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ABSTRACT

Improving the reasoning capabilities of embodied agents is crucial
for robots to complete complex human instructions in long-view
manipulation tasks successfully. Despite the success of large lan-
guage models and vision language models based on Supervised Fine-
Tuning (SFT) in planning tasks, they continue facing challenges
in performing long-horizon manipulation tasks in complex real-
world environments, owing to their restricted common sense and
reasoning capabilities. Considering that aligning general-purpose
vision language models to robotic planning tasks via supervised
fine-tuning suffers from poor generalization and insufficient phys-
ical understanding, we propose RoboGPT-R1, a two-stage fine-
tuning framework for embodied planning. In this framework, su-
pervised training acquires foundational knowledge through expert
sequences, followed by RL to address the model’s shortcomings in
visual-spatial understanding and reasoning. To achieve physical
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understanding and action sequence consistency in multi-step rea-
soning tasks, we design a rule-based reward function that simulta-
neously considers long-horizon performance and action constraint
in the environment. The reasoning model, trained on Qwen2.5-VL-
3B, significantly outperforms the larger-scale model, GPT-40-mini,
by 21.33% and surpasses other work trained on Qwen2.5-VL-7B by
20.33% on the EmbodiedBench benchmark.
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1 INTRODUCTION

Recently, vision language models (VLMs) have been increasingly
employed as high-level planners for embodied tasks [6, 17, 24],
given their emerging capability to ground natural language instruc-
tions into long-horizon robotic action sequences. Nevertheless, in
real-world environments, VLMs still fail to meet the demands of ro-
bustness and generalization [6, 7, 68]. Two major challenges remain.
First, the prevailing supervised fine-tuning (SFT)-only paradigm
primarily imitates expert demonstrations, yet lacks mechanisms
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for adaptation or self-correction in dynamic environments [10, 28].
Second, the design of long-horizon reward functions remains inad-
equate—existing rewards are often sparse or poorly aligned with
the execution of grounded action, ultimately hindering planning
performance [54].

In real-world long-horizon embodied tasks, VLMs still exhibit
limited planning capability [54], as they are not well aligned with
the physical realities of robotic embodiments or with accurate
state transition dynamics [6, 61]. Although existing approaches
based on the SFT-only paradigm can enhance the performance of
VLMs [8, 66], they remain ineffective when confronted with sce-
narios or instructions that fall outside the distribution of the SFT
dataset [59]. The lack of physical common sense and feasibility con-
straints often results in ambiguous object recognition and biased
state estimation [14, 27]. Moreover, the absence of feedback and
error-correction signals [58] in the SFT paradigm encourages mod-
els to memorize answers rather than learn generalizable reasoning
strategies [10], thereby failing to mitigate the accumulation of local
errors over extended task horizons.

Reinforcement learning (RL) has proven effective for VLMs in
domains such as video reasoning [26], object detection [30, 39],
and mathematical reasoning [50, 51, 60], where tasks provide clear
and verifiable answers. However, when transferred to open-ended
embodied planning tasks, RL-based methods face challenges in
designing dense and interpretable reward functions [24, 64, 68],
as the outcomes are often ambiguous and context-dependent. For
instance, in embodied planning tasks, when the reference plan is
"pick up an apple and put it on the table", using a straightforward RL
reward such as string matching or accuracy calculation allows the
model to gain higher rewards simply by generating more actions,
as some subsequences are likely to overlap with the reference plan.
This mechanism misleads the model to produce overly long yet
logically incorrect reasoning chains, masking its true deficiencies
in action ordering and planning coherence. Therefore, a dense and
sequence-aware reward is required to directly capture whether a
multi-step plan is executed fully or partially correctly [6, 61, 64],
particularly in long-horizon and complex action sequences, rather
than rewarding superficial token overlap.

To address the above problems, we propose RoboGPT-R1, a two-
stage training framework designed to enhance robotic planning
with small-scale models. In contrast to the SFT stage, which learns
predefined answers, the Group Relative Policy Optimization (GRPO)
algorithm explores optimal solutions, addressing the shortcomings
of SFT in generalization, task understanding, spatial perception, and
planning consistency [10]. Moreover, in second-stage RL training,
unlike conventional RL approaches in reasoning tasks that typically
rely on sparse or single-point accuracy rewards, our method intro-
duces a rule-based variable reward function specifically designed
for long-horizon embodied reasoning and planning. This reward
function consists of two complementary components: a format re-
ward and an accuracy reward. As illustrated in Fig. 1, the format
reward integrates multiple dimensions, including structural com-
pleteness of reasoning, action type correctness, and action validity.
The accuracy reward is based on the longest common subsequence
(LCS) between predicted and reference action sequences, effectively
preserving action order and enhancing long-horizon performance.
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The results on EmbodiedBench [59] show that RoboGPT-R1 sig-
nificantly outperforms GPT-40-mini and is competitive with closed-
source models such as GPT-40 and Gemini-2.0-flash. Furthermore,
its performance surpasses open-source models like Llama-3.2-90B,
achieving a 23.33% higher overall score. Compared to the previ-
ous state-of-the-art [54], it yields a 20.33% improvement. On long-
horizon tasks, it leads with an accuracy of 50%, demonstrating the
superior reasoning capabilities of small models.

In summary, our contributions are as follows:

e We propose RoboGPT-R1, a two-stage training paradigm
for embodied multi-step reasoning tasks. With RL training,
RoboGPT-R1 develops the reasoning capability in complex
tasks and environments, thereby enhancing its physical com-
monsense and error correction abilities.

e We design a reward function based on perception-reasoning-
planning-action loop, with LCS reward effectively enhancing
the model’s understanding and self-correction. This enables
efficient and high-quality reward computation at a very low
cost and demonstrates good reasoning capabilities on long-
horizon tasks.

e We conduct extensive experiments on 6 tasks in 2 scenar-
ios, including spatial perception, long-horizon reasoning,
common-sense questions, and visual understanding. In seen
scenarios, our method outperforms open-source general
models and existing embodied planning models, achieving
competitive performance compared to closed-source general
models. Moreover, in unseen scenarios, it demonstrates su-
perior reasoning ability and surpasses the state-of-the-art
embodied planning model.

2 RELATED WORK
2.1 Embodied Planning

Embodied agents require not only active exploration, manipula-
tion, and scene perception, but also embodied task planning ca-
pabilities [14, 15, 55, 69]. Embodied planning aims to decompose
high-level natural language instructions into executable subtask
sequences [16, 41], enabling the embodied agent to generate action-
able steps within an interactive environment to complete complex
behaviors. With the advent of large language models [29, 56, 58],
natural language offers greater expressive flexibility than struc-
tured languages, making it possible to utilize LLMs to decompose
complex plans into sub-plans in a fully automated manner [5, 52,
57, 62, 68]. For example, TaPA introduces an embodied task planner
that grounds free-form instructions into executable plans, trained
on a new multimodal benchmark (80 scenes, 15K instruction—plan
pairs) [55]. It fine-tunes LLaMA with object lists from multi-view
open-vocabulary detection. Additionally, SayCan [3] combines an
LLM with reinforcement learning, leveraging the high-level rea-
soning capabilities of LLM to complement the value assessment of
pre-trained skills, thereby laying a foundation for language in robot-
ics and enabling the feasible scoring of actions. This can generate
executable long-term plans suitable for real robots. While LLMs can
generate preliminary plans based on commonsense reasoning, they
lack constraints on the physical environment and the feasibility of
actions [22, 43, 49, 62]. The emergence of VLMs [40, 55, 61] has led
to their use as high-level planners, with the current mainstream
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approach being to fine-tune VLMs based on demonstration data.
Zhang et al. [68] extend the O1-style deep reasoning to embod-
ied interactive tasks by coupling visual search with step-by-step
planning, reflection, and verification, trained on synthesized Ob-
servation-Thought—Action trajectories to improve performance
on AI2-THOR-style [25] tasks. Moreover, Reflective Planning [18]
proposes a test-time computation framework that augments a pre-
trained VLM with a reflection loop. It imagines future world states
via a diffusion-based dynamics model, critiques potential subop-
timalities, and revises plans to improve multi-stage, long-horizon
manipulation.

2.2 Reinforcement Learning for LLMs and VLMs

In recent years, with the emergence of reasoning models like Ope-
nAT’s o1 [36], research on large language models (LLMs) has gradu-
ally shifted towards enhancing their reasoning capabilities through
reinforcement learning (RL) [19, 32, 46, 48, 53, 67]. Numerous stud-
ies have explored ways to enhance the performance of LLMs in rea-
soning tasks, including solving mathematical problems [38, 47, 60]
and coding [63]. A notable breakthrough in this field is DeepSeek-
R1 [20], which experienced an "aha moment" during GRPO-based
training, enabling the model to independently reflect and reevalu-
ate its initial policy without any explicit guidance. Subsequently,
several works [26, 30, 31, 39, 45, 65] have used reinforcement learn-
ing to enhance the reasoning capabilities of models in multimodal
settings. For example, VLM-R1 [39] and Visual-RFT [30] extend
R1-style reinforcement learning to vision-language models, sam-
pling multiple answer outputs for each input and optimizing with
GRPO using verifiable, task-specific rewards, resulting in stronger
visual reasoning and perception enhancements over the SFT base-
line. These advances demonstrate the potential of RL to propel large
models from "imitation learning" to "emergent intelligence" [10].
Inspired by the R1 paradigm, this paper employs GRPO-based re-
inforcement learning to perform two-stage training on the model,
systematically improving the planning ability and long-term con-
sistency of embodied agents in multimodal task planning.

3 METHODOLOGY

3.1 Overview

In this section, we provide a brief introduction to the proposed
RoboGPT-R1 framework. In contrast to previous approaches that
solely rely on SFT, this study explores the incorporation of RL and
reasoning techniques to better align the model with embodied plan-
ning tasks. Section 3.3 will introduce the two-stage learning scheme.
As demonstrated in Fig. 1, the training of agents is comprised of
two phases: an initial SFT phase, the purpose of which is to in-
still fundamental knowledge and elementary reasoning capabilities
into the agent; and a subsequent reinforcement learning phase, the
function of which is to utilize the GRPO policy optimization algo-
rithm to enable the agent to continually explore, think, and learn
independently. Next, to address issues such as unstable step-to-
step coherence in multi-step reasoning, limited error recovery, and
poor performance on long-term tasks, we designed a rule-based,
verifiable reward to incentivize the VLM’s planning capabilities in
Section 3.4.
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3.2 Data Preparation

Embodied task planning in real-world indoor scenarios requires
a substantial amount of multimodal data, encompassing both per-
ceptual and physical knowledge. Given the impressive inference
performance of large, closed-source models, data distillation can be
employed to generate high-quality datasets. Following REBP [54],
we employ the SFT dataset distilled from Gemini-2.0-flash, in the
SFT phase. In the RL phase, the RFT dataset from REBP is aug-
mented with task-relevant examples and unsuccessful exploratory
tasks. In our preliminary studies, we observed that the quantity of
examples contained within a dataset can result in contradictory
outcomes regarding the training and testing of models. For instance,
the direct application of n-shot (n denotes the number of examples)
to the SFT phase results in the model overfitting to the provided
demonstrations. However, during testing, there is a significant drop
in the n-shot score. In contrast, an untrained model significantly
improves its score when tested using n-shot, demonstrating its firm
reliance on examples during the testing process. Consequently, it
can be concluded that the injection of knowledge into a trained
model may result in the model’s rigid adherence to predefined an-
swer templates. This phenomenon impedes the model’s capacity
to adapt to the complexity of the problem and the variability of
the environment. Experiments have demonstrated that zero-shot
training and testing models exhibit superior performance, while
concurrently reducing the number of input tokens by approximately
one-third (from 9,000+ to less than 6,000), thereby enhancing the ef-
ficiency of the training process. Consequently, we employ zero-shot
processing uniformly for both training and testing data.

3.3 Two-stage Training Scheme

Stage 1: Initial Planning via SFT. To equip the base VLM with
the fundamental capacity to generate multi-step reasoning, it is
first necessary to undertake a supervised fine-tuning phase. This
step is crucial because the reasoning patterns learned in subsequent
reinforcement learning are significantly affected by the capabilities
of the base model. Furthermore, the use of reinforcement learning
as the sole training method is found to be significantly affected by
data distribution, resulting in instability during the initial train-
ing stages. Therefore, we use a small amount of the data for an
SFT-based warm-up stage. Following this, reinforcement learning
training is conducted using the entire dataset. The findings of this
study demonstrate that this approach enhances stability in the ini-
tial stages of training and rapidly integrates the base model with
relevant knowledge, thereby enabling it to acquire a certain level
of embodied reasoning knowledge and planning capabilities.

Stage 2: Enhancing reasoning with GRPO. The DeepSeek R1-
zero algorithm employs the GRPO framework. Unlike reinforce-
ment learning algorithms such as PPO, which require an additional
critic model to estimate policy performance, GRPO directly com-
pares groups of candidate responses, eliminating the need for a
separate critic. Given a question ¢, GRPO samples N candidate re-
sponses {01, 0z, . . ., on } from the policy 7y and evaluates the quality
of each response o; using a reward function R (g, 0;). To determine
the relative quality of these responses, the algorithm normalizes
the rewards by computing their mean and standard deviation and
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Figure 1: An overview of RoboGPT-R1. RoboGPT-R1 adopts a two-stage learning paradigm. In the initial phase, supervised fine-
tuning introduces the model to data from mathematics, embodied tasks, and visual understanding, establishing a foundation
for embodied reasoning. In the second phase, we apply GRPO-based reinforcement fine-tuning guided by a tailored reward
function. The model is subsequently evaluated across six categories of tasks, including long-horizon planning and spatial

reasoning.
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where A; denotes the advantage of candidate 0; measured against

the other samples in the group. To encourage the model to gener-

ate responses with higher advantages within the group, the group

penalizes large deviations from the reference policy 7. The ob-
jective is as follows:
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where € is the clipping hyperparameter and f controls the KL
penalty against a reference policy rzyef. Inspired by DeepSeek-R1, our
approach incorporates two complementary rewards: the accuracy
reward and the format reward. Next, we introduce the reward
function R designed for robotic planning tasks.

4 t, = clip (

3.4 Reward Design

In Section 3.3, we have briefly introduced the general GRPO algo-
rithm. Given that embodied planning requires an agent to complete
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complex tasks in a real or simulated physical environment based on
natural language instructions, we design a set of reward functions
specifically for this purpose. The following sections describe the
format reward and the accuracy reward, respectively.

3.4.1 Format Reward. To ensure output regularity and facilitate
the extraction of the reasoning process and the final result, most R1-
style approaches enclose the reasoning within ‘<think></think>’
tags and the final plan within ‘<answer></answer>’ tags. If the
generated output deviates from this structure, the format reward
is assigned a value of zero. Inspired by REBP [54], in embodied
multi-step planning, the agent must generate responses that are
not only semantically meaningful but also structurally executable.
Unlike conventional text generation tasks, where free-form output
may be acceptable, embodied planning requires a higher level of
structural rigour to ensure that each response remains interpretable
and executable by downstream systems. First, the model should
follow a clear cognitive loop—just like how humans plan their ac-
tions. Before acting, we reflect on the task, observe the environment,
make a plan, and then execute it. Second, the generation of invalid
or fabricated actions should be penalized. In summary, we set the
following reward format, which consists of three parts:

Reormat = 0.3 * Rsection + 0.3 - Rtype +0.4- Rvalidity

4)

The section reward Rgection €valuates whether all required fields
(visual_state_description, reasoning_and_reflection, language_plan,
executable_plan) are present and correctly typed, and is computed
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as:

D 1type(os) = Ti] 6)

SES

1
Rsection = E

where 1 is an indicator function, S = {sy, 52, 53, s4} includes the four
fields,T; denotes the expected type of each field and o; is the value
of field s in the output object. The type reward Riyp. checks whether
each action step is well-formed, defined as:

(6)

3=

m
Riype = Z 19" eInt A §P™ € Str]
i=1

In this formulation, m denotes the number of action steps, g;d
and %™ represent the action id and name of step i respectively.
Here Int denotes the set of integers, while Str represents the set of
non-empty strings. Finally, the validity reward Ryaiiqity measures
whether each action id—name pair matches the predefined action

dictionary, given by:

1 . i
Rataiy = 1o 2,1 [norm(3*™) = norm(Dacion 31D ()
ieC

where C is the index set of steps whose action ids are defined in the
action dictionary Djction and norm(+) is a normalization function
that lowercases and trims whitespace. The action dictionary Djction
defines a mapping from action ids to their corresponding names.
Unlike REBP [54], our setup employs dynamic action IDs that
vary across tasks and environments, preventing the model from
relying on memorization of a fixed action set. Instead, we want it to
learn the meaning of actions and use them correctly. In summary,
such a reward design can guide the model to generate structured
outputs that conform to the task execution closed loop, and avoid
hallucinations or inconsistent outputs through self-understanding

and thinking.

3.4.2 LCS Reward. In embodied multi-step planning, the correct-
ness of individual actions is not sufficient—the order in which ac-
tions are executed is often critical to task success. For example,
placing an object before picking it up may involve the right actions
but in a logically invalid sequence. Traditional token-level match-
ing or step-wise accuracy metrics fail to penalize such disorder,
treating unordered but correct actions as equally valid. Besides, in
long-horizon tasks, plans can extend over dozens of steps, where
strict reward strategies like exact matching become too rigid to
reflect realistic performance. A model might make early mistakes
yet recover in later steps to complete the task successfully. However,
prefix-based accuracy rewards, such as those used in REBP [54],
overlook this “error recovery” behavior, leading to sparse and less
informative reward signals. To address these problems, we design
the accuracy reward based on the Longest Common Subsequence
(LCS) between the predicted and reference action sequences. By
computing the LCS over action names, we enforce both content
accuracy and sequence coherence. This approach is robust to local
deviations while maintaining global alignment and remains effec-
tive even as task length increases. We define the model generation

sequence as Y = (i1, ..., 0m) and the reference sequence as
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Y = (y1,Y2, - -, yn) - The detailed accuracy reward is as follows:
0, ifi=0orj=0
LCS(i, j) ={LCS(i =1,/ — 1) + 1, if §; =y
max (LCS(i — 1, ), LCS(i,j — 1)), otherwise
®)
k
Ries = —, (9)
n

where n is the length of the reference sequence |Y|, k is the length
of the longest common subsequence LCS(m, n). To evaluate the
effectiveness of our proposed accuracy reward, we conduct an
ablation study. Compared to prefix accuracy (as used in REBP)
and standard step-wise matching, the LCS-based accuracy reward
shows stronger performance in multi-step planning tasks.

3.4.3 Overall Reward. To jointly encourage structural correctness
and sequential accuracy, we define the overall reward as a weighted
combination of the format reward and the LCS-based accuracy
reward:

R=0.2 Rigrmat + 0.8 - Rics (10)

This overall reward formulation has two key purposes in embodied
planning: enforcing structural correctness and promoting action-
level accuracy. The format reward Reormat enforces a fixed output
structure and ensures each action step is well-formed and consistent
with the current scene and instructions. Meanwhile, the accuracy
reward R evaluates whether the predicted action sequence aligns
with the reference plan, not only in content but also in order. By
combining these two aspects, the overall reward encourages the
model to reason more effectively and generate executable plans
with reasonable length and structure.

4 EXPERIMENTS

4.1 Experimental Settings

Evaluation. We evaluate RoboGPT-R1 in EmbodiedBench [59],
a unified benchmarking suite for multimodal embodied planning
agents. EmbodiedBench offers standardized protocols and inter-
faces that cover multi-sensory input, language instructions, and
long-horizon decision making, enabling consistent and reproducible
comparisons across task suites. Specifically, we focus on its two con-
stituent suites: EB-ALFRED and EB-Habitat. The former is rooted
in the ALFRED ecosystem and targets instruction-following house-
hold tasks (e.g., pick-and-place, cleaning, and mobile manipulation)
that emphasize object state tracking and stepwise dependencies; the
latter builds on the Habitat ecosystem and emphasizes navigation
and interaction in 3D environments, with observation distributions,
scene layouts, and action semantics that differ markedly from EB-
ALFRED [37, 42]. Because our training data are primarily associated
with EB-ALFRED/ALFRED, we treat performance on EB-ALFRED
as in-domain and use it to gauge method effectiveness. Results
on EB-Habitat are regarded as out-of-domain and used to assess
generalization.

Unless otherwise noted, all evaluation settings follow the bench-
mark defaults; the only test variable we modify is the number of
examples in context (n_shots) in the control input.
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Table 1: Success rates of diverse models on EB-ALFRED and EB-Habitat. Entries without any symbol are sourced from the
EMBench leaderboard. Symbol f indicates results directly cited from the REBP paper, based on their evaluations. Symbol }
marks results obtained through our own reproduction by querying the official API. All scores are reported as percentages (%).
For each metric, the best-performing result is highlighted with a gray background.

‘ Params ‘

EB-ALFRED (seen)

‘ EB-Habitat (unseen)

Method
‘ ‘ Avg. ‘ Base Common Complex Visual Spatial Long ‘ Avg. ‘ Base Common Complex Visual Spatial Long
e Type: Closed-Source General Model
Gemini-2.0-flash [13] - 52.30| 62 48 54 46 46 58 (4230 | 82 38 38 36 34 26
Qwen-VL-Max [11] - 41.30 | 44 48 44 42 38 32 |4530| 74 40 50 42 30 36
GPT-4.1% [35] - 64.67 | 70 64 70 62 62 60 |50.67| 90 38 50 36 46 44
GPT-40* [34] - 51.67 | 54 46 58 52 52 48 |57.00| 84 42 62 38 62 54
GPT-40-mini* [33] - 34.00| 66 56 68 14 0 0 35.00| 70 24 36 30 30 20
e Type: Open-Source General Model
Llama-3.2-90B-Vision-Ins [4] 90B 32.00| 38 34 44 28 32 16 |40.30| 94 24 50 32 28 14
InternVL2.5-8B [9] 8B 2.00 4 6 2 0 0 0 11.30 | 36 4 0 10 16 2
Gemma-3-12b-its [44] 12B 25.70| 32 26 38 26 20 12 |23.00| 58 10 24 18 24 4
Qwenz.S—VL—72B-Ins:[: [12] 72B 43.67 | 62 36 48 40 44 32 |5033| 92 38 48 34 46 44
Qwen2.5-VL-7B-Ins* [12] 7B 2.67 6 2 6 0 2 0 15.00 | 42 6 22 12 4 4
QwenZ.S-VL—SB—Insi [12] 3B 1.33 2 2 0 0 4 0 14.67 | 34 0 18 18 14 4
e Type: Embodied Planning Model
RoboBrain® [23] 7B 0.33 2 0 0 0 0 0 15.30 | 38 6 18 8 18 4
Tapa"' [55] 7B 0.00 0 0 0 0 0 0 0.00 0 0 0 0 0 0
REBP ¥ [54] 7B 35.00| 52 46 46 28 32 6 18.33| 50 6 18 14 14 8
RoboGPT-R1 (Ours);t 3B 55.33| 62 56 64 50 50 50 |[22.00| 64 8 18 20 12 10
. . 0.85 , X N ~
Baselines. We evaluate both the Qwen and GPT model series, 050 A /\PWW\ o8
including Qwen2.5-VL-72B-Ins, Qwen2.5-VL-7B-Ins, Qwen2.5-VL- 075 D 2 Pl 07,
3B-Ins, as well as GPT-4.1, GPT-40 and GPT-40-mini. Closed-source ‘%2: /M gm ) 063
. . . . g Sog7| | >
models are assessed via their official APIs, while open-source mod- Zoo /f/ g [ 058
5096 g
els are tested through local deployment. Performance results for 05 /«"/ ‘\‘ 2
L. . . . 0.50, / 0.95, / g
additional baselines are obtained from the REBP and Embodied- oas| /" / I et
. . . 0.94] 0.3
Bench leaderboards. We group baselines into three categories, and L A R L R
present the correspondmg results below: (a) Overall Reward (b) Format & Accuracy(LCS) Reward

(1) General closed-source models: including five represen-
tative proprietary multimodal models from the GPT, Gem-
ini, and Qwen families: Gemini-2.0-Flash [13], Qwen-VL-
Max [11], GPT-4.1 [35], GPT-40 [34] and GPT-40-mini [33].

(2) General open-source models: Comprising open-source
models from multiple series—including Qwen2.5-VL-3B/7B/
72B-Ins [12], LLaMA-3.2-90B-Vision-Ins [4], InternVL2.5-8B
[9], and Gemma-3-12B-it [44].

(3) Embodied domain-specific models: focusing on mod-
els tailored for embodied reasoning and planning, such as
REBP [54], RoBoBrain [23], TaPa [55] and ours.

Dataset. We process the REBP public dataset [54] to generate a
base dataset and an augmented dataset. The base dataset is directly
distilled from the EB-ALFRED tasks in EmbodiedBench [59], serving
as a benchmark-aligned dataset used in the SFT phase to endow the
model with initial multimodal embodied-planning skills. The main
body of the augmented dataset originates from the open-source
ALFRED trajectory dataset [42]. While its content is similar to EB-
ALFRED, it exhibits significant differences in details such as action
space, visual appearance, task types, and task length, making it a
benchmark-adjacent (near-domain) dataset. The augmented dataset
includes all embodied planning data in the base dataset to prevent
catastrophic forgetting. It is employed in the RFT phase to improve
reasoning robustness under near-domain distributions, thereby
further enhancing planning performance on EmbodiedBench.
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Figure 2: Reward Curves in RFT. Our LCS-based accuracy
reward provides an appropriate and dense learning signal
for RFT, rising steadily from 0.30 to 0.80. The format reward,
already aligned by SFT, starts around 0.95 at the onset of
RFT and saturates within ~20 steps, stabilizing near 1.0. The
overall reward is computed as a weighted sum of the accuracy
and format rewards with weights 0.8 and 0.2, respectively,
and it increases in tandem with the steady improvement of
the accuracy reward.

Training. We adopt Qwen2.5-VL-3B-Instruct as the multimodal
base model and employ a two-stage training scheme. In the first
stage, we perform full-parameter SFT on the base dataset to endow
the model with initial planning skills aligned with EB-ALFRED. In
the second stage, we conduct reinforcement fine-tuning (RFT) with
GRPO on the augmented dataset, aiming to improve reasoning and
generalization from data that are not strictly benchmark-matched.
SFT is implemented with LLaMA-Factory [21] and trained on 8%
Ascend 910B3 64GB NPUs for about 1.5 hours; RFT is implemented
with VERL [1] and trained on 4x NVIDIA H20 96GB GPUs for about
25hours.
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Table 2: Training-Strategy Ablation Result (success rate, %). After SFT, the model acquires core embodied planning competence,
raising the average success rate from 1.33% to 42.00% while still lagging on long-horizon tasks. With subsequent RFT, performance
further increases to 55.33%, with especially pronounced gains on long-horizon tasks (26% — 50%).

Base SFT RFT | Avg. | Base Common Complex Visual Spatial Long
4 1.33(40.00) 2(40.00)  2(+0.00) 0(+0.00) 0(+0.00)  4(+0.00) 0 (+0.00)
v v 42.00(44133) | 48(446) 44442 58 (458) 38 (438)  38(434)  26(42)
4 4 4 | 55.33 (454.00) | 62(160) 36(451) 64 (.04 50(:50)  50(1a5)  50(150)

Table 3: Data-Source Ablation Result (success rate, %). Base denotes the in-domain dataset distilled from EMbench; Aug is the
near-domain ALFRED-derived set. Training only with SFT on Base reaches 40.00% on average, whereas replacing Base with Aug
for SFT collapses performance to 6.00%, indicating poor transfer under pure supervision. Continuing RFT on Base after SFT on
Base yields only a modest gain (40.00% — 44.33%), while using Aug during RFT achieves the best results (55.33%), showing that
only the RL (RFT) stage can effectively absorb near-domain data and transfer it to the target task.

Model | Avg. | Base Common Complex Visual Spatial Long

Base Model (Qwen2.5-VL-3B) | 1.33 | 2 2 0 0 4 0

Only SFT w Base (ours) 42.00 48 44 58 38 38 26

Only SFT w Aug 6.00 | 14 6 12 2 2 0

SFT+ RFT w Base 44.33 56 56 54 32 36 32

SFT+ RFT w Aug (ours) 55.33 62 56 64 50 50 50
4.2 Main Results 60- Avg & Long Success Rate by Training Stage (on EB-ALFRED)
Training Results in EB-ALFRED. Table 1 reports the evaluation F= Avg B Long e

50.00%

v
o

results in EB-ALFRED. RoboGPT-R1 attains an average success
rate of 55.33% across six sub-task suites. This performance sig-
nificantly outperforms multiple strong baselines: it surpasses
the closed-source GPT-40 (51.67%) and GPT-40-mini (34.00%),
and trails only GPT-4.1 (64.67%). Among open-source general
models, it notably outperforms the larger-parameter Qwen2.5-
VL-72B-Instruct (43.67%). Relative to the small-scale model with
similar parameters Qwen2.5-VL-3B-Instruct, our approach yields
an approximately 54% relative improvement in average success. 0 o = pp
Compared with the embodied specialist REBP (35.00%), RoboGPT- Training Stage
R1 leads by nearly 20 percentage points overall and shows a pro-
nounced advantage on long-horizon tasks: REBP achieves only 6%,
whereas RoboGPT-R1 reaches 50%. Notably, despite using only 3B
parameters, RoboGPT-R1 delivers this level of performance under a
small-model, low-inference-cost setting, highlighting the parameter
efficiency and effectiveness of our method.
Generalization Results in EB-Habitat. Table 1 summarizes the
EB-Habitat results. RoboGPT-R1 attains an average success rate
of 22% across six sub-task suites, representing a 7% improvement
over the base model Qwen2.5-VL-3B-Instruct (14.67%) and outper-
forming both the 7B-parameter models Qwen2.5-VL-7B-Instruct
(15.00%) and REBP (18.33%). Although a performance gap remains
compared to Qwen2.5-VL-72B-Instruct and several closed-source 4.3 Ablation Study
general models, these out-of-domain results indicate that our ap- We conduct two sets of ablations on EB-ALFRED to disentangle
proach substantially improves generalization and transferability of the effects of the two training stages and the two data sources used
the embodied model. in our framework. For brevity, we refer to the Base dataset and the
Aug dataset as Base and Aug, respectively.

N
o

Success Rate (%)
N w
o o

—
o

1.33%

0.00%

Figure 3: Success rates with different stages. Bars show the
macro average and the long-horizon score for the base model,
SFT-only, and SFT+RFT model. SFT establishes initial embod-
ied planning (Avg: 1.33%—42.00%) but leaves long-horizon
performance limited (26%). Adding RFT lifts the averages fur-
ther (to 55.33%) and markedly improves long-horizon plan-
ning (to 50%), validating the effectiveness of our two-stage
framework—SFT for foundational competence and RFT for
the additional gains needed to solve long-horizon tasks.
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Table 4: Accuracy Reward Comparison Result (success rates, %). We compare three GRPO accuracy rewards used during
RFT—Step Accuracy, REBP Acc., and LCS (ours)—with “RFT Base” as the reference row for deltas. Bracketed scores denote the
change relative to the reference. LCS (ours) delivers the strongest overall performance (Avg. 55.33%) and the largest increase on
long-horizon tasks (+24%), outperforming the alternatives across most sub-suites.

Accuracy Reward‘Avg. ‘Base Common Complex Visual Spatial Long
RFT Base 42.00 (+0.00) |48 (+0.00) 44 (+0.00) 58 (+0.00) 38 (+0.00) 38 (+0.00) 26 (+0.00)
Step Accuracy 43.67 (+1.67) |52 (+4.00) 56 (+12.00) 54 (-1.00) 40 (+2.00) 40 (+2.00) 20 (-6.00)
REBP Acc. 48.33 (+6.33) |62 (+14.00) 52 (+8.00) 58 (+0.00) 46 (+3.00) 38 (+0.00) 34 (+8.00)
LCS (ours) 55.33 (+1333)| 62 (+14.00) 56 (+1200) 64 (+8.00) 50 (+12.00) 50 (+12.00) 50 (+24.00)

Training-Strategy Ablation. We compare the performance changes

on EB-ALFRED among the base model (no fine-tuning), the SFT-only
model, and the final SFT+RFT model, as shown in Table 2 and Fig. 3.
After SFT, the average success rate rises from 1.33% (base model)
to 42.00%, indicating that SFT learns the initial embodied planning
competence. However, performance on long-horizon tasks remains
limited (26%). With subsequent RFT, performance improves across
all sub-task suites, yielding an average of 55.33%; notably, the
long-horizon score increases from 26% to 50%, highlighting the
particular effectiveness of RFT for complex, extended plans.
Data-Source Ablation. As shown in Table 3, these ablations high-
light the importance of near-domain data during RFT. (1) SFT on
Aug only: Replacing Base with Aug for SFT reduces the average
success from 42.00% to 6.00%, suggesting that, under supervised
learning, near-domain data alone does not transfer effectively to
the target task. (2) RFT on Base: Starting from SFT on Base and con-
tinuing RFT on Base (instead of Aug) yields only a modest increase
from 42.00% to 44.33%. Compared with the SFT+RFT setting that
uses Aug during RFT (55.33%), this indicates that incorporating
near-domain data in the RFT stage is essential.

Ablation Analysis. We summarize three observations: (i) SFT
establishes the initial planning ability but leaves a gap on long-
horizon tasks; (ii) RFT closes this gap with the strongest gains
on long-horizon sub-task suites; (iii) combining RFT with Aug is
essential, as Aug brings little benefit in SFT but provides substantial
gains when used during RFT.

4.4 Accuracy Reward Comparison

During the RFT stage, we instantiate the accuracy reward in the
GRPO algorithm [2] as the normalized Longest Common Subse-
quence (LCS) length between the generated and reference trajecto-
ries. Thanks to the appropriate and dense learning signal provided
by the LCS-based accuracy reward, the reward curves rise steadily
throughout RFT, as shown in Fig. 2. This section conducts a head-to-
head comparison of three accuracy rewards to assess the suitability
and advantages of our LCS reward for embodied planning.
Compared rewards. We set the accuracy reward in GRPO to one
of:

e LCS reward (ours): the ratio of the longest common sub-
sequence between the generated and reference trajectories
(Normalized LCS);

e Step Accuracy: the ratio of strictly matched actions/instruc-
tions step-by-step;
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o REBP reward: the multi-step, progress-style signal used in
REBP [54].

We evaluate on EB-ALFRED with the same settings as in the
main experiments. To ensure fairness, we fix the backbone model,
training data, total update budget, optimization hyperparameters,
and the format reward term, and vary only the accuracy reward.
The primary metrics are the average success rate and the scores of
each sub-task suite (with emphasis on long-horizon tasks).
Comparison Results. As summarized in Table 4, using Step Ac-
curacy yields only a slight improvement in the average success rate
(from 42.00% to 43.67%), while the long-horizon score decreases
(from 26% to 20%). The REBP reward improves the average to
48.33% and raises the long-horizon score from 26% to 34%. In
contrast, our LCS reward achieves the largest gains: the average
increases from 42.00% to 55.33%, and the long-horizon score from
26% to 50%. These findings demonstrate the suitability of the LCS-
based accuracy reward for embodied planning and its advantages
over alternatives under the same training budget.

5 CONCLUSIONS

In this work, we propose RoboGPT-R1, a two-stage training frame-
work for embodied planning. Stage 1 (SFT) equips the model with
initial instruction-following and planning priors. Stage 2 (RFT) per-
forms reinforcement fine-tuning with GRPO and an LCS-based, ac-
curacy reward (paired with format constraints), providing dense and
verifiable feedback. This design overcomes the limitations of SFT-
only behavior cloning, which fails to adequately elicit the reasoning
capabilities of VLMs and often undermines in-domain performance
when leveraging near-domain data. These shortcomings result in
poor performance on long-horizon tasks and brittle out-of-domain
generalization. Evaluated on EmbodiedBench, the 3B-parameter
model trained with our framework surpasses general-purpose VLM
baselines such as Qwen2.5-VL-72B and GPT-4o, and substantially
outperforms other 7B-scale embodied planners, with especially
pronounced gains on long-horizon subtasks.
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