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Abstract

Self-supervised video models are strong backbones for
robotic perception. We probe 25 layer positions of architec-
turally matched ViT-L encoders (V-JEPA 2, V-JEPA 2.1, DI-
NOv2) on the UMD Part Affordance Dataset and show that
video SSL models crystallize affordance signal at layer 19—
four layers earlier than DINOv2 (image SSL, layer 23), sug-
gesting a consistent effect of temporal predictive objectives
on representation depth. Both V-JEPA variants share the
same peak depth, yet V-JEPA 2.1’s intermediate-layer super-
vision yields markedly stronger early-layer representations
(layer 2 mAP: 92.2% vs. 85.0% for V-JEPA 2). Head ab-
lation at each peak layer further reveals a sparse set of
attention heads that concentrate the affordance signal; keep-
ing only the top-3 heads achieves a 5.3× attention compute
reduction with ≤0.1% mAP loss.

1. Introduction

Robotic manipulation requires understanding object
affordances—the action possibilities an object offers [7].
Self-supervised video models, especially the JEPA fam-
ily [2], transfer strongly to robotic tasks without task-specific
fine-tuning. Video SSL models like V-JEPA learn implicit
world models through temporal prediction [4], making them
natural candidates for embodied perception. V-JEPA 2.1 [6]
extends V-JEPA 2 with a Dense Predictive Loss applied hier-
archically at intermediate encoder layers, yielding a 20-point
grasping improvement—yet its evaluation considers only
final-layer features, leaving internal representational struc-
ture unexamined. DINOv2 [8] provides our static-image SSL
baseline. Linear probes [1] and attention head pruning [3, 5]
are established interpretability tools; to our knowledge, we
apply them to affordance features in frozen video encoders
for the first time.

We make three contributions: (1) a layer-wise probe study
(layers 0–24) showing video SSL models crystallize affor-
dance signal four layers earlier (layer 19) than DINOv2

(layer 23), with V-JEPA 2.1’s intermediate supervision pro-
ducing stronger early-layer representations despite identical
peak depth; (2) an attention head ablation at each model’s
peak layer revealing sparse “affordance heads”; and (3) a
pruning analysis showing ≈5.3× attention compute reduc-
tion at ≤0.1% mAP loss.

2. Method
Layer-wise probing. For a frozen ViT-L encoder (L=24
blocks, D=1024, H=16 heads), we extract representations
at 25 positions (ℓ=0: patch embedding; ℓ=1 . . . 24: block
outputs). DINOv2 uses the CLS token; JEPA models use
mean-pooled patch tokens. A one-vs-rest logistic regression
(C=1, L-BFGS) is trained per layer to predict each of the 7
binary affordance labels; mAP is reported on the held-out
test set.

Attention head ablation. At peak layer ℓ∗, we ablate head
h by zeroing its dh=64 output columns before the output
projection [5]; importance is ∆h = mAPfull − mAP−h. We
sweep top-k head subsets to quantify the efficiency–accuracy
tradeoff; concentration is measured as each head’s share of
the total positive ∆h mass.

Experimental setup. UMD Part Affordance Dataset [7]
(7 affordance classes): stratified 2,000-image subsample
(80/10/10 split, 224×224, ImageNet normalization). Static
images are replicated T=8 times as pseudo-video for JEPA
models. A random ViT-L establishes the chance-level floor.
All encoders are frozen; only probe weights are trained.

3. Results
Layer-wise probing. Figure 1 shows mAP across all 25
layer positions. Both V-JEPA 2 and V-JEPA 2.1 peak at
layer 19 (mAP=99.7% and 98.3%), four layers before DI-
NOv2 (layer 23, mAP=99.9%), attributable to their video
predictive objective. V-JEPA 2.1’s slightly lower peak probe
mAP is consistent with its intermediate supervision pro-
ducing representations optimized for fine-tuning rather than
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Figure 1. Layer-wise mAP across 25 positions. Dashed lines mark
peak layers. Both V-JEPA models peak at layer 19; DINOv2 peaks
at layer 23.

Table 1. Layer-wise linear probe at each model’s peak layer. Values
are Average Precision (%). Bold = best per column.

Model Peak Layer grasp cut scoop wrap-grasp poke support contain mAP

V-JEPA 2 (ViT-L) 19 99.6 99.8 98.5 100.0 100.0 100.0 100.0 99.7
V-JEPA 2.1 (ViT-L) 19 99.3 99.1 95.3 99.9 98.4 96.4 100.0 98.3
DINOv2 (ViT-L) 23 99.8 99.5 100.0 100.0 100.0 100.0 100.0 99.9
Random ViT-L 24 97.1 92.5 65.9 87.6 44.9 61.5 80.8 75.8

linear separability of frozen features. Its intermediate super-
vision nonetheless yields markedly stronger early-layer rep-
resentations: layer 2 mAP is 92.2% vs. 85.0% for V-JEPA 2
(+7.2 pp), converging to the same peak. The random base-
line peaks at 75.8% overall, well below all trained encoders;
its inflated AP on frequent classes (e.g., grasp: 97.1%) re-
flects label prevalence rather than learned structure. Table 1
summarizes peak-layer results.

Head ablation & pruning efficiency. Figures 2a and 2b
show per-head importance and the efficiency–accuracy trade-
off at each model’s peak layer. The top-3 heads account
for 76%, 74%, and 63% of total positive affordance impor-
tance for V-JEPA 2, V-JEPA 2.1, and DINOv2, confirming
sparse signal concentration. For V-JEPA 2.1, all k≥1 sub-
sets meet or exceed full-model mAP, consistent with inter-
mediate supervision creating partially redundant head roles.
Keeping k=3 heads (≈5.3× theoretical attention FLOP re-
duction) costs only ≤0.1% mAP for V-JEPA 2 and DINOv2;
V-JEPA 2.1 gains +0.19 pp (Table 2).
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Figure 2. Head ablation at each model’s peak layer (left: per-
head importance; right: pruning efficiency, dotted = full-model
baseline).

Table 2. Head pruning efficiency at the peak layer. mAP (%) when
keeping only top-k affordance heads. ∆mAP (pp): positive = gain
over full model. Approx. speedup ≈ H/k where H = 16 heads.

Model k heads mAP ∆mAP (pp) Approx. Speedup

V-JEPA 2 (ViT-L) 1 99.5 −0.19 16.0×
V-JEPA 2 (ViT-L) 2 99.5 −0.20 8.0×
V-JEPA 2 (ViT-L) 3 99.7 −0.04 5.3×
V-JEPA 2 (ViT-L) 4 99.7 −0.01 4.0×
V-JEPA 2 (ViT-L) 6 99.7 +0.04 2.7×
V-JEPA 2 (ViT-L) 9 99.8 +0.08 1.8×
V-JEPA 2 (ViT-L) 12 99.8 +0.10 1.3×
V-JEPA 2 (ViT-L) 16 99.7 0.00 1.0×
V-JEPA 2.1 (ViT-L) 1 98.4 +0.04 16.0×
V-JEPA 2.1 (ViT-L) 2 98.5 +0.14 8.0×
V-JEPA 2.1 (ViT-L) 3 98.5 +0.19 5.3×
V-JEPA 2.1 (ViT-L) 4 98.5 +0.18 4.0×
V-JEPA 2.1 (ViT-L) 6 99.0 +0.62 2.7×
V-JEPA 2.1 (ViT-L) 9 99.0 +0.67 1.8×
V-JEPA 2.1 (ViT-L) 12 98.8 +0.48 1.3×
V-JEPA 2.1 (ViT-L) 16 98.3 0.00 1.0×
DINOv2 (ViT-L) 1 99.6 −0.27 16.0×
DINOv2 (ViT-L) 2 99.7 −0.17 8.0×
DINOv2 (ViT-L) 3 99.8 −0.10 5.3×
DINOv2 (ViT-L) 4 99.8 −0.07 4.0×
DINOv2 (ViT-L) 6 99.8 −0.05 2.7×
DINOv2 (ViT-L) 9 99.9 +0.04 1.8×
DINOv2 (ViT-L) 12 100.0 +0.05 1.3×
DINOv2 (ViT-L) 16 99.9 0.00 1.0×

4. Conclusion

Both V-JEPA models crystallize affordance signal four lay-
ers earlier (layer 19) than DINOv2 (layer 23), attributable to
their video-domain predictive objectives. Within the JEPA
family, V-JEPA 2.1’s intermediate supervision further im-
proves early-layer representation quality (+7.2 pp mAP at
layer 2) without shifting peak depth. Pruning to the top-3
heads at each model’s peak layer achieves a ≈5.3× theo-
retical FLOP reduction in peak-layer attention with ≤0.1%
mAP loss, offering a practical path to efficient affordance-
aware robot perception.
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