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Abstract. Multimodal large language models (MLLMs) are increas-
ingly considered as a foundation for embodied agents, yet it remains
unclear whether they can reliably reason about the long-term phys-
ical consequences of actions from an egocentric viewpoint. We study
this gap through a new task, Egocentric Scene Prediction with LOng-
horizon REasoning: given an initial-scene image and a sequence of atomic
action descriptions, a model is asked to predict the final scene after
all actions are executed. To enable systematic evaluation, we introduce
EXPLORE-Bench, a benchmark curated from real first-person videos
spanning diverse scenarios. Each instance pairs long action sequences
with structured final-scene annotations, including object categories, vi-
sual attributes, and inter-object relations, which supports fine-grained,
quantitative assessment. Experiments on a range of proprietary and
open-source MLLMs reveal a significant performance gap to humans,
indicating that long-horizon egocentric reasoning remains a major chal-
lenge. We further analyze test-time scaling via stepwise reasoning and
show that decomposing long action sequences can improve performance
to some extent, while incurring non-trivial computational overhead. Over-
all, EXPLORE-Bench provides a principled testbed for measuring and
advancing long-horizon reasoning for egocentric embodied perception.
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1 Introduction

Humans perceive and act in the physical world primarily from an egocentric
(first-person) view. This perspective naturally couples vision with action: what
we see affects what we will do, and what we do in turn changes what we will
see. Motivated by this tight perception—action loop, egocentric benchmarks |7
22,26,33,/40] have recently drawn increasing attention as a promising means to
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You are given an image
showing a initial scene.
Then, a sequence of atomic
actions occurs:

Your task: Mentally apply
this sequence of atomic
actions to the initial
scene in the image. Imagine
and describe what the final
scene would look like after

.|C cracks the egg on
the countertop with her
right hand. |..|C places
the skillet on the
stovetop with her right
hand. |C turns the stove
knob with her right
hand. |..

Atomic Actions

all actions have occurred.
Prompt

Initial-scene Image Final-scene Image

next-to

O < a
[ gissoie ‘2ia1] T.ed holdin
[ ] & S Eé Tpot's ¢ R](ije—coyvté'f”“fed Laiaﬁstdél%,.‘

& b t t [ A
5 < \[\ 1
Rela““"l & O = e }Eo “verticalclassic - O n 8
i b OW]: 1 & o Y in c
Relation : Visible
<P “ropen behind

Word Cloud of
Objects

Word Cloud of
Attributes

Word Cloud of

Annotation Dimensions Relations

Fig. 1: Overview of EXPLORE-Bench. EXPLORE-Bench evaluates MLLMs on
a new task: egocentric scene prediction with long-horizon reasoning. We annotate the
final scene at the object, attribute, and relation levels to enable fine-grained scene-level
evaluation. Note that the prompt is abbreviated for brevity in this figure.

evaluate the embodied potential of multimodal large language models (MLLMs)
. Existing egocentric benchmarks cover a broad set of capabilities. However,
a fundamental ability remains under-explored: egocentric scene prediction that
requires long-horizon reasoning—anticipating the final state of an entire scene
after executing a long sequence of actions.

In this work, we formalize a new task: given an initial-scene image and a long
sequence of atomic action descriptions, an MLLM is asked to predict the final
scene after all actions are executed, as illustrated in Fig. [I We refer to this as
egocentric scene prediction with long-horizon reasoning. This capability is essen-
tial for MLLM-driven embodied agents to understand how their actions causally
affect the physical world, which may support better decision making and plan-
ning. Importantly, it also helps avoid unintended negative consequences when
pursuing a goal—for instance, removing a book from the bottom of a stack may
destabilize the pile and cause other objects to fall. Such outcomes often depend
on reasoning over atomic-action steps and maintaining a coherent representation
of what changes and what remains invariant throughout the interaction.

While several egocentric benchmarks include evaluations related to
state prediction, they typically focus on instant (or short-term) and localized
state changes (e.g., the state of a single object after a visual cue) and do not
provide a systematic protocol to evaluate scene-level predictions under long ac-
tion horizons (see Tab. . Moreover, without structured annotations of objects,
attributes, and relations in the final scene, it is difficult to quantify what an
MLLM gets right or wrong beyond coarse textual similarity. To bridge this gap,
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Table 1: Comparison of widely adopted egocentric/embodied benchmarks
with EXPLORE-Bench. Here, completeness refers to whether the atomic actions
can describe a complete long-horizon task (e.g., making an omelet).

Benchmarks Atomic Actions Scene Types Evaluation Dimensions
length influence completeness|normal abnormaljobject attribute relation scene

EgoTaskQA |22] short  regional X v X 4 4 v X
EgoMCQ |26] short  regional X v X v v v X
EgoSchema [33] short  regional X v X 4 X v X
EgoPlan-Bench |7] short  regional X v X v X v X
ERQA [40] short  regional X v X v X v X
EXPLORE-Bench ‘ long global v v v ‘ v v v v

we design a scalable annotation pipeline and build a new benchmark that en-
ables fine-grained and quantitative evaluation of long-horizon egocentric scene
prediction.

Specifically, we introduce EXPLORE-Bench (Sec.[3)), a well-curated bench-
mark for evaluating MLLMs on egocentric scene prediction with long-horizon
reasoning. Our benchmark contains 1,157 instances. Each instance consists of
(i) an initial-scene image, (ii) a sequence of atomic actions with an average
length of 113, and (iii) structured annotations for the final-scene image, includ-
ing object categories, visual attributes, and inter-object relations. The dataset
is derived from real first-person videos spanning diverse scenarios, and its struc-
tured annotations support systematic evaluation of models’ ability to track and
reason about long-term consequences of actions. We benchmark multiple propri-
etary and open-source MLLMs on EXPLORE-Bench and find a substantial gap
to human performance, indicating that long-horizon egocentric scene prediction
remains challenging for current models (Sec. . We further explore multi-step
(decomposed) inference strategies and analyze when stepwise reasoning helps
or hurts, providing insights for test-time scaling [61] in this setting (Sec. .
Moreover, we specifically examine the models’ performance in abnormal cases
(Sec. [6]). Our main contributions are summarized as follows:

— We propose a new task, egocentric scene prediction with long-horizon rea-
soning, to evaluate whether MLLM-driven agents can anticipate how their
actions affect the physical world over long action horizons.

— We design a scalable data annotation pipeline and construct EXPLORE-
Bench to support systematic, fine-grained evaluation of this task.

— We evaluate a range of proprietary and open-source MLLMs and show that,
compared to humans, current models perform poorly on long-horizon ego-
centric scene prediction, especially in abnormal cases.

— We explore and analyze the effect of stepwise reasoning on model perfor-
mance, offering practical insights for test-time scaling on egocentric scene
prediction with long-horizon reasoning.
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2 Related Work

Long-horizon Video Benchmarks. Recently, a growing number of bench-
marks [12,|21}33]/39,45,|58},|65] for long-horizon video understanding and rea-
soning have emerged, providing standardized platforms for evaluating models’
capabilities in temporal modeling, cross-frame relation extraction, and high-level
semantic reasoning. These benchmarks emphasize sustained comprehension over
long durations, requiring models to maintain long-term memory, track evolving
events and object states, and integrate information across distant segments to
answer queries about global narratives or long-range dependencies. Nevertheless,
current long-horizon video benchmarks primarily test coarse event-level under-
standing, leaving the evaluation of multi-step, fine-grained state changes induced
by sequences of atomic actions largely under-explored. Our EXPLORE-Bench
instead assesses long-horizon egocentric scene prediction by requiring models to
infer the final scene state after executing a sequence of atomic actions, with an
emphasis on global scene changes involving multiple objects.

Egocentric Benchmarks. Contrary to works that focus on the exocentric
view [31,/52,/59|, egocentric benchmarks probe models from the first-person per-
spective. Existing benchmarks evaluate a broad spectrum of abilities, including
recognition [3653], memory [50467], understanding [511422,27], planning [51,63],
generation [16}(54,/60], and reasoning [46,47|. Several benchmarks [8}9}25, /56, 66|
also emphasize broader embodied evaluation across tasks and settings. These
efforts collectively demonstrate the promise of egocentric data for assessing em-
bodied intelligence. Despite this progress, existing egocentric benchmarks do not
include the task of egocentric scene prediction with long-horizon reasoning. Our
task formulation differs from other egocentric reasoning benchmarks in that it
requires reasoning over action sequences rather than videos, which better simu-
lates an agent’s reasoning after planning actions but before execution. In terms
of data, we provide structured scene annotations with objects, attributes, and
relations, enabling systematic evaluation of scene-level predictions.

3 EXPLORE-Bench

3.1 Overview

We introduce EXPLORE-Bench, a well-curated benchmark designed to quan-
titatively evaluate MLLMSs’ capability of egocentric scene prediction with long-
horizon reasoning. EXPLORE-Bench comprises 1,157 instances derived from
1,157 real videos. These videos are sourced from two publicly available datasets:
Ego4D [14] and Ego-Exo04D [15], as well as our self-recorded videos captured in
diverse scenarios. The videos have an average duration of 358.28 seconds, with
the longest lasting 1,524.80 seconds. Each instance in EXPLORE-Bench contains
an image representing the initial scene, a sequence of atomic action descriptions,
and annotations for the final-scene image. Across all instances, the number of
atomic actions ranges from 11 to 694, with an average of 113 per instance. The
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Fig. 2: Data analysis of EXPLORE-Bench reflects the rich diversity of scenarios,
objects, attributes, relations, and atomic actions.

final-scene annotations include the object categories present in the scene, the vi-
sual attributes of these objects, and the relations among them. These annotations
provide a solid foundation for systematically evaluating MLLMs’ predictions of
the final scene. We annotate 23,771 objects spanning 1,612 categories, with an
average of more than 20 objects per instance. See Fig. 2] for more data analysis.

3.2 Dataset Construction

Data Collection. Ego4D and Ego-Exo4D cover a wide range of human
activities. We first filter videos from these two datasets based on the recorded
activities to select those suitable for long-horizon reasoning—for example, cook-
ing and bicycle repair are considered valid, whereas dancing or chatting with
someone are treated as invalid. For each selected video, we then extract the
start and end frames of the main activity as the initial- and final-scene images
of a instance, respectively. The timestamped atomic-action annotations in these
datasets facilitate this process: using the timestamps of the extracted start and
end frames, we retrieve the atomic action descriptions occurring in between. For
our self-recorded videos, we follow the same format and annotate atomic actions
(as shown in Fig. E[) at a granularity comparable to that of these two datasets.
Scene Annotation. We develop a pipeline to produce high-quality scene an-
notations at scale, as illustrated in Fig.

Object Tagging. We first extract object tags from the final-scene images and
the atomic action descriptions using the Recognize Anything Plus Model and
the spaCy library, respectively, and merge them to maximize object coverage.
Next, we remove invalid tags (e.g., synonyms and human body parts) using a
filtering scheme that combines an LLM-based filter with rule-based methods.

Object Grounding. The final-scene image and the filtered tags are then fed
into Grounding DINO to obtain bounding boxes for the objects. Each de-
tected object instance is represented by a category label with an index (e.g.,
bowl.2) to facilitate subsequent information matching and integration.
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Fig. 3: Illustration of our scene annotation pipeline. Rather than having the
MLLM generate annotations directly from the images, we adopt a multi-step pipeline
to ensure object coverage and the accuracy of attributes and relations, greatly reducing
the load of manual annotation required.

Attribute Generation. We then prompt Qwen3-VL-235B-A22B-Instruct |2]
to generate descriptions of salient visual attributes for each object based on the
final-scene image and the boxed objects, including shape, color, size, texture,
and state, etc.

Relation Generation. Similarly, we prompt Qwen3-VL-235B-A22B-Instruct
to produce inter-object relation triplets (object.0,relation, object.1), cover-
ing both spatial (e.g., under) and interaction (e.g., holding) relations.

Information Integration. We subsequently integrate objects in the final-scene
image with their corresponding attributes and relations to form complete scene
annotations. Within a single image annotation, different instances of the same
category possess distinct attributes or relations.

Annotation Correction. Finally, we feed the image and the resulting annota-
tions into GPT-5.2 [34] for annotation correction and augmentation.
Human-in-the-loop Quality Control. Human quality control is integrated
throughout our dataset construction pipeline. During data collection, videos are
first pre-filtered based on the scenario labels provided by the source datasets
and then further screened by human reviewers. When extracting initial- and
final-scene images from each video, we ensure that the frames are free of motion
blur, that only the main human activity occurs between them, and that there
is no drastic change in camera viewpoint across the two scenes. We also filter
out ambiguous instances in which the action descriptions are insufficient to infer
the final scene (e.g., underspecified positions or severe occlusions). During scene
annotation, our prompts and filtering rules are refined through multiple itera-
tions with human verification. More importantly, the final scene annotations are
corrected by human annotators. The annotation guidelines are updated multiple
times based on annotator feedback.

3.3 Evaluation Protocol

Our task formulation requires models to predict and describe the final scene,
resulting in outputs in the same format as image captioning. Inspired by Com-
preCap [29], we comprehensively evaluate MLLMs’ predicted scene descriptions
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from three aspects: object-level coverage, the accuracy of attribute descriptions,
and the score of relations. The procedure is as follows:

Description Decomposition. The generated description is first split into sub-
descriptions by sentence separators (e.g., periods). Nouns are then extracted and
lemmatized using spaCy [10] to form a set of candidate objects. This process
establishes a standardized hierarchical structure, enabling accurate alignment
with annotations and enhancing the stability of subsequent evaluations.
Object-level Evaluation. We employ Sentence-BERT [37] to extract word em-
beddings and compute a similarity matrix between the candidate objects and
the annotated objects. Matched objects are identified by selecting the mutual
maximum values in both rows and columns of the matrix. The object-level cov-
erage Sop; is calculated from the refined matrix, quantifying the soft coverage of
the annotated objects in the generated description.

Attribute-level Evaluation. In this step, we concatenate all sub-descriptions
referring to the same annotated object. Then, a standardized prompt guides an
LLM [48] to score attribute descriptions on a 0-5 scale based on the correspond-
ing annotated phrases. The average score across all matched objects yields the
attribute-level score Sg.

Relation-level Evaluation. The same scoring pipeline as in the attribute-level
evaluation is applied to rate the alignment between generated and annotated re-
lations. The resulting relation-level score S...; quantitatively measures the quality
of relation descriptions.

Metric Unification. Sy;, Sqt and Sy are linearly scaled to a 0-100 range.
Then, a weighted average of the scaled scores is computed to obtain the unified
score Syni, providing a comprehensive quantification of the scene description:

Suni - wISobj + U}2(20 : Satt) + w3(20 : Srel)- (1)

We assign weights following CompreCap [29] (w1 = 0.25, we = 0.35, w3 = 0.40).

4 Evaluation on EXPLORE-Bench

4.1 Evaluation Setup

Benchmark Models. We comprehensively evaluate multimodal foundation
models across diverse model families, including both proprietary MLLMs and
open-source MLLMs. For proprietary MLLMs, we evaluate GPT-5.2 [34] and
Gemini-3 [13]. For open-source MLLMs, we consider models from Qwen2-VL
[41], Qwen2.5-VL |3], Qwen3-VL [2], InternVL3.5 [43], LLaVA-OneVision-1.5 [1],
Keye-VL-1.5 [49], Ovis2.5 [30], MiMo-VL [57], MiniCPM-V-4.5 |55], GLM-4.6V
[17], and Step3-VL [19], encompassing both non-thinking and thinking models.
In addition, we evulate Embodied-Reasoner [62] and EgoThinker [35], which are
tailored for embodied or egocentric reasoning. For models that support non-
thinking and thinking modes, we report their performance in both modes. All
models use the same prompt for final-scene prediction. We use greedy decoding
to ensure reproducibility.
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Dataset Partitioning. We partition all instances in EXPLORE-Bench into
three subsets according to the length of the contained atomic-action sequence:
Short, Medium, and Long. Specifically, the Short subset contains sequences of
length 11-99, the Medium subset contains sequences of length 100-199, and the
Long subset contains sequences ranging from 200 to 694. Note that the notion of
“short” or “long” here is only relative. These three subsets contain 599, 430, and
128 instances, respectively (the distribution visualization is shown in Fig. [2)).
We report the performance of the models on each subset as well as on the full
dataset (Full).

Human Performance Evaluation. We sample a subset of 100 instances from
the Short, Medium, and Long subsets in a 52:37:11 ratio, which we refer to as
EXPLORE-Bench (tiny). Human participants independently describe the final
scene of each instance and their performance is evaluated using the same metrics
as those used for the models. For comparison, we also report the performance of
several top-tier MLLMs on EXPLORE-Bench (tiny).

Evaluation Metrics. We evaluate predicted scene descriptions using the pro-
tocol in Sec. [3.3] and report Sopj, Satt; Sper, and Sy on the Short, Medium,
Long, and Full sets, respectively. Using an LLM as an evaluator is increasingly
common [29,(32,42//64], and we further verify the consistency between our evalua-
tion protocol and human judgments. We sample 100 instances from EXPLORE-
Bench and collect final-scene descriptions generated by multiple models. Human
evaluators then score each description in a source-blind manner. The Spearman
correlation p between scores produced by Qwen3-8B [48| (used as the LLM-based
scorer) and human scores is 0.919. In comparison, pairwise correlations among
human evaluators range from 0.912 to 0.936, indicating that the LLM scorer is
largely consistent with human judgments.

4.2 Main Results

Based on the results reported in Tab. 2] we make the following key observations:
Human Performance. Human participants achieve an S,,; score of 59.08 on
the EXPLORE-Bench (tiny) Full set, outperforming the best model by 7.39.
Humans show a clear strength on the Short and Medium subsets. However, on the
Long subset, the performance gap between humans and the best model narrows,
suggesting that MLLMs may have a relative advantage on tasks requiring to pro-
cess long action sequences, particularly in predicting inter-object relations. Al-
though human participants outperform the top-tier MLLMs, the absolute score
is not very high, highlighting the challenge posed by our benchmark.
Proprietary MLLMs. Despite a substantial gap to human performance, lead-
ing proprietary MLLMs, such as Gemini-3-Pro, deliver competitive results. In
particular, the S,,; score of Gemini-3-Pro on the Long subset is close to that of
humans. Gemini-3-Flash performs very similarly to Gemini-3-Pro overall, and
slightly better than GPT-5.2-Chat.

Open-source MLLMs. Notably, Qwen3-VL-8B achieves higher overall perfor-
mance than Gemini-3-Pro on our benchmark, although the latter is stronger on
the Long subset. Qwen3-VL-8B-Instruct and Qwen3-VL-8B-Thinking perform
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Table 2: Evaluation results on EXPLORE-Bench. Short, Medium and Long mean
the subsets with short, medium and long atomic-action sequences, respectively. Full
denotes the full dataset. [Dark green and light green indicate the best and the second
best result among all models. Orange denotes using Qwen2-VL-7B-Instruct as the

base model. T denotes results on EXPLORE-Bench (tiny) set. # and * represent the
non-thinking and thinking mode, respectively.

Short Medium Long Full
Methods
Sobj Satt Sret Suni | Sobj Satt Sret Suni| Sobj Satt Sret Suni| Sobj Satt Sret Suni
Performance on EXPLORE-Bench (tiny)
Human' 72.81 2.64 3.11 61.56|70.43 2.46 2.88 57.87|67.86 2.11 2.47 51.50|71.38 2.51 2.95 59.08
GPT-5.2-Chat’ 59.93 1.73 2.79 49.42|60.39 1.72 2.66 48.40(58.25 1.65 2.61 46.97|59.92 1.72 2.72 48.77
Gemini-3-Prof 59.76 1.76 2.74 49.15|60.92 1.78 2.76 49.80(60.40 1.69 2.63 47.97|60.26 1.76 2.74 49.26

Qwen3-VL-8B-Instruct’ |61.71 1.91 2.89 51.95(62.03 1.90 2.84 51.55|55.54 1.69 2.56 46.17|61.15 1.88 2.84 51.16
Qwen3-VL-8B-Thinking! | 65.65 1.96 2.96 53.83|61.40 1.83 2.75 50.19|57.99 1.67 2.55 46.5963.24 1.88 2.83 51.69

Proprietary Multimodal Foundation Models (API)

GPT-5.2-Chat 59.91 1.74 2.70 48.71|59.88 1.67 2.65 47.85|58.06 1.65 2.61 46.91(59.69 1.70 2.67 48.19
Gemini-3-Flash 60.31 1.84 2.78 50.27|59.33 1.76 2.71 48.84|58.27 1.72 2.69 48.18|59.72 1.80 2.75 49.51
Gemini-3-Pro 61.29 1.81 2.77 50.11|60.99 1.75 2.74 49.44|59.17 1.70 2.70 48.31|60.94 1.77 2.75 49.66

Open-source Non-thinking Multimodal Foundation Models

Qwen2.5-VL-3B-Instruct |48.17 1.36 2.27 39.70|44.19 1.22 2.17 36.92|39.92 1.09 2.08 34.28|45.78 1.28 2.21 38.07
Qwen2-VL-7B-Instruct  [47.64 1.34 2.23 39.14|46.04 1.27 2.16 37.73|43.79 1.22 2.15 36.73|46.62 1.30 2.20 38.35
Keye-VL-1.5-8B# 49.70 1.34 2.24 39.78|49.49 1.34 2.24 39.69(46.15 1.25 2.17 37.68|49.23 1.33 2.23 39.51
LLaVA-OneVision-1.5-4B | 51.15 1.42 2.33 41.37|49.17 1.33 2.28 39.85|46.35 1.28 2.26 38.64|49.88 1.37 2.31 40.50
Qwen3-VL-2B-Instruct | 52.18 1.48 2.55 43.77|49.03 1.37 2.45 41.38|43.27 1.18 2.28 37.34|50.02 1.40 2.48 42.17
Qwen2.5-VL-7B-Instruct |52.80 1.52 2.46 43.58|51.25 1.46 2.41 42.32|47.78 1.34 2.36 40.22|51.67 1.48 2.43 42.74
LLaVA-OneVision-1.5-8B|53.25 1.54 2.51 44.13|51.21 1.47 2.44 42.63|47.62 1.38 2.41 40.83|51.87 1.49 2.47 43.21

Ovis2.5-2B# 55.65 1.60 2.56 45.64|51.70 1.44 2.43 42.49|47.96 1.33 2.35 40.13|53.33 1.51 2.49 43.86
InternVL3.5-2B 57.51 1.64 2.62 46.80(55.35 1.53 2.50 44.60|52.40 1.42 2.41 42.32|56.14 1.58 2.55 45.48
InternVL3.5-8B 57.85 1.65 2.62 47.00|55.77 1.56 2.55 45.30|53.30 1.51 2.51 43.99(56.57 1.60 2.58 46.04

MiMo-VL-7B-RL-2508% |56.13 1.67 2.60 46.53|55.82 1.64 2.59 46.14|53.42 1.58 2.54 44.68|55.71 1.65 2.59 46.18
MiniCPM-V-4.5 (8B)#  |58.86 1.70 2.63 47.67|57.45 1.64 2.58 46.49|54.69 1.56 2.55 44.95|57.87 1.66 2.60 46.93
Ovis2.5-9B# 59.561 1.74 2.72 48.85|57.84 1.65 2.63 47.01|53.83 1.55 2.50 44.32(58.26 1.68 2.66 47.66
Qwen3-VL-8B-Instruct | 61.34 1.88 2.84 51.23|60.78 1.85 2.81 50.64|56.83 1.73 2.71 48.00|60.63 1.85 2.82 50.65

Open-source Thinking Multimodal Foundation Models

Ovis2.5-2B" 51.10 1.40 2.43 42.02]44.52 1.17 2.20 36.89|40.70 1.04 2.10 34.25|47.50 1.28 2.31 39.25
Qwen3-VL-2B-Thinking |59.23 1.47 2.63 46.13|57.02 1.19 2.53 42.79|48.82 1.02 2.30 37.81|57.26 1.32 2.56 43.97
Ovis2.5-9B* 55.92 1.61 2.59 45.95|53.79 1.51 2.50 44.03|49.71 1.39 2.41 41.48|54.44 1.55 2.54 44.74
Keye-VL-1.5-8B 56.58 1.58 2.55 45.64|56.54 1.54 2.53 45.14|53.13 1.62 2.43 44.09(56.18 1.57 2.53 45.28

MiMo-VL-7B-RL-2508" |57.32 1.64 2.56 46.26 |56.85 1.59 2.53 45.63|56.58 1.57 2.50 45.17|57.06 1.61 2.54 45.90
MiniCPM-V-4.5 (8B)* 58.87 1.74 2.67 48.25|57.79 1.69 2.63 47.33|54.16 1.54 2.52 44.46|57.95 1.70 2.64 47.49
GLM-4.6V-Flash (9B) 60.70 1.78 2.71 49.32|58.44 1.70 2.65 47.67|54.95 1.60 2.60 45.75|59.22 1.73 2.67 48.31
Step3-VL-10B 61.32 1.76 2.78 49.87|60.06 1.62 2.71 48.01|59.11 1.60 2.64 47.09|60.61 1.69 2.74 48.87
Qwen3-VL-8B-Thinking |63.77 1.91 2.85 52.08 62.61 1.81 2.78 50.56|58.02 1.64 2.63 47.07|62.70 1.84 2.80 50.96

Embodied/Egocentric Multimodal Models

Embodied-Reasoner (7B)|39.74 1.00 1.96 32.65(39.69 0.99 1.96 32.56|37.22 0.97 2.02 32.23|39.44 1.00 1.97 32.57
EgoThinker (7B) 4822 1.36 2.23 39.39|45.88 1.28 2.19 37.89|42.42 1.16 2.08 35.36|46.71 1.31 2.20 38.38

comparably overall: the former scores higher on the Medium and Long subsets,
while the latter performs better on the Short subset. However, most open-source
models still lag far behind human performance, indicating substantial limitations
in their egocentric scene prediction with long-horizon reasoning. Observations on
thinking models are provided in Sec.
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Embodied & Egocentric MLLMs. Although Embodied-Reasoner and Ego-
Thinker exhibit strong embodied or egocentric reasoning capabilities after train-
ing on specific datasets, they perform worse than most general-purpose MLLMs
on our newly proposed task. Notably, compared to their base model (Qwen2-
VL-7B-Instruct), they do not exhibit a clear performance improvement on our
benchmark (Embodied-Reasoner even performs worse). This suggests that ego-
centric scene prediction with long-horizon reasoning has been largely overlooked
by the community and remains in need of further exploration and development.
Description Length. We compute the average length (in words) of the scene
descriptions generated by each model (excluding chain-of-thought for thinking
models) and find no clear correlation between description length and perfor-
mance. The top three models—Qwen3-VL-8B-Thinking, Qwen3-VL-8B-Instruct,
and Gemini-3-Pro—produce descriptions with average lengths of 545.77, 312.46,
and 186.60 words, respectively, indicating that Gemini-3-Pro is both accurate
and concise. Qwen2.5-VL-3B-Instruct generates descriptions with an average
length of 305.58 words, which is close to Qwen3-VL-8B-Instruct, yet their scores
differ substantially. Embodied-Reasoner and EgoThinker produce long descrip-
tions (812.00 and 808.92 words on average) but deliver unsatisfactory perfor-
mance. In contrast, Step3-VL-10B also generates relatively long descriptions
(747.27 words on average) while achieving highly competitive results. Addition-
ally, Ovis2.5-9B in thinking mode produces the shortest descriptions, averaging
121.69 words.

5 How Well Stepwise Reasoning Performs?

5.1 Thinking Model

As shown in Tab. [2| Keye-VL-1.5-8B [49] in thinking mode improves S,,,; by
5.77 on the full EXPLORE-Bench compared to its non-thinking counterpart.
In addition, native thinking models such as GLM-4.6V-Flash [17], Step3-VL-
10B [19], and Qwen3-VL-8B-Thinking [2] deliver strong results, representing the
leading performance among open-source models on our benchmark. However,
for same-sized open-source MLLMs from the same model family, thinking-mode
variants do not always outperform non-thinking ones, as observed for Ovis2.5-
2B [30], Ovis2.5-9B, and MiMo-VL-7B-RL-2508 [57].

5.2 Non-thinking Model

As an open-source family of foundation models with strong multimodal general-
purpose capabilities, Qwen3-VL [2| has been widely adopted both in industry
[6,[23,|38] and academia [24},/42,/44]. Within this family, the Instruct model
(non-thinking) is often considered to offer greater development potential than
the Thinking variant. Since non-thinking models cannot spontaneously reason
with chain-of-thought as thinking models do, we elicit stepwise reasoning in
Qwen3-VL-8B-Instruct through prompt design and explicit inference strategies.
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Fig. 4: Unified score S,n: of Qwen3-VL-8B-Instruct across subsets under
different inference strategies. Short, Medium, and Long denote the subsets with
short, medium, and long atomic-action sequences. Full denotes the full dataset.
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Fig. 5: Average single-instance final-scene description length of Qwen3-VL-
8B-Instruct under different inference strategies.

Atomic Action Segments Partitioning. To enable stepwise reasoning, we
first segment the atomic action sequence in two ways. The first approach evenly
partitions the action sequence of each instance into a predefined number of seg-
ments (segment_num). This method is simple and straightforward, but does not
account for variation in sequence lengths across instances. The second approach
segments the sequence using a sliding window of size window_size. Specifically,
every window_size atomic actions form one segment (the last segment may con-
tain fewer actions), so longer sequences are divided into more segments. After
segmenting the atomic action sequence, we apply two inference strategies to
implement stepwise reasoning, which are introduced below. The experimental
results of the above partitioning methods and inference strategies are provided
in Fig. [4

Single-turn Inference. Inspired by the dynamic programming [4] principle of
decomposing the original problem into subproblems and performing state tran-
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Fig. 6: Average single-instance inference time of Qwen3-VL-8B-Instruct on
an NVIDIA H200 GPU under different inference strategies.

sitions, we prompt Qwen3-VL-8B-Instruct to predict the scene after executing
each action segment in a single-turn inference, while conditioning each predic-
tion on the scene description after the previous segment (if available) and the
initial-scene image.

We evaluate the resulting final-scene descriptions using the protocol in Sec.[3.3}
However, this strategy does not yield strong gains. Instead, compared to the de-
fault setting that directly prompts the model to predict the final scene, it leads to
a substantial performance drop, which becomes more severe when segment_num
is larger or window_size is smaller (see Fig. . We find through case study that
under this inference strategy, the model’s generated scene descriptions mainly
focus on the changes across scenes and tend to ignore the parts that remain
unchanged. As a result, compared with the default setting, the final scene de-
scriptions produced with this strategy are much shorter (see Fig. [5)).
Multi-turn Inference. To encourage the model to generate detailed and com-
plete scene descriptions after executing each action segment, we propose a new
inference strategy. This strategy follows the same underlying idea as the single-
turn strategy above, but implements it via multi-turn inference. The key dif-
ference from the above strategy is that, in each inference round, the model is
exposed to only one action segment and is asked to output the scene descrip-
tion after executing that segment, analogous to the final-scene prediction. As
the number of rounds increases, the generated description becomes significantly
longer (see Fig. |9)).

As shown in Fig.[d] in contrast to the single-turn strategy, the multi-turn in-
ference yields better performance when segment_num is larger or window_size
is smaller. This suggests that a finer decomposition into subtasks benefits scene
prediction with long-horizon reasoning, aligning with intuition. We also find that
alarge segment_num (e.g., 11) and a small window_size (e.g., 10) achieve similar
Suni scores on the full dataset (52.34 vs. 52.16); however, the former performs
better on the Short subset (53.26 vs. 52.31), whereas the latter is noticeably
stronger on the Long subset (48.33 vs. 51.41). Additionally, multi-turn inference
with window_size=10 improves S, ,; by 3.41 on the Long subset compared to the
default setting. These observations suggest that adaptively segmenting action se-
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Table 3: Evaluation results of abnormal cases. Dark green and light green
indicate the best and the second best result among all models.

Methods ‘Sobj Satt Srel Suni Skey Sabn

Human 95.19 3.64 3.88 80.32 4.65 91.64
Embodied-Reasoner 63.75 1.62 2.75 49.28 1.45 30.95
Qwen2-VL-7B-Instruct |68.84 2.13 2.98 55.98 2.20 45.20

EgoThinker 72.33 2.21 2.92 56.92 2.38 48.44
Qwen3-VL-8B-Instruct |83.83 2.82 3.51 68.75 2.54 52.63
Gemini-3-Pro 80.98 2.70 3.41 66.47 2.74 56.00
Qwen3-VL-8B-Thinking | 86.03 2.89 3.62 70.71 2.84 58.22
GPT-5.2-Chat 87.32 2.82 3.55 69.94 3.10 62.79

quences based on their length may offer advantages for long-horizon reasoning
tasks. However, although larger segment_num and smaller window_size can im-
prove performance over the default setting, model performance drops below the
default when segment_num is less than 7 or window_size exceeds 25. Moreover,
multi-turn inference incurs multiplicative computational overhead (see Fig. @
while providing relatively limited gains.

6 Can MLLMs Describe Abnormal States?

We record and annotate 20 videos in which executing a sequence of actions leads
to abnormal states in the final scene. The anomalies in these videos fall into two
main categories: environmental damage (e.g., objects falling) and safety hazards
(e.g., a faucet left running). In addition to annotating atomic actions and the
objects, attributes, and relations in the final scene, we also annotate the key
object states that reflect the scene anomalies (as shown in Fig. E[), enabling us
to investigate whether MLLMs can infer the anomalies and describe these key
states. We evaluate descriptions of key states in the same way as we evaluate
object attributes, yielding a key-state score Sk, (0-5) . We then compute the
score for abnormal-scene descriptions as

Sabn = (1 - )\)Sum’ + /\(20 : Sk'ey)- (2)

We report results of these cases with A = 0.9 in Tab. [

Compared with the full EXPLORE-Bench, these cases have much shorter
action sequences (17 on average) and involve fewer objects (9 on average) per
scene, leading to relatively higher S,; scores for the models. However, their
Sapn scores still lag far behind human performance. Benefiting from everyday
experience, humans can easily detect abnormal states and achieve an Sj., score
of 4.65. Relative to the base model (Qwen2-VL-7B-Instruct [41]), Embodied-
Reasoner [62] performs worse overall, while EgoThinker |35] shows only marginal
improvements. Qwen3-VL-8B-Thinking [2] and GPT-5.2-Chat |34 perform well
among all models, yet our case study (shown in Fig.[7) demonstrates that they
still fail to accurately describe abnormal states that humans can readily perceive.
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Initial-scene Image Atomic Actions

T C draws a tissue from the tissue package with his right hand| C wipes the tablecloth with the tissue| C
1 kneads the tissue with his right hand| C picks up the lunch box with his right hand| C places the lunch
.4 box on the tablecloth| C picks up the spoon with his right hand| C places the spoon on the lunch box| C
picks up the snack bag with his right hand| C puts the snack bag between the lunch box and the bottle
pyramid| C picks up the milk carton with his right hand| C puts the milk carton on the right side of
the bottle pyramid| C picks up the tissue package with his right hand| C puts the tissue package in
front of the bottle pyramid| C picks up the bottle in the lower right corner of the bottle pyramid with
his right hand| C puts the bottle next to the tissue package

Key State in the Final-scene Annotation
The bottle without label lies horizontally on the tablecloth.
Final Scene Predicted by Models

The table is covered with a light green and white checkered tablecloth, its edges
neatly draped over the wooden legs of the small round table. At the center, a two-bottle structure stands: a
tall clear plastic bottle with a bright red cap balances atop a smaller clear bottle with a matching red cap,
forming a stable base. To the right of this pyramid, a small green and white milk carton rests against the
table’s edge. In front of the pyramid, a purple tissue package with a white logo and text lies flat, its top
slightly open. To the right of the tissue package, the second smaller bottle (originally part of the pyramid)
is placed, its red cap still on. Between the white plastic lunch box and the pyramid, a brown snack bag with
visible text and an image of snacks is positioned. The lunch box, with its lid slightly ajar, holds a white
plastic spoon resting on its open top. A crumpled white tissue, likely from the tissue package, lies near the
tissue package on the tablecloth. The background features a light gray wall and a soft light blue curtain,
with the table’s wooden legs visible beneath the checkered cloth.

A small round table covered with a light green, white-grid tablecloth holds a neatly rearranged
assortment of items. At the back center of the table stands a partially dismantled bottle stack: one clear
plastic water bottle with a red cap remains elevated above a single matching bottle beneath it on the left,
no longer a full pyramid. Directly in front of this stack sits a soft purple tissue package, squared to the
table edge. Beside the tissue package, slightly to its right, rests another clear plastic water bottle with a
red cap, positioned upright and separated from the remaining stack. On the right side of the bottles, a
green-and-white milk carton stands upright, its printed panels facing outward. In the middle area of the
table, closer to the front edge, a rectangular lunch box with a translucent lid lies flat on the tablecloth.
A white plastic spoon is placed lengthwise on top of the lunch box, its handle extending toward the left.
Between the lunch box and the bottles, a dark snack bag lies flat, angled slightly, creating a visual bridge
between the food container and the drinks. The tablecloth shows a subtly wiped area near the center, but
remains smooth and evenly draped over the table edges. The background walls and curtain remain unchanged,
framing the orderly tabletop arrangement.

Fig.7: Case study of an abnormal situation. “C” refers to the camera wearer.
Although both models recognize the changes, neither accurately describes the key state.
Instead, they generate descriptions that violate physical commonsense.

7 Conclusion

In this paper, we introduce EXPLORE-Bench, a benchmark for egocentric
scene prediction with long-horizon reasoning, where models are asked to antici-
pate the final state of a scene given an initial image and a sequence of atomic
actions. EXPLORE-Bench is built from real first-person videos across diverse
scenarios and provides structured final-scene annotations—object categories, at-
tributes, and relations—enabling fine-grained, quantitative evaluation of holistic
scene-level prediction. Through extensive evaluation of both proprietary and
open-source MLLMs, we find that current models still struggle to reliably track
long-term action consequences and remain substantially behind human perfor-
mance, especially in abnormal cases. We further investigated stepwise reasoning
at test time, showing that decomposing long action sequences can improve per-
formance in challenging long-horizon settings, while also revealing non-trivial
trade-offs between accuracy gains and computational overhead.

Limitations and Future Work. Currently, our exploration of test-time scaling
is limited to a small set of inference strategies. Developing more effective and
more efficient test-time scaling methods for long-horizon reasoning remains open.
While EXPLORE-Bench covers diverse everyday activities, rare or abnormal
cases (e.g., unexpected interactions) are still under-represented. Collecting and
annotating more such instances is an important next step. Moreover, as more
data become available, it would be valuable to construct a dedicated training
set to further advance models’ long-horizon egocentric reasoning.
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