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ABSTRACT

Recent advances in reasoning models have demonstrated remarkable capabilities
on mathematical and coding tasks. However, their effectiveness in embodied do-
mains, where the agent must continuously interact with environments and pro-
cess observation-action interleaved trajectories, remains largely unexplored. We
present Embodied-Reasoner, a reasoning model for interactive embodied tasks.
Unlike mathematical reasoning that relies primarily on logical deduction, em-
bodied scenarios demand spatial understanding, temporal reasoning, and ongo-
ing self-reflection based on interaction history. To address these challenges, we
synthesize 9.3k coherent Observation-Thought-Action trajectories containing 64k
ego-centric images and 90k diverse reasoning processes (analysis, spatial rea-
soning, reflection, planning, and verification). We develop a three-stage train-
ing recipe that progressively enhances the model’s capabilities through imitation
learning, rejection sampling tuning on self-exploration trajectories, and reflection
tuning. The evaluation shows that our model significantly outperforms advanced
visual reasoning models, e.g., exceeds OpenAl ol, 03-mini, and Claude-3.7 by
+9%, 24%, and +13%. Analysis reveals that our model exhibits fewer repeated
searches and logical inconsistencies, with particular advantages in complex long-
horizon tasks. Testing on unseen scenarios and real-world also validates our gen-
eralization. Code is available athttps://github.com/zwg2018/embod
ied_reasoner.

1 INTRODUCTION

Recent advancements in reasoning models such as OpenAl o1 |OpenAll (2024c¢)), DeepSeek R1|Guo
et al.| (2025), and Qwen-QwQ [Team| (2024) have demonstrated significant progress in domains
requiring extensive deliberation, e.g., college-level mathematics Min et al| (2024) and coding
tasks [Zhang et al.| (2024g); [Huang et al.| (2025b). These models, trained through reinforcement
learning with verifiable rewards (RLVR) |Guo et al.| (2025) or post-training on elaborate thinking
trajectories Zhao et al.| (2024a)); Min et al.| (2024), exhibit human-like reasoning and reflection.

Despite these advances, a critical question emerges: Beyond these specialized domains, can deep
thinking paradigm be extended to more general scenarios? Particularly, applied to complex em-
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<Self-Reflection> The above places were not found. I
need to reflect on my search plan. I may overlooked
some potential locations. Perhaps it is in the drawer ...
<Verification>...Where is the drawer? I need ..

Thought, Action:Observe
+ +
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Q: Could you find ~ <Situation Analysis> Let me <Action>
the keychain and observe the room and analyze ... #1 Navigate to sidetable
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the desk lamp? the objects and layout of the room ... #9 Pickup keychain
“omi <Task Planning> I will first search 1 Novissciosideible 2 Nevigae o desk

for the keychain, which may be on
-~ the bedside table, desk, or sofa.
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Real-world Testing: Can you help me find the coffee and heat it up? "

Figure 1: Our embodied reasoning model can actively observe and reason,plan detailed search
paths, interact with objects (e.g., opening drawers, pickup) for inspection, and reflect on failed
behaviors, achieving search, manipulation, and transportation of hidden objects.

bodied tasks demanding long-horizon planning and deliberate reasoning in interactive environ-
ments [Shridhar et al.|(2020)? This extension is non-trivial due to several fundamental challenges:

Challenge 1: Multi-turn interaction with environment brings multimodal inteleaved context. Com-
pared to many QA tasks, which are limited to single-turn dialogues, embodied agents operate in an
interactive manner over long-horizon task: continuously interact with the environment, gather
real-time observation (mostly visual modality), then carefully reason and act (textual modality).
Therefore, agent needs to process lengthy, image-text interleaved context and perform reasonable
reasoning. Nevertheless, it is challenging for many multimodal models Du et al.| (2025); |Guo et al.
(2024); [Yao et al.| (2024). We observe that even advanced models like ol or Gemini 2.5 |OpenAl
(2025)); IDeepMind (2025) frequently fail to exhibit robust reasoning in these interactive tasks, lead-
ing to repetitive or inconsistent behaviors.

Challenge 2: Embodied tasks require diverse reasoning abilities. Unlike mathematical tasks that
mostly rely on knowledge and logical deduction, embodied scenarios demand a broader set of ca-
pabilities grounded in daily life. As in Figure 2] when searching for a hidden object in an unknown
room, the agent must use commonsense to infer potential locations (steps I, 3), explore unknown ar-
eas via spatial reasoning (szeps I, 5), and recall key clues from previous explorations (step 9) while
reflecting on prior failures. These multifaceted abilities challenge current models significantly.

In this paper, we present Embodied-Reasoner, an end-to-end design that extends deep-thinking capa-
bilities to embodied interactive models. Our insight is that embodied tasks require @ comprehensive
understanding of multimodal interaction, and also @ need different thinking patterns (spatial anal-
ysis, temporal recall, action reflection) for various situations or unexpected cases, e.g., planning
exploration paths or responding to previous failures.

To this end, we develop an embodied data engine that automatically synthesizes Observation-
Thought-Action trajectories with diverse environment interactions and embodied-specific reasoning
processes. These coherent, image-text interleaved trajectories enable the model to develop robust
spatial and temporal reasoning capabilities through learning from rich interaction experiences. We
further design a three-stage training pipeline: Imitation—Exploration—Self-correction, which pro-
gressively equips the model with basic interaction skills, enhanced exploration abilities, and robust
self-correction capabilities for handling failures and unexpected situations.

We evaluate our model on four high-level embodied tasks in AI2-THOR |Kolve et al.| (2017); \Shrid-
har et al.|(2020): search, manipulation, transportation, and composite task. These tasks require the
agent to search for hidden objects in unfamiliar rooms by using commonsense to infer potential
locations, spatial reasoning to plan efficient exploration paths, and interacting with containers (e.g.,
opening fridges, drawers) for inspection. The model should also adjust plans after failed behaviors.

Evaluating on 809 novel tasks, Embodied-Reasoner significantly outperforms advanced reasoning
VLMs, e.g., OpenAl ol, 03-mini, and Claude-3.7 by +9, +24 and +22%, with more pronounced
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Q: Could you first place Bread on the CounterTop, and then place Egg on the SinkBasin for me? M ObservationB VT (ST Observationil

#1 <Situation Analysis>Ok, let me take a moment to carefully analyze the room. Ah, I see a fridge against
the far-right wall. To its left, there’s a counter with a coffee machine and microwave, with cabinets above.

Near the left side, a stove burner sits with knobsstands... </Analysis > o,
#1 <Spatial Reasoning>The overall task involves placing Bread on the CounterTop and Egg on the SinkBasin. Real Scena:'ios Test
My first subtask is to find the Bread and place it.... Let me think, where might the bread be? Based on the (Bedroom, Bathroom)
image, Bread is likely stored in areas iated with food contai or ion. The fridge is a logical h)

first search location...... The other surfaces, like microwave ...... </ Spatial Reasoning> ES -
#1 <Planning> Alright, I guess I could start by making a plan first. I will begin my search for the Bread at - 3
the fridge, as it is the most probable location for stored food. Once found, T will proceed to place the Bread 2 m
~ |onthe CounterTop as per the subtask requirement. </Planning> #1 <Action>Navigate to Fridge
#2<Situation Analysis> I have arrived in front of fridge.... .</Analysis>  #2 <Action>Open Fridge
#3<Situati lysis>Hmm.. it was nearly empty, with just one egg.. </Analysis>#3<Action>Close Fridge

Different Benchmark
(ALFRED in Ai2thor)

| #4<Self-Reflection>Maybe I need to reflect on my search plan now. My initial observation of the room was
sufficient...I may have overlooked other potential locations... To proceed effectively, a comprehensive
servation of the surroundings is necessary to identify all plausible locations... It will guide my search and
sure no viable areas are missed. </Self-Reflection> #4<Action>Observe
<Spatial Reasoning>Let me think this through carefully. From my perspective, CounterTop near the
ove and sink does not visibly contain Bread..... The DiningTable, visible in the room, is a logical next
choice, as it is a common location for items like Bread...... </ Spatial Reasoning >

|#5 <Planning> Nice, I've come up with a new search plan. I will navigate to the DiningTable to examine its 9
"4 surface for the Bread..... </Planning> #5 <Action>Navigate to DiningTable Different Simulator
(R2R in Habitat)

<Thought> ....
:Nav to Countq

#6<Thought>#6: Pickup Bread #7<Thought>....#7: Nav to CounterTopiltte #8<Thought> #8:<Action>Put in CounterTopiuts
&l #9<Planning>Okay, let me continue planning the next steps.... My next subtask is to place the Egg on the SinkBasin. Eggs are typically
stored in food containment zones, making the Fridge a logical location to search first. Wait, I remember checking the fridge before, and it
seems like the egg was already inside. I will navigate to the Fridge. ... </Planning> #9:<Action>Navigate to Fridge .....

#14 <Double Verification>Let me double-check just to be sure. From my perspective, I see the SinkBasin directly ahead with the Egg now
placed on it. The Bread is previously positioned on the CounterTop near the stove.. I conclude that the overall task of placing Bread on the

#13: Put in SinkBasin| CounterTop and Egg on the Si in is fully i </Double

Different Camera View
(EmbodiedBench)

Figure 2: Embodied-Reasoner shows spontaneous thinking behaviors, e.g., analyzing environmental
states (#1,3), reflecting on missed details (#4), reasoning based on latest observations (#5), and
recalling cues for efficient planning (#9). These thoughts remain coherent and logically consistent
across multiple rounds.

gains on complex composite tasks (+39.9%). It exhibits more intelligent behavior through spatial
reasoning and self-reflection, avoiding repetitive or unreasonable actions.

2  OBSERVATION-THOUGHT-ACTION CORPORA

To develop reasoning models in embodied scenarios, we design an interactive task requiring high-
level planning, reasoning and object interaction rather than low-level motor control, i.e., search
for hidden objects (Sec. [2.I). We then introduce an embodied data engine that synthesizes task
instructions (Sec. and interaction trajectories, including action sequences (Sec. [2.3) and step-
level reasoning (Sf%. Each trajectory includes multi-turn interactions, creating an interleaved
context: obs — thought —action—obs—thought...

Figure 2] shows various cases adopting different thinking patterns: spatial reasoning for room layout
and object relations, commonsense reasoning to search potential areas, reflection on plans.

2.1 EMBODIED INTERACTIVE TASK

Task Environments. We built our task environment using AI2-THOR simulator with 120 indoor
scenes (e.g., kitchens, bathrooms) and 2,100 objects (e.g., credit card, microwave). We control robot
movements (e.g., moveahead) and interactions (e.g., pickup, open) via AI2THOR’s API, capturing
visual observations at each step.

Task Categories. The robot initializes in a corner of an unknown room with limited view. We
design four common tasks with different complexities: @ Search: Finding an object in an unknown
room, e.g., keychain, possibly hidden inside a container. @ Manipulate: Interacting with objects
after searching, e.g., "finding a lamp and turning on the switch”. @ Transport: Finding a hidden
object and transporting it to another location, involving multiple search and manipulation steps.
@Composite task: Multiple transport tasks in sequence, e.g., "Place the egg in the microwave,
then put it on the desk after heating...”.

Action Definition. Since our task focuses on high-level planning rather than movement control, and
low-level actions may cause excessive interactions, we encapsulate 9 high-level actions: Observe,
Move Forward, Navigate to {}, Put in {}, Pickup {}, Toggle {}, Close {}, Open {}, Termination.

2.2 SCENE-CONSTRAINED INSTRUCTION SYNTHESIS
We employ LLMs to synthesize task instructions automatically. Unlike most LLM-based synthesis

methods, embodied instructions must satisfy physical scenario constraints—instructions cannot refer
to non-existent objects or involve illegal actions. E.g., “Please move sofa to corner” is invalid if the
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Instruction Synthesis Trajectory Training Recipe
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Figure 3: Left: We first synthesize instructions from task templates, build an affiliation graph to
derive key actions, add exploratory actions, and insert thinking thoughts between observations and
actions. Right: Three-stage training recipe. @ Fine-tune on synthesized trajectories to develop
interaction skills. @ Sample multiple trajectories on novel tasks and use successful ones to develop
exploring abilities. ® Inject anomalous states and reflective thoughts in successful cases while
correcting errors in failed ones for training Embodied-Reasoner.

Key Actions

2 Nav to Desk
3 Nav to Mudroom

av to Mudroom

()
(1)

Interleaving Thought with Observation-Action

6 Nav to Drawer
7 Open Drawer
| #8 Pickup Keychain ...

room lacks a sofa or sofa cannot be moved. Thus, we design task templates, leverage GPT-40’s
coding capabilities to select objects meeting constraints, then diversify instructions into different
styles and complexities.

Task Templates with Constraints. We design multiple templates for each task. Figure 3| presents a
transport task template: pickup {invisible A} and put in {B}, where A denotes a hidden pickupable
object, e.g., keychain, and B should be a container like drawer or desk. This ensures instruction
validity. See Tables[AT0|and [ATT]for details.

Code-based Object Filter. GPT-4o0 selects an appropriate template and generates code for con-
straint checking based on metadata, selecting objects satisfying constraints. We fill templates with
matched objects (A: keychain, B: desk), synthesizing different instructions with many combinations.

Diversify Instructions. Lastly, we diversify instructions at two levels: @ Style: GPT-4o rewrites
filled templates into human-style instructions, e.g., “I can not find my keychain. Can you help me
find them and ...”. @ Difficulty: We combine multiple simple tasks to create composite tasks.

2.3 ACTION SEQUENCE SYNTHESIS

We first annotate key actions for each instruction and then add diverse search processes to them.

Affiliation Graph. As shown in Figure[3] we construct an affiliation graph using simulator metadata.
Each node represents an object, and edges denote affiliation relations, e.g., keychain in a drawer is
depicted as leaf (keychain) connected to parent node (drawer) with an “include” relationship.

Key Action Sequence. We utilize the affiliation graph to derive minimum required action sequence
(key actions) for task completion. For “pickup keychain and place it in desk”, we trace from leaf
node (keychain) upward to parent (drawer) and finally to desk. GPT-40 generates corresponding
actions: Al: Navigate to Mudroom, A2: Navigate to Drawer, A3: Open Drawer, A4: Pickup .... All
key actions are indispensable for task completion.

Add Additional Searching Processes. Beyond key action sequences, our engine synthesizes ex-
ploratory paths by inserting additional search processes. As shown in Figure 3] our engine inserts
three searching actions: Nav to Sidetable, Desk, and Sofa. After failing to find the keychain, it in-
serts an Observe action until locating the keychain in the drawer. These additional search actions
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make trajectories more realistic, showcasing how robots gradually explore unfamiliar environments
until it successfully locates the target.

2.4 INTERLEAVE THOUGHT WITH OBS-ACTION

After running synthesized actions (a;.,), we obtain trajectory: o1, a1, ..., 0n, a,. We then generate
reasoning thoughts (¢;) for each step, forming interleaved context: Obs-Thought-Action.

Diverse Thinking Pattern. We define five thinking patterns simulating human cognitive activities:
Situation Analysis, Task Planning, Spatial Reasoning, Self-Reflection, and Self-Verification. We
describe each pattern in detail, guiding GPT-40 in synthesizing corresponding thinking processes.

Derive Thought from Observation-Action. For each interaction, GPT-40 selects reasonable
thinking patterns and generates detailed thoughts based on interactive context, inserted between
observations and actions (o,,a, — 0y,tn,a,). Specifically, prompted by previous trajectory
(-ery 041, tpo1, Qpe1, 0p) and upcoming action (a,,), GPT-40 generates a well-reasoned thinking pro-
cess (t,) to explain a,,. It may contain multiple thinking patterns (e.g., analysis, planning) while
remaining logically consistent with previous thoughts (£1.,,-1).

3 TRAINING RECIPE

To incentivize reasoning ability, we design three training stages: imitation learning, rejection sam-
pling tuning, and reflection tuning, bootstrapping a general VLM into an embodied interactive model
with deep thinking ability. For training this image-text interleaved context, each trajectory is for-
matted as multi-turn dialogue corpus with loss computed only for reasoning and action tokens.

3.1 LEARN TO INTERACT: IMITATION LEARNING

Firstly, we synthesizes a small set of simple <task instruction, trajectory>. Most tasks are rela-
tively simple without complex search and reasoning. We fine-tune Qwen2-VL-7B-Instruct on these
trajectories, developing Embodied-Interactor.

After training, Embodied-Interactor acquires basic interaction abilities: understanding interleaved
image-text input and generating reasoning and action tokens. However, since most trajectories lack
complex reasoning or exploration, Embodied-Interactor exhibits limited visual search capabilities.
When target objects require further searching, it may hallucinate or give up. E.g., it opens a fridge
for an egg but finds it empty, then responds “egg does not exist” rather than searching elsewhere.

3.2 LEARN TO SEARCH: REJECTION SAMPLING

Self-generated Trajectory for Novel Task. To incentivize exploration ability, we apply rejection
sampling tuning on self-generated trajectories. As shown in Figure[3] data engine synthesizes new
tasks and their key actions. For each task, Embodied-Interactor samples multiple trajectories under
high temperature, some succeeding after multiple visual searches.

Rejection Sampling by Data Engine. For each self-generated trajectory, our data engine evaluates
task completion, i.e., whether it contains all key actions in proper order and achieves correct final
state. After rejecting failed trajectories, we collect 6,246 successful samples for instruction tuning,
developing Embodied-Explorer. 1t shows adaptive planning and searching behaviors—when targets
cannot be found directly, it formulates search plans involving many potential areas with priorities.

3.3 LEARN TO SELF-REFLECT: REFLECTION TUNING

Embodied-Explorer occasionally produces unreasonable actions in long-horizon tasks, e.g., halluci-
nation. Besides, robots often encounter temporary hardware malfunctions. This requires the model
to self-reflect on unreasonable behaviors, recognize abnormal states, and correct them timely. As
shown in Figure 3] Embodied-Explorer samples massive trajectories on previous tasks. @ For suc-
ceeded trajectories, we insert anomaly states to simulate hardware fault. @ For failed trajectories,
we locate the first erroneous action and construct self-correction trajectories.
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i Count of Five Thinking Patterns

Table 1: We synthesize 9.3k (task, trajectory) | 36,663 1.

for training and annotate key actions for 809 26434 |

novel testing tasks. T R

Stage ‘#’I‘raj. Source #Img,;; #Img,, o, #Actiong, g \mr:)::.l:.l:;Dzm !
Traingo; | 1,128 Synthesis 4636 1 411 ‘ Bir

Traingy, q | 6,246 Self-Explore 45.8k 26 7.33

Traing,q | 2,016 Synthesis 13.8k 29 8.63

Total 9,390 - 64k 29 7.22 Conversion Between Five Thinking Patterns
Testset | 809 Human 4.9k 29 6.06 Figure 4: We analyze the frequency and flexible

transition of five thought types.

Insert Abnormal State into Succeeded Trajectory. We simulate two robot anomalies: navigation
anomaly, where the robot navigates to an incorrect location (e.g., “navigate to fridge” but arrives at
table); and manipulation anomaly, where robot arm temporarily fails to execute commands. For
a succeeded trajectory {.., a, o, t..}, we insert an abnormal state (o_) after action (a), generate
self-reflective thoughts (¢,.):{.., a, 0_, t,, a, o4 ..}.

Reflect on Unreasonable Action in Failed Trajectory. Using ground-true actions, we identify the
first incorrect action in each failed trajectory (7'raj_). We generate self-reflective thoughts (Z,) and
supplement remaining correct trajectories (7'raj'"), creating: {T'raj™, tL, Traj’"}. We finetune
on synthesized self-correction trajectories, masking erroneous partial trajectory and computing loss

only for reflective tokens and correct trajectory.

4 DATASET STATISTICS

We synthesize 9,390 (Scene, Instruction, Trajectory) across 3 stages, with each trajectory following
Obs-Thought-Action. As shown in Table[T} data engine synthesizes 1,128 samples in the first stage.
In the 2nd stage, we remain 6,246 exploratory trajectories via rejection sampling. The 3rd stage
synthesizes 2,016 self-correction trajectories.

Dataset Distribution. The distribution is presented in Section [A.2] It covers 107 indoor scenes
(e.g., kitchens, living rooms), 2,100 objects (e.g., eggs, laptops) and 2,600 containers (e.g., fridge,
drawers), containing 64k ego-centric images from interaction and 8 M reasoning tokens.

4.1 THOUGHTS ANALYSIS

The Distribution of Thinking Patterns. We count the frequency of five thinking patterns in all
trajectories. As shown in Figure[] rask planning and spatial reasoning appear most frequently, with
36.6k and 26.4k occurrences, averaging four and three times per trajectory respectively. Besides,
we observe Self-reflection typically occurs after search failures, averaging twice per trajectory.

Transition between five Thinking Patterns. We compute the transition probabilities between five
patterns by recording the frequency of each pair (e.g., A—S, A—P) and normalizing by the fre-
quency of each state. In Figure ] we notice several interesting phenomena. It typically begins
with situation analysis (8882 times), followed by planning (4886 times, 55%) and spatial reasoning
(3996 times, 45%). When navigating unknown regions, it frequently relies on spatial reasoning
(Action—S: 42%). If a search attempt fails, it shifts to self-reflection (Action—R: 33%), and once
a sub-task is completed, it may perform verification sometimes (Action—V: 3%). This flexible
transformation enhances the model’s autonomy and adaptability.

4.2 INTERACTIVE EVALUATION FRAMEWORK

We cultivate 809 test tasks across 12 novel scenarios (different from training). We manually annotate
the key actions and final states for each task: (task, Key Action, Final state). Besides, it contains 25
carefully designed ultra long-horizon tasks, each involving four subtasks and 14-to-27 key actions.
Please refer to Section[A_Jlfor evaluation metrics.
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Table 2: We compare Embodied-Reasoner against general and reasoning VLMs. After three-stage
training, we boost Qwen2-VL-7B from 14.8 to 25.4—65.3—81.9. T means manually evaluate 50
testing cases thought webpage.

Model Success| Search Task Success Rate for SubTasks 1
Rate 1 |Efficiency 1|Completeness 1| Search [Manipulate[Transport{Composite

Qwen2.5-VL-72B-Instruct (Bai et al[2025) | 31.75% 22.61% 50.62% 52.14% 38.89% 21.90%  0.00%
General- | Qwen2-VL-72B-Instruct (Wang et al.}[2024b) | 39.00%  28.88% 54.56% 50.00% 52.36% 33.19%  0.00%
purpose | Claude 3.5-Sonnet (Anthropic} [2024) 4535%  28.05% 64.12% 54.25% 50.51% 51.22% 3.84%
VLMs Qwen-VL-Max (Team}2025b) 49.81%  36.28% 68.39% 63.87% 63.21% 45.16%  1.90%

Llama-4-Scout-17B-16E (Meta, 2025) 51.68%  37.42% 71.23% 69.73% 70.44% 40.34% 14.28%

GPT-40 (OpenAl, 2024a) 66.67%  41.68% 79.07% 69.03% 79.26% 71.95% 14.42%

QVQ—72B—PreVie;’V (QwenLM,-ZOZS) 7.54% 6.39% 36.33% 4.35% 7.50% 10.53%  0.00%

Kimi-K1.5" (Team et al}[2025¢) 46.00% - - - - - -

GPT-03-mini (OpenAlL[2025) 56.55%  26.93% 67.41% 78.57% 59.32% 66.67%  0.00%
Visual Gemini-2.0 Flash Thinking (DeepMind} [2025)| 56.74%  43.01% 71.70% 71.05% 75.60% 40.67%  8.89%
Reasoning| Claude-3.7-Sonnet-thinking (Anthropic}|2025)| 67.70%  37.95% 78.63% 69.12% 75.88% 71.94% 13.79%
Models GPT-01 (OpenAl, 2024c) 71.73%  43.06% 82.49% 7842% 79.10%  67.36% 13.16%

Embodied-Interactor-7B (ours-1st) 2546%  24.75% 53.67% 3097% 27.09% 29.20%  3.81%

Embodied-Explorer-7B (ours-2nd) 65.39%  46.25% 77.73% 60.00% 7592% 7224% 26.67%

Embodied-Reasoner-7B (ours-3rd) 80.96% 55.07% 86.30% 65.16% 93.31% 87.20% 54.29%
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Figure 6: Relation between repetitive explo-
ration rate (x-axis) and success rate (y-axis).
Baselines often exhibit repetitive searching of
the same areas, while our model achieves low
repetition and high success after thinking.
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Figure 5: Relations between Task Length-
Success Rate, and with Output Token. As task
complexity increases (Length 1), our model use
more tokens for task-solving.

5 EXPERIMENTS

5.1 MAIN RESULTS

Higher success rate, task efficiency, and completeness. As shown in Table[2} Embodied-Reasoner
significantly outperforms all general and reasoning VLMs (+9.6% over GPT-ol), including GPT
03-mini (+24%) and Claude-3.7-Sonnet-thinking (+13%). It also demonstrates clear advantages
on search efficiency and task completeness, e.g., +12% higher than GPT-ol. It reflects our more
efficient interaction process, completing multi-step searching and reasoning with fewer actions.

Advantages are more pronounced on complex tasks. Across four sub-task types, Embodied-
Reasoner shows increasingly stronger advantages as task complexity grows. On simpler manipula-
tion tasks, our model achieves performance comparable to baseline VLMs (93% vs. 79%). How-
ever, on challenging composite tasks requiring multi-step reasoning and exploration, it substantially
outperforms the second-best model (GPT-40) by +39.9%, highlighting its capability in handling
complex, long-horizon scenarios.

Three-stage training progressively incentivizes reasoning capabilities, from 14.7% to 80.9%.
Our base model, Qwen2-VL-7B, initially achieved only 14.7%. After first-stage imitation learning,
it improved to 25.4%, mastering basic interaction ability. Rejection sampling tuning then signifi-
cantly boosts performance to 65.4%, reaching GPT-o1 level. Finally, fine-tuning with self-correction
trajectories further elevated to 80.9%. Through three-stage, our model learns to perform strategic
search and spatial reasoning after initial planning, with timely self-reflection, reducing repetitive
searching and unreasonable planning—common errors often observed in baselines.
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5.2 PERFORMANCE ACROSS TASK DIFFICULTIES

We denote task length as the number of key actions required for each task. Larger task length
indicates greater complexity requiring more interactions.

Robustness on long-horizon tasks. As shown in Figure [3] (upper), we visualize the relationship
between task length and success rate. As task length increases, baseline performance drops substan-
tially, with some models failing entirely when tasks exceed five interactions. In contrast, Embodied-
Reasoner maintains robust performance, consistently achieving over 60% across most cases.

Employing longer CoT reasoning for complex tasks. Figure [5] (Bottom) shows Embodied-
Reasoner allocates more reasoning tokens than other thinking LLMs, and this trend becomes more
pronounced as task length increases. When task length is 5, Embodied-Reasoner’s chain of thought
length is 2.4x% that of Gemini-2.0-flash, and when task length > 9, the ratio becomes 4.3x. Our model
engages in significantly longer analysis and more deliberate self-reflection for uncertain situations.
Although this requires longer reasoning time, it yields significant performance improvements.

5.3 ANALYSIS ON MODEL’S BEHAVIORS

Reasoning paradigm reduces repetitive searching behaviors. To quantify searching efficiency
of a trajectory, we define a repetitive exploration rate (RER), which measures how often the
robot navigates to the same area within its trajectory. As shown in Figure [} our models exhibit a
significantly lower RER (18%) and higher success rate (80%). In contrast, most baseline models
exhibit low success rates and high RER, e.g., GPT-03-mini achieves only 56% success rate with a
RER as high as 28%. Upon careful examination of their trajectories, we find due to weak temporal
reasoning and context awareness, baselines frequently revisit the same locations and perform
repetitive searches. However, our model is more intelligent: through memory retrospection and
reflection, it reduces repetitive searching and improves success rates.

6 GENERALIZATION

6.1 GENERALIZATION TO MORE DIVERSE SCENARIOS

We also assess on @ in-distribution scenarios with the same simulator (ALFRED), @ OOD scenarios
from other simulators, and @ real-world scenarios.

@ Testing on different benchmark (ALFRED). As Table 3: Comparison with Imitation-, RL-
shown in Table our model achieves a competi- and LLM-based agents on different bench-
tive 56% success rate, approaching Gemini-2.5-Pro- mark (ALFRED).

thinking (57.81%) and Robotics-ER 1.5 (60%), show-

ing strong generalization for different benchmarks.  Types Models SR(%)
Notably, we observe a clear complementarity between II\{’KT)[CJ/; ?6323
. . . . Imitation Learning|Hi .
two pargdlgms. emblodled model exce?ls at hfmdhng or RL-based HLSM 18.98
long-horizon tasks with complex, ambiguous instruc-  Expert Models  |[FILM 20.10
tions through flexible planning and adaptation (act as LGS-RPA 3041
. Embodied Agent |LLM-Planner+4o-mini ~ |22.54
planner), while IL/RL-based expert models demon- Qwen2.5-VL-72B Tnstruci[35.49
strate superior efficiency and precision on well-defined,  General VLMs  |GPT-40-mini 37.72
specific tasks due to their specialized training (as low- Gemini-2.5-Pro-thinking |37.81
1 1 See Tabl f 1 Embodied Model Gemini Robotics-ER 1.5 [60.71
evel actuator). See Table[A2]for more results. Embodied-Reasoner-78 | 56.03

@ Testing on OOD scenarios from other simulators. To assess model’s generalization capability
across different visual domains and scene shifts, we evaluate on two benchmarks from different
simulators: @ R2R |Anderson et al.[(2018) benchmark on Habitat simulator [Savva et al.[|(2019) with
Matterport3D scenes|Chang et al.|(2017), and @ EmbodiedBenchYang et al.|(2025a) on Habitat with
YCB|Calli et al|(2015) and ReplicaCAD [Szot et al.|(2021). As in Figure[7|and tables[A3]and[A4] our
model achieves competitive performance (55% and 37.7%) against advanced VLN models, showing
strong cross-simulator generalization despite no training on these visual domains or scenes.

® Testing in real-world Scenarios. We evaluate Embodied-Reasoner on 30 real-world object
searching tasks in 6 kitchen, 12 bathroom, and 12 bedroom scenes. A human operator captures
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Figure 7: OOD evaluation on Habitat R2R and Em-

bodiedBench. Our model, untrained in these scenarios, Figure 8: Real scenarios testing. We
shows comparable performance to advanced in-domain achieve a higher success rate (56.7%)
VLN models. than 03-mini and ol (43.4%, 50%).

real-time observations with a handheld camera. Our model analyzes the image, generates an action
command, and the operator manually executes it. Figure 8] shows an example: "Can you help me
find the coffee and heat it up?” Our model rules out the countertop and dining table after two explo-
rations (steps 1,2), ultimately locating the coffee (#7) in the cabinet and placing it in the microwave
for heating (#11). In contrast, OpenAl 03-mini @ fails to make a reasonable plan, @ forgets the
assigned task, and @ search the same area 3 times repeatedly. See Table|A1|for details.

6.2 LOW-LATENCY WITH CONTEXT MEMORY

Embodied-Reasoner also can be seamlessly augmented with a context memory mechanism to handle
long-horizon tasks more efficiently. The memory mechanism works as follows: historical trajecto-
ries (interleaved image-text context) are compressed into concise textual summaries paired with im-
age indices, while all historical images are stored in a retrieval buffer. During interaction, the model
receives task instruction, trajectory summary, and current observation. It either @ outputs actions
based on current observation, or @ retrieves relevant images from image buffer via a special action
image-view {index}, enabling selective access to historical information without overloading
context.

To achieve this, we manually craft 50 memory-augmented trajectories and integrate them into the
original dataset. An example is provided in Figure The results of memory-augmented model
are shown in Table [A5} consumed token are dramatically reduced by 90% (from 52k to 5.8k per
trajectory) due to compressed context length, while success rate remains stable, showing efficient
context management ability for long-horizon tasks.

7 ANALYSIS ON TRAINING RECIPE

7.1 ARE FIVE THINKING PATTERNS NECESSARY?

As shown in Section [2.4] we design five thinking patterns: Spatial Reasoning, Planning, Situa-
tion Analysis, Reflection, and Verification. To investigate whether explicitly distinguishing these
patterns is necessary, we ablate them by unifying all patterns under a single <thinking> tag.
For example, <reflection> "I found that my previous action was wrong...”</reflection>
<planning>"I re-observe the room...”</planning> are merged into <thinking>"The pre-
vious plan has issues, I re-observe the room...”</thinking>.

As shown in Table[A6] training with a single pattern leads to performance degradation, with par-
ticularly notable drops in Transport (-4.40%) and Composite (-6.77%) tasks that require more com-
plex reasoning. It shows that explicitly distinguishing thinking patterns helps regulate the model’s
reasoning process by providing structured cognitive scaffolding, e.g., Reasoning guides location
understanding, Planning organizes action sequences.
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7.2 IMPACT OF THREE TRAINING STAGES

We systematically ablate each training stage. As shown in Table removing Stage 1 (Imitation
Learning) causes a drastic performance drop (from 81.0% to 19.1%), as the model fails to collect
sufficient samples for rejection sampling. It indicates that Stage 1 provides crucial warm-up for
learning the thinking format and interaction behaviors. Removing Stage 2 (Rejection Sampling
Tuning) also leads to substantial degradation (to 52.1%), primarily due to insufficient environment
exploration. Stage 3 mainly enhances the model’s ability to recover from errors and reflect, as
evidenced by the significant performance improvement on Composite tasks (from 26.7% to 54.3%).

8 CONCLUSIONS

We propose an embodied reasoning model for interactive tasks that can spontaneously search, rea-
son, and act. To develop this, we design a data engine that synthesizes 9,390 interactive trajec-
tories in an Observation-Thought-Action interleaved format. We employ a three-stage training
pipeline—to progressively enhance its interaction and reasoning abilities. Extensive evaluations
demonstrate that our model exhibits superior reasoning capabilities.
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A APPENDIX

A.1 EXPERIMENT DETAILS

A.1.1 EVALUATION METRICS

Metrics. Three metrics to assess trajectory quality. Success Rate (SR): Whether contains all key ac-
tions in order and the final state is also correct. Search Efficiency: Ratio of key actions to predicted
sequences (Vg1 + Np). Task Completeness: Proportion of completed key actions (Npr + Ngg),
where N, denotes predicted key actions, N,; denotes total predicted actions, and N, denotes
annotated key actions.

A.1.2 REAL-WORLD SCENARIOS EXPERIMENTS

To evaluate the generalization of our reasoning model, we design a real-world experiment about
object searching, covering 30 tasks in three scenes. As shown in Table Embodied-Reasoner
demonstrates notable capabilities in real-world environments. In terms of success rate, it outper-
forms OpenAl ol by 6.7%, OpenAl 03-mini by 12.7%, and Qwen2.5-VL-72B-Instruct by 13.4%.

& Explorer-/B(2nd) — e Embodicd-Reasoner- 7B(3rd)
< Sonnet GPT-40 .
g . i .
&0l Mmoo : . Table Al: Real-world experiments results:
2 . : Embodied-Reasoner outperforms OpenAl ol by
s . i . 6.7% in success rate, showing notable real-
eI . s : world capability.
= 2 Enmbodied-Reasoncrg
5 | Embodied-Explorer | L L .
& " Search Manipulate Transport Composite  Overall Model ‘ Success Rate (%)
Figure Al: Repetitive Exploration Rate mea- 8wen§i5'YL'72B'InStru°t ;%8

o . CI (o] B
sures repetitive search issues, often observed Og enAl o3-mini 434
in baselines. Our models reduce repetitive Embodied-Reasoner 56.7
searches by recalling and reflecting on past tra-
jectories.

A.1.3 REPEAT EXPLORATION RATE

The Repeat Exploration Rate (RER)indicates how often the model revisits the same location within
its trajectory and is calculated as the number of revisits to previous locations divided by the total
number of explorations. For example, in a task, the model navigated to the following path: Place,,
Placey, Placey, Place., Place.. The model revisited Place, and Place. once each. Thus, the
repeat exploration rate was 40% (2/5).

As shown in Figure [AT] our models (Embodied-Reasoner/Explorer) exhibit a lower RER (-50%)
compared to baseline models across all four tasks.

Table A2: Detailed comparison of our model against Imitation-, RL-, and LLM-based models on
ALFRED.

Types Models Success Go'a! Pick Examine Pick Two  Stack
Rate  Condition | & Place inLight & Place & Place
MOCASingh et al.| (2021} 5.36 16.18 6.00 4.60 1.20 6.40
Imitation Learning | HITUTZhang & Chai(2021) 10.23 20.71 26.00 8.10 12.40 7.30
or RL-based HLSMBIukis et al.|(2022) 18.28 31.24 34.80 36.60 18.00 4.40
Expert Models FILMMin et al.|(2021) 20.10 32.45 16.03 29.65 11.84 1.98
LGS-RPAMurray & Cakmak|(2022) 30.41 42.79 - - - -
Embodied Agent | LLM-PlanneiSong et al.|(2023)+40-mini 22.54 38.83 41.00 27.75 12.12 3.67
Qwen2.5-VL-72B-Instruct 35.49 51.51 50.00 42.20 30.30 14.68
General VLMs GPT-40-mini(OpenAl} |2024b) 37.72 54.01 70.00 31.79 21.21 27.52
Claude-3.7-Sonnet-thinking 53.41 62.36 78.00 65.90 37.29 19.44
Gemini-2.5-Pro-thinking(Comanici et al.,[2025) | 57.81 66.74 84.00 61.85 60.61 25.69
Embodied Model Gemini Robotics-ER(Team et al.[[2025a) 1.5 60.71 69.91 82.00 72.83 34.85 37.61
Embodied-Reasoner-7B 56.03 67.72 84.00 70.52 33.33 21.10
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Table A3: Comparison with state-of-the-art VLN models on R2R benchmark. Our model demon-
strates competitive performance on the challenging vision-language navigation task.

Model Training Data R2R Val Unseen

SR SPL
NavGPTZhou et al. (2024b) zero-shot 34.0 29.0
DiscussNavLong et al.[(2023) zero-shot 43.0 40.0
NavCoTLin et al. (2025) In-domain data from Matterport3D 40.2 36.6
NaVILACheng et al.|(2024) In-domain data from Matterport3D 54.0 49.0
StreamVLNWEel et al.| (2025b) In-domain data from Matterport3D 56.9 51.9
InternVLA-N1Team| (2025a) In-domain data from Matterport3D 58.2 54.0
NavFoMZhang et al.[(2025a) In-domain data from Matterport3D 61.7 55.3
DualVLNWei et al.| (2025a)) In-domain data from Matterport3D 64.3 58.5
Embodied-Reasoner Out-of-domain 55.0 42.8

Table A4: Comparison with state-of-the-art VLMs on EmbodiedBench (EB-Habitat). Our model
demonstrates strong zero-shot performance, outperforming larger models with 10-shot prompting.

Setting Avg Base Common Complex Visual Spatial Long

GPT-40-mini 10-shot 32.7 74 22 32 22 32 14
Llama-3.2-11B-VisionMeta AI|(2024) 10-shot 25.0 70 16 28 10 20 6
InternVL2_5-8BChen et al.[(2025) 10-shot 11.3 36 4 0 10 16 2
Qwen2-VL-72B-Instruct 10-shot 35.7 70 30 36 32 28 18
Qwen2.5-VL-72B-Instruct 10-shot 37.7 74 28 42 40 24 18
gemma-3-12b-i(Team et al.|(2025b) 10-shot 23.0 58 10 24 18 24 4
Embodied-Reasoner-7B zero-shot 37.7 66 36 26 46 24 28

Table AS: Performance of memory-augmented models. Embodied-Reasoner equipped with a mem-
ory mechanism significantly reduces consumed tokens per trajectory (from 52.5k to 5.8k, an 89%
reduction) while maintaining high success rates (77.35% vs. 80.96%). Compared to GPT-40 with
memory, our model achieves substantially higher performance across all metrics while using fewer
tokens.

Model SllllcacteeSS T Ets'lggiicnlzy T Comﬁl::imess T | Tokens (k) / Trajectory |
Embodied-Reasoner 80.96% 55.07% 86.30% 52.5
gpt-40-mini + Memory 10.93% 5.68% 23.15% 21.5
gpt-40 + Memory 40.32% 21.56% 53.49% 12.6
Embodied-Reasoner + Memory | 77.35% 42.4% 82.3% 5.8

Table A6: We ablate the five thinking patterns by using only a single (thinking) tag, which shows
significant performance drops on more challenging Transport and Composite tasks.

Search | Manipulate | Transport | Composite
w/ different thinking pattern 65.16 93.31 87.20 54.29
w/o different thinking pattern 65.81 (+0.65) 88.63 (-4.68) 82.80 (-4.40) 47.52 (-6.77)

A.2 DATASET DETAILS

A.2.1 DISTRIBUTION OF TASK INSTRUCTIONS

We synthesize 9,390 unique task instructions along with their Observation-Thought-Action trajecto-
ries as the training set. The distribution of training tasks is shown in Table [A8] encompassing 4 task
types(Search, Manipulate, Transport and Composite) and 10 subtask types.

For evaluation, we curate 809 test cases across 12 novel scenarios distinct from the training en-
vironments. The distribution of test tasks is shown in Table [A9] covering 4 task types and 11
corresponding subtask types.
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Table A7: Ablation experiment on three training stages. We observe that without the first stage of
imitation learning using synthetic trajectories, the model struggles to learn basic interaction behav-
iors and cannot generate sufficient samples for subsequent rejection sampling and reflection tuning.
Without the second and third stages, the model performs significantly worse on composite tasks.

Training Stages Success| Search Task Success Rate for SubTasks 1
Ist Stage[2nd Stage[3th Stage| Rate 1 |Efficiency 1|Completeness 1|Search [Manipulate[ Transport{Composite
v v v 81.0% 55.1% 86.3% 652% 933% 872% 54.3%
X v v 19.1% 11.6% 43.6% 17.8%  22.0% 24.2% 0.9%
v X v 521%  27.8% 65.1% 352% 68.3% 61.3% 9.4%
v v X 654%  46.3% 77.7% 60.0%  75.9% 722%  26.7%
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Table A8: The distribution of the training  Table A9: The distribution of the test set with
dataset with 9,390 samples, including 4 task 809 tasks, including 4 task types and // sub-

types and /0 sub-task types. task types.
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Figure A2: The distribution of the training set  Figure A3: The distribution of the test set in-

interactions, including 8 interaction types in tra-  teractions, including 6 interaction types in key
jectories: navigate to, pickup, open, close, put  actions: navigate to, pickup, open, close, put in,
in, observe, move forward, and toggle. and toggle.

A.2.2 DISTRIBUTION OF INTERACTION TYPES

In the training set, trajectories consist of eight types of interaction actions: navigate to, pickup, open,
close, put in, observe, move forward, and toggle. As shown in the Figure the occurrence fre-
quency of each interaction action across all trajectories is illustrated. Among them, the exploration
action navigate to appears the most frequently, occurring over 29k times.

In the test set, we manually design instructions and annotate the corresponding key actions and final
states. The test tasks involve six types of interactions: navigate to, pickup, open, close, put in, and
toggle. As seen in the Figure[A3]| navigate to also appears significantly more frequently than other
key actions.

A.2.3 DISTRIBUTION OF TASK LENGTH

In the training set, each trajectory consists of an average of 7.2 interactions with the environment
(e.g., navigate, pickup). For the four task types: Search, Manipulate, Transport, and Composite.
Due to varying task complexity, the corresponding trajectory lengths also differ. As shown in the
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Task Length and Type Composition in Training Set
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Figure A4: The quantity distribution of trajec-
tory lengths in the training set and the corre-
sponding task type composition, where Search
Task is mainly within /-9, Manipulate Task
within 2-11, Transport Task within 3-14, and
Composite Task above 8, extending beyond 23.
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Figure A6: The quantity distribution of the top
32 object types in the training dataset’s trajec-
tories, with Others representing the remaining
62 categories, such as Bread, Book, DeskLamp,
etc.
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Figure A5: The quantity distribution of key ac-
tion lengths in the test set and the correspond-
ing task type composition, where Search Task
is mainly within 1-2, Manipulate Task within 2,
4-5, Transport Task within 4-7, and Composite
Task above 8, extending beyond 19.
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Figure A7: The quantity distribution of the top
32 object types in the test set’s key actions,
with Others representing the remaining 44 cate-
gories, such as Watch, Pencil, Cup, etc.

Figure [A4] Search tasks tend to have shorter trajectories, typically ranging from 1 to 9, while the
more complex Composite tasks generate the longest trajectories, usually exceeding 8 and reaching

beyond 23.

Similarly, in the test set, as shown in the Figure[A3] the more complex Composite tasks also exhibit
the longest key action sequences, usually exceeding 8 and reaching beyond 19.
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A.2.4 DISTRIBUTION OF OBJECT CATEGORIES

Our training dataset comprises 107 diverse indoor scenes(kitchens, living rooms, etc.), over 2,100
interactive objects (e.g., eggs, laptops) and 2,600 containers (e.g., refrigerators, drawers). Across the
9,390 unique task instructions, trajectories involve interactions with these objects and containers,
with the top 32 most frequently explored and interacted object categories shown in Figure [A6] The
12 distinct test set scenes feature key actions tied to different objects, with the top 32 frequent
containers and interactive objects illustrated in Figure

A.2.5 DETAILED TASK TEMPLATES AND CONSTRAINTS

Our four daily tasks: Search, Manipulate, Transport, and Composite can be further divided into
corresponding sub-tasks based on the types of objects involved. We design multiple task templates
for each task type. It ensures synthesized instruction’s validity. Templates and constraints are shown
in Table and Table

A.3 DISCUSSIONS

A.3.1 THE RELATIONS BETWEEN OURS AND RL/IL MODELS

Many works employ imitation learning (IL) to mimic expert demonstrations [Ehsani et al.| (2024)
or reinforcement learning (RL) to optimize navigation policies through trial-and-error interactions
with the environment Zhu et al.|(2017); Kulhanek et al.|(2019);|Cimurs et al.|(2021). These valuable
explorations advance embodied intelligence research. In contrast, we explore leveraging large rea-
soning models and language chain-of-thought to address embodied planning and interaction tasks:

» Task Focuses: Our model handles high-level interactive and planning tasks based on lan-
guage instructions. RL/IL models target specific robot skills like navigation and manipula-
tion. However, our tasks is different, requiring language understanding, visual searching,
and interaction.

* Generalization: RL/IL-based models excel at specific skills but have limited generalization,
especially with changing scenes. Studies like PaALM-E, SayCan report performance drops
when replacing LLMs with RL / behavior cloning. In contrast, LLMs generalizes well to
novel tasks.

* Complementary. Our model handles high-level reasoning, while RL models excel at low-
level skills, offering more efficient, precise action execution. Ideally, our reasoner acts
as “brain” for high-level reasoning, with lighter “cerebellum” (IL/RL models) executing
specific actions.

A.3.2 GENERALIZE TO MORE DIVERSE TASKS

Our method holds the potential to scale to more complex and diverse tasks, e.g., photo-realistic
simulators. With minimal adaptations, Embodied-Reasoner can be applied to many embodied tasks:

¢ Firstly, our pipeline suits most high-level planning tasks, especially those requiring deep
thinking and multi-turn interaction. For a new task, humans only need to ®design low-level
actions connecting model and simulator, @specify diverse task templates, and ®establish
relations graph between all objects for action synthesis.

* Secondly, our model can generalize to larger, photo-realistic scenes. We conduct a real-
world testing to evaluate our reasoning model, where a human holds a camera to collect
real-time image and manually executes actions from model. Despite a slight performance
drop in realistic scenes, we still outperform all comparison VLMs, demonstrating potential
in realistic scenarios.

* Lastly, our reflection tuning mechanism enhances robustness and adaptability in new
scenes. Realistic scenes bring many unexpected situations that may cause failure. Our
reflection tuning enables an Error—Analyze— Correction loop, enhancing adaptation ca-
pabilities on new scenes.
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Table A10: Details of task templates for four task types

Task Types Sl,]rk;l;l:jsSkTemplates Cocnlf;rca}(mt Case Affiliation and Attribute
Task: Could you please
IExposed Pickupable(A) find tl;e Apple in the
- room?
Object [find A |A .
Search ... Key Action Sequences:|
Search — Openable(Parent(A)) . . .
navigate to CounterTop
end
Task: Could you please
find the Apple in the
IEnclosed Pickupable(A) room?
Object [find A |A Key Action Sequences:|,
Search Openable(Parent(A)) [navigate to Fridge
open Fridge
end
Task: Would you mind
[Exposed Toggleable(A) ?(;)Xirels g on the Laptop
. gbjeit foggle A 1A o ble(Parent( A Key Aétion Sequences:
ManipulateToggle — Openable(Parent( ))navigate to Desk
toggle Laptop, end
Task: I want to pick up
a CreditCard from the
Exposed Pickupable(A) room, can you help me?
Object |pickup A |A Key Action Sequences:
Grasping — Openable(Parent(A))navigate to SideTable
pickup CreditCard
end
Task: Would it be
possible for you to
[Enclosed Pickupable(A) If)le up a CreditCard
- . rom the room?
Object  |pickup A |A .
Grasping Openable(Parent(A)) Key Action Sequences:
© 77 Inavigate to Drawer
open Drawer
pickup CreditCard, end
Task: Could you please
. put the AlarmClock on
E))fposed— . F\lckupable(A) the Shcll;?
Exposed P 1ckyp Al Openable(Purcm(A))Key Action ‘S'Veqlllences:
Transport Object lput in B A navigate to Sidetable
Transfer - Openable(B) pickup AlarmClock
navigate to Shell
put in Shelf, end
Task: Would you mind
placing the Bowl in
Exposed- Pickupable(A) the Cabinet, please?
to- ickup A A Key Action Sequences:
Enclosed”' ‘UPB — Openable(Parent(A))navigate to CounterTop
Object [PUtIM = |A pickup Bowl
Transfer Openable(B) navigate to Cabinet
open Cabinet
put in Cabinet, end
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Table A11: Details of task templates for four task types

Task Types

Sub-Task
Types

Templates

Constraint
Check

Case

Affiliation and Attribute

Transport

Enclosed-
to-
Exposed
Object
Transfer

pickup A
put in B

Pickupable(A)

A
Openable(Parent(A))
A

— Openable(B)

Task: Is it okay to put
the Candle on the
Bathtub?

Key Action Sequences:
navigate to Cabinet
open Cabinet

pickup Candle

close Cabinet
navigate to Bathtub
jput in Bathtub

lend

Enclosed-
to-
Enclosed
Object
Transfer

pickup A
put in B

Pickupable(A)

A
Openable(Parent(A))
A

Openable(B)

Task: May I ask you to
put the Potato in the
Microwave?

Key Action Sequences:
navigate to Fridge
open Fridge

ipickup Potato

close Fridge

navigate to Microwave
open Microwave

put in Microwave

end

Composite

Sequential
Object
Transfer

first,
pickup Al
putin B
then,
pickup A2
put in B2

Pickupable(A 1)

Q Openable(Parent(Al))
gpenable(B B
Pickupable(A2)

— Openable(Parent(A2))
gpenable(B 2)

A\
Different(A 1, A2)

Task: Could you please
first place the
TeddyBear on the
CoffeeTable, and then
iplace the Pen on

the GarbageCan?

Key Action Sequences:
navigate to Bed

pickup TeddyBear

put in CoffeeTable
navigate to Desk
pickup Pen

navigate to GarbageCan
put in GarbageCan

end

navigate to CoffeeTable -

Long-
Term
Complex
Task

navigate to CounterTop,
navigate to Fridge, open

put Plate, close Cabinet
lend

Task: Could you put the bread in the refrigerator
and then take the apple out of the refrigerator, wash
it, and place it on a plate? Key Action Sequences:

pickup Bread,
Fridge

put in Fridge, pickup Apple

navigate to SinkBasin, put in SinkBasin
toggle Facuet, pickup Apple

navigate to Cabinet, open Cabinet
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Table A12: Real world task instructions: 30 Object searching tasks across multiple real scenes(6
kitchen, 12 bathroom, 12 bedroom)

Scene Type|

Task

Key Action Sequences

Could you kindly place the coffee mug in the
refrigerator when you have a moment?

navigate to countertop— pickup coffee mug
— navigate to fridge— open fridge—
put in fridge— end

IWould you mind putting the umbrella on the kitchen

navigate to coffee table— pickup umbrella
— navigate to countertop— put in

i island ter wh ient?
Kitchen [island counter whenever convenien countertop— end
. igate to diningtabl ickup glass c
If it’s not too much trouble, could you please put navigate (o diningtable— pickup glass cup
. . —> navigate to microwave— open
the glass cup in the microwave? . RN
microwave— put in microwave— end
L . i i pen fridg ick
I’d appreciate if you could leave the milk on the navigate to f ridge— open fridge— pickup
. milk— navigate to coffee table— put in
coffee table when possible. N
coffee table— end
. i i en cabinet ick
Whenever you get a chance, would you be so kind as navigate to Cabm‘.:t% open cabinel— pickup
. . coffee cup— navigate to microwave— open
to place the coffee cup in the microwave? . ot
microwave— put in microwave— end
navigate to coffee table— pickup umbrella
— navigate to armchair— put in backpack
If you don’t mind, could we first tuck the umbrella |— navigate to diningtable— pickup glass
into the backpack, then store the glass cup in the cup— navigate to fridge— open fridge—
fridge, and finally place the milk in the microwave |put in fridge— pickup milk— to navigate
at your earliest convenience? microwave— open microwave— put in
microwave
— end
navigate to shelf— pickup cola — navigate
Could you please place the cola in the cabinet? to cabinet — open cabinet — put in cabinet
— end
. . i i -abinet
IWould you mind setting the remote control on the navigate to cabinet— open ¢ ibmet—
pickup remote control— navigate to shelf
shelf? . .
— put in shelf— end
. igate to shelf— pickup coffee cup—
Could you kindly put the coffee cup on the desk? pavigate 1o she prexup w_ ,“ cup
navigate to desk — put in desk— end
. . igate to shelf— pickup coffee cup—
IWould you be so kind as to pick up the coffee cup? navigate to she prekup cotiee cup
Bathroom end

If you don’t mind, could you place the glass cup
on the chair?

navigate to desk— pickup glass cup—
navigate to chair— put in chair— end

Could you please set the tissues on the chair?

navigate to desk— pickup tissues—
navigate to chair— put in chair— end

If it’s not too much trouble, could you place
the book on the desk?

navigate to bookshelf— pickup book— end

IWould you mind picking up the book from the room?

navigate to bookshelf— pickup book—
navigate to desk— put in desk— end

IWould you kindly put the glass cup inside the box?

navigate to desk— pickup glass cup—
navigate to box— put in box— end

Could you please place the pen in the cabinet?

navigate to bookshelf— pickup pen—
navigate to cabinet— put in cabinet— end

If possible, could you first put the glass cup in
the box, then put the cola, and finally set the box on
the shelf?

navigate to desk— pickup glass cup—
navigate to box— put in box— navigate
to shelf— pickup cola— navigate to box
— put in box— pickup box— navigate
to shelf— put in shelf— end

IWould you mind placing the cola in the trash can
first, then putting the credit card on the chair, and
finally putting the trash can on the shelf?

navigate to shelf— pickup cola— navigate
to trash can— put in trash can— navigate to
desk— pickup credit card— navigate to
chair— put in chair— navigate to trash can
— pickup trash can— navigate to shelf—
put in shelf— end
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Table A13: Real-world task instructions: 30 Object searching tasks across multiple real scenes(6
kitchen, 12 bathroom, 12 bedroom)

Scene Type

Task

Key Action Sequences

Could you please get the towel from the room?

navigate to towel holder— pickup towel—
end

Bedroom

IWould you mind getting the roll of toilet paper?

navigate to roll of toilet paper holder—
pickup roll of toilet paper— end

If it’s not too much trouble, could you place the
lbody wash bottle in the trash can?

navigate to shelf— pickup body wash bottle
— navigate to trash can— put in trash can
— end

IWould you kindly put the soap in the sinkbasin?

navigate to shelf— pickup soap— navigate
to sinkbasin— put in sinkbasin— end

Could you please find the glass cup and pick it up?

navigate to cabinet— open cabinet— pickup
olass cup— end

If it’s convenient, could you pick up the hair dryer
bottle?

navigate to shelf— pickup hair dryer bottle
— end

IWould you mind putting the soap on the countertop?

navigate to shelf— pickup soap— navigate
to countertop— put in countertop— end

Could you kindly place the towel in the sinkbasin?

navigate to towel holder— pickup towel
— navigate to sinkbasin— put in sinkbasin
— end

If you don’t mind, could you first put the body wash
bottle in the sinkbasin and then place the soap in the
trash can?

navigate to shelf— pickup body wash bottle
—> navigate to sinkbasin — put in sinkbasin
— navigate to shelf— pickup soap—
navigate to trash can— put in trash can—
end

IWould you be so kind as to put the body wash bottle
in the cabinet?

navigate to shelf— pickup body wash bottle
—> navigate to cabinet— open cabinet—
put in cabinet— end

First, place the roll of toilet paper on the shelf.
Then, put the body wash bottle on the countertop.
Finally, put the

soap in the sinkbasin.

navigate to roll of toilet paper holder—
pickup roll of toilet paper— navigate to
shelf— put in shelf— pickup body wash
bottle— navigate to countertop— put in
countertop— navigate to shelf— pickup
soap— navigate to sinkbasin— put in
sinkbasin— end

Close the toilet lid. Next, place the soap on the
countertop. And finally, put the body wash bottle
in the sinkbasin.

navigate to toilet— close toilet— navigate
to shelf— pickup soap— navigate to
countertop— put in countertop— navigate
to shelf— pickup body wash bottle—
navigate to sinkbasin— put in sinkbasin

— end

A.4 LIMITATIONS

Our work has two main limitations. First, although our model demonstrates promising general-
ization and transferability in OOD scenarios and also real-world experiments, deploying embodied
agents in more complex and dynamic real-world environments remains challenging. Future work
should explore more diverse real-world scenarios to further validate and improve robustness. Sec-
ond, our current approach relies on discrete high-level actions and does not directly output low-level
motor commands. Integrating our reasoning model with continuous control policies for more fine-
grained manipulation tasks is an important direction for future work.

A.5 RELATED WORKS

Previously, many researchers utilized imitation learning to mimic expert demonstrations or rein-

forcement learning for embodied learning, e.g., vision-language navigation 2023al);
Ziliotto et al.| (2024)); [Yokoyama et al| (2024); [Khanna et al.| (2024)); [Ehsani et al.| (2024)); Zhu et al.
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(2025)); [Zhou et al.| (2024b)). In the era of LLMs, they has increasingly combined LLMs as planners
to decompose natural language instructions into executable primitive actionsWu et al.|(2023); [Ciang
let al](2023)); [Song et al.| (2023)); [Sarch et al.|(2023)); [Huang et al.|(2022b); Majumdar et al.| (2024) or
end-to-end vision-language-action models for direct physical interaction [Team et al.| (2024); Black
let al.| (2024);Shi et al.|(2025a). However, existing embodied approaches often focus on single skills
(manipulation or navigation) and neglect explicit reasoning scenarios for complex, long-horizon
tasks involving environmental exploration, object interaction, and coherent planning. Please refer
to Section[A 3] for a detailed related works.

A.5.1 LLM AND ITS REASONING

Recent reasoning models, e.g., OpenAl-ol, DeepSeek-R1, |Guo et al,| (2025); |OpenAll (2024c);

DeepMind| (2025); |Zhang et al.| (2024g); [Zhao et al,| (2024a); [Team| (2024); Wang et al.| (2022);
Zelikman et al.| (2022)); Shen et al.| (2023) have demonstrated powerful reasoning capabilities, sig-

nificantly enhancing their ability on college-level questions such as mathematics. Unlike previous
efforts to scale up training data and model sizes, these systems involve generating long chain-of-
thought (CoT) during inference time, improving the performance of final answers|Guan et al.|(2025));

(2024); [Zhang et al.| (2024a}e:f); (2024). Besides, many efforts Thawakar et al.|
(2025); (2025b); Huang et al| (2025a)); Xu et al.| (2024; [2025); [Zhang et al.| (2024d),
such as QVQ (2025) and Kimi-1.5 [Team et al.|(2025c), have extended the deep-thinking

paradigm to multimodal scenarios by post-training on long-CoT or reinforcement learning with ver-
ifiable rewards. However, most visual reasoning models operate in a single-round dialogue setting:
processing input images and user’s query and then generating textual thoughts for a final answer.
This limits their applicability in embodied interactive tasks [2017); Deitke et al.| (2022);

[Yenamandra et al.| (2023); [Weihs et al.| (2021)); [Ehsani et al.| (2021); [Li et al.| (2023), which re-
quire handling multi-image or image-text interleaved contexts[Zhang et al.|(2025¢) while generating

coherent and logical thoughts. Besides, embodied scenes differ from mathematical tasks, as they
demand long-horizon planning and deliberate reasoning over previous trajectories. In this paper, we
propose an effective solution to extend general VLMs into embodied reasoning models.

A.5.2 EMBODIED REASONING AND ACTING

As the language understanding capabilities of LLMs improve, recent researches integrate them into

embodied tasks [Ahn et al| (2022); [Huang et al (2022c); [Vemprala et al.| (2024); [Lin et al.| (2023);
Wake et al.| (2024); Wang et al.| (2023a); Driess et al.| (2023); Huang et al.| (2022b); Liang et al.

(2023); [Song et al.| (2023)); Sarch et al.| (2023); [Wang et al.| (2024a); Majumdar et al,| (2024); |Az-
zolini et al.| (2025); Dasgupta et al. (2023). Their core idea mostly involves leveraging LLMs as

the “brain” or planner to decompose natural language instructions into a series of executable prim-
itive actions or code invocations (2024); [Zhao et al| (2024D); [Kannan et al.| (2024);
et al.| (2023)); Huang et al] (2023b); [Cai et al.| (2024); Wu et al] (2023). This design leverages the

rich commonsense and task planning abilities of LLMs without involving specific action execution.
Furthermore, beyond serving as planners, researchers explore transforming LLMs/VLMs into end-

to-end vision-language-action models (VLA) [Qu et al| (2023)); [Wen et al.| (2024)); [Zawalski et al.
(2024)); [Team et al.| (2024); [Shi et al.| (2025a)), enabling them to act in physical world, e.g., RT-

2|Brohan et al.| (2023), OpenVLA Kim et al. (2024), PI-0Black et al.|(2024). Unlike VLA models,
Embodied-Reasoner focuses on leveraging language CoT for task decomposition, environmental ex-
ploration, and visual reasoning, without involving specific action execution. This decoupled design
of high-level reasoning and low-level action execution enables robots to better accomplish complex,
long-horizon embodied interaction tasks.

A.5.3 VISION-LANGUAGE NAVIGATION

Another embodied task similar to ours is Vision-Language Navigation (VLN), which requires agents
to navigate through unknown environments by following natural language instructions or image ref-

erences [Krantz et al. (2020); (Chen et al|(2021ab); Wang et al|(2021); Raychaudhuri et al. (2021);

Hong et al.| (2022); (20224); |Chen et al | (2022bfa); [Georgakis et al.[(2022); Wang et al.
2023b); [Huang et al.|(2023a)); |Shah et al.|(2023)); Qiao et al.| (2023)); (Chen et al.|(2023); Wang et al.

2023c); [Zheng et al.| (2024); [Pan et al.| (2024); [An et al.| (2024); Zhang et al.| (202 ct@ [Ziliotto
let al.|(2024); [Zhou et al.| (2024bza); (Chen et al.|(2024); Zhu et al.| (2025)); Wei et al.| (2025bffa); Team!
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(20254); [Contributors| (2025)); [Qiao et al.| (2025)); [Shi et al.| (2025c}b); [Zhang et al| (2025a); [Per-
[incherry et al|(2025));Zhang et al.|(2025b). VLN tasks are typically evaluated in photorealistic sim-

ulators e.g., Matterport3D, Habitat, with corresponding benchmarks, e.g., GOAT, HM3D-OVON,
R2R [Khanna et al.| (2024); [Yokoyama et al. (2024)); [Puig et al| (2023)). To train a VLN model with
navigation abilities, many researchers employ imitation learning (IL) to mimic expert demonstra-
tions [Ehsani et al.| (2024)) or reinforcement learning (RL) to optimize navigation policies through
trial-and-error interactions with the environment Zhu et al.| (2017); |Kulhanek et al.| (2019); |(Cimurs
let al.| (2021). Our Embodied-Reasoner differs significantly from previous work. First, our model not
only can navigate in unfamiliar environments but also possesses object interaction capabilities, such
as opening drawers, picking up key chains inside, and transporting them to other locations. This ob-
ject interaction capability enables the model to achieve enhanced object search and environmental
exploration capabilities. Furthermore, unlike employing IL or RL to learn single skill, we introduce
large reasoning models and language chain-of-thought to explicitly enhance its embodied reasoning
capabilities for more complex human instructions and long-horizon interactive tasks.

Task: 1'd appreciate if you could leave the milk on the coffee table when possible.

#0: <DecisionMaking> #0:"Hmm..., let me observe my surroundings first. | see a fridge on the far-right side next to
navigate to Fridge wooden cabinets with a countertop beneath them. A round dining table with chairs is positioned
</DecisionMaking> centrally, surrounded by yellow chairs and red armchairs. A set of windows is visible at the

back wall, allowing light into the room. Hang on, let me figure out what to do next. Based on
‘ the observation, the task requires leaving the milk on the coffee table. The most likely place to
find the milk would be the fridge, as it is commonly used to store perishable items like milk. If
#1: . . not found there, the next logical location would be a cabinet or shelf where food or drinks might
<DecisionMaking>open be stored temporarily. Finally, if the milk is not in either of these locations, the dining table
| Fridge</DecisionMaking> itself could be another potential spot since it's a central area where items may have been left.
1:"‘3""9:?5 'g‘ ‘ This sequence balances efficiency and probability based on typical storage practices. But wait,
¢ let me create a plan first. First, I will check the fridge for the milk, as it is the most probable
#2: location. If the milk isn't there, | will proceed to search any cabinets or shelves that may hold
<DecisionMaking>pickup stored items. Lastly, | will inspect the dining table as it is a prominent surface where someone
Milk</DecisionMaking> might have placed the milk. This systematic approach ensures thoroughness while prioritizing
the likelihood of finding the milk quickly. Okay, I've decided. <DecisionMaking>navigate to
Fridge</DecisionMaking>"
#3:
<DecisionMaking>close
Fridge</DecisionMaking> #2:“......Upon opening the fridge, I observe several items inside, including a bottle labeled
"Milk" prominently displayed on the door.
‘ AAAAAA My next logical step is to retrieve the milk so I can relocate it to the coffee table, fulfilling

e . . the task...... <DecisionMaking>pickup Milk</DecisionMaking>
#3:Pickup Milk #4: <DecisionMaking>

Observe
</DecisionMaking> #3: Closing the fridge is a logical and responsible next step before moving toward the
#5: <DecisionMaking> coffee table to complete the task of placing the milk there......Once done, I will navigate
navigate to CoffeeTable toward the coffee table, where the milk needs to be placed...... <DecisionMaking>close
4:Close </DecisionMaking> Fridge</DecisionMaking>
Fridga
. v—‘-—kight o = #4:"Sorry, | want to reconsider this. While I successfully retrieved the milk from the fridge and

1 ensured the area was orderly by closing the fridge, my initial observations lacked thoroughness
regarding the room layout and potential placement surfaces. To accurately identify the coffee

. e " - .. table, | must reassess my surroundings. Observing again allows me to better understand spatial
#5: Observ ﬁ relationships and confirm the precise location of both the coffee table and any obstacles. This

ensures efficient navigation and accurate placement of the milk, aligning with the task's
objective.\nSo, | think I've come to a decision.<DecisionMaking>observe</DecisionMaking> *

#6: <DecisionMaking>put

in CoffeeTable</Decision #7:"Okay, let me think carefully.From my current perspective, | observe the milk successfully
Making> placed on the white, round coffee table alongside a folded blue umbrella, confirming the task
completion. The coffee table is centrally located among colorful chairs, matching prior
‘ descriptions. No further actions are required, as the objective to leave the milk on the coffee
table has been fulfilled. The surroundings are orderly, and all elements align with the task's
#1: requirements. | conclude that the mission has been accomplished effectively.Okay, I've decided.
<DecisionMaking>end</ <DecisionMaking>end</DecisionMaking> "

DecisionMaking>

Figure A8: Trajectory case for Embodied Reasoner in real world.
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TASKNAME: Could you please first place the Laptop on the Sofa, and then place the CellPhone on the Drawer?

Hmm..., let me observe my surroundings first. I see a Sofa positioned near a CoffeeTable at the center of the room....My plan is
to search for the Laptop on the SideTable first, as it is likely to hold such an object and aligns with the current subtask
requirements. Once located, I will proceed to place the Laptop on the Sofa to complete the first subtask. If the Laptop is found
here, further actions will be planned accordingly based on subsequent observations. So, I think I've come to a
decision.<DecisionMaking>navigate to SideTable</DecisionMaking>

Hold on, I need to rethink this.From the images, the room contains several surfaces: a CoffeeTable with objects on top, a Sofa with
items placed on it, and other furniture. The Laptop is still unfound despite prior efforts. ,...,Aligning with my goal to locate the
Laptop and place it on the Sofa, focusing on the CoffeeTable as a potential location is both practical and consistent with the task
requirements. Thus, I will navigate to the CoffeeTable to continue my search.Hmm..., I think I know what to
do.<DecisionMaking>navigate to CoffeeTable</DecisionMaking>

‘Wait up, lemme get my thoughts together. In the updated view, I notice a Laptop placed prominently on a wooden table near the
Sofa... The Sofa, where the Laptop needs to be placed, is conveniently adjacent to this location... My next step is to pick up the
Laptop from the table. After securing the object, I will proceed to place it on the Sofa to fulfill the current subtask. This sequential
approach ensures efficient progress toward achieving the objective. Okay, I've decided.<DecisionMaking>pickup
Laptop</DecisionMaking>

Hang on, let me figure out what to do next. From my current view, I confirm that I am holding the Laptop securely...As the Sofa
is the designated target for this subtask, moving closer to it will allow me to complete the action efficiently without any
complications. But wait, let me create a plan first. I will navigate to the Sofa, ensuring that I position myself optimally to place
the Laptop onto it. Completing this action will advance me toward fulfilling the current subtask. Hmm..., I've settled on a
choice.<DecisionMaking: igate to Sofa</DecisionMaki

Okay, I think I'll start by making a search plan. In the image, I see the Sofa clearly in front of me, and I am holding the Laptop.
The Sofa is unobstructed, providing an ideal surface to place the Laptop. To complete the current subtask, I will carefully position
the Laptop on the Sofa, ensuring stability and alignment with the task requirements. This action progresses the task efficiently and
prepares me for the subsequent objective. Okay, I've decided. isi ing>put in Sofa< isi i

In the image, I observe a well-lit room with various furniture pieces. The Sofa, where I just placed the Laptop, is prominent in the
foreground....For my current subtask placing the CellPhone on the Drawer I need to locate the CellPhone first. Considering the
logical placement of small objects, the SideTable appears to be a suitable candidate to explore next. Therefore, I will navigate to the
SideTable to search for the CellPhone. Hmm..., I've settled on a choice.<DecisionMaking>navigate to
SideTable</DecisionMaking>

Sorry, let me think about this a bit longer.In the image, I observe a SideTable with a plant and other items but no sign of the
CellPhone. Reflecting on my existing plan, searching for the CellPhone logically continues with exploring plausible surfaces.
The DiningTable, a common location for small objects like phones, stands out as a suitable next step. ...Okay, I think I've made up
my mind.<DecisionMaking>navigate to DiningTable</DecisionMaking>

Hmm..., I think I'll make a plan first. In the image, I observe a DiningTable with several objects on it, including a CellPhone
positioned near the edge. This matches the second target object required for the current subtask. As the CellPhone is clearly
visible and accessible, my immediate plan is to pick it up. Securing the object is essential for progressing toward the goal of
placing it on the Drawer. Once picked up, I will determine the optimal path to reach the Drawer and finalize this subtask. Hmm..., I
think I know what to do.<DecisionMaking>pickup CellPhone</DecisionMaking>

But wait, let me create a plan first. In the image, I observe a DiningTable with chairs surrounding it and several objects on its
surface, including a CellPhone, which I have already picked up,..., I will navigate to the Dresser, as it is a typical location for
drawers and aligns with the task requirements. Hmm..., I've settled on a choice.<DecisionMaking>navigate to
Drawer</DecisionMaking>

Hmm..., I think I'll make a plan first. In the image, I observe a Dresser with multiple Drawers beneath its surface. The CellPhone I
am holding needs to be placed inside the Drawer. To achieve this, I must first open the Drawer to create access for placement. My
next step is to interact with the Drawer to open it, enabling me to proceed with placing the CellPhone inside and completing the

Malki Makine:

subtask efficiently. Hmm..., I think I know what to do.<Decisi pen Drawer</Di

Hmm..., let me think about what to do next. In the image, I observe the open Drawer of the Dresser in front of me. ,...,wait, let me
create a plan first. My next step is to carefully place the CellPhone inside the open Drawer. This action will conclude the current
subtask and ensure proper alignment with the task's objectives. Following this, I will verify that the action has been executed

1ly before p ding to any sut tasks. Okay, I think I've made up my mind.<DecisionMaking>put in
Drawer</DecisionMaking>

Hmm..., let me think about what to do next.I observe the open Drawer with the CellPhone placed inside, completing the specified
subtask. Earlier, I successfully placed the Laptop on the Sofa as required. Both tlined in the overall objecti
have been fulfilled. With no additional tasks evident, I conclude that the entire assi: has been lished
effectively.Okay, I think I've made up my mind.<DecisionMaking>end</DecisionMaking>

Figure A9: Trajectory case for Embodied Reasoner.
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TASKNAME: Could you please first place the Laptop on the Sofa, and then place the CellPhone on the Drawer?

2.<DecisionMaking>navigate to Laptop</DecisionMaking>

<|feedback[>Action: navigate to Laptop is illegal, Laptop is the most relevant item in this room and navigate
to Laptop. Object: Laptop is not currently navigable, you can try "navigate to <object>" to reach nearby,
larger objects for closer observation.

3.<DecisionMaking>navigate to DiningTable</DecisionMaking>
4.<DecisionMaking>pickup Laptop</DecisionMaking>

<|feedback|>Action: pickup Laptop is illegal, Object: Laptop is currently unavailable for interaction. Possible
situations include: Laptop does not exist in your current view; you are too far away from Laptop; the Laptop
cannot perform operation pickup.

You can try "move forward" to approach the target object or "navigate to <object>" to reach nearby, larger
objects for closer inspection.

5.<DecisionMaking>move forward</DecisionMaking>
6.<DecisionMaking>navigate to Sofa</DecisionMaking>
7.<DecisionMaking>navigate to CoffeeTable</DecisionMaking>
8.<DecisionMaking>pickup Laptop</DecisionMaking>
9.<DecisionMaking>put in Sofa</DecisionMaking>

|feedback|>Action: put in Sofa is illegal, Object: Sofa is currently unavailable for interaction. Possible
situations include: Sofa does not exist in your current view; you are too far away from Sofa; the Sofa cannot
perform operation Put in.

You can try "move forward" to approach the target object or "navigate to <object>" to reach nearby, larger
objects for closer inspection.

10.<DecisionMaking>navigate to Sofa</DecisionMaking>
11.<DecisionMaking>move forward</DecisionMaking>
12.<DecisionMaking>observe</DecisionMaking>
13.<DecisionMaking>move forward</DecisionMaking>
14.<DecisionMaking>move forward</DecisionMaking>

15.<DecisionMaking>move forward</DecisionMaking>
16.<DecisionMaking>move forward</DecisionMaking>
17.<DecisionMaking>navigate to Sofa</DecisionMaking>
18.<DecisionMaking>move forward</DecisionMaking>

[FI3/14715/16
18/19/20/21,
627128298
£ 19.<DecisionMaking>move forward</DecisionMaking>
20.<DecisionMaking>move forward</DecisionMaking>
21.<DecisionMaking>move forward</DecisionMaking>
22.<DecisionMaking>navigate to Chair</DecisionMaking>
23.<DecisionMaking>put in DiningTable</DecisionMaking>
24.<DecisionMaking>pickup Laptop</DecisionMaking>
25.<DecisionMaking>navigate to Sofa</DecisionMaking>
26.<DecisionMaking>move forward</DecisionMaking>
27.<DecisionMaking>move forward</DecisionMaking>
28.<DecisionMaking>move forward</DecisionMaking>
29.<DecisionMaking>move forward</DecisionMaking>
30.<DecisionMaking>navigate to CoffeeTable</DecisionMaking>
31.<DecisionMaking>move forward</DecisionMaking>

32.<DecisionMaking>observe</DecisionMaking>
33.<DecisionMaking>navigate to Chair</DecisionMaking>
34.<DecisionMaking>navigate to Sofa</DecisionMaking>
35. <DecisionMaking>move forward</DecisionMaking>
36.<DecisionMaking>move forward</DecisionMaking>

Figure A10: Trajectory case for GPT-ol.
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TASKNAME: Could you put the Pillow in the ArmChair?
/ Summarized Trajectories: [] Okay, just give me a moment to think about it. To complete the task, I need to
7 Image buffer: [] follow these steps: Locate the "Pillow" in the environment. Navigate to the
"Pillow". Pick up the "Pillow". Navigate to the "ArmChair". Put the "Pillow"
in the "ArmChair". Since I don’t immediately see a "Pillow" in my frontal
perspective, I'll start by observing my surroundings to locate
it...<DecisionMaking>observe</DecisionMaking>

Summarized Trajectories: You Hang on, let me figure out what to do next. In the current image (image2), I
entered the room and see imagel. still don't see the pillow, so I need to gather more information. Based on the
Image buffer: [#1] views I now have, I suspect there might be more information available if T
move forward... <DecisionMaking>move forward</DecisionMaking>

| Summarized Trajectories: ... imagel | Hold on, I want to think this over. From the current observations and the

| ... After successfully executing your history, I still haven‘t identified the pillow’s location. Thus, the next logical
previous action observe, you received | step is to explore further by observing alternate sides to locate the pillow.
image2... you see an armchair on the My thinking: I should use the “observe” action to check my surroundings
left, but you cannot locate the pillow... | for the pillow... <DecisionMaking>observe</DecisionMaking>

Image buffer: [#1, #2]

Summarized Trajectories: ... imagel| Okay, let me think carefully. Based on the new image4, there is still no

...observe, you received image?2... . clear view of a pillow in the visible surroundings. To locate the pillow
After successfully executing your effectively, I need to gather more information. Reviewing previous images
previous action "move forward", you could help confirm potential locations or areas I might have overlooked. ..
received image3... its location is still <DecisionMaking>view image3</DecisionMaking>

unknown ...

Image buffer: [#1, #2, #3]

Summarized Trajectories: ... imagel | Hold on, I need to rethink this. Based on the given history and available

...observe, you received image2... images, I have not yet identified the location of the pillow. In the current
move forward, you received image3... | image and recent images, the pillow is not visible either on the armchair or
| After successfully executing your elsewhere in the room. To continue my search and inspect the

previous action “observe,” you received| surroundings more effectively, I will navigate to a nearby object for a

| image4.. there is still no clear view of a| closer look to locate the pillow. Thinking systematically, navigating closer
pillow in the visible surroundings. .. to objects in the scene such as the sofa might reveal the pillow's

your next action is to "view image3" presence... <DecisionMaking>navigate to sofa</DecisionMaking>
Image buffer: [#1, #2 , #3 , #4]

Summarized Trajectories: ... imagel | Okay, let me think carefully. The pillow is now clearly visible on the sofa in
...observe, you received image?2... the current image (image5). The next step is to pick it up so it can be placed
move forward, you received image3... | in the armchair... <DecisionMaking>pickup Pillow</DecisionMaking>
...observe, you received image4...
Image buffer: [#1, #2 , #3, #4]

Summarized Trajectories: ... imagel | Okay, just give me a moment to think about it. I have already picked up the

...observe, you received image?2... pillow, and the armchair was previously seen on the left side in image2. T
... you see an armchair on the left... will now navigate to the armchair to correctly place the
move forward, you received image3... | pillow...<DecisionMaking>navigate to ArmChair</DecisionMaking>

. ...observe, you received image4...
...view image3... . After successfully
executing navigate to Sofa, you
received image5, which shows the
pillow clearly visible on the sofa.
Image buffer: [#1, #2 , #3, #4, #5]

Summarized Trajectories: ... imagel | Wait, let me think...The armchair is within reach, and the pillow is in my
- .1magc2....1magc3.4. 1‘@8‘}“--“““’ possession based on the task and image. I should now put the pillow into the
image3...image5.. After picking up the | armchair to complete the task...<DecisionMaking>put in

Pillow, you received imagc6... ArmChair</DecisionMaking>

Image buffer: [#1, #2 , #3, #4, #5, #6]

Summarized Trajectories: ... imagel | Baged on the current image and context, I see that the task has already
- image2...image3... image4...VieW | peen completed successfully. The pillow is already placed in the armchair,
image3...image5...image6 ... After as shown in the image. There is no further action required...

successfully executing navigate to <DecisionMaking>end</DecisionMaking>

ArmChair, you received image7. You
are now in front of the armchair with
the pillow in your possession...
Image buffer: [#1, #2 , #3, #4, #5, #6,
#7]

Figure A11: Trajectory case for Embodied-Reasoner with memory mechanism. The model receives
compressed textual summaries instead of full interleaved image-text context, significantly reducing
context length. At the 4th interaction, the model actively retrieves a previous observation image
from the image buffer by issuing the action view image3, demonstrating its ability to selectively
access historical visual information when needed.
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System prompt:

You are a robot in given room. You need to complete the tasks according
to human instructions. We provide an Available_Actions set and the
corresponding explanations for each action. Each step, you should select
one action from Available_Actions.

Initialization prompt:

<image>This is an image from your frontal perspective. Please select an
action from the Available_Actions and fill in the arguments.

Task: {taskname}

Available_Actions: {{

"navigate to <object>": Move to the object.

"pickup <object>": Pick up the object.

"put in <object>": Put the item in your hand into or on the object.
"toggle <object>": Switch the object on or off.

"open <object>": Open the object (container), and you will see inside the
object.

"close <object>": Close the object.

"observe": You can obtain image of your directly rear, left, and right

perspectives.

"move forward": Move forward to see more clearly.

"end": If you think you have completed the task, please output "end".}}

Before making each decision, you can think, plan, and even reflect step

by step, and then output your final action.

Your final action must strictly follow format: <DecisionMaking>Your

Action</DecisionMaking>, for example, <DecisionMaking>observe</

DecisionMaking>.

Interaction prompt:

After executing your previous {action} , you get this new image above.
To complete your task, you can think step by step at first and then
output your new action from the Available_Actions.

Your action must strictly follow format: <DecisionMaking>Your Action</
DecisionMaking>, for example, <DecisionMaking>observe</DecisionMaking>.

Interaction feedback prompt 1:

<|feedback|>Action: {action} is illegal, {object} is the most relevant
item in this room and {action}. Object: {object} is not currently
navigable, you can try "navigate to <object>" to reach nearby, larger
objects for closer observation.

Interaction feedback prompt 2:

<|feedback|>Action: {object} is illegal, Object: {object} is currently

unavailable for interaction. Possible situations include: {object} does

not exist in your current view; you are too far away from {object}; the {
object} cannot perform operation {action}.\nYou can try "move forward" to
approach the target object or "navigate to <object>" to reach nearby,
larger objects for closer inspection.

Interaction feedback prompt 3:

<|feedback|>Action: {action} is illegal, the name of the navigated object
doesn’t quite match the obejct in the image, please try navigating to
another object first.

Interaction feedback prompt 4:
<|feedback|>Action: {action} is illegal, the name of the object doesn’t

quite match the obejct in the image, Please try interacting with another
object or navigating to another object.

Figure A12: Detailed prompts for evaluation framework
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