
Beyond Screenshots: Evaluating VLMs’ Understanding of UI Animations

Chen Liang, Xirui Jiang, Naihao Deng, Eytan Adar, Anhong Guo
University of Michigan

{clumich, xirui, dnaihao, eadar, anhong}@umich.edu

Abstract

AI agents operating on user interfaces must
understand how interfaces communicate state
and feedback to act reliably. As a core com-
municative modality, animations are increas-
ingly used in modern interfaces, serving criti-
cal functional purposes beyond mere aesthet-
ics. Thus, understanding UI animation is essen-
tial for comprehensive interface interpretation.
However, recent studies of Vision Language
Models (VLMs) for UI understanding have fo-
cused primarily on static screenshots, leaving it
unclear how well these models handle dynamic
UI animations. To address this gap, we created
AniMINT, a novel dataset of 300 densely anno-
tated UI animation videos. We systematically
evaluate state-of-the-art VLMs on UI anima-
tion understanding, including their abilities to
perceive the animation effects, identify anima-
tion purposes, and interpret animation meaning.
Our results show that VLMs can reliably detect
primitive motion. However, their high-level
animation interpretation remains inconsistent,
with substantial gaps relative to human perfor-
mance. Finally, we use Motion, Context, and
Perceptual Cues (MCPC) to probe factors af-
fecting VLM performance, revealing key bot-
tlenecks and directions for future improvement.

1 Introduction

Recent work on AI agents has increasingly focused
on building systems that can autonomously per-
ceive, reason about, and act within user interfaces
(UI) to complete complex tasks on users’ behalf
(Li et al., 2023a; Deng et al., 2023b; Zheng et al.,
2024a; Liu et al., 2024; Wang et al., 2024; Zhang
et al., 2025). In real-world settings, such agents
must also develop a rich understanding of user in-
terfaces, including the ways in which interfaces
convey system state, provide feedback, and signal
available interaction affordances to users.

A central yet underexplored aspect of this un-
derstanding is UI animation. Animation plays a

fundamental role in modern user interface design
to convey feedback and information (Chang and
Ungar, 1993; Thomas and Calder, 2001; Tversky
et al., 2002; Heer and Robertson, 2007; Chevalier
et al., 2016). These short yet critical animations
serve more than aesthetic or experiential purposes;
they are often essential for interpreting both the
interface and the user’s interaction with it. For
example, the MacOS dock icon bounces for noti-
fications, and the password input box shakes on
wrong password. In many cases, such animations
are the primary or only channel through which
this information is communicated. Unlike icons or
illustrations, animation is defined more by move-
ments that are drawn than by drawings that move
(Baecker and Small, 1990). Because animation’s
meaning is typically encoded in motion rather than
accompanying graphics, a still image alone is often
insufficient to capture its intended message. Thus,
a comprehensive UI understanding must account
for both static content and dynamic animations.

In this work, we evaluate the capabilities of state-
of-the-art VLMs to understand UI animations. Re-
cent VLMs have shown strong performance on a
range of user interface understanding tasks and
have been applied to increasingly complex UI-
centered problems (Shaw et al., 2023; Wu et al.,
2024; OpenAI). However, to the best of our knowl-
edge, no prior works have systematically studied
their capabilities to understand UI animations.

To this end, we constructed AniMINT, the first
UI AniMation INTerpretation dataset. It contains
300 UI animation videos sourced from web, mobile,
and desktop platforms. Animations were carefully
annotated by 3 UI/UX practitioners and by 300
diverse users, providing a complementary view of
UI animations from both experts and general users.
We release our dataset and annotations1.

To systematically evaluate VLMs’ ability to un-

1https://github.com/publicationacc/AniMINT

https://github.com/publicationacc/AniMINT


Figure 1: Overview of AniMINT, a UI animation dataset with multi-level human annotations. Each clip includes
contextual information, an animation purpose label (highlighted in yellow), and ten annotations of the animation's
meaning and effect, supporting evaluations of VLMs across perception, purpose categorization, and interpretation.

derstand UI animations, we formulate a set of re-
search questions based on AniMINT that span both
low-level animation recognition and higher-level
animation understanding. We evaluated various
state-of-the-art VLMs, including models from GPT,
Gemini, and other model families.

Our evaluation shows that, although most VLMs
reliably recognize primitive animation effects, they
struggle with higher-level purpose categorization
and meaning interpretation. To diagnose further,
we investigate how Motion, Context, and Percep-
tual Cues (MCPC) affect UI animation understand-
ing. We augment inputs with motion blending,
interaction context, and perceptual captions, then
re-evaluate categorization and interpretation. The
�ndings reveal the bottleneck in motion perception,
while also highlight the importance of grounding
motion in interaction context and higher-level se-
mantic meaning for accurate interpretation.

To summarize, our primary contributions are:
• We introduce AniMINT, the �rst dataset for UI

animation understanding, with diverse annota-
tions from both experts and everyday users.

• Using AniMINT, we conduct a systematic evalu-
ation of nine state-of-the-art VLMs on both prim-
itive animation perception and high-level anima-
tion categorization and understanding, revealing
substantial gaps in current models' capabilities.

• We investigate factors that improve VLMs' capa-
bilities on UI animation understanding and show
their effectiveness on Gemini-2.5-Flash.

2 Related Work

UI Animation. Based on (Baecker and Small,
1990; Betrancourt and Tversky, 2000; Chevalier

et al., 2016), we de�ne UI animation as follows to
guide data collection for AniMINT:
UI animation is a deliberately constructed, dy-
namic transformation of a user interface element
that visualizes information or evokes a perceptual
or cognitive response in the user. The transforma-
tion extends beyond the immediate next frame.

UI animations serve functional roles within the
interface (Thomas and Calder, 2001; Chang and
Ungar, 1993; Liddle, 2016), such as clarifying
state transitions (Dessart et al., 2011; Schlienger
et al., 2007), visualizing information (Tversky
et al., 2002; Dessart et al., 2011; Schlienger et al.,
2007), and enhancing user comprehension and ex-
periences (Merz et al., 2016; Thomas and Calder,
2001). Drawing from prior literature (Baecker and
Small, 1990; Chevalier et al., 2016; Novick et al.,
2011; Avila-Munoz et al., 2021), we categorize
animation purposes as Transition, Demonstration,
Guidance, Feedback, Visualization, Highlight, and
Aesthetic. We also categorize animation motion ef-
fects from the prior literature (Thomas and Calder,
2001; Novick et al., 2011) into 7 primitive effects,
including move, rotate, size, color, fade, blur, and
morph. These categorizations guide our data collec-
tion and annotation process, and detailed de�nition
can be found in Appendix D.

UI Animation Datasets. There have been
datasets that include UI interaction recordings for
UI understanding and computer use agent training,
such as Rico (Deka et al., 2017), MONDAY (Jang
et al., 2025), GUI World (Chen et al., 2025), and
others across different platforms and tasks (Rawles
et al., 2023; Zhao et al., 2025; Man et al., 2025).
To our knowledge, there is no dataset that speci�-



Figure 2: Dataset statistics. (Left) Distribution across seven animation purposes based on prior taxonomy. (Right)
Animation duration by platform (mobile, web, and desktop). The median duration is 3.59s.

cally focuses on UI animation understanding. Ex-
isting datasets are typically designed for special-
ized tasks such as evaluating state transitions, UI
adaptability, or visual signi�ers for interaction dis-
coverability (Mackamul et al., 2025; Dessart et al.,
2011). Although recordings may include anima-
tion, they lack the diversity and annotation needed
to evaluate animation understanding. In contrast,
AniMINT sources diverse UI animation videos an-
notated by 3 domain experts and 300 general users.

VLMs and VLM Agent in UI Understanding.
VLMs have emerged as powerful tools across vari-
ous multimodal tasks, including visual scene com-
prehension, image captioning, and instructional
task execution (Gratta�ori et al., 2024; Bai et al.,
2025). More recently, VLM-based agents have
extended these capabilities to interactive settings,
enabling models to perceive, reason about, and
act within complex visual environments by iter-
atively grounding language instructions in visual
observations (Xie et al., 2024; Wu et al., 2025).
Despite this, their application to UI understanding,
particularly regarding dynamic animations, is less
explored. Existing studies primarily focus on static
UI elements, such as visual component identi�-
cation, interface semantics extraction, and static
screen analysis, rather than the dynamic UI proper-
ties (Henderson, 2015; Trapp and Yasmin, 2013).
In this work, we comprehensively evaluate a di-
verse set of VLMs on UI animation understanding.

3 AniMINT: Dataset for UI AniM ation
INT erpretation

Dataset and Annotations. We crafted a dataset
of 300 animation videos collected across mobile,
desktop, and web platforms. Mobile animations are
mostly collected from the top 100 apps on the App

Store and Google Play Store. Figure 2 visualizes
the dataset distribution. The dataset is labeled by
3 domain experts and 300 diverse participants re-
cruited on Proli�c. First, each animation is labeled
with metadata, including its temporal range, region
of interest (ROI), and interaction context. Second,
experts assign a purpose category to each anima-
tion based on majority voting. Third, we collect
open-ended descriptions of each animation's mean-
ing from general users, obtaining 10 independent
responses per animation. In total, this results in
3,000 user-generated descriptions. Participants are
compensated $3 for every 10 responses. The study
is IRB approved. Detailed study setup and annota-
tor demographics are provided in Appendix B.

Research Questions. Based on AniMINT, we
formulate three research questions to evaluate
VLMs' capabilities in understanding UI animations.
Speci�cally, Can VLMs perceive and categorize
primitive animation effects (RQ1, Section 4)? Can
VLMs understand the UI animation purpose (RQ2,
Section 5)? Can VLMs interpret UI animation
meaning (RQ3, Section 6)? Guided by these ques-
tions, we further analyze how motion, context, and
perceptual cues affect VLM performance to iden-
tify key factors for improvement.

Model Selections. As listed in Table 1, we evalu-
ate 9 state-of-the-art models, including both com-
mercial and open-sourced models. The detailed
selection rationale is listed in Appendix A. We
highlight that AniMINT serves as an evaluation
similar to Zhou et al. (2023); Rein et al. (2024).
Therefore, all experiments are conducted in a zero-
shot setting, without any task-speci�c �ne-tuning.

Video Preprocessing. We sample the 60 fps
source videos at 10 fps, the minimum threshold



Model Name Size Context
Length License

GPT-5 Unk 400K Closed
GPT-5-mini Unk 400K Closed
GPT-o4-mini Unk 200K Closed
GPT-o3 Unk 200K Closed
Gemini-2.5-Pro Unk 1M Closed
Gemini-2.5-Flash Unk 1M Closed
Claude-Sonnet-4 Unk 1M Closed
Qwen-2.5-VL-72B 73.4B 128K Open
GLM-4.5V 106B 64K Open

Table 1: Model details of VLMs tested in this work.

Motion Start End Explanation

Blur Changes sharpness or clarity
Color Modi�es hue/saturation/value
Fade Adjusts transparency/opacity
Size Scales along an axis
Rotate Rotates orientation
Morph Transforms shape/form
Move Changes position

Table 2: Visual primitives and their effects. A stationary
black square (left) serves as a spatial reference.

to avoid signi�cant performance degradation for
humans (Chen and Thropp, 2007). The sampling
strategy is to enable fair comparison among mod-
els with and without native video support. More
results for video input are in Appendix E and F.
We use green bounding boxes as a visual prompt to
highlight the ROIs for models. All frames are re-
sized to a maximum dimension of 480 pixels. This
protocol is applied across all models and tasks.

4 RQ1: Can VLMs Perceive Primitive
Animation Effects?

Setup. We task VLMs with classifying primi-
tive motion sequences into the most representative
category among move, rotate, size change, color
change, fade, blur, or morph, as shown in Table 2.
Prompt and video details are listed in Appendix C.

Answer: Yes. Five out of nine models correctly
classify all animation effects, including Claude
Sonnet 4, GLM-4.5V, GPT-5, GPT-5-mini, and
GPT-o4-mini. Figure 3 reports the corresponding
accuracy scores. The results indicate that most
models capture fundamental motion concepts with
only minor errors, such as GPT-o3 misclassifying
“fade” as “color change” in one case.

Figure 3: RQ1: VLM accuracy per animation effect. To
mitigate position bias (Zheng et al., 2024b), we average
10 trials per prompt with randomized answer orders,
keeping the randomization consistent across all models.

Figure 4: RQ1: An example where the “move” motion
is incorrectly interpreted as “fade” by Gemini-2.5 Pro
and Flash. These two models hallucinate the motion
and reason the object “progressively losing capacity” or
“disappearing off the frame.”

4.1 Error Analysis

Hallucination errors. Despite correctly recog-
nizing motion patterns, Gemini-2.5-Pro exhibits
hallucination errors. In several cases, it describes
non-existent visual elements, such as a “faint,
translucent, rounded object” that does not appear
in the animation. It also consistently misclassi�es
“move” as “fade” and hallucinates that a square is
“progressively losing its opacity” (Figure 4). These
behaviors suggest potential hallucination or mis-
interpretation of visual cues that aligns with prior
observations (Li et al., 2023b; Gunjal et al., 2024).

Conceptual confusion. Gemini-2.5-Flash shows
a pattern where it consistently labels fade as color
change, whereas other models selected correctly.
This suggests dif�culty distinguishing subtle differ-
ences between closely related animation effects.



Model Accuracy Macro F1

Gemini-2.5-Pro 0.64 0.55
GPT-5 0.64 0.53
GPT-o4-mini 0.63 0.51
GPT-o3 0.62 0.54
Gemini-2.5-Flash 0.61 0.53
GPT-5-mini 0.58 0.48
Claude-Sonnet-4 0.57 0.46
GLM-4.5V 0.45 0.4
Qwen2.5-VL-72B-Instruct 0.39 0.32

Table 3: RQ2 Model performance comparison. Gemini-
2.5-Pro achieves the highest accuracy (0.64) in identi-
fying the generic purpose of UI animations, indicating
signi�cant room for improvement. Appendix E.3 pro-
vides the pair-wise statistical test.

Figure 5: RQ2 per-category recall scores by model and
animation purposes. While models perform better on
animations with more direct functional purposes (such
as Transition, Demonstration, Guidance, Feedback, and
Visualization), they struggle with animations serving
more subtle purposes, such as Highlight and Aesthetic.

5 RQ2: Can VLMs Understand the UI
Animation Purpose?

Setup. We task VLMs to categorize the pur-
pose of each animation into one of the seven
classes: Transition, Demonstration, Guidance,
Feedback, Visualization, Highlight, and Aesthetic.
Appendix D lists the detailed de�nitions, examples,
and the prompt. We report classi�cation accuracy
and macro-averaged F1 score in Table 3.

Answer: No. As shown in Table 3, the best-
performing model, Gemini-2.5-Pro, can only reach
an accuracy of 0.64. This shows that VLMs still
have a signi�cant gap in understanding the general
purpose of UI animations.

Per-category performance. Figure 5 shows the
per-category recall. Models capture direct func-
tional purposes such as Transition (average recall
of 0.54), Demonstration (0.63), Guidance (0.59),
Feedback (0.69), and Visualization (0.69) relatively
well, with all categories achieving recall above
0.50. However, performance drops on more subtle
purposes, such as Highlight (0.24) and Aesthetic
(0.16), which are harder for models to identify.

Per-category dif�culty. We analyze the majority-
vote results across the nine models in Figure 12.
The models unanimously select the correct label
for 56 animations (18.7%) and reach a correct ma-
jority consensus for 176 animations (58.7%). Con-
sistent with the per-category recall results, direct
functional categories, particularly Feedback (0.76),
Visualization (0.73), and Guidance (0.69), show
higher agreement and accuracy than more subtle
categories Highlight and Aesthetic. Additional re-
sults and discussions can be found in Appendix E.

5.1 Error Analysis

VLMs focus on the static frame rather than the
animation. As shown in Figure 6 (top), six out
of nine VLMs incorrectly predict the animation cat-
egory as Feedback rather than Aesthetic. The mod-
els seem to base their prediction on the �nal static
frame. Speci�cally, the concluding frame displays
the message “Your order is con�rmed,” which con-
veys feedback to the user. However, the animation
features the McDonald's “M” logo bouncing into
view, accompanied by the text “ba da ba,” creating
a playful and celebratory effect. These motion cues
and visual elements serve an aesthetic and emo-
tional purpose, reinforcing brand identity rather
than communicating new or necessary information.
This failure case highlights a limitation of exist-
ing VLMs that they tend to overemphasize salient
textual cues in static frames rather than interpret-
ing the animation holistically. As a result, visually
rich but semantically lightweight animations can
be overshadowed by static content, leading to in-
correct interpretation.

Small ROIs pose challenges. As shown in Fig-
ure 6 (middle), VLMs often fail on animations
where the countdown progress indicator occupies
only a small ROI. Four models ignore the progress
bar entirely and instead provide high-level descrip-
tions of the surrounding webpage, and two other
models identify an incorrect animation. Among
samples that have a correct majority-voted an-



Figure 6: Examples in RQ2 where VLMs fail to identify the correct animation purpose.

swer, the mean ROI size is 24.3% of the screen,
which is signi�cantly larger (Mann–Whitney U
test,p = 0:03) than that of abstained cases (i.e.,
instances where no consensus among models is
reached), whose mean ROI size is 14.1%. These
errors indicate that when animated elements are
visually small, VLMs may fail to localize the rele-
vant motion, leading to incorrect inferences about
the animation's purpose.

VLMs overlook the context. The animation
shown in Figure 6 (bottom) can, at �rst glance,
be interpreted as a simple transition from the main
screen to the app list on Android. However, the
context reveals a different intent: the user repeat-
edly attempts to swipe up to open the app list but
fails to complete the gesture correctly. In response,
the system triggers the animation as a Demonstra-
tion to illustrate the correct interaction for the user.
Despite this contextual signal, the VLMs fail to in-
corporate the context into animation understanding,
resulting in eight out of nine models to misclassify
the animation as a Transition. This failure case
indicates that current VLMs are not able to well
connect perceived UI animations with contextual
information such as user intent and prior interaction
attempts for interpretation. As a result, animations
whose meaning depends on the interaction context
are prone to misclassi�cation.

6 RQ3: Can VLMs Interpret UI
Animations?

Setup. We task VLMs to generate a natural lan-
guage interpretation and compare its semantic sim-
ilarity to the human responses. We use GPT-5-mini
as the judge model (Zheng et al., 2023). To mitigate
the potential bias in LLM-as-a-judge (Chen et al.,

Mean (") Std (#) Distribution

GPT-o3 3.47 0.91

GPT-5 3.44 0.90

Gemini-2.5-Pro 3.40 0.90

GPT-5-mini 3.39 0.82

Gemini-2.5-Flash 3.31 0.95

GPT-o4-mini 3.23 1.01

Claude-Sonnet-4 3.10 1.12

Qwen2.5-VL-72B 2.94 1.24

GLM-4.5V 2.71 1.47

Table 4: RQ3 Semantic similarity scores between VLM
predictions vs. the summarized human response. We
report the score distribution, where the �ve colors from
left to right correspond to scores from 0 to 5. Appendix
G.1 reports results based on individual human responses.
Appendix G.2 provides the pair-wise statistical test.

2024; Ye et al., 2025), we randomize response or-
ders and prompted the judge model to evaluate inde-
pendently of length. We report the mean and stan-
dard deviation of the similarity scores per model.
For each animation, we leverage the 10 human re-
sponses collected and evaluate model predictions
either against each individual response or against
a summarized version of the responses (details are
listed in Appendix F). Since both approaches yield
similar model rankings empirically, we report re-
sults based on the summarized responses and defer
the other results to Appendix G.

Answer: VLMs capture gist, but miss key de-
tails. As shown in Table 4, GPT-o3 achieves the
highest average score (3:47 � 0:91 ), while GLM-
4.5V yields the lowest (2:71 � 1:47 ). Most of these
VLMs achieve an average score of 3 and above,
indicating that VLMs are capable of capturing the



Figure 7: RQ3: Examples of Animation and the interpretations from VLMs.

gist of animation purposes according to the scor-
ing rubric (Appendix F.2). However, these VLMs'
responses often miss key details or contain subtle
differences in nuance.

6.1 Error Analysis

Subtle, rapid animations pose challenges. For
the example in Figure 7 (top), �ve out of nine mod-
els score 0, where they either do not perceive the
animation at all (e.g., GLM-4.5v: “No visible an-
imation”), or hallucinate (e.g., GPT-o3 described
a “collapsing progress bar” which does not exist).
This animation corresponds to a common UI pat-
tern in which an input box brie�y shakes to indicate
an incorrect password. Although this shaking mo-
tion is highly recognizable to human users, it is
subtle and quick. As a result, VLMs struggle to
detect the motion signal, leading either to missed
detections or spurious interpretations.

Small ROIs impact interpretation. Similar to
RQ2 (Section 5), VLMs perform poorly on ani-
mations with a small ROI. As shown in Figure 7
(bottom), a small animated warning indicator, de-
spite exhibiting a visually noticeable animation,
receives an average score of 2. Models that fail on
this example either do not perceive the animation
at all or are distracted by larger static elements out-
side the highlighted ROI. For instance, GPT-5-mini
does not mention the red exclamation mark in its
reasoning and instead focused on the motion of the
jetpack character. GPT-o4-mini correctly detects
the exclamation mark but con�ate it with surround-
ing visual elements (e.g., moving arrows and slider
graphics), leading it to misinterpret the animation
as a tutorial hint. These errors suggest that when
animated elements are small, VLMs struggle to lo-
calize the relevant motion and may default to more
visually salient but semantically irrelevant context.
We provide more results on model performance for
different categories in Appendix G.3.

Figure 8: MCPC includes Motion Blending (blending
the past six frames to capture motion), Contextual Infor-
mation (interaction context and user input), and Percep-
tual Caption (textual descriptions of the animation).

7 Probing VLM Performance with
Motion, Context, and Perceptual Cues

Setup. To identify limitations and potential im-
provement factors, we study how Motion, Con-
text, and Perceptual Cues affect VLM performance.
(Figure 8). For motion blending, we blend past
frames into a single image with decaying trans-
parency. This is inspired by Phosphor (Baudisch
et al., 2006) that uses afterglow to show UI changes.
For user context, we add contextual information
such as the context of use and users' performed
interactions. For perceptual caption, we provide
the annotated text caption of what animations or
motions are happening in the video. By combin-
ing these three factors, we re-evaluate VLM per-
formance on purpose understanding (Section 5)
and UI animation interpretation (Section 6). We
test these combinations using Gemini-2.5-Flash,
a lightweight model that demonstrates strong per-
formance in earlier experiments. All other experi-
mental setups are kept identical to Sections 5 and 6.
More details about MCPC are listed in Appendix H.



Purpose (RQ2) Interp (RQ3)

Acc (") F1Macro (") Mean (") Std (#)

Base 0.59 0.47 3.15 1.09
+ M 0.52 0.41 3.08 1.07
+ C 0.58 0.48 3.3 0.95
+ P 0.57 0.45 3.5 0.89
+ M + P 0.53 0.4 3.48 0.86
+ M + C 0.59 0.49 3.34 0.98
+ C + P 0.55 0.46 3.48 0.77

+M+C+P 0.61 0.52 3.52y 0.73

Table 5: Effects of augmenting VLM inputs with MCPC
on categorization (RQ2) and interpretation (RQ3). We
adopt Gemini-2.5-Flash as the backbone model. The
combined input (last row) outperforms all other combi-
nations, demonstrating the joint effectiveness of MCPC.
Appendix H.2 provides the details of the statistical test.
y: signi�cantly better than the base setup.

Results and Discussions. As shown in Table 5,
combining motion, context, and perception cues
leads to the best overall performance for both tasks.
In Figure 9, the vanilla model fails both tasks, mis-
classifying the animation purpose as “Highlight”
and describing the meaning as “unclear.” With mo-
tion encoding alone, the model successfully classi-
�es the purpose. Combining all three factors leads
to the best performance, where the model success-
fully categorizes the shake and provides the most
accurate interpretation compared to the other se-
tups. This demonstrates the importance of motion,
context, and perception, as well as the synergy ef-
fects across these factors in UI understanding.

8 Conclusion

In this paper, we investigate an often overlooked
yet critical aspect of UI understanding – motion
and animation. We construct AniMINT, a densely-
annotated UI animation dataset sourced from real-
world applications, and comprehensively evaluate
a diverse set of state-of-the-art VLMs. We �nd
that while most VLMs are capable of perceiving
primitive motion effects, they struggle to catego-
rize the animation purpose using the UI animation
taxonomy. Also, although VLMs' interpretations
often capture the gist, they frequently miss key
details in their description. Furthermore, we inves-
tigate performance variations by encoding motion
cues into images, adding contextual information,
and supplying perception captions. They improve
VLMs' performance on both the categorization and

Figure 9: Improvements of incorporating MCPC: a
wrong password shake is incorrectly classi�ed as high-
light in the base condition, but is correctly interpreted
as an error indication with MCPC.

interpretation tasks, revealing the bottleneck of mo-
tion perception and the important synergy effects
across perception and semantic context. We envi-
sion this work and our AniMINT dataset as a step
toward interaction-aware LLM agents that operate
between users and interfaces, using UI animation
understanding to assist, explain, and guide user in-
teractions involving complex animated behaviors.

9 Ethical Statement

This project was conducted in accordance with es-
tablished ethical standards. All collected data were
manually reviewed by the authors to ensure that
no sensitive content (e.g., sexual material or vio-
lence) or potentially harmful visual stimuli (e.g.,
rapid �ashing) were presented to annotators. Both
the video data and the associated annotations were
screened to prevent the inclusion of any personally
identi�able information. All participants were re-
cruited anonymously, provided informed consent,
and were informed of their right to withdraw from
the study at any time. The study protocol was ap-
proved by the IRB. Additional details regarding the
annotation procedure are provided in Appendix B.

10 Limitations

Due to time and cost constraints, the collected an-
imations are primarily sourced from U.S. based



applications where English is the primary language.
Design practices and interaction patterns may vary
across regions due to factors such as language read-
ing direction (e.g., right-to-left vs. left-to-right)
and cultural conventions (e.g., shaking to indicate
con�rmation) (Shen et al., 2024; Mogrovejo et al.,
2024). We acknowledge that including data from
a wider range of geographic and cultural contexts
could introduce greater diversity into the dataset
(Mihalcea et al., 2025). However, AniMINT is
the �rst step in constructing a UI animation under-
standing dataset. We encourage future efforts in
our community to diversify the animation sources
and consider the cultural and language nuances.

Second, in the annotation process, all annotators
were recruited within the United States and were
English speakers, which may introduce interpreta-
tion bias in certain cases. Though this happens in
many well-known NLP benchmarks (Deng et al.,
2009; Bowman et al., 2015)2, diversifying the an-
notation process can include more comprehensive
opinions from a broader audience. Such an annota-
tion can serve either as a training corpus that leads
to a better customized model, or as an evaluation
set to understand the limitations of the existing
models. This is especially important as UI anima-
tion interpretation is a subjective task, therefore
leading to diverse annotations (Plank, 2022; Deng
et al., 2023a). For example, in stock or �nancial
software, red often indicates an increase in some
Asian countries but a decrease in the U.S. Incor-
porating greater cultural diversity among annota-
tors could enrich the dataset and reveal additional
insights into cross-cultural differences in how an-
imations and visual cues are interpreted. When
constructing AniMINT, we included ten annota-
tions for each animation interpretation, hoping to
cover as many cases as possible. We encourage
future efforts in investigating the subjectivity in the
task of UI animation understanding and extending
the annotations beyond western countries.

Third, in this paper, we try our best to include a
comprehensive set of VLMs in our experiments, in-
cluding nine models from GPT, Gemini, and other
model families. However, as the �eld is rapidly
evolving, it is not feasible to exhaustively evaluate
every available model variant. Another concern is

2These early datasets typically do not report the annotator
demographics. However, both datasets adopt the Amazon
Mechanical Turk for annotation, which primarily consists of
US workers in early stages (Ross et al., 2009; Ipeirotis, 2010;
Irani, 2015)

whether to experiment with smaller models. We
have conducted pre-liminary experiments in Ap-
pendix A and found that smaller models, due to
their design constraints (e.g., limited context length,
single-image input, etc), cannot handle the UI ani-
mation task well. Therefore, we focus primarily on
the nine VLMs in Table 1. We encourage future ef-
forts from our community to experiment with other
VLMs on UI animation understanding.
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A Model Selection Rationale

The task of UI animation understanding presents
unique challenges compared to typical video under-
standing tasks. Unlike standard video understand-
ing where sparse frames could be suf�cient (Lei
et al., 2023), perceiving UI animations requires
dense frame extraction to capture �ne-grained mo-
tion. This requires models to have comparatively
larger context lengths to accommodate longer se-
quences of frames. Additionally, inferring the un-
derlying purpose of an animation requires complex
reasoning over interface elements, motion patterns,
and context. Therefore, we prioritize larger models
with advanced reasoning capabilities and selected
state-of-the-art commercial and open-source multi-
modal large language models listed in Table 1.

In addition, we examined smaller VLMs with
model sizes ranging from 7B to 14B and observed
several limitations that hinder reliable evaluation.
As a result, we exclude these smaller models from
our primary analysis. In particular, models with
restricted context lengths, such as Qwen2.5-VL
7B Instruct (32k tokens) (Bai et al., 2025), strug-
gle to accommodate a suf�cient volume of motion
frames for animation interpretation. Other models,
such as Llama 3.2 11B Vision Instruct (Gratta�ori
et al., 2024), are primarily for image understanding
and cannot be fed with multiple images. As illus-
trated in Figure 10, preliminary tests with smaller
models like Pixtral-12B (Agrawal et al., 2024) and
Qwen-2.5-VL-7B (Bai et al., 2025) reveal the fail-
ure to perceive animation and its temporal changes,
resulting in incorrect categorization and interpreta-
tion. These preliminary results suggest that existing
smaller models are not yet capable of UI animation
understanding. Therefore, we focus primarily on
the VLMs listed in Table 1.

All model inference in this work was performed
through OpenRouterhttps://openrouter.ai/ .
Model settings were left as default.



Figure 10: An example where small models failed the
UI animation understanding task, while the advanced
model (Gemini-2.5-Flash) succeeded. The generated
interpretation from these small models suggests that
these models are not yet capable of robust animation
perception and interpretation.

B Annotation Details

B.1 Annotation Setup

We recruited 300 unique participants from Proli�c,
each of whom annotated a set of 10 videos through
a short survey as illustrated in Figure 11, resulting
in a total of 3000 responses. Participants were
compensated $3 per 10 responses. The study is IRB
approved, and all participants provided informed
consent prior to participation.

The annotation task was hosted on Qualtrics in
the form of a short survey, with each session con-
sisting of 10 videos. To start, participants were
given a tutorial of the labeling interface, task de-
tails, annotation best practices and requirements,
and example high-quality annotations. Participants
were speci�cally instructed to focus on the anima-
tion within the green bounding box to minimize
distractions from other concurrent animations. Par-
ticipants can modify their answers or revisit the
tutorial materials at any time during the session.

B.2 Ethical Considerations

To protect participants from exposure to sensitive
or potentially harmful content, all videos were man-
ually reviewed by the research team prior to anno-
tation. This veri�cation process ensured that the
dataset contained no sensitive material (e.g., sex-
ual content, violence) or potentially harmful visual
stimuli (e.g., rapid �ashing). Participants were in-
formed of their right to withdraw from the study at
any time and were provided with contact informa-
tion for the research team to address any concerns.

Figure 11: An example of the labeling interface, where
the annotator can play the animation video with the
green bounding box highlighting the animated region,
see the context and user interaction details, and provide
their interpretations.

B.3 Annotator Demographics

All participants were recruited from within the
United States and reported English as their primary
language. To increase annotation quality, we re-
cruited participants who have �nished at least 1000
tasks on Proli�c before, and has an approval rate
of 100%. All annotators were 18 years of age or
older, with a mean age of 44.26 years (SD = 13.46).
The gender distribution was 158 (52.8%) female,
140 (46.8%) male, and 1 (0.3%) participant who
preferred not to disclose their gender.

B.4 Annotation Filtering

To preserve the authenticity of human interpreta-
tion, we applied minimal �ltering, excluding only
empty or inappropriate responses. As a result, the
dataset retains brief annotations and explicit expres-
sions of uncertainty (e.g., “I don't know”). This
decision ensures that the data captures the inherent
ambiguity of the animations. For example, if a vi-
sual stimulus is confusing to human annotators, we
expect a robust VLM to re�ect similar uncertainty
to achieve true alignment.



B.5 Animation Purpose Categorization

Animation purposes were annotated by three do-
main experts. All experts were provided with de-
tailed de�nitions of each category, along with three
example animations per category, to establish a
shared understanding of the distinctions between
classes. The original annotations exhibited an inter-
annotator agreement of Krippendorff's� = 0:78 ,
indicating substantial and reliable agreement de-
spite some disagreements. Final labels were de-
termined by majority voting across annotators. In
cases where no majority was reached (i.e., all three
annotators assigned different labels), the instances
were discussed in a follow-up adjudication session
to reach consensus. All experts were compensated
at $20/hr.

B.6 Intended Use of the Dataset

The dataset created in this work is intended for
research use, such as evaluation and benchmarking.
The dataset is constructed from publicly available
content and does not include sensitive information
or personally identi�able data.

B.7 Dataset Documentation

• Dataset size: 300
• Data Coverage: Video recordings of public

mobile apps, operating systems, and websites.
• Video Language: English
• Annotation Language: English
• Annotator Region: United States
• Annotator Age: average 44.26 (20-80).
• Annotator Gender: 52.8% female, 46.8%

male, 0.3% undisclosed.

B.8 Informed Consent

Below is the informed consent for data annotation:
You are invited to participate in a research study

about evaluating machine learning model's under-
standing of animations used in user interfaces (UI),
such as mobile apps, desktop software, and web
interfaces. Speci�cally, the project investigates
whether these models can perceive, interpret, and
understand user interfaces the same way as humans
do. To answer this question, researchers will evalu-
ate human understanding of various UI examples,
and then compare the results with machine learning
model's responses to the same questions and see
to what extent two sets of answers align with each
other. If you agree to be part of the research study,
you will be asked to watch recordings of UI anima-
tions and provide your interpretations of them. You

will annotate 10 examples. You are not required
to �nish all examples, and can end the study any-
time. We will primarily collect data through your
responses in the questionnaire. We will protect the
con�dentiality of your research records by storing
data on a secure server. We do not collect your
identi�able information (e.g., your name, email).
There is no direct personal bene�t from being in
this study. The risks and discomfort associated with
participation in this study are minimal. Compensa-
tion: You will receive $3 for �nishing annotating 10
samples. Participating in this study is completely
voluntary. Even if you decide to participate now,
you may change your mind and stop at any time.
You may choose not to watch any UI recordings,
interact with the labeling interface, answer any sur-
vey question, or continue with the study for any
reason. If you have questions about this research
study, please contact (anonymous) If you agree to
participate, please proceed to the study below.

C RQ1 Evaluation Setup

We created a 3-second clip at 60 fps for each ani-
mation effect and used these clips in the RQ1 eval-
uation. Each prompt was repeated ten times, with
answer choices randomly permuted to mitigate po-
tential biases due to option ordering (Zheng et al.,
2024b). For each run, the same randomized order-
ing was used across all models to ensure fair and
consistent comparisons.

You are given a sequence of frames,
uniformly sampled at 10 frames per second
from a video of an animation.

Task:
Identify which single animation type best
matches the video you observe.

Options:

A. Move (object moves in any direction)
B. Rotate (object rotates along any axis)
C. Size (object changes sizes along any

axis)
D. Color (object changes in hue, saturation,

or brightness)
E. Fade (object change in

transparency/opacity)
F. Blur (object change in sharpness or

clarity)
G. Morph (object transformation from one

shape/form to another)

Output format:
First line: the single letter (A to G) that
corresponds to the animation type. Second
line: an explanation of why this animation
type matches the video.



D RQ2 Evaluation Setup

D.1 De�nition of Animation Purposes

Our animation categorization and de�nitions are
derived from prior literature on UI animation taxon-
omy (Liddle, 2016; Betrancourt and Tversky, 2000;
Chevalier et al., 2016), including:

Transition (Transit.): Animations that support lay-
out changes.
Example: A �ame animation in a privacy browser
burning away tabs to transition to a new session.

Demonstration (Demo.):Animations that reveal
or explain the behavior, functionality, or structure
of the interface and its elements.
Example: An animation of the Face ID setup demo.

Guidance (Guide):Animations that guide the user
towards an intended interaction.
Example: An animated arrow guiding the user to
swipe up to capture the Pokemon.

Feedback:Animations that provide visual re-
sponses to user interactions.
Example: A ripple animation appears when two
iPhones are near each other for proximity AirDrop.

Visualization (Vis.):Animations that represent
system status, data, or other information.
Example: An animated bottle icon gradually �lling
up to visualize the loading process.

Highlight: Animations that emphasize speci�c con-
tent or draw the user's attention to key elements.
Example: A pulsing ripple animation highlighting
the menu button in the corner.

Aesthetic:Animations that enhance the visual ap-
peal, create an emotional impact, or improve user
experiences.
Example: Animated confetti falling from the top.

D.2 Evaluation Prompt
You are a UI animation expert. You will
analyze an ordered sequence of frames
sampled uniformly at 10 fps from a
user-interface (UI) animation. Within each
video, a green box will appear when the
animation starts, and disappear when the
animation ends. Please primarily focus on
the animation happening within the green box
when you answer the questions. Please see
all the frames, and answer the following
questions about the UI animation in this
video.
You will be given the following information
as Inputs
- frames: a sequence of images captured at
10 fps. A green box will appear to identify
the region of animation.
- context: brief description of the
situation (e.g., app, user goal)
- input: description of any user interaction
right before or during the animation (tap,
swipe, talk, etc.), or no input was actively
performed.
Data for this video
context: {context}
input: {input}
Question: What is the primary purpose of
this UI animation? Describe your rationale
and explain how the animation effect
supports that purpose. Single-answer
question. Select only one option.
Options:

A. Transition: Animations that support
layout changes.
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