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TASK

Zero-Shot Skeleton-based Action Recognition (ZSSAR)

» Skeletons as input

+ Compact 3D joint trajectories over time
* Robust to background, lighting and viewpoint
» Privacy-preserving

 The open-world problem

* New actions appear constantly
+ Labeling skeletons for every class is impractical

« Zero-shot setting

« Recognize unseen classes using only text descriptions of their labels
* No training skeletons from the unseen classes
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SEEN classes — {skeletons + text}
walking, waving, drinking, ...

Model trains only on these

UNSEEN classes — {text only}

throwing, falling, ...

At test time, recognize only from language description
» First seen in test phase
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MOTIVATION

Where prior approaches struggle

Alignment-based Generative-based

o [Lewin @ dheee delEiEsm Model class-conditional feature distributions

embedding space
« e.g. ReViSE, structured prompts VAE-based Diffusion-based
(PURLS, STAR)

» Shared latent via VAEs (CADA-VAE, » Text-conditioned denoising (TDSM)
* Limitation SynSE, SA-DVAE) « Heavy training; stochastic, multi-trial
+ Brittle when label text underspecifies * No explicit uncertainty-aware inference
fine-grained motion; confusable discrimination of unseen classes

unseen classes

Our take: recast recognition as a deterministic, uncertainty-aware energy ranking — no explicit skeleton-text
alignment, no test-time sampling.
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BACKGROUND

Prior work

+ Cross-modal alignment

» Shared pose-language spaces: ReViSE, CADA-VAE

» Structured language & richer semantics: SynSE (parts-of-speech),
MSF

+ Disentangling / mutual information: SA-DVAE, SMIE
* LLM part-aware descriptions & prompts: PURLS, STAR

 Generative inference

+ Text-conditioned diffusion: TDSM — strong, but heavy & stochastic
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 Energy-based & uncertainty-aware learning

» Energy as a unifying view of prediction & ranking [10]
+ EBMs for open-set recognition via energy scores [11]

« The gap we address

* Most methods rely on explicit skeleton-text alignment

+ We instead rank class-conditional energies, with
uncertainty built in
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PRELIMINARIES

Conditional Variational Autoencoder (CVAE)

» Variational Autoencoder (VAE)

* Encoder q(z|x) : maps input to a latent distribution
» Decoder p(x|z) : reconstructs the input from latent z
* Trained by maximizing the “ELBO” = “reconstruction — KL”

+ Conditional VAE (CVAE)

* Add a condition ¢ : q(z|x, ¢), p(x|z, c), prior p(z|c)
* Reconstruction & likelihood become condition-aware

* Why it fits ZSSAR

* Let ¢ = text embedding (of labels) — evaluate likelihood for unseen classes
* No unseen skeletons needed; ELBO acts as a compatibility score

SIMON FRASER
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CVAE

Input x + condition c

{

Encoder q(z|x,c)

!

Latent z~NV(u, o?)

v

Decoder p(x|z,c)

{

Reconstruction x



METHOD

Training Phase

Decoder i—' Xs
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METHOD

Energy score

For a skeleton feature and a candidate class, the CVAE gives an evidence lower bound, which we read as a compatibility score and
negate into an energy:

ELBO(z5, ¢y) = Eg,(2js,.,) [logpo(s | 2,¢,)] — BDxr(qp(2 | 25, ¢y) [ po(z | ¢y))

E(zs,cy) = —ELBO(zs, ¢)

Why condition BOTH the prior and the decoder on frozen text?
» Decoder * Prior

* Reconstruction becomes class-specific: the same z decodes - Each class gets its own latent region p(z|c,)
differently per class, so the likelihood term reflects class fit - The KL term is class-aware and computable for unseen classes
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METHOD

Semantic- & Confidence-Aware Listwise Energy (SCALE)

ELBO alone does not separate competing classes very well.

« (1) Semantic bias toward hard negatives

* Aggregate negatives with a soft-max weighted by text similarity s;
+ confusable classes count more

~

Epeg(zs) =log » exp (E(ms, cyj—) + Oésj)

1>

* (3) Energy gap

e T is base margin
e [3, controls margin relaxation.

~

Axs) = E(zs,cyr) — Eneg(xs) + 7 — Buu(xs, cyr)

UNIVERSITY

« (2) Confidence from posterior uncertainty

» Variance u relaxes the margin & down-weights ambiguous
samples; confident ones enforce stricter separation

D,
1 2 . .
p— E 04.d (mean posterior variance)
Z d=1

U(Ts, cyt) =

 (4) SCALE loss

» Weighting based on uncertainty;

LSCALE = €xXp ( — vyu(zs, cy+)) - log (1 + eXp(A(xs)))



METHOD

Overall Training Loss

Latent prototype contrast

« Treat the posterior mean u, as the sample's latent code

* Pull it toward its text-derived prototype cylat =g(hy)
+ Cosine-similarity InfoNCE

exp(sim(,uq(:cs, Cyt), céaf)/)\)
D €xXp (sim(,uq(xs, Cyt), c;-at)/)\)

'Cproto(x& y+) - log

Goal: Organize the latent space by semantics, without direct skeleton-text
feature matching.
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UNIVERSITY 10 / 19

Overall Training Loss

Liotal = —ELBO™ + A1 - LscaLe + A2 - Lproto

e —ELBO* - generative fit for the true class

 Lscare

° Lproto

- uncertainty-aware listwise discrimination
- semantic structure in latent space



METHOD

Inference Phase

Skeletons
Candidate PCIaSSt
labels . rompts
”Throwing” “ The Human
"Walking” Action of
[ACTION]”

c Encode once

Extract skeleton feature x, with the frozen
encoder; a single forward pass.
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a Score every class

For each candidate unseen class, condition

CVAE
X [ Skeleton ™| X Hq| Sample
1 Encoder “©- Encoder | | from
03 Distribution
) i od)
Cy
H, r
y
% Text Text » Conditional % | — Hp
hy | Conditioning : ’
Encoder , e Prior o2
(_Projection
p(z |Cy)

on its text and evaluate ELBO(x;, cy).
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_________________________________

Compare
ELBO

—>  SCOres

+
max(-)

>y = arg r;lgé( ELBO(xS, cy)

e Pick the best

Predict § = argmax ELBO .
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Datasets & Setup

+ Datasets * Model
* NTU RGB+D 60 — 56,880 sequences, 60 classes » Skeleton encoder: frozen Shift-GCN
* NTU RGB+D 120 — 114,480 sequences, 120 classes » Text encoder: frozen CLIP ViT-B/32, simple label prompts
» 8 zero-shot splits: SynSE (milder) & PURLS (harder) » Only CVAE + projection/prototype heads trained
* Protocol * Training
* Unseen skeletons excluded from training (zero-shot) * Optimizer: AdamW
» Text descriptions = only supervision for unseen classes * B cyclical annealing: to avoid posterior collapse

+ Single NVIDIA RTX 4090
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State-of-the-art comparison (Top-1 %)

Venue
ReViSE [1] ICCV'17
JPoSE [2] ICCV'19 64.8 28.8 201 12.4 51.9 32.4 13.7 7.7
CADA-VAE [3] CVPR'19 76.8 29.0 16.2 11.5 59.5 35.8 10.6 5.7
SynSE [4] ICIP'21 75.8 33.3 19.9 12.0 62.7 38.7 13.6 7.7
SMIE [5] ACMM'23 78.0 40.2 - - 65.7 45.3 - -
SA-DVAE [6] ECCV'24 82.4 41.4 - - 68.8 46.1 - -
STAR [7] ACMM'24 81.4 45.1 - - 63.3 44.3 - -
PURLS [8] CVPR'24 79.2 41.0 31.0 23.5 72.0 52.0 28.4 19.6
TDSM [9] ICCV'25 86.5 56.0 36.1 25.9 74.2 65.1 37.0 27.2
SCALE (Ours) ICPR’26 84.5 50.0 35.5 27.7 73.6 54.9 321 23.5
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SCALE vs. TDSM

TDSM is the only method that outperforms SCALE in terms of accuracy, but at a very different cost (per sample):

107X 227% ~16,000%

fewer parameters faster inference fewer FLOPs

243 M vs 261 M 0.454 ms vs 103 ms 0.002 vs 32.0 GFLOPs

TDSM runs 10 stochastic trials per sample at inference; Our SCALE method uses a single deterministic pass.
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ABLATION 1

Effect of loss components

. NTU-60 (Acc, %) |NTU-120 (Acc, %)
Training Loss
[55/5] | [48/12] |[110/10]| [96/24]
—ELBO™ 78.7 43.3 65.1 47.1
—ELBO™ 4 Lproto 81.172% [45.77%%169.07%7 | 50.67°°
—ELBO™ + LscaLE 82.7749146.67%2[70.67°° | 52.27°-1
—ELBO™ 4 LscaLE + Lproto |84.57°%(50.01°7|73.67%°| 54.977-%

SIMON FRASER
UNIVERSITY

Takeaways

« Each term helps on its own

» Best when combined

+ Latent structure + uncertainty-aware discrimination

are both needed
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ABLATION 2

Effect of semantic similarity bias a
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N NTU-60 (Acc, %) |NTU-120 (Acc, %)
[55/5] | [48/12] [[110/10]| [96/24]
a=0 83.9 49.6 72.9 54.3
a=1.0/84.5""%|50.07°4|73.67°- 7| 54.910-6
a=2.0184.3T0%|50.170-5 | 73.5170:6 | 54.470-1
a=3.0[84.4"79°149.870-2|73.370-4| 54.570-2
Takeaways

* Hard-negative emphasis helps
* a=1.0beats a=0 by +{0.4-0.7}
« But more is not better

* a = 2.0 or 3.0 give marginal or slightly worse results
* Overweighting a few negatives hurts generalization
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ABLATION 3

Effect of uncertainty modeling

B, Margin relaxation  y: Loss reweighting

NTU-60 (A NTU-120 (A
Uncertainty Modeling Bu | v (Acc, %) (Acc, %)
[55/5] | [48/12] |[110/10]| [96/24]
Fixed margin, No reweighting 0|0 83.7 48.2 73.1 53.2
Uncertainty-adaptive margin only |0.5| 0 |84.37%:¢]49.471-2 |73, 5704 | 54,5713
Uncertainty-based reweighting only| 0 [2.0]84.07°-2|48.67%:%|73.379-2 | 53.970-7
Full LscarLe loss 0.5(2.0/84.5"°-%|50.0""%|73.6"°-°| 54.97"7
« Both mechanisms help and are complementary
 the adaptive margin matters most on harder splits
UNIVERSITY 17719
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CONCLUSION

Contributions

0 Alignment-free ZSSAR

Recognition as a deterministic, listwise comparison of class-
conditional energies from a lightweight CVAE.

0 2nd-best accuracy

» Beats prior VAE- & alignment-based methods on NTU-60/120;

best on the hardest split.
* Not better than the SOTA diffusion-based model, but much
faster and more efficient with relatively comparable accuracy.

SIMON FRASER
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0 Uncertainty-aware discrimination

Posterior variance adapts margins and reweighting; semantic
bias targets hard negatives.

0 Tiny & deterministic

Lightweight, single-pass, and fast inference
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Thank you!
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