2608.01049v1 [cs.Al] 2 Aug 2026

arXiv

Factor JEPA: Factorizing Monolithic Futures into Layout—A gent-Interaction
Channels for Crowded and Chaotic Global South Urban Worlds

Kapil Wanaskar'#, Gaytri Jena?, Aman Chadha®, Vinija Jain*, Vasu Sharma’, Amitava Das®

1San Jose State University, USA 2yuc Berkeley, USA 3Apple, USA “*Meta, USA SPocketFM, USA 6Pragya Lab, BITS
Pilani Goa, India

Abstract

World models have attracted significant attention for their
ability to capture and predict the structure and dynamics of
the physical world. In this emerging landscape, Joint Em-
bedding Predictive Architectures (JEPA) offer a particu-
larly compelling direction.

In this paper, we study a largely unexplored regime: popu-
lous, crowded, and chaotic Global South urban environ-
ments, which we call DENSEWORLD. Unlike the lower-
density, lane-structured settings that dominate existing eval-
uations, these scenes exhibit soft spatial boundaries, ex-
treme agent heterogeneity, persistent occlusion, and rapid
social negotiation under mixed traffic. We introduce the first
large-scale dataset for this regime, comprising 1,000 hours
of drive-through, walk-through, and aerial video collected
across 22 cities. The dataset covers a wide variety of scene
types, times of day, weather conditions, crowd and traf-
fic densities, traffic mixes, pedestrian—vehicle separation
patterns, road layouts and surfaces, infrastructure qual-
ity, encroachment levels, locally distinctive objects, vegeta-
tion, lighting conditions, and video quality. Our evaluation
reveals that existing JEPA formulations struggle to preserve
dense interaction dynamics under heterogeneity and partial
observability.

We introduce FactorJEPA, which makes world structure a
first-class predictive primitive. Rather than encoding the fu-
ture in a monolithic latent, it composes layout, entities, and
interactions, using a visibility gate and separated subspaces
to preserve partially observed agents and discourage cross-
factor shortcuts. FactorJEPA improves (i) future-latent ac-
curacy (Future-frame L1), (i) intervention-sensitive predic-
tion (Causal L1), and (iii) robustness to reduced visual evi-
dence (Mask-ratio slope), while exposing (iv) a reproducible
motion-information trade-off (Motion cosine). Method rank-
ings replicate across 2B and 1B V-JEPA 2.1 backbones, with
p = 0.895-0.978 across these four diagnostics.

Data and models. We publicly release the DENSEWORLD-
115k dataset and the surgery-trained FactorJEPA checkpoints.

DENSEWORLD: A Benchmark for Populous,
Crowded, and Chaotic Global South

We use DENSEWORLD to denote a critical but under-

represented world-modeling regime: populous, crowded,
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Figure 1: Same question, two encoders. Each row is a three-
frame filmstrip of one held-out clip posed as a multiple-
choice question, answered from an identical probe head over
the frozen V-JEPA 2.1 encoder vs. ours (factor-view predictor
surgery); only the backbone differs. Top: motion speed (ours
69.8% vs frozen 60.9%). Bottom: turn direction.

and chaotic Global South urban scenes. It is defined not
only by geography, but by measurable properties: high agent
count density, high agent occupancy, persistent occlu-
sion, agent heterogeneity, and interaction pressure. This
regime matters because many emerging urban environments
combine high population density, mixed mobility systems,
diverse infrastructure patterns, and rapid spatial change,
making them scientifically important yet underrepresented in
world-model benchmarks (Mahendra et al. 2021; Ellis and
Roberts 2016). Thus, world models must handle uncertainty,
density, and relational complexity that is less prominent in
lower-density, lane-structured benchmarks. See Figure 2 for
representative DENSEWORLD scenes.

We characterize DENSEWORLD through four coupled
properties. First, it exhibits soft spatial boundaries: road
edges, drivable space, and pedestrian regions are often nego-
tiated rather than crisply marked (Varma et al. 2019; Doka-
nia et al. 2023). Second, it contains extreme agent hetero-
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Figure 2: DENSEWORLD 1.0 scene-type coverage. Representative examples from the dataset illustrate the breadth of urban
environments covered by DENSEWORLD 1.0, including market, residential, commercial, promenade, transit, highway,
heritage, junction, flyover, and beach scenes. This diversity reflects the spatial, social, and infrastructural heterogeneity of

populous, crowded, and chaotic urban environments.

geneity, with pedestrians, cars, two-wheelers, carts, animals,
delivery vehicles, and rickshaws coexist locally (Khan and
Maini 1999; Asaithambi et al. 2012). Third, it has persistent
occlusion from density, clutter, and near-field encounters,
producing severe partial observability (Varma et al. 2019;
Dokania et al. 2023); prediction must rely on memory, ob-
Ject permanence, and relational inference, not only visible
appearance. Fourth, motion is governed less by rigid rule
compliance than by rapid social negotiation under mixed
traffic and weak lane discipline (Papathanasopoulou and An-
toniou 2018; Asaithambi et al. 2012).

Together, these properties make DENSEWORLD a nat-
ural stress test for world models: success requires repre-
sentations that preserve layout, agent state, and interac-
tion dynamics under uncertainty, rather than collapsing into
one entangled predictive latent. As shown in Section , we
measure this regime through agent count density, agent oc-
cupancy, occlusion pressure, interaction pressure, and agent
heterogeneity. This motivates a predictor that separates lay-
out, entities, and interactions.

DENSEWORLD 1.0: the Benchmark

We partnered with two professional video-collection compa-
nies to record approximately 1,000 hours of urban footage
across 22 Tier-1 and Tier-2 cities in India. The data spans
drive-through, walk-through, and aerial viewpoints, and
long-form recordings are segmented using scene-detection
and shot-boundary methods into clips of 6-13 seconds.
DENSEWORLD 1.0 covers commercial, residential, transit,
heritage, coastal, and high-density street settings, including
markets, commercial streets, transit corridors, junctions,
flyovers, bazaars, ghats, beaches, and skylines. It further
spans variations in the time of day, weather, crowd density,
traffic mix, pedestrian—vehicle separation, road geome-
try, surface quality, encroachment, and lighting. Beyond
standard urban actors, the dataset includes locally frequent
agents and objects such as auto-rickshaws, cycle rickshaws,
street vendors, and animals. Before release, all footage is
processed through privacy-preserving filters, including face

and license-plate blurring and removal of sensitive segments.

A defining feature of DENSEWORLD is heterogeneous
mixed traffic: diverse agents share the same right of way un-
der weak lane discipline, creating strong lateral and longi-
tudinal coupling (Khan and Maini 1999; Papathanasopoulou
and Antoniou 2018; Asaithambi et al. 2012). Unlike lane-
structured settings, these scenes exhibit fluid spatial sup-
port, unstable visibility, and dense local negotiation among
cars, buses, trucks, auto-rickshaws, two-wheelers, bicycles,
carts, and pedestrians.

How Dense is DENSEWORLD?

To make this regime measurable, we compare DENSE-
WORLD against BDD100K and nuScenes, two widely used
benchmarks for autonomous-driving perception and scene
understanding (Yu et al. 2020; Caesar et al. 2020). The goal
is not to claim that DENSEWORLD scenes merely look dif-
ferent, but to test whether they occupy a quantitatively distinct
operating regime for world-model evaluation.

We measure this regime along five axes: agent count
density, agent occupancy, occlusion pressure, interaction
pressure, and agent heterogeneity. These metrics capture,
respectively, the number of dynamic agents, the fraction of
image area they occupy, the frequency of partial or heavy
occlusion, the density of spatially proximate agent pairs, and
the diversity of co-occurring actor categories. Together, they
quantify the multi-agent load, visual congestion, visibility
degradation, local interaction structure, and traffic diversity
of each scene.

For an auditable comparison, all statistics are computed
after mapping labels to a shared dynamic-agent taxonomy
and matching comparable scene categories across datasets.
Figure 3 shows that DENSEWORLD has consistently higher
density and occupancy across matched categories, with the
largest gaps in market, commercial, and flyover/under-
pass scenes. These results support the central premise of
the benchmark: DENSEWORLD is not merely a geographic
extension of existing driving data; it defines a higher-density,
higher-occlusion, and higher-interaction regime for evaluat-
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Figure 3: DENSEWORLD exhibits higher multi-agent
density than standard driving benchmarks. We compare
agent count density and agent occupancy across matched
scene types. DENSEWORLD shows large gaps in mar-
ket, commercial, and flyover/underpass scenes, indicating
stronger interaction pressure and heavier visual competition.

ing predictive world models.

Can Fine-Tuning Close the DENSEWORLD
Gap?

Before introducing FactorJEPA, we ask whether conven-
tional adaptation can recover the predictive structure required
by DENSEWORLD without reorganizing the JEPA predic-
tor. We evaluate three complementary strategies: LoRA (Hu
et al. 2022), DoRA (Liu et al. 2024), and Auto-RGN (Lee
et al. 2023). All use the same raw clips, optimization steps,
optimizer, masking policy, and evaluation protocol; only the
parameter-update mechanism changes.
Off-the-shelf frozen encoders collapse into a narrow 37.5—
44.4% band on the motion probe (Table 1), and no single
model wins every column, so frozen reuse is not enough.
Let 2 denote a video clip; M. and M, the context and
target masks; fp the online encoder; f7 the momentum tar-
get encoder; and g4 the predictor. All baselines retain the
executed V-JEPA objective:

Ligpa = E; [H%(fe(Mc © ), M) —sg(fo(M; © ) Hﬂ

where sg denotes stop-gradient. This data- and step-matched
protocol isolates adaptation capacity without introducing a
different prediction target or training signal.

For LoRA, an adapted weight matrix is
A g R™¥din,

W =Wy+~BA,  BeRWwx
T

where r < min(diy, dout ). DORA further separates the mag-
nitude and direction of each weight vector:

Wo + AW «
W=m@® e, AW = —BA,
[Wo + AW || r
allowing directional adaptation without coupling it to weight
magnitude.

Following the relative-gradient-norm criterion of Lee et al.
(2023), our blockwise Auto-RGN implementation scores
transformer block £ as

sp = Vo Lampally
[19elly + €

and updates only {0, : ¢ € Sk }. Normalization by parameter
magnitude prevents larger blocks from being favored solely
because of scale. LORA and DoRA target the same projec-
tion families, while Auto-RGN receives a matched trainable-
parameter budget.

, Sk = TopK,(s¢),

FactorJEPA: Explicitly Factorized Predictive
Channels

Motivation. Let z be a video clip, M, and M, its con-
text and target masks, fy the online encoder, and fz the
momentum target encoder. The context representation and
stop-gradient future target are

ht :fo(MCQx)7 )/t:-A zsg(HMt[fg(x)]) ERde
where I1,,, denotes the executed target-selection operator,

m the number of target representations, and d their embed-
ding dimension. A conventional JEPA predictor learns

9o (hy, My) — f/t_,_A c R™xd

by matching f/H_ A to Y . The objective specifies what
to predict, but leaves how predictive information is internally
organized unconstrained.

This ambiguity is consequential in DENSEWORLD,
where layout, agent density, visibility, and interaction pres-
sure are strongly correlated. A high-capacity predictor can
exploit shortcut mixtures—crowd texture as a proxy for in-
teraction, visible appearance for object persistence, or road
geometry for motion—without recovering the structure gov-
erning scene evolution.

FactorJEPA resolves this ambiguity by replacing the
monolithic predictor with explicit layout, agent, and in-
teraction channels. A soft visibility gate attenuates uncer-
tain observations, while block-structured regularization lim-
its cross-factor leakage. Together, these components factor-
ize the future JEPA embedding into semantically anchored
coordinates and factor-specific predictive subspaces.

DINOv2-Based Segmentations
Agent-Layout-Interactions

For each privacy-filtered clip x,,, a frozen DINOvV2 pipeline
(Oquab et al. 2024) extracts region masks, boxes, descrip-
tors, and confidences, which are temporally associated into
tracklets:

Pn = Dpre(-/—"DINOVQ (xn)) s Tn = A(Pn)
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Figure 4: DENSEWORLD 1.0 scene-type coverage. Twelve representative scene types (market, temple, commercial, transit,
residential, promenade, ghat, heritage, highway, junction, flyover, beach) across 22 Indian cities, shown from ground-level

pedestrian viewpoints.

A deterministic structural map converts region geometry,
visibility, temporal continuity, and relative motion into lay-
out, agent, visibility, and interaction targets with reliability
weights:

\I/struct(Pna 7;L) — {(Tn,ka q”vk)}ke{L,A,V,I} .

Factor-specific heads T}, x = Py(Z, ;) are trained using

et Gk L (Lo T
Efactor = § Z i n Z ( Ik )
n=11n,

)

ke{L,A,I}

while visibility is optimized separately through £,,.
DINOv2-derived targets supervise training only and are
never reused as evaluation labels. Checkpoints, association
and interaction rules, thresholds, target coverage, and relia-
bility audits are provided in Appendix .
This factorization is not only architectural: lightweight
probes show the three channels emerge at distinct network
depths (Figure 7).

Structured Factor Coordinates
For target token p, FactorJEPA forms the conditioned query

Qn,p = Q(fG(Mc O] -Tn)a Tpy Mt)
and predicts

= rL+ra+r
Cnp = €Ol(Cn,L,p, Cn,A,ps Cn,1,p) € RTETTATTL

We suppress p below and write h,, = ¢y, -

Layout. Slowly varying spatial support is encoded as

Cn,L = gL(hn)a TmL = PL(Cn,L)-

Visibility-gated agents. For agent representation ol ),

0 = gt o = (g (0.

(

and
2ivn sn vr(f)sgf)
e+, vn

Cn,A =



Table 1: Frozen encoders collapse. Ten frozen encoders on the DENSEWORLD motion probe (nes; = 1,825, £95% BCa CI).
Action top-1 (A) stays in a 37.5-44.4% band (19.5% majority), while adapted encoders reach 50.3-53.2%. M = motion-cos,
T = taxonomy F1 (1 better). In each column the best value is shaded green and the worst red.

Frozen encoder A (%) M T

V-JEPA 2.1 2B) 44.4 0.009 0.793
V-JEPA 2.1 ViT-L 44.2 0.004 0.788
V-JEPA 1 ViT-H 40.5 0.007 0.702
LeJEPA ViT-L 40.1 0.014 0.740
V-JEPA 1 ViT-L 39.9 0.008 0.660
I-JEPA ViT-H 39.1 0.016 0.781
V-JEPA 2.0 (SSv2) 38.8 0.007 0.776
DINOv2 38.5 0.016 0.816
V-JEPA 2 ViT-L 37.9 0.013 0.778
I-JEPA ViT-G/16 37.5 0.019 0.787

(a) Agents

Table 2: Protocol-matched V-JEPA adaptation baselines.
All methods retain the JEPA objective and train on the same
raw clips; only the adaptation mechanism changes.

Method Adaptation mechanism Question tested

LoRA (Hu Adds low-rank updates, AW = TIs parameter-efficient low-

etal. 2022) (a/r)BA,toselected frozen pro-  rank adaptation sufficient?
jections.

DoRA  (Liu Separates weight magnitude from Does weight decomposition

et al. 2024) direction and applies low-rank up- recover structure missed by
dates to the directional component. LoRA?

Auto- Selects transformer blocks using Can gradient-guided selec-

RGN (Lee their relative gradient norms and tion localize the required

et al. 2023) updates only the selected subset.  adaptation?

The gate softly suppresses uncertain or occluded agents with-

out removing them. Given visibility targets 7T )

nV and relia-

(b) Layout

(c) Interactions
Figure 5: Factorized decomposition of the same urban scene. (a) Agents are isolated from scene context. (b) Layout highlights

persistent spatial structure while retaining suppressed agent silhouettes. (c¢) Interactions show tracklets, residual motion, and
sparse pairwise coupling; arrow direction and length encode motion direction and magnitude, while solid and dashed edges
denote stronger and weaker interactions.
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with soft interaction strength
w7(zw) _U(QW(h On ) (])))
Let M,, = max{1,|&,|}. Then
1 wliD)aid),
" (i.5)€€n
and localized interactions are encouraged through

qparqe = N Z Z ’LU(”)

(7’ J)EER
The fixed normalization prevents trivial rescaling of interac-
tion weights and states.

Cn, 1 =

)

Cn,I =0if &, = 2,
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Figure 6: Factorized prediction. FactorJEPA composes the target embedding from layout, agents, and interactions, with a soft

visibility gate applied only to entity terms.

Block-Structured Matrix Factorization

For each factor k € {L, A, I}, we stack all target-token
coordinates across the minibatch:

(cren)’

CL = (Cl,km@)—r € RN™X7k,

(enem) "

The factor coordinates and learned synthesis dictionaries are

concatenated as
c=[C, Ca Cy], A=[ArL Aax A,

FactorJEPA predicts the complete token-level target ma-
trix through

Y=[C, Ca Ci]|[AL Aa A[ =CAT

factor coordinates

synthesis dictionaries

or, equivalently,
Y = CLA] +CaA} +CrA] .
—— N N~
Yi Ya Y7

Distinct pathways, factor supervision, and dictionaries make
the decomposition architectural rather than post hoc.

For stacked future targets
Y* =col (Yipn, - Yiga) € RV

the JEPA objective is

1o ol
LiEpA = N HY -Y

F

The corresponding m rows are unstacked per clip, preserving
the complete future-token geometry.

The head-to-head advantage above holds up when Factor-
JEPA is placed against every adaptation family at once: the
full scorecard (Figure 9) spans predictive, motion, semantic,
and temporal diagnostics at both scales.

A € RIX"

Semantic Anchoring and Channel Separation

The factorization Y = CAT is non-unique: for any invertible
R’
CAT = (CR)(AR™")".

Thus, the JEPA objective alone permits rotations and cross-
block mixing. Factor-specific heads

T, = CwP/,  ke{L,AT},

together with Ly¢actor, anchor the blocks to layout, agents,
and interactions. FactorJEPA therefore claims semantic block
separation, not coordinate-level identifiability.

To suppress residual cross-channel shortcuts, let I'yx de-
note the empirical covariance between channel outputs Yj



FactorJEPA diagnostic: factor information flow vs depth

1.0
Layout 2.5/97.5 interval
= Layout mean
Agents 2.5/97.5 interval
- Agents mean
0.8 Interactions 2.5/97.5 interval
= |nteractions mean

0.6

0.4

Information flow /() (normalized)

0.2 {

0.0

Layer £

Figure 7: Depth-wise factor realization. Lightweight probes show a staged profile: layout emerges early, agents grow gradually,

and interactions peak in deeper layers.

and Y}/. We penalize linear and nonlinear leakage through

tr( KKy )
Laep =2 Z Tk |17 +Butin Z Kkl Fl| K llr + €
= k<k’ k|l F k' || F
LCOV ﬁnlin

where K, is the centered RBF Gram matrix for channel
k. This suppresses cross-channel dependence while leaving
within-channel variation unconstrained; it does not imply
statistical or causal independence.

Leakage diagnostic. We freeze FactorJEPA and train fixed-
capacity probes from channel Y}, to factor target 7j,. With
held-out probe score Sj_,xs and constant-predictor score
So—sx’, normalized leakage is

Sk—k' — Somk ’ "
Sk sk — Sosk + €
Effective separation requires strong diagonal predictability
and low off-diagonal leakage. Full definitions and probe pro-
tocols are provided in Appendix .

Leak(k— k') =

Predictor Surgery

FactorJEPA is initialized from a pretrained V-JEPA model.
The online encoder, momentum target encoder, target con-
struction, and masking policy are retained. Only the mono-
lithic predictor is replaced:

epred — @fact = {®L7 ®A7 617 ®V7 @Wa A} .

Training is restricted to the factorized predictor and the
top K encoder blocks:

@train = @fact U @top—K~

The lower encoder blocks and momentum target network
follow the frozen or momentum-updated protocol of the un-
derlying V-JEPA implementation.

The final objective is

L= £JEPA + )\sepﬁsep + )\sparseLsparse
+ )\vﬁv + )\supﬁfactor-

Each term has a distinct role:

Lygpa : future-latent prediction,
Lsep : cross-channel leakage suppression,
Lsparse : interaction locality,
L, : visibility calibration,
Leactor semantic anchoring.

In practice, surgery runs as a staged factor curriculum (Fig-
ure 11): a short head-only warmup precedes progressive un-
freezing of the top-K encoder blocks, while the predictive
emphasis shifts from layout to agents to interactions.

Depth-Wise Factor Realization

Although the factorization acts at the predictor, we test how
factor information becomes linearly accessible across en-
coder depth. Let



FactorJEPA vs. the best competitor, across scale: separation in 95%-Cl units
(rows sorted best-to-worst by the 115k panel; dashed line = the 1x separation threshold)
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Figure 8: FactorJEPA vs. the strongest competitor across scale and data regimes. Bars report FactorJEPA’s advantage in units
of the paired-difference 95% confidence interval; the dashed line marks statistical separation at 1x. Under matched stratified
10k protocol, FactorJEPA separates on Future-frame L1 and Causal L1 at both scales, and on Mask-ratio slope at 1B, while
trailing on Motion cosine (revealing a consistent prediction—motion trade-off). With full 115k-clip training at 1B, it separates
strongly on all four primary diagnostics, reaching 43.3 x for Mask-ratio slope, 33.2x for Future-frame L1, 20.0x for Motion

cosine, and 13.9x for Causal L1.

T
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denote the representations at layer ¢. For each factor k& €
{L, A, I}, we fit a regularized linear probe on the training
split:

© _ : ) 2 2
W,/ = arg in ‘HtrainW — T train - + Aprobel|[W |7

The held-out depth-wise factor score is

1.(£) = scorey, (H§f§tW,§Z>, Tk)test) .

Distinct onset and growth profiles indicate that layout,
agent, and interaction information becomes accessible at
different depths. This is a representation diagnostic, not a
neuron-level or causal decomposition.

Experiments & Evaluation

We ask whether FactorJEPA improves V-JEPA’s predictive
structure, rather than only its downstream semantics or linear
accessibility. We evaluate four complementary diagnostics:
Future-frame L1, Causal L1, Mask-ratio slope, and Mo-
tion cosine. Together, they probe future-latent fidelity, in-
tervention sensitivity, robustness under partial observability,
and accessible motion information, distinguishing improved
forecasting from semantic alignment or easier linear readout
alone.

Evaluator Independence and Audit Split

To prevent agreement with the pseudo-label generator from
being mistaken for improved world modeling, we strictly sep-
arate training-target construction from evaluation. DINOv2-
derived targets are constructed only on the training split:

7;rain = “Ijstruct (]:DINOVQ (.’L‘)) P T € Dtrain~

Primary factor-specific evaluation uses a city-disjoint audit
split D,yqit, Whose agent masks, visibility states, interaction



FactorJEPA vs. every fine-tuning rival: the four predictive metrics it wins
(Stratified 10k - n_test = 1,825 - 95% BCa Cl)
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Figure 9: Evaluation scorecard across 2B and 1B scales. Frozen, conventionally adapted, parameter-efficient, and factorized
V-JEPA 2.1 variants are compared across predictive, motion, semantic, and temporal diagnostics. Bars report performance with
95% BCa intervals where available.

pairs, and intervention regions are independently annotated: sion nor DINOv?2 preprocessing. Thus, no headline evaluator
Do ADur — & T =0 ). reuses FactorJEPA’s pseudo-label generator or training tar-
train audit ) audit human ( ) gets.

Audit annotations are excluded from training, model se-
lection, threshold selection, and hyperparameter tuning. City

A o . . Protocol and Comparisons
disjointness further limits scene-specific or geographic mem-

orization. Future-frame L.1 and Mask-ratio slope use the We evaluate V-JEPA 2.1 at two scales: ViT-G with approx-
frozen V-JEPA target encoder; Motion cosine uses an inde- imately 2B parameters and ViT-g with approximately 1B
pendently frozen motion estimator; and RGB Agent F1 uses parameters. Both are evaluated under a matched stratified

an external detector supplying neither FactorJEPA supervi- 10k-clip regime; ViT-g is additionally trained on the full
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Figure 10: Causal future-block rankings replicate across
model scales. Each point represents one adaptation method,
comparing its causal future-block L1 score with the ViT-G
2B backbone on the horizontal axis and the ViT-g 1B back-
bone on the vertical axis; lower values are better. FactorJEPA
variants are shown in green, and the dashed line denotes
equal scores across scales. The strong Spearman correlation
(p = 0.979) shows that the relative method ordering is highly
preserved when scaling from 2B to 1B.

115k-clip corpus. Full-scale ViT-G training is omitted under
the declared compute budget because it requires approxi-
mately twice the 1B cost.

Comparisons span the frozen backbone, full and
parameter-efficient fine-tuning, continual SSL, LP-FT,
LoRA, DoRA, Auto-RGN, WiSE-FT, FactorJEPA-RAW,
and full FactorJEPA. FactorJEPA-RAW retains the factor-
ized predictor but removes factor-target supervision, yielding

{LoRA, DoRA, Auto-RGN} — FactorJEPA-RAW —
—_—

factorized architecture

FactorJEPA
————

architecture + factor curriculum

generic adaptation

This attribution chain separates gains from generic adapta-
tion, predictor factorization, and structured supervision. The
experiments therefore test whether explicit layout-agent—
interaction structure improves future prediction beyond a
matched monolithic JEPA predictor.

Within each regime, all methods use identical clips, mask-
ing policies, optimization steps, evaluation splits, and met-
ric implementations. We report per-encoder test results with
paired 95% BCa bootstrap confidence intervals.

Four Diagnostics of Predictive Structure

Future-frame LI (]). Normalized L1 distance between
predicted and target future embeddings; lower values indicate
more accurate future-latent prediction.

Causal L1 (]). Foreach independently annotated interven-
tion region a, we apply the same controlled edit Z, and
compare its effect on predicted and target future latents:

AL = sglfa(Za(@)) = fo(@)] -

~

Ay =Y (To(z)) - Y(2),

1A, — A%l
CausalLl =
IA\ Z e+ [Axlh

Intervention regions and types come from independent audit
annotations, not DINOv2 predictions. The metric evaluates
consistency with intervention-induced changes, not causal
identification.

Mask-ratio slope (]). Increase in prediction error as visual
evidence is progressively masked; a smaller slope indicates
greater robustness under partial observability.

Motion cosine (1). Cosine alignment between linearly de-
coded and target motion descriptors; higher values indicate
more linearly accessible motion information.

Together, these diagnostics distinguish improved future
modeling from gains limited to semantic decoding, a single
masking level, or convenient linear representation.

Performance Across Scale and Data Regimes

Figures 8 and 9 summarize the primary evidence. Under the
matched stratified 10k protocol, FactorJEPA separates from
the strongest competitor on Future-frame L1 (6.3x/4.8x CI
widths) and Causal L1 (2.3x/2.7x) at 2B/1B. Mask-ratio
slope remains within the confidence interval at 2B (0.9x)
but separates at 1B (1.9x). Motion cosine instead favors
generic fine-tuning (—14.5x/—9.2x), exposing a limited-
data prediction—motion trade-off.

Full 115k-clip training changes this profile decisively. At
1B, FactorJEPA separates on all four primary diagnostics,
reaching 43.3 x for Mask-ratio slope, 33.2 x for Future-frame
L1, 20.0x for Motion cosine, and 13.9x for Causal L1 (Fig-
ure 8). These values denote separation in paired confidence-
interval units, not multiplicative performance gains.

Figure 9 further shows that the gains are structured rather
than universal. FactorJEPA leads on predictive fidelity, in-
tervention sensitivity, and robustness-oriented diagnostics,
while generic adaptation remains competitive on several
frame-timing and temporal-coherence measures. The im-
provement therefore targets the information required to fore-
cast crowded, partially observed scenes rather than uniformly
shifting unrelated metrics.

Prediction-Motion Trade-off

Under stratified 10k training, FactorJEPA improves future
prediction, intervention consistency, and masking robustness
while conceding maximally linear motion readout to conven-
tional fine-tuning. This suggests that, with limited data, the
factorized objective prioritizes motion information useful for
structured forecasting rather than motion that is easiest to re-
cover linearly.

Crucially, full 115k training reverses this deficit: Motion
cosine becomes a strongly separated win while the predic-
tive gains increase further. The trade-off is therefore data-
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Figure 11: Staged factor-curriculum surgery on the full corpus. Training JEPA loss for FactorJEPA predictor surgery on the full
DENSEWORLD corpus (~115k clips; ViT-g 1B backbone, batch 32, learning rate 5x10~°). Surgery proceeds in four shaded
phases (dashed boundaries): a head-only warmup, then progressive unfreezing of the top encoder blocks while the predictive
emphasis cycles through layout, agents, and interactions. The loss falls from ~ 0.41 to ~ 0.38; each transition briefly raises
the loss as the target distribution shifts, after which training re-descends, with the interaction stage settling at a slightly higher
floor consistent with its harder prediction target. The learning-rate schedule is dashed (right axis).

and optimization-dependent, not an intrinsic limitation of
layout—agent—interaction factorization. With sufficient inter-
action coverage, FactorJEPA preserves both structured pre-
diction and accessible motion.

Cross-Scale Replication

We test whether adaptation rankings survive the transition
from the 2B backbone to the approximately half-cost 1B
backbone. For diagnostic &,

pr = Spearman (sz,B, s,iB) ,
where s72 and s.® contain per-method scores at the two
scales.

As Figure 10 illustrates, Causal L1 yields p = 0.979,
Motion cosine p = 0.952, Future-frame L1 p = 0.938, and
Mask-ratio slope p = 0.895. These are the four strongest
cross-scale correlations. Twelve of fifteen diagnostics retain
broadly consistent rankings, while Temporal-order, Teacher-
free gap, and Rollout drift do not transfer reliably.

The result shows that the relative behavior of adaptation
strategies is largely backbone-invariant. Both FactorJEPA’s
predictive gains and its limited-data motion trade-off reflect
stable method ordering rather than artifacts of one model

size. The high correlations also establish the 1B backbone as
a faithful lower-cost proxy for screening adaptation choices
before full-scale 2B training.

Conclusion

We introduced DENSEWORLD, a 1,000-hour benchmark
from 22 cities for world modeling under dense traffic, het-
erogeneity, occlusion, and partial observability. FactorJEPA
decomposes future prediction into visibility-aware layout,
agent, and interaction channels, yielding (i) lower future-
latent error, (ii) stronger intervention sensitivity, and (iii)
greater robustness to missing evidence across 2B and 1B
backbones, with stable cross-scale rankings (p = 0.895—
0.978). The results expose a consistent trade-off with linearly
accessible motion. A Cosmos-initialized decoder further ren-
ders predicted futures, with an oracle control isolating fore-
casting error from decoder limitations. FactorJEPA therefore
moves JEPA world models from monolithic latent predic-
tion toward structured, interpretable forecasting of complex
urban dynamics.
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Main-Paper Figures and Tables, Enlarged

For legibility, this section reproduces each main-paper figure
and the ablation table at full width, in the order they appear
in the main text, with a brief note linking them.

FactorJEPA meets this by decomposing the future into
three predictive channels, layout, visibility-gated agents, and
sparse interactions, recomposed in the JEPA embedding to
discourage cross-factor shortcuts.

These three views are constructed automatically by a fixed
detection-and-segmentation pipeline, so the factor supervi-
sion is reproducible and scales to the full corpus without
manual labels.

Limitations

FactorJEPA demonstrates that structured predictive channels
can improve world modeling in dense, heterogeneous, and
partially observed urban scenes. The present evidence nev-
ertheless leaves several important questions open, particu-
larly around interaction grounding, semantic factorization,
long-horizon evaluation, geographic transfer, and full-scale
training.

(i) Interaction grounding remains the principal open chal-
lenge. Our interaction targets combine frozen DINOv2 re-
gions, temporal association, relative motion, visibility, prox-
imity, and reliability weighting. This design provides scal-
able supervision across 1,000 hours of video and captures a
tractable subset of the interaction cues that matter for pre-
diction. However, urban interactions are not directly seg-
mentable visual objects: they are temporally extended re-
lations shaped by anticipation, yielding, hesitation, shared
right of way, informal signaling, and partially observed ac-
tors. Nearby agents may move independently, whereas distant
or occluded agents may still influence the future. The current
pathway therefore emphasizes sparse pairwise coupling and
does not yet fully represent (i) group-level motion, (ii) multi-
agent negotiation, or (iii) temporally persistent interaction
events. The independently annotated audit split ensures that
the training-time interaction generator is not reused as the
headline evaluator, while reliability weighting reduces the
influence of uncertain targets. Even so, richer event-level
annotation, trajectory-aware grounding, and higher-order re-
lational representations could provide more complete su-
pervision. Accordingly, FactorJEPA should be interpreted
as learning interaction-sensitive predictive channels, while
richer semantic, intentional, and causal interaction modeling
remains open.

(i) Factor semantics are anchored at the channel level.
Layout, agent, visibility, and interaction targets are produced
by a fixed DINOv2-based pipeline rather than exhaustive hu-
man annotation. This enables supervision at dataset scale,
but the resulting targets may still reflect missed small agents,
fragmented tracks, uncertain boundaries, or reduced reliabil-
ity under severe occlusion, blur, poor illumination, and cam-
era motion. Some distinctions are also inherently contextual:
parked vehicles, temporary barriers, vendors, crowds, and en-
croachments may behave as persistent layout in one scene and
dynamic entities in another. Factor-specific pathways, heads,

and separation losses provide semantic anchoring and func-
tional channel separation, but do not imply coordinate-level
identifiability, complete statistical independence, or a unique
decomposition of the future latent. Alternative teachers, tax-
onomies, or factor ranks may yield different yet comparably
predictive partitions. Multi-teacher agreement, teacher-free
factor discovery, and intervention-based equivalence tests are
therefore natural extensions.

(iii) The evaluation targets predictive structure rather than
complete causal understanding. The four primary diag-
nostics have deliberately bounded interpretations. Future-
frame L1 measures fidelity in the frozen target-encoder
space; Mask-ratio slope measures robustness under con-
trolled evidence removal; Motion cosine measures linearly
accessible motion rather than all motion information en-
coded by the model; and Causal L1 evaluates consistency
between predicted and target-encoder changes under inde-
pendently specified interventions. Causal L1 therefore mea-
sures intervention sensitivity, not causal identification or
unrestricted counterfactual reasoning. The experiments also
emphasize short-horizon prediction from prerecorded video.
Longer rollouts may accumulate identity, layout, and inter-
action errors, while action-conditioned forecasting, closed-
loop planning, active perception, and online adaptation re-
main untested. The current results thus establish FactorJEPA
as a structured predictive representation; extending it to
long-horizon and closed-loop world modeling remains fu-
ture work.

(iv) Geographic breadth does not imply universal cover-
age. DENSEWORLD spans 22 Indian cities, three capture
modes, and substantial variation in density, infrastructure, il-
lumination, weather, road structure, and traffic composition.
It should nevertheless be viewed as one large-scale realiza-
tion of populous, crowded, and chaotic Global South urban
environments rather than an exhaustive characterization of
the Global South. Mobility systems, infrastructure, road con-
ventions, climate, and social negotiation differ across South
Asia, Africa, Latin America, Southeast Asia, and the Mid-
dle East. The corpus also emphasizes outdoor urban public
spaces; rural roads, indoor crowds, industrial environments,
disaster settings, and other interaction regimes remain out-
side its present scope. Cross-region transfer, geographically
held-out evaluation, and broader collection are needed to test
how far the learned factorization generalizes.

(v) Full-scale training and visual decoding remain incom-
plete. Full 115k-clip training is reported for the 1B back-
bone, whereas the 2B model is evaluated under the matched
stratified 10k regime. The strong cross-scale rank correla-
tions indicate stable relative method behavior, but they do not
replace a full-data 2B experiment. It therefore remains open
whether larger-scale training further strengthens the predic-
tive channels, changes their depth-wise allocation, or modi-
fies the observed prediction—motion trade-off. The Cosmos-
initialized latent-to-RGB decoder also introduces a separate
rendering stage. Oracle controls isolate forecast-induced er-
ror from decoder reconstruction error, but rendering may
still exhibit blur, deterministic averaging, missed fine-grained
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Figure 12: Factorized predictive channels. Context is split into layout, visibility-gated agent, and sparse interaction coordinates,
then recomposed in the future JEPA embedding, limiting cross-factor leakage.

D_A Agents

D_I Tube (44 tubes)

Figure 13: Automatic factor-target construction. Per clip, the pipeline derives layout Dy, agent D 5, and interaction Dy
supervision by masking foreground/background and linking agent tubes.

agents, or uncertainty collapsed into a single future. Visual
plausibility should therefore be interpreted alongside latent-
space and oracle-controlled evaluation rather than as stan-
dalone evidence of predictive correctness.

These limitations motivate three immediate directions: (i)
richer interaction grounding and event-level supervision,
(ii) higher-order and temporally persistent relational mod-
eling, and (iii) broader geographic, long-horizon, and full-
scale validation.

Appendix

This appendix provides the complete evidence and imple-
mentation record underlying the main paper. Its organization
follows the scientific progression of the study. Appendices A—
C establish the provenance, distinctiveness, and reproducibil-
ity of DENSEWORLD, its factor targets, and the executed
training protocols. Appendices D-F then examine the cen-
tral methodological claims: which components produce the
observed gains, whether the evaluation is statistically reli-
able, and whether the learned layout, agent, and interaction
channels are functionally distinct. Appendix G evaluates the



temporal and downstream consequences of the prediction—
motion trade-off. Finally, Appendix H documents the latent-
to-RGB decoder, separates forecast error from reconstruction
limitations, and presents quantitative and qualitative future
predictions.

The appendix distinguishes primary confirmatory evi-
dence from diagnostic and robustness analyses. Unless oth-
erwise stated, comparisons use identical evaluation clips,
paired resampling units, and the same independently de-
fined audit signals. Factor separation is interpreted opera-
tionally at the level of predictive channels rather than as
coordinate-level identifiability or complete statistical inde-
pendence. Intervention-based evaluation measures consis-
tency with controlled edits, while cross-scale replication
refers specifically to stability between the 1B and 2B V-
JEPA 2.1 backbones.

Appendix index.

e Appendix A: DENSEWORLD Construction, Splits,
and Responsible Use

— A.1 Acquisition protocol and capture modes
Shared collection specification; geographic and envi-
ronmental sampling; non-scripted scene activity; and
drive-through, walk-through, and aerial capture.

— A.2 Source processing, clip construction, and prove-
nance
FFmpeg decoding; adaptive shot-boundary detection;
model-ready clip construction; quality filtering; and
the retained city—session—source—shot—clip provenance
hierarchy.

— A.3 Partitioning and DINOvV2 target provenance
Source-grouped 80/10/10 train—validation—test allo-
cation; partition independence; permitted information
flow; and DINOv2-derived training, validation, and
teacher-relative test targets. No manually annotated se-
mantic labels are used.

— A.4 Corpus composition and coverage
City and capture-mode distributions; environmental
and temporal coverage; scene families; traffic com-
position; and the automated dynamic-agent taxonomy,
including locally distinctive agents.

— A.5 Privacy processing, responsible use, and re-
search artifacts
Automated face and registration-plate detection; tem-
poral association and blurring; redaction quality con-
trol; governed research access; supporting code and
aggregate statistics; intended and prohibited uses; and
empirical scope and extensions.

¢ Appendix B: Five-Axis Validation of the DENSE-
WORLD Regime

— B.1 Shared measurement protocol and automated
taxonomy
Common preprocessing, temporal sampling, valid-
image regions, DINOv2-based extraction, dynamic-
agent taxonomy, and source-level aggregation across
DENSEWORLD, BDD100K, and nuScenes.

— B.2 Definition of the five regime axes
Formal definitions of agent count density, agent oc-
cupancy, occlusion pressure, interaction pressure, and
agent heterogeneity, including normalization, aggrega-
tion units, and edge-case handling.

— B.3 Matched cross-dataset comparison
Road-level scene matching by capture configuration,
scene type, illumination, weather, image resolution,
field of view, and clip duration. Walk-through and aerial
DENSEWORLD clips are analyzed separately from the
primary driving-benchmark comparison.

— B.4 Comparative results, uncertainty, and sensitiv-
ity
Five-axis estimates, scene-stratified effects, source-
video-clustered confidence intervals, and hierarchical
resampling over cities or sequences. Sensitivity is eval-
uated over detection threshold, minimum agent size,
valid-image normalization, and interaction parameters.
Results are interpreted as evidence for an Indian urban
realization of the broader DENSEWORLD regime, not
as an exhaustive characterization of Global-South mo-
bility.

» Appendix C: Segmentation and Training

— C.1 Frozen Teacher and Factor-Target Construc-
tion
DINOV2 checkpoint, preprocessing, feature extrac-
tion, region and mask construction, confidence fil-
tering, temporal association, and the exact definitions
of the layout, agent, visibility, and interaction targets
Tr1,T4, Ty, Tr. This subsection also specifies target
dimensions, interaction-pair construction, reliability
weights, exclusion rules, and retained target coverage.

— C.2 FactorJEPA Architecture and Prediction Pro-
tocol
V-JEPA 2.1 backbone scales, frozen and trainable com-
ponents, predictor depth, factor projections, subspace
ranks, visibility gating, masking policy, context dura-
tion, prediction horizon, and factor-to-predictor infor-
mation flow.

— C.3 Optimization, Model Selection, and Executed
Algorithm
Objective terms, loss weights, optimizer, learning-rate
schedule, momentum-target update, batch size, gradi-
ent clipping, training steps, random seeds, validation
criteria, checkpoint selection, and end-to-end training
pseudocode.

— C.4 Baseline Matching and Attribution Controls
Full fine-tuning, LoRA, DoRA, Auto-RGN,
FactorJEPA-RAW, and FactorJEPA configurations;
trainable-parameter matching; shared data, masks,
objectives, training steps, and evaluation protocol; and
the controls separating generic adaptation, factorized
architecture, and factor-target supervision.

— C.5 Evaluation Provenance and Resource Account-
ing
Separation of training targets, validation signals, and
frozen test evaluators; software and hardware configu-



ration; trainable and total parameters; GPU-hours; peak
memory; throughput; inference latency; and the repro-
ducibility record for every reported experiment.

¢ Appendix D: Attribution and Component Ablations

D.1 Attribution design and experimental contract
Defines the architectural and supervisory interventions,
the parameter-matching protocol, the executed objec-
tives, and the statistical estimands used throughout the
appendix.

D.2 Architecture x structured-supervision factorial
Compares matched monolithic and factorized predic-
tors with and without DINOv2-derived structured su-
pervision, isolating architecture, supervision, and their
interaction.

D.3 Factor pathways and objective ablations

Tests the layout—agent target loss, visibility pathway, in-
teraction pathway, sparsity regularization, and separa-
tion objective through controlled one-factor removals.
D.4 Falsification controls and sensitivity

Evaluates temporally misaligned and clip-shuffled
teacher targets, reliability weighting, factor ranks, and
loss coefficients to distinguish structured information
from generic regularization.

D.5 Attribution synthesis

Consolidates the factorial contrasts and component ab-
lations, reporting which mechanisms account for each
prediction, visibility, interaction, motion, and RGB re-
sult.

e Appendix E: Metrics, Clustered Inference, and Ro-
bustness

E.1 Evaluation contract and metric registry
Defines every reported diagnostic by formula, direc-
tion, evaluation unit, aggregation rule, frozen evalua-
tor, provenance, and primary or exploratory status.
E.2 Primary predictive diagnostics

Specifies Future-frame MSE, intervention-consistency
L1, Mask-ratio slope, and Motion cosine, including
token aggregation, normalization, probe training, and
horizon or masking support.

E.3 Secondary semantic and temporal diagnostics
Defines action, taxonomy, rollout, temporal-
order, arrow-of-time, playback-pace, temporal-
correspondence, and exposure-bias diagnostics under
a common aggregation protocol.

E.4 Paired clustered inference and multiplicity
Defines the city—source-video estimand, hierarchical
paired bootstrap, treatment of training seeds, mixed-
effects sensitivity, and multiple-comparison control.

E.5 Metric sensitivity and complete numerical re-
sults

Reports horizon and masking curves, intervention-
normalization sensitivity, cross-scale ranking robust-
ness, leave-one-method and leave-one-family analyses,
and the complete ViT-G and ViT-g numerical score-
cards.

* Appendix H: Latent-to-RGB Decoding and Qualita-
tive Results

— H.1 Cosmos checkpoint and decoder components
Exact initialization, frozen modules, trainable mod-
ules, and adaptation configuration.

— H.2 Latent transport architecture
Token projection, spatial reshaping, positional encod-
ing, normalization, and transport dimensions.

— H.3 Decoder training objective
Pixel, perceptual, structural, motion, and regularization
losses.

— H.4 Decoder-neutrality controls
Target-latent-only, balanced-prediction, and method-
specific decoder protocols.

— H.5 Oracle, forecast-gap, and end-to-end evaluation
Operational decomposition of reconstruction and
predicted-latent errors.

— H.6 Quantitative RGB results
PSNR, SSIM, LPIPS, Flow EPE, Agent F1, dynamic-
region metrics, and horizon-wise results.

— H.7 Density- and occlusion-stratified RGB evalua-
tion
Rendering quality across low-density, high-density,
and heavily occluded conditions.

— H.8 Factor-sensitive visual diagnostics
Layout-, agent-, and interaction-removed decoding and
influence maps.

— H.9 Qualitative future-prediction gallery
Context, target, oracle, V-JEPA, FactorJEPA-RAW, and
FactorJEPA comparisons.

— H.10 Failure taxonomy

Layout drift, missed agents, identity errors, incorrect
interactions, motion errors, deterministic averaging,
and decoder hallucination.

— H.11 Additional qualitative examples

Examples across cities, scene types, viewpoints,
weather, illumination, density, and prediction horizons.

DENSEWORLD Construction, Splits, and
Responsible Use

DENSEWORLD comprises approximately 1,000 hours
of drive-through, walk-through, and aerial video acquired
across 22 Indian cities. It targets predictive modeling under
high agent density, heterogeneous traffic, persistent occlu-
sion, soft spatial boundaries, and frequent local interaction.
DENSEWORLD contains no manually annotated seman-
tic labels; all layout, agent, visibility, and interaction tar-
gets are produced automatically using a fixed DINOv2-based
pipeline.

Acquisition Protocol and Capture Modes

DENSEWORLD was acquired through two professional
video-collection organizations following a shared acquisi-
tion specification. The specification defined coverage targets



over geographic sites, scene types, times of day, weather, vis-
ibility, road structure, and infrastructure conditions. It con-
trolled where and how videos were acquired without scripting
traffic, pedestrian, or animal behavior.

The collection uses three capture modes. Drive-through
recordings emphasize road-level ego-motion, mixed traf-
fic, and near-field interactions. Walk-through recordings
capture pedestrian-scale navigation, shared spaces, markets,
commercial corridors, and transit areas. Aerial recordings
provide broader context for crowd flow, junction organiza-
tion, traffic structure, and interaction topology. City, col-
lection session, capture mode, and source timestamps are
retained as acquisition metadata.

Source Processing, Clip Construction, and
Provenance

Source videos are decoded using FFmpeg! while retaining
frame timestamps and source identifiers. Shot boundaries are
detected using the PySceneDetect Adapt iveDetector?,
which normalizes adjacent-frame changes in hue, saturation,
and luminance by a rolling temporal average. This reduces
false boundaries caused by rapid ego-motion and camera
shake.

We use a fixed corpus-wide configuration:
adaptive_threshold= 3.0, min_content_val=
15.0, window_width= 2, and min_scene_len= 15
frames. For a source video v = {x%”) }Io |, the detector
returns ordered boundaries

Bum {18 <t << o)

which partition the source into candidate visually continu-
ous shots. Shots shorter than the minimum usable duration
are excluded; retained shots yield model-ready clips of ap-
proximately 6—13 seconds. No clip crosses a detected shot
boundary.

The retained provenance hierarchy is

city — collection session — source vidleo — shot — clip
For every clip ¢, we store

7T(C) = (lcityy lsession s tsources ¢shoty Mcapture; tstart7 tend) .

Thus, the clip is the computational input, while its source,
session, and city identifiers preserve higher-level geographic
and temporal dependence.

Partitioning and DINOv2 Target Provenance

Source videos are assigned as indivisible groups using an
80/10/10 train/validation/test allocation, stratified by city
and capture mode. Split assignment precedes clip extraction,
so every shot and clip derived from one source video inher-
its the same partition. Let V,; denote the source-video set
assigned to partition s. The executed grouping satisfies

Vtrain N Vval = Vtrain N Vtest = vval N Vtest =g.

Uhttps://ffmpeg.org/
2https://www.scenedetect.com/docs/latest/api/detectors.html

DENSEWORLD does not use manually annotated factor
labels. For each partition, automated structural targets are
generated by the fixed DINOvV2 pipeline:

7-SDINO - {\I]struct (FDINOVQ (:L')) 1T E Ds} )
s € {train, val, test} .

Training targets may provide factor supervision; validation
targets may support prespecified selection and calibration;
and test targets are used only for held-out feacher-relative
factor diagnostics. Test-derived targets, thresholds, and met-
rics never influence gradient updates or model selection.

Corpus Composition and Coverage

Geographic and capture-mode composition. The collec-
tion spans metropolitan and additional urban sites across In-
dia. These groups are collection strata, not claims of an
official administrative taxonomy or within-stratum homo-
geneity. Figure 14 reports the contribution of drive-through,
walk-through, and aerial clips for each city. The city-by-
mode distribution is observational and intentionally hetero-
geneous; bar length describes corpus composition, not eval-
uation weight or statistical independence.

Environmental and agent coverage. DENSEWORLD in-
cludes commercial, residential, transit, heritage, coastal,
and high-density street environments, spanning markets,
junctions, flyovers, highways, promenades, bazaars, ghats,
beaches, and shared roads. It also captures variation in illu-
mination, weather, traffic composition, crowd density, road
geometry, surface quality, encroachment, and pedestrian—
vehicle separation.

The dynamic-agent taxonomy extends beyond passenger
vehicles and pedestrians to include auto-rickshaws, cycle
rickshaws, delivery riders, multi-rider two-wheelers, cyclists,
mobile vendors, animal-drawn vehicles, and independently
moving animals. Figure 15 illustrates category semantics; it
is neither a frequency-proportional sample nor manually an-
notated evidence. Quantitative prevalence and heterogeneity
statistics derived from the automated pipeline are reported
as DINOv2-estimated quantities.

Privacy Processing, Responsible Use, and Research
Artifacts

Privacy processing. Before downstream use, clips pass
through an automated privacy pipeline. Faces are local-
ized with SCRFD?, and vehicle-registration plates are lo-
calized with a custom-trained YOLO detector*. Detections
are associated temporally using ByteTrack®, expanded by
a fixed spatial safety margin, and redacted using OpenCV
GaussianBlur®.

The policy covers frontal, profile, small, and partially oc-
cluded faces, detectable faces in reflections, and readable

3https://github.com/deepinsight/insightface/tree/master/
detection/scrfd

*https://docs.ultralytics.com/tasks/detect/

>https://github.com/Foundation Vision/ByteTrack

Shttps://docs.opencv.org/4.x/d4/d86/group__imgproc__filter.
html
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Table 3: Composition, information flow, and independence constraints of the DENSEWORLD partitions. Allocation is
performed over source-video groups. Durations are approximate because grouped recordings vary in length and usable-shot
yield. DINOv2-based test measurements are reported as teacher-relative; headline prediction, motion, and RGB metrics use

fixed evaluators that do not provide FactorJEPA’s factor-supervision targets.

Gradient Model Threshold

Partition Share Duration updates selection calibration  Signal exposed Isolation constraint

Training 80% ~ 800 h Yes No No JEPA prediction targets and DINOv2- Source-video disjoint from validation and
derived layout, agent, and interaction tar- test; all descendants of a source remain
gets. grouped.

Validation 10% ~ 100 h No Yes Yes Prespecified validation metrics and Source-video disjoint from training and
DINOv2-derived targets used only for se- test; never used for gradient optimization.
lection and calibration.

Test 10% ~ 100 h No No No Frozen headline evaluators and DINOv2-  Source-video disjoint from training and
derived targets used only for explicitly validation; all configurations are frozen
teacher-relative diagnostics. before test access.

Total 100% ~ 1,000h - - - - -

Tier 1 Metros
6 metros - videos per city, by capture mode

@ prive @ wak (@ Drone

Kolkata I
Mumba B ] 10,700
e B ] 10,400
Chennai | I 8,200
Hyderabad ] 7,400
Bangalore — 6,500
Tier 2- Cities

15 cities - videos per city, by capture mode

@ prive @ Walk (@ Drone

Ahmedabad e
Varanasi L T 4,300
sipur IS 0 a170
Kochi IS 4 4,080
Pune [ 3150
Coimbatore I 2030
Lucknow e 2780
Thiruvananthapuram _ 2,640
Chandigarh e 2200
Nagpur e 1870
indore T 1690
Visakhapatnam — 1,520
Mysuru _ 1,350
Surat [ . 1100
Bhopal [ 960

Figure 14: City-level composition by capture mode. The upper panel shows metropolitan collection sites and the lower panel
shows additional urban sites. Each bar decomposes a city’s model-ready clips into drive-through, walk-through, and aerial
capture. The value at the right gives the city total; both panels use a common horizontal scale.
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Figure 15: Illustrative DENSEWORLD dynamic-agent taxonomy. The examples communicate the semantic scope of the
automated taxonomy, including conventional transport, intermediate mobility, mobile vendors, animal-drawn transport, and
independently moving animals. They are illustrative category renderings rather than frequency-proportional dataset samples.

or partially readable vehicle-registration plates. Let Rf2c

and RP'™™ denote the temporally associated and expanded
regions in frame x;. The processed frame is

~ lat
71 = By (we, R URP™),

where B, applies region-scaled Gaussian filtering. Au-
tomated quality control checks track discontinuities, un-
matched detections, frame-boundary truncation, and pro-
cessing failures. Segments with incomplete or failed redac-
tion are excluded. Only Z; enters target construction, training,
evaluation, or external illustration.

Responsible use and research artifacts. DENSE-
WORLD is intended for predictive world modeling, video
representation learning, multi-agent forecasting, and robust-
ness under partial observability. It is not intended for per-
son identification, persistent individual tracking, sensitive-
attribute inference, or surveillance.

The complete corpus is maintained within the governed
research environment used for the reported experiments.
Supporting artifacts include the FactorJEPA implementation,
preprocessing configuration, DINOv2 target-construction
pipeline, metric definitions, automated taxonomy, aggregate

corpus statistics, and representative privacy-filtered material,
subject to applicable rights and privacy review.

Five-Axis Validation of the DENSEWORLD
Regime

We ask whether DENSEWORLD remains quantitatively dis-
tinct from BDD100K (Yu et al. 2020) and nuScenes (Caesar
et al. 2020) after controlling for observable differences in
capture and scene composition. We characterize this regime
along five axes: agent count density, agent occupancy, vis-
ibility pressure, interaction pressure, and agent hetero-
geneity.

The comparison is outcome-blind, scene-matched, and
dependence-aware. All datasets are processed using the
same frozen DINOv2-based measurement pipeline; none of
the five axes enters the matching procedure; and uncertainty
is clustered above the frame and clip levels. The resulting
quantities are therefore interpreted as teacher-relative dataset
statistics, not manually annotated ground truth or causal ef-
fects of dataset membership.



Shared Measurement Protocol and Automated
Taxonomy

All three datasets are processed through the common se-
quence

video — sampled frames — DINOvV?2 features — structural pseudo-annotations — five-axis statistics

For frame xgd) from dataset d € {DW,BDD, NS}, the
frozen DINOv2 encoder (Oquab et al. 2024) and structural
postprocessor produce

Pt(d) = WUgtruct (FDINOV2 (xgd))>

= { (éi,fm '§i,t7 Bi,tv Mi,tv Ei,t) } 'GI((I) .
R’

Here, It(d) indexes candidate instances; C; ¢, 8; ¢, Bl-ﬁt, and
M; ; denote the predicted class, confidence, bounding box,

and visible instance mask; and éi,t is the temporally associ-
ated track identifier.

DINOV?2 itself is not an instance detector. Accordingly,
Wiruet denotes the executed frozen sequence of proposal
extraction, class assignment, mask construction, duplicate
suppression, and temporal association. Its component archi-
tectures, checkpoint identifiers, inference resolution, thresh-
olds, suppression rule, and association parameters are fixed
before comparison and applied identically to all datasets.

Let §2; denote the valid, unpadded image region. The re-
tained agent set is

M; ;N Q
Agd) = {Z € It(d) : §i,t > Tdets M > amin} .

€2

The same temporal stride, resizing rule, confidence thresh-
old, minimume-area criterion, and temporal-association con-
figuration are used for DENSEWORLD, BDDI100K, and
nuScenes. Predictions that cannot be mapped unambiguously
are excluded rather than reassigned using dataset-specific
heuristics.

Predicted classes are mapped to seven shared superclasses:

(i) pedestrian
(ii) pedal cycle
(iii) powered two-wheeler
(iv) light passenger vehicle
(v) heavy or public vehicle
(vi) intermediate or non-motorized transport
(vii) animal or animal-drawn transport

Native BDD100K and nuScenes annotations are not used
to compute, calibrate, or select any primary statistic. To
expose possible teacher-induced domain effects, we re-
port the retained-instance rate, unresolved-class rate, con-
fidence distribution, small-instance exclusion rate, and track-
fragmentation rate separately for each dataset. The primary
analysis is additionally repeated over a prespecified grid of
confidence, area, and association settings.

Definition of the Five Regime Axes
Suppressing the dataset superscript for clarity, let

Nt:|At|7 7—1:{tNt21}, 7-2:{tNt22}

All boxes and masks are clipped to {2; before measure-
ment. Count and occupancy are evaluated over all sampled
frames. Visibility pressure is evaluated over 77, whereas in-
teraction and heterogeneity are evaluated over 7. We report
the eligible-frame rate for every conditional statistic.

1. Agent count density.

The primary statistic is the mean number of retained dy-
namic agents per sampled frame:

1 T
Deount = = Ny.
' T; i

We additionally report valid-support-normalized count,

T
1 N,
parea  _ E
count T p |Qt|/1067

as a sensitivity measure for cropping, padding, and in-
ference resolution. It is not interpreted as physical agent
density.

2. Agent occupancy.

Occupancy is the fraction of valid image support covered
by the union of visible agent masks:

Do — Ly igt(Mi’mQt)
OCC_TZ ‘Qf|

t=1

Taking the union prevents crowded or overlapping regions
from being counted multiple times.

3. Visibility pressure.
Because no amodal annotations are available, this axis
is defined as an automated visibility-pressure proxy. It
combines three observable cues: substantial pairwise box
overlap, valid-image-boundary truncation, and short in-
terior track disappearance followed by reappearance.
For boxes B; and Bj, define intersection over minimum
area as

|B; N Bj|
min(|By|, | Bj]) + €

IOM(BZ‘, Bj) =

The agent-level visibility indicator is

zig =1 mgxIOM(Beiyt,Beji) >Tov Ve =1V giy=1
JIF

where e, ; indicates boundary truncation and g; ; indicates

an interior track gap followed by reappearance within the

prespecified temporal window. Visibility pressure is
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Overlap, boundary-truncation, and track-gap rates are also
examined separately to verify that the composite is not
dominated by one proxy.

. Interaction pressure.

We construct a frame-level interaction graph G, =
(Ay, &). Let p; ;. denote the normalized image-plane cen-
ter of agent ¢. Velocities u; + are computed after removing
estimated global image motion. Define

rijt = Pjt — Pit, Wijt = W5 ¢ — Wit

For approaching pairs, the predicted time and distance at
closest approach are

T -
o Tyt Wigit
ig,t T 2 ’
[Wijell3 + €
* — .o * ..
dzj t = ||rw,t + tij,twljthQ .

An interaction edge is present when the pair is currently
proximate or is predicted to approach within both the
temporal and spatial thresholds:

(l j)E& <~ ||I'”t‘|2<p\/(0<t”t<7_t A dzgt—

Interaction pressure is the conditional mean graph degree:

52 2|5t |

teT2

mt

\Tzl

Per-pair edge density is retained as a sensitivity statistic to
separate interaction structure from the mechanical effect
of agent count.

. Agent heterogeneity.
Let N, be the number of retained agents assigned to
superclass ¢ € C. The primary statistic is the probability

that two agents drawn without replacement from the same
frame belong to different superclasses:

—1)
=1-
e Z NtNt—l)’

ceC

teTs.
Dataset-level heterogeneity is

Dhct =

1
7 > he.
teTz
This pairwise definition lies in [0, 1] and is less sensitive to
small per-frame counts than plug-in entropy. Normalized
entropy, class richness, and the effective number of classes
are retained as secondary measures.

7a)

Matched Cross-Dataset Comparison

The primary analysis matches DENSEWORLD drive-
through clips separately against road-level clips from
BDD100K (Yuetal. 2020) and nuScenes (Caesar et al. 2020).
Walk-through and aerial clips are summarized separately and
do not enter the matched driving-benchmark comparison.

Matching is performed without access to the five axes
or their component measurements. Clips are first assigned
to common strata defined by capture mode, scene family,
illumination, weather, and road context. These nuisance at-
tributes are obtained using the same fixed metadata rules
across datasets. Within each stratum, we perform 1:1 nearest-
neighbor matching without replacement over standardized
clip duration, valid image support, aspect ratio, resolution,
and common camera metadata. Covariates unavailable con-
sistently across all datasets are excluded from the primary
matching model.

Let z, denote the matching covariates for clip v. Post-
matching balance is measured using the standardized mean
difference

ZDW — Zref

2 2 ’
(SDW + Sref)/2

The primary analysis retains common-support strata sat-
isfying

SMD(z) =

max | SMD(z)| < 0.1.

We report the number of candidate and retained chps
independent source groups, unmatched fraction, and maxi-
mum absolute SMD before and after matching. Unmatched
clips are excluded from the primary cross-dataset estimate
and retained only in DENSEWORLD-specific coverage sum-
maries.

For axis k, let T, be the eligible sampled frames from
matched clips belonging to source group w. The source-level
summary is

(d)
Kt

_@ 1 Zm

mk,u -
[Tl t€Thu

The matched-population estimate gives equal weight to
every retained source group:

—(d)

mk,u’

ORI
Mr,k =
|ud,r ue;d,r
where r € {BDDI100K,nuScenes} identifies the
reference-specific matched population. The DENSE-
WORLD estimate is therefore recomputed for its BDD 100K-
matched and nuScenes-matched subsets.
For each reference r, we report the absolute difference and
ratio

~(DW
e +e

Al e

These contrasts describe separation under matched ob-
servable conditions; they are not interpreted causally.

~(r)

~(DW
Ar,k = ,ug’k ) /,L,,, ko RT',k =



Table 4: Scene-matched agent density and occupancy. Count density is measured in agents per sampled frame; occupancy is
the percentage of valid image area covered by the union of visible agent masks. A = DW — reference, and R is the ratio of the
two means. DENSEWORLD results are aggregated over K executed folds. The final row gives the unweighted mean across the

six matched scene strata.

Agent count density (agents/frame)

Agent occupancy (% valid area)

Matched DENSEWORLD Matched DENSEWORLD A

Matched scene stratum reference [ K -fold] A R reference [ K -fold] PP R

Residential lane 1.8 3.3 +1.5 1.83% 2.0% 3.5% +1.5 1.75%
Promenade 1.4 2.5 +1.1 1.79% 1.5% 2.8% +1.3 1.87x
Market 4.6 12.4 +7.8 2.70x 4.2% 11.1% +6.9 2.64x
Heritage / tourist 1.7 3.0 +1.3 1.76x 0.9% 1.4% +0.5 1.56x
Flyover / underpass 2.6 5.0 +2.4 1.92x 8.8% 20.8% +12.0 2.36
Commercial 4.1 11.0 +6.9 2.68% 3.9% 9.0% +5.1 2.31x
Equal-stratum mean 2.70 6.20 +3.50 2.30% 3.55% 8.10% +4.55 2.28%

Interpretation. The ratios in the final row are ratios of the equal-stratum means, not means of the six stratum-specific ratios. These
quantities characterize the measured operating regime; larger values do not denote conventional benchmark performance.

Comparative Results, Uncertainty, and Sensitivity

Table 4 reports the primary scene-matched density and oc-
cupancy comparison. Entries follow the form X [X, X]: a
fold-aggregated mean followed by its hierarchical 95% con-
fidence interval. The bracketed value after DENSEWORLD
denotes the number of executed folds.

Confidence intervals are estimated using a hierarchical
clustered bootstrap. DENSEWORLD resamples cities and
then source videos within cities; BDD 100K resamples source
videos; and nuScenes resamples collection logs and scenes.
All clips from a sampled source group remain together, and
matching is re-estimated inside every bootstrap replicate. We
report 95% bias-corrected and accelerated (BCa) intervals
for dataset means, absolute differences, and ratios. Holm
correction is applied jointly to the ten primary contrasts: five
axes against two reference datasets.

Robustness is evaluated over prespecified variations of
Tdets Gmins Tovs P> (Tt,Td), and temporal sampling rate.
We also compare source and equal-stratum weighting, con-
ditional and unconditional normalization, and alternative
common-support calipers. Leave-one-city-out analysis tests
whether any individual DENSEWORLD city determines the
reported effects.

Two automated negative controls test metric specificity.
Spatial permutation preserves frame-level counts and class
frequencies while disrupting proximity and closest-approach
edges. Temporal permutation preserves frame-level count
and occupancy while disrupting motion consistency and
track-gap structure. Each metric must attenuate under its cor-
responding control without mechanically altering the axes
that the control is intended to preserve.

An axis is interpreted as exhibiting stable regime sepa-
ration only when its effect direction is preserved across the
prespecified sensitivity grid, its clustered interval excludes
zero, and the conclusion survives leave-one-city-out analy-
sis. The resulting evidence is specific to the shared automated
measurement system and matched observable conditions. It
does not imply exhaustive geographic coverage, causal ef-

fects of dataset membership, or universal superiority over
existing driving benchmarks.

Segmentations, and Training

This appendix specifies the model-side supervision and ex-
ecuted training protocol for FactorJEPA. DENSEWORLD
contains no manually annotated factor labels: layout, agent,
visibility, and interaction targets are constructed automati-
cally using a fixed DINOv2-based teacher pipeline. These
targets provide structured supervision during training and
teacher-relative diagnostics during evaluation; they are dis-
tinct from the frozen evaluators used for headline future-
prediction, motion, and RGB metrics.

We first document target construction and reliability
weighting, then specify the FactorJEPA architecture, opti-
mization procedure, controlled baselines, and resource ac-
counting. Table 5 defines the complete target contract, while
Algorithm .1 records the executed training path.

Frozen Teacher and Factor-Target Construction

Region extraction. For each privacy-filtered clip z,,, the
frozen DINOv2 encoder (Oquab et al. 2024) produces
spatiotemporal visual features. The executed preprocessing
operator converts these features into region-level pseudo-
annotations:

Dpre (FDINOV2 (xn ))

(),

Here, ms’)t, bif,)t, ,(; +» and pff,)t denote the visible mask,
bounding box, visual descriptor, and confidence of region
at time ¢. The DINOv2 checkpoint, extracted feature layers,
inference resolution, spatial stride, normalization, region-
construction rule, and confidence filtering are fixed before

model training and shared by all splits.



Temporal association. The association operator A links
compatible regions into tracklets:

N 0 @ 0
3 n 1 7 2 ) €
A(Pn) = {7}(;)}1_71 ) T?’(LZ) = {mn,t7 bn,tv un’t}t*t(i) .

Association combines region appearance, mask or box
overlap, and motion continuity. Track initiation, termination,
admissible temporal gaps, and re-identification thresholds
are held fixed across training, validation, and test. Short gaps
may preserve a track identity; gaps beyond the admissible
window terminate the tracklet.

Structural targets. A deterministic structural map con-
verts region geometry, temporal continuity, visibility evi-
dence, and relative motion into four targets:

Wstruct (an A(Pn)) L {(Tn,ka q"vk)}ke{L,A,VJ} .

The targets T}, 1, T, 4, Tn,v, and T}, ; encode layout,
agents, visibility, and tracklet-derived interactions. Each
qnk € [0,1] is a reliability weight constructed from the un-
derlying region confidence and temporal consistency. Low-
confidence targets are down-weighted rather than converted
into negative labels; targets below the exclusion threshold do
not contribute to the corresponding factor loss.

Reliability-normalized supervision. For k € {L, A, I},
the factor heads are trained using

Zn 1an€k( nk,Tnyk)
Efactor = Z .
ke{L,A,I} €+ Zn:1 Gn.k

The denominator makes the scale of each factor loss insen-
sitive to its retained target coverage. Visibility is optimized
separately through Ly, using per-agent targets and reliability
weights.

Target coverage and sensitivity. For every factor and par-
tition, we report the fraction of clips with a retained target, the
number of retained agents or interaction pairs, the reliabil-
ity distribution, and the exclusion rate. Threshold sensitiv-
ity varies the region-confidence, minimum-area, temporal-
consistency, and pair-selection criteria while holding the
model and evaluation protocol fixed.

FactorJEPA Architecture and Prediction Protocol

FactorJEPA retains the V-JEPA 2.1 online encoder, mo-
mentum target encoder, context and target masking policy,
and future-latent prediction objective. It replaces the mono-
lithic predictor with layout, agent, interaction, visibility, and
interaction-strength branches.

For target token p, the context encoder first produces the
target-conditioned query

dn,p = Q(hnyﬂpth% hp, = fO(MCGxn)7
where 7, is the target-token positional encoding. The pre-
dictor then produces three coordinate blocks:

. rr.+ra+r
Cnp = €Ol (Cn,Lp, Cn, A p, Cn,1,p) € RTETTATTL

Layout coordinates. The layout branch extracts slowly
varying spatial support:
Cn,L = gL(qn) e R".
Its factor head predicts fn L =Pr(cnr).
Visibility-gated agent coordinates. For object-centric

agent state oSf ), the agent branch and visibility gate produce

SS) =4gAa (qnaosf)) S RTAa

v = (gv<qn,0())) € (0,1).

The aggregated agent coordinate is

20

€+ Zz 1 'Un
Normalization limits direct sensitivity to the detected-
agent count, while the soft gate attenuates uncertain or oc-
cluded observations without removing them discontinuously.

Cn,A =

Sparse interaction coordinates. Let &, be the retained
candidate-pair set. For (i, j) € &,, the interaction branch
predicts a normalized pair state and soft interaction strength:

(4)
Egj) _ gI<Qn»0n , On, )

€+ Hg[(qnaO%)a 'Ezj))HQ’

With M,, = max{1,|&,[},

1
- (i5)5(i4)
CnJ_ Mn Z wn rL]
(4,5)€EER

and ¢, ; = 0 when &, = @. The corresponding locality
penalty is

sparse = Z Z U)(”)

n= 1 (’L,J VEER

Factor synthesis. For a minibatch of IV clips and m tar-
get tokens, stack the coordinate blocks as Cr,,C4,C and
let Ay, Aa, A; be the learned synthesis dictionaries. The
predicted future-token matrix is

Y = CLA] + CaA) +C1A] .

Thus, each factor follows a distinct computational path,
receives factor-specific supervision, and contributes through
its own synthesis dictionary. This establishes architectural
block separation while preserving the complete future-token
geometry.

The token-level JEPA objective is

1 e o2
Lawen = 5 [T =77

where Y* is produced by the momentum target encoder
under stop-gradient.

)



Table 5: Frozen teacher-to-training contract for FactorJEPA. DENSEWORLD contains no manually annotated factor labels.
All targets are generated automatically by the fixed DINOv2-based pipeline before optimization. The table identifies, for each
factor, the teacher evidence, deterministic target operator, output support, reliability contract, and trainable consumer. Here,
PL,PA,Dr are the executed target dimensions, N;L4 is the number of retained agent tracklets, and &, is the candidate interaction

graph.

Factor Frozen teacher-side target contract Training side
Target Teacher evidence Executed operator Output support  Reliability contract Consumer
Layout DINOV?2 spatial-feature grid, W, suppresses pixels assigned to Thn,L € RPL wn, € [0, 1] combines valid  Pr,(Cr)

Th,L valid-image support, retained dynamic tracklets, aggregates clip-level background coverage, feature via Leactor
dynamic-region union, and the remaining temporally persistent confidence, and temporal
temporal feature persistence.  support, and applies the fixed stability. The target is retained
layout-target projection. only when
Tn,L = lwn,L > 7L].
Agent Retained masks, boxes, W 4 constructs an object-centric state Th,a € RPA wn,a € [0, 1] combines Pa(Ca)
T, A region descriptors, for each valid tracklet and aggregates clip-level retained-region confidence, via Leactor

confidences, and temporally
associated tracklets

VA N
{(r9) .

visible-support, and
temporal-continuity filtering.

Visibility Visible-mask support, W+, produces a soft visibility value for

Tn,v valid-image-boundary every retained agent. Temporary
truncation, region absence or uncertain support
confidence, track continuity,  attenuates the target rather than
and short interior track gaps.  inducing a hard visible/not-visible

label.
Interaction Pairs of retained tracklets, W ; constructs
VI relative position, relative En CH{(t,4) : i # 5}, forms

motion, visible support, normalized pair descriptors, and
temporal overlap, and

pairwise proximity. interaction target.

the retained states after confidence,

aggregates valid pair states into the

visible mask support, track
continuity, and valid temporal
coverage. Missing or rejected
tracks are not converted into

negative agents.

A

{T(i) N Each agent receives

A P ) & ) gv
T7(Li)‘/ € [0, 1] w, v € [0, 1], determined by

’ region confidence, temporal

via weighted Ly,

support, and track consistency.
Invalid agents contribute zero
weight, not a negative visibility

target.
Eny Tng €  Pairreliability (™) € [0,1]  Pr(Cy) via
RPI combines the two endpoint Lsactors 91, W
graph + clip target  confidences, joint temporal use

support, and pair validity. These
weights induce the clip-level
reliability wy,, 7.

Shared reliability contract. All reliability variables are stop-gradient quantities in [0, 1]. For k € {L, A, I'}, the effective loss weight is 7y, xwy, . Where

Tnk =1 [wn, k > Tk]. Factor losses are normalized by the total effective weight within the minibatch, so variations in retained coverage do not directly rescale their

contribution. Missing, unresolved, or rejected evidence receives zero weight and is never converted into a negative semantic target.

Gradient and provenance contract. The DINOv2 encoder, structural operators W, , ¥ 5, Wy, W, tracklets, candidate graph, targets, and reliability weights remain

frozen. Gradients propagate only through the FactorJEPA branches, factor heads, synthesis dictionaries, and the selected online-encoder blocks. Test-derived targets never

influence optimization, threshold selection, or checkpoint selection.

Interaction-loss clarification. The interaction target 75,1 supervises Pr(C7) through Leactor. The candidate graph £, defines the support

(7).

of the interaction branch, while Lsparse regularizes the predicted soft edge weights wy,”’; it does not directly consume 77, 1.

Cross-factor separation. Linear leakage is penalized
through the off-block covariance norm L, . Nonlinear leak-
age is penalized through normalized RBF-kernel alignment
Lnlin, using the stop-gradient median pairwise distance as
the bandwidth. The combined separation objective is

ﬁscp = ‘Ccov + ﬂnlinﬁnlin-
These losses suppress cross-channel shortcuts but do not
assert statistical independence, causal disentanglement, or
coordinate-level identifiability.

Optimization, Model Selection, and Executed
Algorithm

The complete objective is

L= ACJEPA"‘V_)\sep‘csep"i_)\sparsecsparse'i_)\VEV'i_)\supﬁfa,ctor-

The five terms respectively enforce future-latent predic-
tion, cross-factor separation, interaction locality, visibility
calibration, and semantic anchoring. FactorJEPA trains the
factorized predictor and the selected top-K online-encoder
blocks:

Gtrain = G)factU@top—Ka

All lower online-encoder blocks remain frozen. The target
encoder is updated only through the executed exponential-
moving-average rule.

Gfact = {®L7 @A, 613 ®V7 @Wa A}



Figure 16: Conceptual end-to-end construction of FactorJEPA targets. The upper band shows the frozen teacher-side
pipeline: a privacy-filtered clip is processed by DINOvV2 to obtain region evidence—masks, boxes, descriptors, and confidence—
which is linked into tracklets by temporal association. The deterministic structural map then produces layout, agent, visibility,
and interaction targets {77, T4, Ty, Tr} together with stop-gradient reliability weights w. The lower panels illustrate the
corresponding factor views under moderate density and high occlusion. Track color denotes identity, overlay opacity represents
visibility confidence, and interaction-edge width represents predicted strength. The scenes are synthetic and illustrate the target

semantics; they are not empirical DINOv2 outputs.

Algorithm .1 : Executed FactorJEPA Training Procedure

Inputs. Source-grouped training clips Dirain; cached DI-
NOv2 target store Zpino; mask sampler M; online en-
coder fp; momentum encoder fg—; factorized predictor
ge; optimizer and learning-rate schedule; loss coefficients
Asep, Asparses AV, Asup; EMA schedule y5; gradient bound +y;
and validation interval Sya;.

Output. Validation-selected checkpoint (0, ¢*), together
with its executed configuration, threshold set, optimizer state,
and random-state record.

Initialization and parameter restriction

1. Initialize the online encoder fy and momentum encoder
f g from the same pretrained V-JEPA checkpoint.

2. Replace the monolithic V-JEPA predictor with

9o = {gLagA7gI7gV7gW7AL7AA7A17PL7PA7PI}'

3. Copy the online-encoder parameters to the momentum
encoder:

0« 0.

Algorithm .1 (continued): Executed FactorJEPA Training
Procedure

4.

Freeze the DINOV2 target-construction pipeline, the mo-
mentum encoder, and all online-encoder blocks below the
selected top- K set.

. Define the trainable parameter set

etrain S efact @] etop-K-

. Initialize the optimizer, learning-rate scheduler, valida-

tion record, and best-checkpoint state.

For each optimization step s = 1, ..., S: minibatch
and structural evidence

. Sample a source-grouped minibatch

{5n}7]¥:1 ~ Dtrain-

. For every clip n, retrieve the cached teacher packet

Zn = {Pn, A(Pn), gn, (Tn,k7wn,k)kE{L,A,V,I}} .

Here, P, contains region-level pseudo-annotations,
A(Pr) contains associated tracklets, and &, contains
retained interaction candidates.



Algorithm .1 (continued): Executed FactorJEPA Training
Procedure

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Construct the valid-target indicator

ke{L, AV,I}.

Targets below the factor-specific threshold are excluded
from that factor loss rather than converted into negative
supervision.

Tn,k = 1 [Wn,k: 2 Tk:] 5

Sample context and target masks from the shared masking
policy:

(Mec, My) ~ M.

Construct masked context and target inputs:
TE =M. O Ty, T =M, ® Zn.

Online context path and stop-gradient target path

Encode the visible context using the online encoder:

hp = f 2] (55 ) o
Compute the future target representation using the mo-
mentum encoder:

Yy =sg [f5 (2n)] -
No gradient is propagated through Y.
For each target token p, form the target-conditioned query

qnp = Q(hn, mp, My),
where 7, is the target-token positional encoding.

Layout-factor prediction

Predict the layout coordinate for every target token:

en,L,p = gr(qn,p) € R™.
Predict the corresponding layout target:
To,t = Pr(car).
Visibility-gated agent prediction
Construct each object-centric state oﬁf ) from the cached

region descriptor, visible mask, bounding box, confi-
dence, and tracklet state.

For every retained agent ¢, predict its factor coordinate:
855,)17 =JgA (qn,pvf)gf)) eR™.
Predict the corresponding soft visibility gate:
v,(f,)p =0 (gv (qn,p,og))) € (0,1).
Aggregate the agent coordinates under soft visibility:

PO
e+, UT(ti,)zo

Cn,A,p =

Algorithm .1 (continued): Executed FactorJEPA Training
Procedure

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Predict the agent target:
j—\‘n,A = PA(Cn,A)-

Sparse interaction prediction

For every candidate pair (¢,5) € &, compute the nor-
malized pair state

91 (qn,p,os),og))
€ + Hg[ (qn,p:OS)707(’i7.)) H2

Predict the soft interaction strength

wif =o (gw (qn,p,ogf),o,(f))) € (0,1).

S(i5) _
€nyp =

Set

M,, = max{1, |E,|}

and aggregate the interaction coordinate:

Cn,I,p = ML Z

" (4,5)€En
If&, =9, setcn,r,p =0.

Predict the interaction target:

)

T\n,l = Pr(cn,1)-

Factor synthesis

Stack the layout, agent, and interaction coordinates over
clips and target tokens to obtain C',, Ca, C7.

Synthesize the predicted future-token matrix:
Y = CLA[ + CaAj +C1A].

Reliability-weighted objectives

Compute the future-latent prediction loss:

L L gy
JEPA — Nm H -

F
Compute reliability-normalized factor supervision:

> T kWi, kL (Tn,ky Tn,k)
€+, TnkWn k

['factor - §

ke{L,A,T}

Compute reliability-weighted visibility calibration:

Lv = WBCE ({vP} (T i {wi 1)
Compute interaction sparsity:

>l

™ (1,4)€En

1L 1
»Csparse S N;ﬁ

Compute the off-block covariance penalty Loy .



Algorithm .1 (continued): Executed FactorJEPA Training
Procedure

33. Compute the normalized RBF-kernel dependence
penalty L1in, using stop-gradient median pairwise dis-
tances as kernel bandwidths.

34. Combine the linear and nonlinear separation terms:

['sep = Ecov + /Bnlin['nlin-
35. Assemble the complete objective:

L= »CJEPA +)\sep£sep +)\sparse£sparse+>\v EV +)\sup£factor .

Restricted optimization and momentum update

36. Clear gradients on O¢rain.
37. Backpropagate

Vetrainﬁ'

No gradient enters the cached targets, DINOv2, or the
momentum encoder.

38. Clip the trainable gradient norm at ~.
39. Apply the optimizer update only to

@fact U ®top-K~
40. Advance the learning-rate and loss-weight schedules.

41. Update the momentum encoder:

0= .0+ (1 — ps)0.
42. Record the component losses, effective target weights,

retained target coverage, mean visibility gate, interaction
sparsity, learning rate, and gradient norm.

Validation-only checkpoint selection

43. Whenever s mod Sya1 = 0, compute the prespecified
validation score Jya1(0, ¢).

44. If J,,) improves the stored validation record, save

(07,97) < (6, 9),
together with the optimizer state, executed configuration,
threshold set, fold identifier, and random-state record.
45. Continue optimization until s = S. The test partition is
never consulted during gradient updates, hyperparameter
selection, threshold selection, or checkpoint selection.

Return

46. Return the validation-selected checkpoint
0%,6").

Optimization hyperparameters, loss coefficients, parame-
ter precision, gradient clipping, and momentum schedule are
fixed before final test evaluation. Checkpoints are selected
using the prespecified validation criterion; test metrics never
influence the number of steps, hyperparameters, thresholds,
or checkpoint selection.

Baseline Matching and Attribution Controls

All adaptation methods use the same source-video splits,
raw clips, masking policy, optimizer family, number of op-
timization steps, and evaluation protocol. Only the train-
able parameterization and, for FactorJEPA, the availability
of factor-target supervision differ.

The comparison implements the attribution chain

{LoRA, DoRA, Auto-RGN} — FactorJEPA-RAW — FactorJEPA
—_—— —————

architecture + factor targets

generic adaptation factorized architecture

LoRA and DoRA modify the same projection families
and use matched rank and scaling policies. Auto-RGN se-
lects online-encoder blocks using relative gradient norm and
receives a matched trainable-parameter budget. FactorJEPA-
RAW retains the complete factorized predictor but trains only
with the JEPA objective on raw clips; it receives no factor-
target supervision. The difference between FactorJEPA-
RAW and FactorJEPA therefore isolates the contribution
of structured factor-target supervision, conditional on the
shared architecture.

Full fine-tuning is included only as a capacity reference
and is not parameter matched to the efficient adaptation meth-
ods. Frozen V-JEPA provides the no-adaptation reference.
Exact trainable modules, parameter counts, ranks, selected
blocks, and compute measurements are consolidated in Ta-
ble 6.



Table 6: Canonical FactorJEPA architecture, optimization, baseline, and resource configuration. The table specifies a
complete reproducible reference configuration for the V-JEPA 2.1 ViT-G and ViT-g experiments. Backbone identifiers and
architectural scales follow the official V-JEPA 2.1 release. All project-specific optimization, factorization, adaptation, and
profiling settings are fixed below. Resource entries are prespecified execution ceilings; they must not be described as measured
consumption unless verified against profiling logs.

Configuration item V-JEPA 2.1 ViT-G V-JEPA 2.1 ViT-g

Control, interpretation, or measurement rule

Panel A: Backbone, teacher, and video preprocessing

Backbone identifier vijepa2_1_vit_gigantic_384 vijepa2_1_vit_giant_384 Official V-JEPA 2.1 PyTorch-Hub model iden-
tifiers. Both checkpoints remain the unique
initialization source for all compared methods.

Backbone scale Approximately 2.0B encoder parameters. Approximately 1.0B encoder parameters. Parameter counts exclude the momentum copy
when reporting trainable parameters because the
momentum encoder receives no gradient.
Encoder architecture Embedding dimension d = 1664; 48
transformer blocks; 16 attention heads;
MLP ratio 4.

Patch size 16 X 16; tubelet size 2.

Embedding dimension d = 1408; 40
transformer blocks; 16 attention heads;
MLP ratio 4.

Patch size 16 X 16; tubelet size 2.

Both models use pre-norm transformer blocks,
patch size 16, and rotary positional encoding.
Video tokenizer No backbone-specific spatial or temporal in-
terpolation is introduced during the controlled
comparison.

Model input 384 x 384 RGB; 16 sampled frames. 384 x 384 RGB; 16 sampled frames. All clips undergo the same resize, center-

preserving crop, privacy filter, temporal sam-
pling, and normalization.

Temporal sampling 4 fps; 4.0-s sampled window. 4 fps; 4.0-s sampled window. A window is sampled entirely inside one shot.

No sample crosses a shot or source-video
boundary.

Context and target Frames 1:12 form context; frames 13:16 Frames 1:12 form context; frames 13:16 Context duration is 3.0 s. Temporal indices are

form the future target; horizon 1.0 s. form the future target; horizon 1.0 s. identical across all adaptation methods within

each replication.
Pixel normalization ImageNet mean (0.485, 0.456, 0.406) Same.
and standard deviation

(0.229,0.224,0.225).

Normalization is applied after privacy filtering
and spatial resampling.

The teacher is frozen and evaluated in BF16

DINOV2 checkpoint

Teacher input

Target-cache precision

Region retention

Temporal association

Reliability range

dinov2_vitgl4_reg; patch size 14; descriptor dimension 1536; final normalized
patch-token representation.

518 x 518 RGB; ImageNet normalization; the same 16 temporal indices used by the
JEPA branch.

DINOV?2 descriptors and factor targets stored in FP16; reliabilities stored in FP32.

Minimum confidence 0.55; minimum area 0.1% of valid image support; duplicate
suppression at mask IoU 0.70.

Hungarian matching with 0.45 box-IoU cost, 0.35 mask-IoU cost, and 0.20 descriptor-
cosine cost; maximum gap 4 frames; minimum track length 3 frames.

wp,kx € [0.10, 1.00], computed from region confidence, temporal support, track
continuity, and factor-specific validity.

Panel B: Masking and predictor architecture

Small-block masks

Large-block masks

Predictor backbone

8 blocks per clip; spatial scale 0.15; aspect-ratio range [0.75, 1.50]; temporal scale 1.0.

2 blocks per clip; spatial scale 0.70; aspect-ratio range [0.75, 1.50]; temporal scale 1.0.

24 transformer layers; width 384; 12 heads; MLP ratio 4; RoPE; learned mask tokens; no
predictor registers.

without stochastic augmentation.

Teacher preprocessing is deterministic and
partition independent.

Targets are computed once before training.
No gradient enters DINOv2, the structural

operators, cached targets, or reliability weights.

Thresholds are fixed on training/validation data

and reused without modification on test data.

Association is restricted to a single source video

and shot. Unmatched regions are retained only
after satisfying the track initiation criterion.
Reliability weights are stop-gradient quanti-
ties and are normalized within factor before
minibatch aggregation.

The same mask realization is reused across
methods for a given replication and sampled
clip.

Small- and large-block policies are jointly
applied. Complement masks are not forced.
The monolithic and factorized variants use the
same predictor depth, width, attention count,

positional encoding, and target-query support.

Continued on the next page



Table 6 continued: Canonical FactorJEPA configuration

/-JEPA 2.1 ViT-G

Configuration item

Factor target dimensions

Factor ranks

Visibility head

Interaction head

Trainable encoder depth

Frozen components

/-JEPA 2.1 ViT-g

pr = 256, pa = 256, p;r = 256; one scalar visibility target per retained agent.

Layout rank r;, = 64; agent rank 7 4 = 96; interaction rank r; = 64.

Two-layer MLP: 384 — 256 — 1;
GELU; sigmoid output.

Two-layer pair MLP: 768 — 256 — 1;
GELU; sigmoid strength.

Top K = 2 online-encoder blocks.

Bottom 46 online blocks; complete mo-

mentum encoder; DINOV2 teacher; struc-
tural operators; cached targets.

Panel C: Optimization, regularization, and model selection

Same.

Same.

Top K4 = 1 online-encoder block.

Bottom 39 online blocks; complete mo-
mentum encoder; DINOV?2 teacher; struc-
tural operators; cached targets.

Control, interpretation, or measurement rule

The factor dimensions are fixed before the
controlled comparison and are not selected
independently for the two backbone scales.
The larger agent rank reflects the greater state
diversity of object-centric evidence; no rank is
changed between scales.

Visibility targets and predictions lie in [0, 1].
Missing agents are attenuated by reliability
rather than assigned a hard negative.
Candidate pairs are formed within normalized
image-plane radius 0.25. At most 12 nearest
valid neighbors are retained per agent.

The scale-specific K values approximately
match the trainable parameter budget of the
corresponding adaptation controls.

The momentum encoder is updated only by
EMA.

Optimizer AdamW, 81 = 0.9, 82 = 0.95,¢ = Same. Optimizer state is retained only for trainable
1078, parameters.
Learning rates Factorized predictor and heads: 1.0 X Same. Encoder learning rate is 0.1 X the predictor
10~*%; top encoder blocks: 1.0 x 1072, learning rate. No layer-wise decay is applied
within the selected top- K blocks.

Weight decay 0.04. 0.04. Biases, normalization parameters, factor bases,
and visibility calibration scalars receive zero
weight decay.

Schedule Linear warm-up for 1,000 steps, followed Same. Schedule is indexed by optimizer updates rather

by cosine decay to 1.0 X 1076, than processed clips.

Training duration 20,000 optimizer updates. 20,000 optimizer updates. Every method receives the same number of

updates and sampled raw clips.

Per-device batch 2 clips/GPU with gradient accumulation 8. 4 clips/GPU with gradient accumulation 4. Both scales use 8 GPUs, producing the same

global batch of 128 clips.

Numerical precision BF16 parameters and activations; FP32 Same. Scaled dot-product attention and activation

optimizer states and loss accumulation. checkpointing are enabled.

Gradient clipping Global norm clipped at 1.0. Same. Clipping is applied after gradient accumulation
and before the optimizer update.

Dropout Attention dropout 0; MLP dropout O; Same. Regularization arises from masking, factor

stochastic depth 0. separation, sparse interactions, and weight

decay.

EMA momentum Constant 1 = 0.99925. Same. After each optimizer update, < pf + (1 —
w)o.

JEPA coefficient Ajepa = 1.00. Same. The JEPA term defines the common prediction
objective used by all trainable methods.

Factor coefficient Asup = 1.00. Same. Set to zero for FactorJEPA-RAW and all generic
adaptation baselines.

Visibility coefficient Ay = 0.25. Same. Visibility loss is reliability weighted and nor-
malized by valid-agent support.

Separation coefficient Asep = 0.05. Same. Penalizes cross-factor predictability after mini-
batch centering and factor-wise normalization.

Sparsity coefficient Asparse = 0.01. Same. Applied to predicted interaction strengths, not
directly to the teacher interaction target.

Nonlinearity coefficient Bnlin = 0.10. Same. Weights the nonlinear factor-composition resid-
ual relative to the low-rank additive synthesis.

Validation frequency Every 500 optimizer updates. Same. Validation does not update parameters, teacher

targets, thresholds, or normalization statistics.

Continued on the next page



Table 6 continued: Canonical FactorJEPA configuration

V-JEPA 2.1 ViT-G

Configuration item

Checkpoint selection

Replication

Lowest validation Future-frame L1; ties
resolved using validation Mask-ratio slope.
Three independent runs with seeds

{17, 29, 43}.

Panel D: Method-specific adaptation configuration

Frozen V-JEPA

Full fine-tuning

LoRA

DoRA

Auto-RGN

FactorJEPA-RAW

FactorJEPA

Budget tolerance

No gradient updates; O trainable parame-
ters.

Online encoder and monolithic predictor;
approximately 2.04B trainable parameters.
Rank 80, scale « = 160, dropout 0.05;
approximately 114M trainable parameters.

Rank 80, o = 160, dropout 0.05; approx-

imately 116M trainable parameters.

Monolithic predictor and two selected
encoder blocks; approximately 111M
trainable parameters.

Factorized predictor and top two encoder
blocks; approximately 115M trainable
parameters.

Factorized predictor and top two encoder
blocks; approximately 115M trainable
parameters.

LoRA, DoRA, Auto-RGN, and Factor-
JEPA remain within 5% of the target
trainable-parameter budget after exact
implementation-level counting.

Panel E: Resource envelope and profiling contract

Training hardware

Software environment

Teacher-cache envelope

Frozen evaluation envelope

Full fine-tuning envelope

LoRA envelope

DoRA envelope

Auto-RGN envelope

FactorJEPA-RAW envelope

FactorJEPA envelope

8 x NVIDIA H100 SXM, 80 GiB per GPU.

PyTorch 2.6.0; CUDA 12.4; cuDNN 9.1;
BF16; SDPA enabled.

At most 42 GPU-hours; peak allocation 48
GiB/GPU.

No training GPU-hours; inference alloca-
tion at most 38 GiB/GPU.

At most 160 GPU-hours; peak allocation at
most 78 GiB/GPU.

At most 96 GPU-hours; peak allocation at
most 54 GiB/GPU.

At most 100 GPU-hours; peak allocation at
most 56 GiB/GPU.

At most 104 GPU-hours; peak allocation at
most 60 GiB/GPU.

At most 112 GPU-hours; peak allocation at
most 62 GiB/GPU.

At most 120 optimization GPU-hours; peak
allocation at most 64 GiB/GPU.

V-JEPA 2.1 ViT-g

Same.

Same.

No gradient updates; O trainable parame-
ters.

Online encoder and monolithic predictor;
approximately 1.04B trainable parameters.
Rank 64, scale « = 128, dropout 0.05;
approximately 68M trainable parameters.

Rank 64, o = 128, dropout 0.05; approx-

imately 69M trainable parameters.

Monolithic predictor and one selected en-
coder block; approximately 68M trainable
parameters.

Factorized predictor and top one encoder
block; approximately 73M trainable param-
eters.

Factorized predictor and top one encoder
block; approximately 73M trainable param-

eters.

Same.

Same.

Same.

The same cache is reused; no second scale-
specific teacher pass.

No training GPU-hours; inference alloca-
tion at most 30 GiB/GPU.

At most 96 GPU-hours; peak allocation at
most 64 GiB/GPU.

At most 56 GPU-hours; peak allocation at
most 44 GiB/GPU.

At most 60 GPU-hours; peak allocation at
most 46 GiB/GPU.

At most 60 GPU-hours; peak allocation at
most 48 GiB/GPU.

At most 64 GPU-hours; peak allocation at
most 50 GiB/GPU.

At most 70 optimization GPU-hours; peak
allocation at most 52 GiB/GPU.

Control, interpretation, or measurement rule

The test split is accessed only after checkpoint
and threshold freezing.

Headline results report mean and standard devi-
ation across the three runs. Clustered confidence
intervals operate above the clip level.

Uses the same clips, masks, target indices, and
frozen evaluators as all trainable methods.

Not parameter matched. Momentum encoder
remains stop-gradient and is updated by EMA.
Applied to Q, K, V, O attention projections
and both MLP projections in the online encoder
and monolithic predictor.

Uses the same projection families and low-rank
policy as LoRA, with one trainable magnitude
vector per adapted output projection.

Blocks are selected from one fixed gradient-
probe pass using ||V, L||2/(||0¢]2 + 1078).

Uses only L3gpA, Lsep, and Lgparse; N0
DINOV2-derived factor targets are consumed.

Uses the complete objective: £jgpa +
AsupLfactor + AVLY + AsepLsep +
Asparse Lsparse-

If exact instantiated counts exceed the tolerance,
LoRA/DoRA rank or the Auto-RGN block

budget must be adjusted before training.

All comparative resource profiles must be
obtained on the same node type, interconnect,
and software environment.

The exact repository commit and container di-
gest must accompany the released configuration.
Teacher caching is a one-time preprocessing
cost and is reported separately from optimiza-
tion.

Zero training cost does not imply zero evalua-
tion cost.

Includes training and checkpoint-selection
validation, but excludes the common final
evaluation pass.

Reported separately from any offline teacher or
dataset preprocessing.

Magnitude-vector optimization is included in
the parameter and memory accounting.
Includes the fixed gradient-probe pass used for
block selection.

No offline DINOv2 target-cache cost is at-
tributed to this control.

The one-time 42-GPU-hour teacher-cache
ceiling is reported separately and is not hidden
inside optimization cost.

Continued on the next page



Table 6 continued: Canonical FactorJEPA configuration

Configuration item . /-JEPA 2.1 ViT-g ntrol, interpretation, or measurement rule
GPU-hour definition Hgpu = ZT ngl)’U At,., where At,. is the wall-clock duration of run 7. Failed runs are reported separately and excluded
only when failure is unrelated to the evaluated
method.
Peak-memory definition Maximum value returned by torch.cuda.max_memory_allocated () after Measured using the reported per-device batch,
initialization and five warm-up updates. precision, and gradient accumulation.
Latency protocol Batch 1; 50 warm-up iterations; 500 Same. Report median and 95th-percentile ms/clip.
synchronized timed iterations. Model-only latency uses resident tensors; end-

to-end latency additionally includes decode,
resize, normalization, and host-to-device trans-
fer.

Latency ceiling Model-only median at most 230 ms/clip. Model-only median at most 160 ms/clip. These are execution ceilings, not measured
results. Final reporting must replace them with
profiler-derived median and 95th percentile.

Resource aggregation Mean and standard deviation across the Same. GPU-hours are summed per run; peak memory

three training replications. is the maximum per run; latency is summarized
from the synchronized inference distribution.



Attribution and Executed Component
Ablations

The main results evaluate FactorJEPA as a complete pre-
dictive system. This appendix uses the executed comparison
family to distinguish three sources of performance: matched
monolithic adaptation, the factorized structural pack-
age, and DINOv2-derived structured supervision. We
then evaluate the executed interaction-objective and encoder-
adaptation variants.

The available experiments do not form a complete
architecture—supervision factorial. We therefore restrict the
attribution language to contrasts directly supported by the ex-
ecuted runs. In particular, when FactorJEPA-RAW includes
separation and interaction-sparsity regularization, its com-
parison with a monolithic predictor measures the contribu-
tion of the factorized structural package, not predictor archi-
tecture in isolation.

Executed Comparison Contract

Table 7 defines the training intervention associated with each
primary comparison. All trainable methods use the same
raw clips, context and target masks, target indices, optimizer,
training duration, validation rule, and frozen evaluation pro-
tocol. The momentum target encoder remains stop-gradient
and follows the same EMA update schedule.

We use Auto-RGN as the primary matched monolithic
reference because it updates the monolithic predictor and
the same number of gradient-selected online-encoder blocks
while remaining close to FactorJEPA’s trainable-parameter
budget. LoRA and DoRA provide additional parameter-
efficient controls. Full fine-tuning is retained only as a non-
matched capacity ceiling.

All structured targets are produced automatically by the
frozen teacher pipeline. No manually annotated factor labels
enter any training condition. The headline evaluators remain
frozen and do not reuse DINOv2-derived targets as evalua-
tion labels.

Factorized Structural Package and Structured
Targets
The primary attribution chain is

Auto-RGN —— FactorJEPA-RAW —— FactorJEPA
—_——— —_ —_————

matched monolithic

factorized predictor
adaptation

+ structural regularization

factorized package
-+ structured targets

For diagnostic m, let Yj&m) denote the score of method M.
‘We direction-normalize the metrics as

Fm) _ —Y]Sn ). if lower is better,
M Y™ if higher is better.

We report three prespecified effects:

Apkg = YFaCtorJEPA—RAW - YAuto—RGNa
Asup\pkg = YFactorJEPA — YFactorJEPA-RAW»

Atotal = YFactorJEPA — YAuto-RGN -

The first contrast measures the combined effect of predic-
tor factorization, factor-specific dictionaries, visibility and
interaction pathways, and their intrinsic regularizers. It is
therefore a package effect, not a pure architecture effect.

The second contrast is more specific. FactorJEPA and
FactorJEPA-RAW share the predictor, synthesis dictionar-
ies, separation and sparsity terms, encoder scope, and op-
timization protocol. Their difference therefore isolates the
incremental contribution of Leacior and Ly, conditional on
the shared factorized structural package.

Figure 17 reports the absolute performance and paired
contrasts.

Confidence intervals are estimated using a paired hierar-
chical bootstrap. Each replicate applies the same resampled
seeds, cities, source videos, and clips to all methods in a
contrast. Cities are resampled first and source videos are re-
sampled within city; all clips from a sampled source video
remain together. This pairing removes variation shared by the
compared methods and preserves the geographic and tempo-
ral dependence of the evaluation set.

Causal L1 is treated as an operational measure of consis-
tency under the frozen evaluator-side intervention protocol,
not as evidence of causal identification. Its intervention gen-
erator is fixed before model comparison, consumes neither
DINOV?2 factor targets nor manual factor annotations, and is
applied identically to every method.

Factor-Objective and Intervention Variants

The primary-scale ablations contain three configurations of
the factorized model:

* FactorJEPA-3S uses the executed three-stage layout—
agent—interaction curriculum and serves as the base fac-
torized configuration.

* FactorJEPA-INT uses the same backbone, predictor, fac-
tor targets, and encoder scope while enabling the executed
intervention-oriented training configuration.

* FactorJEPA-DI+ retains the three-stage architecture but
increases the executed weighting or sampling emphasis
assigned to the dynamic-interaction component.

These runs are treated as configuration interventions,
not one-factor pathway removals. In particular, FactorJEPA-
DI+ tests sensitivity to interaction emphasis; it does not
establish that the interaction pathway is necessary. Simi-
larly, FactorJEPA-INT measures the effect of the executed
intervention-oriented configuration and should not be inter-
preted as a general causal-supervision ablation.

Relative to FactorJEPA-3S, define

AINT = YFactorJEPA-INT — YFactorJEPA-3S,

Api+ = YractorJEPA-DI+ — YFactorJEPA-3S-

We evaluate these effects jointly across future prediction,
intervention consistency, masking robustness, and motion
accessibility. A favorable result on one diagnostic is not
treated as a universal improvement when accompanied by
degradation on another. This is particularly important for the
observed prediction—motion trade-off.
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Figure 17: Complete ViT-G attribution and ablation scorecard. The comparison includes frozen and continually adapted
V-JEPA, full and parameter-efficient fine-tuning, Auto-RGN, FactorJEPA-RAW, the executed FactorJEPA objective variants,
and the WiseFT encoder-scope variants. Bars report held-out means; error bars denote 95% BCa confidence intervals where
available. Each panel states whether higher or lower values are preferred. Internal variants are mapped to their publication-
facing definitions in Table 7. Attribution claims use the prespecified contrasts in Figure 17, rather than selecting the best method

separately for

each diagnostic.




Table 7: Executed attribution contract. FactorJEPA-RAW and FactorJEPA share the factorized predictor, separation objective,
interaction-sparsity objective, trainable encoder scope, and parameter budget. They differ in access to the DINOv2-derived
factor and visibility targets. Auto-RGN is the primary parameter-matched monolithic reference; full fine-tuning is a non-

matched capacity ceiling.

Method Predictor Factor targets Executed objective Trainable scope Attribution role
Frozen V-JEPA Monolithic None No optimization None No-adaptation
reference.
V-JEPA Full-FT Monolithic None LIEpPA Complete online encoder Non-matched ca-
and predictor pacity ceiling.
V-JEPA LoRA Monolithic None LiEPA Matched low-rank projec- Parameter-
tion updates efficient adapta-
tion control.
V-JEPA DoRA Monolithic None LIEpPA Matched decomposed low-  Parameter-
rank updates efficient adapta-
tion control.
V-JEPA Auto-RGN Monolithic None LiEPA Monolithic predictor and Primary matched
selected top- K blocks monolithic refer-
ence.
FactorJEPA-RAW Factorized None L3EPA + AsepLsep + AsparseLsparse Factorized predictor and Factorized struc-

FactorJEPA Factorized T, Ta, Tv,Tr

AsepLsep + Asparse Lsparse

selected top- K blocks tural package
without teacher
targets.

LigpA + AsupLfactor + AvLy + Factorized predictor and Complete

selected top- K blocks model: structural
package plus
structured super-

vision.

Parameter matching. At ViT-G, Auto-RGN and FactorJEPA contain approximately 111M and 115M trainable parameters, respectively; at ViT-g, they contain approximately

68M and 73M. Full fine-tuning contains approximately 2.04B and 1.04B trainable parameters and is therefore not used for component attribution.

The final manuscript-facing configuration is selected ex-
clusively by the prespecified validation rule. Test per-
formance is not used to choose among FactorJEPA-3S,
FactorJEPA-INT, and FactorJEPA-DI+.

Encoder-Adaptation and Resource Sensitivity

The remaining variants test whether the observed gains can
be explained by the amount of encoder adaptation rather than
the factorized predictor. V-JEPA LP-FT and full fine-tuning
provide the minimal and maximal monolithic adaptation end-
points. The three FactorJEPA-WiseFT variants vary the exe-
cuted encoder-scope parameter while retaining the factorized
predictor and structured objective.

Let b € {30,50,70} denote the executed WiseFT scope
setting and let P, Hy, and M, denote its trainable parame-
ters, measured GPU-hours, and peak allocated memory. For
each setting, we report

Rb — (Pb; Hba ]\4177 YE)future7 }/bcausal7 YE)mask, Yzmotion) )
The reported setting names must be accompanied by
their operational meaning: the exact trainable blocks, frozen
blocks, and trainable parameter count. Internal labels such
as £30, £50, and £70 are not used without this mapping.
A configuration b is Pareto dominated when another con-
figuration b’ satisfies
Yim > v vim e Moy
b’ = b primary

Py < B, Hy < Hy,

with at least one strict inequality. This analysis distin-
guishes gains that persist under constrained encoder adapta-
tion from gains obtained solely through additional trainable
capacity.

Consolidated Attribution

Figure 17 consolidates the prespecified paired contrasts. Each
point reports an absolute, direction-normalized effect; hor-
izontal bars report paired source-clustered 95% confidence
intervals. Positive values favor the named intervention.

The evidence is interpreted under the following claim
boundaries:

* Apositive Apy, supports the factorized structural pack-
age. It does not isolate predictor architecture from sepa-
ration and sparsity regularization.

* A positive Agp|pkg Supports the incremental contribu-
tion of the DINOv2-derived factor and visibility targets,
conditional on the shared factorized architecture.

* A positive Aigta establishes improvement over the
matched monolithic Auto-RGN reference. Full fine-
tuning is interpreted separately because it is not parameter
matched.

* FactorJEPA-INT and FactorJEPA-DI+ establish sensitiv-
ity to the corresponding executed configuration changes.
They do not isolate unexecuted pathway removals.



* WiseFT comparisons establish robustness to encoder-
adaptation scope only when the performance trend is con-
sidered jointly with measured parameters, GPU-hours,
and memory.

 Teacher-relative factor diagnostics may explain a mech-
anism, but they do not replace the frozen future-latent,
intervention, masking, motion, or RGB evaluators.

Accordingly, the executed experiments identify two prin-
cipal effects: the advantage of the complete factorized struc-
tural package over matched monolithic adaptation, and the
incremental value of structured teacher targets within that
package. Finer architecture—supervision interaction claims
are left open because the corresponding supervision-matched
monolithic control was not executed.

Metric Definitions, Clustered Inference, and
Robustness

This appendix specifies the evaluation contract underlying
every reported result. We distinguish training targets from
evaluation signals: DINOv2-derived layout, agent, visibil-
ity, and interaction targets supervise FactorJEPA but are not
reused as labels for the headline metrics. Unless stated oth-
erwise, every evaluator is frozen before test evaluation and
is applied identically to all methods.

Metrics are first computed at their lowest valid evalua-
tion unit and then aggregated through the city—source-video
hierarchy. Clips from the same recording are not treated as
independent observations. Primary conclusions are restricted
to Future-frame MSE, Intervention L1, Mask-ratio slope, and
Motion cosine. All remaining diagnostics are treated as sec-
ondary or exploratory.

Evaluation Contract and Metric Registry

Table 8 defines the complete metric registry. The evaluation
unit identifies the lowest unit at which a score is formed;
statistical uncertainty is subsequently estimated above the
clip level.

Primary Predictive Diagnostics

Future-frame MSE. For clip n, horizon h € H, and target

tokenp € {1,...,my},let }AC,,,h’p € R denote the predicted
future token and Y7,  the stop-gradient target-encoder to-
ken. The clip-level error is

*
n,h,p

‘Ymhm -Y,

1 1 &
future
en'™™ = T 2 2 -
|| =, mnd —~ 2

All valid target tokens receive equal weight. Target-token

normalization, target horizons, and masking are fixed across

methods. The executed scorecard reports this MSE quantity;

it is not relabeled as L1. Horizon-specific errors are reported

as sensitivity analyses and do not replace the pooled primary
score.

Intervention L1. Let Gi,; be the frozen automatic
evaluator-side intervention generator and let

An = gint (xn)

denote its retained intervention set for clip n. The gener-
ator, intervention types, spatial and temporal support rules,
and exclusion criteria are frozen before model comparison.
It consumes neither DINOv2 factor targets nor manually an-
notated factor labels.

For intervention a € A,,, apply the same transformation
1, to the evaluated clip and define

A?n,a = ?(Ia(l‘n)) - ?(‘r”)’
AV, = s [V (Ta(n) — V()]

The normalized intervention error is

HA)/}n,a — AYy

n,a
1

int

e = .
n,a
e [AY,

7

The clip score averages over retained interventions:

. 1 .
et = e > e
max{1, |A,|} a; '

We report the numerator, target-effect denominator, re-
tained intervention count, and near-zero-effect rate along-
side the normalized score. The primary specification uses a
fixed €. Alternative constants and minimume-effect filters
are evaluated only as sensitivity checks. This metric mea-
sures consistency with intervention-induced latent changes;
it does not establish causal identification.

Mask-ratio slope. Let R = {ry,...,r;} be the prespec-
ified context-mask ratios. For each ratio r, we sample K
masks from a fixed sampler and reuse the same realizations
across methods. Define

K
1
en(r) = % g efb‘lt“re (Mr,k O Xn).
k=1

The primary robustness statistic is the absolute OLS slope

Z‘I'ER(T - 7:) (Gn(’f‘) - én)
ZTER(T - ’F)2 ’

where e,, is the mean error over the evaluated ratios.
Smaller values indicate slower degradation as context ev-
idence is removed. We also report the complete masking
curve,

ﬂmask —
n

C;?aSk = {(r, en(r)) ir € R} ,

together with relative slope and masking AUC as sec-
ondary robustness summaries.



Table 8: Evaluation metric registry. The table records the operational definition, preferred direction, evaluation unit, frozen
signal or evaluator, and inferential status of every reported diagnostic. “Intervention L1” corresponds to the quantity previously
labeled Causal L1; the revised name reflects that the metric measures intervention-response consistency rather than causal

identification.
Metric Operational definition Dir. Unit Frozen signal or evaluator Status
Primary predictive diagnostics
Future-frame MSE Mean squared error between predicted and target future- | Clip-horizon Momentum target encoder Primary
token embeddings.
Intervention L1 Normalized L1 discrepancy between predicted and target | Clip-intervention Intervention generator and target Primary
latent changes under the same automatically generated inter- encoder
vention.
Mask-ratio slope OLS slope of Future-frame MSE as the visible context is | Clip—mask curve Target encoder and fixed mask Primary
progressively reduced. sampler
Motion cosine Cosine similarity between linearly decoded and target motion 1 Clip Motion estimator and fixed- Primary
descriptors. capacity probe
Semantic diagnostics
Action top-1 Top-1 accuracy of a fixed-capacity action probe. T Clip Frozen action labels and probe pro-  Secondary
tocol
Taxonomy F1 F1 over the shared dynamic-agent taxonomy. T Clip—class Frozen taxonomy evaluator Secondary
Prediction-stability diagnostics
Rollout-drift slope Increase in prediction error over autoregressive rolloutdepth. | Clip—rollout Target encoder Secondary
L1-vs-At decay Increase in latent error over the evaluated future horizons. 1 Clip-horizon Target encoder Secondary
Exposure-bias gap Difference between free-running and teacher-conditioned | Clip Target encoder Secondary
prediction error.
Temporal diagnostics
Frame-order sensitivity Prediction-error increase after controlled frame-order cor- 1 Clip Fixed temporal permutation Secondary
ruption.
Arrow-of-Time Accuracy for distinguishing forward from reversed clips. T Clip Fixed temporal classifier Secondary
Temporal-order accuracy Accuracy for detecting frame permutations. T Clip Fixed temporal-order classifier Secondary
Playback-pace accuracy Accuracy for identifying the applied temporal-rate transfor- 1 Clip Fixed pace classifier Secondary
mation.
TCC cycle-back error Temporal distance between a source frame and its cycle- | Frame pair Frozen correspondence features Secondary
consistent match.
TCC Kendall 7 Rank agreement between predicted and true temporal corre- 1T Clip pair Frozen correspondence features Secondary
spondences.
Motion cosine. Let E, . be the independently frozen mo-
1 1 ~M _ x
tion estimator and motion (@ ur)
n

d;
uy = Emot (xn,t:t+A) € Rmet

n

its target descriptor. For every world model M, a fixed-
capacity linear probe W) is fitted on the training split:

— ; MY x
WMfargmul/n Z HW pool(Yn) uy,

NE€Dsrain

The regularization coefficient is selected on the validation
splitunder the same grid for every method. The test descriptor
is

aM = Wy pool ()ZV) )

and Motion cosine is

2
2+)‘motHW”%‘~

@y gl + emot

The motion estimator and probe protocol supply no Fac-
torJEPA training signal. The metric measures linear acces-
sibility of motion information, not complete motion recon-
struction.

Secondary Semantic and Temporal Diagnostics

Semantic probes. Action top-1 and Taxonomy F1 use
fixed-capacity probes trained on the training split and se-
lected on the validation split. Probe architecture, optimiza-
tion, and regularization are identical across world models.
Taxonomy F1 uses the same class support and averaging
convention for every method; unsupported classes are not
silently removed on a method-specific basis.



Rollout and horizon stability. Let eg,f]) denote future-

token error after rollout step g. Rollout-drift slope is the

OLS coefficient of egf') against ¢. Similarly, L1-vs-At decay
is the slope of latent prediction error over the evaluated fu-
ture horizons. Both are computed using a fixed set of rollout
depths and horizons.

The free-running exposure-bias gap is

g = elthe — e

where both errors use the same target encoder and future

horizon.

Order and pace sensitivity. Frame-order sensitivity is the
increase in prediction error after a fixed temporal permuta-
tion:

STOerer — eillture (Iperm('rn)) _ 6%1ture ($n)'
Arrow-of-Time, temporal-order, and playback-pace accu-
racy use frozen evaluation protocols with fixed transfor-
mation classes. Arrow-of-Time distinguishes forward from
reversed clips; temporal-order detects frame permutations;
playback-pace identifies the applied temporal-rate transfor-
mation.

Temporal correspondence. For each source frame, the
temporal-correspondence evaluator identifies a nearest
match in the paired sequence and maps that match back
to the source. TCC cycle-back error measures the resulting
temporal distance. TCC Kendall 7 measures rank agreement
between predicted and ground-truth temporal ordering. Both
use the same frozen features and matching rule for every
method.

Paired Clustered Inference and Multiplicity

Letyas,s,c,0,; denote a metric for method M, training seed s,
city ¢, source video v, and clip ¢. For metrics with multiple
horizons, masks, or interventions, those observations are first
reduced to one clip-level score using the definitions above.

Primary estimand. To prevent high-volume cities or
recordings from dominating the evaluation, we use equal
weighting at the city and source-video levels:

S

_ 1 1

YM,c,o = g Z T Z YM ,s,c,v,is
o—1 | c,v

1€Lc v

N 1 1 _
v = Y UM, c,0-
EPAP IS

The primary paired effect between methods A and B is

0A.B = A — B,
where the direction-normalized mean is

~ [ —nn, if lower is better,
HM =" 7y, if higher is better.
Consequently, SA, 5 > 0 always favors method A. Clip-

weighted estimates are reported as an aggregation sensitivity,
not as the primary estimand.

Paired hierarchical bootstrap. For each bootstrap repli-
cate, we:

1. resample cities with replacement;

2. resample source videos within each sampled city;

3. retain all clips from every sampled source video;
4

. apply the same sampled cities, videos, clips, masks, hori-
zons, and interventions to all compared methods; and

5. recompute the complete metric and aggregation pipeline.

This preserves within-recording dependence and method
pairing. We report 95% BCa intervals for absolute method
means and paired effects. The source-video group, rather
than the clip, is the lowest independently resampled unit.

Training-seed variation. For every method and metric, we
report all S = 3 executed seed values, their mean, and

s
1 ~ _
SDseea(M) = S_1 Z (Iiar,s — /LM)Q-

s=1

The primary geographic estimand averages the three seeds
before city-level aggregation. As a sensitivity analysis, a
crossed bootstrap resamples seeds independently of cities
while applying the same resampled seed indices to all meth-
ods. Because only three seeds are available, seed is not treated
as a primary random-effect variance component.

Mixed-effects sensitivity. As a model-based check, we fit

YM.s.cmi = BO + ﬁﬂethod + ,y;eed + ugity
U g i
where method is the effect of interest, seed is a fixed block-
ing factor, and city and source video are nested random in-
tercepts. The mixed-effects analysis is considered supportive
only when its effect direction agrees with the paired clustered
estimate.

Multiple comparisons. Within each backbone, the pri-
mary confirmatory family contains the prespecified attribu-
tion contrasts crossed with the four primary diagnostics. Two-
sided paired-bootstrap p-values are adjusted using Holm’s
step-down procedure. The secondary scorecard is controlled
using Benjamini—Hochberg FDR and is explicitly labeled
exploratory.

We report unadjusted absolute effects and clustered inter-
vals together with adjusted decisions. An unadjusted 95%
interval excluding zero is not described as Holm-corrected
evidence unless the corresponding adjusted decision also
passes the prespecified level.

Metric Sensitivity and Complete Numerical Results
Robustness is evaluated along four prespecified axes.

Metric-construction sensitivity. For future prediction, we
report horizon-specific MSE and, where executed, tokenwise
L1 as a secondary alternative. For intervention consistency,
we vary €, and the minimum target effect while report-
ing the retained intervention fraction. For missing-evidence



robustness, we compare absolute slope, relative slope, and
masking AUC while preserving the same mask realizations.

A conclusion is considered stable only when its direction
is preserved across the prespecified variants. The primary
metric definition is not changed after inspecting test perfor-
mance.

Aggregation sensitivity. We compare:

* equal-city and clip-weighted means;

* city—source-video and source-video-only bootstrap inter-
vals;

» seed-averaged and crossed seed-resampling estimates;
and

* complete and leave-one-city-out evaluation.

For each leave-one-city-out run, all clips from the omitted
city are removed before recomputing the metric and method
contrast.

Cross-scale ranking robustness. For diagnostic m, let
s(Gm) and s_E,"” contain the direction-normalized scores of
the common method set at the ViT-G and ViT-g scales. We
report

Pm = Spearman (S(Gm), sém)) ,

Tm = Kendall (s(Gm), sém)> .
Because the evaluated methods are a fixed comparison
set, these correlations are interpreted descriptively. Robust-
ness is assessed through leave-one-method-out and leave-

one-family-out ranges:

J J
Method families comprise frozen, conventional fine-
tuning, parameter-efficient adaptation, FactorJEPA variants,
and encoder-scope variants. Cross-scale agreement is de-
scribed as scale robustness, not independent replication.

Complete scorecards. Figures 17 and 17 show all executed
diagnostics for the ViT-G and ViT-g backbones. Exact pri-
mary values and clustered intervals are reported in Figure 17.
The complete numerical scorecard additionally records, for
every method and diagnostic:

(mean, 95% clustered CI, seed SD, paired reference effect, adjusted decision)

The graphical scorecards provide the broad performance
profile, whereas the numerical tables and prespecified con-
trasts determine the inferential conclusions. Accordingly, no
method is declared uniformly superior on the basis of isolated
secondary wins.

Latent-to-RGB Decoding and Qualitative
Analysis

The latent-to-RGB decoder provides a secondary,
interpretability-oriented evaluation of the predicted future
representation. It does not contribute to FactorJEPA training

and is not used for model selection. Its purpose is to expose
what a predicted future latent implies in pixel space under a
fixed rendering model.

The evaluation follows three constraints. First, FactorJEPA
and all comparison models remain frozen during decoder
training. Second, one decoder is trained per backbone scale
using only target-encoder latents from the training partition.
Third, the selected decoder is frozen and applied without
method-specific adaptation to every predicted-latent source.
Consequently, RGB differences within a backbone scale can-
not be attributed to different decoder capacities or optimiza-
tion budgets.

Decoder Architecture and Latent Transport

Let Y € RBXTuxPxds denote a sequence of future JEPA
tokens, where P = hjwj is the spatial token count and
dy € {1664,1408} for the ViT-G and ViT-g backbones, re-
spectively. The Cosmos decoder expects a spatially organized
conditioning tensor rather than an unordered JEPA token se-
quence. We therefore introduce a trainable transport opera-
tor 7, that aligns token dimensionality, spatial organization,
temporal order, and feature statistics.
For future index 7, the transported representation is

Ur = reshapey, s, [Win LN(Y7)],

ZT = Bw (U‘r + Espace + Etime (T)) 3

To(Y)r = Wy LN(Z,) € Rhexwexde,
where Wy, and W, are learned projections, 13, is the ex-
ecuted transport stack, and Fgpace and Eijme preserve spatial
and temporal position. Any interpolation required to obtain
he X we is performed inside 7, and is identical for all latent

sources at a fixed backbone scale.
The rendered future is

z= DQ(Y) = gwc (n(y)) ) Q= {wvd}gdapt}a

where Gy, is initialized from the reported Cosmos check-
point (NVIDIA 2025). The notation wgdapt denotes exactly
those Cosmos parameters updated during decoder adapta-
tion; all remaining Cosmos parameters stay frozen. After
validation-based checkpoint selection, the complete mapping
Dq is frozen.

Decoder Training and Comparison Neutrality

For a training example n, let z;7 denote the observed future
RGB target and let

Y =sg [fa(a))]
be the corresponding frozen target-encoder latent. The de-
coder is trained only on pairs {(Y,*,x;})} from the training
partition:

x . * +
Q* = arg min Ldecode (DQ(Yn ), xn) .

|Dtrain| nEDurai

Predicted latents from FactorJEPA, FactorJEPA-RAW, or
any adaptation baseline are excluded from decoder optimiza-
tion and checkpoint selection. This prevents the decoder from



Table 9: Latent-to-RGB decoder contract. One scale-specific decoder is trained for each JEPA embedding width. Within
a backbone scale, every method uses exactly the same transport operator, Cosmos component, preprocessing, and evaluation
settings. Fields marked from log must be copied verbatim from the executed decoder configuration.

Component

Executed configuration

Comparison control

JEPA latent source

Transport operator

Cosmos initialization

Cosmos update scope

RGB output

Frozen upstream mod:

els

Frozen RGB evaluators

ViT-G: d; = 1664; ViT-g: d; = 1408; future frames 13:16
from the common 384 X 384, 16-frame protocol.

Layer normalization, input projection, spatial reshaping,
spatiotemporal transport stack, output projection, and positional
encoding. Exact depth, width, heads, and d¢: [from log].
Checkpoint identifier and revision: [from log]. Checkpoint hash:
[from log].

Trainable modules: [from log]. Frozen modules: [from log].

Frames, resolution, color range, and frame rate: [from log].

Online encoder, momentum target encoder, monolithic or

factorized predictor, DINOv2 teacher, and factor-target operators.

LPIPS network, optical-flow estimator, and agent detector. Exact

Target and predicted latents use the same temporal indices,
normalization, token ordering, and spatial support.

One transport operator per backbone scale; no method-specific
projection or normalization.

The same initialization is used for all methods evaluated at a fixed
backbone scale.

The update scope is fixed before decoder training and is not
selected separately for individual prediction methods.

All outputs undergo the same clipping, resizing, and inverse
normalization before evaluation.

RGB reconstruction gradients never enter a world model or
pseudo-target generator.

No RGB evaluator supplies FactorJEPA supervision or participates

checkpoints and thresholds: [from log].

in decoder optimization.

adapting preferentially to the latent distribution of one pre-
diction method.
The reconstruction objective is

‘Cdecode = )\pixﬁchar + )\perc‘CLPIPS + )\str£SSIM
+ Amotﬁmotion + )\regR(Q)a

where the robust pixel term is

EChar B % Z \/(%(p) - $+(p))2 + 6ghar'

peEP

Here, L1, pips measures perceptual discrepancy, Lssiv =
1 — SSIM penalizes structural distortion, and L,;otion, When
enabled in the executed configuration, compares frozen-
estimator flow between the final context frame and the re-
constructed or observed future. Terms assigned zero weight
are disabled rather than silently omitted.

The checkpoint is selected exclusively by the prespecified
validation criterion. No test frame, test latent, test metric,
or prediction from a compared method influences decoder
training, early stopping, or hyperparameter selection.

At evaluation, the selected parameters (2* are frozen and

Zn,m = Dax (Yn,M)

is computed for every method M using identical prepro-
cessing, sampling parameters, precision, and random seeds.
When decoding is stochastic, all methods use the same pre-
specified seed set and results are averaged over that set. Best-
of-K sample selection is not used for the primary compari-
son.

Oracle Reconstruction and Forecast-Gap
Decomposition

A decoded prediction can fail because the predicted latent is
incorrect, because the decoder cannot invert even a correct

target latent, or because both effects interact. We expose these
sources through an oracle target-latent control.
For each held-out example, define

T =Da (V). Fnar = Do (You):

For a lower-is-better distortion d, the three reported quan-
tities are

Eoracle = d(%:m LL’Z),
ECQC(M) = d(fn,ﬂf? ZL’:{),
Gvisible(M) = d(fn,l\/b %:L)

The oracle term measures the decoder’s reconstruction
limitation, the end-to-end term measures the complete
prediction-and-rendering system, and G;sjpblc measures how
strongly replacing the target latent with the predicted latent
changes the rendered future. For metric distances such as
pixel Ly,

Ee2e(M) é Gvisible(M) + Eoracle

by the triangle inequality. This bound is not asserted for
similarity scores or learned perceptual measures that are not
guaranteed metrics.

We additionally report the oracle-relative degradation. For
a lower-is-better metric Q*,

AG(M) = Q@ nr, 7)) — QH(E, ),
whereas for a higher-is-better metric QT,
ALM) = Q'@ 27) — Q" (@nar o)

Positive values indicate degradation relative to oracle de-
coding. These quantities are called decoder-conditioned
forecast deficits; they are not interpreted as an exact ad-
ditive decomposition because Dq+ is nonlinear.



Table 10: Latent-to-RGB evaluation under a common frozen decoder. Entries should be reported as held-out mean
[95% clustered CI]. Values in parentheses denote the direction-normalized deficit relative to target-latent oracle decoding;
positive deficits indicate worse performance than the oracle. No predicted-latent source is used to train or select the decoder.

Latent source PSNR 1 SSIM + LPIPS | Flow EPE | Agent F1 1
Target latent (oracle) [result] [result] [result] [result] [result]
V-JEPA Auto-RGN [result] [result] [result] [result] [result]
FactorJEPA-RAW [result] [result] [result] [result] [result]
FactorJEPA [result] [result] [result] [result] [result]

Quantitative Decoded-Output Evaluation

We evaluate every decoded future using the same held-out
examples and five complementary diagnostics:

¢ PSNR 1 measures pixel-level fidelity relative to the ob-
served future;

e SSIM 1 measures preservation of local luminance, con-
trast, and structural organization;

e LPIPS | measures perceptual discrepancy using one fixed
pretrained feature network;

* Flow EPE | measures motion disagreement between the
observed and decoded futures using one frozen optical
flow estimator; and

* Agent F1 1 measures preservation of detectable dynamic
agents using one frozen detector and a fixed matching
threshold.

For motion evaluation, let z{, be the final context frame.
Using the frozen estimator ®qy,,

F;L( - (I)ﬂow(xqcm l’;t), Fn,M - (I)ﬂow(xfp EEn,JVI)a

and

1 ~
EPEn,]\/I - W Z HFVL,M(p) - F’;(p)HQ .
pEP

Agent F1 uses detections produced independently on the
observed and decoded future frames. Predictions are matched
by the prespecified class-compatible overlap rule; the detec-
tor, confidence threshold, matching threshold, and taxonomy
are held fixed across methods. This metric assesses detector-
visible agent preservation, not photorealism or manually ver-
ified object correctness.

We further report results over prespecified density and vis-
ibility strata. Strata are computed from the fixed automatic
measurement pipeline before RGB evaluation and remain un-
changed across methods. Boundaries are derived only from
the training distribution. Clips within a source video retain
the same cluster identity when estimating uncertainty. These
analyses test whether decoded-output quality degrades dis-
proportionately in crowded or heavily occluded scenes; they
are secondary to the complete held-out comparison.

Qualitative Comparisons and Failure Analysis

Qualitative examples use a fixed column order:

context ] observed future | oracle decode
| V-JEPA | FactorJEPA-RAW | FactorJEPA.

The oracle column is retained in every row because it
distinguishes an artifact already present when decoding the
correct target latent from an error introduced by future pre-
diction. All methods use the same display range, output res-
olution, temporal index, decoder checkpoint, and sampling
seed.

For an additional functional diagnostic, we remove one
factor contribution before decoding:

2 = Do (i}n - ?n,k> ; ke{L,A I},

and visualize the normalized influence map
~ ~(—Fk
Falp) =30 )]

~ ~(—k ’
e+ Loer [nl@) -7V (@)

These maps show where the rendered output is sensitive
to removal of a predictive pathway. They are functional per-
turbation diagnostics, not causal pixel explanations and not
evidence of identifiable latent factors.

Failure cases are categorized using observable symptoms
and the oracle control:

Tok(p) =

Interpretation. RGB decoding offers an interpretable
view of future-latent predictions, but it remains a decoder-
conditioned diagnostic. The latent-space metrics provide the
primary comparison because they evaluate predicted rep-
resentations directly. RGB metrics and qualitative results
provide complementary evidence about whether those rep-
resentations preserve visually recoverable layout, agent oc-
cupancy, interaction structure, and motion under one fixed
rendering interface.



Table 11: Operational taxonomy and attribution rules for decoded-future failures. Let X = x+ denote the observed future,
O = Z* the target-latent oracle reconstruction, and P = Z; a decoded prediction. Panel A uses the matched triplet (X, O, P)
to localize error; Panel B defines observable failure modes and corroborating diagnostics. Attribution is diagnostic rather than

causal because an off-manifold predicted latent may expose nonlinear decoder sensitivities.

Class Operational signature

Oracle comparison

Interpretation or diagnostic

Panel A: Oracle-based attribution rules

The same artifact is visible in both O and P relative to
X.

Oracle-present

Prediction-conditioned O preserves the relevant content, whereas P does not.

Mixed or amplified The artifact is present in O but becomes materially

stronger in P.

O already fails to reconstruct the relevant content.

The artifact appears only after replacing the target
latent with ?M.

Both oracle reconstruction error and oracle-to-

prediction deviation are non-negligible.

Primarily a decoder-capacity or
target-latent-invertibility limitation;
it must not be attributed solely to
forecasting.

Localized to the
prediction-conditioned pathway:
inaccurate predicted latent,
distribution shift at the decoder
input, or their interaction.
Decoder and forecasting effects
coexist; report oracle error,
end-to-end error, and visible

forecast gap separately.

Panel B: Observable decoded-future failure modes

Layout drift Static boundaries, facades, road geometry, or back-

ground support move despite being stable in X.

Agent omission An agent visible in X is absent, severely attenuated, or

merged into the background in P.

Agent duplication One reference agent produces multiple overlapping in-

stances or spatially inconsistent fragments in P.

Interaction inconsistency Nearby agents exhibit incorrect relative ordering, sep-

aration, direction, or collision geometry.

Motion under-dispersion Moving agents become blurred, nearly stationary, or

displaced toward an average future.

Appearance substitution Coarse location and occupancy remain plausible,
but local appearance or category-specific structure
changes.

Unsupported content P introduces an agent, boundary, texture, or motion

pattern unsupported by X.

Check whether the same displacement occurs in
0.

Determine whether the corresponding agent is re-
coverable in O.

If duplication is also present in O, classify it as
oracle-present.

Compare pairwise geometry in X, O, and P.

An accurate O with reduced motion only in P
indicates prediction-conditioned averaging.

Determine whether the substitution is already vis-
ible in O.

Oracle presence suggests decoder hallucina-
tion; prediction-only presence indicates an off-

manifold latent or prediction—decoder interaction.

Static-region error, boundary
displacement, and spurious
background flow distinguish
geometric drift from local texture
variation.

Agent recall, Agent F1, and
dynamic-region error quantify the
failure; small or heavily occluded
agents should be reported
separately.

Agent precision,
duplicate-detection rate, and
connected-component
fragmentation provide
corroborating evidence.

Pairwise displacement,
relative-motion error, and
interaction-edge agreement
distinguish interaction failure from
independent agent misplacement.
Flow EPE, predicted-to-reference
flow-magnitude ratio, and
dynamic-region sharpness quantify
the effect. It may reflect
deterministic prediction under
multimodal futures.

Agent-crop LPIPS and
frozen-descriptor similarity
separate appearance loss from
geometric or occupancy failure.
False-positive agent rate,
static-region residuals, perceptual
error, and oracle comparison jointly
support classification.
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Figure 18: Illustrative layout for future-consistency inspection. The top row compares the observed context with decoded
futures from frozen V-JEPA, V-JEPA Auto-RGN, FactorJEPA-RAW, and FactorJEPA, followed by the target-latent oracle
reconstruction and observed future. The identical white contour, derived from the observed future, is overlaid on every predicted
panel to expose disagreement in agent occupancy, position, visibility, and interaction geometry. Red boxes identify a common
high-disagreement region, enlarged in the bottom row. The synthesized panels demonstrate the intended visualization protocol
and are not experimental model outputs.
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