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1. Additional Qualitative Results

1.1. Parallel motion statistics

In the main paper, we introduced the use of parallel motion
statistics to summarize how different regions of a scene are
likely to move under interaction, and we presented qualita-
tive examples in Figure 2. Here, in Figure 2, we provide
additional examples spanning a wider range of scenes and

objects. These qualitative results further demonstrate the
consistency of the predicted motion probabilities and the
model’s ability to capture coherent motion statistics across
diverse visual environments.

1.2. Sequential generation of future world states
In the main paper (Figure 3), we demonstrated the model’s
ability to generate multiple plausible future world states
through sequential autoregressive rollouts. These exam-
ples highlighted both the uncertainty in object trajectories
and the physical coherence maintained across generations.
Here, in Figure 3, we present additional qualitative results
spanning a more diverse set of objects, interactions, and
scene configurations. These further illustrate the robustness
of the model’s temporal predictions and its capacity to syn-
thesize physically consistent futures.

1.3. Visual Jenga examples
In the main paper, we applied our world model to the Visual
Jenga task and presented qualitative examples in Figure 6b.
These results demonstrated the model’s ability to identify
objects which can be freely moved without disturbing other
objects in the scene. We showed that our world model can
unstack a stacked structure iteratively while maintaining
structural stability in each step. Here, in Figure 4, we pro-
vide additional Visual Jenga examples that cover a broader
set of tower configurations and intervention types. These re-
sults further highlight the model’s capacity to reason about
physical relationships in complex scenes.

1.4. Illustrations of our movable object discovery
algorithm

In Section 4.3 and Figure 4a of the main paper, we out-
lined our algorithm for discovering movable object seg-
ments by simulating virtual pokes and computing corre-
lated motion statistics in the flow responses. Here, in Fig-
ure 11, we provide additional examples that visualize the
full process—from poke point sampling to segment extrac-
tion. These visualizations further demonstrate the robust-
ness and consistency of our flow-based grouping method
across a diverse range of objects and scenes.

1.5. Point-prompted movable object segmentation
results

In Section 4.3 of the main paper, we evaluated segmenta-
tion quality under point-prompted settings on SpelkeBench.
Here, we present additional qualitative results comparing
our method to several baselines. As shown in Figure 5, our



Table 1. Ablation studies. We analyze the effect of modifying the parameters used in the segment discovery algorithm described in
Section 4.3 of the main paper, impact of model scaling, SAM2’s mask selection strategy, and the importance of incorporating flow tokens
for training PhyWM. These experiments are conducted on the point-promoted movable object segmentation task on SpelkeBench.

(a) Parameters used in the object discovery algorithm

#seeds=1, #sequential steps=64

#pokes 1 2 4 8

AR 0.3793 0.3938 0.4673 0.5251
mIoU 0.5874 0.5964 0.6419 0.6786

#pokes=1, #sequential steps=64

#seeds 1 2 4 8

AR 0.3793 0.3987 0.4495 0.4822
mIoU 0.5874 0.5943 0.6266 0.6448

#seeds=1, #pokes=8

#sequential steps 0 64 128 256

AR 0.4622 0.5251 0.5314 0.5336
mIoU 0.6413 0.6715 0.6750 0.6774

(b) Scaling behavior

#pokes=8, #seeds=1, #sequential steps=64

PhyWM (100M) PhyWM (1B) PhyWM (7B)

AR 0.4306 0.5251 0.5466
mIoU 0.6166 0.6715 0.6804

(c) SAM2 mask selection ablations

Most confident Random Least confident

AR 0.4816 0.4070 0.3025
mIoU 0.6225 0.5900 0.5012

(d) Importance of using flow tokens

CWM PhyWM-RGB PhyWM

AR 0.158 0.412 0.541
mIoU 0.334 0.576 0.681

method consistently produces cohesive and physically plau-
sible segments, in contrast to alternative approaches that of-
ten fragment objects or include extraneous background ele-
ments.

1.6. Unprompted movable object segmentation re-
sults

Previously, in Figure 4c of the main paper, we evaluated
unprompted segmentation on the SpelkeBench benchmark.
Here, we present in Figure 7 additional qualitative results
comparing our method to baselines such as SAM2 [19],
ProMerge [12], and CutLER [23], and FPT [2]. As shown,
our method consistently discovers a set of physically plau-
sible segments, whereas the baselines tend to over-segment
or under-segment the scene.

1.7. 3D object manipulation results

In Section 4.5 of the main paper, we demonstrated PhyWM’s
ability to manipulate objects in 3D, and the importance
of physically grounded segmentation for object manipula-
tion. Here, in Figure 8 we include further qualitative com-
parisons of edits generated using our predicted segments
versus those from SAM2 [19] and additional comparisons
with SOTA 3D editing methods in Figure 9. As illus-
trated, segments aligned with physical objecthood based
on co-movement significantly improve edit realism, spatial
coherence, and transformation consistency across multiple
3DEditBench [11] examples.

2. Ablation studies

We conduct a series of ablations to assess the effect of
various design choices. All experiments are done on the
point-prompted movable object segmentation application
described in Section 4.3 of the main paper.

• Table 1a validates the segment extraction framework de-
tailed in Section 4.3 of the main paper: averaging across
multiple pokes and seeds improves and stabilizes perfor-
mance. The table also compares parallel decoding (0
steps) with sequential decoding using varying numbers
of autoregressive steps (64-256), a process described in
detail at the end of Section 3 of the main paper. Results
show that while sequential decoding improves upon par-
allel mode, performance gains diminish beyond 64 steps,
suggesting that most significant causal dependencies can
be captured with relatively few steps.

• Table 1b shows that scaling the model is beneficial up to
the 7B parameter range.

• Table 1c compares the mask selection strategies for run-
ning SAM2 evaluations on SpelkeBench in multimask
mode. Specifically, SAM2’s multimask mode outputs a
set of masks and their associated confidence score. To
give SAM2 the fairest chance on the benchmark, we per-
form an ablation study on mask selection strategy, includ-
ing most confident, random, and least confident. We find
that choosing the most confident mask outperforms ran-
dom or least confident selection strategies, but still falls
short of our approach.

• Table 1d shows the importance of using flow tokens
by comparing PhyWM to models trained without flow



tokens. We evaluate CWM[3], PhyWM, and PhyWM-
RGB—a variant trained to operate in RGB space rather
than flow space (following the same training methodol-
ogy described in Section 3 of the main paper except with-
out the flow tokens). For PhyWM-RGB, we use the same
RGB patch motion counterfactual method proposed in
CWM for extracting plausible flow fields. While PhyWM-
RGB outperforms CWM due to its multimodal generative
capabilities, PhyWM with flow tokens substantially out-
performs the RGB-only variant, as flow provides a more
intuitive control surface for exercising virtual physical in-
terventions in the scene.

3. Additional PhyWM specifications
Pointer tokens enable random order sequence construc-
tions, making probabilistic models tractable. PhyWM
adapts the causal autoregressive modeling paradigm for
high-dimensional data. Traditional GPT-style transformers
predict sequences in a preset, hard-coded order. While this
is a natural fit for one-dimensional data such as language,
it becomes an unnecessary, and potentially harmful induc-
tive bias when modeling higher-dimensional data. Most au-
toregressive image modeling approaches simply accept this
bias, while we introduce a new token type—the pointer—
which allows us to serialize the data in arbitrary order.

Pointer tokens enable us to package random-access
traversals over high-dimensional data structures (such as
images) into one-dimensional sequences of tokens for ef-
ficient causal pretraining, by interleaving pointer tokens
among the content tokens, which represent the actual data,
as illustrated in Figure 1b in the main paper.

In addition to freeing us from the raster-order generation
bias, pointer tokens allow us to condition our model on any
subset of the image, learning complex multidirectional con-
ditioning relationships in the data, essentially learning the
underlying probabilistic model (PGM) of the world. They
also allow for partial patch conditioning, and patch regener-
ation during inference. All of this functionality can still be
simply expressed as a causal autoregressive sequence of to-
kens, and thus can be modeled and optimized as a standard
LLM.

The sequence model formulation transforms the chal-
lenge of learning probabilistic models at scale. The key
insight is that our sequences represent traversals through
the probabilistic model—each pointer-content pair corre-
sponds to visiting and observing a node in the graph. By
modeling these traversals autoregressively, we approximate
the full joint distribution through conditional factorization.
The pointer mechanism ensures we can still query any con-
ditional distribution at spatiotemporal locations, but now
through tractable sequential prediction rather than expo-
nentially complex full inference. This recasts the seem-
ingly intractable problem of learning a complete probabilis-

tic model over high-dimensional visual data as a standard
GPT-style modeling problem.

Our learned local quantizer. Most visual autoregres-
sive models utilize popular off-the-shelf quantizers such as
VQ-GAN [7], VQ-VAE [21], or the Cosmos tokenizer [1].
While such standard quantizers achieve strong compression
ratios, they do not preserve locality of the patches within
the token space, but rather encode the image in its entirety
as a global code. While some locality is certainly present
in the token representation, swapping any given token can
modify the representations associated with patches on the
other side of the image. While it is naturally more efficient
to compress information globally, this comes at a cost of a
less interpretable and less controllable latent (token) space.

Instead of compressing the whole frame into global
codes, the PhyWM architecture uses a Hierarchical Local
Quantizer (HLQ): a convolutional autoencoder whose re-
ceptive field never crosses patch boundaries during encod-
ing. Each 16 × 16 RGB pixel patch is encoded into a
sequence of four 16-bit codes using finite scalar quanti-
zation [14], yielding a 65,536-token vocabulary for RGB
images. A second, similar quantizer is used to quantize
optical-flow patches. No information from neighboring
patches leaks into a code, preserving strict locality. This lets
local downstream interventions—masking, overwriting, or
re-ordering individual patches—behave predictably. Addi-
tionally, it makes the autoregressive modeling objective bet-
ter aligned with natural-language modeling assumptions of
token independence. A decoder accepts local 16-bit codes
at every spatial location, and decodes them jointly into the
input image/flow map that produced them.

Dataset preparation. The world model is pre-trained
on BVD (Big Video Dataset [11])—a 7,000 hour dataset
of diverse Internet videos mixed with standard 3-D vision
datasets such as ScanNet++ [26], CO3D [20], RealEstate-
10K [27] and standard video datasets such as Kinetics [10],
SomethingSomethingv2 [9] and OpenX embodiment [5].
Camera pose information is provided to the model when-
ever available in the dataset, and optical flow for every
frame pair is computed with the SeaRAFT [24] model
and quantized. The BVD also consists of internet videos
automatically crawled using search queries generated by
LLaMA 3 [6]. The queries targeted videos containing rich
physical dynamics, diverse environments, and varied ob-
jects. Specifically, action categories from Kinetics400 [10]
were expanded with additional sports, physical activities,
and product review categories. To ensure training relevance,
we filtered videos by requiring a minimum level of optical
flow and by applying CLIP [18]-based keyword alignment.
Positive keywords included action, activity, motion, and
place, while negative keywords included animation, car-
toon, face, game menu, graphic, map, newscast, person, and
screenshot. Alignment was quantified by the dot product



Figure 1. Scaling laws that show our model obtaining lower
loss when given more parameters.

between CLIP embeddings of keywords and video frames.
Key Training Details. We train an 80M-parameter RGB

HLQ on a combination of ImageNet and Open Images,
and an 80M Flow HLQ on the BVD dataset. We quantize
512x512 RGB images and flow maps into tokens and train a
7B-parameter Φ model on a dataset of 3 million RGB video
clips. This sums up to about 1.4 trillion tokens. We train Φ
with causal sequences of 2 frames, spanning up to 1 second
of video. Mixed-precision training on 64 H100 GPUs at
65% MFU yields 490 TFLOPS/device (∼31 PFLOPS total)
sustained.

All models were trained autoregressively using cross-
entropy loss on next-token prediction with a batch size of
512. We first train with only RGB and camera pose tokens
for 5 × 105 steps under a Warmup-Stable-Decay (WSD)
schedule. The learning rate was linearly warmed up over
2,000 iterations to 3 × 10−4, held constant until the final
1 × 104 steps, and then decayed linearly to zero. Train-
ing was continued for an additional 2 × 105 steps with op-
tical flow tokens, in addition to RGB and camera tokens,
where the learning rate was re-warmed over 800 iterations
to 3× 10−4, maintained at this value, and decayed linearly
to zero during the last 1×104 steps. Each training step takes
approximately 3.8s. It has been shown that WSD achieves
similar or better performance than cosine schedules of the
same length. The use of WSD is particularly important here
not because of superior performance, however, but because
it enables continual training in the flow tokens integration
step we discussed above.

Scaling Properties of PhyWM. A critical advantage of
the PhyWM architecture is its predictable scaling behav-
ior, inheriting the well-established scaling laws of language
models while extending them to visual domains. We trained
PhyWM models from 100M to 7B parameters and observed

consistent improvements in validation loss across three or-
ders of magnitude (Figure 1). The reliable scaling without
saturation even at 7B parameters suggests that further scal-
ing would yield continued benefits, validating that PhyWM
successfully transfers the scaling properties of autoregres-
sive language models to structured visual data. We also
show scaling properties on downstream applications like
point prompted segmentation in our ablation studies here
in Section 2.

4. SpelkeBench dataset details

Here we provide more details on SpelkeBench [15] — the
evaluation benchmark we use for movable object discovery
in Sections 4.3 and 4.4 of the main paper. This benchmark
is designed to assess whether segmentation algorithms can
identify movable objects — defined as regions that move
together — unlike existing datasets such as COCO [13],
which emphasize semantic or instance labels. We expand
on collection procedures and provide qualitative examples
from the dataset.

4.1. Collection procedure

SpelkeBench curates a dataset from two complementary
sources: the EntitySeg benchmark [17] and the OpenX-
Embodiment robotics dataset [5]. While EntitySeg is de-
signed for high-resolution internet imagery with dense seg-
mentation annotations, OpenX consists of real-world, ego-
centric robot interactions. Since OpenX does not provide
segment labels, they are manually annotated for a subset
of 50 images. These annotations reflect the types of mov-
able objects relevant for physical interaction and manipu-
lation tasks that are central to robot learning. For Entity-
Seg, a high-quality subset of 500 images is extracted using
a three-stage filtering pipeline that filters out the annotated
segments in the dataset which do not align with the defini-
tion of movable objects:

• Stage 1: Removal of amorphous background regions.
All regions labeled as “stuff”—such as sky, ground,
or terrain—based on the standard stuff-vs-things taxon-
omy [17] are excluded. These regions lack the individu-
ated, cohesive properties associated with movable objects
and are typically not physically manipulable entities.

• Stage 2: Filtering non-movable object categories. De-
spite being labeled as “things”, certain objects like
kitchen sinks, traffic signs, or large fixtures are function-
ally immovable in real-world settings. These are identi-
fied and removed through manual inspection.

• Stage 3: Final curation of diverse, high-quality scenes.
From the filtered pool, 500 images that contain only mov-
able object-consistent annotations are selected. It is en-
sured that this set is diverse in terms of object types, spa-
tial arrangements, and scene complexity.



4.2. SpelkeBench qualitative examples
In Figure 10, we present additional examples of images
and associated ground-truth movable object annotations in
SpelkeBench. These examples further show the failures of
existing segmentation benchmarks such as EntitySeg [17]
and SA-1B [19], which often contain segments that diverge
from the movable object criteria, such as amorphous back-
ground regions, or subregions of objects. SpelkeBench’s
physically grounded segment annotations are therefore bet-
ter candidates to evaluate the object discovery applications
of PhyWM presented in the main paper.

5. Details about PhyWM’s applications
Here we provide additional details for the algorithms that
enable various object understanding applications of PhyWM.

5.1. Parallel estimation of motion statistics
In Section 4.1 of the main text, we introduced the expected
motion map as the probability weighted average of flow
vectors that map to flow tokens. This flow token to flow
vector mapping needs to be done as a necessary step be-
fore the expectation can be computed. Here we describe the
procedure used for doing that.
Flow token epigraphy. PhyWM uses a learnt local patch
quantization to produce flow tokens, but relies on a global
decoder to generate coherent, high-quality flow fields. As
a result, tokens cannot be interpreted by decoding them in
isolation—their meaning emerges only in the context of the
full sequence. However, since the tokenizer is local, we can
find which continuous flow vectors map to it by performing
a kind of token space epigraphy—by assigning meaning to
discrete flow tokens through statistical aggregation of typi-
cal input flow fields that produced them:

fj 7→vj =
1

|Sj |
∑
u∈Sj

u,

where, Sj =
{
u ∈ R2 | tokenizer(u) = fj

}
.

5.2. Movable segment discovery procedure
As discussed in Section 4.3 of the main paper, we use
PhyWM for movable object discovery by computing the sta-
tistical aggregate of pixel-to-pixel correlated motion statis-
tics across a variety of applied virtual pokes and generation
seeds. In this section, we explain the intuition behind the
process and how it allows for a more expressive definition
of movable objects.

We build upon the idea of counterfactual probing intro-
duced in CWM [3], where movable objects are discovered
by simulating localized virtual pokes through local patch
motion interventions and analyzing the outcome. However,
due to its regression-based nature, CWM produces a single

deterministic output, which in practice does not accurately
represent the physical world where there are multiple phys-
ically plausible outcomes for a poke. Consider a simple ex-
ample of moving a person’s hand, the hand may move inde-
pendently of the body or the entire body may move with the
hand–both being valid outcomes. However, because of the
aforementioned deterministic nature of CWM, it is forced to
average over these distinct possibilities, leading to ambigu-
ous or blurry motion completions that fail to reveal which
parts of a scene tend to move together.

In contrast, because of the generative nature of PhyWM
which generates multiple plausible future motions of a
scene, we can operationalize movable objects with a more
expressive definition as groups of pixels that consistently
move together across multiple plausible outcomes of a
world model, under different virtual pokes. This requires
modeling the distribution of possible responses to external
forces. As such, the algorithm defined in Section 4.3 of the
main paper is a natural stochastic extension of the original
CWM counterfactual procedure as instead of a single pre-
diction, we use PhyWM to produce a diverse set of imagined
flow completions for various virtual pokes at a candidate
spatial location. Diversity arises from two sources of ran-
domness:
1. Sampling flow tokens from the learned distribution

Pr[v|X ◦ p] at a pointer p: we draw multiple flows
fk ∼ Pr[v|X◦p] to explore the local responses the model
deems plausible (e.g. if an object is on a table, we would
not sample pokes down into the table).

2. Varying the decoding order of spatial indices pk: Be-
cause PhyWM is a sequence model, tokens decoded ear-
lier condition those decoded later. Shuffling the order
therefore changes how motion propagates through the
object—e.g. decoding the torso before the leg yields a
different global outcome than decoding the leg first.
In our evaluations, we use 8 pokes, and also perform a

refinement step by zooming into the object with the initial
estimate of the segment, and repeating the extraction proce-
dure.

5.3. Unprompted segmentation procedure
Here we provide additional details about our unprompted
segmentation algorithm described in Section 4.4 in the main
paper. In many real-world settings, especially in robotics,
it is advantageous to automatically discover every indepen-
dently movable object in a scene without requiring manual
point-prompting. For example, a household robot tasked
with clearing a dining table must infer that a plate and its
contents will move as a unit, while a napkin resting on the
plate is an independent entity, so it can plan appropriate
grasps and avoid unintended collisions.

We now describe a method to extract the full set of mov-
able object segments in a scene automatically. Our ap-



proach consists of two steps. First, as described in Section
4.4 we poke the scene at multiple locations sampled from
the probability of motion map. Then from the model’s flow
responses, we compute a dense pixel-to-pixel affinity matrix
that captures the likelihood that a pair of pixels will move
together. An iterative clustering algorithm is applied to this
matrix to isolate a complete set of independently movable
entities.

Computing the affinity matrix. We begin by sampling
locations from the motion probability map. These points
are where we “poke” to collect flows.

K = { p1, p2, . . . , pN} ⊂ I, Pmotion[pi] > τp.

We then build a motion descriptor for each pixel using
the following procedure:

For each n = 1, . . . , N , choose R poke-directions
{f (r)

n }Rr=1. For each (n, r) and each of t = 1, . . . , T ran-
dom seeds, compute the flow completion given the input
image tokens r0,

f̂t
(n,r) seq∼ Φ(r0 ◦ [c = 0] ◦ [pn, f (r)

n ]; flow;seed = t)

Then for each u ∈ I, where I is the set of 2D pixel loca-
tions, the motion descriptor,

φ[u] =
[
f̂1

(1,1)
, . . . , f̂t

(n,r)
(u)

]
∈ R2N RT .

Finally, the affinity matrix can be described as the pairwise
dot product of motion descriptors:

A[u, v] = φ[u]⊤ φ[v], ∀u, v ∈ I.

For simplicity, we denote A[u] to be the affinity of the pixel
u with the rest of the image.

Clustering the affinity matrix to extract segments. Given
the precomputed affinity matrix A, we extract segments in
an iterative “select–threshold–refine” loop. At each step, we
choose the most confident probe center ki∗ , defined as the
one whose affinity-row A[ki∗ ] has the highest mean over all
pixels—indicative of strong binding to the other pixels that
make up the object. We apply Otsu’s method to threshold
this row, yielding an initial mask M (0). We then gather all
remaining poke points kj that lie within M (0) and average
their affinity-rows to form:

Aavg =
1

|{j : kj ∈ M (0)}|
∑

kj∈M(0)

A[kj ]

We threshold Aavg via Otsu’s method to obtain a refined
mask M (t), for t = 0. All centers contained in M (t) are
then removed from consideration, and the loop repeats on
the remaining set of poke points. Once no poke points re-
main, the algorithm returns the complete set of extracted
segments {M (1), . . . ,M (T )}. Non-maximum suppression
is then used to remove duplicate segments. Figure 12 illus-
trates this procedure using an example.

5.4. 3D Object Manipulation Procedure
As discussed in Section 4.5 in the main paper, PhyWM
achieves state-of-the-art object manipulation performance
by leveraging 2D optical flow fields that encode 3D trans-
formations. Specifically, to perform 3D object manipula-
tion, we create a flow field where the flow on the surface
of the object characterizes the 3D transformation to be per-
formed, with the flow of the background set to 0. We use
this to condition the predictor to move the object, but keep
the background fixed. To generate these flow fields, we per-
form the following procedure:
• Step 1: Unproject the depth map of the input image, ob-

tained using off-the-shelf supervised metric depth estima-
tor Depth Anything V2 [25], to obtain a 3D point cloud.

• Step 2: Apply the desired rigid transformation to the ob-
ject’s point cloud while keeping background points un-
changed.

• Step 3: Re-project the transformed point cloud and com-
pute the displacement relative to the original pixel posi-
tions to generate the 2D flow field.

• Step 4: Finally, PhyWM then generates the manipulated
image given the computed object-masked flow map and
the input image.

6. Baseline evaluation details and additional
qualitative comparisons

In Section 4.3 of the main paper, we evaluate various base-
lines on SpelkeBench using point-prompted segmentation,
wherein each method receives a poke point and must output
a binary segment. In this section, we expand on how base-
line methods generate binary segments from single-point
prompts for evaluation, and present additional qualitative
analysis showing failure modes of these methods.
• SAM2 [19]: We use single-point prompting on SAM2

multimask mode and choose the most confident mask (see
ablation in Table 1c).

• DINOv2 [16]: We extract features using the ViT-G/14
backbone, compute affinity between the poke point’s
feature and all spatial features, threshold using Otsu’s
method, and apply Conditional Random Field refinement
to obtain the final binary mask.

• CutLER [23] & ProMerge [12]: Both methods generate
multiple candidate segments. We select the segment (if
any) containing the poke point.

• ForcePrompting [8], PerceptionAsControl [4]: For
these drag-based approaches, we use the poke point to ini-
tialize a trajectory to generate the edited image. We then
compute optical flow between original and edited image
using RAFT and apply Otsu thresholding to the flow mag-
nitude to extract the binary segment. Some failure modes
of these models are illustrated in Figure 13

• FPT [2]: FPT produces a flow completion given a virtual



Task Baseline Metric ∆ ± SE 95% CI p-value

Point Segmentation PhyWM vs SAM2
Tab. 1a (col 12 vs col 3)

mIoU ↑ +0.058± 0.010 [0.038, 0.077] < 0.001
AR ↑ +0.059± 0.013 [0.034, 0.084] < 0.001

Automatic Segmentation PhyWM vs ProMerge
Tab. 1b (col 6 vs col 4)

mIoU ↑ +0.14± 0.01 [0.12, 0.16] < 0.001
AP ↑ −0.07± 0.01 [−0.10, −0.05] < 0.001
AR ↑ +0.12± 0.01 [0.09, 0.14] < 0.001
F1 ↑ +0.02± 0.01 [0.00, 0.04] 0.082

Object Manipulation

PhyWM vs PasC
Tab. 1d (row 8 vs row 2)

EA ↑ +0.096± 0.030 [0.044, 0.150] < 0.001
LPIPS ↓ −0.035± 0.009 [−0.041, −0.028] < 0.001
SSIM ↑ +0.064± 0.006 [0.049, 0.081] < 0.001

PhyWM seg. vs SAM2 seg.
Tab. 1d (row 8 vs row 9)

EA ↑ +0.143± 0.042 [0.064, 0.223] < 0.001
LPIPS ↓ −0.022± 0.007 [−0.028, −0.017] < 0.001
SSIM ↑ +0.016± 0.013 [−0.015, 0.047] 0.355

Table 2. Statistical analysis of relative improvement (∆) of PhyWM vs the second best model across three tasks.

poke, similar to our method. We can directly apply our
algorithm in Section 4.3 of the main paper to this method.

• CWM [22]: Similar to drag-based approaches, we ap-
ply interventions at the poke point, compute RAFT flow
between original image and intervention outcome, and
threshold the flow magnitude to obtain the binary seg-
ment. CWM merges nearby objects because the model
often generates blurry reconstructions, as its RGB pixel
regression objective during training does not account for
uncertainty. As a result, the flow estimation may produce
diffuse or extended motion fields, causing nearby objects
to be grouped together, as illustrated in Figure 14

7. Statistical significance of quantitative results
To ensure that our improvements are not only numerically
higher but also statistically reliable, we perform a compre-
hensive significance analysis across all quantitative evalua-
tions. In particular, we focus on the tasks reported in Table
1a, 1b, and 1d of the main paper. Specifically, we report the
relative improvement (∆), along with standard errors (SE),
confidence intervals (CIs), and paired t-tests. Across nearly
all metrics in Table 2, we observe three consistent trends:
(1) the standard errors are small, indicating low variance
across samples; (2) the confidence intervals are tight and do
not cross zero, suggesting that the observed improvements
are consistently positive; and (3) paired t-tests confirm sta-
tistical significance with p ≤ 0.001. Taken together, these
results demonstrate that our improvements reflect stable and
statistically significant gains over prior methods.



Figure 2. Motion statistics computed in parallel. In Figure A, we show motion probability computed given the input image and camera
stop conditioning. They clearly highlight the parts of the scene that are likely to move. In Figure B, we show probability of motion and
expected motion maps conditioned on an input virtual poke.



Figure 3. Sequential generation of plausible object dynamics and appearance. We show that our model can generate multiple physically
plausible scene motions and render them into future appearance states – capturing the true dynamics of the physical world for complex
objects. In rows 1–4, the model infers plausible motion patterns directly from a single input image. In the last row, specifying a motion for
a part of the object (such as the hand of the cat) generates diverse, yet physically consistent responses for the rest of the body.



Figure 4. Reasoning about physical relationships between objects. Here we demonstrate how probability of motion maps can be used
to probe physical dependencies in scenes, enabling applications like visual jenga on three progressively challenging real world examples.



Figure 5. Additional qualitative results for point-promoted segmentation across models. PhyWM yields sharper segments which are
more aligned with the notion of an object as a movable entity as compared to SAM2, DINO, CWM and FPT.



Figure 6. Illustration of unprompted movable object segment discovery using PhyWM. The corresponding discovered segments are
highlighted, demonstrating the ability of PhyWM to automatically identify every movable object in the scene without manual prompts.



Figure 7. Additional qualitative results for automatic segmentation across models. PhyWM produces a set of physical object segments
more consistent with physical co-movement as compared to SAM2, ProMerge, CutLER and FPT. Red regions denote predicted segments
that are not matched to GT labels.



Figure 8. Additional qualitative comparisons of scene edits using SAM masks versus PhyWM segments. Each row shows the original
image, the user click location, and the resulting edited image using different segmentation methods.



Figure 9. Additional qualitative comparisons of object manipulation comparisons with SOTA methods. We compare PhyWM to
various object-centric image editing methods and show that PhyWM enables more physically plausible image edits.



Figure 10. Qualitative comparison of SpelkeBench vs other datasets. The visualization demonstrates characteristic differences across
datasets: SAM’s dataset tends to oversegment objects into constituent parts (i.e., bottle labels, cup designs), EntitySeg frequently includes
ill-defined background regions (i.e., ground, wall), whereas SpelkeBench contains segments that better align with the notion of movable
objects as units that move together, serving as an appropriate benchmark for the object discovery applications of our world model.



Figure 11. More illustrations of our movable object discovery algorithm described in Section 4.3 of the main paper. To discover
movable objects, we apply multiple virtual pokes at locations sampled from the Pmotion map (column 2). While the model consistently
propagates flow across the poked object (column 3), it also generates unprompted flow on other objects. However, since this unprompted
flow varies across pokes and typically diverges in direction from the input poke, it gets suppressed when averaging the dot product (column
4) and helps us isolate independently movable entities as shown in the last column. Note that we average across 8 pokes, but only show
two rows here for brevity.



Figure 12. Unprompted discovery of movable object segments. We extract probability of motion maps from an image, and use it to
sample candidate poke points (top left). We apply a poke to the image at the sampled points and obtain dense flow fields conditioned on
the poke (top right) which are used to compute affinity maps. As shown in the bottom panel, these maps enable the extraction of segments
using iterative clustering (see Section 5.3).

Figure 13. Perception-as-Control [4] failure modes in complex scenes. The first column shows the input image with prompt, the second
column displays the motion-controlled prediction from the Perception-as-Control, and the third column shows the RAFT-predicted flow
field between the input and predicted image. The final column presents the resulting segment obtained by thresholding the flow magnitude.
Compared to PhyWM, Perception-as-Control often produces amorphous flow fields due to imprecise predictions based on the sparse motion
control signals.



Figure 14. CWM segmentation failure modes in complex scenes. Each row shows a challenging example where CWM struggles. The
first column shows the input image with the patch motion prompt (red arrow). The second column displays the counterfactual prediction
generated by CWM. The third column shows the RAFT-predicted flow field between the input and counterfactual image. The final column
presents the resulting segment obtained by thresholding the flow magnitude. Compared to PhyWM, CWM often produces diffuse motion
fields due to blurry RGB reconstruction and inaccurate object boundaries.
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