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1. Introduction

Understanding the physical world through visual input
is one of the hallmarks of intelligence. The visual world
is indexed by a range of objects and we humans attend
to them to understand environments and their dynamic
changes. Recent advances in Multimodal Large Lan-
guage Models (MLLMs) and Vision-Language Models
(VLMs) have brought us closer to emulating this ca-
pability in AI, yet crucial gaps remain in their ability
to comprehend how the physical world unfolds over
time. This thesis introduces a new benchmark aimed
at evaluating the capacity of many MLLMs to under-
stand dynamic, object-centric changes in videos. This
work focuses on four core dimensions of visual rea-
soning: object state recognition, temporal under-
standing, spatial localization, and counting-based
reasoning.

While my prior work has studied object states in
static images [14], real-world understanding demands
the capacity to process continuous events. This moti-
vates the need to extend the work of dynamic object
understanding to video. Temporal ordering of transfor-
mations (e.g., slicing before boiling), tracking the spa-
tial movement of objects across frames, and enumer-
ating the sequence actions in an event are essential
components of physical scene understanding. With-
out these, AI models will continue to be jagged in their
intelligence: good at summarizing video or listing ob-
jects of interest, but lacking some of the deeper, fine-
grained aspects of visual intelligence. Recent multi-
modal large language models (MLLMs) have demon-
strated impressive general visual understanding, in-
cluding captioning, retrieval, and question-answering.
However, understanding dynamic real-world scenes
requires perceptual grounding, temporal reasoning,
and spatial precision. This benchmark, which we re-
fer to as the Dynamic Visual Understanding Bench-
mark (DynaVis), is designed to test these capabili-
ties using natural, egocentric and third person videos
from the VOST [17] and VidOSC [21] datasets. We
include multiple question formats, including multiple
choice and numerical, covering various aspects of vi-

sual intelligence.
Most existing benchmarks evaluate visual under-

standing through image-text alignment or retrieval
tasks, which, while valuable, do not capture the
deeper reasoning required for the physical under-
standing of dynamic scenes. For example, LLaVA-
Video [10] and Qwen2.5-VL [1] excel at many visual
reasoning tasks, but in our benchmark they fail to con-
sistently answer questions correctly on spatial under-
standing and temporal ordering. Meanwhile, work like
”Thinking in Space” [22] and ”Hour-Video” [2] shows
that even proprietary models struggle when tested
on tasks that require spatial, perceptual, and other
types of visual reasoning. These insights motivated
the creation of a benchmark specifically targeting dy-
namic and object-centric reasoning in naturalistic
videos.

To build this benchmark, we developed a structured
protocol for question generation. First, we define the
core reasoning skills that we wished to evaluate:

• State Recognition – Can the model identify the
physical states of objects (e.g., raw, cooked, sliced)
and how they change?

• Temporal Reasoning – Can the model determine
the sequence of actions or transformations?

• Counting and Enumeration – Can it count objects
or track how many actions or state changes oc-
curred?

• Spatial Understanding – Can it determine where
objects move, end up, or are placed across the
course of the video?

For each category, we manually authored questions
over a set of videos from two datasets—26 from VOST
and 5 from VidOSC—totaling 120 carefully crafted ex-
amples. These seeds were then used to guide a GPT-
4o based generation pipeline, in which we supplied
detailed, manually written descriptions of over 125
videos. These descriptions averaged 163.93 words
and included precise accounts of object transforma-
tions, spatial configurations, and action sequences.
This system produced 317 questions for VOST and 80
for VidOSC. All questions and answer choices were
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manually verified for visual grounding, diversity, and
correctness.

We evaluate a suite of models including LLaVA
models, InternVideo models [3, 20], CogVLM2,
Qwen2.5-VL [1], Vamba [16], also we run smaller,
open ended, experiments with Gemini 2.5 Pro Exper-
imental (03-25). Despite their impressive capabilities
on other benchmarks, we find a consistent underper-
formance across all categories—especially for spatial
localization and counting, which saw accuracy rates
as low as 6–14%. Even state recognition and tempo-
ral understanding remain challenging in video as we
show by our quantitative experiments and qualitative
analysis.

We present an error taxonomy categorizing com-
mon model failure modes: hallucination, confabula-
tion, undercounting/overcounting, incorrect temporal
order. We also supplement our benchmark with quali-
tative error analysis, deeper insight into spatial under-
standing, and open-ended evaluations using Gemini
Pro.

In summary, our Key Contributions:

Key Contributions

• DynaVis, a new benchmark designed to
evaluate visual understanding of object dy-
namics in videos across four axes: state,
temporal, spatial, and counting reasoning.

• A suite of zero-shot evaluations across
many MLLMs.

• A taxonomy of error types (e.g., spa-
tial mislocalization, hallucination) and fine-
grained breakdowns of spatial understanding
question types (containment, trajectory, etc.).

• Open-ended generation experiments
showing that fluency in generation often
masks deep perceptual failures, even in
proprietary models like Gemini 2.5 Pro.

• An empirical analysis of question for-
mat effects, showing that converting count-
ing questions to MCQ helps some models but
misleads others.

We hope this work will serve as a stepping stone to-
ward building multimodal models with deeper ground-
ing in the physical world—models that don’t just de-
scribe what they see but can track, reason, and infer
about how objects change and interact over time.

2. Benchmark

In this section we discuss our Dynamic Visual Under-
standing Benchmark (DynaVis). This benchmark in-

cludes 517 question-answer pairs across 125 videos.
We pull our videos from two different data sources and
evaluate them separately.

2.1. Motivation and Design Goals

Many existing video understanding benchmarks as-
sess models through high-level retrieval, captioning,
or question-answering tasks. In another light, we fo-
cus on evaluating object-centric, dynamic visual rea-
soning. Specifically, we set out to rigorously assess a
model’s ability to reason about object transformations,
track and recognize spatial relations, or temporal or-
derings.

Inspired by the observation that humans can effort-
lessly recognize when a tomato has been sliced, when
liquid has filled a cup, or when a cereal box has been
taken from the kitchen to the cupboard, we design our
benchmark to test whether models can perform these
same types of grounded perceptual inferences from
video.

We focus on egocentric and third-person videos
depicting natural interactions with objects—often in-
volving cooking, cleaning, organizing, and tool
use—where objects undergo state changes and spa-
tial movement. These scenarios require temporal pre-
cision, action recognition, understanding causality and
object permanence.

Our design goals are as follows :
• Emphasize visual grounding, requiring models

to base their answers on what is visible in the
frames—not just what is probable.

• Include diverse reasoning tasks, probing comple-
mentary abilities like spatial tracking, temporal or-
dering, and quantitative estimation.

• Use naturalistic data, using real-world videos from
VOST and VidOSC instead of synthetic or over-
curated clips.

2.2. Reasoning Categories

We define our benchmark based on four core cate-
gories of inference. These categories serve both as
the organizational backbone of our benchmark and as
explicit subskills we hypothesize to be critical for gen-
eral physical scene understanding:

State Recognition Under this category, we test the
model to see if it can identify the general object dy-
namics in the video. In particular, over the course of
the video for one or multiple objects, we investigate
if models can infer the current state of an object or
recognize that a transformation has occurred. This
includes changes in material (e.g., raw → cooked),



Figure 1. Example questions from the DynaVis Benchmark Each row represents one of the four core reasoning categories:
Spatial Understanding, Object State Recognition, Temporal Reasoning, and Counting & Action Enumeration. Ques-
tions are paired with representative video frames to visually ground the task. Counting questions are open-ended and do not
include multiple choice options, unlike the other categories.

form (e.g., whole → sliced), or condition (e.g., full →
empty).

Temporal Reasoning For temporal reasoning, we
investigate if models can recollect the order of actions
or events in the video. Questions in this category re-
quire understanding the sequence in which actions
and transformations occurred. Typically questions in-
clude asking which action occurred first in the video,
last in the video, or in relation another action.

Counting and Enumeration This category tests
MLLMs’ counting abilities. Can the model count ob-
jects, actions, or state transitions? These questions
measure the model’s ability to track repeated interac-
tions and maintain quantitative information across a
video sequence. We acknowledge this has been an
exceedingly difficult task for feed-forward networks.

Spatial Understanding Lastly, we test spatial un-
derstanding. Can the model track where objects are
located, how they moved, or where they ended up?
These questions probe for object permanence, rela-
tive positioning, and movement-based reasoning over
time.

Each of these categories is designed to isolate a
specific form of perceptual reasoning. These cat-
egories are also dependent on each other. For
instance, correctly answering a temporal reasoning

question could require identifying the states involved
in a transformation.

2.3. Dataset Selection

To evaluate dynamic visual understanding in realis-
tic conditions, we get our video data from two com-
plementary datasets: VOST [17] and VidOSC [21].
Both datasets feature object-centric state transforma-
tions in video, but they differ in resolution, camera an-
gle, structure, and complexity. This allows us to probe
model capabilities across diverse challenges.

VOST The first dataset we use is the Video Object
Segmentation under Transformations(VOST) Dataset.
This dataset is uniquely suited for testing physical rea-
soning in video. It contains 713 high-resolution, ego-
centric videos, each depicting clear object transforma-
tions. This dataset was originally designed for video
object segmentation through physical transformations,
making it a prime candidate to be a testbed for under-
standing dynamic object changes. VOST captures the
temporal extent of each change, and includes objects
that undergo visually significant alterations in shape,
texture, and physical state.

A significant aspect of VOST videos is that they
are naturalistic and require minimal additional cura-



tion. The videos are human-like: egocentric and fea-
turing no jump cuts or text overlays. As a result, the
videos preserve the spatial and temporal continuity es-
sential for grounded visual reasoning. These charac-
teristics allow our benchmark to measure recognition,
tracking and transformation understanding, under re-
alistic conditions.

VidOSC The second dataset we use is the Video
Object State Changes (VidOSC) Dataset. It com-
plements VOST by probing model robustness under
open-world, visually cluttered conditions. Sourced
from instructional videos (HowTo100M [13]), VidOSC
clips are longer in duration, often contain jump cuts,
and feature multiple, sometimes simultaneous, object
transformations. They frequently include text overlays
and are from third-person point of view, introducing
noise and occlusions that challenge visual grounding.

Unlike VOST, which emphasizes clarity, VidOSC
pushes models to recognize specific visual elements
while dealing with distractions. For instance, an object
may undergo a transformation while other unrelated
objects are manipulated in the same scene. The jump
cuts also force models to track objects under non-
continuous contexts. The inclusion of such distractors
enables us to test whether models can still track an ob-
ject’s state, position, and interactions in spite of visual
interference and camera discontinuities.

VOST and VidOSC together offer a robust spec-
trum of challenges. The combination of both ensures
our benchmark captures the breadth and depth of dy-
namic visual understanding.

2.4. Question Generation Pipeline

To generate high-quality, visually grounded questions,
we developed a three-stage protocol: (1) manually
writing questions (2) crafting detailed natural language
descriptions of each video, and (3) prompting GPT-4o
to generate structured questions similar to our man-
ually written ones, by using those descriptions. The
goal was to ensure that all questions were explicitly
grounded in the visual content of the video. We fo-
cused on writing questions that could not be inferred
from language priors alone.

2.4.1 Seed Question Design

First, we manually wrote 120 seed questions across
31 videos (26 from VOST and 5 from VidOSC). Each
seed question was tagged with one of our four visual
reasoning categories:State Recognition (st), Tem-
poral Reasoning (temp), Counting and Enumera-
tion (cnt), and Spatial Understanding (spat).

These examples were carefully curated. We en-
sured that we chose a diverse selection of videos and
asked a range of questions for each of our categories.

2.4.2 Manual Description Writing

Next, with the goal of automating the rest of our ques-
tion generation, we wrote rich descriptions for each of
our selected videos.

Example Video Description

Video Description:
9818 sp.mp4 In the first frame someone is in
front of a tin pan of two halves of long green
papayas. One of the papayas is in their left
hand. They use a knife in their right hand to
scrape the innards out of the papaya in their
hand. They scrape from the top to the middle,
then they scrape from the top to the bottom,
then it falls out. Then they scrape from the bot-
tom to the side, to get all of the innards out
of the papaya. They use their right thumb and
pointer finger to get the last bit of papaya out.
They bring a pot that is to the north of the pan
the papayas are in, they use their right hand
to pull it around another bowl closer to the tin
pan. They use the knife in their right hand to
cut the papaya horizontally. They slice it half
way and then pull both pieces apart, one side
in each hand. They then use a knife to slice
away the little piece connected and the top half
(half of the original half) falls into the pot. They
pick up that top half that fell into the bowl with
their right hand and put both pieces into the pot
they pulled over. They then pick up the other
long half that was in the tin pan that still has in-
nards. They put it in their left hand and had a
scraper in their right hand. They scrape out all
the innards in two top to bottom scraping mo-
tions. They start to cut this in half horizontally
over the pot in front of the pan. The top half
falls into the pot and they place the other half
into the pot.

These descriptions (exemplified in the above de-
scription) served as the primary input for question gen-
eration and were crafted with careful attention to four
key properties: Action-level granularity: Each ac-
tion or manipulation was individually named and tem-
porally ordered. Object state transitions: We explic-
itly described each object transformations (e.g., “the
onion is first peeled, then diced and placed into a



pan” ). Spatial positioning: Descriptions included the
positions and movements of objects (e.g., “the cup is
initially to the left of the sink, then placed behind the
cutting board” ). For spatial positioning we also in-
cluded cardinal direction and perspective references
(e.g. ”east to the perspective of the person slicing the
apple”). Counting and timing: Repetitive and dis-
crete actions (e.g., “the person flips the pancake 3
times” ) were explicitly enumerated to support numeri-
cal question generation.

On average, each description contained 163.93
words, often structured as a paragraph detailing a list
of events. For the VidOSC dataset, when there was a
jump cut we included the tag ”[transition]”. This level
of detail ensured that GPT-4o would be grounded in
the actual visual content and generate questions very
similar to the structure, difficulty, and diversity of the
manually.

2.4.3 GPT-4o Generation Pipeline

Once we had our seed questions and our rich video
descriptions, we used both of these and ChatGPT-4o
to generate our remaining questions. We first asked
GPT to analyze our 100 VOST questions. We then
directed it on the structure and nature of the video de-
scription it would receive and that it needed to produce
questions like the previous 100. We then produced 3-
6 questions for each selected video from the VOST
dataset. This process was repeated for the VidOSC
dataset.

This pipeline produced a total of 397 manually ver-
ified questions: 317 questions over 74 videos for
VOST and 80 questions over 20 videos for VidOSC.

2.5. Verification

All generated questions were manually verified for
correctness, diversity, adequate difficulty, and cover-
age across the four reasoning categories. The result
is a benchmark that isolates visual reasoning failure
modes with high precision, enabling robust diagnostic
evaluations of multimodal model capabilities.

2.6. Benchmark Format and Question Structure

Each question in our benchmark is associated with a
single video clip and designed to probe one of our
four core categories of visual reasoning. Questions
are presented in one of two formats:
• Multiple-Choice Questions – These are the major-

ity of the questions, consisting of a prompt and 2-4
answer options labeled (A) through (D). Exactly one
answer is correct, and the other three serve as plau-
sible or implausible answers.

• Numerical Questions – These require the model
to answer with an integer value, in response to a
counting or enumeration question (e.g., “How many
times is the bag folded in the video?”). No answer
choices are provided for this question.

For each question we include the following meta-
data:
• video path – The location of the video file.
• question – The question posed to the model.
• question type – mc or numerical.
• options – A list of choices (if applicable).
• ground truth – The correct answer.
• question class – One of st, temp, cnt, spat.

This structure supports both automatic evaluation
and fine-grained error analysis.

2.7. Model Evaluation Protocol

We evaluate each model using the same protocol, with
slight differences to adapt each model to our bench-
mark. For numerical questions, we evaluate direct an-
swer generation.

2.7.1 Evaluation Setting

For our quantitative experiments all models were
tested in a zero-shot setting:

Each model processes video input (mp4) and a text
prompt formatted as:

Analyze the following video to
answer the question.
<QUESTION>
Options: (A) ..., (B) ..., (C)
..., (D) ... <POST PROMPT>

To encourage our models to return answers in the
correct manner, we add post prompts such as ”Re-
spond with a single digit value.” or ”Only respond with
a single letter: A, B, C, or D.”

2.7.2 Accuracy and Category-wise Scoring

We compute accuracy as the proportion of correctly
answered questions over the total. For MCQs, a pre-
diction is considered correct if the model’s output ex-
actly matches the ground truth option. For numerical
questions, we accept integer matches only.

To facilitate diagnostic insights, we report accuracy
by question category. This categorization allows us
to assess strengths and weaknesses of each model
class, revealing trends across reasoning types (e.g., a



model may perform well on state recognition but fail at
spatial tracking).

All predictions, along with metadata (ground truth,
model output, is correct flag, question type), are
logged in TSV format for further analysis. These files
enable post hoc construction of an error taxonomy and
facilitate targeted qualitative inspection.

3. Experimental Design

3.1. Model Selection and Evaluation Setup

To assess the capabilities of modern MLLMs on the
DynaVis benchmark, we evaluate a diverse set of
multimodal models—each varying in architecture, pre-
training data, and integration of visual and language
modalities. The selected models include:

• Qwen2.5-VL (7B, 0.5B) [1]: An open-source vision-
language model based on Qwen2.5 with a language
backbone and integrated visual encoder.

• CogVLM2 [8]: A family of vision-language models
designed for image and video understanding, fea-
turing high-resolution input support and automated
temporal grounding data construction. For our eval-
uation we use their video captioning model*

• InternVideo (V1 and V2) [3, 20]: General video
foundation models utilizing both generative and dis-
criminative learning approaches to achieve state-of-
the-art performance on various video understanding
tasks.

• Vamba-Qwen2-VL-7B [16]: A hybrid Mamba-
Transformer model that leverages cross-attention
layers and Mamba-2 blocks for efficient hour-long
video understanding.

• LLaVA-OneVision (7B, 0.5B) [9]: A specialized
variant of LLaVA designed to handle frame-by-frame
video inputs with improved alignment between vision
and language components.

• Gemini 2.5 Pro Experimental (03-25) [7]: Google’s
most advanced AI model to date, featuring en-
hanced reasoning and coding capabilities, native
multimodality, and a 1 million token context window.

Evaluation Protocol. Each model is tested under a
zero-shot setting using the same TSV file question in-
terface. For each row in the benchmark, a model re-
ceives the video and a formatted prompt containing
the question. The prompt includes either multiple-
choice options (e.g., “(A) ..., (B) ...”) or requests a
numerical answer (e.g., “Respond with a single num-
ber.”).

Code Implementation. All evaluations are run us-
ing custom inference scripts based on PyTorch and
HuggingFace Transformers. For example, LLaVA-
OneVision is evaluated using a prompt pipeline that
converts each TSV row into a multimodal chat format.
Videos are encoded as sequences of frames and pro-
cessed with vision encoders. The resulting predictions
are parsed and compared to ground truth for accu-
racy scoring. The evaluation pipeline computes per-
category accuracy, and logs each result with model
outputs, extracted answers, and correctness labels.

3.2. Evaluation Metrics

We report three types of evaluation metrics:
• Overall Accuracy: The percentage of correctly an-

swered questions.
• Per-Category Accuracy: Accuracy on the four core

question classes:
– st – Object State Recognition
– temp – Temporal Reasoning
– spat – Spatial Localization
– cnt – Counting and Enumeration

• Split-by-Dataset Accuracy: To better reflect
dataset characteristics, we report accuracy sepa-
rately for VOST (egocentric, high-resolution) and Vi-
dOSC (long-form, third-person with visual clutter).
All model predictions were normalized prior to scor-

ing, and multi-choice predictions were reduced to their
corresponding letter index (e.g., “B”), while numeric
responses were cast as integers. Accuracy was com-
puted by exact match between model response and
ground truth label.

3.3. Main Results

We evaluated all models across both datasets. Ta-
bles 1 and 2 report the results for VOST and Vi-
dOSC, respectively. Models like Qwen2.5-VL-7B
and InternVideo show relatively strong performance
on certain categories, but every model struggled on
counting questions and in most cases spatial lo-
calization. Notably, InternVideo2 performed signifi-
cantly worse than its predecessor, indicating variability
across model series.

Highlights:
• Qwen2.5-VL-7B and InternVideo lead on overall ac-

curacy on both video sources.
• State recognition (st) results are generally high for

some models. These questions are the closest to
general summaries of the video, suggesting models
at least know the general structure of the video.

• State recognition (st) results are higher in VOST
than VidOSC for the majority of models. This is po-



Table 1. Model Accuracy on the VOST Benchmark (417 Questions)

Model Total Accuracy State (st) Temporal (temp) Spatial (spat) Counting (cnt)

Qwen2.5-VL-7B 50.84% (212/417) 68.60% 52.04% 46.39% 32.67%
InternVideo 50.84% (212/417) 71.90% 53.06% 51.55% 22.77%
InternVideo2 37.17% (155/417) 65.29% 31.63% 34.02% 11.88%
LLaVA-Video-7B 36.93% (154/417) 35.54% 33.67% 44.33% 34.65%
LLaVA-OneVision-7B 41.9% (175/417) 56.67% 48.98% 38.14% 21.78%
LLaVA-OneVision-0.5B 36.21% (151/417) 60.33% 24.49% 38.14% 16.83%
CogVLM2 (captioning) 28.67% (119/415) 46.28% 32.65% 31.96% 0.00%
Vamba 41.25% (172/417) 55.37% 32.65% 41.24% 32.67%

Table 2. Model Accuracy on the VidOSC Benchmark (100 Questions)

Model Total Accuracy State (st) Temporal (temp) Spatial (spat) Counting (cnt)

Qwen2.5-VL-7B 60.00% (60/100) 60.38% 80.00% 71.43% 20.00%
InternVideo 64.00% (64/100) 73.58% 64.00% 57.14% 33.33%
InternVideo2 39.00% (39/100) 47.17% 48.00% 14.29% 6.67%
LLaVA-Video-7B 38.00% (38/100) 37.74% 40.00% 85.71% 13.33%
LLaVA-OneVision-7B 37.00% (37/100) 43.40% 40.00% 42.86% 6.67%
LLaVA-OneVision-0.5B 38.00% (38/100) 43.40% 44.00% 28.57% 13.33%
CogVLM2 (captioning) 30.00% (30/100) 37.74% 40.00% 0.00% 0.00%
Vamba 34.00% (34/100) 43.40% 24.00% 14.29% 26.67%

tentially the result of the continuity and shorter dura-
tion of the VOST videos.

• Counting (cnt) questions remain challenging for all
models.

• Temporal (temp) and Spatial (spat) understanding
scores are intermixed. Generally below 54% with
most scores below 50%. There are a few high
scores for this category on the VidOSC dataset.
These results highlight weaknesses in many cate-

gories. In the next sections, we analyze these dimen-
sions in greater detail through open-ended tasks and
error taxonomies.

4. Error Taxonomy and Failure Analysis

4.1. Motivation for Error Analysis

Our overall accuracy results provide a good outlook on
model performance, but in this section we want to un-
derstand the failure modes of each model on a deeper
level. In video understanding, errors can arise from
many sources: misinterpreting object movements, los-
ing track of actions, hallucinating actions or events, or
confabulating typical actions. As such, we perform a
systematic error taxonomy on a sample of 50 common
incorrect responses from our models. Our goal is to
characterize the nature of model failures and identify
patterns that may inform future architectural or training
improvements.

4.2. Taxonomy of Common Errors

Based on manual review and annotation, we identify
six primary categories of model failure:

• Spatial Mislocalization — The model incorrectly
describes or predicts where an object is located rel-
ative to others or to the environment. For instance,
answering that an item is placed behind an object
when it was clearly to the left from the camera’s point
of view. Models can also fail on perspective taking
in third person videos (e.g. To what direction did the
chef place down the spatula, from his point of view).

• Temporal Misordering — The model fails to cor-
rectly recall the sequence of actions or state transi-
tions. In this case models often state an action oc-
curred first or last in a video when there was another
action that occurred before or after that.

• Undercounting/Overcounting — The model pro-
vides an incorrect numerical estimate for the num-
ber of actions, objects, or repetitions. These errors
often stem from poor object tracking or insufficient
temporal attention. This has been long noted as a
difficult task for multimodal models.

• Object Identity Confusion — The model confuses
different objects, such as mistaking a cutting board
for a countertop, or corn for mushrooms. This typi-
cally indicates shallow visual perception.

• Hallucination — The model invents events or ac-



tions that do not appear in the video. For instance,
stating that an object was placed in a trashcan when
a trashcan may not even appear in the video.

• Confabulation — This is similar to hallucination, but
instead the model provides plausible but incorrect
inferences based on visual content. We hypothe-
size this could be from an over-reliance on language
priors. Unlike hallucination, which introduces wholly
fabricated content, confabulation tends to insert se-
mantically related but unfounded actions (e.g., say-
ing “the onion was peeled” when it was only sliced).
The multiple choice answers in our benchmark al-

lowed us to gain insight into what type of errors oc-
curred per question. Many of these failures are sup-
ported by our open-ended analysis later in the paper.

4.3. Error Distribution Across Models

To better understand the frequency of different error
types across our evaluated models, we conducted a
manual annotation and analysis of 50 incorrect re-
sponses sampled from our models. Each error was
assigned to one of the categories from our taxonomy
(refer to Section 4.2).

Figure 2. Frequency of error types across 50 sampled
model failures. Counting errors and Confabulation were
among the most common errors, highlighting the challenge
of quantitative and spatial reasoning in video-based state
understanding.

As shown in Figure 2, Undercounting / Over-
counting and Confabulation were the most frequent
error types, each accounting for over 20% of ob-
served mistakes. Models frequently underestimated
repeated actions (e.g., slicing steps). With Confabu-
lation and Hallucination, models inventing plausible
but ungrounded events—especially when objects ex-
ited the frame. With confabulation specifically, mod-
els would typically choose answers that were likely to
happen or may typically happen, but never occur in the
video. This is emphasized in our open-ended experi-

Figure 3. Object Identity Confusion Example One of our
models mistakes bowls for pans.

ments later in the paper. Object Identity Confusion
is our third most common failure mode. Typically in
these scenarios models are blind to objects, or mis-
take certain objects for others. For example, as seen
in the image in Figure 3, one of our models mistakes
the bowls as pans, and is mislead into an incorrect an-
swer choice. Spatial Mislocalization often involves
models mistaking left from right. This also includes
struggles with spatial relations (e.g. the bowl is on the
right side of the knife next to the cutting board).

4.4. Qualitative Examples

To further illustrate model failure modes, we present
selected qualitative examples showcasing typical rea-
soning errors.

Example: Confabulation

Video: pmO pp.mp4
Question: What happens to the potato skins
after they are peeled?
Model Response: “They are placed in a bowl.”
Ground Truth: The skins fall onto the cutting
board.
Analysis: The model fabricates a plausible but
ungrounded event – possibly based on prior
knowledge of cooking routines. No visual ev-
idence in the video supports this claim.



Error Type Definition Example Failure

Spatial Mislocalization Incorrectly predicting where an object
is placed or moved relative to the
scene or other objects.

The model says the tupperware is “be-
hind the cutting board,” when it is clearly
to the right from the egocentric camera’s
perspective.

Temporal Misordering Failing to identify the correct sequence
of events or state transitions.

Predicting that icing was applied before
the cake was sliced, when in fact the slic-
ing happened first.

Undercounting / Over-
counting

Providing an incorrect count of re-
peated actions or objects.

Predicting 2 tomato slices were made
when the video shows 4.

Object Identity Confu-
sion

Misidentifying visually distinct but se-
mantically similar objects.

Confusing a cutting board for the counter
top in a cooking video.

Hallucination Fabricating events or interactions that
do not occur in the video.

Saying “the napkin was placed in the
trash” when no trashcan appears in the
scene.

Confabulation Blending visual priors with incomplete
evidence to produce plausible but in-
correct answers.

Stating that “the onion is peeled” because
it is sliced, even though no peeling action
occurred.

Table 3. Color-coded Error Taxonomy of Model Failures in DynaVis. This table outlines six primary failure types observed
across sampled model responses. Each row illustrates a distinct class of visual reasoning error with accompanying definitions
and real failure examples.

Example: Temporal Misordering

Video: 8di cc.mp4
Question: What is the final decoration applied
to the cake?
Model Response: “Piping icing decorations.”
Ground Truth: “Adding fruit toppings.”
Analysis: The model confuses the order of vi-
sual actions in this case, exemplifying a tempo-
ral sequencing error.

Our models’ reliance on priors rather than vi-
sual events and inability to interpret small but critical
changes result in incorrect predictions.

4.5. Takeaways from Taxonomy

Across all evaluations, our models exhibit limitations
when asked to engage with fine-grained, temporally
grounded, and spatially precise reasoning over real-
world video. While some models demonstrate moder-
ate competence in object state recognition, no model
achieves reliable performance across all four dimen-
sions of the DynaVis Benchmark.

Our error taxonomy presents potential sources of
these failures, each detailing gaps in visual under-

standing. Spatial mislocalization and temporal mis-
ordering errors indicate that models lack a persistent
understanding of the relative location of objects, the
directions in which they move and the sequence of
actions. Undercounting/Overcounting, meanwhile,
points to a struggle of AI models to count, not pos-
sessing the ability to tally repeated actions or objects.
Confabulation and hallucination reflect how mod-
els sometimes invent contextually plausible but visu-
ally ungrounded responses, especially in open-ended
or ambiguous scenes.

5. Additional Experiments

5.1. Diagnosing Visual Hallucination with Open-
Ended State Prompts

Beyond multiple-choice evaluations, we introduced an
open-ended question answering experiment designed
to better understand the visual grounding abilities of
MLLMs. We aimed to probe whether these mod-
els can faithfully perceive and describe object state
changes in video without the aid of structured options.
In this experiment, we targeted ten videos from our
benchmark – five where Qwen2.5-VL-7B correctly an-
swered a state recognition question, and five where



Table 4. Examples of visual hallucination and omission in Gemini 2.5 Pro responses to open-ended prompts.

Video File Ground Truth Event Gemini Description Error Type

5259 dm.mp4 Panel removed and bagged Multiple panels removed, no bag mentioned Confabulation
1082 ct.MP4 Tomato slid into bowl Salad tossed after dicing Hallucination
1897 cc.mp4 Napkin torn into quarters Napkin crumpled into a ball Visual Misperception
303 fp.mp4 Object disposed of sideways Direction of motion missed Omission
1961 eb.MP4 Bag emptied and trashed Bag emptied and trashed Correct

it was incorrect. For each video, we prompted both
Qwen and Gemini 2.5 Pro Experimental (03-25) with
the simple prompt:

“Describe the video in detail.”

This prompt removed any guiding context provided
by multiple-choice options, forcing the models de-
scribe the video off their own assessment. Responses
were then manually compared against true visual el-
ements of each video, with particular attention paid
to hallucinations, omissions, and overgeneralizations.
The same process was applied to Gemini to exam-
ine whether more advanced proprietary systems suf-
fer from similar limitations.

Figure 4. One of the most common failure cases across
all models. Most of the models did not recognize that a
panel taken off a motor cycle then placed in a clear plastic
bag.

Consistent Hallucinations Across Models. Both
models struggled to visually describe scenes accu-
rately in this unconstrained setting. Despite Gemini’s

scale advantage – hundreds of billions of parameters
– and fluency, it repeatedly made perceptual errors
similar to Qwen. In one video, a single scooter panel
is removed and placed in a plastic bag. Qwen ignored
the bag entirely, while Gemini hallucinated the removal
of multiple black panels and failed to identify the bag-
ging step. When later asked the associated multiple-
choice question, both models answered this question
incorrectly, linking descriptive hallucination to bench-
mark failure. This example is shown in Figure 4.

Substituting Likely Events for Observed Ones.
Another phenomena our models suffered from confab-
ulation: substituting likely events for observed ones. In
another video, a napkin torn into quarters before be-
hind thrown into the trash. Instead Gemini described
the napkin as being “crumpled into a ball.” Observ-
ing multiple occurrences of this kind from both Gemini
and Qwen, we saw a clear tendency to generate plau-
sible but untrue events based on commonalities in the
real world. We posit, when models encountered am-
biguous or incomplete visuals, they defaulted to highly
probable completions learned from their language pri-
ors.

Takeaway While multiple-choice questions can ob-
scure perceptual errors, open-ended prompts force a
model to reveal what it actually “sees.” Overall, Gemini
was more accurate than Qwen and our other smaller
models on this diagnostic task. Gemini would ana-
lyze many videos with much more visual detail. But
many times these descriptions would fall short of be-
ing truthful. The fluency would often mask incorrect
visual analysis. Across all ten videos, whenever Gem-
ini hallucinated a visual event or missed a key trans-
formation, it also failed the corresponding state recog-
nition question. This duality between descriptive error
and benchmark inaccuracy reinforces the importance
of grounded perception in the DynaVis Benchmark.

Table 4 summarizes the observed hallucination pat-
terns and how they manifest in representative videos.



5.2. Spatial Consistency Task

As an additional experiment, we wanted to probe
whether models understand the relative spatial ar-
rangement of objects over time in a video. Many of the
failure cases for spatial understanding stem from an
inability to track objects spatially across frames. The
degree to which a model can understand the move-
ment (or lack thereof) of an object can elucidate their
spatiotemporal grounding abilities.

5.2.1 5.2.1 Multiple Choice Analysis by Spatial
Category

To gain deeper insight into our models’ spatial under-
standing, we developed another focused diagnostic
task. We manually curated 18 targeted spatial consis-
tency multiple choice questions, along with 12 open
ended questions. To quantify model performance
across different types of spatial reasoning, we cate-
gorized multiple-choice questions into four tags:
• Containment / Enclosure (cont): Requires recog-

nition that an object was placed inside or within an-
other object (e.g., a bag or a trash can).

• Final Location (fl): Questions about the object’s
final spatial position, independent of the full trajec-
tory.

• Relative Position (rp): Questions about how ob-
jects are positioned in relation to others (e.g., to the
left of, behind, on top of).

• Trajectory / Motion (traj): Questions involving
tracking an object’s path or change in location
across the video.
We evaluated four models on this benchmark. Ta-

ble 5 reports per-category accuracies.

Observations. Qwen2.5-VL-7B showed strong per-
formance in containment (100%) and relative posi-
tion reasoning (60%), but completely failed on trajec-
tory questions, showing its struggle with spatial track-
ing. InternVideo generally had highest accuracy over-
all, particularly on final location and containment, and
trajectory questions, indicating better robustness in
following spatial motion. LLaVA-Video and LLaVA-
OneVision both struggled with final location questions
(29%), suggesting difficulty in retaining spatial de-
tails across the course of a video. Notably, LLaVA-
Video failed all containment questions, while LLaVA-
OneVision succeeded in both.

This breakdown shows that spatial reasoning is not
a monolithic capability. Success in one of our spatial
categories does not imply competence in others. For
example, Qwen is strong in local spatial recognition

but weak at tracking, while InternVideo is more bal-
anced.

5.2.2 Open-Ended Spatial Evaluation

For our spatial consistency task, we also went be-
yond multiple choice questions with 12 targeted open-
ended questions. We manually analyzed open-
ended responses from three smaller multimodal mod-
els: Qwen2.5-VL-7B, InternVideo-8B, and LLaVA-
Video-7B. We also ran these open-ended prompts
through Gemini 2.5 Pro Experimental (03-25) – this
is shown in the next section. An example of one of the
spatially oriented open-ended questions is: ”Describe
the movement of the tomatoes across the video from
start to end.”

InternVideo-8B was the most visually detailed, of-
ten outperforming Qwen in describing directionality,
containment, and action continuity. However, this de-
tail sometimes came at the cost of precision, with fre-
quent hallucinations such as fabricating a recycling
bin or misreporting the movement of specific object.
LLaVA-Video-7B, by contrast, struggled across the
board: its responses leaned heavily on generic vi-
sual clichés, like ”moved to the center of the table,”
and often misrepresented or fabricated events entirely.
Across models, the most common failure modes in-
cluded the loss of spatial specificity and inconsistent
object tracking. These findings reinforce the bench-
mark’s value in surfacing gaps in visual grounding.

5.2.3 Gemini 2.5 Open-Ended Analysis

To complement the earlier evaluations of smaller
open-source models, we conducted a focused anal-
ysis of Gemini 2.5 Pro’s spatial reasoning capabili-
ties. Given its scale and performance across general
vision-language benchmarks, we wanted to determine
if Gemini could overcome the spatial consistency er-
rors observed in the smaller models we evaluated.

Each prompt asked Gemini to describe the move-
ment or spatial location of an object, and its free-
form outputs were evaluated for visual correctness,
precision of spatial language, and overall coherence.
Follow-up prompts were used in some cases to test
Gemini’s ability to self-correct or revise earlier outputs
based on user feedback.



Table 5. Accuracy by spatial subcategory. Each model is evaluated on the same 18 multiple-choice spatial questions, grouped
into containment (cont), final location (fl), relative position (rp), and trajectory (traj).

Model Containment (cont) Final Location (fl) Relative Position (rp) Trajectory (traj)

Qwen2.5-VL-7B 1.00 (2/2) 0.57 (4/7) 0.60 (3/5) 0.00 (0/4)
InternVideo-8B 1.00 (2/2) 0.71 (5/7) 0.40 (2/5) 0.50 (2/4)
LLaVA-Video-7B 0.00 (0/2) 0.29 (2/7) 0.40 (2/5) 0.25 (1/4)
LLaVA-OneVision-7B 1.00 (2/2) 0.29 (2/7) 0.20 (1/5) 0.50 (2/4)

Gemini Example: Visual Misperception and In-
ference Failure

Video: 3568 sh.mp4
Question: Describe the spatial location(s) of
the knife before it is used to spread hummus.
Model Response: “Before the person picks up
the knife to spread the hummus, it is resting on
the white plate located to the left of the plate
holding the two slices of bread.”
Ground Truth: The knife begins in the camera
wearer’s hand and is only later placed on the
plate.
Analysis: Even after multiple follow-up
prompts, Gemini failed to revise its initial mis-
perception. This reveals an inability to attend
to preconditions and transitional frames.

Gemini’s open-ended responses were consistently
more fluent and detailed than those of smaller models,
but this linguistic strength often masked fundamental
failures in visual grounding. Errors ranged from mis-
counting and misidentifying object states, to halluci-
nating transitions or reversing action sequences. Even
when presented with prompts questioning its visual er-
rors, Gemini tended to rationalize rather than revise its
outputs, suggesting a reliance on narrative plausibility
over grounded perception.

Tracking of Low-Salience Objects Remains Chal-
lenging In some of our failure cases, Gemini did a
poor job of tracking objects that were not the object of
interest. In one instance, Gemini was asked to track
the location of a jar of jam throughout a short kitchen
sequence. Although the jar remains visible for much
of the video, the model incorrectly stated that the jar
stayed in place, missing its lateral movement to the left
of the cutting board. This was a prime example among
others that showed Gemini’s tendency to sometimes
ignore background or low-movement elements.

5.3. Counting as Multiple Choice

While prior sections focused on spatial reasoning and
grounded object tracking, one of the hardest chal-
lenges across all models remained counting. In the
original benchmark, open-ended numerical questions
such as “How many pieces of paper are used in the
video?” yielded consistently low scores, even among
stronger models. We wanted to investigate whether
the low performance was due to the numerical ques-
tions being open ended generation questions. If so,
converting them into multiple-choice questions might
provide cues that help models anchor their predic-
tions.

Method. To evaluate this, we created a new version
of the counting questions where the open-ended nu-
merical prompts were transformed into multiple-choice
questions with four numerical options. The other an-
swer choices were selected through the following for-
mula:
• For small values (1–5), distractors were kept within
±2 of the correct answer.

• For medium values (6–15), distractors varied by
±3–5.

• For higher values (20+), distractors spanned ±5–
10.

Distractors were randomized in position.
Results. Table 6 shows MCQ accuracy across

models and compares it with their original open-ended
performance.

Interpretation. Results indicate that simply con-
verting numerical queries into MCQs does gar-
ner some significant improvement. Qwen2.5-VL-7B,
Vamba, and LLaVa-OneVision-0.5B demonstrated a
notable gain (+13.33%, +12.33% +20.17% ). LLaVA-
Video, suffered from a significant accuracy decline
(-8.65%), and LLaVA-OneVision-7B showed minimal
change. This suggests that access to answer choices
may support models that already possess some
grounding ability but can confuse models that overly
rely on pattern completion or language priors.

These findings support a dual interpretation:
• Support : MCQs offer a constrained space in which



Table 6. Comparison of model accuracy on counting questions before and after converting open-ended questions into
multiple choice format (100 questions).

Model Original (Open-Ended) Multiple Choice (Converted) Change

Qwen2.5-VL-7B 32.67% 46.00% +13.33%
LLaVA-Video-7B 34.65% 26.00% –8.65%
LLaVA-OneVision-7B 21.78% 25.00% +3.22%
LLaVA-OneVision-0.5B 16.83% 37.00% +20.17%
Vamba 32.67% 45.00% +12.33%

answers near the value of the true answer can serve
as scaffolds for partial understanding, allowing mod-
els to reason more effectively.

• Distractor: On the other hand, choices may act as
decoys, reinforcing false visual hypotheses rather
than aiding retrieval.
Although converting counting questions to multiple

choice may help for many of our models, counting
is still a significant challenge. The accuracy does
not eclipse 50% for any models. Thus all models
still struggle with counting, even with answer choices.
While MCQ scaffolding helps in some cases, it does
not universally enhance performance.

6. Discussion

This thesis presents a benchmark focused on reason-
ing about dynamic changes over video—a longstand-
ing challenge for multimodal models in AI. The results
point to several critical insights:

6.1. Spatial Reasoning

In Section 5.2, we introduced a taxonomy
of spatial reasoning types—containment,
final location, relative position, and
trajectory/motion. Results show that most of
our models struggled considerably with trajectory and
relative position. Across the models, they failed to
perform consistently across all types.

This indicates that spatial reasoning in the MLLMs
we tested is inconsistent. In particular, models often
confuse similar locations (e.g., “on the counter” vs. “on
the cutting board”), misrepresent directionality (e.g.,
“to the left” vs. “to the right”), or ignore small move-
ments of objects that are not the main focus of the
video.

6.2. Open-ended Generation Reveals Deeper Fail-
ures

In two of our experiments we turned to open ended
prompting to probe model performance without the

assistance of multiple choice options. Across mul-
tiple questions, Qwen and InternVideo failed to de-
tect fine-grained object transitions, often summarizing
with vague phrases like “moved away” or omitting di-
rectional movement entirely. In our open ended state
recognition experiment, we also saw Qwen deal with
visual perception errors. In particular, it would often
omit apparent visual events, especially near the be-
ginning or end of the video.

We also saw illuminating results from Gemini 2.5
Pro, a proprietary model known for high-quality gen-
eration. It generally performed better than all of our
smaller models, often describing videos with more
specificity, enumerating more objects and more ac-
tions. It was also better in regards to spatial under-
standing. But, on the other hand, Gemini fell into
many of the same pitfalls as our smaller models. Aside
its good performance, Gemini also frequently halluci-
nated or omitted key visual events. This was seen in
both the open ended state recognition and spatial un-
derstanding tasks. In some cases, it generated plau-
sible but false scenes. These errors suggest a break-
down in visual grounding: the models are not describ-
ing what they see, but rather responding with what is
likely to fit a scenario.

Open-ended prompts served as a powerful diag-
nostic tool to supplement our benchmark experimen-
tation.

6.3. A Diagnostic Benchmark for Dynamic Under-
standing

Many video benchmarks focus on ”understanding” for
long form video which often includes retrieval of spe-
cific events that may be hidden in hours of video. This
benchmark was explicitly designed to isolate object
dynamics over time. Unlike some prior datasets that
focus on static object recognition or spatial reasoning
on synthetic data, this benchmark emphasizes realis-
tic object changes in natural videos. Recognizing that
an object has moved from the counter to the trash,
or that a tomato was sliced before being placed in a



bowl, are not trivial feats—they require persistent in-
ternal representations of objects and their properties.
This remains an active challenge.

By organizing results into interpretable categories,
we highlight where our models struggle. Notably, the
failure of models to track objects’ spatial trajectories.
Also, open-ended generation tasks suggests that they
lack persistent memory and robust object representa-
tions across frames.

6.4. Limitations and Future Work

This work is not without limitations. The main draw-
back is scale. For the benchmark, the video and ques-
tion sample size is small (125 videos and 517 ques-
tions). We felt that this was enough to get true quanti-
tative and qualitative results, but in terms of data cov-
erage, there are many more visual scenarios that can
be covered. Our videos primarily feature cooking sce-
narios. Although the cooking setting is frequent with
object changes, there are other settings to consider
such as office spaces, movies, metropolitan areas,
etc. Scaling this benchmark would allow for more ro-
bust quantitative conclusions and cross-model com-
parisons. Additionally, in regards to scale, the models
we chose quantitatively evaluated were comparatively
small. All of our LLMs had a language model compo-
nent that was 8 billion parameters or lower. To get an
exhaustive grasp of trends across MLLMs, we would
need to also test models of sizes 32B, 72B, and above.
In hopes to circumvent this, we compared our smaller
models against a very large model: Gemini 2.5 pro.
We found that this model fell into many of the same
pitfalls as our smaller models.

Additionally, the open-ended evaluations were qual-
itative and manually analyzed. Future work could ex-
plore automatic methods for comparing generated text
to reference answers.

Lastly, there remains much room to improve upon
the models we tested. There is an opportunity to fine-
tune models or propose new architectural or training
data implementations that could improve MLLMs’ abil-
ity to understand object dynamics better in video.

6.5. Implications

The results suggest a broader implication for the de-
velopment of multimodal systems: the MLLMs we
tested are limited in their ability to track object dynam-
ics over time. They lack grounding, persistent mem-
ory, and robust spatial understanding. This has con-
sequences for downstream applications like robotics,
navigation, and physical reasoning.

A truly “embodied” or perceptually-grounded AI sys-
tem would need to succeed not just at classification,

description, or retrieval, but at understanding how ob-
jects move, change, and interact. This benchmark be-
gins to measure that capability.

7. Related Work

We discuss prior work in two key areas:

Video Benchmarks for MLLMs. Prior video bench-
marks often focus on long-term event understand-
ing, temporal localization, and content summarization.
HourVideo [2] and MMBench-Video [5] provide long-
form benchmarks evaluating summarization, percep-
tion, and reasoning. Open-ended egocentric question
answering benchmarks such as QaEgo4Dv2 [15] and
EgoSchema [12] assess MLLMs’ capacity for under-
standing first-person perspectives. We build on this
work by emphasizing fine grained analysis. Our work
isolates individual aspects of visual intelligence, re-
vealing failure cases in both open-ended and struc-
tured tasks. While our setting is narrower than that of
long-form or general QA datasets, it provides a pre-
cise probe into the visual grounding abilities required
for embodied AI and interactive systems.

Spatial Reasoning in MLLMs. Recent studies have
explored the visual-spatial capabilities of MLLMs
trained on web-scale video and image-text data.
While models such as Qwen2-VL [19], Gemini [4],
and LLaVA [11] show strong performance in general
vision-language tasks, but their spatial consistency
and visual grounding capabilites remain to be fully un-
derstood. VSI-Bench [22] and SpatialEval [18] eval-
uate MLLMs on visual-spatial reasoning from images
or videos. Other works, including BLINK [6], highlight
that even seemingly simple spatial tasks remain chal-
lenging for state-of-the-art models. Along with these
efforts, our benchmark emphasizes dynamic, object-
centric transformations in real-world videos, push-
ing models to track how objects move, interact, and
change over time.
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