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ABSTRACT

Multimodal Large Language Models have shown impressive progress across vision-
language tasks, but they still struggle with temporal reasoning, a critical skill for
understanding dynamic visual content. We introduce EGO-FLIGHT, a benchmark
and dataset designed to directly evaluate temporal reasoning in Vision-Language
Models (VLMs) through frame-ordering tasks in human-like, first-person visual
contexts. Our dataset contains 1,056 continuous, egocentric video clips that capture
natural variations in lighting, motion, and occlusion, providing a first-person
perspective that mirrors how humans experience and interpret dynamic scenes.
Experiments on frame-sorting tasks varying four controlled variables reveal that
current models perform substantially below the human baseline, though longer
videos, fewer frames, and more annotation generally improve performance. Finally,
applying two LoRA fine-tuning strategies to a VLM trained on our hand-collected
data improves performance over the base model, providing a promising path toward
enhancing temporal reasoning capabilities. We hope this work advances research
on temporal understanding and encourages the development of models that more
closely align with human perception while supporting realistic learning in embodied
systems such as robots.

1 INTRODUCTION

Multimodal Large Language Models (MLLMs) have recently demonstrated strong performance on a
variety of tasks, including visual question answering, image captioning, and scene description (Xue
et al., 2024} (Caffagni et al., 2024; [Kar et al., [2024; |Yang et al.l [2025a). Despite these successes,
significant research is still needed to advance MLLMs toward human-level capabilities (Fu et al.,
2024;|Wang et al.,[2024; |[Fan et al.| 2025)). In particular, MLLMs continue to struggle with temporal
reasoning, a fundamental skill humans employ when interpreting dynamic visual content (Chen
et al.} 2024a; Imam et al., 2025} |Plizzari et al., 2025)). This limitation hinders model performance
in understanding temporal information, such as videos, which is abundant and critical in real-world
visual data (Cores et al., [2024; |[Zhou et al., [2025)).

This paper aims to address this gap by introducing EGO-FLIGHT: a comprehensive egocentric video
dataset and benchmark designed to evaluate the temporal reasoning abilities of Vision-Language
Models (VLMs) in human-like, first-person visual contexts. Existing temporal benchmarks face two
main challenges. First, many benchmarks assess temporal reasoning indirectly through question
answering, which blends content comprehension with reasoning and does not directly measure a
model’s ability to understand temporal sequences (Li et al., 2023} Swetha et al., 2025). Second,
benchmarks that do not rely on QA often use artificially combined or highly curated video clips,
which omit the natural variations, noise, and ecological complexity present in real-world perception
(Ahn et al.} 2025} Ballout et al., 2025). To address these challenges, EGO-FLIGHT evaluates a
VLM'’s ability to temporally sort shuffied frames from an action sequence, supported by a dataset
of 1,056 continuous, egocentrically recorded video clips carefully curated by our team. Because
these clips are continuous, they capture natural motion, lighting variations, and occlusions that
occur in real-world perception. We adopt an egocentric design because its inherent variability and
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The following frames are from a single video but shuffled in time. Reorder them from earliest to latest.
Context: A person is using a knife to scoop diced tomatoes from a cutting board into a bowl.
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Frame 1: Several pieces of diced tomato are visible resting on the flat side of the person’s knife blade, ready to be deposited
into the bowl.
Frame 2: The person has positioned the knife and is sliding it under the pile of diced tomatoes on the cutting board. More
tomatoes are visible than in Frame 1.
Frame 3: The bowl now contains a larger amount of diced tomatoes. The cutting board in the background is mostly clear of tomatoes.
Frame 4: The knife is held vertically, preparing to scoop the tomatoes up. More tomatoes are present compared to Frame 1 and less
compared to Frame 2.
Based on the frames, the sorted order of the action is Shuffled Frame 2, Shuffled Frame 4, Shuffled Frame 1, Shuffled Frame 3. i
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Figure 1: Example interaction from our frame-ordering benchmark. Frames are uniformly sampled
from a continuous video depicting an everyday action, then shuffled and presented to a Vision-
Language Model together with a prompt requesting chronological reordering and contextual under-
standing. The model generates frame-level descriptions and predicts the temporal order, which is
evaluated against the ground-truth sequence and human baseline performance.

continuous visual flow provides a more human-like model of perception and realism, reflecting the
dynamic nature of embodied visual experience. Our benchmark evaluates performance across four
experimental variables: number of frames, video length, annotation level, and the amount of hints
provided. Results show that current VLMs perform significantly below the human baseline across all
nine frame sorting experiments, with a large gap between open-source and closed-source models. We
also find that models perform best on longer clips, which provide richer temporal cues, but struggle as
the number of frames increases due to subtle or uninformative visual changes between frames. Brief
textual annotations substantially improve performance, whereas comprehensive descriptions provide
a similar increase for proprietary models but yield little improvement for open-source ones. Finally,
we fine-tune Qwen3-VL-8B-Thinking using low-rank adaptation (LoRA) to enhance its temporal
reasoning abilities, which we evaluate on a similar frame-sorting task. Two fine-tuning strategies,
language-model-only and joint language—vision adaptation, both yield significant gains, with the
language-model-only approach achieving the strongest improvements in frame ordering accuracy.

In summary, our paper differs from existing temporal evaluation approaches through the combination
of 3 key features. (1) We evaluate VLMs on individual frames from a single continuous action, rather
than on multi-frame clips spanning multiple actions, allowing our benchmark to isolate temporal
reasoning from motion cues or abrupt inter-action transitions. (2) We assess each model’s ability to
sort multiple shuffled frames into chronological order, providing a direct and interpretable measure
of complete temporal understanding rather than inferring it indirectly through question answering.
(3) Our dataset is made up of continuous, egocentric clips that preserve natural variations, such
as lighting shifts, occlusions, and camera movement, that humans intuitively process but models
often find challenging. By grounding evaluation in egocentric perception, our approach mirrors how
humans experience continuous visual input in daily life, linking temporal reasoning to embodied and
context-aware understanding. Together, this design, as shown in Figure[T] provides an ecologically
valid test of temporal reasoning that minimizes confounding factors, ensuring that model performance
reflects genuine temporal understanding. We aim for EGO-FLIGHT to help develop VLMs across
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diverse applications, including video understanding, robotics, and real-world reasoning. Links to the
code repository and partial dataset are provided in Appendix

2 RELATED WORKS

VLM Benchmarks. Recent developments in VLMs have led to a growing interest in benchmarking
their capabilities across perception, reasoning, and multimodal generation (Bi et al., 2025} [Liang
et al.| 2025; |Cheng et al.l [2025). Early benchmarks focused on image—text alignment and object
grounding, evaluating whether models could correctly associate visual content with descriptive
language (Yu et al., 2023} Bai et al.l 2023; |Chen et al., [2023). Later efforts extended this to
compositional reasoning, including understanding spatial relations, attribute binding, and object
interactions, revealing limitations in integrating visual features with language (Zeng et al., [2024;
Hua et al., |2024; [Huang et al. 2024a). More recent benchmarks have emphasized open-ended
reasoning and generation, evaluating tasks such as scene description, long-form and complex question
answering, and temporal or sequential understanding in short videos (Liu et al2024a; Park et al.,
2024} |Rawal et al.| 2024; Zhang et al.} 2024; Kong et al.,[2025). Collectively, these works reflect a
progression from simple recognition and grounding tasks toward more nuanced evaluations that probe
reasoning, compositionality, and robustness. Our benchmark builds on this by evaluating temporal
reasoning, an essential human cognitive skill, and grounding this evaluation in human perception
through continuous, egocentric video sequences that capture natural visual dynamics.

Temporal Understanding and Egocentric Datasets. Temporal reasoning in VLMs has been
increasingly scrutinized through benchmarks designed to probe models’ understanding of event
order, causality, and dynamic changes (Liu et al.,|2024b; Wang et al.| 2025} |Imam et al., 2025} |Song
et al.| 2025). Early efforts revealed that many models rely heavily on static cues rather than genuine
temporal understanding, and recent benchmarks collectively examine reasoning across multiple
temporal segments, logical relationships between events, and robustness under temporal perturbations
(L1 et al., |2023}; |Cores et al., [ 2024; |Shangguan et al., 2024} Feng et al.,[2025). VECTOR and SPLICE,
in particular, move beyond question-answering by directly evaluating a model’s ability to temporally
sort shuffled frames, showing that even slight ordering perturbations can significantly alter predictions
(Ahn et al.| 2025; Ballout et al., 2025)). Alongside these developments, egocentric datasets have
gained popularity for their human-like perspective and fine-grained capture of everyday actions (Wang
et al., 2023 |Grauman et al.| 2023 |Huang et al., [2024b). A few benchmarks have even evaluated
VLMs’ temporal reasoning specifically using egocentric video data (Mangalam et al., 2023} |Yuan
et al.,|2025; Plizzari et al., [2025). We expand upon these benchmarks by introducing experimental
variables, including hint frames and varying frame counts, while demonstrating that fine-tuning can
enhance model performance. Additionally, although our benchmark shares VECTOR and SPLICE’s
focus on frame-ordering evaluation, it differs by using continuous, egocentric videos rather than
curated clips, and samples discrete frames across full sequences to isolate reasoning from motion
cues.

3 BENCHMARK DESIGN

3.1 DATA COLLECTION

Our dataset is curated from egocentric videos recorded by our team, depicting people performing
everyday tasks and capturing the temporal dynamics of real-world actions. Adopting an egocentric
perspective provides continuous, naturally varying footage with realistic occlusions and viewpoint
shifts, making temporal reasoning more challenging while closely mirroring human visual experience.
For example, the top sequence of Figure 2] shows a person transferring food from a skillet to a metal
plate: as the plate gradually fills and the skillet empties, models must track temporal progression and
shifting viewpoints to correctly interpret the action. Other examples, such as restocking a vending
machine, involve multi-step actions that demand models to track changes over time through evolving
visual context. In contrast to prior benchmarks that group multiple frames from different actions
into short clips and evaluate models on ordering those clips, our setup requires models to order
individual frames within a single continuous action from a single clip, isolating temporal reasoning
from inter-action transitions. This design removes explicit motion continuity between clips, making



ICLR 2026 the 2nd Workshop on World Models

Action: A person transfers dumplings from a skillet into metal trays |

Figure 2: Example clips and their sampled frames from our dataset. Each sequence illustrates a
distinct temporal progression: (1) food being transferred from a skillet, (2) jerky being restocked in
a vending machine, and (3) clothes being folded. The visual context shown here differs from the
textual annotation provided to the model, which is presented in Appendix E

the task more challenging since models must infer temporal order from subtle visual changes rather
than relying on clear transitions or scene-level cues. Success on our benchmark requires models
to explicitly infer the chronological order between frames, even when visual changes are subtle or
occluded, closely approximating how humans perceive events in the real world.

Each video in our dataset was recorded by humans using cap-mounted egocentric cameras in 4K at 60
FPS. Participants came from diverse backgrounds, including cooks, farmers, and convenience store
workers, resulting in a total of approximately 240 hours of raw video. To curate clips suitable for
evaluating temporal reasoning, human annotators reviewed the raw recordings and selected segments
containing meaningful temporal cues, such as changes in the primary action or evolving activity in
the background. While the egocentric perspective naturally introduces shifts in camera angle, we
ensured that these variations did not substantially alter the scene, preserving temporal continuity for
the task. As summarized in Appendix[H] we quantitatively characterize our dataset to illustrate its
diversity, deliberately avoiding the overrepresentation of simple or repetitive tasks to capture a broad
spectrum of interactions and activities. Figure [2|further illustrates this diversity, showcasing examples
such as folding clothes, restocking a vending machine, and other everyday actions. The dataset
includes both indoor and outdoor settings, with interactions involving single and multiple people,
enabling evaluation across a broad range of human activities. While initial annotations were generated
using Gemini 3.0 Flash, all annotations were closely reviewed and revised by human annotators to
ensure accuracy and prevent model-specific bias. Each clip includes two types of annotations: a
concise label-based annotation and a more comprehensive, detailed annotation capturing temporal
progression. In total, our dataset consists of 1,056 clips, which were selected from 240 hours of raw
footage spanning 195 distinct action tasks. Clip durations range from 5 to 85 seconds and include
detailed annotations capturing scene actions, providing a rich and diverse resource for evaluating
temporal reasoning in vision-language models.

3.2 EXPERIMENTAL VARIABLES

Appendix [E] details the nine experiments we conducted, covering all variations of the experimental
variables. Each variable is systematically varied as follows:
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¢ Number of Frames: We test each VLM on 2 frames, 4 frames, and 8 frames. While
increasing the number of frames provides the model with greater temporal context, it makes
the sorting task significantly more challenging because a larger set of frames contains a
higher proportion of uninformative or redundant frames.

* Clip Length: We categorize clips into three durations: short (5-10 seconds), medium (10-25
seconds), and long (over 25 seconds). While longer clips cover a greater temporal span,
which can make ordering more difficult, the extended transitions also provide richer temporal
cues that can help the model determine the correct frame sequence.

* Annotation descriptiveness: We vary the level of annotation given to the model across
three conditions: no annotation, brief annotation, and comprehensive annotation. Brief
annotation is seen in Appendix [F.1] the model is given a single-line summary of the task
being performed. Appendix [F.2|shows examples of comprehensive annotation, the model
is given a detailed step-by-step description of the actions in the clip. Prior work has
shown that brief annotations can improve model performance on tasks involving temporal
reasoning; here, we investigate whether providing comprehensive annotations produces a
similar improvement in frame-sorting tasks (Cai et al., 2024} |Chen et al.,[2024b).

* Hints: We provide models with two reference frames from the original sequence, reducing
the task to sorting the remaining frames relative to these hints. For 4-frame sequences, we
systematically test two hint configurations, providing either the first and third frames or the
second and fourth frames. This effectively transforms the problem into a 2-frame sorting
task with additional contextual references.

The baseline configuration corresponds to experiments using four frames sampled from medium-
length videos, with brief annotations and no hints provided. In the data table, we refer to this baseline
configuration as the original experiment.

3.3 MODELS USED

We evaluate a combination of proprietary and open-source VLMs, encompassing a variety of sizes and
architectures to provide a comprehensive overview of model performance. In total, we use 9 models
including GPT-40, Claude 4.5 Sonnet, Gemini 3.0 Flash, Qwen3-VL-8B-Thinking, Qwen3-VL-32B-
Thinking, LLaVA-v1.6-Vicuna-13B, Phi 3.5 Vision Instruct, R-4B, and Gemma 3 4B (Hurst et al.,
2024} | Anthropicl, 2025} (Googlel 2025; Yang et al., 20254} |Liu et al., 2023; |Abdin et al., [2024} |Yang
et al.,|2025b; |Kamath et al., |2025)). All models are tested with a temperature of O for deterministic
answers.

3.4 TESTING PIPELINE AND MODEL TASK

The general outline of our experiment is to provide the model with frames from a single action
shuffled in temporal order, and prompt it to reconstruct the original sequence. Frames are extracted
from each clip sequentially and sampled evenly to balance temporal coverage with model input
length, ensuring that key transitional moments are captured without overloading the model. They
are then downsampled to 224x224 pixels and fed into the model as individual images in a sequence.
Each set of frames is combined with text containing task instructions, scene context, and output
format requirements into a single prompt, shown in Appendix |G} Findings from our permutation
robustness analysis in Appendix [A|show that models are highly sensitive to input frame order and that
performance varies substantially across different frame permutations. To account for this effect, we
randomly shuffled the indices of frames for each clip to generate the initial input order to the model.
We then recorded the specific shuffled orders used for each question when evaluating the first model
and reused these exact orders for all subsequent models. Randomizing input permutations ensures
that performance variations across permutations average out, while using the same randomized inputs
across models ensures that differences in performance reflect genuine model variation rather than
inconsistencies in input ordering. Each experiment is evaluated on 156 clips per model to provide
broad coverage of the dataset’s diversity.

As shown in Figure[I] our evaluation pipeline proceeds as follows: (1) feed the evenly sampled and
shuffled frames and accompanying text to the model, (2) capture the model’s output, which may
include predicted action labels, temporal descriptions, and reasoning traces, (3) compare predictions
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against ground-truth order, and (4) compute evaluation metrics such as accuracy and reasoning
consistency while also comparing performance to a human baseline. The human baseline consists of
15 trained annotators, each assigned 102 questions spanning two of the nine experimental conditions,
resulting in a total of 1,530 baseline evaluations. To collect these annotations, we developed a
web-based interface that allowed participants to independently complete their assigned experiments.
Each annotator received detailed written instructions and several practice examples to ensure a clear
understanding of the task before beginning. The platform automatically prevented participants from
completing overlapping versions of the same clip, such as both the original 4-frame and 4-frame-with-
hints conditions. Upon submission, response times were recorded for every question, and submissions
from annotators who spent unreasonably little time or showed clear misunderstanding of the task
were excluded from analysis.

3.5 EVALUATION METRICS

To evaluate model performance on frame sorting tasks, we use standard evaluation metrics including:
Pairwise Accuracy, Mean Absolute Distance (MAD), Longest Common Subsequence Ratio (LCS
Ratio), Edit Distance, and Exact Match. Results for these metrics are shown in Appendix@}

More uniquely, we evaluate performance using Kendall’s Tau. Kendall’s Tau directly measures the
degree of pairwise agreement between a model’s predicted order of events and the true chronological
order. For a sequence of n elements, it considers all @ possible pairs and determines how many
are correctly ordered relative to the ground truth. We use Kendall’s Tau-b specifically, but since all

frames have distinct positions, the variant choice does not affect results.
Formally, Kendall’s Tau-b is defined as:
(C-D)

C+D’

where C' and D denote the number of concordant and discordant pairs, respectively. The value of 7
ranges from —1 to +1, offering intuitive interpretability:

T =

* A positive value (e.g., 7 = 0.8) indicates strong agreement, meaning most pairwise orderings
are correct.

* A value near 0 reflects random ordering—effectively the random baseline, since random
guesses yield roughly equal numbers of concordant and discordant pairs.

* A negative value (e.g., 7 = —0.5) indicates systematic inversion, where a model tends to
predict the opposite of the true order.

When evaluating frame-ordering tasks, metrics like Exact Match are highly sensitive to sequence
length, since perfectly sorting all frames becomes exponentially harder as the number of frames
increases. Kendall’s Tau, in contrast, measures the relative ordering of all pairs of frames rather than
requiring a full sequence match. This means that even if a model makes some mistakes, it can still
receive partial credit for correctly ordering most frame pairs allowing for a more nuanced assessment
of how models handle temporal relationships. Additionally, the fact that the random baseline for
Kendall’s Tau is 0.0 provides an intuitive reference point for comparison as seen in Table [I]

4 RESULTS AND ANALYSIS

Performance across experimental variables revealed consistent trends in how models handled temporal
reasoning. As shown in Table[I] accuracy generally decreased as the number of frames increased,
with GPT-4o specifically dropping from 0.29 on 2-frame sequences to 0.23 on 4-frame sequences and
0.16 on 8-frame sequences. This aligns with the human baseline and reflects how adding more frames
introduces subtler or more redundant transitions, making it increasingly difficult to infer temporal
relationships. However, some smaller open-source models, such as Phi 3.5 and R-4B displayed
near-random performance even on two-frame sequences, indicating limited temporal understanding.
Video length also played an important role: although longer clips introduced greater variation in
camera angle and lighting, they provided richer temporal cues and were generally easier for models
to interpret than shorter and medium ones. The human baseline also performed slightly better on
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Table 1: Performance of evaluated models across frame-sorting experiments, reported using the
Kendall’s Tau-b metric. The original experiment corresponds to the 4-frame, medium-length video
condition with brief annotations and no hints.

Experiment GPT-40 Claude- Gemini- Gemma R-4B Phi3.5 Llava- Qwen3- Qwen3- Human

Sonnet- 3.0- 4B Vision 13B  VL-8B VL-32B Baseline
4.5 Flash
Original 0.23 0.09 0.35 -0.01  0.04 -0.01 0.07 0.14 0.14 0.54
Changing Frames
2 Frames 0.29 0.33 0.35 0.29 0.04 -0.09 0.01 0.08 0.18 0.74
8 Frames 0.16 0.09 0.29 0.03 0.00 -0.01 0.05 0.07 0.16 0.37
Changing Video Length
Short 0.16 0.11 0.26 -0.03 0.05 -0.03 0.04 0.09 0.11 041
Long 0.26 0.12 0.31 0.12 -0.04 0.00 -0.03 0.16 0.17 0.43
Changing Annotation Description
None 0.20 0.05 0.30 0.02 0.01 0.00 0.00 0.06 0.18 0.48
Comprehensive 0.27 0.15 0.44 0.01 0.03 0.07 0.08 0.11 0.12 0.55
Changing Hints

Frame 1 &3  0.28 0.50 0.65 0.12 -0.01 -0.01 -0.08 0.33 0.46 0.79
Frame2 &4  0.45 0.31 0.61 -0.02  -0.02 0.09 0.10 041 0.48 0.79

long clips compared to short clips, 0.43 compared to 0.41, yet achieved its highest score of 0.54 on
medium-length ones. These results suggest that while models benefit from abundant temporal cues,
humans perform best when sequences provide a balance between temporal span and informative
content.

Annotation quality also had a significant impact on model performance. The introduction of brief
annotations led to a substantial improvements across virtually all models, highlighting the importance
of textual guidance in aligning model predictions with video context. While the human baseline also
improved with brief annotations, the gains were smaller, reflecting humans’ ability to infer actions
directly from visual and contextual cues without heavy reliance on textual descriptions. Interestingly,
performance also improved for proprietary models when moving from brief to comprehensive annota-
tions, with Gemini 3.0 Flash increasing from 0.35 to 0.44, suggesting that these models can effectively
interpret and leverage more descriptive prompts. On the other hand, open-source models showed
little improvement, and even slight degradation, indicating that excessively long or comprehensive
textual inputs may overwhelm smaller models rather than enhance their understanding. For the human
baseline, performance also remained stable at around 0.55, indicating that comprehensive annotations
are generally unnecessary for humans to understand everyday action sequences.

In hint experiments, two frames are pre-ordered, so metric evaluation was performed only on the
two unsorted frames. Providing hint frames proved beneficial across models, though the extent of
improvement varied. Models with lower initial performance, such as Qwen 32B, exhibited the most
significant gains, nearly tripling their two-frame accuracy from 0.18 to 0.48 when hint frames were
provided. Stronger proprietary models also benefited, though to a lesser degree. Interestingly, while
the human baseline score in hint-based experiments remained comparable to the two-frame condition,
models exhibited substantial improvement. This may partly reflect their lower starting accuracy,
but also suggests that models effectively leverage the reference frames to anchor their predictions,
demonstrating genuine temporal reasoning. The relative benefit of providing hints in positions 1 and
3 versus 2 and 4 varied, indicating that no single hint configuration is superior; effectiveness depends
on the model’s existing temporal understanding and internal representation of the sequence.

Overall, proprietary models consistently outperformed open-source ones across all experiments,
with Gemini 3.0 Flash achieving a score of 0.35 on the original 4-frame experiment, whereas the
best-performing open-source model Qwen 32B reached only 0.14. Among the commercial systems,
Gemini 3.0 Flash achieved the strongest results in all categories, while GPT-40 performed slightly
better than Claude-Sonnet 4.5. In contrast, many smaller open-source models struggled with nearly
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all tasks, highlighting the limitations of smaller architectures in handling complex temporal reasoning.
The Qwen models stood out among open-source systems: both Qwen 8B and Qwen 32B demonstrated
competitive performance, with the 32B model even surpassing GPT-40 and Claude-Sonnet-4.5 in
some of the hint-based experiments. Despite these results, all models still lagged behind human
performance. Although Gemini occasionally approached human-level accuracy in a few categories,
such as 8 frame experiments, it fell notably short in others, demonstrating that current vision-language
models, while capable, still lack robust generalization in fine-grained temporal reasoning.

5 FINE-TUNING

We explore two low-rank adaptation (LoRA) fine-tuning strategies to enhance temporal reasoning in
vision-language models using Qwen3-VL-8B-Thinking as the base-model architecture. This model
was selected because it is open-source, demonstrated above-random performance on our benchmark,
and thus provides meaningful room for improvement.

5.1 FINE-TUNING APPROACHES

LM-Only LoRA Fine-Tuning. In this setup, only the language model component of Qwen3-VL-
8B-Thinking is fine-tuned, while the vision encoder remains completely frozen. LoRA adapters
are applied to the g_proj and v_proj layers, corresponding to the query and value projection
layers in the attention blocks. Two frames are provided to the model along with a textual prompt
asking, “Does Frame A or Frame B happen first?” The images are processed by the frozen vision
encoder into embeddings, which are concatenated with text embeddings and passed to the LLM.
The model is trained to output either “A” or “B” as a single token. During training, we extract the
logits corresponding to the “A” token and “B” token at the final generation position, stack them into
a two-class tensor, and compute cross-entropy loss against the ground truth label (1 if A precedes
B, 0 otherwise). This approach enables the language model to learn temporal reasoning patterns
given static visual embeddings. The LLM learns how to interpret visual feature representations in
combination with textual cues and scene context to infer which frame occurs earlier in time.

Joint LM + Vision Encoder LoRA Fine-Tuning. The second approach fine-tunes both the language
model and vision encoder simultaneously. As shown in Figure @] LoRA adapters are applied to
the g_proj and v_proj layers of the LLM, as well as to the gkv, proj, fc1, and fc2 layers
in the vision encoder. The input format and loss function are identical to the LM-Only setup. By
updating both components, this approach allows the vision encoder to learn feature representations
that are directly optimized for temporal ordering, while the LLM simultaneously learns to interpret
these evolving features. This joint fine-tuning fosters co-adaptation between visual and language
representations for improved temporal reasoning.

Common Setup. All experiments use the Qwen3-VL-8B-Thinking base model with 4-bit NF4
quantization to fit within GPU memory constraints. To perform fine-tuning, we created a separate
egocentric dataset comprising approximately 4,800 briefly annotated frame pairs, entirely disjoint
from the videos used in our benchmark. Each 4-frame clip produces six unique frame pairs, and by
considering both possible temporal directions, each yields twelve training examples. Of these 4,800
pairs, 1,000 were held out for validation and testing, leaving 3,800 pairs for training. Both fine-tuning
strategies were trained for 12 epochs on a single NVIDIA A100-SXM4 GPU.

5.2 EVALUATION METHODOLOGY

To evaluate the temporal reasoning capabilities of our fine-tuned models, we adopt a slightly modified
version of our benchmark that leverages pairwise frame comparisons. Since the models were trained
with a pairwise temporal objective, asking them to sort all frames at once can be challenging and prone
to compounding errors. Breaking the task into binary comparisons simplifies evaluation, mitigates
positional biases by randomizing frame presentation as “A” or “B,” and allows us to leverage the
model’s confidence via logits rather than generated text.

For each clip, all (];[ ) frame pairs are generated. Each pair is randomized in presentation, accompanied
by the scene context from metadata, and the model is prompted to select the frame that occurred
earlier. We adopt this pairwise approach because the model was fine-tuned specifically to predict,
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Table 2: Performance of base and fine-tuned Qwen3-VL-8B-Thinking models across frame-sorting
experiments with varying numbers of frames, measured with Kendall’s Tau rank correlation.

Frame Count Base Model LM-Tuned Joint-Tuned

2 Frames 0.08 0.23 0.12
4 Frames 0.03 0.17 0.13
8 Frames 0.03 0.11 0.08

for any given pair, which frame comes first based on the higher logit for “A” or “B.” The logits
corresponding to “A” and “B” are compared, with the higher logit indicating the predicted earlier
frame. If the frames were swapped for randomization, the prediction is mapped back to the correct
original frame indices. Each frame accumulates a “win count,” representing the number of pairwise
comparisons in which it was predicted as occurring first. After all pairwise comparisons are processed,
frames are ranked by their win counts, with ties resolved using the head-to-head result of the tied
frames. This procedure naturally scales to clips with more frames; for example, 8-frame clips require
28 pairwise comparisons, with maximum wins for the earliest frame and zero for the latest. For the
experiments in this section, each model is evaluated on 100 clips per experiment. The predicted
sequences are evaluated against ground truth using Exact Match and Kendall’s Tau, with Kendall’s
Tau serving as the primary measure of temporal ordering accuracy. Together, these two metrics
capture both coarse and fine-grained aspects of temporal reasoning performance.

5.3 RESULTS

We evaluated both fine-tuning strategies on the modified temporal ordering experiments described
earlier. As shown in Table [2} both approaches improved performance over the pretrained Qwen3-
VL-8B-Thinking baseline, demonstrating that targeted adaptation can enhance temporal reasoning in
VLMs. The LM-Only LoRA fine-tuning yielded the strongest gains, with Kendall’s Tau increasing
from 0.03 to 0.17 for 4-frame clips, indicating that even when the vision encoder remains frozen,
the language model can learn to interpret static visual embeddings in a temporally meaningful way.
By optimizing the query and value projection layers, the LM becomes more adept at reasoning
about visual relationships expressed through embeddings, effectively learning temporal patterns in
contextual cues.

The Joint LM + Vision Encoder LoRA strategy also improved performance relative to the baseline,
achieving a Kendall’s Tau of 0.13 on 4-frame clips, providing evidence that co-adaptation between
the language and vision components can enhance temporal reasoning. However, its gains were
smaller than the LM-Only approach, likely due to the limited size of our dataset, which constrains
the model’s ability to safely fine-tune the vision encoder without overfitting (see limitations section
in Appendix [B). Another way to observe improvements for 4-frame clips is through the Exact Match
metric: the base model correctly predicted only 3 sequences, whereas both LM-Only and Joint
fine-tuned models predicted 11 exact sequences correctly.

Taken together, these results demonstrate that VLMs are capable of learning temporal reasoning
behaviors through fine-tuning. The fact that improvements arise even from lightweight LoRA
adaptation highlights that temporal understanding can be developed efficiently, without retraining the
entire model from scratch. Moreover, the differing outcomes between LM-only and joint fine-tuning
emphasize the importance of dataset size when adapting vision encoders, providing practical guidance
for future work.

6 CONCLUSION

In this work, we presented EGO-FLIGHT, a comprehensive egocentric video dataset and benchmark
designed to evaluate temporal reasoning in vision-language models. By focusing on the chronological
ordering of individual frames from continuous, first-person recordings, our benchmark isolates tem-
poral reasoning from motion cues and provides a direct, interpretable measure of model performance.
Our experiments show that existing VLMs struggle with this task, particularly as the number of
frames increases or visual changes become subtle, highlighting a gap between current models and
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human-level performance. We further demonstrate that two LoRA fine-tuning strategies applied on a
separately curated training dataset improves temporal reasoning abilities. These results underscore
the importance of high-quality, task-specific datasets for enhancing temporal understanding and we
hope our work advances future research in real-world reasoning tasks that more closely align VLMs
with human temporal comprehension.
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A ABLATION ON INITIAL SHUFFLE ORDER

A.1 METHODOLOGY

The goal of this ablation experiment is to assess how sensitive the model’s performance is to the
initial ordering of input frames in the frame-ordering task. To do so, we constructed a small dataset
of 10 medium-length clips, each consisting of 4 frames, and ran Gemini 3.0 Flash on all 24 possible
permutations of the frames for each clip using the baseline configuration. For each permutation, we
recorded the model’s predicted order and computed Kendall’s Tau metric relative to the ground truth.
By grouping results according to permutation, this analysis quantifies the extent to which current
vision-language models are affected by arbitrary input shuffles and highlights the effect the initial
shuffle has on a model’s benchmark performance.

A.2 RESULTS AND ANALYSIS

As shown in Figure |3] results of our ablation study shows that performance varies substantially
depending on the input permutation order, with Kendall’s 7 ranging from —0.233 to 0.933 and an
overall mean of 0.378 (¢ = 0.274). The distribution was right-skewed, with a median of 0.400 and
an interquartile range of 0.417. Most permutations yielded positive correlations, but two permutations
(3,1,4,2 and 4,2,1,3) produced negative correlations, indicating that particular input orderings can
lead to performance worse than random chance.

A pronounced first-position anchoring effect was observed. When the correct first frame appeared in
the first input position, the model achieved a mean 7 of 0.667. Performance declined sharply when
Frame 1 was presented in later positions: position 2 (0.283), position 3 (0.267), and position 4 (0.294).
This indicates that the model heavily anchors its temporal reasoning on the first frame in the input
sequence, often incorrectly assuming it represents the chronological beginning, even when explicitly
prompted that frames are out of order. A weaker but similar “last-position anchoring” effect was also
evident: performance improved when the correct last frame appeared later in the input sequence, with
T increasing from 0.256 at position 1 to 0.528 at position 4. These effects demonstrate that the model
relies on positional cues rather than purely on visual-temporal information.

Performance exhibited a clear negative correlation with input disorder, measured by the number
of pairwise inversions in the input sequence. With O inversions (correct order 1,2,3,4), the model
achieved near-perfect performance with 7 = 0.933. Performance declined progressively with more
scrambled inputs: 1 inversion (0.600), 2 inversions (0.453), 3 inversions (0.339), and 4 inversions
(0.187). Although the relationship was not strictly monotonic—permutations with 5 inversions
occasionally outperformed those with 4—the overall trend showed that more scrambled inputs led to
worse temporal reconstruction. The fully reversed permutation (4,3,2,1) achieved only 7 = 0.200,
highlighting the model’s reliance on input order as a heuristic rather than genuine visual reasoning.

The top-performing permutations were those that preserved the correct first frame or maintained
frames close to their true temporal order, including 1,2,3,4 (7 = 0.933), 1,3,4,2 (7 = 0.667), and
1,4,3,2 (r = 0.667). Conversely, the worst-performing permutations typically placed later frames
first, such as 3,1,4,2 (r = —0.233) and 4,2,1,3 (7 = —0.133). These results reveal a fundamental
limitation of current vision-language models: strong sensitivity to frame position, which can confound
evaluations of temporal reasoning.

These findings have important implications for benchmark design and model evaluation. Evaluation
protocols must randomize input order, as testing only on correctly-ordered or consistently-shuffled
sequences produces misleading performance estimates. Single-permutation evaluations are unreliable;
for instance, the model appears near-perfect on the forward permutation but can perform worse than
random on other orderings. The first-position anchoring effect further suggests that models may learn
spurious correlations between input position and temporal order rather than true temporal reasoning.

To mitigate position bias in our main evaluation, we adopted a balanced sampling approach in which
each of the 156 video clips was evaluated across uniformly random permutations, ensuring that every
frame had an equal probability of occupying each input position. To maintain consistency across
models, we recorded the specific shuffled orders used for each question when evaluating the first model
and reused these exact orders for all subsequent models. This procedure ensures that differences in
performance reflect genuine model variation rather than inconsistencies in input ordering. Evaluating
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Frame Sorting Performance by Input Permutation
(gemini-3-flash-preview, 10 clips)
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Figure 3: Frame-sorting performance of Gemini 3 Flash across all 24 possible input permutations of
4 frames, evaluated on 10 video clips. Kendall’s Tau ranges from —0.23 to 0.93. Bars are colored
green/orange for positive correlations and red for negative correlations. The dashed blue line at
y = 0.378 represents the mean Kendall’s Tau across all permutations.

a large number of clips with uniformly random permutations averages out positional biases and
provides a more accurate estimate of each model’s true visual-temporal reasoning capability. This
analysis thus serves as a diagnostic tool for quantifying position bias, while our main evaluation
methodology explicitly attempts to account for it through balanced sampling and consistent shuffling
across models.

B LIMITATIONS

Our study has several notable limitations that suggest directions for future work. First, the fine-
tuning experiments were conducted on a relatively small dataset of pairwise frame comparisons,
which limited the generalization capacity of the jointly tuned LM + Vision Encoder model and led
to overfitting. Expanding the training set with additional egocentric clips or synthetic temporal
augmentations could allow more stable joint adaptation and reveal the true extent of how large-
scale multimodal tuning affects temporal reasoning. Based on prior studies, we expect that with
a sufficiently large dataset, this LM + Vision Encoder fine-tuning strategy would further improve
temporal performance beyond what LM-only fine-tuning achieved (Zanella & Ayed| 2024} [Sun et al.,

2024).

Second, while our random permutation strategy helps mitigate the positional bias revealed in our
permutation robustness analysis, it does not fully eliminate it. The pronounced order sensitivity
observed in our experiments suggests that more principled bias correction such as adversarial
permutation testing, order-invariant representations, or explicit positional debiasing during training
remains an open challenge. Prompt design also had a strong influence on model performance, with
open-source models frequently struggling under complex instructions, particularly in hint-based
experiments. Although our study provides initial insights, we acknowledge that the statistical rigor
is limited; future work could expand on this by examining variance across multiple random seeds
or analyzing confidence intervals to better quantify model reliability. In addition, future studies
could also more carefully investigate the effects of prompts, exploring why models are so sensitive to
prompt design and how different formulations impact performance.

Finally, computational and financial constraints prevented us from evaluating the most recent or
largest proprietary and open-source models, limiting the completeness of our cross-model comparison.
Extending this benchmark to state-of-the-art frontier models would provide a clearer understanding
of scaling effects and architectural trends in temporal reasoning. Additionally, performing fine-tuning
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experiments on a broader set of models could further validate the effectiveness of the two LoRA
tuning strategies and provide stronger evidence of its benefits.
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Figure 4: Architecture of the joint language—vision fine-tuning approach. LoRA adapters are applied
to both the LLM (q and v projection layers) and the vision encoder (qkv, proj, fcl, fc2 layers),
allowing the vision encoder to learn feature representations optimized for temporal ordering while
the LLM simultaneously learns to interpret these evolving features.
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D RESULTS FOR OTHER METRICS

Table 3: Performance of all evaluated models across nine frame-sorting experiments, reported using
the Pairwise Accuracy metric.

Experiment GPT-40 Claude- Gemini- Gemma R-4B Phi 3.5 Llava- Qwen3- Qwen3- Human

Sonnet- 3.0- 4B Vision 13B  VL-8B VL-32B Baseline
4.5 Flash
Original 0.61 0.54 0.67 0.49 052 049 053 057 0.56 0.77
Changing Frames
2 Frames 0.65 0.67 0.67 0.63 052 046 051 054 0.59 0.87
8 Frames 0.56 0.54 0.65 0.50 050 050 0.52 0.53 0.59 0.68
Changing Video Length
Short 0.58 0.55 0.63 0.48 053 048 052 0.55 0.55 0.70
Long 0.53 0.56 0.65 0.56 048 050 049 0.58 0.59 0.72
Changing Annotation Description
None 0.60 0.52 0.65 0.51 0.50 0.50 0.50 0.53 0.59 0.74

Comprehensive 0.63 0.58 0.72 0.50 051 053 054 055 0.56 0.78

Changing Hints

Frame1&3 0.64 0.75 0.82 0.56 049 050 046 0.67 0.73 0.89
Frame2 &4  0.73 0.65 0.80 0.49 049 055 055 071 0.74 0.89

Table 4: Performance of all evaluated models across nine frame-sorting experiments, reported using
the Mean Absolute Distance (MAD) metric. Lower MAD values indicate better performance.

Experiment GPT-40 Claude- Gemini- Gemma R-4B Phi3.5 Llava- Qwen3- Qwen3- Human

Sonnet- 3.0- 4B Vision 13B  VL-8B VL-32B Baseline
4.5 Flash
Original 0.99 1.13 0.80 1.25 120 126 1.19 1.05 1.08 0.56
Changing Frames
2 Frames 0.35 0.33 0.33 0.41 048 0.54 049 046 0.41 0.13
8 Frames 2.34 2.35 1.90 2.69 261 268 250 242 2.14 1.70
Changing Video Length
Short 1.06 1.10 0.88 1.34 120 131 123 1.14 1.08 0.75
Long 1.51 1.07 0.87 1.08 129 127 129 1.06 1.01 0.97
Changing Annotation Description
None 1.00 1.20 0.91 1.25 122 121 126 1.13 1.05 0.63
Comprehensive 0.93 1.04 0.71 1.32 120 1.19 121 1.07 1.06 0.59
Changing Hints

Frame1&3  0.36 0.25 0.18 0.44 051 050 054 033 0.27 0.23
Frame2 &4  0.27 0.35 0.20 0.51 051 061 045 029 0.26 0.25
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Table 5: Performance of all evaluated models across nine frame-sorting experiments, reported using
the Longest Common Subsequence Ratio (LCSR) metric.

Experiment GPT-40 Claude- Gemini- Gemma R-4B Phi3.5 Llava- Qwen3- Qwen3- Human

Sonnet- 3.0- 4B Vision 13B  VL-8B VL-32B Baseline
4.5 Flash
Original 0.68 0.62 0.72 0.60 0.61 0.60 0.63 0.66 0.66 0.79
Changing Frames
2 Frames 0.82 0.83 0.84 0.80 076 073 075 0.77 0.79 0.94
8 Frames 0.54 0.51 0.60 0.46 046 047 049 051 0.51 0.61
Changing Video Length
Short 0.66 0.65 0.72 0.59 062 059 062 0.64 0.67 0.75
Long 0.55 0.64 0.72 0.63 059 0.61 061 0.64 0.67 0.76
Changing Annotation Description
None 0.68 0.63 0.72 0.59 063 0.61 061 0.64 0.67 0.79
Comprehensive 0.70 0.67 0.74 0.59 062 0.63 063 0.64 0.67 0.73
Changing Hints

Frame 1 &3  0.82 0.87 0.91 0.78 075 075 073 0.83 0.86 0.90
Frame2 &4  0.86 0.83 0.90 0.75 075 070 0.77 0.85 0.87 0.89

Table 6: Performance of all evaluated models across nine frame-sorting experiments, reported using
the Edit Distance metric. Lower values indicate better performance.

Experiment GPT-40 Claude- Gemini- Gemma R-4B Phi 3.5 Llava- Qwen3- Qwen3- Human

Sonnet- 3.0- 4B Vision 13B VL-8B VL-32B Baseline
4.5 Flash
Original 2.15 2.47 1.78 2.64 253 268 248 220 2.27 1.32
Changing Frames
2 Frames 0.71 0.67 0.65 0.75 096 1.09 099 092 0.82 0.25
8 Frames 5.44 5.74 4.90 6.32 6.57 654 6.15 587 5.70 5.18
Changing Video Length
Short 2.15 2.25 1.78 2.85 257 274 264 236 2.08 1.65
Long 2.46 2.28 1.95 2.45 276 261 268 230 2.10 1.66

Changing Annotation Description

None 2.15 2.49 1.94 2.69 247 255 266 232 2.24 1.35
Comprehensive 2.00 222 1.76 2.73 247 246 268 223 2.14 1.36

Changing Hints

Frame1&3 0.73 0.50 0.35 0.88 1.01 1.00 1.08 0.67 0.54 0.53
Frame2 &4  0.56 0.69 0.39 1.02 1.02 092 090 0.59 0.52 0.67
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Table 7: Performance of all evaluated models across nine frame-sorting experiments, reported using
the Exact Match Rate metric.

Experiment GPT-40 Claude- Gemini- Gemma R-4B Phi 3.5 Llava- Qwen3- Qwen3- Human

Sonnet- 3.0- 4B Vision 13B  VL-8B VL-32B Baseline
4.5 Flash
Original 0.14 0.06 0.28 0.05 0.02 003 0.06 0.13 0.12 0.48
Changing Frames
2 Frames 0.65 0.67 0.67 0.63 052 046 051 054 0.59 0.87
8 Frames 0.01 0.00 0.05 0.00 0.00 0.00 0.00 0.01 0.00 0.03
Changing Video Length
Short 0.14 0.12 0.31 0.02 0.03 0.02 0.04 0.10 0.20 0.35
Long 0.14 0.08 0.25 0.10 0.03 0.04 0.00 0.11 0.16 0.31
Changing Annotation Description
None 0.15 0.08 0.21 0.03 0.07 0.04 0.05 0.09 0.12 0.48

Comprehensive 0.21 0.16 0.24 0.02 0.03 0.11 0.08 0.14 0.17 0.44

Changing Hints

Frame1&3  0.63 0.75 0.82 0.56 049 050 046 0.67 0.73 0.74
Frame2 &4  0.71 0.65 0.80 0.49 049 053 054 071 0.74 0.67

E EXPERIMENTS RAN

Table 8: Experimental design showing the nine experiments conducted and the values of each
experimental variable.

Experiment | Number of Frames | Video Length | Annotation Level | Hint Level
1 2 Medium Some No Hints

2 4 Medium Some No Hints

3 8 Medium Some No Hints

4 4 Short Some No Hints

5 4 Long Some No Hints

6 4 Medium None No Hints

7 4 Medium Comprehensive No Hints

8 4 Medium Some Frame 1 & 3
9 4 Medium Some Frame 2 & 4

F BRIEF AND COMPREHENSIVE ANNOTATION EXAMPLES

F.1 BRIEF ANNOTATIONS

For the top action of Figure[2}

"A person uses a spatula to transfer cooked food pieces from a
skillet into a metal tray."

For the middle action of Figure 2}
"A person is restocking a vending machine with bags of Jjerky."

For the bottom action of Figure [%}

"A person is shown folding a black and white striped
long-sleeved shirt on a bed"

F.2 COMPREHENSIVE ANNOTATIONS
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For the top action of Figure 2}

"In this video, a person is seen cooking in a kitchen. The
individual is actively engaged in transferring cooked food from
a stainless steel skillet to a rectangular metal tray. The
person uses a metal spatula to scrape and lift the meat pieces
out of the skillet, which is positioned on a modern-looking gas
stove. The tray, already partially filled with similar food
pieces, sits on a wooden countertop next to the stove. To the
left of the tray, there’s a stainless steel pot containing

some green leafy vegetables, possibly cabbage. The person
carefully moves each piece, ensuring the skillet is emptied.
The overall scene is captured from a top-down, slightly angled
perspective, highlighting the food preparation process in a
well-1it kitchen."

For the middle action of Figure[2}

"The video starts with a close-up of a person’s hands as

they restock a vending machine. The person is seen placing
individual snack bags into the metal coils of the machine. The
first snack being placed is a white and orange bag, likely
containing dried jerky. They carefully slide each bag into

the slots between the spiral wires. After filling one slot,
they pick up another identical bag from a pile below and repeat
the process for the next slot in the row. The person continues
to fill the row with the white and orange bags, one by one,
ensuring each is properly seated in the coil mechanism. The
lighting inside the machine is bright. The video captures the
repetitive and precise nature of restocking a vending machine."

For the bottom action of Figure 2}

"The video captures a first-person perspective of a person
folding a black and white striped long-sleeved shirt on a white
bed. The process begins with the shirt laid out flat. The
person first folds the right side of the shirt towards the
middle, smoothing it down. Next, they repeat the action with
the left side, bringing it towards the center to form a long,
narrow rectangle. After smoothing the fabric again, they fold
the bottom third of the shirt upwards, followed by another fold
to the top, resulting in a compact, square shape. Finally, they
pick up the neatly folded shirt and place it to the side next
to other items of clothing, including a white piece and a red
floral patterned garment."

G PROMPTS
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PROPRIETARY MODEL WITHOUT HINTS

You are shown [total frames] frames from a video. These frames
have been shuffled and are NOT in their original order. The
labels "Frame 1", "Frame 2", etc. Refer to the order they
appear in this message, not chronologically.

The video shows: [scene context]

Your task: Determine the correct chronological order of these

frames based on the visual content.
1. Briefly describe what you observe in each frame.
2. Explain your reasoning for the temporal order based on:
* Object positions and movements

* Progress of any actions being performed
* Any other visual cues that indicate sequence

3. Finally, provide your answer in this format:
The correct temporal order is: [comma—-separated frame numbers]

For example (with 8 frames): "The correct temporal order is:
5 2, 8, 1, 4, 7, 3, 6"

PROPRIETARY MODEL WITH HINTS

You are shown [total frames] frames from a video. These frames
have been shuffled and are NOT in their original order. The
labels "Frame 1", "Frame 2", etc. refer to the order they

appear in this message, not their chronological order.
HINTS PROVIDED: [hint frames description]

CRITICAL HINT INFORMATION: The frames marked as HINTS above are
shown to you with their CORRECT temporal positions explicitly
stated. These hint frames MUST remain in their specified
positions in your final answer. For example, if a hint says
"Frame X should be in temporal position YY", that means in the
final temporal sequence, Frame X MUST be at position Y —-- you
cannot move it to a different position. Use these fixed hint
frames as anchor points to determine where the remaining frames
should go.

The video shows: [scene context]

Your task: Determine the correct chronological order of these
frames based on the visual content.

1. Briefly describe what you observe in each frame.

2. Explain your reasoning for the temporal order based on:
* Object positions and movements
* Progress of any actions being performed
* Any other visual cues that indicate sequence

3. Use the fixed hint frames as anchor points to determine
where the remaining (non-hint) frames should be placed.

4. Finally, provide your answer in this format:

The correct temporal order is: [comma-separated frame numbers]

For example (with 8 frames): "The correct temporal order is:
5 2, 8, 1, 4, 7, 3, 6"
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OPEN-SOURCE MODEL WITHOUT HINTS

You are shown [total frames] frames from a video. These frames
have been shuffled and are NOT in their original order. The
labels "Frame 1", "Frame 2", etc. refer to the order they

appear in this message, not their chronological order.
The video shows: [scene context]

Your task: Determine the correct chronological order of these
frames based on the visual content.

First, briefly describe what you observe in each frame. Then
explain your reasoning for the temporal order based on:

* Object positions and movements
* Progress of any actions being performed
* Any other visual cues that indicate sequence

Finally, provide your answer in this format:

"The correct temporal order is: [comma—-separated frame
numbers]"
For example (with 8 frames): "The correct temporal order is:

5 2, 8, 1, 4, 7, 3, 6"
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OPEN-SOURCE MODEL PROMPT WITH HINTS

The hint-based experiments involved two possible answer options, as two of the four frame positions
were already provided as reference points. For open-source models, we explicitly specified these two
valid answer options to focus evaluation on their ability to infer the relative order of the remaining
frames, rather than on interpreting longer, multi-step instructions. Proprietary models, by contrast,
were able to handle open-ended prompts reliably, so we preserved the original format.

You are shown [total_frames] frames from a video. These frames
have been shuffled and are NOT in their original order. The
labels "Frame 1", "Frame 2", etc. refer to the order they

appear in this message, not their chronological order.
The video shows: [scene context]

GUARANTEED CORRECT HINTS (you MUST use these exactly):
[hint_frames_description]

Your task:

1. Look at Frame [non_hint a] and Frame [non_hint b] -- these
are the only frames you need to decide about.

2. Describe what you see in each of the four frames.

3. Decide: which one ([non_hint a] or [non_hint b])
happened 1st chronologically? Which one happened 3rd
chronologically?

CRITICAL: Your final answer MUST have EXACTLY 4 numbers
separated by commas.

The format is: The correct temporal order is: X, [hint_pos2],
Y, [hint_pos4]

Where X must be either [non_hint a] or [non_hint b], and Y must
be the other one.

There are ONLY 2 valid answers:

* The correct temporal order is: [non_hint a], [hint_pos2],
[non_hint b], [hint_pos4]

* The correct temporal order is: [non_hint b], [hint_pos2],
[non_hint a], [hint_pos4]

You MUST choose one of these two options.
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H ADDITIONAL DATASET INFORMATION

Table 9: Summary of our egocentric benchmark dataset. Counts and distributions of key properties
are provided along with examples.

Category / Property Count / Description | Examples

Total Clips 1,056 Continuous egocentric recordings spanning diverse ev-
eryday activities

Action Categories 58 Pouring, folding, stacking, opening containers, cleaning,
etc.

Environments 14 Kitchen, office, living room, backyard, warehouse, etc.

Participants 1-2 per clip All adults; mixed genders

Occlusion Characteristics | Varies Hand or utensil partially occludes objects; occasional
objects out of frame due to camera shifts

Motion Characteristics Varies Fast, slow, repetitive, abrupt, or subtle hand/object move-

ments

Table 10: Summary of our egocentric LoRA training dataset. Counts and distributions of key
properties are provided along with examples.

Category / Property Count / Description | Examples

Total Clips 421 Egocentric recordings collected for LoRA fine-tuning
experiments

Action Categories 17 Bathing, tidying, packing, ironing, decluttering, unbox-
ing, etc.

Environments 12 Kitchen, bathroom, library, living room, outdoors, etc.

Participants 1-2 per clip Mostly adults; mixed genders

Occlusion Characteristics | Varies Hand or utensil partially occludes objects; occasional
objects out of frame

Motion Characteristics Varies Fast, slow, repetitive, abrupt, or subtle hand/object move-

ments

I CODE AND DATASET AVAILABILITY

Code Repository: https://anonymous.4open.science/r/EGO-FLIGHT-37BF/

Partial Dataset: https://zenodo.org/records/18407442

The supplementary dataset includes a subset of the full EGO-FLIGHT dataset consisting of 256 short
videos. The full dataset will be publicly released upon acceptance of the paper.
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