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Abstract. Zero-Shot Compositional Action Recognition (ZS-CAR) re-
quires recognizing novel verb—object combinations composed of previ-
ously observed primitives. In this work, we tackle a key failure mode:
models predict verbs via object-driven shortcuts (i.e., relying on the la-
beled object class) rather than temporal evidence. We argue that sparse
compositional supervision and verb—object learning asymmetry can pro-
mote object-driven shortcut learning. Our analysis with proposed di-
agnostic metrics shows that existing methods overfit to training co-
occurrence patterns and underuse temporal verb cues, resulting in weak
generalization to unseen compositions. To address object-driven short-
cuts, we propose Robust COmpositional REpresentations (RCORE) with
two components. Co-occurrence Prior Regularization (CPR) adds ex-
plicit supervision for unseen compositions and regularizes the model
against frequent co-occurrence priors by treating them as hard nega-
tives. Temporal Order Regularization for Composition (TORC) enforces
temporal-order sensitivity to learn temporally grounded verb representa-
tions. Across Sth-com and EK100-com, RCORE reduces shortcut diagnos-
tics and consequently improves compositional generalization. The code
is available at https://github.com/KHU-VLL/RCORE.

Keywords: Zero-shot compositional action recognition - Compositional
generalization - Video representation learning

1 Introduction

Many human actions can be decomposed into two semantic primitives—verbs
and objects—and robust video understanding requires recognizing each com-
ponent and reasoning over their interaction as a composition (2,7, 8, 12, 27].
Zero-Shot Compositional Action Recognition (ZS-CAR) formalizes this goal: a
model must recognize unseen verb—object pairs while keeping the verb and object
vocabularies shared across splits [15,16,19,43].

*This work was done during an internship at NAVER Cloud.
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Fig.1: Why object-driven shortcuts emerge in compositional video under-
standing? (a) Co-occurrence bias. Datasets are intrinsically sparse and highly
skewed in their verb—object combinations, creating strong co-occurrence priors. (b)
Asymmetric learning difficulty. Objects are visually explicit and easy to recognize
from a single frame, whereas verbs require multi-frame temporal reasoning. This imbal-
ance makes object features dominate training signals. (¢) Object-driven shortcuts.
Together, these two factors drive models to adopt object-driven shortcuts, hindering
genuine compositional generalization. Once the object is recognized, the model often
predicts the most frequent verb paired with it, ignoring temporal evidence.

In this setting, a key failure mode emerges: models often predict verbs via
object-driven shortcuts rather than temporal evidence. Throughout, object refers
to the labeled noun class in the verb—object vocabulary (not unlabeled back-
ground entities). We argue that object-driven shortcuts arise from two issues in-
herent to ZS-CAR. First, compositional supervision is sparse and skewed.
As illustrated in Figure 1 (a), datasets cover only a small fraction of the com-
binatorial verb—object space, and training labels concentrate on a limited set of
frequent pairs [7,27]. This skew induces a strong co-occurrence prior in the train-
ing data—the empirical dominance of frequent verb—object pairs—which can be
amplified into a model shortcut at training time. Under such skewed supervi-
sion, predictions for unseen compositions tend to drift toward seen (especially
frequent) pairs. Second, verbs are harder to learn than objects. As shown in
Figure 1 (b), an object often becomes recognizable from a single frame, whereas
a verb typically requires multi-frame temporal reasoning. Prior work on shortcut
learning suggests that models tend to rely on easier-to-learn cues rather than
the intended evidence [11, 20, 30, 35,37]. In ZS-CAR, this verb-object difficulty
gap makes object cues an especially attractive shortcut for verb prediction.

In this work, we posit that these two intertwined issues in verb-object com-
positional learning promote object-driven shortcuts, which we diagnose as the
key factor hindering ZS-CAR. As Figure 1 (c) illustrates, a model can match a
verb once it recognizes its frequently co-occurring object during training, with-
out modeling the temporal dynamics essential to correctly recognize the verb.
This behavior weakens generalization to unseen compositions because it ties verb
prediction to object-dependent priors rather than temporally grounded evidence.
We observe that models [19], even with a modern video-pretrained backbone [40],
indeed confuse verbs with opposite temporal order (e.g., opening vs. closing) on
unseen compositions (see Section 5.2).

To dissect how object-driven shortcuts hinder unseen generalization, we per-
form a comprehensive quantitative diagnosis. First, through controlled experi-
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ments, we show that the asymmetric learning difficulty between verbs and ob-
jects, together with skewed co-occurrence priors, promotes verb shortcut learning
driven by object cues. Next, we quantify shortcut-driven failures in existing ZS-
CAR models by two diagnostic ratios: False Seen Prediction (FSP) and False Co-
occurrence Prediction (FCP), which measure how often an unseen input collapses
to a seen—and especially frequent—training composition. Using FSP/FCP, we
show that a strong ZS-CAR baseline [19] remains heavily biased toward seen
compositions, resulting in poor generalization to unseen compositions.

Driven by the diagnosis, we propose Robust COmpositional REpresenta-
tions (RCORE), targeting the two root causes of object-driven shortcuts. First,
Co-occurrence Prior Regularization (CPR) expands supervision over originally
absent compositions and suppresses the dominance of frequently seen pairs by
treating them as hard negatives. Second, Temporal Order Regularization for
Composition (TORC) enforces temporal-order sensitivity so that the model
learns temporally grounded verb representations instead of relying on static cues.

We validate RCORE on Sth-com [19] under a realistic open-world evaluation
protocol that evaluates all possible verb-object pairs, without requiring test-set
ground truth labels. We also introduce EK100-com, a ZS-CAR dataset repur-
posed from EPIC-KITCHENS-100 [7], which exhibits more severe compositional
sparsity than Sth-com [19]. Across datasets and backbones, RCORE reduces short-
cut diagnostics (FSP/FCP) and improves unseen compositional generalization.

In this work, we make the following major contributions:

— Shortcut Diagnosis: We provide a diagnostic view of object-driven short-
cuts in ZS-CAR. We empirically identify strong co-occurrence priors and
asymmetric learning difficulty as the root causes of the shortcuts. Further-
more, we expose the limitations of baselines by quantifying how unseen in-
puts collapse into seen-especially frequent-training pairs, using FSP/FCP.

— Diagnosis-Driven Framework: We propose RCORE comprising CPR to
suppress co-occurrence priors by expanding supervision over originally ab-
sent compositions and TORC to promote temporally grounded verb learning.

— Effectiveness & Robustness: We demonstrate that RCORE is effective,
achieving superior performance on unseen compositions over baselines on
Sth-com and EK100-com datasets, with multiple VLM backbones. More-
over, through extensive quantitative analyses, we prove that our approach
mitigates co-occurrence biases and learns temporally grounded verb features.

2 Related Work

Compositional Action Recognition (CAR). CAR aims to recognize actions
by factoring them into verbs and objects. A recurring challenge is learning verb
representations that are robust to static cues (e.g., objects/scenes) and capture
temporal dynamics [5,23,27, 38]. Prior work addresses this by modeling object-
level interactions [27,38] or by training verb representations to be less sensitive
to object appearance [5]. Related directions include open-vocabulary CAR, which
expands the action label space beyond a fixed taxonomy (often via text-driven
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semantics) [5,24]. In this work, we study Zero-Shot Compositional Action Recog-
nition (ZS-CAR) under a fixed verb/object vocabulary, where verb and object
label sets are shared across splits but some verb—object pairs are held out for test-
ing [15,16,19,43]. In ZS-CAR, conditional learning [15,19] and disentanglement-
oriented designs [16] improve joint modeling, yet our study highlights that these
models can still exhibit object-driven shortcut behavior under sparse and skewed
compositional supervision (see Section 3, Section 5.2).

Compositional Zero-Shot Learning (CZSL) for image understanding.
In the image domain, CZSL focuses on recognizing novel compositions of seen
primitives (e.g., attribute-object) under sparse compositional supervision [17,26,
28,29,31,41]. Representative approaches include feature disentanglement [34,45],
modular factorization [32], and CLIP-based prompt learning [21,31]. Compared
to image CZSL, ZS-CAR additionally requires temporal grounding of verbs,
which changes both the failure modes and the regularization opportunities. In
contrast, we reveal how sparse compositional supervision and the higher learn-
ing difficulty of verbs jointly amplify shortcut reliance in videos, and propose
training-time regularizers tailored to ZS-CAR.

Shortcut learning. Models can learn shortcuts by exploiting spurious cor-
relations that are easier to fit than the intended evidence [11, 14,30, 35]. Such
shortcuts are closely tied to skewed training distributions and co-occurrence
statistics, which can induce reliance on dataset priors [1,37]. In compositional set-
tings, prior work reweights rare combinations to mitigate co-occurrence bias [17].
In video understanding, several works report reliance on static cues such as
scenes [2,6,9,39] and objects [3,5] instead of motion-sensitive evidence. Building
on these observations, we study a ZS-CAR-specific manifestation: object-driven
shortcuts where object cues dominate verb prediction under sparse verb—object
supervision, and we quantify this behavior with dedicated diagnostics.
Vision-Language Model (VLM). Recent VLMs broadly follow two paradigms:
encoder-based models (e.g., CLIP [33] and its video extensions [18, 25,40, 46])
and decoder-based models (e.g., LLaVA [22], Qwen-VL [4]). In ZS-CAR, how-
ever, inference and evaluation operate over a fized verb—object label space with
explicit compositional scores (i.e., logits over YV x Y©), which provides a con-
trolled interface for diagnosis and for designing training-time regularizers that
are transferable across backbones. Such decoder-based VLM interfaces often do
not expose, in a standardized and reproducible way, explicit scores over the fixed
label space, as they primarily provide language outputs at inference time. There-
fore, we focus on encoder-based VLMs in this controlled setting, and show that
object-driven shortcuts persist even with a video-pretrained backbone [40].

3 Diagnosis: Why ZS-CAR Models Fail?

3.1 Zero-Shot Compositional Action Recognition

We study Zero-Shot Compositional Action Recognition (ZS-CAR) [19], where
the goal is to recognize unseen verb—object compositions that are held out from
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Fig. 2: Controlled experiments demonstrate object-driven shortcut. (a) Ob-
jects are easier than verbs. A randomly initialized ViT trained on a balanced 10x10
Sth-com subset learns objects substantially faster than verbs. (b) Co-occurrence bias
induces object-driven shortcuts. On a perfectly biased training split, CLIP (with
AIM [42]) achieves high object accuracy, but verb accuracy on bias-conflict unseen
compositions drops below chance, indicating shortcut-driven verb failures. Best viewed
with zoom and color.

the training set, while the verb and object vocabularies are fized and shared
across train/validation/test splits. Thus, unlike open-set or open-vocabulary set-
tings, ZS-CAR does not introduce unseen verbs or objects at test time—only un-
seen compositions (verb-object pairs). Let YV and Y© denote the sets of verb and
object labels, and let each composition label be a pair y© = (yV,y?) € YV xY©.
The training set is Dirain = {(X4, ¥¥) Y, and its set of observed (seen) com-
positions is Ygeen = {yzc | (X, yZC) € Dtrain }- The space of unseen compositions
is Yunseen = (Y x Y©) \ Ygeen- The validation and test sets contain both seen
and unseen compositions, enabling evaluation of compositional generalization.

3.2 Diagnostic Metrics

To better understand ZS-CAR model behavior, we introduce two diagnostics:
(1) training-bias metrics that quantify over-reliance on training co-occurrence
statistics, and (2) the Compositional Gap that measures the benefit of modeling
verb—object dependence beyond independent recognition.

Training-bias metrics. To quantify reliance on co-occurrence priors, we define
two misclassification ratios on the unseen subset of an evaluation split Y pnseen-
False Seen Prediction (FSP) is the fraction of misclassified unseen composition
samples whose predictions y© fall into the seen composition categories Yeen-
False Co-occurrence Prediction (FCP) is the fraction of misclassified unseen
composition samples whose prediction y© falls into the frequent compositions
Yireq- Let f(y©) denote the training frequency of a seen composition y© € Yyeen.
We define the set of frequent seen compositions Yg.eq as

Yfreq = {yc € Yseen | f(yc) > pf + Uf}a (1)

where py and oy are the mean and standard deviation of {f (yc)}yceymn.
To further analyze shortcut patterns, we decompose FSP/FCP into three
component-wise cases based on prediction errors: (i) Verb-collapse, where the
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Fig. 3: Shortcut reliance correlates with poor unseen generalization. We
show learning curves of C2C [19] on Sth-com with CLIP [33] and InternVideo2 [40]. (a)
With CLIP, the seen—unseen accuracy gap grows together with FSP/FCP, indicating
strong overfitting to seen compositions. (b) Even with the video-pretrained Intern-
Video2 backbone, the model still shows a notable seen—unseen gap and high FSP. (c)
FSP/FCP breakdown at the final epoch: CLIP is dominated by verb-collapse due to
object-driven shortcuts, while InternVideo2 exhibits milder but persistent shortcut be-
havior. Best viewed with zoom and color.

predicted object is correct but the verb is incorrect; (ii) Object-collapse, where
the predicted verb is correct but the object is incorrect; and (iii) Dual-collapse,
where both verb and object are incorrect. Using the metrics, we can identify
whether co-occurrence bias primarily harms verb or object learning.
Compositional Gap. We introduce Compositional Gap (Acg) to examine
whether a model benefits from predicting the joint verb—object composition be-
yond getting the two components correct independently. Given joint logits over
YV x YO, we obtain the predicted composition y¢ = (3V,3°) by selecting the
top-1 composition label. We then compute top-1 accuracies Acc’, Acco, and
Acc® respectively. Then we define Acg as

Aca = Acc® — (Acc” x Acc?). (2)

We report Acg alongside FSP/FCP and unseen composition accuracy as a di-
agnostic metric, rather than interpreting it as a standalone evaluation criterion.

3.3 Empirical Diagnosis of Object-driven Shortcuts in ZS-CAR

In this section, we empirically diagnose object-driven shortcut behavior in ZS-
CAR and analyze how it correlates with weak verb learning and poor general-
ization to unseen compositions. We show that this behavior persists even with a
modern video-pretrained VLM backbone [40], and provide additional evidence
in Section 5 and Section S4 (supplementary material).

Objects are easier to learn than verbs. To compare the learning difficulty
of verbs and objects, we train a randomly initialized ViT [10] on a controlled
subset of Sth-com [19]. Specifically, we construct a balanced 10 x 10 subset con-
taining all 100 verb—object pairs to isolate learning dynamics from compositional
sparsity. Based on prior observations that models tend to fit easier cues earlier
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under limited supervision [30, 35], we compare the learning curves of verb wvs.
object prediction. In Figure 2 (a), the model learns objects faster and reaches
higher accuracy than verbs under this controlled setting, suggesting that object
prediction is easier than verb prediction in our ZS-CAR setup.

Object-driven shortcuts indeed exist in ZS-CAR. Under skewed co-
occurrence statistics, models may rely on easier cues as shortcuts instead of
learning the intended evidence [3, 6, 11, 20, 30, 35]. We test whether CLIP ex-
hibits such object-driven shortcuts by constructing a bias-controlled training
split where each verb is strongly correlated with a particular object (see con-
struction details in the supplementary material), and evaluating on two splits:
(i) bias-aligned seen compositions and (ii) bias-conflict unseen compositions. As
shown in Figure 2 (b), CLIP achieves high object accuracy on unseen compo-
sitions while verb accuracy on unseen compositions drops below the uniform-
chance level (1/|YV]), indicating that object cues dominate verb prediction under
this biased supervision. In Section S3.1 (supplementary material), we observe
this trend even with random initialization, implying shortcuts stem from the
training distribution and objective, not just pretraining.

Shortcut reliance correlates with poor unseen generalization. Next,
we test whether shortcut reliance correlates with weak unseen generalization in
a standard SOTA pipeline. Figure 3 plots validation accuracies together with
FSP/FCP for C2C [19] on Sth-com [19]. As shown in Figure 3 (a), with a CLIP
backbone [33], increasing FSP/FCP accompanies a widening seen—unseen gap,
consistent with growing reliance on co-occurrence statistics. Our error breakdown
in Figure 3 (c) further shows that, among unseen samples that collapse to seen
pairs, a large fraction corresponds to wverb-collapse, supporting the presence of
object-driven shortcut behavior. As shown in Figure 3 (b) and (c), with an
InternVideo2 [40] backbone, the trends are more stable; however, FSP remains
high, and the FCP breakdown still exhibits substantial verb-collapse, suggesting
that stronger video pre-training alone is insufficient to eliminate the tendency
to overfit to seen pairs via co-occurrence-driven shortcuts. Table 1: Acg on
Acc indicates degraded compositional behavior on Sth-com.

unseen compositions. We report Acg of C2C [19] with  Backbone  Split  Acg

CLIP [33] and InternVideo2 [40] backbones. As shown in Seen  +3.24

Table 1, the model exhibits negative Acg on unseen com- Unseen —0.42
positions even with the video-pretrained backbone, indi-  mternVideo2 %Tien f;éi

cating that Acc® falls below the independent reference
Acc” x Acc?. Together with the training-bias metrics (FSP/FCP), these results
support that shortcut reliance is closely associated with weak unseen composi-
tional generalization in current ZS-CAR pipelines.

4 RCORE

We introduce RCORE, a diagnosis-driven learning framework that mitigates object-
driven shortcuts in ZS-CAR. RCORE improves compositional generalization by
strengthening verb-object representations under sparse supervision through two
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Fig. 4: Overview of RCORE. (a) Overview of our proposed RCORE framework. (b) CPR
synthesizes plausible yet unseen verb—object compositions and penalizes frequently seen
hard negatives by a margin-based regularizer. (c¢) TORC penalizes alignment between
original and temporally perturbed feature vectors, enforcing explicit temporal order
modeling and reducing object-driven shortcuts.

complementary components: (i) Co-occurrence Prior Regularization (CPR) ex-
pands supervision over novel compositions and leverages frequently seen pairs
as hard negatives to suppress co-occurrence priors, and (ii) Temporal Order
Regularization for Composition (TORC) loss promotes temporally grounded
verb learning over static object cues. Following prior work [16,19], we employ
an adapter-based tuning, AIM [42] for CLIP [33] and LoRA [13] for Intern-
Video2 [40], as our backbone. Figure 4 (a) gives an overview of RCORE.
Feature extraction. Given a video X with T frames, the backbone encoder
outputs frame-level features F € RT*P. We transform them into verb features
FV € RT*P and object features f© € R using dedicated encoders. We obtain
text embeddings for verbs and objects, EV € RIY'IXD and EC € R'YO|XD, by
feeding class-specific prompts into the text encoder.

4.1 CPR: Co-occurrence Prior Regularization

To mitigate object-driven shortcuts under sparse and skewed compositional su-
pervision, we propose CPR, a training strategy that injects supervision for syn-
thesized verb—object pairs while preserving the stability of closed-world opti-
mization. CPR combines (i) synthesized composition supervision, (ii) a margin-
based regularizer that down-weights frequently seen hard negatives, and (iii) a
batch-adaptive expansion of the composition label space to make these new pairs
trainable without optimizing over the full YV x Y© space.
Synthesized composition supervision. To provide explicit supervision for
compositions absent from the training set, we first synthesize videos that repre-
sent new composztwn labels. Given a training sample X; with composition label
vY = (vY,y9), we construct a new video X; by injecting the static object cue
from another video X, (with yjo # y9) into the high-motion regions of X;, as
shown in Figure 4 (b). Specifically, for each frame k € {1,...,T} we obtain

XE=(1-AMY) o XE + (M) o X[, 3)

where A € [0,1] controls the injection strength and Ml(-k) € {0,111V is the
high-motion region mask for frame k, extracted by a learning-free estimator [9].
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The operator ® denotes element-wise multiplication, with M¥ broadcast across
channels. Accordingly, we use soft labels for the synthesized video as follows:

(1—)\)y?+)\y§j, (4)

y9

y¢

where ¢ : YV x YO — {0, 1}¥"*¥°l maps a composition (y",y©) to its one-hot
vector in the flattened joint label space.

Co-occurrence prior regularization loss. FEven after adding supervision
for synthesized compositions, skewed co-occurrence statistics can still make the
model over-score a small set of frequently seen pairs. To counter this score col-
lapse, we enforce a margin constraint that makes the target synthesized compo-
sition yfnew = (yY, yjo) outrank frequent seen hard negatives by at least m. We
define the hard-negative label set for ygnew as follows:

Yharai = {(y",¥9) | [V =y)) @ y° =y Ay ¥°) # 3. y0)}, (6)

where @ denotes the exclusive or operator. Let chrgf C Ygeen be the set of
frequently seen compositions (see Section S3.2 of the supplementary material
for the exact criterion). Then we define the CPR loss with margin m over the

penalty set Ypen = Yhard,s N Yg};f‘ as:

Lorr = Y max (0, s(y%) = s(y ) + ), (")

yC€EYpen

where s(y©) denotes the logit assigned to the composition label y©.
Batch-adaptive label-space expansion. Conventional ZS-CAR pipelines op-
timize classification only over seen compositions Yseen (closed-world over compo-
sitions), which makes it non-trivial to directly supervise novel verb—object pairs
during training. On the other hand, naively applying cross-entropy over the full
YV x YO space can harm unseen accuracy by treating most unseen composi-
tions as negatives throughout training (see Section 5.4). To provide an effective
supervision for novel compositions, we introduce a batch-adaptive label space ex-
pansion strategy. For each mini-batch, we construct an expanded label set as
Yexp = Yseen U Ynew, where Yyey denotes the label set for the newly synthesized
videos. We compute cross-entropy only over Yex,. This preserves the optimiza-
tion stability of closed-world training while progressively injecting supervision
for new compositions.

4.2 TORC: Temporal Order Regularization for Composition

To counter object-driven shortcuts in verb learning, we introduce TORC, a tem-
poral order-sensitivity regularizer. While CPR expands supervision over compo-
sitions, verb recognition can still collapse to static object cues due to the asym-
metric learning difficulty between verbs and objects. As shown in Figure 4 (c),
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TORC directly regularizes the verb representation to depend on temporal struc-
ture: it (i) discourages invariance to temporal reversal by separating forward and
reversed features, and (ii) penalizes over-confident verb predictions when tem-
poral order is disrupted by encouraging high-entropy outputs. Together, these
constraints reduce reliance on static cues and promote temporally grounded verb
representations.

Temporal perturbation for regularization. Given frame-level features F =
(f,...,fr), we form two regularization views: (i) a reversed sequence Fi e, =
(fr,...,f1), and (ii) a temporally shuffled sequence Fypusea = 7(F), where 7 is
a random permutation sampled from P. We then feed F¢, and Fgpufeq into the
verb encoder to obtain perturbed verb features fY., € R? and £ 5.4 € R”.
TORC loss. We first push the model to distinguish forward and reversed tem-
poral semantics. We minimize the cosine similarity between the original verb

£V TV
fV and the reversed feature vectors fr‘gvz Leos = W Temporal reversal
rev

often flips action meaning (e.g., opening vs. closing), yet the state-of-the-art
model [19] yields a high cosine similarity (0.92; see Figure S7 of the supplemen-
tary material), indicating weak temporal discrimination.

Next, we regularize the model to avoid confident verb predictions when tem-
v
poral structure is disrupted. Given the verb text embeddings EV = {e,‘fl}gzll,
1
we define the negative entropy loss Loy = ZD@{:L DPm 1og p,, with the predicted
probability p,, of the m-th verb class based on the cosine similarity between

visual and textual features as:

Do = eXp(COS(fs‘ﬁuPﬂed7 er‘;)/T) (8)
m YV ’

S exp(cos(£Y umea: %) /7)
where 7 is a temperature parameter. Maximizing entropy prevents the model

from inferring verbs from static spatial cues alone, enforcing reliance on temporal
evidence. We define the TORC loss as: LT1orc = Leos + Lent-

4.3 Training

Component loss. We compute verb logits Sy € RIY"! and object logits Sp €
RIY°l based on the cosine similarity scores. We apply standard cross-entropy
losses for verb and object prediction: Leom = Ly + Lo.

Composition loss. Following prior work [19], we obtain the composition logits
Sc € RIYY <Y by aggregating factorized logits: Sc = Sy H Spojv +So H Sy 0,
where So|y and Sy|o represent the conditional logits and B denotes broadcasted
addition into the joint verb—object space. Then we employ the cross-entropy loss
integrated with our batch-adaptive label space expansion (Section 4.1). Given
Sc¢ € S¢, the final composition loss utilizing the dynamically constructed denom-
inator Yexp is formulated as: Leomp = — log(exp(5.)/ E‘fﬁ;f" exp(se)).

Total loss. We train RCORE with the combined objective Liota) defined as Lioga) =
oLcom + BLcomp + YLTORC + dLCPR, Where «, B, v and J are hyperparameters.
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5 Experimental Results

Building on our diagnosis, we evaluate whether RCORE reduces shortcut reliance
and improves compositional generalization. We first describe the experimental
setup (Section 5.1), then present diagnostic analyses (Section 5.2), followed by
quantitative comparisons (Section 5.3), and finally ablation studies (Section 5.4).

5.1 Experimental setup

Limitations of conventional evaluation. Existing ZS-CAR works [15,16,19]
rely on the closed-world protocol, where inference is restricted to compositions
that appear in the validation/test split. This protocol hides a model’s tendency
to over-predict seen compositions and obscures co-occurrence-driven behaviors.
More critically, test-set—tuned bias calibration selects a bias term using test la-
bels, inflating unseen accuracy and undermining fair comparison.

Our evaluation setup. To expose genuine generalization, we adopt an open-
world, unbiased protocol by default: (i) inference spans the full space YV x YO,
and (ii) no test labels are used to tune biases. We also report closed-world H.M.
and AUC for comparison with existing methods. We show open-world biased
results using a validation set-tuned bias in Table S8 (supplementary material).
Datasets. We evaluate on two ZS-CAR benchmarks: Sth-com [19] and our cu-
rated EK100-com. Sth-com is derived from Something-Something V2 [12] and
Something-Else [27], containing 79K videos with 161 verbs and 248 objects. Fol-
lowing prior work [36,44], we also evaluate on the Temporal subset consisting
of verbs requiring temporal reasoning. We additionally introduce the EPIC-
KITCHENS-100-composition (EK100-com) dataset, constructed by re-
purposing EK100 [7] following the Sth-com protocol. EK100-com includes 71K
egocentric videos, 81 verbs, and 216 objects. Due to the long-tailed label dis-
tribution of EK100, it exhibits severe compositional sparsity. Its label coverage
ratio is only 7.5%, which is considerably lower than the 12.8% observed in Sth-
com [19]. Full details are in the supplementary material (Section S2).
Evaluation metrics. We report top-1 composition, verb and object accu-
racies. Verb and object accuracies are conditioned on the seen/unseen compo-
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sition: verb@seen-comp and object@seen-comp are computed on samples with
¢ € Yeeen, while verb@unseen-comp and object@unseen-comp are computed on
samples with yC € Yunseen- We report the corresponding harmonic mean (H.M.)
between seen-comp and unseen-comp accuracies for composition, verb, and ob-
ject. We also report the compositional gap Acg (2). For a detailed illustration of
our evaluation setting, please refer to the supplementary material (Section S1).
Baselines. We use two encoder-based VLMs, CLIP-B/16 [33] and InternVideo2-
CLIP-B/14 [40], as backbones for ZS-CAR methods. We also report the InternVi-
deo2-1B [40] backbone results in the supplementary material. We primarily com-
pare RCORE against the current SOTA, C2C [19] and Jung et al. [16]; since the
code for the latter’s CLIP variant is not publicly available, we report our re-
implementation that reproduces its closed-world performance. We also compare
against LogicCAR [43], a recent ZS-CAR method, in the closed-world setting
only, as its code is not publicly available. Since it builds on C2C (enhance) [19],
a variant of C2C [19] with additional training constraints, we apply RCORE to the
same enhanced backbone (denoted as RCORE (enhance)) and report its results for
a fair comparison. To isolate the effect of conditional learning, we further evalu-
ate independent modeling baselines, ‘AIM’ [42] (for CLIP) and ‘LoRA’ [13] (for
InternVideo2), named after their respective adapter tuning methods.

5.2 Analysis

We empirically show that RCORE reduces reliance on co-occurrence priors and
mitigates object-driven shortcuts in verb learning, yielding more robust compo-

Prediction

sitional behavior than the baseline [19].

RCORE less relies on co-occurrence
prior. In Figure 5 (a), we present
the False Seen Prediction (FSP)
and False Co-occurrence Prediction
(FCP) curves of RCORE and the base-
line [19] on Sth-com. While the base-
line’s FSP and FCP increase substan-
tially during training (53% — 63%
and 26% — 29%), those of RCORE re-
main consistently lower and even de-
crease (47% — 44% and 23% — 23%),
indicating markedly less dependence
on co-occurrence statistics.

Prediction
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Fig. 6: RCORE mitigates object-driven
shortcuts in verb learning. We visual-
ize confusion matrices for six representative
verbs on unseen compositions of the Sth-
com [19] test set. All values are normalized

frequencies across the six verb classes.
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Improved unseen generalization. In Figure 5 (b), we present the learning
curve of our RCORE and the baseline [19] on Sth-com. RCORE significantly improves
unseen composition accuracy upon the baseline (34% vs. 30%), and reduces the
seen—unseen accuracy gap (9 points vs. 17 points).

The learned verb representations are indeed effective. Inspired by prior
work [44], we evaluate models on the Temporal subset of Sth-com [19]. Specif-
ically, to measure a model’s dependence on static cues, we compare its perfor-
mance when using temporally shuffled verb features fY 4.4 versus the original
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Table 2: Sth-com [19] results. We show the top-1 verb, object, and composition
classification accuracy (%). We report performance on both seen and unseen composi-
tions, along with their harmonic mean (H.M.).

Verb Object Composition

Backbone - Method @Scen @Unseen py \j, @Seen @Unseen [\ Seen (Act) Unseen (Acgt) H.M.
1

Comp Comp Comp Comp
AIM [42] 54.99 39.19 45.76 67.19 53.43 59.53 40.24 (+3.29) 18.50 (—2.44) 25.35
CLIP C2C [19] 63.60 54.36 58.62 67.72 56.10 61.36 46.31 (+3.24) 30.08 (—0.42) 36.47
Jung et al. [16] 66.57 53.55 59.35 66.56 50.90 57.69 48.41 (+4.10) 25.25 (—2.01) 33.19
RCORE 65.73  59.00 62.18 64.79 56.34 60.27 44.99 (+2.40) 33.90 (+0.66) 38.67
LoRA [13] 48.83  36.50 41.78 64.79 58.61 61.55 32.83 (+1.19) 19.71 (—1.68) 24.63
InternVideo2 C2C [19] 70.35  63.29 66.63 70.03 63.44 66.58 51.50 (+2.24) 39.53 (—0.63) 44.73
RCORE 71.65 66.65 69.06 67.96 64.56 66.22 50.20 (+1.51) 43.98 (+0.95) 46.88

features f¥. As shown in Figure 5 (c), across both seen and unseen composi-
tions, RCORE exhibits a substantially larger performance gap between original
and shuffled features. This demonstrates that its verb representations are effec-
tively grounded in temporal dynamics. In Figure 6, we visualize verb confusion
matrices on unseen compositions of the Sth-com test set. Unlike C2C [19], which
frequently confuses opposite verbs (e.g., ‘unfolding’ vs. ‘folding’), RCORE dis-
criminates them well, demonstrating that it effectively mitigates object-driven
shortcuts in verb learning.

5.3 Comparisons with State-of-the-Art

Sth-com. As shown in Table 2, RCORE achieves clear gains on Sth-com [19]
under a rigorous open-world setting. Compared to the C2C [19] baseline, RCORE
improves the verb@unseen-comp by 4.6 points and the unseen composition ac-
curacy by 3.8 points with the CLIP [33] backbone, and by 3.4 points and 4.5
points with InternVideo2 (IV2) [40] backbone, respectively. These gains are con-
sistent with stronger verb recognition observed in our analysis (Section 5.2).

Notably, RCORE yields a positive compositional gap Table 3: Closed-

(Ace) on unseen compositions, whereas all baselines world results on
remain negative, indicating improved compositional Sth-com [19].

behavior on unseen pairs. Jung et al. [16] yields the Vethod Closed-world
lowest unseen composition accuracy among the CLIP ‘ H.M. AUC
baselines while showing the highest seen composition ?jfg [;;’LL (6] g:g ;gi
accuracy. Compared to C2C [19], it improves seen  rcore 43.2 25.3

composition accuracy by 2.1 points but degrades un-  C2C (enhance) [19] 445 26.0
seen composition accuracy by 4.8 points, reflecting Egﬁ;‘fé ilyrlle) ig‘i ;;g
a strong bias toward seen compositions and limited

open-world generalization. In Table 3, RCORE achieves the highest H.M. and AUC
within each backbone group under the closed-world, test-set-tuned protocol used
in prior work [16,19,43].

EK100-com. Despite the strong co-occurrence prior in the EK100-com training
compositions, RCORE achieves higher unseen composition accuracy and the best
H.M. As shown in Table 4, compared to C2C [19], RCORE substantially improves
unseen composition accuracy—by 6.9 points with the CLIP [33] backbone and
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Table 4: EK100-com results. We show the top-1 verb, object, and composition clas-
sification accuracy (%). We report performance on both seen and unseen compositions,
along with their harmonic mean (H.M.).

Verb Object Composition

Backbone  Method @Seen @Unseen g, @Seen @Unseen gL Seen (Acgt) Unseen (Acgt) HM.

Comp Comp Comp Comp
AIM [42] 59.97 39.99 47.98 56.23 46.76 51.06 38.58 (+4.86) 14.98 (—3.71) 21.58
CLIP C2C [19] 65.52  49.57 56.44 56.54 46.99 51.32 42.70 (+5.65) 21.56 (—1.73) 28.65
Jung et al. [16] 63.38 47.63 54.39 55.85 42.12 48.02 39.50 (-+4.10) 16.96 (—3.10) 23.73
RCORE 66.19 54.31 59.66 54.35 49.88 52.02 39.70 (+3.73) 28.41 (+1.32) 33.12
LoRA [13] 59.73 3299 4251 51.08 39.34 44.45 36.43 (+5.92) 5.63 (=7.35) 9.75
InternVideo2 C2C [19] 68.95 57.01 6241 60.54 52.31 56.12 47.30 (+5.55) 30.33 (+0.51) 36.96
RCORE 67.76 59.78 63.52 56.28 56.00 56.14 41.03 (+2.89) 37.31 (+3.83) 39.08

7.0 points with the IV2 [40] backbone—despite a decrease in seen composition
accuracy. This pattern reflects reduced reliance on co-occurrence statistics and
improved recognition of unseen compositions. Moreover, RCORE yields a positive
Acg on unseen compositions (+1.32 with CLIP and +3.83 with IV2), which is
consistent with improved compositional behavior under highly sparse supervi-
sion. In the case of Jung et al. [16], the model yields lower composition accuracy
than C2C [19] on both seen (—3.2 points) and unseen (—4.6 points) compositions
with the CLIP [33] backbone, suggesting that its benefit may be limited under
the highly sparse compositional supervision of EK100-com.

5.4 Ablation Studies

Effects of RCORE components. In Table 5 (a), using TORC alone yields the
largest gain in verb generalization, improving verb@unseen-comp by 3.5 points,
and gain in unseen composition accuracy by 3.8 points, compared to the base-
line without CPR and TORC (C2C [19]). Using CPR alone primarily improves
unseen composition accuracy by 3.1 points, while reducing seen composition
accuracy 4.2 points, indicating a seen—unseen trade-off. Combining CPR and
TORC achieves the best overall results, improving unseen composition accuracy
by +5.0 points and composition H.M. by +2.7 points, suggesting complementary
benefits of mitigating co-occurrence bias and enforcing temporal sensitivity.
Effects of TORC components. Table 5 (b) evaluates the roles of Lcs, which
enforces discrimination of opposite temporal semantics, and Leyt, which prevents
reliance on static cues. Each term individually improves performance, while using
both terms yields the largest gains in the verb@unseen-comp (+3.5 points) and
unseen composition accuracy (+3.8 points).

Effects of label space in CPR. In Table 5 (c), we validate the batch-adaptive
label space expansion in CPR. Compared to closed-world training over Ygeep, our
batch-adaptive label space improves unseen composition accuracy (+2.3 points)
and H.M. by injecting supervision for synthesized compositions while avoiding
unstable optimization. In contrast, naively optimizing cross-entropy over the
full YV x Y© space severely hurts unseen composition accuracy by treating most
unseen compositions as negatives throughout training.
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Table 5: Ablation study on the Sth-com [19] validation set. We use C2C [19]
with the CLIP [33] backbone as our baseline, using the unbiased open-world setting. We
report performance on both seen and unseen compositions, along with their harmonic
mean (H.M.). V@S and VQU denotes verb@seen-comp and verb@unseen-comp, while
0@S and OQU denotes object@seen-comp and object@unseen-comp accuracies.

(a) Effects of RCORE components. (b) Effects of TORC components.
PRT Verb Object Composition I L Verb Object  Composition (OW)
CPRTORCGGS VAU 068 06U Seen Unseen HM. cos Lent G VAU 0GS 0GU Seen Unseen HM.
65.26 54.02 67.21 56.81 47.31 30.14 36.83 65.26 54.02 67.21 56.81 47.31 30.14 36.83

v 63.95 54.05 63.97 59.52 43.09 33.22 37.51 v 64.1555.96 67.7155.97 47.13 3L.11 37.48
v 64.9357.49 66.20 57.23 46.28 33.92 39.15 v 64.84 54.82 67.57 56.23 47.46 30.84 37.39

v v 67.0658.13 63.67 58.66 45.00 35.16 39.48 vV 64.9357.49 66.20 57.23 46.28 33.92 39.15
(c) Effects of label space in CPR. (d) Effects of penalty set in CPR.

) Verh __Object___Composition
Label Space V@S VaU 06S 0G0 Seen Unseen TN Penalty Set Yo Choice T T Ot Composition

Closed-world (Yeen) 64.61 54.26 67.21 57.46 46.78 30.80 37.14 None (w/o Lopr) 64.1 60 58.70 42.74 33.05 37.28
Full Open-world (YV x ¥©) 67. .01 68.49 52.29 50.72 17.34 25.85 All Hard Negatives (Viara) L 610 9 49.05 31.85 30.82 31.33
Batch-adaptive (Yexp) 64.17 54.55 63.60 58.70 42.74 33.05 37.28 Frequent Hard Negatives (Viara 0 YEER) 65.36 55.86 63.20 57.62 43.60 33.16 37.67

Effects of penalty set in CPR. In Table 5 (d), we study the effect of the
penalty set Ypen. Compared to disabling Lcpr, penalizing frequent hard neg-
atives (Yparg N chrgf) yields the best trade-off, improving unseen composition
accuracy and achieving the highest H.M. of 37.7%. In contrast, penalizing all
hard negatives degrades object prediction and hurts overall composition perfor-
mance, suggesting that restricting penalties to frequent confounders is critical.

6 Conclusions

In this work, we revisit zero-shot compositional action recognition and iden-
tify object-driven shortcuts as a key failure mode. We attribute this behavior to
compositional sparsity and asymmetric verb-object learning difficulty. Using our
diagnostic metrics, we show that existing models overfit to co-occurrence priors,
which degrades verb learning and thereby harms generalization to unseen com-
positions. We propose RCORE comprising two components: CPR, which expands
supervision to synthesized compositions, and TORC, which enforces temporal-
order sensitivity. Across two benchmarks under an open-world evaluation proto-
col without test-tuned bias calibration, RCORE consistently improves performance
on unseen compositions, moving ZS-CAR toward more reliable verb—object com-
positional reasoning.
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