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Motivation

Closed-set anticipation reuses the training
vocabulary at test time; we test on entirely
new actions from new datasets.
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Contributions

1. First open-vocabulary anticipation protocol:
train on Ego4D, test on EK100 and EGTEA+.

2. We adapt AntGPT, Video-LLaVA, XCLIP, and
LaVila to the task; all either overfit to Ego4D
actions or predict incoherent sequences.

3. MHCAD: horizon-specific queries matched
against adapted text encoders.

4. A single architecture handles both settings,
with no separate heads or retraining per
benchmark.

5. Closed-set: on par with models 12x larger.

6. Open-vocabulary: 0.728 verb error on EK100
vs. 0.849 for the best adapted baseline.
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1. Frozen video encoder: LaVilLa-Large stays frozen; we keep dense spatial tokens from the last L d layers, not just the

CLS token, since fine-grained detail matters most for unseen actions.

2. Horizon-specific queries: Z learnable queries, one per future action, so each horizon aggregates its own visual

evidence instead of sharing one pooled vector.

3. Causal self-attention: each query attends only to earlier ones, matching the fact that future actions unfold in

order.

4. Layer-matched cross-attention: decoder layer m attends to encoder layer L e - L d + m, so shallow queries see

low-level features and deep queries see semantic ones.

5. 4D RoPE: positions are factored into segment, frame, height, and width, letting queries distinguish where and

when a token came from.

6. Adapted text encoders: frozen verb and noun encoders with bottleneck adapters, scored against query
embeddings by cosine similarity, so the vocabulary is swappable at test time.
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LaViLa-MHCAD (Ours) 489M

Closed-set on Ego4D. Best among sub-1B
methods, and on par with models using 7B or
more parameters (greyed).

Open-vocabulary on EK100 and EGTEA+. Trained on Ego4D
only, no fine-tuning. We beat every baseline at both backbone

sizes.

TLAERR R B
£ ” a i] " " B TIRIIIL ?. 2 2 REN

i
L 1.
U I . r *1000R 2 Pzt

ECCV 2026 | MALMO | SEPT 8-12

Ablations and Analysis

Num Head Ego4D v2 Test EK100 EGTEA-+
Queries O  yoh | Noun | Verb| Nown | Vedh] Neu |
Single Per Horizon 0.719  0.727  0.759  0.992  0.901  0.970
20  Per Horizon 0.701  0.705  0.837  0.947  0.879  0.946
20 Shared 0.689  0.695 0.728  0.936  0.864  0.927

Horizon-specific queries with shared heads win.
Separate heads hurt open-vocabulary transfer.

Impact of Number of Decoder Layers
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Two decoder layers are optimal. No decoder is
much worse, and deeper degrades.
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Cross-attention of the 20 horizon queries, t-SNE
projected. Queries trace a path from near to
distant future. This ordering is never supervised.

Qualitative Results

Predictions

Pred 1 Pred 2

Observations

Pred 9

Ground

Truth get meat remove bag take tray put tray take dough
Ours take tray put tray take water
AntGPT lift spatula carry bin pour water

Predictions

Pred 1 Pred 2

Observations

Ground

Truth roll dough get oil take dough knead dough put dough
Ours take bowl take dough put dough
AntGPT knead plastic pour stand peel foil



