Universal Few-shot Learning
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with Visual Token Matching
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Current problems
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Advocation
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Made Easy

» Decoder: A generic
transformer network equipped
with cross attention

« self-attention (each token of a
view attends to tokens of the
same view

* cross-attention (each token of
a view attends to all other
tokens of the other view)
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En4ang . DUSt3R: Geometric 3D Vision

Made Easy

* Information Sharing

2

G? = DecoderBlock? (Gz_l, G,}_l) :

(2

G} = DecoderBlock; (Gl_l, G,?_l) :

for: = 1,..., B for a decoder with B blocks and initial-
ized with encoder tokens Gj := F! and G3 := F. Here,
DecoderBlock} (G*, G?) denotes the i-th block in branch
v € {1,2}, G and G? are the input tokens, with G? the
tokens from the other branch. Finally, in each branch a sep-
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Novelty
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Motivation
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Method
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7%= —F X_Dense Prediction Task
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—~ challenge
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 Task-Agnostic Architecture

« ZHEIAVZEM): B—{15, MKFAIKREEIN: class prototype or binary
masking, as they rely on the discrete nature of categorical labels
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Visual Token Matching (VTM)
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denote an image (or label) on patch grid of size M = h x w, where x; is j-th patch. Given a query
image X7 = {xJ};<um and a support set {(X*,Y")}i<n = {(x},¥}) trh<n,i<n for atask T, we
project all patches to embedding spaces and predict the query label Y¢ = {y? i }j<m patch-wise by,

9(yj) = Z Z N, fr(x3)) 9(vi), 3)

<N k<M

where f7(x) = f(x;0,07) € R¢ and g(y) = g(y;¢) € R? correspond to the image and label
encoder, respectively, and o : R? x R% — [0, 1] denotes a similarity function defined on the image

patch embeddings. Then, each predicted label embedding can be mapped to a label patch yg =

h(g(yj)) by introducing a label decoder h ~ g L.

Y9 =F(X%587), St={X"Y")}i<n.

e A —NERENERESHNEMURE
/> patch-level (IFSHTTE, HAEEREZERIT XFHIRE
59??%!3’]

« StfR_E, XEX Matching Network f§—AN iz 4k, F I EFES=t{k0;



Architecture
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Figure 1: Overall architecture of VTM. Our model is a hierarchical encoder-decoder with four main
components: the image encoder f7, label encoder g, label decoder h, and the matching module. See
the text for more detailed descriptions.
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Image Encoder
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Label Encoder
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Matching Module
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Training and Inferencing
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Experiment



Quantitative comparison

« semantic segmentation (SS)
* surface normal (SN)
 Euclidean distance (ED)

« Z-buffer depth (ZD)

* texture edge (TE)

* occlusion edge (OE)

2D keypoints (K2)

» 3D keypoints (K3)
 reshading (RS)

* principal curvature (PC).




Quantitative comparison

Table 1: Quantitative comparison on Taskonomy dataset. Few-shot baselines are 10-shot evaluated
on each fold after being trained on the tasks from the other folds, where fully-supervised baselines
are trained and evaluated on tasks from each fold (DPT) or all folds (InvPT).

Tasks
Supervision | Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
SS SN ED ZD TE OE K2 K3 RS PC
mloU T mErr | |RMSE | RMSE | |RMSE | RMSE | [RMSE | RMSE | |[RMSE | RMSE |

Full DPT |0.4449 6.4414 | 0.0534 0.0268 | 0.0188 0.0689 | 0.0358 0.0357 | 0.0860 0.0347
InvPT | 0.3900 12.9249| 0.0589 0.0298 | 0.0517 0.0788 | 0.0456 0.0384 | 0.0949 0.0370
HSNet | 0.1069 24.9120| 0.2375 0.0748 | 0.1746 0.1643 | 0.1056 0.0651 | 0.2627 0.0610
10-Shot VAT | 0.0353 25.8134| 0.2718 0.0779 | 0.1719 0.1655 | 0.1450 0.0678 | 0.2709 0.0796
(< 0.004%) | DGPNet | 0.0261 29.1668| 0.4579 0.2846 | 0.1881 0.2130 | 0.1104 0.1308 | 0.3680 0.3574
Ours | 0.4097 11.4391| 0.0741 0.0316 | 0.0791 0.0912 | 0.0639 0.0519 | 0.1089 0.0420




Quantitative comparison

Ours

HSNet

Figure 11: Additional results of qualitative comparison between Ours and the baselines.



Performance of VIM on various shots
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Figure 3: Performance of VIM on various shots. In general, VIM consistently improves perfor-
mance as more supervision is given, and even surpasses fully supervised baselines on many tasks.



Ablation study

Table 2: Ablation study on matching and task-specific adaptation.

Tasks

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

SS SN ED ZD TE OE K2 K3 RS PC
mloU 7 mErr | |[RMSE | RMSE | |[RMSE | RMSE | [RMSE | RMSE | |[RMSE | RMSE |

Ours w/o Matching | 0.2681 13.0704| 0.1111 0.0404 | 0.0778 0.1061 | 0.0613 0.0537 | 0.1559 0.0445
Ours w/o Adaptation | 0.0002 23.4212| 0.1515 0.0641 | 0.1513 0.1152 | 0.1110 0.0625 | 0.2033 0.0632
Ours 0.4097 11.4391| 0.0741 0.0316 | 0.0791 0.0912 | 0.0639 0.0519 | 0.1089 0.0420




Evaluation



