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Abstract

Large multi-modal models (LMMs) show increasing perfor-
mance in realistic visual tasks for images and, more re-
cently, for videos. For example, given a video sequence,
such models are able to describe in detail objects, the
surroundings and dynamic actions. In this study, we ex-
plored the extent to which these models ground their se-
mantic understanding in the actual visual input. Specif-
ically, given sequences of hands interacting with objects,
we asked models when and where the interaction begins or
ends. For this purpose, we introduce a first of its kind, large-
scale dataset with more than 20K annotated interactions
on videos from the Something-Something-V2 dataset. 250
AMTurk human annotators labeled core interaction events,
particularly when and where objects and agents become at-
tached (‘contact’) or detached (‘release’). We asked SoTA
LMMs, including GPT, Gemini and Qwen to locate these
events in short videos, each with a single event. The results
show that while models reliably name target objects and
identify actions, they exhibit a form of ‘shortcut learning’
where semantic success masks a failure in physical ground-
ing. Specifically, they consistently fail to identify the frame
where the interaction begins or ends and poorly localize the
physical event within the scene. This disconnect suggests
that while LMMs excel at System 1 intuitive pattern recog-
nition (naming the action and objects), they lack the System
2 cognitive foundations required to reason about physical
primitives like ‘contact’ and ‘release’, hence truly ground
dynamic scenes in physical reality.

1. Introduction

Discovering and understanding actions and interactions are
fundamental cognitive capabilities of humans and other in-
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Figure 1. Events of physical contact or release. Each row
presents 2 frames before and after a true physical contact or re-
lease event (marked with a green box) during a hand-object inter-
action. Humans are sensitive to the gap between the hand and the
target object even one frame before a contact or after a release.
Evidence of a physical contact is crucial to identify an interaction
over a simple occlusion, or to predict the outcome of an interaction
at it’s termination. These examples are from our annotated dataset,
extracted from SSv2.

telligent beings, necessary in interpreting and planning dy-
namic events between objects and agents in the surrounding
environment [22]. Infants develop early sensitivity to spa-
tiotemporal continuity in simple events, for example, the
physical contact between an agent and a target object (see
Fig. 1). In developmental psychology, the perception of
physical contact and release are considered ‘primitives’ of
causal reasoning—foundational building blocks that allow



humans to move beyond surface correlations to an under-
standing of agency and physical laws. This sensitivity to
the causality of perception guides infants at a very young
age, in learning to detect and interpret interactions between
objects and agents, including launching, entraining and ex-
pulsion events [2, 14, 18, 23].

Computationally, recent vision models showed increas-
ing performance in recognizing actions and interactions in
realistic video sequences [9, 19, 28]. Some models include
special architectural designs to improve on the internal rep-
resentation learning [38], while others use a common archi-
tecture, but train on very large unlabeled video datasets uti-
lizing self-supervised learning (SSL) paradigms [5, 16, 30].
The introduction of large multi-modal models (LMMs), al-
lowed the combination of semantic information from large
language models (LLMs) and foundational visual represen-
tations, thus allowing to generalize to unseen videos and
actions without explicit training [28].

Despite the increasing success of models in generalizing
to more complex tasks without explicit training, recent stud-
ies revealed fundamental limitations in the models’ ability
to reason about the performed tasks and develop human-
like generalizable cognitive understanding [4, 13, 24]. In
this study, we explore whether the enhanced performance
of LMMs in video action recognition, reflects an improved
cognitive understanding (System 2), or merely a superficial
‘story telling’ ability about detected objects in proximity of
hands (System 1)?

For this purpose we introduce a large-scale dataset – The
Contact-Release Interaction Dataset (CRID). This first of
its kind dataset consists of more than 20K annotated interac-
tions, based on 10, 000 action videos from the “Something-
Something v.2” (SSv2) dataset [10]. Using the Amazon
Mechanical Turk (AMTurk) crowd sourcing platform, we
conducted a survey, in which 250 human annotators la-
beled 24, 222 core interaction events, including: (i) the
type of agent acting upon the target object (e.g., a hand
or another object), (ii) the type of core interaction event
(‘contact’–attachment between a target object and an agent,
or ‘release’–detachment of the object from the agent), (iii)
the spatiotemporal location of the event (frame number and
image coordinates). Fig. 2 depicts the annotation setting
(see details in Sec. 3).

Based on these annotations, we conducted a series of ex-
periments to evaluate the ability of current LMMs to de-
tect the spatiotemporal location of core interaction events
in real-world video sequences. The experiments were con-
ducted under several In-Context-Learning (ICL) regimes,
while applying two modifying conditions on the models’
prompts – Reasoning and Grounding – inspired by earlier
studies [12, 25, 32]. We applied the evaluation scheme (see
Fig. 3) to five SoTA LMMs including, OpenAI’s GPT-5.2
and GPT-4o models [20, 26], Google’s Gemini-Pro-3 and

Gemini-2.5-Flash models [6, 7] and an open source version
of Alibaba’s Qwen-2.5VL-72B [1].

In summary our contributions include:

• Introduce CRID - a large scale dataset, based on 10K
interaction videos from SSv2 dataset, with more
than 20K first of their kind human annotations of
core interaction events (‘Contact’ and ‘Release’).
The annotations include details on the event and
agent types, as well as the spatiotemporal locations
of the events.

• A set of prompting experiments under several ICL
regimes and modifying Reasoning and Grounding
conditions.

• A discussion around the striking ‘grounding gap’ re-
vealed in our results: models can identify a high-
level action label through statistical association, but
remain ‘blind’ to the underlying physical events that
define that action.

2. Related Work
Video understanding was thoroughly researched in the past
due to its high value to the advancement in the domain of
AI. Unlike action recognition in video, such as identifying
people jumping, playing tennis etc., video understanding is
a more complex task, often requiring a high level of gen-
eralization. Recent studies in this area of research, such as
Maaz et al. [17], showed that a ChatGPT agent can suc-
cessfully answer complex questions when prompted with
image data together with the verbal question. Wu et al. [33]
used segmentation masks, which the model provided in a
grounding step, to further improve the model’s understand-
ing of the input images. Shao et al. [25] showed that by ask-
ing the model to produce a Chain-of-Thought of a general
task related to the image of the main task, improves signifi-
cantly the final answer of the LMM. Tian and Wu [29] also
used a prompt tuning technique to improve action recogni-
tion performance of an LMM agent, but their method re-
quires training of additional adapter models that embed the
prompt, actions and the image to be tokenized and sent to
the LMM. Chen et al. [3] utilize reinforcement learning to
improve LMM grounding via iterative ROI extraction and
prediction-based feedback.

While Qi et al. [21] reveal that image-based LMMs of-
ten prioritize textual priors over visual evidence, their anal-
ysis remains limited to static scenes. Our work extends this
critique to the temporal domain, demonstrating that even
when models produce coherent action narratives, they fail
to ground them in the physical primitives—such as contact
and release—that define dynamic interactions.

Finally, several studies focused on changes that a ma-
nipulated object undergoes during long interaction videos



Figure 2. Collecting human annotations for interactions using Amazon Mechanical Turk platform. Human subjects were asked to
annotate core interaction events in videos from SSv2 dataset [10]. Shown here are example annotations for ‘contact’ and ‘release’ events,
where the target object (white candle) comes in contact with a hand (left) and a surface (middle), or is detached from the hand (right). The
annotations include the event type, the kind of agent-object pair and the spatiotemporal location of the event (frame and image coordinates).

(e.g., paper folding, fruit peeling, etc.), utilizing existing
benchmarks for object affordance and object manipula-
tion [27, 31, 34, 36]. The videos are often at low resolu-
tion and include coarse categories of background and ac-
tions, rather than the begin or end of a physical contact. In
contrast, our evaluation is focused on the initial moment of
contact or release in an interaction, regardless of the kind of
target object or the kind of manipulation, which are the core
of the object affordance studies. We believe that the generic
ability to detect physical contact is fundamental for learn-
ing about object affordance and manipulations in a self-
supervised manner.

3. Dataset

Overview. In this section we describe the dataset used in
our experiments. We explore models’ understanding of core
interaction elements, for example the moment a hand picks
up a target object and the spatial location where the physical
contact occurs in the scene. We introduce a new large scale
dataset – The Contact-Release Interaction Dataset (CRID).
This first of its kind dataset consists of more than 20K anno-
tated interactions on more than 10K action videos from the
“Something-Something-v2” (SSv2) dataset, which is a col-
lection of smartphones’ videos depicting humans perform-
ing various everyday interactions in natural settings [10].
The SSv2 labels include generic action templates, for ex-
ample, “putting something into something”, and the object
names in the template placeholders (“something”) for each
video.

Human annotations. In this work we used the AMTurk
online platform to conduct a survey, in which 250 human
annotators labeled more than 20K core interaction events,
including: (i) the type of agent acting upon the target object

(e.g., a hand or another object), (ii) the type of core interac-
tion event, i.e, ‘contact’ or ‘release’, (iii) the spatiotemporal
location of the event, i.e., the frame number and image co-
ordinates where the physical event occurs (see Fig. 1 and
Fig. 2). The survey and the annotations collection proce-
dure were approved by the institutional review board of the
Weizmann Institute of Science, Rehovot, Israel. All human
subjects gave informed consent before participating in the
survey. Details about the new annotated dataset, including
the videos and the labels are summarized in Tab. 1. Due
to time and budget constraints, we could not hire multiple
annotators for each of the 10K videos. However, we eval-
uated the inter-rater agreement between randomly selected
annotators, by measuring the Intraclass Correlation Coef-
ficient (ICC) between 3 random annotators on a randomly
selected subset of videos. The results indicate a high agree-
ment level on the frame annotation (ICC of 0.95), and a
medium agreement level on the spatial location where the
events occur (ICC of 0.73 and 0.39 for the exact x and y
coordinates, respectfully, and an IoU of 0.57 for a 120×120

Table 1. The Contact-Release Interaction Dataset (CRID). New
annotations of core interaction events for videos extracted from the
SSv2 dataset [10].

Videos 10130
SSv2 action templates 91
Mean videos per template 111

‘Contact’ events 13816
‘Release’ events 10406
‘Hand-object’ interactions 12550
‘Object-object’ interactions 5653
‘Object-surface’ interactions 6019
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Figure 3. A schematic flow chart of the experiments under the different In-Context-Learning (ICL) regimes (i.e., ZS, OS, TS) and mod-
ulating conditions. The blocks represent different components of intermediate procedures. Each row represents an experiment using a
particular ICL regime and condition (the experiment flow is directed left to right). The CNTX block indicates an introductory prompt
about the agent. The EXMP block represents a prompt of an example, including the task instruction, an input video and the correct re-
sponse for this example. The RSN block indicates a prompt instructing the model to include in the response a step-by-step description
of the reasoning behind the predicted answer. The GRND block represents a prompt instructing the model to describe the content of the
input video and the instructing prompt. In this block, the model provides an intermediate response, prior to the main task. The TST block
indicates the prompt of the main test task, including the instruction and test video (see Sec. 4 for more details).

bounding box centered around the labeled location).

Open access availability. The dataset is publicly avail-
able at ssv2-contact-release-interaction-dataset. Despite
concerns about benchmark data leaking into LMM pre-
training, recent research (e.g., [11]) indicates that even top-
tier SSL visual encoders struggle with physical interactions
and contact, even after fine-tuning. Consequently, we pro-
vide open access to our annotations. This allows future
models to leverage these scarce examples alongside their
inherent reasoning and semantic knowledge (similar to hu-
mans) to bridge current limitations.

4. Experimental Design
Overview. In this section we describe in more detail the
evaluation experiments conducted in the course of this
study. We considered three ICL regimes: zero-shot, one-
shot and two-shot [8].

As we are interested in models’ ability to understand
core interaction events in videos, we focused on the de-
tection of the frame in the video, where a core interac-
tion event (‘contact’ or ‘release’) occurs. Since the origi-
nal SSv2 videos often contain several simultaneous inter-

action events, we manually extracted 3 temporally isolated
events from a subset of 33 videos, resulting with 99 short
sequences, 10 frames each, consisting of a single core event
(see supplementary for details). As a control, we extracted
from each video, an additional short sequence (a ‘non-
event’), which depicts objects and hands in a dynamic scene
without a physical contact/release event.

To better understand the models behavior, we employed
two explainability methods, that were used in previous stud-
ies with LMMs, as modulating conditions: (i) Grounding,
(ii) Reasoning. We elaborate about these conditions later
in this section. In our experiments we evaluated their rela-
tive influence on the models performance. These prompting
conditions do not modify the models’ internal reasoning pa-
rameters. Fig. 3 presents the different experimental settings,
including the ICL regimes and modulating conditions.

Zero-Shot (ZS) regime. In the baseline ZS regime, mod-
els are instructed to perform the main task on a test video
(i.e., detect the frame where the a core event occurs), with-
out any examples. The prompt includes an introduction, the
image frames of the test video sequence and the instructions
for the main task, as shown in Listing 1.

https://gitfront.io/r/hararid/52Roq1ASsNte/ssv2-contact-release-interaction-dataset


Listing 1. The prompt used in the baseline ZS experiment.
System:
You are a useful assistant and an expert in video

↪→ understanding.
Images:
[First test video frame]
...
[Last test video frame]
User:
The uploaded images are consecutive frames from a video.

↪→ The numbers in the file name indicate the order
↪→ of the frames in the sequence, so frame_1.jpg
↪→ is the first frame, followed by frame_2.jpg
↪→ which is the second frame, etc. The sequence
↪→ shows an interaction between a hand and an
↪→ object. An interaction usually begins when an
↪→ object starts to move with the hand. An
↪→ interaction usually ends when the hand starts to
↪→ move without the object.

Q: In which frame does the interaction end?
Answer briefly with: "Prediction: <frame number>"

Listing 2. A prompt used in the OS experiment.
System:
You are ...
Images:
[First frame of example video]
...
[Last frame of example video]
User:
The uploaded imgaes ...
Q: In which frame does the interaction end?
Answer briefly with: "Prediction: <frame number>"
A: Prediction: 3
Images:
[First test video frame]
...
[Last test video frame]
User:
The uploaded images ...
Q: In which frame does the interaction end?
Answer briefly with: "Prediction: <frame number>"

One-Shot (OS) regime. In the OS regime, models are
provided with a single example of the main task prior to per-
forming the task on the test video sequence. The example,
includes a video with a different event from the experimen-
tal dataset and the annotated true frame for this video, where
the core event occurs. The prompt is provided in Listing 2.
We evaluate the models on each test video in a leave-one-
out approach, and average the accuracy for that video across
all trials.

Two-Shot (TS) regime. We further extended the experi-
ment of the OS regime, to the TS regime, by presenting to
the model a second example of another event with the cor-
responding labeled frame, prior to the test. As in the OS
regime, we average the accuracy across many trials for each
test video (same total trials as in the OS regime), where in
each trial the two examples are drawn randomly from the
set of experimental dataset, excluding the test video.

Listing 3. A grounding prompt in the OS experiment to verify
model’s understanding of both verbal and visual contents of a pro-
vided example.
System:
You are ...
Images:
[First example video frame]
...
[Last example video frame]
User:
The uploaded imgaes ...
To check your understanding, please repeat the correct

↪→ answer to the example question, and specify
↪→ which object was in contact with the hand in
↪→ these frames? Answer with the object’s name.

Listing 4. An instructing prompt for step-by-step reasoning.
System:
You are ...
Images:
[First test video frame]
...
[Last test video frame]
User:
The uploaded images ...
Q: In which frame ... ?
Answer briefly with ...
Think step by step, and show all intermediate reasoning

↪→ before giving the final answer.

Grounding condition. The grounding procedure pre-
cedes the main test task. The model is instructed to de-
scribe the contents of the provided image sequence, and to
repeat a particular piece of information from the instructing
prompt. The motivation behind this procedure came from
a preliminary experiment that was conducted with the on-
line User-Interface of ChatGPT-4o, in which the model had
better understanding of the instructing prompt and more at-
tention to the image contents, when explicitly was asked
about them. The prompt used for the grounding condition
is shown in Listing 3.

Reasoning condition. The reasoning procedure is com-
bined with the main task, by instructing the model to de-
scribe in detail the reasoning behind its answer to the main
frame detection task (see prompt in Listing 4). This prompt
does not modify the internal reasoning parameters of the
model. The motivation for this experimental condition
comes from recent studies showing that models’ perfor-
mance increases when they are explicitly instructed to pro-
vide a step-by-step description, and thus may extract and
combine more relevant information in the final answer [32].
Fig. 4 shows an example of a false prediction together with
the model’s step-by-step chain of thought.



### Chain of Thought:
1. **Identify the Event:**  
   The event in question is the hand interacting with the keys and the lock. Specifically, the 
start of the event would be when the hand first makes contact with either the keys or the 
lock.
2. **Analyze Each Frame:**  
   - **Frame 1:** The keys and lock are on the table, and there is no hand visible.  
   - **Frame 2:** Still no hand visible; the keys and lock remain stationary.  
   - **Frame 3:** A hand appears and touches the lock, indicating the start of interaction.  
   - **Frame 4:** The hand is no longer visible, and the keys and lock remain stationary.  
   - **Frame 5:** The hand reappears and touches the lock again.  
   - **Frame 6:** The hand is no longer visible, and the keys and lock remain stationary.  
   - **Frame 7:** The hand reappears and touches the lock again.  
   - **Frame 8:** The hand is no longer visible, and the keys and lock remain stationary.  
   - **Frame 9:** The hand reappears and touches the keys.  
   - **Frame 10:** The hand is no longer visible, and the keys and lock remain stationary.
3. **Determine the Start of the Event:**  
   The event starts when the hand first makes contact with the lock. This occurs in **Frame 
3**.
### Prediction:
Prediction 3

Frame 3 Chain of ThoughtFrame 7 Frame 8 Frame 9

False Prediction

Event type: Release

Figure 4. Example false prediction. The model provides the chain-of-thought under the “WITH” Reasoning condition. The example
shows that the reasoning seems logical and realistic, but the grounding of the physical release event in the video frames is very loose. The
orange box marks the true frame. The red box marks the false prediction.

5. Results

In this section we describe in detail the results from the ex-
periments conducted in this study.

Event frame detection. The main task for the models was
to detect the frame where a test event (’contact’ or ’release)
occurs. A correct detection is considered within an allowed
error tolerance eτ . For example, eτ = 0 means the model
predicted the exact true (human) labeled frame where the
event occurs, and eτ = 1 means that the predicted frame
can be up to one-frame off (before or after) the true frame.
As demonstrated in Fig. 1, it is often evident that there is
no physical contact between the hand and target object al-
ready one frame after a release or before a contact event.
Throughout this section, the models’ performance is mea-

Table 2. Reasoning effect on LMMs’ performance. Models are
instructed to describe step-by-step the reasoning behind their pre-
diction of the frame where the interaction occurs. Mean accuracy
is measured for the detection of the frame where the test event oc-
curs, within an allowed error tolerance (here the exact or one frame
off the true frame). Results are reported as per 3 ICL regimes (ZS,
OS, TS) for the models: (i) Gemini-2.5-Flash and (ii) GPT-5.2.

ICL RSN Mean Accuracy Percentage (SD)
Exact 1-off

Gemini GPT Gemini GPT

ZS W/O 8.08 (1.94) 9.60 (2.10) 30.81 (3.29) 35.35 (3.41)
W 9.09 (2.05) 12.12 (2.33) 29.80 (3.26) 33.84 (3.37)

OS W/O 19.87 (2.84) 18.15 (2.29) 47.15 (3.55) 42.96 (3.19)
W 16.74 (2.65) 15.93 (2.02) 43.71 (3.53) 39.43 (3.05)

TS W/O 20.71 (20.71) 18.03 (2.73) 49.07 (3.55) 44.31 (3.53)
W 17.98 (2.73) 17.12 (2.68) 47.53 (3.55) 40.82 (3.49)

sured as the mean detection accuracy (with standard error)
across all test events (99) in the experimental dataset.

Fig. 5 presents performance charts for the evaluated
models. The results in Fig. 5a indicate that at the ZS regime,
the models’ accuracy is about chance level (10%) for detect-
ing the exact frame where the event occurs. The accuracy
for an error tolerance of one-frame off peaks at 42.9% with
Gemini-3-Pro. However, as indicated by Fig. 5b, the mod-
els’ failure often tends to frames with no visual grounding
of a physical contact. In addition, when evaluated on ’non-
event’ control videos, which contained hands and objects
but did not present a physical contact, most of the mod-
els completely failed. Except for Qwen, which responded
correctly at 18.2% of the trials that there is no event in
these video, the rest of the models always predicted a frame
and provided an explanation for their choice. The chart in

Table 3. Grounding effect on LMMs’ performance. Prior to
the frame detection task, models are instructed to name the tar-
get object, to improve their perceptual grounding. Mean accuracy
is measured for the detection of the frame where the test event oc-
curs, within an allowed error tolerance (here the exact or one frame
off the true frame). Results are reported as per 3 ICL regimes (ZS,
OS, TS) for the models: (i) Gemini-2.5-Flash and (ii) GPT-5.2.

ICL GRND Mean Accuracy Percentage (SD)
Exact 1-off

Gemini GPT Gemini GPT

ZS W/O 7.58 (1.89) 11.62 (2.28) 29.29 (3.24) 34.85 (3.39)
W 9.60 (2.10) 10.10 (2.15) 31.31 (3.30) 34.34 (3.38)

OS W/O 17.78 (3.84) 17.31 (2.18) 44.77 (3.53) 41.94 (3.16)
W 18.84 (2.78) 16.77 (2.14) 46.09 (3.54) 40.45 (3.09)

TS W/O 19.32 (2.81) 19.31 (2.81) 49.49 (3.55) 45.22 (3.54)
W 19.37 (2.81) 15.84 (2.60) 47.10 (3.55) 39.92 (3.48)
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Figure 5. Models’ performance. (a) A comparison between models’ performance at Zero-Shot ICL. Exact detection of the physical event
is around chance level for most models. At one-frame off error tolerance Gemini-pro-3 peeks at 42.9%. Humans outperform the models by
far. (b) The models’ mean frame error. A positive error indicates a prediction which precedes a physical contact event, or follows a physical
release event. In these frames there is often a clear gap between the hand and the target object. (c) Detail mean accuracy vs. frame error
tolerance for GPT-5.2. The chart depicts a slight performance increase across the different ICL regimes (ZS, OS, TS). Results are under
the “WITH” Reasoning condition. Chance level is 10% (shown as a dashed horizontal line) as the length of all videos in the experimental
dataset is 10 frames.

Fig. 5c depicts the GPT-5.2 model’s performance as a func-
tion of the allowed error tolerance (other models yielded
similar results, see Supplementary). The chart also shows
a minor increase in performance between the different ICL
regimes as was demonstrated already in earlier studies [8].

Tab. 2 reports the mean accuracy for eτ = 0 and eτ = 1
as per each of the three ICL regimes (ZS, OS, TS) under the
Reasoning condition (see Sec. 4). Similarly, Tab. 3 lists the
mean accuracy under the Grounding condition (see supple-
mentary for the results on other models).

These results indicate that explicitly instructing the mod-
els to provide visual grounding evidence and reasoning for
their answers does not necessarily increase their perfor-
mance. Surprisingly, the results indicate that these instruc-
tions, may sometimes yield a decrease in the models’ per-
formance. This reflects the foundational gap between Sys-
tem 1 and System 2 abilities of the models. We further dis-
cuss this in Sec. 6.

Finally, we performed an ablation experiment, inspired
by recent work on boosting LLMs reasoning with a verifica-
tion feedback procedure – similar to reinforcement learning
approach [12, 32, 35] – but this did not improve the models’
performance on the detection task (see supplementary).

Action and object recognition. To contextualize the fail-
ure in fine-grained grounding, we benchmarked the models’
high-level action and object recognition capabilities. Using
our experimental dataset consisting of a subset of 33 videos
across 15 action templates from SSv2, we evaluated two
distinct tasks:

(i) Action Classification: Models were prompted to iden-
tify the correct SSv2 action template for each video. To
ensure evaluation precision and avoid linguistic ambiguity,
we required models to output numerical template IDs rather
than text strings. Accuracy was measured using Top-1 and
Top-5 metrics. For few-shot guidance, the prompt included

verbal descriptions of four representative interaction styles,
excluding actual video frames.

(ii) Object Naming: Given the correct action template,
models were tasked with replacing ”something” placehold-
ers with the specific objects identified in the video. Accu-
racy was determined by manually verifying predicted ob-
jects against ground-truth labels, accounting for ordering
and synonyms.

As shown in Tab. 4, the models demonstrate robust
global understanding, with most achieving over 85% Top-
5 action accuracy and high object naming precision. This
confirms that their struggle to pinpoint interaction events is
not due to a lack of semantic or object-level recognition, but
rather a specific deficit in spatiotemporal grounding.

Event bounding-box (BBox) detection. We evaluated
the models ability to locate the interaction region within the
predicted video frame, where the event occurs. Since the
annotations contain a point image location per event (point
of contact or release), we considered for the evaluation sev-
eral formulations for the prediction of the event location,
including exact point location and different BBox formats.
We report here the best performing setting, which was pre-
dicting a BBox, and measuring the Intersection-over-Union
(IoU) between the prediction and a square BBox centered

Action Classification Acc. (%) Obj. Naming Acc. (%)
Model Top-1 Top-5

GPT-4o 48.48± 8.69 81.82± 6.71 81.82± 6.71
GPT-5.2 45.45± 8.67 96.97 ± 2.98 93.94± 4.15
Gemini-2.5 66.67 ± 8.33 90.91± 5.08 93.94± 4.15
Gemini-3-Pro 63.64± 8.37 87.88± 5.68 96.97 ± 2.98
Qwen-2.5VL 60.61± 8.51 84.85± 6.24 69.70± 8.00

Table 4. Per-model accuracy statistics for global action classifica-
tion and naming the correct target objects in each test video.



around the label point location. We tested several box sizes
in the range 20 to 200 pixels. Using a 120×120 pixel
size boxes around the annotation point yielded the best per-
formance: mean IoU of only 0.147 for Gemini-3-Pro and
0.086 for GPT-5.2 (see supplementary). Overall, these find-
ings indicate that the model is unable to reliably localize the
regions around the physical interaction.

Human performance. As a comparison to the models
performance, we asked two naive humans to perform the
same tasks on the experimental dataset. For humans,
the mean accuracy on the event frame detection task was
43.00%± 5.04% for the exact frame, and 81.36%± 4.18%
for 1-frame off - high above the best performing model as
shown in Fig. 5a. The ICC between the human subjects
was 0.87. The accuracy on the ’non-event’ control set was
70.26%± 6.93%. The mean IoU for the event location de-
tection was 0.71± 0.02.

6. Discussion

Recent advancement of current vision models improve sig-
nificantly LMMs generalization ability in recognizing un-
seen actions and scenes in real-world videos [24, 28, 30].
Our action recognition evaluation verify this increased per-
formance for five models: Qwen-2.5VL-72B, GPT-4o,
GPT-5.2, Gemini-2.5-Flash and Gemini-3-Pro (see Tab. 4).
However, previous studies have indicated a possible limi-
tation of current vision models in understanding the core
interaction events underlying the general action [11]. Do
LMMs overcome this limitation by leveraging their vast
common knowledge and visual semantics?

In this study we conducted a series of experiments, un-
der several ICL regimes, to test LMMs’ ability in detecting
where and when in the video, core interaction events occur.
Specifically, we focused on ‘contact’ and ‘release’ events,
where a target object becomes attached to an agent (e.g., a
hand) or detached from the agent (Fig. 1; Sec. 4). We in-
troduced the Contact-Release Interaction Dataset (CRID) –
a new large scale dataset with more than 20K human anno-
tated events in videos from the SSv2 dataset [10] (Sec. 3).

Our experimental results indicate that despite the System
1 ability of the models to classify correctly the action in the
videos (> 80% in Top-5) and even name the correct target
objects in the scenes (> 70%), the models struggle with
detecting the physical core events and ground them visually
in the videos (< 17%). Introducing similar examples using
few-shot ICL paradigm slightly improves the performance,
which still remains slightly above chance level (Fig. 5c).

In contrast with earlier studies [25, 32], applying Chain-
of-Thought prompting does not necessarily increase the
models’ performance (see Tab. 2). Similarly, explicitly in-
structing the models to attend and describe the input video
(e.g., name the target objects in the interaction scene), does

not improve the models’ grounding ability and hence the
performance (see Tab. 3). These results suggest that the
models lack System 2 understanding abilities of core inter-
action events.

We find that models struggle with the perceptual ground-
ing of the core events underlying actions and interactions
in the visual input, despite their general ability to describe
the action and participating objects and agents in the inter-
actions. This limitation is partly related to the challenge
of complex question decomposition as was already shown
in previous studies [37]. However, it seems that there is
more to this limitation. We hypothesize that the main lim-
itation is rooted in a loose integration between the visual
representation (often of pretrained visual transformers) and
the language representation, which are mostly trained sepa-
rately. This limitation projects also to the models’ inability
to overcome current challenges of visual models in inter-
preting spatial relations between objects [15] and complex
dynamic events, despite their huge semantic knowledge. In
a sense, the models exhibit a “shortcut learning” behav-
ior and merely able to tell a “good story” about possible
interactions when hands appear in proximity of objects in
scenes. In struggling to pinpoint the moment and location
of physical contact that defines the interactions, the models
lack the perceptual grounding required for deeper under-
standing of dynamic scenes

The implication of this limitation may be that current
LMMs lack the capacity to develop full visual understand-
ing of dynamic interactions, similar to intelligent beings
[18, 24], and thus can have only limited ability in inter-
preting unfamiliar and complex interactions, as well as in
planning interactions on their own for artificial systems.

7. Conclusions
In this paper we demonstrate a major limitation of current
large multi-modal models in understanding dynamic inter-
actions. Our analysis suggests that current models are op-
erating as sophisticated System 1 engines. They recognize
a ‘picking up’ action by the presence of a hand and a cup,
but they do not perform the System 2 ‘mental simulation’
required to pinpoint the exact moment of physical attach-
ment. To move toward genuine multi-modal intelligence,
future architectures must incorporate structured priors or
causal world models that treat interaction events not just as
pixels, but as discrete physical state changes (e.g., attend to
motion and motion boundaries around the hand and the ob-
ject). We introduce CRID - an extension to the SSv2 dataset
with more than 20K detailed annotations of core physical
events in more than 10K videos. These annotations may
be used in future efforts to develop new architectures or
foundation models with cognitive understanding of visual
dynamic interactions.
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