Orderbench: A Unified Benchmark for Temporal and Causal Reasoning
Across Multimodal, World-Model, and Embodied AI Systems

Anonymous ACL submission

1. Multi-Image

— Ve

Temporal Ordering

PUR AR
=

wls
(Disordered) « ' »
? Choose a clue to start sorting...... -
L}
@Continuous block: @Global Description: MLLM
e Stages of a sunflower's growth
- o . .

m y <% from seedling to blooming.

: E vent Progress Est run 3

(Disordered)
? Can you predict the percentages of these images?

0% 0% 90% 100% 50%

@@@@@8/

VLA

@Thll‘lk The sequence shows growth from seedling to blooming. %

@Think: The sequence starts with a seedling growing to a mature y,
Future Frame Prediction

(Sequential)

? Your goal: Generate the next frame.

(Ground Truth)

Figure 1: Overview of the Orderbench benchmark. Each sequence depicts coherent real-world events, and
models are required to reconstruct the correct order or to predict future frames beyond the observed sequence.
This setting enables a unified evaluation across three model families: i. Multimodal Large Language Models,
which interpret visual order and semantic coherence through image—text reasoning; ii. World Models, which
predict plausible future frames or dynamic transitions within continuous environments; iii. Vision Language
Action models, which infer action progression and goal-oriented reasoning for embodied agents. Together, these
paradigms make Orderbench a comprehensive benchmark for assessing perception, prediction, and embodied

temporal understanding.

Abstract

Intelligent systems that operate in the real
world, whether generating future predictions,
executing embodied instructions, or interpret-
ing complex visual scenes, share a common
prerequisite: the ability to reason about when
and why events occur. Despite this shared de-
pendency, multimodal large language models
(MLLMs), world models, and vision-language-
action systems (VLAs) have historically been
evaluated in isolation, with no unified frame-
work capable of exposing their common tem-
poral and causal reasoning limitations. We in-
troduce Orderbench which identifies tempo-
ral ordering as the natural intersection across
domains, enabling the first comparative eval-
uation of their temporal and causal reasoning
capability through realistic event reconstruc-

tion from shuffled video frames. Orderbench
adapts this core challenge to each model fam-
ily’s strengths: frame ranking for MLLMs, task
progress estimation for VLAs, and future frame
prediction for world models, creating an organ-
ically unified evaluation framework spanning
4,000 samples across daily life and robotics
domains. Extensive experiments reveal that
even the most advanced models struggle signif-
icantly, with best performance under 40% ac-
curacy and 10-20% performance gaps between
daily and robotic scenarios, exposing a criti-
cal disconnect in temporal cognition. Building
on this observation, we further explore factors
that elicit temporal and causal reasoning in cur-
rent models. We believe this work will provide
guidance for research on causally-aware world
models and embodied Al systems.



1 Introduction

“Order is heaven’s first law.”
— Alexander Pope

The pursuit of intelligent systems capable of op-
erating in the real world, from embodied robotic
agents (Vision-Language-Action models, or VLASs)
to sophisticated predictive world models, hinges
on a fundamental capability: reasoning about tem-
poral dynamics and causality (Gladyshev et al.,
2025; Yu, 2025; Ma et al., 2024; Bi et al., 2025;
Liu et al., 2025). World models aim to forecast
future states from current conditions, while VLAS
must select actions to achieve a goal. For a VLA to
plan effectively, it must implicitly leverage a world
model, understanding that action A must precede
B to cause outcome C'. Both lines of research,
therefore, are deeply reliant on a fine-grained, ro-
bust understanding of temporal order and causal
relationships in videos.

Despite this need, existing benchmarks fail to
adequately assess temporal reasoning at the gran-
ularity required for real-world operation. Many
video understanding evaluations can be solved
through static frame-level perception alone, or re-
main limited to high-level event sequences (Sharma
et al., 2022; Daniels and Metaxas, 2022; Lin et al.,
2022; Girdhar and Ramanan, 2019; Yi et al., 2019).
Prior work has further shown that several bench-
marks exhibit temporal bias, where questions can
be correctly answered from single or shuffled
frames (Shangguan et al., 2024). They fail to probe
the fine-grained temporal logic essential for com-
plex planning and genuine physical understanding.

To rigorously assess this latent capability, we
identify “video temporal ordering” as the funda-
mental intersection across MLLMs, VLAs, and
world models—a shared challenge that naturally
gives rise to a unified evaluation framework. We
present models with shuffled video frames and re-
quire them to reconstruct the single, coherent event
sequence. This task is deceptively simple for hu-
mans, who leverage a lifetime of world knowledge
to instantly identify the correct flow of events. For
current multimodal systems, however, it is excep-
tionally challenging (Yang et al., 2024; Hu et al.,
2021; Li et al., 2025). Success demands more
than visual recognition; it requires models to in-
fer the plausible temporal and causal relationships
between discrete steps (Wang et al., 2025b), bridg-
ing perception with rich, implicit world knowledge.

We operationalize this protocol in our new large-
scale benchmark, Orderbench. The dataset con-
sists of 4,000 meticulously curated samples, in-
tentionally designed to evaluate a diverse range
of reasoning skills. The benchmark encompasses
two primary domains: Daily Life (covering sports,
occupational skills, science, and everyday activi-
ties) and Robot (covering basic object manipula-
tion, household tasks, precision kitchen skills and
sports), which are further categorized into 74 dis-
tinct sub-categories.

Crucially, temporal ordering manifests differ-
ently across model families, reflecting their dis-
tinct architectural objectives and capabilities (as
shown in Fig. 1). MLLMs excel at semantic-visual
reasoning, VLAs operate in goal-conditioned em-
bodied contexts, and world models focus on pre-
dictive dynamics. Orderbench naturally adapts
the core ordering challenge to these specializations:
i.MLLMs are evaluated via direct frame ranking,
assessing their perception-driven understanding of
visual order and semantic coherence. ii.VLAs
are assessed through task progress estimation, a
goal-aware temporal query that measures embod-
ied, goal-conditioned reasoning. iii.World models
are tested via future frame prediction, directly prob-
ing their ability to extrapolate temporal consistency
and causal transitions. These task-specific instanti-
ations of the same underlying challenge enable, for
the first time, comparison of temporal reasoning
across previously disparate model families.

Our comprehensive evaluation reveals a consis-
tent and sobering picture. Even the strongest pro-
prietary models fail to exceed 40% strict sequence
accuracy. Performance degrades by 10-20% when
shifting from daily-life to robotic scenarios, ex-
posing a critical gap in cross-domain temporal
generalization. Strikingly, many models can ac-
curately describe a pre-ordered event sequence yet
fail dramatically at reconstructing that same se-
quence from shuffled frames, revealing a funda-
mental disconnect between static scene understand-
ing and dynamic temporal reasoning. Analysis of
training-free enhancement strategies further shows
that structured contextual information and explicit
relational modeling are more effective than com-
plex multi-step reasoning chains when model ca-
pacity is limited. Our contributions are as follows:

* We identify temporal ordering as the funda-
mental capability underlying MLLMs, VLAs,
and world models, and introduce Orderbench



— the first benchmark enabling comparative
evaluation across these previously disparate
model families through task-specific adapta-
tions of frame sequencing.

We curate a large-scale dataset spanning daily
life and robotics domains, with 4,000 carefully
annotated samples across 74 subcategories,
designed to probe fine-grained temporal and
causal reasoning.

Comprehensive evaluation reveals significant
performance gaps, with best models achieving
under 40% accuracy and exhibiting 10-20%
worse performance on robotic versus daily sce-
narios, exposing critical limitations in cross-
domain temporal reasoning.

We evaluate a suite of training-free enhance-
ment strategies and provide actionable in-
sights into what contextual and relational sig-
nals most effectively elicit temporal reasoning
in current models.

We hope Orderbench and our analysis will in-
spire future work in developing more sophisticated
and causally-aware world models and embodied Al
systems.

2 Related Work

Multi-image Understanding. This capability
refers to the ability of model to integrate, com-
pare, and reason across multiple related im-
ages, representing a crucial dimension for eval-
uating MLLMs. Traditional benchmarks such as
MME (Zhang et al., 2021), MMBench (Liu et al.,
2024), and MMMU (Yue et al., 2024) primar-
ily focus on single-image question answering or
description tasks. Even larger-scale benchmarks
like MMIU (Patel et al., 2021) offer limited cov-
erage of cross-image reasoning. Recent bench-
marks have begun to address multi-image inputs:
Q-Bench (Zhang et al., 2024) evaluates percep-
tual comparison, Memontos (Wang et al., 2024b)
, STRIPCIPHER (Wang et al., 2025a) and Tem-
pVS (Song et al., 2025) extends to temporal se-
quences, while DEMON (Li et al., 2023) and
MANTIS-Eval (Jiang et al., 2024) and MIR (Du
et al., 2025) focus on multi-image instruction fol-
lowing. M4Bench (Ye et al.), MMRB (Cheng
et al., 2025), BLINK (Fu et al., 2024), and Muir-
Bench (Wang et al., 2024a)expand cross-domain

reasoning and object consistency evaluation, but re-
main limited to static understanding without event-
level validation. Orderbenchfills this gap by re-
constructing event sequences from shuffled frames
for direct cross-image reasoning assessment.

Visual Temporal Reasoning. Visual temporal
reasoning is a critical capability for models to
comprehend event sequences and causal relation-
ships, serving as an essential bridge from static
perception to dynamic understanding. Existing
approaches predominantly rely on video-based
benchmarks such as VITATECS (Li et al., 2024b),
MVBench (Li et al., 2024a), SIMS-VSI (Brown
et al., 2025), VideoThinkBench (Tong et al., 2025),
and ReXTime (Liao et al., 2024), which as-
sess temporal consistency and causal reasoning.
TOMATO (Shangguan et al., 2024) shows these
benchmarks suffer from inherent temporal biases.
To mitigate motion dependency, MMRB (Cheng
et al., 2025) and Temporal VQA (Fazli Imam et al.,
2025) adopt image-based evaluation without mo-
tion cues, showing MLLMs still struggle with tem-
poral and causal reasoning. In contrast, Order-
benchreconstructs temporal logic from unordered
frames, mitigating video bias and offering a more
rigorous evaluation.

Towards Unified Evaluation. The fragmented
evaluation of MLLMs, VLAs, and world mod-
els under family-specific protocols has motivated
recent efforts toward cross-paradigm assessment.
UniSim-Bench (Ghazanfari et al., 2024) unifies 7
multimodal perceptual similarity tasks across 25
datasets, revealing that task-specialized models fail
to generalize to unseen but related tasks. Multi-
Net v1.0 (Guruprasad et al., 2025) evaluates both
VLMs and VLAs across six capability regimes, in-
cluding visual grounding, spatial reasoning, tool
use, physical commonsense, multi-agent coordina-
tion, and continuous control, finding that no cur-
rent model demonstrates consistent cross-domain
generality. On the VLA front, vla-eval (Choi
et al., 2026) provides a unified evaluation har-
ness decoupling model inference from 13 simu-
lation benchmarks, enabling reproducible cross-
model comparison with a standardized protocol.
StarVLA (Community, 2026) further bridges VLM-
based and world-model-based paradigms by accom-
modating both backbone types within a single mod-
ular architecture under shared benchmarks. Mean-
while, UNIVERSE (Hendriksen et al., 2025) adapts
VLMs for fine-grained, temporally grounded eval-
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uation of world model rollouts, addressing a gap
left by conventional metrics that cannot assess ac-
tion alignment or semantic consistency over time.
Orderbench fills this gap by identifying temporal
ordering as the shared challenge, enabling cross-
family comparison on a unified data foundation.

3 Orderbench

Building on the insight that temporal ordering rep-
resents the natural intersection across MLLMs,
VLAs, and world models, Orderbench estab-
lishes a comprehensive temporal reasoning evalua-
tion framework. The benchmark comprises 4,000
five-frame sequence samples spanning two com-
plementary domains: daily life and robotic op-
erations. Evaluation is conducted through three
task paradigms tailored to different model families:
multi-image temporal ordering, event progress es-
timation, and future frame prediction (detailed in
Sec. 4). Fig. 2 illustrates the construction pipeline.

3.1 Data Collection

We construct a balanced dataset of 4,000 samples,
evenly split between daily life and robotic domains.
Each sample consists of a five-frame sequence, a
length that provides sufficient temporal context for
multi-step causal reasoning while maintaining a
challenging combinatorial space of 120 possible
orderings. An ablation over frame counts from 3
to 7 confirms that five frames yields the highest
information entropy among configurations where
model performance remains meaningfully above
chance, as detailed in Appendix.

Daily Life Domain. We systematically collected
more than 2,000 high-quality samples covering

typical daily scenarios such as sports, cooking,
and handicrafts. These scenarios require reason-
ing about object state changes, action sequences,
and causal relationships grounded in commonsense
world knowledge, providing a foundation for eval-
uating general temporal understanding.

Robot Domain.  This domain is primar-
ily sourced from curated video platforms and
multiple publicly available real-world and sim-
ulated robotic operation datasets (e.g., Open
X-Embodiment (O’Neill et al., 2024), Mimic-
Gen (Mandlekar et al., 2023), AgiBot (Bu et al.,
2025); full list in appendix). These datasets
cover scenarios including basic object manipula-
tion, household tasks, fine-grained kitchen skills,
and sports. This domain emphasizes embodied rea-
soning and goal-conditioned temporal understand-
ing, testing capabilities essential for VLAs.

3.2 Human Annotation

To curate the Orderbench benchmark from our
collected raw video data, we designed a human
annotation pipeline to generate two critical com-
ponents for each sample: a sequence of five rep-
resentative key frames and a corresponding global
description of the event.

We recruited 17 annotators (10 male, 7 female),
all of whom are college students with a research
background in computer vision, to perform this
task. The annotation process followed a structured
protocol: i.Contextual Understanding: Annota-
tors first watched the entire original video to grasp
the event context. ii. Key Frame Selection: They
selected five representative frames that best capture
the key nodes and salient moments of the event pro-
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Figure 3: Data distribution of Orderbench. The benchmark consists of an equal proportion of daily life and Robot
videos. The left panel illustrates the topic coverage for each domain, while the right panel presents the quantity for

each category.

gression. iii.Global Description Writing: Based
only on the visual content of these five selected
frames, annotators composed a global description.
This global description was created under strict
constraints. The text must accurately summarize
the event, provide semantic context for temporal
reasoning, and avoid any explicit ordering cues that
would create ambiguity. The goal is to help a model
understand the event’s context without revealing
the answer, isolating core reasoning capability.

3.3 Quality Control

To ensure the quality of the dataset, we applied
a rigorous quality control process for all samples.
Each sorting task was reviewed by the author team
to verify that it met the following core criteria:
i.Image content must be clearly identifiable, text
descriptions must be accurate and free of any vio-
lent, pornographic, or other inappropriate content;
ii.Sequences must not exhibit logical inconsisten-
cies or temporal ambiguities. Any sample that did
not meet these quality requirements was immedi-
ately discarded to maintain the overall quality.

We assessed annotation consistency on a ran-
domly sampled subset. Four independent anno-
tators re-sorted each sequence, achieving a mean
inter-annotator Kendall’s 7 of 0.79 and a mean
annotator-vs-ground-truth 7 of 0.87, confirming
that the established orderings are unambiguous and
reproducible. Details are provided in Appendix.

3.4 Dataset Statistics

The Orderbench contains 4,000 multi-image se-
quence samples in total, divided into two domains:
Daily Life (2,000 samples) and Robot (2,000 sam-
ples), as illustrated in Fig. 3. Each sample includes
five key images and a text description. The meta-

data, including sample ID, category labels, subcat-
egories, descriptive text, and image paths, is stored
in a unified JSON format.

Duaily Life Domain. For daily life samples, a
four-level classification system was established: i.
Sports: Various types of sports training and compet-
itive events. ii. Daily Life: Routine interpersonal
interactions and everyday activities. iii. Science:
Demonstrations of physical principles and natu-
ral phenomena. iv. Professional operational skills
and technical procedures. This classification was
further refined into 35 subcategories to ensure di-
versity and representativeness.

Robot Domain. This domain focuses on em-
bodied visual reasoning and agent—environment
interaction, integrating single-view robot operation
records, multi-view observations, and simulation
environment data. A five-level classification sys-
tem was adopted: i. Basic Tasks: Fundamental
perception and grasping operations. ii. House-
hold Tasks: Routine service tasks in domestic envi-
ronments. #ii. Kitchen Tasks: Tasks performed
in kitchen scenarios. iv. Precision Operations:
High-precision assembly and manipulation tasks. v.
Robot Sports: Robot-specific dynamic and coordi-
nation tasks. The classification was further divided
into 39 subcategories.

4 Evaluation Protocol

As temporal ordering differs across model fam-
ilies, we adapt this shared challenge into three
task-specific protocols aligned with each architec-
ture’s capabilities: multi-image temporal ordering
for MLLMs, event progress estimation for VLAs,
and future frame prediction for world models.



4.1 Multi-Image Temporal Ordering for
MLLMs

This task is designed to systematically evaluate
MLLMs’ capability to understand temporal event
progression and recover the correct chronological
sequence from visual observations. We provide the
model with five images depicting different develop-
mental stages of the same event, which are shuffled
according to a predetermined unified scheme to
ensure identical conditions for all models. The
model’s objective is to infer the plausible tempo-
ral order based on visual cues such as object state
transitions, action continuity, and scene layout evo-
lution. The core goal is to test the model’s ability
to construct a coherent visual narrative rather than
simply performing isolated recognition of individ-
ual images. This direct ranking format leverages
MLLMs’ strengths in semantic-visual reasoning
and cross-image comparison. To systematically an-
alyze the role of prior knowledge in this temporal
reasoning process, we designed three progressive
evaluation settings.

No-Context Condition provides only the im-
age sequence, requiring the model to reason based
solely on visual information, thereby assessing its
pure visual temporal understanding.

Global Description Condition provides a seman-
tic description of the event in addition to the im-
ages, examining how the model integrates visual
and semantic information.

Partial Ordered Block Condition provides im-
age sub-blocks with known internal ordering, test-
ing the model’s ability to utilize local temporal
priors to infer the complete sequence.

Comparing performance across conditions re-
veals how much each type of prior knowledge con-
tributes to temporal reasoning in current MLLMs.

4.2 Event Progress Estimation for VLA

This task evaluates a model’s ability to establish
a globally coherent temporal ordering of event
stages under a continuous scalar scoring formu-
lation. Given five shuffled images sampled from
distinct phases of the same event, the model is re-
quired to assign each image a real-valued progress
score in the range of 0% to 100%, indicating its
position along the event timeline. Although the
model outputs continuous scores, evaluation is per-
formed exclusively on the temporal sequence in-
duced by sorting these predicted scores. The result-
ing ordering is compared against the ground-truth

chronological sequence via ranking-based consis-
tency metrics. The numerical magnitudes of the
predicted scores are not directly evaluated. There-
fore, the task does not assess regression accuracy
in the conventional sense, but instead measures
whether the learned scoring function preserves the
true temporal order of the event.

Compared with discrete permutation prediction,
the continuous scoring formulation encourages the
model to construct an internal scalar representa-
tion of event progression. To produce a temporally
consistent ordering, the model must map visual
observations onto a monotonic temporal axis that
is consistent with the structural progression of the
event. Consequently, the task probes the model’s
capacity to learn an order-preserving representation
of event dynamics.

4.3 Future Frame Prediction for World
Models

This task is specifically designed to evaluate World
Models by assessing their capability to predict and
generate the next visual state in an evolving event.
The model receives four sequentially ordered im-
ages and their corresponding global description as
input. Its objective is to infer the scene’s visual
appearance at the next moment and subsequently
generate the corresponding fifth frame. The core
goal is to probe the model’s ability to precisely
model an event’s dynamic evolution, encompassing
object motion trends, interaction dynamics, spatial
layout continuity, and consistency in visual style.
We select 300 samples from Orderbench that
exhibit clear visual progression and are suitable
for generation-based evaluation. This task comple-
ments the previous two by shifting from temporal
understanding to temporal extrapolation: the model
must not only comprehend event dynamics but also
synthesize a visually plausible continuation.

4.4 Metrics

For Temporal Ordering & Progress Estimation:
The following metrics evaluate the accuracy of tem-
poral structure recovery in the Multi-Image Tempo-
ral Ordering and Event Progress Estimation tasks.
All metrics are normalized to [0, 100], with higher
values indicating better temporal ordering. Further
details are provided in the Appendix ??.

Absolute Accuracy (Acc.): correct only if the
predicted order exactly matches the ground truth.

Longest Common Subsequence (L): measures
partial ordering consistency via the longest order-



Table 1: Multi-Image Temporal Ordering Results. Performance of proprietary and open-source models on the
temporal ordering task. Best results in bold, second-best underlined.

Model Daily Life Robot
| Acct Lt Kt PD?T St | Acet Lt KT PD?T ST
Proprietary Models
GPT-5 3685 7918 7914 71.62 76.65 | 2195 69.72 6590 5599 63.87
GPT-40 2626 7447 7382 64.92 71.07 6.60 61.07 56.60 4245  53.37
Gemini-3-Flash 21.05 7246  72.00 62.11 68.86 11.05 65.12 6195 4995  59.01
Claude-4-sonnet 27.55 7342 7177 62.82  69.33 1460 6436 5971 4882  57.63
Open-source Models
Qwen3-VL-flash 19.50  70.59  68.89 5856  66.01 9.50 61.77 5630 4397  54.01
Qwen3-VL-8B-Instruct 15.65 68.25 6594 5500 63.07 5.00 59.24 5294 3927 5048
Qwen2.5-VL-72B-Instruct | 26.50 7573 7338  62.73  70.61 8.00 63.24  58.53 4372  55.16
GLM4.5V 15.37 69.07 6596 53.61  62.88 9.86 66.36 61.77 4694  58.36

preserving subsequence shared by prediction and
ground truth.

Inversion Count (K): counts pairwise inversions
relative to the ground truth, reflecting global rank-
ing errors.

Position Deviation (PD): sums the absolute rank
differences between predicted and ground-truth po-
sitions.

Overall Score (S): average of normalized L, K,

and PD, serving as an aggregate measure of order-
ing quality.
For Next Frame Prediction: The following met-
rics are used for the Next Frame Prediction task,
focusing on the perceptual and structural quality of
the generated frames.

CLIP: cosine similarity between CLIP embed-
dings of predicted and ground-truth frames.

LPIPS: perceptual distance based on deep fea-
tures; lower is better.

SSIM: structural similarity comparing lumi-
nance, contrast, and structure.

5 Experiments

Setting. We conduct a comprehensive evalua-
tion of state-of-the-art models across all three
task paradigms under zero-shot settings. All mod-
els are evaluated under identical data splits, shuf-
fle schemes, and prompt templates to ensure fair
comparison. For Multi-Image Temporal Order-
ing, we evaluate closed-source models including
GPT-5 (Singh et al., 2025), GPT-40 (Hurst et al.,
2024), Gemini-3-Flash, and Claude-4-Sonnet (An-
thropic, 2025), alongside open-source models in-
cluding Qwen2.5-VL-72B (Bai et al., 2025b),
Qwen3-VL-8B/Flash (Bai et al., 2025a), and GLM-
4.5V (GLM et al., 2024). For Event Progress Esti-
mation, we additionally evaluate Gemini-Robotics-
ER-1.5-Preview (Abdolmaleki et al., 2025), a

vision-language-action model designed for goal-
conditioned reasoning. For Future Frame Predic-
tion, we evaluate the world model Emu3.5 (Cui
et al., 2025) and a pipeline baseline combining
GPT-40 with Wan2.5-T2I (Wan et al., 2025).

5.1 Main Results

Multi-Image Temporal Ordering. As shown
in Table 1, proprietary models consistently out-
perform open-source models across both domains,
with GPT-5 achieving the best overall performance.
Nevertheless, even the strongest model remains
below 37% Absolute Accuracy on Daily Life and
below 22% on Robot, indicating that multi-image
temporal ordering poses a considerable chal-
lenge for current models.

All models exhibit a noticeable performance
drop on the Robot subset, with a gap of 10-17
points in overall score. This suggests that tempo-
ral reasoning becomes substantially more difficult
in embodied scenarios, highlighting limitations
in cross-domain generalization. Among open-
source models, Qwen2.5-VL-72B achieves com-
petitive results on Daily Life but suffers the largest
domain gap, while GLM-4.5V maintains the most
stable cross-domain performance.

Event Progress Estimation. As shown in Ta-
ble 2, GPT-5 achieves the best performance across
all metrics on both domains, substantially out-
performing all other models including the task-
specialized VLA model Gemini-Robotics-ER-1.5-
Preview. This suggests that strong general-purpose
reasoning can compensate for the lack of embod-
ied training data. Notably, Gemini-Robotics-ER-
1.5-Preview ranks second on Daily Life but falls
behind Gemini-3-Flash on Robot, indicating that
its embodied training does not consistently transfer
across all robotic scenarios.



Table 2: Event Progress Estimation Results. Performance of MLLMs and VLA models on predicting task

completion percentages from shuffled frames. Best results in bold, second-best underlined.

Model Daily Life Robot
| Acc.t Lt Kt PD?1 St | Acet Lt Kt PDt St
Multi-modality Large Language Models
GPT-40 2370  73.80 7414 6482 7092 7.95 6343  60.84 4756  57.28
GPT-5 36.70 79.62 80.58 7320 77.80 | 27.00 7593 76.16 6741 73.16
Gemini-3-Flash 21.15 7327 7397 6417 7047 11.65 68.07 67.15 55.69  63.64
Qwen?2.5-VL-72B-Instruct 15.65 70.14  69.38  58.60  66.04 4.75 60.84 57.02 42,62 53.50
Qwen3-VL-8B-Instruct 8.25 6537 6341 50.62  59.80 2.90 5896 5387 39.04 50.62
GLM4.5V 1722 6945 67.80 57.07 64.77 3.43 59.18 5450 39.76  51.15
Vision-language Action Models
Gemini-robotics-er-1.5-preview | 30.65  77.15 7758 69.08 7460 | 1089 6479 6245 4981 59.02

Table 3: Future Frame Prediction Results. Comparison of GPT-40 (with Wan2.5-T2I) and world model Emu3.5
on generating the fifth frame given four ordered frames. Wan2.5 is a commercially used model. Best results in bold.

Model Generation Model Size

Robot Daily Life

CLIPt LPIPS| SSIM?

CLIPt LPIPS, SSIM?t

Multi-modality Large Language Models

GPT-40 + Wan2.5-T21 NA 0.6626  0.5478 0.0667  0.7238 0.5686 0.0893
World Models
Emu3.5 34B 0.8783  0.4582 0.4077 0.8628 0.4733 0.4544

Most open-source MLLMs exhibit substantially
weaker performance, with strict accuracy below
18% on Daily Life and below 5% on Robot,
suggesting limited capability in fine-grained
progress estimation. Compared with the ordering
task, the cross-domain degradation is even more
pronounced, further revealing fundamental limi-
tations in embodied reasoning and continuous
temporal comprehension.

Future Frame Prediction Table 3 compares the
state-of-the-art world model Emu3.5 (Cui et al.,
2025) with GPT-40 combined with Wan2.5-T2I un-
der the same evaluation protocol. The results show
that Emu3.5 achieves substantially better perfor-
mance in future-frame generation.

5.2 Failure Case Analysis

To better understand the limitations of current mod-
els, we analyze representative failure cases. The
observed errors reveal several recurring patterns.
Some predictions violate physical constraints and
common-sense knowledge. For example, models
may confuse plant growth stages or reverse logi-
cally constrained action sequences such as jump-
ing and landing, indicating insufficient ground-
ing in real-world dynamics. Another common is-
sue is limited sensitivity to fine-grained tempo-
ral differences. When progression gaps between
closely related stages are subtle, the models often
fail to capture correct temporal transitions, lead-
ing to ordering errors. In specialized scenarios,

errors frequently reflect weak domain-specific un-
derstanding. Incorrect sequencing of irreversible
steps in scientific or procedural processes suggests
limited knowledge of structured event dynamics.
Certain cases also exhibit insufficient causal rea-
soning, where effect events are predicted before
their causes, highlighting difficulties in modeling
event dependencies. Overall, these patterns suggest
persistent challenges in real-world grounding, fine-
grained temporal perception, and structured causal
reasoning.

6 Conclusion

In this work, we introduced Orderbench a uni-
fied benchmark for evaluating fine-grained tem-
poral and causal reasoning across multimodal
large language models, world models, and vi-
sion—language—action systems. By formulating
frame re-ranking, progress estimation, and future
frame prediction within a single framework, Or-
derbench bridges perception, prediction, and em-
bodiment under consistent evaluation principles.
Extensive experiments reveal that even advanced
models still struggle with temporal ordering and
causal inference, highlighting a fundamental gap
between static perception and dynamic understand-
ing. We hope that Orderbench will serve as a
foundation for developing more temporally aware
and causally grounded multimodal and embodied
Al models.
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A Dataset Details

A.1 Data Source

Daily Life Domain. All videos in the daily life
domain are sourced exclusively from major online
video platforms: Bilibili and YouTube.

Robot Domain. The robotics domain videos are
heterogeneous, comprising two parts: one is col-
lected from online video platforms (including Bili-
bili and YouTube), and the other is sourced from
multiple robotic operation datasets, including both
real-world and simulated environments. Details of
these datasets are summarized in Table 4.

A.2 Human Annotation Guideline

Annotators shall construct a five-frame image se-
quence from each video and provide an accu-
rate overall description according to the following
guidelines:

* Unambiguous sequence. The selected
frames should be ordered clearly, so that their
temporal progression is evident and cannot be
misinterpreted.

* Meaningful transitions. Consecutive frames
should reflect noticeable changes in action,
motion, or object state, ensuring the sequence
conveys a coherent progression.

* Frame quality. Only select frames that are
visually clear, without occlusions, or other
artifacts that could hinder interpretation.

* Description Accuracy. The textual descrip-
tion must accurately reflect the event or action
represented without ambiguity.

A.3 Frame Count Ablation

To determine the optimal sequence length, we con-
ducted an ablation study over frame counts from 3
to 7 using Qwen2.5-VL-7B-Instruct on 500 sam-
ples. We jointly consider two criteria: informa-
tion entropy, which reflects how uniformly model
scores are distributed and thus how well the bench-
mark discriminates among models; and above-
chance performance, which ensures the task re-
mains solvable rather than degenerating into ran-
dom guessing.
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Table 4: Robotics-Related Datasets and Their Links

Dataset Name

Dataset Name (cont.)

AgiBot

Berkeley Autolab UR5
Berkeley Cable Routing
Columbia PushT Dataset
FurnitureBench
G1_BlockStacking_Dataset
G1_CameraPackaging_Dataset
G1_DualArmGrasping_Dataset
G1_MountCamera_Dataset
G1_ObjectPlacement_Dataset
G1_Pouring_Dataset
Z.1_StackBox_Dataset

G1_MountCameraRedGripper_Dataset

G1_ToastedBread_Dataset
Dobb-E

MimicGen

MobileALOHA

NYU VINN

RoboCasa

Stanford HYDRA

Tokyo PR2 Fridge Opening

TOTO Benchmarch
7Z1_DualArm_FoldClothes_Dataset
Z1_DualArm_PourCoffee Dataset
Z1_DualArmStackBox_Dataset

Table 5: Field Description of JSON Data

Field Definition Required
id Unique identifier for the data sample Yes
type Primary category Yes
subtype Fine-grained subcategory Yes
global_annotation ~ Text description of the entire image sequence Yes
image_paths_main  File path list of the main view with the most complete scene information Yes
image_paths_left File path list of the view from the left side Opt
image_paths_right  File path list of the view from the right side Opt
image_paths_other  File path list of the view from the other side Opt
selected_images File path list of selected images integrating multi-view information for sorting Yes
shuffled_images File path list of shuffled selected images Yes
order Original correct index sequence for shuffled selected images Yes
block_images File path list of partially ordered sub-block images Opt

Table 6 summarizes the key results. Three-frame
sequences yield high discriminability but low en-
tropy, as the limited combinatorial space concen-
trates predictions into few score bins. Six- and
seven-frame sequences achieve high entropy but
model accuracy drops to or below chance level, ren-
dering the benchmark uninformative. Five frames
achieves the highest normalized entropy (0.8626)
while maintaining a meaningful above-chance lift
of 3.1x, representing the best trade-off between
task difficulty and evaluation informativeness.

The marginal difficulty analysis further supports
this choice. The transition from 4 to 5 frames intro-
duces a moderate accuracy drop of 5.4 percentage
points and an entropy gain of 0.55 bits, while the
transition from 5 to 6 frames yields diminishing
entropy returns (—0.02 bits) alongside a sharp de-
cline in model performance that pushes accuracy to
near-chance levels. We therefore adopt five frames
as the standard sequence length for Orderbench.
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A.4 Annotation Consistency

To verify that the temporal orderings in Order-
bench are unambiguous and reproducible, we as-
sessed inter-annotator agreement on a randomly
sampled subset. Four independent annotators, dis-
tinct from the original annotation team, re-sorted
each sequence without access to the ground-truth
ordering.

Table 7 reports per-annotator Kendall’s 7 against
the ground truth. The mean inter-annotator 7 is
0.7917, and the mean annotator-vs-ground-truth
7 is 0.8678, confirming strong agreement. Anno-
tators C and B achieve near-perfect consistency
(t > 0.92), while Annotator D shows relatively
lower agreement (7 = 0.75), likely due to ambigu-
ous cases in specialized domains. Overall, these
results validate that the established orderings reflect
genuine temporal structure rather than subjective
interpretation.

A.5 Data Structure Description

This section specifies our data format, explaining
each field in the JSON structure and providing a



Table 6: Frame count ablation. n! denotes the number of possible orderings. Lift indicates how many times model
accuracy exceeds random chance. H,,,,.,, is Shannon entropy normalized by the maximum entropy of 20 bins.

Table 7: Per-annotator Kendall’s 7 against ground truth.

Annotator Kendall’s 7 vs. GT
A 0.8424
B 0.9228
C 0.9555
D 0.7506
Mean (inter-annotator) 0.7917
Mean (vs. GT) 0.8678
sample.
The detailed descriptions of the JSON fields are
provided in Table 5.
The complete raw data sample is shown below:
{
"id": "VideoRank_0001",
"type": "Sports”,
"subtype”: "basketball”,
"global_annotation”: "The man in
the blue jersey jumps up to
dunk the ball into the hoop.”,
"image_paths": [
"VideoRank_0001/frame_0001. jpg",
"VideoRank_000@1/frame_0002. jpg",
"VideoRank_0001/frame_0003. jpg",
"VideoRank_0001/frame_0004. jpg",
"VideoRank_0001/frame_0005. jpg"
1,
"image_paths_left"”: [],
"image_paths_right": [1,
"image_paths_other”: []
}
The complete shuffle data sample is shown be-
low:
{

Random Model Acc. Lift  Hporm

Frames n!
3 6
4 24
5 120
6 720
7 5040

16.67
4.17
0.83
0.14
0.02

22.20 1.3x  0.4499

8.00 1.9x  0.7342
2.60 31x  0.8626
0.20 1.4x  0.8573
0.00 0.0x  0.8455

"id": "VideoRank_0001",
thpe”: ”Sports”,
"subtype"”: "basketball”,

"global_annotation”: "The man in the

blue jersey jumps up to
dunk the ball into the hoop.
"selected_images": [

n
’
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"VideoRank_0001/frame_0001. jpg",
"VideoRank_0001/frame_0002. jpg",
"VideoRank_0001/frame_0003. jpg",
"VideoRank_0001/frame_0004 . jpg",
"VideoRank_0001/frame_0005. jpg"

1,

"shuffled_images": [
"VideoRank_0001/frame_0005. jpg",
"VideoRank_0001/frame_0004. jpg",
"VideoRank_0001/frame_0001. jpg",
"VideoRank_0001/frame_0002. jpg",
"VideoRank_0001/frame_0003. jpg"

1,

"order"”: [3,4,5,2,1],

"block_images"”: [
"VideoRank_0001/frame_0003. jpg",
"VideoRank_0001/frame_0004 . jpg"

A.6 Human Performance

To establish a reference for benchmark difficulty
and to better contextualize model performance,
we evaluated human performance on the proposed
task to quantify the gap between models and hu-
mans.Given the impracticality of manually evaluat-
ing the entire benchmark, we employed a stratified
random sampling strategy, selecting three instances
per class across the two domains, Daily Life and
Robotics, thereby ensuring diversity.Five under-
graduate evaluators were recruited to perform the
task on the sampled subsets. Each evaluator re-
ceived detailed instructions and completed a brief
practice session prior to the formal evaluation.
The resulting human performance on these sub-
sets, presented in Table 8 and Table 9, provides a
reference for the benchmark, revealing a substantial
performance gap between models and humans.

A.7 Evaluation Metrics

The following are detailed explanations of several
metrics.



Table 8: Human Performance on Multi-Image Temporal Ordering(With Global Description Condition)

Setting Daily Life Robot

Acc.t L7 Kt  PD?T St Acet LT Kt  PD?T St
Human 70.72 90.86 9098 87.66 89.83 74.79 9254 9293 090.16 91.88
GPT-40 28.20 7597 76.61 68.19 7359 845 6394 6129 48.00 57.74

Table 9: Human Performance on Multi-Image Temporal Ordering(With Partial Ordered Block Condition)

Setting Daily Life Robot
Acct L7 K1 PD1 St Acct L7 K1 PD? St
Human 85.96 9572 95.64 93.85 95.07 83.62 9496 95.18 9336 94.50

Gemini-2.5-Flash  37.25 81.08 80.29 71.71

77.70

14.16 6776 63.40 49.88 60.35

¢ Absolute Accuracy (Acc.). This metric mea-
sures strict sequence-level correctness, where
a prediction is considered correct only if the
predicted order exactly matches the ground-
truth order. It evaluates whether the model can
recover the full temporal permutation without
any error. The metric is binary at the sample
level and is reported as a percentage over the
dataset.

* Longest Common Subsequence (LCS, L).
This metric evaluates partial ordering consis-
tency by computing the length of the longest
subsequence that is shared between the pre-
dicted and ground-truth sequences while pre-
serving order. It reflects how much of the
correct temporal structure is maintained even
when the full sequence is not perfectly recov-
ered. For sequences of length N = 5, the
normalized score is defined as

L
Lnorm - g X 1007 (1)

where L € [0, 5].

¢ Inversion Count (K). This metric quantifies
global ranking errors by counting the num-
ber of pairwise inversions in the predicted se-
quence relative to the ground truth. An inver-
sion occurs when a pair of elements appears
in the incorrect relative order. It directly mea-
sures the degree of discordance between two
rankings. For N = 5, the number of possible
pairs is 52 = 10, and the normalized score is
defined as

K
Konorm = (1 _ 10) <100, ()

where K € [0, 10].
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¢ Position Deviation (PD). This metric mea-

sures the overall positional displacement of
elements between the predicted and ground-
truth rankings. It computes the total abso-
lute difference in rank positions across all el-
ements, capturing the magnitude of ordering
errors. Let p; and p; denote the predicted and
ground-truth positions of element ¢, respec-
tively. The normalized score is defined as

1 5
PDnormzl 1—-— Ai_i ;
00( 12;@ p\)
(3)

where 12 is the maximum possible positional
deviation for sequences of length five.

Overall Score (S). The final performance
score is computed as the average of the three
normalized ranking metrics:

L’VLO’I‘?TL + Knorm + PDTLO'I‘m

S = 3

“

A.8 More Data Visualization

To provide a more detailed understanding of our
dataset, we include additional visualizations for
both the daily-life and robotics domains.

Figure 4 presents representative samples from
the daily portion of the dataset, illustrating the di-
versity of daily activities. Figure 5 presents exam-
ples from the robotic portion of our dataset, includ-
ing observations from multiple viewpoints, tasks
across diverse scenarios, and various manipulation
contexts, highlighting the diversity of the data.



B Further Analysis of Experimental
Results

B.1 Details of the Experimental Results

This subsection aims to systematically present the
accuracy performance of various models in tempo-
ral reasoning tasks through comprehensive quanti-
tative data, providing empirical evidence for subse-
quent in-depth analysis.

Figure 6 and Figure 7 present the subcategory-
level results of GPT-40, Gemini-2.5-Flash, GLM-
4.5V, and Qwen2.5-VL-72B on the Multi-Image
Temporal Ordering (with Partial Ordered Block)
task in the Daily Life and Robot domains, respec-
tively. Figure 8 and Figure 9 show the perfor-
mance of GPT-40, Gemini-2.5-Flash, GLM-4.5V,
and Gemini-robotics-er-1.5-preview on the Event
Progress Estimation task across different subcate-
gories in the Daily Life and Robot domains. Fig-
ure 10 and Figure 11 further report the subcategory-
level performance of Qwen3-VL-8B on the Multi-
Image Temporal Ordering task under two reason-
ing strategies—Pairwise Relational Modeling and
Experience-Guided Reasoning—evaluated sepa-
rately in the Daily Life and Robot domains.

B.2 Failure Case

To gain deeper insights into the typical failure pat-
terns of the models across different tasks, this sec-
tion provides a qualitative analysis of model er-
rors through visualized case studies. Figure 12
presents representative failure cases from the mod-
els in Multi-Image Temporal Ordering task, while
Figure 13 further illustrates typical errors made
by each model in the event progression estimation
task.

Detailed analysis and discussion of these cases
will be systematically presented in B.3.

B.3 Analysis

Based on the bar charts in Figures 6, 7, 8, 9, 10
and 11, which provide a more detailed breakdown
of model accuracy on the Multi-Image Temporal
Ordering and Event Progress Estimation tasks, sev-
eral observations can be made.

The model performs significantly better in the
daily life domain than in the robotics domain, likely
due to a lack of exposure to relevant scenarios
during training. Additionally, the model achieves
higher accuracy on tasks with clear procedural
steps and longer time spans, such as the high jump
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or chemical experiments. The influence of con-
textual information also varies across task types,
with the Partial Ordered Block condition having
the most pronounced effect.

Additionally, in previous evaluations on multi-
image temporal sequencing and event progression
estimation tasks, we observed that even state-of-
the-art models still exhibit significant performance
shortcomings. We present several typical failure
cases in Figure 12 and 13. Through in-depth anal-
ysis of these examples, the following issues can be
observed:

1) Violation of Global Event Descriptions:
Models often fail to adequately understand or ad-
here to the global event annotations provided in
the prompts, sometimes even generating sequences
completely opposite to the described events. For
example, in depicting a lunar eclipse, a model may
incorrectly sequence the moon being obscured as a
process of gradual revelation.

2) Disregard for Local Ordinal Constraints:
Models frequently fail to strictly follow the par-
tially ordered block constraints specified in the
prompts. Even when explicitly instructed that cer-
tain image blocks should be treated as contiguous
sequence units, models often fragment them in their
outputs, disrupting local temporal coherence.

3) Contradiction with World Knowledge and
Physical Laws: The sequencing results often vio-
late common sense and fundamental physical prin-
ciples. For instance, in a plant growth sequence,
models might confuse the order of the "sprouting"
and "leafing" stages. In a high jump sequence, they
might invert the necessary order between "clearing
the bar" and "landing on the mat".

4) Weak Perception of Fine-Grained Tempo-
ral Intervals: When estimating event progression,
models struggle to precisely distinguish subtle pro-
gression differences between consecutive actions
or states that occur within very short time intervals,
leading to subsequent errors in temporal ordering.

5) Deficiency in Specific Domain Knowledge
(e.g., chemical reactions, physical experiments, as-
tronomical phenomena): Models lack a deep un-
derstanding of processes in specialized domains,
resulting in incorrect sequencing of irreversible
steps or phenomena.

6) Inadequate Causal Reasoning Ability:
Models perform poorly in comprehending causal
relationships such as "Action A leads to Outcome
B." Failure cases frequently exhibit causal inver-
sion, where the model incorrectly places the resul-



tant event before the causal event.

C Task Details

C.1 Representative Case

Representative cases from the core tasks are pre-
sented in this subsection, demonstrating typical
successful performances of the models across dif-
ferent temporal reasoning tasks. These examples
complement the failure case analysis in Section B,
together providing a comprehensive understanding
of model capabilities.Figures 14, 15, 16, and 17
illustrate representative cases from the following
four tasks respectively: 1) Multi-image temporal
ordering with global description conditioning, 2)
Multi-image temporal ordering with partial ordered
block conditioning, 3) Event progress estimation,
and 4) Future frame prediction.

C.2 Prompt Formats

The specific prompts for each task are provided in
Figures 18, 19, and 20.
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The sky lightens as dawn breaks, and the sun rises above the mountains.

- .- . e EEE-. - - . e s s E. - e e s .. - e e s s s . - - .
7z 7

A solar eclipse happens, with the moon moving to gradually reveal the sun.

O C ¢

Shoot a basketball into a hoop with his hands.

CECEC - .- EEE.
4 F

Oak Tree ? Oak Tree Oak Tree

——= — —— =
TS ESEEES EEESEEEN SEEEENNEG SENENEEEE EEESEEESE

Figure 4: Some examples from the daily life portion of the dataset.
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A robotic arm uses a red stamp to mark a seal on a document placed on a blue clipboard.

—

Figure 5: Some examples from the robotic portion of the dataset.
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Figure 6: Per-subtype accuracy of GPT-40, Gemini-2.5-Flash, GLM-4.5V, and Qwen2.5-VL-72B on the Multi-
Image Temporal Ordering (with Partial Ordered Block) task in the Daily Life domain.
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Figure 8: Per-subtype accuracy of GPT-40, Gemini-2.5-Flash, GLM-4.5V, and Gemini-robotics-er-1.5-preview on
the Event Progress Estimation task in the Daily Life domain.
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Task1: Multi-Image Temporal Ordering (With Partial Ordered Block Condition or With Global Description Condition )

 Global Annotation:

! The moon gradually becomes more
' obscured by darkness as it moves

. through its phases.

Model think: The moon phases progress from more shadow to less: new (3), waxing crescent (5), first quarter (1), waxing gibboué (4), and full moon (2).

Model answer:

Model think: The sequence starts with the athlete's run-up (1). Then, the athlete is at the peak of the jump, clearing the bar (3), followed by passing over the bar (4), then further over the mat (2), and
finally descending onto the landing mat (5).

Model answer:

Shuffled:

Model think: The sequence shows a plant growing from a seed. It starts with the seed in the soil, then germination underground, followed by the sprout emerging, growing into a young plant, and finally
a mature plant supported by a trellis.

X Wrong

Shuffled: | 6lobal Annotation:
" ‘ ; The robotic arm is putting a tube
. of toothpaste and a garbage bag into

the basket.

Model answer:

Model think: The sequence shows a robot arm picking up a piece, moving it across the table, and then placing it into a container on the left. The green screen background image marks the start, followed
by the camera angle change and placement steps.

Model :

Figure 12: Failure cases in the Multi-Image Temporal Ordering task.
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Task2: Event Progress Estimation
Shuffled: Global Annotation:

The plasticity of the bag allows
multiple pencils to pierce a water-filled
bag without causing leaks.

Model answer: Model think:
[ determined the sequence by counting the number of
95% 70% 45% 25% 10% pencils inserted into the bag. Img5 shows the insertion of

the first pencil, representing the start. Img4 shows two
pencils. Img3 shows a third being added. Img2 has
several pencils in place. Imgl, with the most pencils and a
new one being added, represents the final stage of the

demonstration.
X Wrong

Shuffled: Global Annotation:

hemical experiment showing a vigorous
reaction with foaming and eruption, likely
the 'Elephant Toothpaste' reaction..

Model answer: Model think:
The sequence shows a chemical reaction starting in a
100% 40% 5% 20% 75% flask, building up foam, and erupting. Img3 is the start

with minimal foam. Img4 shows initial bubbling. Img2
depicts foam filling the flask. Img5 shows foam
reaching the top/exiting. Img1 is the full eruption,
representing 100% completion.

X Wrong

Shuffled: 6Global Annotation:
’ A robotic arm uses a red stamp to
‘ ‘ ‘ ‘ [ mark a seal on a document placed on a
S R 1 " blue clipboard.
sy ha . e P
Model answer: Model think: ' .
The event timeline follows the robotic arm stamping a
document: approaching the document (img1), pressing
0, 0, 10, 0, 0,
20% 60% 80% 90% 10% the stamp (img2), and retracting (img3, img4). Image

img$ is a close-up, likely representing an early stage
before approaching the document (10%). img1 shows the
arm poised to press (20%). img2 shows the press in
progress (60%). img3 shows retraction starting (80%).
img4 shows further retraction, marking comnletion (90%).

‘—‘ ‘ ‘ ‘ X Wrong

Figure 13: Failure cases in the Event Progress Estimation task.
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Taskl_2: Multi-Image Temporal Orderin (With Global Description Condition)

. Global Annotation:

: One robot delivers a knee kick to
! the other robot.

Model think: The sequence starts with the robots facing each other. Then one raises its knee, contacts the other, and follows through. The order is determined by the distance of the
knee from the target and subsequent follow-through.

W 5

v Correct

Global Annotation:

After peeling off the transparent
tape, the first robotic arm passes it
to the second one..

v Correct

Global Annotation:

A robot dog jumped from ground
to a platform.

v Correct

Global Annotation:

An athlete performs a high jump.

v Correct

Global Annotation:

The nucleation and growth of a
snowflake.

v Correct

Model answer:

Figure 14: Representative cases from the Multi-Image Temporal Ordering task under the global description
condition.
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Taskl_3: Multi-Image Temporal Orderin (With Partial Ordered Block Condition)

Shuffled:

EsBErcRADE =

Shuffled: Ordered-block:

Lidl

Model think: The sequence starts with the battery alone. Then, a hand introduces the spinner, lowers it to connect with the battery, and finally, the spinner rotates independently once the hand is removed.

v Correct

Model answer:

Model think: The sequence illustrates a caterpillar's metamorphosis. It starts hanging, sheds skin, forms a green chrysalis. The chrysalis then darkens and matures, and finally, the butterfly emerges.

7 ™ - - ‘r\y

v Correct

Ordered-block:

'
'
I
1
'
'
'
'
'
'
'
'
i

Model think: The tubes are initially on the belt. Robots then position them on the belt, preparing for pickup. Finally, a robot picks a tube and places it into the box.

Figure 15: Representative cases from the Multi-Image Temporal Ordering task under the partial ordered block
condition.
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Task2: Event Progress Estimation

Global Annotation:

N

‘%MM-':;F ; Step-by-step folding of a red and
P B | : white striped garment.

Model answer: Model think:

The folding process starts with the garment mostly flat
35% 75% 95% 45% 10% (img5). Thge lr)niddle stages involve fgo]ding the sidzs

inwards (img1, img4), creating a narrower shape. The

subsequent step is folding the narrow garment in half
S (img2'), The final image shows the completed, compact
”;”",'m':‘-i 7 EW}"" [ - JB fold (1mg3)..l sequenced the images based on these key

i & s :Lﬁ 3 — b i stages to estimate progress.

| v Correct

Global Annotation:

A robotic arm tears toilet paper.

Model answer: Model think:

I evaluated the progress by observing the distance the
0 0 0 0 0, prog y 2
60% 80% 95% 10% 30% right robotic arm pulls the toilet paper away from the

main roll. The timeline starts with the arm just beginning
to pull (img4) and progresses through increasing amounts
of paper being unrolled and pulled away (img5, imgl,
img2), culminating in the maximum pull before tearing or

release (img3).
v Correct

‘ Global Annotation:

The robotic arm is making a sandwich.

Model answer:

Model think:
75% 85% 25% 35% 55% The sequence starts with retrieving the toasted bread
(img3), placing it on the plate (img4), adding the first
ingredient (ham in img5), and finally adding the second
ingredient (lettuce in img1 and img2). Image 2 shows the
completion of placing the lettuce, representing the final
stage of assembly shown in these images.

v Correct

Figure 16: Representative cases from the Event Progress Estimation task.
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Task3: Future Frame Prediction

CLIP: 0.9731
LPIPS: 0.3459
SSIM: 0.4960

Input Images

Global Annotation

Step-by-step folding of a
red and white striped garment.

6PT-40 & Wan2.5-T2I
The robot stands in front of the cabinet, its hand r CLIP: 0.8828
now fully retracted towards its body as the drawer is
completely closed, maintaining the same camera angle LPIPS: 0.4956

and lighting as before, with the floor tiles leading the
eye towards the kitchen appliances in the background.

SSIM: 0.0685

Global Annotation

- ,@\ g\ *'. 7%\ *" ,y}\i :
o ‘.v-\z».v'\-x‘y'ﬁsﬁ

The robotic arm picks up the
blue cup and places it on the

Emu3.5
. CLIP: 0.9658
o & - LPIPS: 0.3116
f = SSIM: 0.6678

Emu3.5
CLIP: 0.9780

LPIPS: 0.0220
SSIM: 0.9706

Input Images

plate.
GPT-40 & Wan2.5-T2IL
In the next frame (img5), the robotic arm has ) CLIP: 0.8052
released the blue cup onto the plate, and the arm is I
slightly withdrawn and positioned upward above the ’m LPIPS: 0.5364
plate, with the cup and plate centered on the table in <

SSIM: 0.1209

the foreground, while the background remains
unchanged with the room's wall and outlets visible.

Global Annotation ‘ 6T

Progression of a partial solar
! eclipse, showing the Moon gradually !
i covering more of the Sun, forminga'
 shrinking crescent shape. ‘

6PT-40 & Wan2.5-T2I
In the next frame (img5), the black silhouette of the CLIP: 0.8970
Moon should cover more of the Sun, creating a thinner
orange crescent shape against the black background, LPIPS: 0.1719

slightly more vertical than before, with the smaller arc
on the right side continuing to taper towards the upper
right.

SSIM: 0.1567

Global Annotation ‘ 6T

A person places a magnet on !

/ e
a table. The person then picks
- = — | up a wire and places it on the \_
| | maghet. b
Emu3.5 GPT-40 & Wan2.5-T2I

CLIP: 0.9561 In the next frame (img5), the hand wearing a glove r =  CLIP: 0.7422
is seen leaving the scene on the right side, while the P &

LPIPS: 0.2387 magnet rests on the table connected to the wire, and b W LPIPS: 0.4429
the red and blue bar magnet remains in its place on the == c—

\“ SSIM: 0.8395

right side.

Figure 17: Representative cases from the Future Frame Prediction task.

30



Multi-Image Temporal Ordering(No-Context Condition) Prompt

You are a high-quality visual reasoning assistant.
Task: given five images that portray sequential moments of an event, determine the chronological order (from earliest to latest).
Respond ONLY with a single JSON object, without extra text.

Carefully look at ALL five images provided.

1.The images are given in their original order (index 1 to 5).

2.Do not assume the current order is correct.

3.Decide the proper chronological order of these images, from the earliest moment to the latest.

4 Respond ONLY with a valid JSON object containing:

- "think": a brief explanation of your reasoning (no more than 300 characters).

- "steps": an object with keys "img1" to "img5", where:
"imgl1" = the index (1-5) of the image that should be FIRST in chronological order
"img2" = the index (1-5) of the image that should be SECOND in chronological order
"img3" = the index (1-5) of the image that should be THIRD in chronological order
"img4" = the index (1-5) of the image that should be FOURTH in chronological order
"img5" = the index (1-5) of the image that should be FIFTH in chronological order

Example:

{
"think": "the cup is empty then filled......",

"steps": { "imgl": 3, "img2": 1, "img3": 2, "img4": 4, "img5": 5}
}

\. J

Multi-Image Temporal Ordering(With Global Description Condition) Prompt

You are a high-quality visual reasoning assistant.
Task: given five images that portray sequential moments of an event, determine the chronological order (from earliest to latest).
Respond ONLY with a single JSON object, without extra text.

Context information (may help you understand the scene):
{context}

Carefully look at ALL five images provided.

1.The images are given in their original order (index 1 to 5).

2.Do not assume the current order is correct.

3.Decide the proper chronological order of these images, from the earliest moment to the latest.

4 Respond ONLY with a valid JSON object containing:

- "think": a brief explanation of your reasoning (no more than 300 characters).

- "steps": an object with keys "imgl" to "img5", where:
"img1" = the index (1-5) of the image that should be FIRST in chronological order
"img2" = the index (1-5) of the image that should be SECOND in chronological order
"img3" = the index (1-5) of the image that should be THIRD in chronological order
"img4" = the index (1-5) of the image that should be FOURTH in chronological order
"img5" = the index (1-5) of the image that should be FIFTH in chronological order

Example:
{t
"think": "the cup is empty then filled......",
"steps": {{ "imgl": 3, "img2": 1, "img3": 2, "img4": 4, "img5": 5}}
1}
. J

Figure 18: Multi-Image Temporal Ordering(No-Context Condition & With Global Description Condition ) Prompt.
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Multi-Image Temporal Ordering(With Partial Ordered Block Condition) Prompt

You are a high-quality visual reasoning assistant.
Task: Given five images that portray sequential moments of an event, determine their chronological order (from earliest to latest).
Respond ONLY with a single JSON object, without any extra text.

Instructions:
1. From the section **FRAME BLOCK**, you will be shown a small set of images that are known to be consecutive frames
(a continuous block in time). These are provided as visual hints.
2. After that, in the section **SHUFFLE FRAME**, you will see five shuffled images. Your goal is to infer their correct
chronological order.
3. Carefully analyze all visual cues and use the continuous block as prior knowledge to reason about the event timeline.
4. Respond ONLY with a valid JSON object containing:
- "think": a brief explanation of your reasoning (no more than 300 characters)
- "steps": an object mapping each "imgl"-"img5" to the original indices of the five shuffled images, such that:
"img1" = the index (1-5) of the image that should be FIRST in chronological order
"img2" = the index (1-5) of the image that should be SECOND
"img3" = the index (1-5) of the image that should be THIRD
"img4" = the index (1-5) of the image that should be FOURTH
"img5" = the index (1-5) of the image that should be FIFTH

Output Example:

"think": "The cup is empty first, then filled with water, then placed back on the table.",
"steps": { "imgl": 3, "img2": 1, "img3": 2, "img4": 4, "img5": 5 }
}
FRAME BLOCK:

Now observe the following shuffled frames.
EHUFFLE FRAME:

J

Event Progress Estimation Prompt

You are a high-quality visual reasoning assistant.

Task:

1. You will be given five images depicting sequential moments of a single continuous event.2. Your goal is to estimate how far along
the event has progressed in each image.

3. For each image, estimate the completion percentage (0-100%), where:

- 0% = the event has just started (the very beginning),
- 100% = the event has fully finished or reached its goal.
Important Notes:
1. The given five images may be shuffled (not in correct chronological order).
2. Each image's percentage should be independent, not necessarily evenly spaced.
3. Carefully compare the five images and judge their relative positions along this timeline.
4. Avoid giving identical percentages unless two images truly represent the same event stage.
5. Use the provided context information to better understand the event nature.
Output Requirements:
Please respond ONLY with a valid JSON object (no additional text or explanations).
Your output must include:
- "think": a concise reasoning summary (<300 characters) explaining how you estimated the progress.
- "progress": a dictionary mapping each image (imgl—img5) to its completion percentage (0—100).
Example Output: {
"think": "Explain your reasoning briefly.",
"progress": {
"img1": 0-100,
"img2": 0-100,
"img3": 0-100,
"img4": 0-100,
"img5": 0-100
Nt W

Figure 19: Multi-Image Temporal Ordering(With Partial Ordered Block Condition) Prompt. & Event Progress
Estimation Prompt.
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Future Frame Prediction(GPT-40) Prompt

You are a highly capable visual reasoning and image generation assistant.

Task:
You will be given four images (imgl-img4) showing sequential moments of a single continuous event.
Your goal is to PREDICT and GENERATE the fifth image (img5) that would logically follow in this sequence.

Guidelines:
1. Carefully observe the visual progression across imgl—img4.
2. Understand the event’s dynamics, objects, actors, and their interactions.
3. Imagine how the scene will continue in the next moment (img5).
4. Describe not only the actions but also the **visual layout**:
- Relative positions of objects and actors.
- Foreground, midground, and background elements.
- Spatial separation or framing (e.g., left/right/top/bottom placement).
- Perspective, viewpoint, and camera angle.
- Scene composition, balance, and any notable visual divisions.
5. Ensure visual consistency with previous frames (colors, lighting, viewpoint, actions).
6. Output ONLY the description that could guide the generation of the next frame (img5). Avoid any extra text or explanation.

Context information:
{context}

Output:
Now, generate a detailed description of the next frame (img5), including **actions, object positions, and overall
layout/composition**, in one clear English sentence.

\ J

Future Frame Prediction(Emu3.5) Prompt

You are a highly capable visual reasoning and image generation assistant.

Task:

You will be given four images (imgl-img4) showing sequential moments of a single continuous event.

Your goal is to PREDICT and GENERATE the fifth image (img5) that would logically follow in this sequence.
Guidelines:

1. Carefully observe the visual progression across img1—img4.

2. Understand the event’s dynamics, objects, actors, and their interactions.

3. Imagine how the scene will continue in the next moment (img5).

4. Ensure visual consistency with previous frames (colors, lighting, viewpoint, actions).

Context information:
{context}

Output:
Now, generate the next frame (img5).
(imgl~img4)

Figure 20: Future Frame Prediction(GPT-40) Prompt. & Future Frame Prediction(Emu3.5) Prompt.
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