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Abstract. Zero-shot Human-Object Interaction (HOI) detection has
achieved significant progress by leveraging the open-vocabulary capa-
bilities of Vision-Language Models. However, the generalization of ex-
isting methods is severely restricted by a two-fold representational bot-
tleneck. First, at the feature level, essential fine-grained interaction cues
are frequently overshadowed by high-level global semantics. Second, at
the decision level, models exhibit a strong background shortcut bias,
often relying on scene co-occurrences rather than the actual human-
object interactions. To address these challenges, we propose a novel zero-
shot HOI detection framework, DRIC, which is explicitly formulated
for Disentangling and Reusing Interaction Cues. Specifically, we intro-
duce the Context-Orthogonal Residual Disentangling (CORD) module,
which projects features onto a global prototype subspace to decouple
fine-grained residual details from global semantic biases, subsequently
reintegrating them for enhanced local discriminability. Furthermore, the
proposed Stratified Local Fusion (SLF) mechanism mitigates background
shortcuts by aggregating multi-depth features from the image encoder of
CLIP. This recovers essential contact-level details, guiding the model to-
ward actual interactions. Extensive experiments demonstrate that DRIC
consistently outperforms state-of-the-art methods across zero-shot eval-
uation settings, validating the robustness of the proposed framework in
handling interaction ambiguity and cross-scene transfer.

Keywords: Human-Object Interaction - Zero-Shot Learning - Vision-
Language Models

1 Introduction

The primary objective of Human-Object Interaction (HOI) detection is to lo-
calize human-object pairs within an image and identify their interactions, for-
mally defined as a triplet (human, object, action). Serving as a cornerstone for
embodied intelligence perception, HOI detection holds significant value in ap-
plications such as Augmented/Virtual Reality (AR/VR) [16,/18,43|, and robotic
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Fig. 1: Challenges in Zero-Shot HOI Detection. (a) In semantically similar con-
texts (e.g., riding vs. repairing), the model struggles to distinguish interactions due to
the lack of fine-grained local evidence. (b) As the depth of the CLIP encoder layers
increases, visual saliency shifts from local details to background shortcuts.

assistance . Although significant advances have been made recently, con-
ventional HOI detection methods predominantly rely on fully su-
pervised paradigms within closed-set scenarios. These approaches depend heavily
on extensive annotations of predefined interaction categories, making it difficult
for them to generalize to unseen verbs or novel human-object combinations.

Recently, Vision-Language Models (VLMs), such as CLIP , have demon-
strated exceptional zero-shot transfer capabilities through large-scale image-text
contrastive learning. This alignment paradigm facilitates zero-shot HOI detec-
tion by formulating interaction categories as textual prompts and exploiting the
joint embedding space of CLIP for cross-category transfer. Although existing
methods for zero-shot HOI detection have achieved substantial
improvements, we observe that the generalization of these approaches is severely
restricted by a two-fold representational bottleneck, which undermines reliability
and transferability in zero-shot settings.

(1) Fine-grained interaction cues are overshadowed by global se-
mantics. Pre-trained on massive image-text pairs, the global representations
of foundation models inherently attenuate local interaction cues. Consequently,
high-level features struggle to preserve the fine-grained details (e.g., contact re-
gions and poses) necessary for distinguishing similar interactions. As illustrated
in Fig. [Ta] actions like "ride-bike" and "repair-bike" exhibit high global similar-
ity; their critical distinction relies entirely on local details that existing models
fail to exploit, rendering accurate discrimination highly challenging.

(2) Background shortcut learning reinforces spurious correlations
over interaction-centric evidence. Models tend to utilize background or
scene cues for interaction discrimination rather than relying on actual human-
object contact and action details. As Fig. illustrates, although intermediate
layers retain some interaction focus, the final deep representations are highly
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susceptible to background domination. Consequently, models establish spurious
correlations (e.g., predicting "ride" based solely on an outdoor setting) rather
than learning generalized interaction patterns. This shortcut bias severely de-
grades cross-scene generalization and critically hinders transferability to unseen
categories in zero-shot settings.

To address these limitations, we propose DRIC, a novel framework for zero-
shot Human-Object Interaction detection designed to construct an interaction-
oriented structured local evidence pathway without compromising the origi-
nal global semantic alignment of CLIP. Specifically, we introduce two com-
plementary mechanisms. First, the Context-Orthogonal Residual Disentangling
(CORD) module structurally decouples global semantics, explicitly separating
fine-grained residual details related to interactions from global biases. These
cues are subsequently reintegrated into the representations of CLIP via common-
ground modulated residuals, thereby amplifying local discriminability. Second,
the Stratified Local Fusion (SLF) mechanism aggregates multi-scale features of
human-object pairs across varying depths of the image encoder of CLIP, re-
covering critical contact-level details discarded in the final layer to mitigate
background shortcuts. Furthermore, because the efficacy of hierarchical fusion
inherently depends on the availability of high-quality local cues, we introduce
a progressive two-stage training paradigm. This strategy initially establishes a
robust foundation of fine-grained features via the disentangling module, and
subsequently guides the fusion mechanism to optimally exploit these enriched
details. Extensive experiments demonstrate that DRIC establishes a new state-
of-the-art across zero-shot evaluation settings, yielding robust cross-scene gen-
eralization and highly interpretable, interaction-centric visual evidence.

In summary, our main contributions are threefold:

— Explicit Global-Local Disentanglement. We propose the CORD mod-
ule to explicitly decouple fine-grained interaction cues from global semantic
biases, fundamentally enhancing the local perception and zero-shot transfer
capabilities of CLIP.

— Mitigation of Background Shortcuts. We introduce the SLF mechanism
to aggregate multi-scale spatial features, effectively suppressing the inherent
background shortcut bias in Vision-Language Models to leverage actual in-
teraction details.

— State-of-the-Art Performance. Extensive experiments demonstrate that
DRIC establishes a new state-of-the-art on the HICO-DET benchmark, yield-
ing superior generalization across all zero-shot evaluation settings.

2 Related Work

2.1 Human-Object Interaction (HOI) Detection

Conventional Human-Object Interaction (HOI) detection falls into one-stage and
two-stage paradigms. One-stage approaches |10L20L[31}401/45,/58] employ end-to-
end frameworks to directly predict HOI triplets, concurrently generating bound-
ing boxes, object categories, and interaction labels. Transformers have advanced
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HOI detection [5-7,/12,/19}20,28}/46], especially DETR-inspired models |2| using
queries to directly regress HOI triplets [4121,41}/50]. However, relying on fully
annotated data limits their generalization to unseen interactions [47,/48]. Con-
versely, two-stage approaches [2312533./561{57] use pre-trained detectors [2l[11137]
to independently localize humans and objects, subsequently constructing candi-
date pairs to classify their interactions. To extract discriminative features, these
methods incorporate auxiliary priors like spatial geometries [59], structural pri-
ors [14L27], and human poses |26]. Furthermore, they often employ graph-based
relational reasoning to model high-order dependencies [17}35}55].

2.2 Zero-Shot HOI Detection

Zero-shot HOI detection aims to recognize interaction relationships absent from
the training set. Early approaches [13H15,/32] largely adopt compositional learn-
ing strategies, decomposing HOI representations into separate human-object
pairs and verbs. To achieve generalization to novel combinations, these models
recombine components utilizing mechanisms like graph propagation [32], rep-
resentation recombination [13}[15], and external dataset mining [14]. However,
relying on training semantics limits their capacity to address interactions involv-
ing unseen verbs. Vision-Language Models (VLMs) offer an effective solution
for unseen category generalization by introducing open-vocabulary knowledge.
To enhance transferability, methods generally integrate language priors through
two main strategies: distilling CLIP distributions to align visual features with
frozen text embeddings [1,/33/34,49|, or utilizing CLIP representations and text
prompts to initialize classifiers and guide representation learning [28,34.(54]. Nev-
ertheless, distillation primarily occurs on seen classes, introducing bias. Further-
more, CLIP’s object-recognition focus creates a strong global bias that overlooks
fine-grained details, such as clothing textures and local contact regions. Conse-
quently, HOIs are often clustered by objects rather than actions, resulting in in-
sufficient discrimination between distinct verbs for identical human-object pairs.
Conversely, integrating CLIP into two-stage frameworks |33| facilitates more sta-
ble transfer and mitigates end-to-end decoder overfitting by decoupling object
detection and interaction classification. Building on this, subsequent methods
enhance CLIP’s locality awareness by aggregating adjacent image patches and
spatial priors [22], and optimize action discrimination by injecting grouped visual
variance and Gaussian perturbations into context embeddings [52].

3 Method

3.1 Disentangling and Reusing Interaction Cues

Given an input image I, the primary objective of zero-shot HOI detection is
to simultaneously localize all human-object pairs and predict their interaction
categories, including those unseen during the training phase. An HOI instance
is formally defined as a quadruple (by,b,,v,0), where by, b, € R* denote the
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Fig.2: Overall Framework of DRIC. We adopt a two-stage paradigm. In the
first stage, humans and objects are detected. In the second stage, we extract fine-
grained interaction cues via the Context-Orthogonal Residual Disentangling (CORD)
module and fuse multi-scale features through Stratified Local Fusion (SLF) to suppress
background shortcut learning for robust zero-shot interaction classification.

[

A photo of a person
[riding] an object

bounding boxes for the human and the object, respectively; v € V = {1,...,|V|}
represents the verb (or interaction) category; and o € O = {1,...,|O|} signifies
the object category. In the standard zero-shot setting, annotations are provided
exclusively for seen interaction categories during training, while textual descrip-
tions are available for both seen and unseen categories. Consequently, the model
is required to generalize the learned interaction knowledge to unseen categories
without relying on spurious correlations or dataset co-occurrence biases.

The overall framework of DRIC is illustrated in Fig.[2] We adhere to the es-
tablished two-stage paradigm for HOI detection: the first stage performs the de-
tection of humans and objects, while the second stage conducts the classification
of interactions. Specifically, we employ a pre-trained object detector, DETR [2],
to identify objects within the image I, applying standard filtering strategies to
obtain a set of detections {(b;, ¢;, si, i)}, where b; € R*, ¢; € O, 5; € R!, and
g; € RPaer represent the bounding box, object category, confidence score, and
feature vector of the i-th instance, respectively. N and Dg4e; denote the number
of detected objects and the dimension of the object feature, respectively. The
features of these pairs are subsequently fed into a Multilayer Perceptron (MLP)
to generate human-object (HO) tokens T € RNeairXP  wwhere Npair and D de-
note the total number of valid candidate human-object pairs and the feature
dimension of the CLIP model, respectively. These tokens serve to predict the
interaction verb v € V for each pair. Concurrently, we construct a prior em-
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Fig. 4: Framework of SLF. SLF aggre-
Fig. 3: Framework of CORD. CORD gates features from multiple layers to re-
projects features onto a global proto-  cover fine-grained details lost in deep lay-
type subspace to disentangle interaction- ers.
specific residuals.

bedding p = priors_proj([b;; ¢;; s;]) utilizing the outputs of DETR to provide
task-adaptive guidance.

Subsequently, the HO tokens, in conjunction with the [CLS] token and im-
age patches, are input into the CLIP image encoder. Prior to each layer of the
CLIP image encoder, we integrate the proposed Context-Orthogonal Residual
Disentangling (CORD) module. This integration ensures that fine-grained in-
teraction cues are explicitly decoupled from global biases and effectively reinte-
grated into the visual representations. Furthermore, we design a Stratified Local
Fusion (SLF) module to aggregate the features of human-object pairs from all
hierarchical layers of the CLIP image encoder, thereby enhancing the capacity
of the model to leverage interaction cues while mitigating background shortcuts.
Regarding the textual component, we concatenate learnable prompt tokens with
the handcrafted text template “a photo of a person [verb-ing] an object” and feed
them into the CLIP text encoder to obtain the text features Tip € RNvIXD,
The HOI score is computed via the cosine similarity between the HO tokens and
the text features: s"' = cos(T, Tyut).

3.2 Context-Orthogonal Residual Disentangling

Representations derived from the image encoder of CLIP tend to exhibit a global
bias. This bias often overshadows interaction-specific distinctions and makes it
difficult to discern subtle nuances between different verbs associated with the
same human-object pair.

To address this limitation, we propose the Context-Orthogonal Residual
Disentangling (CORD) module. As depicted in Fig. [3] we initially construct
a global prototype bank to characterize key semantic components within the
image: G € RE*? d « D, where K denotes the number of prototypes and
d represents the feature dimension of the prototypes. We derive five global pro-
totypes by mapping the [CLS] token and performing average pooling over four
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distinct regions: the background, the human region, the object region, and the
union region. Concatenating these elements yields the global prototype bank:
G = [8els; Bbg; 8hj 8o} Sunion]-

We further decompose the image representation into a global common com-
ponent and an interaction-related residual component. First, we project F into
a low-dimensional space consistent with the prototypes: F = ¢(F) € REWxd,
Next, we define an orthogonal projection operator on the subspace spanned by
the global prototypes:

P=G(G'G+el)'GT, (1)

where € is a term introduced for numerical stability. For any given patch fea-
ture f € R?, its projection onto the prototype subspace and the corresponding
orthogonal residual are formulated as:

B —PE, B —f %, @)

where f.\l represents the global common component, which captures the shared
semantics at the scene layout and category levels encoded by the global proto-
types. Conversely, £, serves as the residual component orthogonal to the global
semantics, which is more likely to preserve local discriminative cues related to
human-object interactions. Through explicit subspace constraints, this orthog-
onal decomposition compels the model to decouple the local variances essential
for the accurate discrimination of interactions from strong global context biases.

Following the orthogonal decomposition, we utilize the global component
to adaptively modulate the local representation, selectively enhancing local in-
teraction differences while preserving global semantic stability. Specifically, we
first generate gating coefficients based on the global common component: m =
J(Wmfu), where o(-) denotes the Sigmoid activation function and W,, repre-
sents learnable parameters. Subsequently, under the gating constraint, we rein-
tegrate the orthogonal residual into the patch representation:

f":f'—ka(m@WLﬁ), (3)

where ® denotes element-wise multiplication and « is a learnable residual scaling
coefficient. Finally, we map the modulated features back to the original dimen-
sion and add them to the original patch tokens via a residual connection:

F =F+W,F. (4)

Furthermore, we facilitate the sparse routing of local interaction evidence to
the corresponding HO tokens to enable interaction reasoning conditioned on the
human-object pair. For each human-object pair, we utilize the corresponding
HO token T; as a query vector and project it into the attention query space
via a linear mapping: Q; = W, T;. First, we enable the HO token to perform
cross-attention updates on the prior feature p:

TZ(.I) = CrossAttn(Q;, p). (5)
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Subsequently, using the HO token as a query, we perform cross-attention
aggregation on the orthogonal residual patch features F :

Tl@ = CrossAttn(Tz(-l), FJ_) (6)

By exclusively utilizing the orthogonal residual component as memory, we
guide the HO token to focus on local differences related to interactions. Finally,
we update the HO token in a residual manner:

T, =T, + nytNorm(Tl(?) - Qi), (7)

where + is a learnable scaling coefficient and Norm(+) denotes normalization. The
updated HO tokens and patch tokens are then fed back into the CLIP image
encoder:

[T(l),cls(l), F(l)} — V(l)([T’(lfl); cls(l_l); F/(l*l)])7 (8)
where V() (-) represents the I-th Transformer block of the CLIP image encoder.

3.3 Stratified Local Fusion

As identified in our analysis, current zero-shot HOI methods predominantly rely
on the final layer of the CLIP image encoder, which is highly susceptible to
background shortcut learning. As demonstrated in Fig. [Ib while the final layer
tends to drift toward scene-level heuristics, essential interaction-centric details
are often preserved in the early and intermediate layers.

To mitigate this representational bias and fully exploit the fine-grained cues
decoupled by CORD, we propose the Stratified Local Fusion (SLF) mecha-
nism. This component is specifically designed to suppress background shortcuts
by aggregating multi-depth features, thereby recovering the contact-level evi-
dence discarded in the deepest layers. As illustrated in Fig. @] SLF comprises
multiple side-path adapter branches and a learnable hierarchical weighted fusion
module to integrate global context with localized discriminative cues.

Specifically, we extract HO token representations corresponding to the same
human-object pair across all hierarchical layers of the CLIP image encoder. Let
Tgl) denote the HO token at the [-th layer, where £ represents the set of selected
layer indices and [ € L. Given the significant divergence in feature distributions
across these layers, we introduce a lightweight adapter for each layer to perform
intra-layer alignment:

’i‘l(-l) = Adapter”) (Tl(-l))7 9)

where Adapter” (+) is sequentially composed of a linear layer, an activation func-
tion, and another linear layer.

Subsequently, we employ a learnable hierarchical weighted fusion strategy to
aggregate the HO tokens across the selected layers:

Tused Z&Ti”a (10)



Disentangling and Reusing Interaction Cues for Zero-Shot HOI Detection 9

where {f;} denotes the set of learnable fusion weights. To preserve the es-
tablished vision-language alignment of the pre-trained model, we initialize the
weight corresponding to the final layer with a larger value.
We then pass the fused HO token Tf's¢d through a lightweight MLP to obtain
a fused score s™5¢d which is subsequently combined with the original zero-shot
hoi.
score s .
s = Sh01 + Sfused' (11)

To prevent the fused information from deviating excessively from the global
similarity constraints, we incorporate a similarity consistency loss utilizing L,
regularization:

Esim(ShOi, Sfused) — Hshoi o Sfused”l. (12)

3.4 Training and Inference

Two-Stage Training Strategy. Since the efficacy of hierarchical fusion inher-
ently depends on the availability of high-quality local cues, we adopt a deliberate
two-stage training paradigm.

Stage 1: CORD Optimization. In the first stage, we exclusively activate the
CORD module while keeping the SLF mechanism deactivated to prioritize the
construction of a reliable feature foundation. The network is optimized using the
Focal Loss [29] applied solely to the zero-shot HOI score s"°!:

Lstager = FocalBCE(s™, y), (13)

where y denotes the binary target label indicating the presence of a specific
interaction.

Stage 2: SLF Integration. Once the CORD module has learned to robustly
extract fine-grained residual features, we freeze its parameters. Subsequently, we
activate and train the SLF module to aggregate features across varying depths.
In this stage, the overall objective function incorporates the fused score s and
the similarity regularization term:

Lstage2 = FocalBCE(s, y) + Asim Lsim, (14)

where we set the hyperparameter Agm to 1 x 10~%4. This decoupled training
strategy prevents the gradients of the hierarchical fusion from interfering with
the orthogonal disentanglement, thereby ensuring optimal convergence.
Inference. During the inference phase, the final confidence score si"?! is com-
puted by integrating the predicted interaction score with the bounding box de-
tection priors, following standard practices [56]:

sfinal — 5. o). g2 (15)
where A acts as a weighting hyperparameter to balance the contributions, while
sp and s, represent the confidence scores generated by the object detector for
the human and the object, respectively.
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4 Experiments

4.1 Experimental Settings

Dataset. We conduct experiments on the two public benchmark datasets:
HICO-DET |[3] and V-COCO [9]. HICO-DET comprises a total of 47,776 im-
ages, with 38,118 allocated to the training set and 9,658 to the test set. The
dataset encompasses 600 HOI categories, constructed from 80 object categories
and 117 verb categories. V-COCO is a subset of the MS-COCO |30] dataset. It
consists of 5,400 and 4,946 images for training and testing. V-COCO consists of
80 object classes and 29 action classes.

Zero-Shot Settings. We evaluate our method under five zero-shot settings:
1) Unseen Composition (UC): Withholds specific HOI triplets while keeping all
objects and verbs in training. 2) RF-UC and 3) NF-UC: Select rare and non-
rare HOI categories as unseen classes, respectively. 4) Unseen Verb (UV) and 5)
Unseen Object (UO): Exclude specific verbs or objects during training, making
all their associated triplets unseen.

FEuvaluation Metrics. Following standard evaluation protocols, we employ the
mean Average Precision (mAP) as our primary metric. Specifically, a detected
human-object pair is considered a true positive if it satisfies the following criteria:
1) the Intersection over Union (IoU) between the predicted bounding boxes for
both the human and the object and the ground truth boxes exceeds 0.5; and
2) the predicted interaction category is correct. To provide a more balanced
assessment, we also report the harmonic mean (HM) metric, which measures
performance across both seen and unseen HOI classes.

Implementation Details. Following the standard training setup utilized in
previous two-stage zero-shot HOI detection methods, such as LAIN [22]|, we
fine-tune DETR on the HICO-DET dataset prior to training DRIC. We set
the feature dimension d to 128 and initialize both o and v to 1 x 1073. We
employ ViT-B/16 as our backbone architecture. Further details are provided in
the Appendix.

4.2 Comparison with State-of-the-Art Methods

We conduct a comprehensive comparative evaluation of DRIC against existing
state-of-the-art methods on the HICO-DET benchmark. This evaluation encom-
passes five distinct zero-shot settings: UC, RF-UC, NF-UC, UO, and UV.

As shown in Tabs. [TJand 3] DRIC demonstrates exceptional zero-shot transfer
capabilities, significantly outperforming existing state-of-the-art methods across
all evaluation settings. Compared to the strong baseline LAIN |22|, DRIC achieves
substantial improvements on unseen categories. Specifically, it yields absolute
mAP gains of 2.18%, 0.94%, 0.63%, 0.53%, and 0.36% under the NF-UC, UC,
UO, UV, and RF-UC settings, respectively. Furthermore, the Harmonic Mean
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Table 1: Comparative performance analysis across zero-shot settings. We
report the Harmonic Mean (HM), alongside the mAP for Unseen, Seen, and Full cate-
gories under four distinct settings (RF-UC, NF-UC, UV, and UQO). For fair comparison,
all methods adopt a unified backbone composed of a ResNet-50 object detector and a
ViT-B/16 CLIP visual encoder. The best results are highlighted in bold.

RF-UC (Rare First) NF-UC (Non-Rare First)
Method HM Unseen Seen  Full HM Unseen Seen  Full

CMMP [25] 31.07 29.45 32.87 32.18 30.85 32.09 29.71 30.18
EZ-HOI 23] 31.37 29.02 34.15 33.13 32.03 33.66 30.55 31.17
LAIN [22] 33.36 31.86 35.06 34.41 34.31 36.41 3244 33.23
VDRP [52] 32.77  31.29 3441 33.78 33.85 36.45 31.60 32.57
DRIC (Ours) 33.74 32.22 35.41 34.77 35.28 38.59 32.49 33.71

UV (Unseen Verb) UO (Unseen Object)
Method HM Unseen Seen  Full HM Unseen Seen  Full

CMMP [25] 29.13 26.23 32.75 31.84 3240 33.76 31.15 31.59
EZ-HOI 23] 28.69 25.10 33.49 32.32 32.66 33.28 32.06 32.27
LAIN |22 31.19 2896 33.80 33.12 35.58 37.88 33.55 34.27
VDRP [52] 29.80 26.69 33.72 32.73 3441 36.13 32.84 33.39
DRIC (Ours) 31.87 29.49 34.67 33.95 36.04 38.51 33.86 34.63

(HM), which measures the overall performance balance, consistently improves,
with notable increases of 0.97%, 0.68%, and 0.46% under the NF-UC, UV, and
UO settings.

Notably, previous methods [22)23|25/52] are highly susceptible to background
shortcuts and global semantic biases, suffering severe performance degradation
on unseen interactions. Benefiting from the fine-grained residual disentanglement
of the CORD module and the spatial detail aggregation of the SLF mechanism,
DRIC effectively overcomes this bottleneck. It maintains high discriminative
power even for completely unseen actions (UV) or rare combinations (RF-UC).

Beyond zero-shot scenarios, DRIC inherently enhances fully supervised de-
tection. As detailed in Tab. [2] our method achieves a leading Full mAP of 36.30
and Non-rare mAP of 36.56 on HICO-DET, alongside a peak AP22. of 65.7
on V-COCO. While LAIN marginally leads the Rare category, these compre-
hensive results demonstrate that explicitly disentangling interaction cues uni-
versally strengthens visual representations and interaction discrimination, even
given complete annotations.

4.3 Ablation Study

We perform ablation studies under the HICO-DET UV (Unseen Verb) set-
ting to evaluate the zero-shot generalization capability of our method when en-
countering entirely novel actions.
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Table 2: Performance under fully supervised settings. Evaluation is conducted
on the HICO-DET and V-COCO datasets. For V-COCO, we report AP, under
Scenario 2. The best results are highlighted in bold.

Method HICO-DET V-COCO
Full Rare Non-rare APZ32
CMMP 25| 32.26 33.53 33.24 61.2
LAIN [22] 36.02 35.70 36.11 65.1

DRIC (Ours) 36.30 35.44 36.56 65.7

Table 3: Performance under the UC Table 4: Effectiveness of compo-

setting. Comparison with state-of-the- nents. Ablation studies evaluated under
art methods on Unseen Composition. the UV setting.
Method Unseen Seen Full HM CORD SLF Unseen Seen Full
- - 24.88 31.06 30.19

CMMP |25] 29.60 32.39 31.84 30.93

125 v - 28.58 33.95 33.20
LAIN |22] 31.64 35.04 34.36 33.25 . v 9719  32.87 32.07
DRIC 32.58 35.73 34.70 34.08 v v 29.49 34.67 33.95

Effectiveness of Components. As shown in Tab. [ the baseline model
yields limited performance on unseen verbs (an mAP of 24.88). Incorporating
CORD significantly improves the mAP on unseen categories to 28.58, validating
its capability to explicitly decouple fine-grained interaction cues from global
semantic biases. Adding SLF separately also mitigates background shortcuts,
raising the mAP on unseen categories to 27.19. Notably, the full DRIC framework
(CORD + SLF) achieves the best results across all metrics. This demonstrates
that the residual disentanglement of CORD and the multi-scale evidence recovery
of SLF are highly complementary.

Analysis of CORD Mechanism. We evaluate different projection strate-
gies in the CORD module. As shown in Tab. [5] heuristic operations like feature
concatenation or subtraction yield sub-optimal unseen mAPs of 28.41 and 28.05,
respectively, under the UV setting. Even dynamic cross-attention falls short. In
contrast, our orthogonal projection achieves the highest unseen mAP of 29.49.
This confirms that geometrically projecting features onto the null space of global
prototypes is essential to explicitly decouple fine-grained residual details from
global semantic biases, effectively overcoming the feature-level representational
bottleneck.

Impact of SLF Strategy. Table[f]shows the impact of fusing features from
different layers. Relying solely on the final layer (L12) yields a limited unseen
mAP of 28.57, validating our observation that deep representations are highly
susceptible to background domination. By aggregating features across all layers
(L1-L12), the unseen mAP peaks at 29.49. This progression demonstrates that
stratified fusion successfully recovers critical contact-level details preserved in
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Table 5: CORD projection strategy:.
Comparing the orthogonal strategy with
heuristic strategies.

Table 6: SLF layer strategy. Evalu-
ated under the UV setting. L: Layer in-
dex of ViT-B/16.

Strategy Unseen Seen Full Fused Layers Unseen Seen Full
Concat. 28.41 33.46 32.75 L12 28.58  33.95 33.20
Subtract. 28.05 3291 32.23 L1-L6 + L12 28.85  34.16 33.42
CrossAttn. 28.86  34.09 33.36 L6-L12 29.03  34.31 33.57
Orthogonal 29.49 34.67 33.95 L1-L12 29.49 34.67 33.95

Table 7: Ablation on training strate-
gies. Evaluated under the UV setting on
HICO-DET.

Table 8: Robustness to background
perturbations. Measured in Full mAP.
A | denotes the drop rate.

Strategy Unseen Seen Full Model Original Perturbed A |

R Baseline 30.19 26.49 12.26%
One-Stage Joint 28.78 33.9 33.18 LAIN [22] 33.12 31.04  3.56%
two-stage 29.49 34.67 33.95 DRIC (Ours) 33.95  33.21 2.18%

shallow and intermediate layers, guiding the focus of the model toward actual
interactions rather than spurious scene co-occurrences.

Necessity of the Two-Stage Training Paradigm. As stated in the in-
troduction, the efficacy of hierarchical fusion inherently depends on a robust
foundation of high-quality local cues. Table [7] quantitatively validates this pro-
gressive paradigm. A naive one-stage joint training approach yields a limited
unseen mAP of 28.78 and a Full mAP of 33.18. By explicitly decoupling the op-
timization process, our two-stage strategy elevates the unseen mAP to 29.49 and
Full mAP to 33.95. This performance gap confirms that establishing fine-grained
features via the disentangling module first is critical to prevent fusion gradients
from prematurely interfering with the orthogonal projection subspace.

Robustness Against Scene Co-Occurrence Bias. One of the goals of
DRIC is to mitigate background shortcuts and ensure robust cross-scene trans-
fer. We explicitly quantify this in Tab. [§] by replacing original test backgrounds
with task-irrelevant scenes. The baseline model suffers a severe 12.26% perfor-
mance drop, verifying its habitual reliance on background shortcuts. While LAIN
reduces this drop to 3.56%, DRIC demonstrates superior robustness with a min-
imal drop rate of 2.18% and a perturbed Full mAP of 33.21. This provides
compelling evidence that our framework successfully suppresses spurious corre-
lations, ensuring that the final decisions rely strictly on actual interaction-centric
visual evidence.

4.4 Qualitative Results

To intuitively understand how DRIC improves zero-shot HOI detection, we vi-

sualize the activation maps derived from the final interaction score via Grad-
CAM [39] in Fig.
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Fig. 5: Qualitative comparison of class activation maps using Grad-CAM
[39]. We visualize the activation maps from the final interaction score.

As observed in the Top Row, the baseline model exhibits a strong global bias
and relies heavily on background shortcuts. It is consistently distracted by the
salient environmental context rather than the actual interaction. For instance,
the baseline incorrectly anchors its decisions on the trees in the snowboarding
scene (first column), the race track (second column), and the water or railings
in the sitting scene (fourth column). Furthermore, in cluttered multi-person sce-
narios (third column), the baseline fails to isolate the active agents, with its
activation spreading diffusely across background pedestrians.

In contrast, as shown in the Bottom Row, our DRIC framework gener-
ates sharp, instance-specific activation maps. The model precisely attends to
the critical regions responsible for the actual interactions, such as the contact
points between the human and the snowboard, the hands manipulating the bicy-
cle wheels, and the specific location of the bench. This qualitative visualization
provides compelling evidence that our method successfully learns fine-grained,
discriminative interaction cues, thereby ensuring robust zero-shot transferability
without relying on spurious context shortcuts.

5 Conclusion

In this work, we present DRIC, a novel framework designed to enhance the
fine-grained representation capability of CLIP for zero-shot HOI detection. To
overcome the prevalent limitations of global semantic bias and background short-
cut learning, we introduce two complementary components. First, the Context-
Orthogonal Residual Disentangling (CORD) module explicitly decouples and
reintegrates fine-grained interaction cues via orthogonal projection. Second, the
Stratified Local Fusion (SLF) mechanism aggregates multi-layer features to re-
cover essential spatial details and suppress background reliance. Extensive ex-
periments on the HICO-DET benchmark demonstrate that DRIC establishes a
new state-of-the-art across all zero-shot evaluation settings.
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