egocentric visual information as both the initial state and the observation after
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each operation, requiring the model to effectively process visual inputs. (2) For evaluation, we do
not rely on executable skills and logits computation; instead, we adopt an open-domain generation
approach, which may result in the model generating non-executable skills. (3) The original dataset's
environments were same to the training environment (seen scene). We expanded the dataset by adding
new unseen environments to test the model's generalization, resulting in 549 seen test samples and
646 unseen test samples, covering 108 objects and 120 scenes. More details about VoTa-Bench are in
Appendix C.

4,1.2 BASELINES

Our evaluation includes the zero-shot performance of several leading LVLMSs, such as GPT-40,
GPT-40-mini OpenAl (2024), Gemini-1.5-Pro Team (2024), Qwen2-VL-72B Wang et al. (2024a)
and LLaVA-1.6-34B Liu et al. (2024).

Additionally, we validate our approach on Qwen2-VL-7B Wang et al. (2024a), LLaVA-1.6-7B Liu

et al. (2024), and Llama-3.2-Vision-11B Meta (2024). The compared methods are as f@llpws:
In-Context Learning: We provide 5-shot examples to prompt the model for generat®)r5FT:

We ne-tune the models using our collected datagg}.DPO: We optimize the models using our
collected action selection data. Notably, the DPO data is collected by us and focuses solely on action
selection optimization, serving as an ablation of 0dPD method(4) D°PO (Ours): We propose a

dual preference optimization approach, leveraging both action selection and state prediction data for
enhanced performance.

4.1.3 B/ALUATION METRICS

Success Rate (SR) The Success Rate (SR) measures task completion by verifying if the nal state
of the environment, including object states and positions, satis es the task's goal conditions. For
example, in the task “Place a cold apple on the dinner table,” success is achieved only if the apple is
chilled and located on the dinner table.

Path-Length Weighted Success Rate (PL) We introduce the Path-Length Weighted Success Rate
(PL) Shridhar et al. (2019) to evaluate ef ciency, which adjusts SR by comparing the model's step
sequence length to the expert demonstration. The PL score is calculated as:

L

PL=SR ———;

max(L ;L)

whereL is the expert's trajectory length, aridis the model's trajectory length. This penalizes
models that take longer than the expert, ensuring both task success and ef ciency are considered. For
instance, a model takes twice as long as the expert receives half the credit.

4.1.4 IMPLEMENTATION DETAILS

For the models Qwen2-VL-7B, LLaVA-1.6-7B, and Llama-3.2-Vision-11B, we adopt the same
training protocol. We use full-parameter tuning, rst performing SFT for 3 epochs, using a learning
rate of3e 5 and a batch size of 32. Following SFT, we conduéPD for 1 epoch, with a learning

rate of5e 7 and a batch size of 32. In the?BO loss function, we set the balancing parameterl

to equally weigh the contributions of action selection and state prediction. The DPO implementation
is kept identical to the BPO setup. Our training data consists of 4.5k SFT samples and 15k DPO
samples. Due to the inherent properties of VLMs, we use images as state inputs and text descriptions
as outputs for state prediction. The maximum number of steps is set to 25 and the temperature is set
to 0 during evaluation.

4.2 MAIN RESULTS

Our experimental results highlight the substantial advantages of the Dual Preference Optimization
(D?PO) framework over existing baselines. Results are shown in Tab. 1, and we summarize the key
ndings as follows:



Published as a conference paper at ICLR 2025

Table 1: Performance of3PO and baselines on VoTa-Bench (Sed®uld values indicate the highest
performance within the same model, and our methatP@), including its ablation (DPO), are
highlighted in green .

Examine&Light Pick&Place Stack&Place Clean&Place Heat&Place Cool&Place Overall
SR PL SR PL SR PL SR PL SR PL SR PL SR PL

GPT-40 33.33 23.37 51.19 36.27 0.00 0.00 0.00 0.00 8.41 6.55 2.38 2.02 14.39 10.37
+ICL 41.67 30.60 64.2945.95 4.17 1.31 1.79 1.79 24.3023.8111.9011.3923.5018.78

GPT-40-mini 22.22 10.88 14.29 816 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.10 2.68
Gemini-1.5-pro  34.72 29.38 27.38 12.07 0.00 0.00 0.00 0.00 7.48 7.37 3.17 1.72 10.93 6.81
Qwen2-VL (72B) 34.72 21.62 39.29 21.81 0.00 0.00 0.00 0.00 3.97 3.47 0.79 0.56 11.66 7.10
LLaVA-1.6 (34B) 1250 2.09 7.14 2.67 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.73 0.68

Qwen2-VL (7B) 26.39 855 14.29 822 2.08 0.60 0.00 0.00 0.00 0.00 0.00 0.00 5.83 2.46

+ICL 25.00 9.25 21431229 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6.56 3.14
+SFT 70.83 55.24 69.05 57.74 6.25 5.38 26.79 26.04 58.88 58.34 31.75 31.11 44.63 40.33
+DPO 72.22 56.67 80.9566.3010.42 8.47 44.64 44.64 60.7560.75 44.44 44.04 53.92 49.37
+D?PO 84.72 66.67 84.5271.2712.50 10.23 48.21 48.21 66.36 66.36 44.44 44.33 58.11 53.33
LLaVA-1.6 (7B) 4.17 0.67 7.14 1.14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.64 0.26
+ICL 139 022 476 0.76 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.91 0.15
+SFT 56.94 45.37 63.10 51.65 12.50 9.81 31.25 31.18 50.47 50.08 30.16 29.34 41.35 37.56
+DPO 66.67 45.77 72.6259.1720.83 18.20 44.64 44.64 44.86 44.86 43.65 43.07 49.54 44.38
+D?PO 69.44 52.60 78.5765.4822.92 19.60 47.32 47.32 60.75 60.41 44.44 44.33 54.83 50.23
LLaMA-3.2 (11B) 1250 2.00 4.76 0.86 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.37 0.39
+ICL 833 133 357 057 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.64 0.26
+SFT 58.33 44.13 72.62 47.04 8.33 6.69 30.36 26.03 46.73 46.73 35.71 31.98 42.99 35.33
+DPO 76.39 59.31 78.5762.6112.50 9.97 29.46 25.47 43.9343.3536.51 34.24 46.08 39.73
+D?PO 76.39 59.63 88.1071.3214.58 12.19 38.39 32.97 48.6048.26 39.68 38.8051.18 44.84

World Modeling Enhances Planning Performance: The consistent superiority of iPO over
standard DPO (average +9.84% SR across models) validates our core hypothesis - incorporating
world modeling objectives signi cantly enhances the model's planning capabilities.

Learning from Mistakes: The performance gains of DPO an@HD over SFT (average relative
improvements of 15.95% and 27.29% in SR across models) underscore the value of learning from
both successful and unsuccessful exploration. While SFT relies solely on successful trajectories,
DPO and BPO additionally utilize suboptimal or failed attempts, enabling the model to learn not
just what to do but also what not to do. This mirrors human learning, where mistakes often provide
critical insights into task dynamics and constraints.

Surpassing Process Reward Model through Environment ExplorationOur D?’PO framework,

with a 7B model, Qwen2-VL-7B outperforms GPT-40 (only 14.39% SR) by 43.72 points in SR,
despite GPT-40 serving as the process reward model. This reveals how our framework effectively
combines process guidance from larger models with environmental feedback to develop superior
planning capabilities, even when the process reward model's direct performance on the task is limited.

Ef ciency Gains from World Model Understanding: The improved path-length weighted success
rate (PL) metrics across all tasks (average +11.35% compared to DPO) indicate that our model
develops physics-aware planning capabilities. Even more, in some tasks, while DPGR®d D
achieve similar SR, BPO increases the PL, showing more ef cient action sequencing through
anticipated state transitions.

4.3 GENERALIZATION: UNSEENSCENE

We further evaluated the generalization capabilities of our model by testing it on unseen scenes
that were not part of the training environment. As shown in Tab. 2, we observe that our method
consistently outperforms baseline methods in both success rate (SR) and path-length weighted success
rate (PL), with average relative improvements of 7.17% and 8.58% respectively across different
models compared to DPO. These results demonstrate that incorporating world modeling objectives
enhances the model's planning capabilities and generalization to novel environments.
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Table 2: Generalization performance on VoTa-Bench (Unsdgold values indicate the highest
performance within the same model, and our methatP@), including its ablation (DPO), are
highlighted in green .

Examine&Light Pick&Place Stack&Place Clean&Place Heat&Place Cool&Place Overall
SR PL SR PL SR PL SR PL SR PL SR PL SR PL
Qwen2-VL (7B) 25.53 9.34 15.79 9.58 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 7.43 3.18

+ICL 26.95 1220 3.95 1.69 000 000 000 0.00 0.00 0.00 0.00 0.00 6.35 2.86
+SFT 68.79 56.93 52.63 44.46 429 261 43.36 43.37 62.50 62.29 49.54 47.38 50.77 46.70
+ DPO 73.76 60.17 53.9546.95 7.14 5.15 52.21 52.21 66.18 66.18 66.97 66.97 57.59 53.65
+D?PO 77.30 62.67 56.58 49.56 11.43 8.66 55.75 55.75 72.79 72.79 68.81 68.51 61.46 57.16
LLaVA-1.6 (7B) 4.26 077 6.58 114 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.70 0.30
+ICL 2.84 045 263 107 000 0.00 000 0.00 000 0.00 0.00 0.00 093 0.23
+SFT 64.54 5241 57.89 51.39 4.29 3.00 42.48 41.61 56.62 56.16 44.04 43.51 48.14 44.33
+DPO 75.89 51.53 60.53 45.25 7.14 4.62 56.64 56.21 65.44 64.61 63.30 63.12 58.82 51.23
+D?PO 77.30 58.98 60.53 49.30 14.29 10.38 60.18 60.18 69.12 68.90 65.14 64.46 61.61 55.78
LLaMA-3.2 (11B) 12.06 2.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.63 0.46
+ICL 9.22 1.48 5.26 0.83 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.63 0.42
+SFT 70.92 5875 53.95 46.25.14 4.61 51.33 50.02 47.06 46.85 52.29 50.81 50.31 46.02
+DPO 7447 61.40 64.47 54.16 7.14 5.63 45.13 43.76 51.47 50.33 53.21 51.41 52.32 47.39
+D?PO 82.27 66.47 64.47 55.34 7.14 5.69 53.10 51.52 58.09 57.59 57.80 55.79 57.59 52.27
(a) Impact of data scale on performance (SR). (b) Impact of model scale on performance (SR).

Figure 3: Analysis of data scale and model scale.

5 FURTHERANALYSIS

5.1 DATA SCALE

To investigate the impact of the data scale on performance, we varied the SFT data from 2K to 15K
samples (with corresponding DPO data from 6K to 50K). Using Qwen2-VL-7B as the backbone
model, our results in Fig. 3a show thatPO consistently outperforms baselines across all data scales,
achieving an average improvement of 5-15% in success rate (SR) over SFT.

As the data size increases, we observed a non-monotonic trentPi@'®performance: initial
improvements followed by plateauing or slight decline at larger scales. This phenomenon likely stems
from the shared source with SFT data, where simply increasing DPO data may lead to over tting.
This highlights the importance of data quality and diversity for model generalization.

5.2 MODEL SCALE

We further examined the effect of model scale on performance by conducting experiments with
models of varying sizes, ranging from 2B to 72B parameters. As shown in Fig. 3b, performance
improves as the model scale increases. Nota@consistently outperforms SFT across all model
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sizes, with both methods bene ting from larger model capacities. On the largest models (Qwen 72B
and LLaVA 13B), FPO achieves approximately 30% improvement in SR over baselines.

5.3 ACTION-CONDITIONED V.S. GOAL-DIRECTED WORLD MODELING

Inspired by recent advances in video prediction
Ren et al. (2025) that demonstrate the poten-
tial of learning world dynamics without explicit
actions, we investigate two distinct approaches
to world modeling. The conventional action-
conditioned world model learns to predict the
next state based on the current state and action
( (stjst 1;a)), while the goal-directed world
model directly imagines future states from his-
tory hy 1 and goal conditions ((s{jg; h; 1)).

Our empirical analysis in Fig. 4 reveals that

while the action-conditioned model achieves a

higher success rate on seen scenarios, the goal-

directed model demonstrates superior generaigure 4: Success rates (SR) of action-conditioned
ization to unseen scenarios. This suggests a féhd goal-directed world models across seen and
damental trade-off: explicit action supervisiofnseen scenarios.

helps anchor predictions in familiar contexts,

but removing such constraints enhances the model's imaginative capacity, leading to more exible
dynamics learning that better generalizes to novel situations.

5.4 ERRORANALYSIS

We classify error types by comparing standard tr‘ggble 3: Distribution of Error Types Across
jectories with erroneous ones, noting that a singrifferent Methods

trajectory may contain multiple types of errors si=
multaneously. Through analyzing error cases of SFT DPO DBPO
Qwen2-VL-7B in seen scenarios, Tab. 5 shows thapependency Eror 212 157 141
our method signi cantly reduced dependency errofafiordance Error 144 141 128
(212! 141), affordance error (144 128), and |nef cient Error 141 93 78
inef cient Error (141! 78). Details are provided Others 20 16 17
in Appendix E.

5.5 CASE STUDY

To better understand our approach's advantages in handling dependency constraints and ef ciency, we
present a detailed analysis of representative cases in Appendix F. Our case studies demonstrate how
D2PO consistently produces more coherent action sequences by properly respecting dependencies
between actions and generating more ef cient plans compared to SFT baselines.

6 CONCLUSION

Embodied task planning requires Al systems to understand environment dynamics for effective
physical interactions, yet existing approaches primarily focus on direct state-to-action mapping
without considering action consequences. In this paper, we propose to learn world modeling to
enhance the model's planning capability through presented Dual Preference Optimiz&f)(D

a new framework that jointly optimizes state prediction and action selection through preference
learning. To automatically construct stepwise preference data for training, we also introduced a
tree search mechanism, enabling systematic exploration and embodied experience accumulation in
simulated environments. Extensive experiments on our proposed VoTa-Bench demonstrate that our
7B parameter model signi cantly outperforms existing approaches, including GPT-40, across various
evaluation metrics. These results validate that incorporating world modeling helps the model better
understand environment dynamics, leading to improved planning capabilities.
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A LIMITATION

Sim-to-Real Gap Similar to others in embodied task planning, our current training and evaluation
are conducted in the AI2-THOR simulation environment, which may not fully capture the complexity
and uncertainty of real-world scenarios, and may lead to the sim-to-real gap. Nevertheless, our
learning algorithm is designed to be environment-agnostic and independent of simulation metadata,
enabling potential deployment and optimization in real-world settings. Additionally, existing research
efforts are actively exploring methods to bridge this gap, which could further facilitate real-world
applications.

Data Collection Ef ciency Given the current limitations in multimodal language models' critique
capabilities Chen et al. (2024a), our data collection pipeline utilizes GPT-40 as the judge model for
process rewarding, which requires additional computational resources. As vision-language models
continue to advance rapidly, and with future exploration of embodied self-rewarding mechanisms, we
believe these computational costs will be signi cantly reduced, making the framework more scalable
for practical applications.

B ETHICS STATEMENT

Our research aims to develop robots that serve as assistive tools to augment human capabilities in daily
tasks rather than replacing human workers, creating new opportunities for human-Al collaboration in
household scenarios. To ensure responsible development and prioritize user safety, we advocate for
implementing comprehensive safety protocols and monitoring mechanisms before deploying similar
systems in real-world environments, particularly when handling potentially hazardous appliances.

C VOTA-BENCH

C.1 Task FORMULATION AND COMPARISON

Task Formulation VoTa-Bench is designed as a closed-loop task planning framework. For each
task sample, the framework consists of a natural language goal, an initial environment state detailing
object locations and states (which are used to initialize the simulator), and a goal condition specifying
the criteria for task completion.

The task execution follows an interactive closed-loop process. Initially, the model receives a goal
instruction along with an egocentric view of the environment state. Based on these inputs, the
model begins its planning process. At each step, the model plans only the next action, which is
then executed in the simulation environment. The environment provides feedback including both
the action execution status (success or failure) and an updated egocentric view of the new state. The
model incorporates this feedback to plan its next step. This interactive process continues until either
the model signals completion by outputting a “done” action or reaches the maximum allowed steps
(25).

LoTa-Bench vs. ALFRED Our VoTa-Bench is based on Lota-bench. Although both LoTa-
Bench and ALFRED are based on the Al2Thor simulation environment, they represent different
approaches to embodied task evaluation. LoTa-Bench focuses speci cally on assessing LLM's
planning capabilities, providing a low-level controller to handle the execution of language actions in
the simulation environment. In contrast, ALFRED evaluates models' overall performance, including
low-level action execution, without decoupling task success metrics. This distinction is particularly
relevant in modern hierarchical systems where LLMs serve as the embodied brain for task planning,
while separate action models handle low-level execution. LoTa-Bench effectively isolates and
measures the model's planning ability speci cally. Furthermore, LoTa-Bench implements more ne-
grained step decomposition, breaking tasks into simple, executable actions, compared to ALFRED's
higher-level planning approach (Fig. 5). Another key difference lies in the instruction format: while
ALFRED provides human-written step-by-step instructions to guide task planning, LoTa-Bench
presents a greater challenge by providing only goal instructions.
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(a) ALFRED (high-level planning) Shridhar et al. (2019)

(b) LoTa-Bench Choi et al. (2024)

(c) VoTa-Bench (ours)

Figure 5: Comparison of ALFRED, LoTa-Bench, and VoTa-Bench in the task “Place a cold tomato
in the sink”. (a) ALFRED emphasizes high-level task planning with human-written step-by-step
instructions, breaking the task into subgoals like “Cool Tomato” (step 4). (b) LoTa-Bench provides
only goal instructions and decomposes tasks into ne-grained low-level actions (e.g., “Open Fridge”,
“PutDown Tomato”, etc.; steps 4—-10) but lacks guidance from visual input, relying on prede ned
executable actions, choosing actions based on maximum logits to ensure they are valid in the
simulation. (c) VoTa-Bench extends LoTa-Bench by incorporating egocentric visual observations,
requiring models to generate open-domain actions based on visual information to handle both seen
and unseen environments.

C.2 DATA STATICS
C.2.1 TASKS

Following the design of LoTa-Bench, VoTa-Bench incorporates 6 task types: Examine & Light, Pick

& Place, Stack & Place, Clean & Place, Heat & Place, and Cool & Place. Compared to LoTa-Bench's
208 samples, we expanded the dataset to 549 samples in seen environments and further added
646 samples in unseen environments. The average action sequence length varies across different
task types, ranging from 4.00 steps for simple examination tasks to 18.35 steps for more complex
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Seen Unseen :

Task Type Num Avglength Num Avg Length Sample Instruction

Examine & Light 72 4.00 141 4.34 Examine a vase under a tall lamp

Pick & Place 84 4.46 77 5.70 Put pencil on bureau top

Stack & Place 48 10.60 70 8.49  Puta pot with a sponge in it in the sink.

Clean & Place 112 12.66 113 12.88 Put a cleaned washcloth away in a cabi-
net.

Heat & Place 107 18.35 136 17.38 To heat a potato slice and put it on the
table by the spoon.

Cool & Place 126 15.48 109 14.48 Chill a knife and place a chilled slice of
lettuce in a sink.

Total 549 11.85 646 10.90

Table 4: Distribution of task types in VoTa-Bench. The dataset is divided into seen and unseen
environments, with statistics showing the number of samples (Num) and average action sequence
length (Avg Length) for each task type. Example instructions are provided to illustrate typical tasks.

(a) Seen Scene (b) Unseen Scene
Figure 6: Examples of seen and unseen scenes.

operations like Heat & Place, with an overall average of 11.85 steps in seen environments and 10.90
steps in unseen environments. More details is shown in Tab. 4.

C.2.2 ACTIONS

Based on the AI2-THOR simulator, VoTa-Bench supports eight fundamental actions that can be
combined to accomplish the above tasks:

» Find(<object>): A navigation action that enables the agent to locate and approach a speci ¢
object. The agent needs to identify and move to the target object's location before any
interaction can occur.

» PickUp(<object>): Allows the agent to grasp and lift an object. The precondition is that the
agent must be within the interaction range of the object and not currently holding anything.
The effect is that the agent holds the speci ed object.

« PutDown(<object>): Places a held object onto the last visited receptacle. The agent must be
holding the object and within range of the receptacle.

» Open(<object>): Opens containers such as cabinets, drawers, or appliances. The agent must

be within the interaction range of the target object.

Close(<object>): Closes previously opened containers. Similar to Open, requires the agent

to be within the interaction range.

TurnOn(<object>): Activates objects like lights or appliances. The agent must be within the

interaction range of the target object.

TurnOff(<object>): Deactivates previously turned on objects. Requires the agent to be

within interaction range.
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« Slice(<object>): Allows the agent to cut or slice certain objects. The agent must be holding
an appropriate cutting tool and be within range of the target object.

Each action can only be executed when its preconditions are met, ensuring realistic interaction
sequences. For example, interaction actions like “PickUp” can only be executed when the distance
between the agent and the target object is within a prede ned threshold. If the target object is not
within visual range, the agent needs to use the “Find” action rst to locate and approach the object
before interaction.

C.2.3 SENE

VoTa-Bench environments are based on the Al2-THOR simulation platform, covering four indoor
scenes: Kitchen, Living Room, Bedroom, and Bathroom. We extend LoTa-Bench by introducing
unseen scenes for testing generalization capability.

» Seen Scene: These household environments share identical layouts with the training set. Ob-
ject positions are randomly initialized according to pre-de ned commonsense distributions
in AI2-THOR.

» Unseen Scene: These household environments feature different layouts from the training
set. Object positions are randomly initialized according to pre-de ned commonsense
distributions in AI2-THOR.

Fig. 6 shows examples of layouts in our seen and unseen environments.

C.3 LICENSESTATEMENT

This work builds upon ALFRED (MIT License), Al2-THOR (Apache-2.0), and LoTa-Bench (CC BY
4.0). All modi cations and derived work comply with their respective licenses.

D DETAILS OF PREFERENCEDATA

D.1 DATA CONSTRUCTIONDETAILS

Our task instructions are sampled from the ALFRED dataset's training set. This process can be
automated through de ning formal goal conditions (including object relationships like <object> on
<object> and object states like “heated”), which, combined with instruction generation capabilities of
large language models, enables automated construction of large-scale instruction-goal paired datasets.

We use the Qwen2-VL-7B as the policy model for data collection with a temperature setting of 0.8,
and GPT-4o0 (temperature = 0) is utilized as the process reward model to assess action quality (0-5).
Environmental feasibility is determined through binary scoring (0/1), indicating whether an action
can be physically executed in the environment. To ensure balanced consideration of both aspects, we
normalize the environmental score to a 0-5 scale before averaging it with the semantic score.

Our tree search implementation employs several key parameters to maintain ef ciency while ensuring
thorough exploration. The selection thresholds set to 3.75, which creates a strict Itering
mechanism: actions must be both environmentally feasible and semantically meaningful to be
selected for expansion. This threshold effectively Iters out non-executable actions (environmental
score = 0) and executable actions with low semantic scores (< 2). To manage computational resources
and maintain search ef ciency, we sample 5 candidate actions for each state and set a maximum
search depth of 25 steps. These parameters were determined through empirical testing to balance
between exploration breadth and computational feasibility.

The hybrid scoring mechanism integrates both semantic and environmental feasibility assessments.
For semantic evaluation, we employ GPT-40 to assess how effectively each step contributes to task
completion, using a 5-point scale rating prompt (detailed in Appendix G).
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D.2 DATA SAMPLE

For each step in the correct trajectory, we can construct preference pairs for both action selection and
state prediction. For action selection, the action from the correct trajectory serves as the “chosen’
action, while other actions at the same step serve as “reject” actions. Since there may be multiple
incorrect actions when using tree-search methods, the number of DPO samples exceeds the number
of SFT samples. The example of action selection is as follows:

>

Input:

<image>
Please generate the plan for the next step based on the given Goal, Previous Steps, and Images. The plan should select one action and one
object from the provided list.

### Goal: Place a cooked apple inside the fridge.

### Previous Steps:

#Step 1: find apple (this action success)

#Step 2: pick up apple (this action success)

#Step 3: find microwave (this action success)

### Action List: ['find’, "pick up’, "put down’, *open’, "close’, ’slice’, "turn on’, ’turn off’, *done’]

Generate the next step in the format:
Reasoning:

Action:

Object:

Chosen Output:

Reasoning: To cook the apple, it needs to be placed inside the microwave. After that, it can be cooled in the fridge.
Action: open
Object: microwave

Rejected Output:

Reasoning: The user needs to put the cooked apple inside the fridge. The apple has already been found and picked up in the previous steps.
The next step requires finding the fridge.

Action: find

Object: fridge

For state prediction, given the current state and correct action as input, we treat the state that the
correct action transitions to as “chosen”, and the states that incorrect actions lead to as “reject” states.
We use GPT-40 to convert environment metadata (object visibility, spatial relationships, etc.) and
visual information into natural language state descriptions. Since there might be a language style gap
between GPT-40 and our model’s generations, we have the model first reproduce the current state
description as an anchor point before predicting the next state. The example of state prediction is as
follows:

Input:
<image>
Given the current state and step, describe the current state and predict what the next state should look like.

### Step: open microwave

First describe the current state, then predict the next state after the step is executed:
### Current State:
### Next State:

Chosen Output:

Current State: The microwave is on the counter, and the apple is held.
Next State: The microwave is open with a blue plate inside. The apple is held.

Rejected Output:
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SFT Distribution DPO Distribution

Types
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[ Pick&Place [ Clean&Place B Cool&Place

Figure 7: Distribution of the SFT and DPO dataset across different task types.

Current State: The microwave is on the counter, and the apple is held.
Next State: The fridge is visible with a temperature display showing -15, and the apple is held.

D.3 DATA DISTRIBUTION

To achieve a balanced dataset, we processed the collected data to ensure similar sample sizes across
task types, with the detailed distribution presented in the [Fig. 7]

E ERROR ANALYSIS

SFT DPO DZ?PO

Dependency Error 212 157 141
Affordance Error 144 141 128
Inefficient Error 141 93 78
Others 20 16 17

Table 5: Distribution of Error Types Across Different Methods

To systematically analyze the error patterns, we employed Deepseek-R1 [DeepSeek-All (2025) to
classify error types by comparing standard trajectories with erroneous ones. Note that a single
trajectory may contain multiple types of errors simultaneously. We categorized the errors into three
main types:

* Dependency Error (DE): Occurs when actions are executed without meeting necessary
prerequisites, violating the logical sequence of operations.

» Affordance Error (AE): Manifests as incorrect object interaction sequences, indicating a
misunderstanding of how to properly interact with objects in the environment. This includes
both action affordance errors (using incorrect methods to interact with objects) and existence
affordance errors (attempting to interact with non-existent objects).

* Inefficient Error (IE): Involves redundant or unnecessary actions that do not contribute to
achieving the task goal efficiently.

As shown in our D?PO method demonstrates significant improvements in reducing these
error types compared to baseline methods. The analysis reveals that D?PO particularly excels in
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minimizing Dependency Errors (212 ¥ 141), Affordance Errors (144 ¥ 128), and Inefficient Errors
(141 ¥ 78).

However, we acknowledge certain limitations in our current approach. While we have made substan-
tial progress in reducing these common error types, there remain opportunities for future work to
further enhance the model’s performance and address more complex error patterns that may emerge
in different scenarios.

F CASE STUDY

We conduct case studies to demonstrate the advantages of our proposed D?PO method over SFT in
terms of dependency and efficiency.

Dependency As shown in[Fig. 8] our method exhibits superior dependency modeling compared to
SFT in the task “put washed plate inside fridge”. At step 2, SFT attempts to “pick up” without first
locating an accessible plate, while our method correctly performs “find plate” before attempting any
manipulation. Similarly, at step 4, SFT executes “put down plate” without having successfully picked
up any plate, whereas our approach ensures proper prerequisites are met. These initial errors in SFT
propagate throughout the sequence - despite multiple pick and place attempts, they remain invalid
operations, ultimately resulting in task failure.

Efficiency demonstrates our method’s superior efficiency in the task “place a warm plate
in the cabinet”. Even when both approaches successfully complete the task, our method requires
fewer steps through better action sequencing. D?PO first locates the plate before proceeding to
operate the microwave, following a logical and efficient order. In contrast, SFT inefficiently operates
the microwave before finding the plate, leading to redundant “find plate” actions in steps 1 and 5.
Furthermore, SFT exhibits unnecessary repetition in steps 12-14, where it performs the same action
multiple times. This comparison highlights our method’s ability to generate more streamlined and
efficient action sequences while maintaining task success.

G PROMPT TEMPLATE
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