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1 CWM pre-training

1.1 Architecture details

Figure 1 provides an overview of the predictor architecture. The input video is
first divided into non-overlapping spatiotemporal patches of size 8 x 8. Then a
subset of patches is masked, and only the remaining visible patches are passed as
inputs into the transformer encoder. We follow the standard ViT architecture.
Following MAE [11], each transformer block in the ViT consists of a multi-
head self-attention block and an MLP block, both having LayerNorm (LN).
The CWM encoder and decoder have different widths, which are matched by a
linear projection after the encoder [11]|. Finally, the embedded tokens from the
encoder and learnable mask tokens are passed as inputs into a shallow decoder
to reconstruct the masked patches. Each spatiotemporal patch has a unique sine-
cosine positional embedding. Position embeddings are added to both the encoder
and decoder inputs. CWM does not use relative position or layer scaling [2,11].
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Fig. 1: Architecture of the masked predictor ¥ in the CWM framework.

1.2 Implementation details

While the discussion about CWM has for simplicity of presentation assumed
a frame pair as input, for physical prediction problems it is natural to have an
additional context frame to allow object initial velocities to be well-defined. More
specifically, given 3 consecutive video frames at 150 ms apart during training,
we provide full visibility to the first two context frames and only mask the last
frame. In common situations where there is no motion in the first two frames,
the three-frame model will recover what a two-frame model would have learned.
When there is motion, the three-frame model will additionally learn acceleration,
which is essential for physical predictions. For extracting keypoint and flow which
only require 2 frames as input, we repeat the first frame twice so that the total
input length is 3 frames. For extracting segmentation, we are given a single input
frame, which we repeat twice and simulate object motions onto the third frame
to compute segments.

CWM uses the standard ViT-B and ViT-L architectures with a patch size of
8, which allows structure extraction at a higher resolution. We pre-train CWM on
the Kinetics-400 dataset [12], without requiring any specialized sparse operations
or temporal downsampling. It takes approximately 6 days to train 1600 epochs
on a TPU v4-256 pod.

1.3 Default settings

We show the default pre-training settings in Table 1. CWM does not use color
jittering, drop path, or gradient clip. Following ViT’s official code, xavier uniform
is used to initialize all Transformer blocks. Learnable masked token is initialized
as a zero tensor. Following MAE, we use the linear Ir scaling rule: Ir = base_Ir x
batch__size /256 [11].

2 Structure extraction details and results

In this section, we discuss implementation details of the counterfactual queries
for extracting keypoints, optical flow, and segmentations. We also provide more
qualitative results of each structure extracted by CWM.
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Table 1: Default pre-training setting of CWM

config ‘ value
optimizer AdamW [14]
base learning rate 1.5e-4
weight decay 0.05

optimizer momentum | 1, B2 = 0.9,0.95 [6]
accumulative batch size| 4096
learning rate schedule | cosine decay [13]

warmup epochs [10] 40

total epochs 1600

flip augmentation no

augmentation MultiScaleCrop [26]

2.1 Keypoint

Implementation details CWM queries keypoints iteratively, starting with
an intervention initialized as an initial empty mask and adding visible tokens
one-by-one. Note that, whereas the counterfactual queries for optical flow and
segmentation involve perturbing the visual input to the predictor ¥, keypoints
arise by varying the prediction model’s input mask.

At each iteration, we compute the Mean-Squared-Error (MSE) between the
next-frame predictions of ¥ and the ground-truth next frame. We sort the MSE
and select the top k locations as candidate keypoints. k is set as 4 by default.
For each candidate keypoint, we add its patch content to the intervention and
re-compute the MSE between the updated predictions of ¥ and the ground-
truth next frame. The candidate keypoint with the minimum MSE error, or
equivalently maximum error reduction, is selected as the keypoint output at
that iteration. The selected keypoint is added to the intervention and we repeat
the procedures above to compute the location of the next keypoint.

Additional qualitative results Figure 2 shows additional qualitative results
of the keypoints extracted on DAVIS 2016 [19] and Bridge dataset [7]. We extract
5 keypoints for each example. Our procedure extracts dynamical RGB keypoints
in the input frame pairs.

2.2 Optical flow

Implementation details As originally proposed in [4], we simultaneously es-
timate optical flow at all locations in a frame pair x1, 2o € R3>*7*W via the
Jacobian of ¥, denoted as J¥ ¢ RIXWXHXW The Jacobian of ¥ assigns to el-
ement (4, j, k,1) the predictor’s change in output at location (k,[) in the second
frame due to an infinitessimal change at location (i,j) in the first frame. Flow
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can be computed using JY¥ as the following:

undefined (disocclusion) if argmax; .| J¥(i,5,k,1)] < 1
flow(k, 1) = L o

(k,1) — argmax, ; TV (i, j, k, 1) otherwise

(1)

with results averaged over several choices of visible patches in the masked second
frame ;vg . This is a tensorial operation that enables parallel computation for flow
at all pixel locations, implemented practically using Jacobian-vector products
available in Pytorch autograd. Note that this method detects disocclusion rather
than occlusion, since no perturbation at any location in the first frame will cause
a response at a point that becomes disoccluded in the second frame.

Additional qualitative results We show additional qualitative results on two
distinct datasets: DAVIS 2016 [20] and a recent synthetic dataset SPRING [15].
The results are shown in Figure 3 and 4 respectively.

2.3 Segmentation

Single Spelke object extraction To extract the Spelke object at a pixel
location (i,j) of a static image, we first create an intervention that simulates
counterfactual motion by taking the patch at location (4, j) and creating a new
frame that is largely blank, but in which the content of the patch has been copied
(e.g. translated) to a new location (i+e€1,j+¢€2), where €1, €5 are location offsets
randomly sampled within a radius r > 0. We set r to a fixed fraction (0.2) of
the input image size. In addition, we can optionally create the appearance of
stopping the counterfactual motion at a location (i',j) by directly copying the
patch at that location to the same location in the intervention without offset
(or equivalently »=0). Adding the stop-motion patch allows the counterfactual
query to isolate a single object, especially in a cluttered scene with multiple
objects adjacent to and stacked on top of one another. In practice, different
random choices of motion offset and stop-motion patches could potentially yield
different counterfactual motion results. We sample 4 different interventions per
pixel location, compute flow for the counterfactual motion, average the flow
magnitudes of the different samples, and then threshold the mean flow magnitude
map at 0.5 to obtain the binary segmentation map at pixel location (4, 7). We can
use CWM to estimate optical flows, following procedures described in section 2.2.
For faster extraction, we use RAFT [22] to estimate the optical flows of different
samples.

We also find that the above procedure can be repeated iteratively to refine
the segments further. Once a tentative segmentation map is obtained, we can
sample more patches within the segment and add them to the intervention to
simulate better counterfactual motion. At each iteration, we sample one patch
within the segment and add it to the set of patches that simulates counterfactual
motion. We additionally sample one patch outside the segment and add it to the
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set of stop-motion patches that simulates stopping the counterfactual motion.
We set the number of iterations to 3 by default.

While the predictor ¥ is trained with input resolution 224x224, Spelke object
can be extracted at a different resolution by simply interpolating the position en-
coding correspondingly. We extract zero-shot segmentations on COCO training
images at resolution 480x480 using the ViT-B/8 CWM model.

Multiple Spelke object extraction To automatically discover multiple Spelke
objects in a single image, we choose interventions at pixel locations based on a
sampling probability distribution a, which has high probability at pixel locations
belonging to Spelke objects and low otherwise. Once a segment is discovered, we
mask out the probability distribution values using the segments and repeat the
process to discover the next object.

We find two choices of sampling distribution work well. One is a movabil-
ity distribution computed by sampling a few random interventions and averag-
ing the motion responses across multiple predictions. The second choice is the
prominence map computed by applying normalized cut to the patch-wise feature
similarity matrix as proposed by CutLER [28]. In practice, the second approach
yields slightly better qualitative segmentation results. Therefore, we choose the
second approach as the default for computing the sampling probability distribu-
tion.

Distillation We follow the same procedure in the previous work CutLER [28]
to distill segmentations extracted from a large task-agnostic pre-trained model
into a smaller instance segmenter for faster and more robust segmentation. The
extracted segmentations are used as pseudo annotations to train a downstream
instance segmenter in a self-supervised manner.

Additional qualitative results Figure 5a and 5b show more qualitative seg-
mentation results of Spelke objects extracted by CWM on COCO training im-
ages, and compare them to those of other baseline methods FreeSOLO [27] and
CutLER [28]. In each image, we set the maximum number of Spelke objects
to be extracted as 3. Figure 6a and 6b show unsupervised segmentation results
from the distilled instance segmenter. We show the results on COCO validation
images.

3 Dynamics understanding experiments

3.1 Physion benchmark

Dataset details As discussed in the main text, we use the Physion v1.5 bench-
mark to evaluate CWM and baseline models on physical dynamics understand-
ing. Physion v1.5 has several key improvements over Physion v1, which are
illustrated in Figure 7. More specifically, Physion v1.5 introduces another in-
door environment, called the “craft room”, in addition to the two environments
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featured in Physion v1 (see Figure 7d). Furthermore, v1.5 enhances the diver-
sity of lighting conditions by employing a collection of 8 unique HDRI skyboxes,
specifically designed to simulate various environmental lighting scenarios. This
enhancement allows for dynamic time-of-day simulations in the room by ad-
justing the orientation of the skyboxes and directional lighting (see Figure 7a).
Physion v1.5 also has improved rendering quality and photorealism in compar-
ison to vl (see Figure 7b and 7c). The physics simulations and rendering are
done using the ThreeDWorld simulation platform [9].

Physion v1.5 comprises seven distinct physical scenarios, including collide,
drop, dominoes, contain, roll, support, and link. This version comprehensively
demonstrates various aspects and challenges of rigid body physics (see Figure 8
for examples of each scenario). We train and test the linear classifier model (as
outlined in Section 4.1 of the main text) on all seven scenarios.

Per-scenario OCP and OCD results. In the main text, we presented the
OCP and OCD scores averaged across all seven scenarios. Now, we provide a
detailed breakdown of performance for each specific scenario, as shown in Table 4
and Table 5.

Qualitative comparisons on OCP and OCD task. We supplement our
quantitative results on the Physion v1.5 tasks with qualitative visualizations
in Figures 8, 9, 10 and 11. We show several example inputs for each scenario,
along with the classification results of a linear probe on top of the CWM model,
compared with those of leading baselines in each model category outlined in
Table 1 in the main text.

Integrating vision structures for OCP and OCD tasks. In the main text,
we demonstrate how zero-shot vision structures extracted from CWM improve
OCP and OCD performance on Physion v1.5. This section describes the details
of how these structures are integrated prior to linear probing on downstream
tasks. Keypoint information is integrated by incorporating patch features at
the keypoint locations. Optical flow information is integrated by providing 8 x 8
patches of optical flow value at the keypoint locations. Finally, segment informa-
tion is integrated by using the segments to pool the feature map and incorporate
the aggregated features for linear probing.

The integration process for segments is detailed as follows: Let F' € RHF*WxD
be the feature map of an input frame from the last layer of the ViT encoder,
where H, W, and D represent height, width, and channel dimension. Suppose
we have binary segmentation masks S with dimension N x H x W, where N
denotes the number of masks. We compute the set of aggregated feature vectors
for each of the segments,

2 S Fi
Faggz{’ﬂjn|1<n<N 2)
Zi,j Sij

where S™ is the n-th segmentation mask and Fj; is the feature vector at
location (4, 7). These aggregated feature vectors, along with the keypoint patch
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Table 2: GPT-4V performance on the Physion v1.5 tasks using two different
promoting strategies: a) with RGB frames only and b) RGB frames with ground
truth segment map overlayed on the objects of interest.

Prompting Method OCP 1 OCD ¢t

RGB frames 529  54.7
RGB frames + GT segment overlay 58.3 67.5

features and flow patches, are concatenated with the original feature map F
before being fed into the linear classifier.

3.2 GPT4-Vision prompting

GPT-4V prompting methodology and results. In Figures 12, 13, 14 and
15 we report a few results from testing GPT-4V on the OCP and OCD tasks
in Physion v1.5. In each figure, the prompt image is shown on the left and the
prompt text along with the GT label and response is shown on the right. To
construct the image prompt, we tile four successive video frames (sampled at a
frame gap of 150ms) into a 2x2 image with four panels. Each panel contains an
RGB frame titled with its timestamp. Following the methodology used for eval-
uating vision-only models, the objects of interest for the contact-related queries
are rendered with red and yellow textures to provide visual cues for the model.
For OCP, the text prompt used was “These are 4 images taken sequentially from
a video. If the video were to continue, would the red object touch the yellow
surface? Explain your thinking and end with True or False only”. For OCD, the
prompt used was “These are 4 images taken sequentially from a video. Does
the red object touch the yellow surface at any point in the video? Explain your
thinking and end with True or False only”. GPT4-V achieves 52.9% accuracy
for OCP and 54.7% accuracy for OCD. For OCP, the model predicted “contact”
78.7% of the time, while for OCD the model predicted “no contact” 81.5% of the
time.

Alternate querying methods. Additionally, we experiment with an alterna-
tive querying method to explore the limit of GPT4-V in dynamics understand-
ing. In addition to rendering the objects of interest in red and yellow texture,
we apply a bright red and yellow ground-truth segmentation overlay on them to
focus the model’s attention on these objects (see Figure 12 for visualizations).
As shown in Table 2, we find that this querying strategy improves the OCP
from 52.9% to 58.3% and the OCD from 54.7% to 67.5%. In the main text,
we have also demonstrated a parallel phenomenon with CWM, where integrat-
ing segment information led to enhanced performance in related tasks (Table 3
in main text). These observations highlight the importance of vision structures
such as segmentation in downstream tasks associated with physical dynamics
understanding.
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Table 3: Evaluation on additional benchmarks. (a) Activity recognition on Something-
Something V2, (b) IntPhys intuitive physics benchmark.

Model frames accuracy 1 Method Bl B2| B3|
VideoMAE 16 54.7 V¥deoMAE* 0.40 0.23 0.30
VideoMAE* 3 51.3 VideoMAE  0.46 0.30 0.30

' VideoMAEvV2 0.36 0.30 0.36
CWM 3 54.2

CWM 0.36 0.20 0.26
(b) IntPhys

(a) Activity recognition on SSv2

Implementation details. We employ four GPT-4V accounts and retrieve the
results using Selenium [8], a browser automation tool. Our methodology adheres
to the code framework available at'.

4 Evaluating CWM on additional benchmarks

4.1 Activity Recognition

We evaluate CWM on the Something-Something V2 benchmark for activity
recognition and report the results in Table 3a. To obtain model predictions we
train an attentive probe on the feature representation similar to the setup used in
V-JEPA [3]. We find that CWM outperforms VideoMAE trained with the same
number of input frames (i.e VideoMAE*) by a fair margin and is comparable to
the standard VideoMAE trained on a longer context window of 16 frames.

4.2 IntPhys

In the main text we show evaluations on Physion as it is by far the most chal-
lenging and comprehensive benchmark in the literature, consisting of realistic 3D
simulations from diverse physical scenarios. Here, we evaluate on IntPhys [21]
which is a complementary benchmark to Physion with photorealistic simulations
of various intuitive physics tasks. Table 3b reports the relative error metric in
IntPhys [21] evaluation on the validation split. For all models, we use the fu-
ture frame reconstruction error to obtain a plausibility score for a given video.
The evaluation comprises of three tasks: Bl tests for object permanence, B2
tests for shape constancy, and B3 tests for spatio-temporal continuity. We find
that CWM, despite trained with less number of frames, outperforms VideoMAE.
CWM (86M) outperforms VideoMAEv2 (1.1B) despite having fewer parameters.
For a fair comparison, we further evaluate VideoMAE" which is trained on the
same number of frames as CWM but with tube masking instead of temporally
factored masking. The performance gain from CWM further validates the benefit
of the temporally-factored masking policy.

! https://github.com/Michelangelo27/chatgpt_selenium__automation



Counterfactual World Modeling 9

Keypoints

Fig. 2: Keypoints extracted by CWM. We extract 5 keypoints for each example
on DAVIS 2016 (left) and Brige dataset (right). 3
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Frme 1 Frme 2 VideoMAE

L \ A -
' : P \ 24 B

Fig. 3: Additional Optical Flows extracted on the DAVIS dataset. We apply
our flow extraction procedure to both CWM and VideoMAE predictors, and compare
the extracted flows. 4



Counterfactual World Modeling

Frame 1 Frame 2 VideoMAE

Fig. 4: Additional Optical Flows extracted on the Spring dataset. 4

11
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Input FreeSOLO ‘ CutLER CWM ‘ ‘ GT

Fig. 5a: Pseudo-masks extracted in a zero-shot manner on COCO train-
ing images. FreeSOLO extracts dense masks and removes redundancy via mask non-
maximum-suppression (NMS). CutLER and CWM extracts at most 3 masks per image.
The pseudo-masks are used as self-supervision signals for training downstream detec-
tors. 5
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FreeSOLO ) CutLER

Fig. 5b: More qualitative results on pseudo-masks extracted in a zero-shot
manner on COCO training images. 5
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FreeSOLO . CutLER

Fig. 6a: Unsupervised segmentation results from the distilled instance seg-
menter. We show the results on COCO validation images. 5
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Fig. 6b: More unsupervised segmentation results from the distilled instance
segmenter. 5
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Physion V1 Physion V1.5 Physion V1 Physion V1.5
(b) Improved visual realism: high resolution (c) Improved visual realism: rendering better
rendering shadows

TDW Room Box room Craft room

(d) New indoor environments

Fig. 7: Physion v1.5 features key improvements over vl such as a) enhanced
diversity of lighting conditions by employing HDRI skyboxes, b) higher resolution ren-
dering, ¢) improved rendering of shadows and c) an additional indoor environment
(“Craft room”). 5
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Fig. 8: Model predictions on the OCP task. The input frames sampled at a frame
gap of 150ms are shown on the left and the model predictions are shown on the right.
We compare against the best performing models in each model category outlined in

Table 4. 5
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Fig. 9: More model predictions on the OCP task. 5
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Fig. 10: Model predictions on the OCD task. The input frames sampled at a
frame gap of 150ms are shown on the left and the model predictions are shown on the
right. We compare against the best performing models in each model category outlined
in Table 5. 5
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Table 4: Physion v1.5 scenario-wise OCP results. We compare CWM to four
classes of baseline methods across different architectures on the OCP task. In the main
text, we presented the scores averaged across all seven scenarios. Here we provide a
detailed breakdown of performance for each specific scenario. For a strictly fair compar-
ison we train VideoMAE* with the same patch size and number of frames as CWM. 5

OCP by scenario T

method arch Avg. OCP 1
collide  drop support link roll contain dominoes
video prediction models
MCVD [24] UNet 73.3 65.0 70.7 59.2 51.0 66.7 57.9 63.4
R3M [16] Resb0  79.0 61.8 70.1 66.9 66.2 62.1 67.3 67.6
FitVid [1] VAE 65.0 68.2 71.5 59.9 54.1 60.8 70.7 64.3
TECO [29] vg-gan 75.9 70.6 74.4 65.2 59.1 72.4 67.5 69.3
self-supervised image representation models
DINO |[5] ViT-B  79.0 72.6 81.0 72.0 61.8 69.3 69.2 72.1
DINOv2 [18] ViT-B  78.1 70.7 80.3 70.7 64.3 70.6 70.4 72.2
DINOv2 [18] ViIT-L  81.0 68.8 82.3 68.8 61.1 69.9 73.6 72.2
DINOv2 [18] ViT-g  80.0 74.5 81.0 66.2 61.8 74.5 71.1 72.7
MAE [11] ViT-B  80.0 72.6 78.9 70.1 64.3 68.0 74.2 72.6
MAE [11] ViT-L  80.0 73.2 81.0 69.4 58.0 69.3 70.4 71.6
MAE [11] ViT-H 83.8 72.0 84.4 70.1 61.8 69.3 71.7 73.3
MAE [11] ViT-B  81.9 70.7 83.0 68.8 59.9 67.3 73.0 72.1
MAE [11] ViT-L  83.8 70.7 81.0 68.2 59.9 70.6 74.2 72.6
self-supervised video representation models
VMAE [23] ViT-B 74.3 74.5 83.0 65.6 61.8 71.2 74.2 72.1
VMAE* [23] ViT-B  80.0 71.3 82.3 70.1 58.6 72.5 76.7 73.2
VMAE [23] ViT-L  79.0 73.9 82.3 66.9 65.0 72.5 75.5 73.6
VMAE [23] ViT-H 81.0 73.2 81.6 70.7 63.1 70.6 74.2 73.5
VMAEv2 [25] ViT-g  77.1 75.2 83.0 65.0 62.4 70.6 72.3 72.2
V-JEPA [23] ViT-L  80.1 68.8 84.3 69.4 62.4 73.8 74.2 73.4
vision-language models
GPT4-V [17] - 52.7 46.5 58.5 54.8 56.2 56.1 46.5 52.9
CWM ViT-B  82.9 75.2 83.7 70.7 63.7 77.8 7.4 75.9
CWM ViT-L  83.8 74.5 84.4 71.3 65.0 75.8 78.0 76.1
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Table 5: Physion v1.5 scenario-wise OCD results. We compare CWM to four
classes of baseline methods across different architectures on the OCD task. In the main
text, we presented the scores averaged across all seven scenarios. Here we provide a
detailed breakdown of performance for each specific scenario. For a strictly fair compar-
ison we train VideoMAE* with the same patch size and number of frames as CWM. 5

OCD by scenario 1

method arch Avg. OCD 1
collide  drop support link roll  contain dominoes
video prediction models
MCVD [24] UNet 82.9 74.5 95.9 75.8 68.8 77.8 89.9 80.8
R3M [16] Resb0  83.8 72.0 90.5 72.0 72.0 70.6 86.2 78.1
FitVid [1] VAE 58.9 56.7 63.1 63.2 60.2 55.5 58.8 59.5
TECO [29] vg-gan 87.0 77.5 87.5 70.7 72.6 76.3 95.0 80.9
self-supervised image representation models
DINO [5] ViT-B  87.6 79.6 95.2 81.5 76.4 80.4 96.9 85.4
DINOv2 [18] ViIT-B  89.5 84.7 96.6 86.6 76.4 79.1 96.9 87.1
DINOv2 [18] ViIT-L  91.4 79.0 96.6 84.1 73.9 77.8 95.6 85.5
DINOv2 [18] ViT-g 914 80.3 95.2 83.4 70.1 7.1 94.3 84.6
MAE [11] ViT-B  86.7 76.4 92.5 7.7 71.3 72.5 93.7 81.6
MAE [11] ViT-L  86.7 75.8 93.9 80.3 70.7 73.2 95.6 82.3
MAE [11] ViT-H 84.8 75.2 92.5 76.4 67.5 73.2 96.2 80.8
MAE [11] ViT-B  86.7 75.8 91.2 76.4 70.7 74.5 96.9 81.7
MAE [11] ViT-LL  89.5 76.4 93.2 77.1 69.4 72.5 95.0 81.9
self-supervised video representation models
VMAE [23] ViT-B 914 78.3 94.6 80.3 76.4 83.0 95.6 85.7
VMAE* [23] ViT-B  93.3 79.6 94.6 82.2 75.2 82.4 96.2 86.2
VMAE [23] ViT-L  95.2 78.3 95.2 82.8 75.2 80.4 95.6 86.1
VMAE [23] ViT-H 95.2 79.6 95.2 84.7 79.0 81.7 96.9 87.5
VMAEv2 [25] ViT-g  91.4 78.3 91.8 84.7 73.9 81.7 93.1 85.0
V-JEPA [23] ViT-L  93.3 84.7 95.9 83.4 73.2 83.0 95.6 87.0
vision-language models
GPT4-V [17] - 52.9 53.0 54.2 60.7 56.2 56.1 49.7 54.7
CWM ViT-B  96.2 82.2 95.9 85.4 81.5 86.3 96.2 89.1
CWM ViT-L  96.2 83.4 96.6 84.1 81.5 83.0 96.2 88.7
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Input Image to GPT4-V

Frame ot o e ot 150ms

Prompt: “These are 4 images taken sequentially from a video. If the video were to continue, would the red object
touch the yellow surface? Explain your thinking and end with True or False only."

GT Label: True

GPT-4V Response:

Based on the sequence of images:

In the frame at Oms, the red object is above the ramp and not touching the yellow surface.

In the frame at 150ms, the red object has started its descent but stil hasn't touched the yellow surface.

In the frame at 300ms, the red object has moved closer to the end of the ramp but remains above the yellow surface.
In the frame at 450ms, the red object is even closer to the end of the ramp, with only a small gap remaining between it
and the yellow surface.

Given the consistent movement of the red object towards the yellow surface and the decreasing distance between the
two, it's logical to infer that the red object's trajectory will lead it to touch the yellow surface if the video continues.
True.

Object Contact
e st 00ms e st 450ms

‘P

Result: v/

e ot 150ms

Prompt: "These are 4 images taken sequentially from a video. Does the red object touch the yellow surface at
any point in the video? Explain your thinking and end with True or False only."

GT Label: True

GPT-4V Response:

Based on the images:

In the first frame (0ms), the red object is clearly not touching the yellow surface.

) In the second frame (150ms), the red object has moved slightly closer to the yellow surface but till has not made contact.
Object Contact [— [—— By the third frame (300ms), the red object is much closer to the yellow surface. However, there's still a small gap between

Detection them, indicating they have not touched.
In the final rame (450ms), the red object has moved past the yellow surface, and there's no evidence of them making
contact.
From the sequential frames presented, there isn't a moment captured where the red object is visibly in contact with the
yellow surface.
False.
Result: X
(a) Querying method: RGB frames only
Input Image to GPT4-V
[ ane it 150m
Prompt: "These are 4 images taken sequentially from a video. If the video were to continue, would the red object
touch the yellow surface, as colored in the first frame? Explain your thinking and end with True or False only."
GT Label: Tue
GPT-4V Response:
To determine whether the red object will touch the yellow surface, we can analyze the motion and trajectory of the red
object as seen in the sequence of images.
Frame at Oms: The red object is above the ramp, not in molion.
Object Contact Frame at 150ms: The red object has rolled partway down the ramp, indicating it has been set in motion towards the

Prediction rame o 00ms rome ot 50ms yellow surface.

Frame at 300ms: The red object continues to roll down the ramp, moving closer to the yellow surface.
Frame at 450ms: The red object is stil on the ramp but even closer to the yellow surface. Its motion appears
consistent and there is no indication of it stopping or being obstructed.
Assuming that the ramp is inclined towards the yellow surface and there are no external forces to alter the red object's
trajectory or stop its motion, it is likely that the object will continue along its path and eventually come into contact with
the yellow surface.
True

Result: Correct v/

Frame ot oms Frame at 150ms

Prompt: "These are 4 images taken sequentially from a video. Does the red object touch the yellow surface at
any point in the video, as colored in the first frame? Explain your thinking and end with True or False only."

GT Label: True

GPT-4V Response:

The images appear to be frames from a video showing the movement of a red object near a yellow surface, with timestamps

indicating the sequence at Oms, 150ms, 300ms, and 450ms. Here's the analysis of each frame:

Frame at Oms: The red object is separate from the yellow surface, with a clear gap between them.

Object Contact p— - Frame at 150ms: The red object is stil in the air but s very close to the yellow surface, suggesting it's in motion. It's unclear
Detection whether contact has been made yet due to the perspective.

Frame at 300ms: The red object is now past the yellow surface and there's a visible gap, indicating it didn't stop at the

surface.

Frame at 450ms: The red object i further away from the yellow surface compared to the previous frame, reinforcing that it

has not touched the surface.

Considering the object's trajectory and the gaps visible in the sequence of frames, it appears that the red object does not

touch the yellow surface at any point.

False.

Result: Wrong %

(b) Querying method: RGB frames with objects of interest highlighted

Fig.12: GPT-4V results on the OCP and OCD tasks in Physion v1.5. The
input image prompt is shown on the left and the text prompt, GPT-4V response and
results are shown on the right. We show the results of two different querying strategies:
a) with RGB frames only and b) RGB frames with ground truth segment map overlayed
on the objects of interest. 7
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Input Image to GPT4-V.

r
&

Prompt: *These are 4 images taken sequentially from a video. If the video were to continue, would the red object
touch the yellow surface? Explain your thinking and end with True or False only."

GT Label: True

GPT-4V Response:
Analyzing the images, we can see the following:

Frame at 0ms: The green and red objects are standing upright, and the green object is closer to the yellow surface.
Frame at 150ms: The green object has started to fall towards the yellow surface.

Frame at 300ms: The green object is almost touching the yellow surface, and the red object has tilted slightly but hasn't

Object Contact Frame o 300ms frame s 430ms begun falling yet.
Prediction Frame at 450ms: The green object is in contact with the yellow surface, and the red object is titing further but s still
relatively upright.
Based on the observed progression in these frames, the green objet falls relatively quickly and touches the yellow
surtace in 450ms. The red object, however, i tlting at a much slower rate than the green object was. Given the distance
7 between the red object and the yellow surface in the 450ms frame, and comparing it o the rate at which the green object
fel it seems unlikely that the red object would touch the yellow surface in the next immediate frames, especially i the
time intervals remain consistent.
b False.
Result: Wrong %
gl s Prompt: "These are 4 images taken sequentially from a video. Does the red object touch the yellow surface at
any point in the video? Explain your thinking and end with True or False only."
GT Label: True
GPT-4V Response:
To determine if the red object touches the yellow surface at any point in the video, et's observe the sequence of events as
/ shown in the four images:
Frame at Oms: The red object is upright and not touching the yellow surface.
Frame at 150ms: The red object has fallen onto the brown object, still not touching the yellow surface.
Object Contact Frame at 300ms: The red object is now leaning further on the brown object and is closer to the yellow surface but not yet
fect Contz et ooms presyr it
Frame at 450ms: The red object continues to lean and is almost touching or very close to the yellow surface. However,
from this angle and without urther frames, we cannot definitively say whether the red object has made contact with the
yellow surface.
Since the images provided o not conclusively show the red object touching the yellow surface, and without assuming
any motion beyond the last frame provided, the answer is:
False.
Result: Wrong %
(a) Querying method: RGB frames only
Input Image to GPT4-V
j— p——
Prompt: *These are 4 images taken sequentilly from a video. If the video were to continue, would the red object
touch the yellow surface, as colored in the first frame? Explain your thinking and end with True or Faise only."
GT Label: True
‘ ‘ GPT-4V Response:
S To determine if the red object will touch the yellow surface as colored in the first frame, let's analyze the motion of the
objects in the frames provided:
Frame at Oms: The red object is upright and is the closest to the yellow surface.
Object Contact Frame at 150ms: The red object has begun to fall towards the yellow surface.
Eredioton, R R Frame at 300ms: The red object is falling further and is now leaning at a greater angle towards the yellow surface.
- Frame at 450ms: The red object is almost horizontal and appears to continue its motion towards the yellow surface.
Based on the sequence of the frames, the red object is falling in the direction of the yellow surface with a consistent
motion. There is no indication that its path is being obstructed or that it is being redirected away from the yellow
surface. Unless an external force acts upon it, the red object will continue in its trajectory and is likely to make contact
with the yellow surface.
[ True
Result: Correct /
[ P
Prompt: *These are 4 images taken sequentially from a video. Does the red object touch the yellow surface at
any point in the video, as colored in the firs frame? Explain your thinking and end with True or Faise only.”
4 GT Label: True
< GPT-4V Response:
The four images show a sequence of frames taken at different times: Oms, 150ms, 300ms, and 450ms. The sequence
depicts a red object in motion towards a yellow surface. In the first frame (0ms), the red object is clearly not touching the
Object Contact R R yellow surface. As the sequence progresses, the red object moves closer to the yellow surface.
Detection In the frame at 150ms, the red object is closer but still not in contact with the yellow surface. By the frame at 300ms, the red

7.7

object is shown overlapping with the yellow surface, indicating that contact has been made. Finally, the frame at 450ms
confirms the red object is resting partly on the yellow sur

Since we can observe the red object making contact and resting on the yellow surface in the sequence of images, we can
conclude that the red object does indeed touch the yellow surface at some point in the video.

True.

Result: Correct /

(b) Querying method: RGB frames with objects of interest highlighted

Fig.13: More GPT-4V results. 7
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Input Image to GPT4-V.
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Prompt: *These are 4 images taken sequentially from a video. If the video were to continue, would the red object
touch the yellow surface? Explain your thinking and end with True or False only."

GT Label: True

GPT-4V Response:
Based on the provided images, the red object, which appears to be the top of a hammer-like tool, is moving downward
towards the yellow surface.

In the *Frame at Oms", the hammer is upright, and there's a notable distance between the red object and the yellow
surface. By “Frame at 150ms", the hammer starts tilting and continues its descent. In “Frame at 300ms", the hammer has
tiited even further, and the distance between the red object and the yellow surface has decreased significantly. By “Frame
at 450ms", the hammer is very close to the yellow surface and shows significant angular momentum, suggesting a
continuation of the movement.

Given the consistent movement observed over the four frames and the progressive decrease in the distance between the
red object and the yellow surface, it's reasonable to infer that the red object will continue its trajectory and make contact
with the yellow surface if the video were to continue.

True.

Result: Correct v/

Object Contact
Detection

Object Contact
rediction

Frome st 150ms

Frame st 4soms

Prompt: *These are 4 images taken sequentially from a video. Does the red object touch the yellow surface at
any point in the video? Explain your thinking and end with True or False only."

GT Label: True

GPT-4V Response:
The four images depict a sequence of events where a structure made of colored blocks is collapsing.

In the first frame (0ms), the structure is beginning to topple over. The red object, which appears to be a red ring, is at the
top of the structure, firmly in contact with the brown block beneath it.

In the second frame (150ms), the structure has continued to fall, and the red ring is now in free fal, separated from the
brown block. There's visible space between the red ring and all other objects, including the yellow surface.

The third frame (300ms) shows the red ring further down, and it's now clear that it is falling straight downward without
tilting towards the yellow surface.

By the fourth frame (450ms), the red ring has nearly reached the ground and is clearly going to land on the green surface.
The path of its descent and its orientation suggest it will not make contact with the yellow surface at any point.

Therefore, based on the provided frames, the red object does not touch the yellow surface at any point in the video.
False.

Result: Wrong %

(a) Querying method: RGB frames only

Input Image to GPT4-V.

Frame st oms. Frame o 150ms

Prompt: *These are 4 images taken sequentially from  video. If the video were to continue, would the red object
touch the yellow surface, as colored in the first frame? Explain your thinking and end with True or False only."

GT Label: True

GPT-4V Response:
The sequence of images provided shows a red-topped object (presumably a hammer) in different positions at various
time frames (0 ms, 150 ms, 300 ms, and 450 ms). The object appears to be falling over, pivoting on the green base. It's
clear that the motion is a rotation around the point where the hammer touches the green block.

With each successive frame, the angle of the hammer's handle with respect to the vertical is increasing, indicating it is
falling towards the yellow surface. Given this consistent motion over the time frames provided, it s reasonable to
predict that if this motion continues without any external forces acting on it (like a sudden stop or reverse in the
direction of motion), the red object would indeed come into contact with the yellow surface.

So, based on the information provided and assuming no other forces come into play:

Tre.

Result: Correct v/

Object Contact
Detection

frame st oms.

frome o 300ms

frame o asoms

Prompt: “These are 4 images taken sequentially from a video. Does the red object touch the yellow surface at
any point in the video, as colored in the first frame? Explain your thinking and end with True or False only."

GT Label: True

GPT-4V Response:

To determine if the red object touches the yellow surface at any point in the video, we can examine the sequence of frames:
Frame at 0ms: The red object is clearly above the yellow surface, not touching it.

Frame at 150ms: The red object appears to be in contact with the yellow object, which is in tur resting on the yellow
surface. However, it is not clear if the red object itself is touching the yellow surface directly or if it is only touching the
yellow object.

Frame at 300ms: The red object has fallen further and is now below the top level of the yellow object, indicating that if it was
not directly touching the yellow surface before, it is now likely doing so.

Frame at 450ms: The red object has clearly fallen onto the yellow surface.

From this analysis, we can infer that the red object does indeed touch the yellow surface at some point between the frames
at 150ms and 300ms, most likely when it falls past the level of the yellow object.

True

Result: Correct /

(b) Querying method: RGB frames with objects of interest highlighted

Fig. 14: More GPT-4V results. 7
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Input Image to GPT4-V.

fame scoms rame st 150ms
- - Prompt: “These are 4 images taken sequentially from a video. If the video were to continue, would the red object
touch the yellow surface? Explain your thinking and end with True or Faise only."

GT Label: False

GPT-4V Response:
Frame at Oms: The red object is above the blue cylinder.
Frame at 150ms: The red object has come down a bit, and it is closer to the blue cylinder than before.
Frame at 300ms: The red object is even closer to the blue cylinder.
Object Cont Frame at 450ms: The red object is very close to the top of the blue cylinder, but it hasn't touched it yet.
biect Contact p—— P From the frames provided, we can observe that the red object is consistently moving downwards towards the blue

Prediction < < cylinder. It's difficult to determine the exact rate of descent just from the still images, but considering the movement
patter in the time intervals shown, it seems that the red object is likely to touch the blue cylinder soon after the 450ms
frame. However, whether it touches the yellow surface after that would depend on whether it bounces back upon hitting
the blue cylinder or continues its descent.
Given the data available, it's more probable that it will touch the blue cylinder and depending on its velocity and the nature
of the red object and the blue cylinder (whether they are hard, soft, bouncy, etc.), it may or may ot touch the yellow
surface immediately.
True.

=
-
[ )
_—
[ ]

1
¥
1

-
—
°
—_

Result: Wrong %

Frame atoms Frame t 150ms

Prompt: *These are 4 images taken sequentially from a video. Does the red object touch the yellow surface at
any point in the video? Explain your thinking and end with True or False only."

=
[
(]
_—
(]

GT Label: False

1
¥
]

GPT-4V Response:
Based on the images provided:
In the *Frame at Oms, " the red object is above the blue container and does not appear to be touching the yellow surface.

Object Contact P p——— In the "Frame at 150ms," the red object's position hasn't changed much and s still not touching the yellow surface.
Detection - - In the *Frame at 300ms, the red object is much closer to the blue container's top but still does not seem to be touching
the yellow surface.

In the "Frame at 450ms," the red object appears to be right at the edge of the blue container's top, and it doesn't seem to
have touched the yellow surface.

From these observations, there's no indication that the red object ever touches the yellow surface in these frames.

False.

T
—
e
—

¥
1
¥
1

Result: Correct v/

(a) Querying method: RGB frames only

Input Image to GPT4-V.
_ ramestoms _rame w1s0ms

Prompt: *These are 4 images taken sequentially from  video. If the video were to continue, would the red object
| 15 touch the yellow surface, as colored in the first frame? Explain your thinking and end with True or False only."

b

b

GT Label: False

GPT-4V Response:
The images show a red object above a cylinder with a yellow surface around it. The sequence of images is taken at
Oms, 150ms, 300ms, and 450ms intervals. From the sequence, we can deduce the following:
Obiject Contact The red object appears to be falling, as it is positioned lower with each consecutive frame.
Prediction 2. il Given that the object is already quite close to the cylinder at the 450ms frame and continues to move downwards, we

can infer that if this movement continues in the same manner, the object will likely touch the yellow surface.
There's no evidence in the provided frames that the object is slowing down or that there are any forces (ike an updraft)
that would cause it to rise or hover.
Based on this analysis and assuming that no other forces come into play, the red object wil likely continue its
downward trajectory and touch the yellow surface.

ue.

¥

-
p—

Result: Wrong %

frame stoms. Frame o 150ms

Prompt: "These are 4 images taken sequentially from a video. Does the red object touch the yellow surface at
any point in the video, as colored in the first frame? Explain your thinking and end with True o False only."

N
—
°

GT Label: False

GPT-4V Response:
The sequence of images shows a red object descending towards a blue cylinder on a yellow square, captured at Oms,
) 150ms, 300ms, and 450ms. There's no visual evidence in these frames of the red object touching the yellow surface; it
Object Contact Frame at 300ms Frame at 450ms remains above the cylinder at all times. Without further frames showing the continuation of the motion, we cannot observe
Detection - - the object contacting the yellow surface within the time frame provided.

Thus, based on the available images:

——
—
—

¥
|
¥
|

False

Result: Correct /

(b) Querying method: RGB frames with objects of interest highlighted

Fig.15: More GPT-4V results. 7
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