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 a b s t r a c t

Open-vocabulary video visual relationship detection (VidVRD) aims to expand video visual relationship detection 
beyond annotated categories by detecting unseen relationships between both seen and unseen objects in videos. 
Existing approaches primarily focus on adapting static image-text models (e.g., CLIP) via visual prompting but 
pay limited attention to the intrinsic visual-semantic gap and optimization instability in dynamic video contexts. 
To overcome this, we propose a Semantic-Guided Framework with Decoupled Optimization (SAGE) to decou-
ple explicit semantic reasoning from robust classifier adaptation. Due to the static nature of pre-trained image 
encoders, low-level visual features often fail to capture subtle spatio-temporal action cues, leading to semantic 
ambiguity in distinguishing visually similar but semantically different interactions. We introduce a Multimodal 
LLM-based Semantic Teacher as a semantic information source to establish explicit semantic reasoning, extract-
ing structured descriptions that are integrated with visual representations via cross-attention, thereby reduc-
ing the spatio-temporal gap. Furthermore, instance-level visual representations in videos are highly susceptible 
to visual noise (e.g., motion blur, occlusion). In existing instance-conditioned methods, this noise propagates 
into learnable prompts, causing semantic drift, classification inconsistency, and poor generalization to novel 
categories. To mitigate this noise sensitivity, we propose a Decoupled Class-Aware Prompting strategy. Unlike 
instance-conditioned methods, this module utilizes a Textual Knowledge Embedding network to transform stable 
class-level text embeddings into adaptive prompts, effectively mitigating semantic drift caused by visual noise. 
Extensive experiments on VidVRD and VidOR datasets validate that the proposed method achieves state-of-the-
art performance, with significant gains on the challenging novel relationship categories.

1.  Introduction

Video Visual Relationship Detection (VidVRD) represents a funda-
mental challenge in computer vision, aiming to parse complex scenes by 
identifying relational interactions between objects across temporal se-
quences (Shang et al., 2017). While traditional methods have shown suc-
cess in closed-set scenarios (Gao et al., 2022a; Li et al., 2021; Liu et al., 
2020), their inability to generalize beyond pre-defined categories has 
motivated the crucial shift towards Open-Vocabulary VidVRD (Open-
VidVRD) (Gao et al., 2023).This generalization capability is particularly 
important given the growing demand for relationship understanding in 
applications such as hierarchical image retrieval (Ji et al., 2024), visual 
context learning for retrieval tasks (Qin et al., 2022), and visual ques-
tion answering systems (Kim et al., 2021). The advent of large-scale 
vision-language models (VLMs) (Jia et al., 2021; Li et al., 2023, 2022b; 
Pham et al., 2023; Radford et al., 2021) like CLIP (Radford et al., 2021) 
has been a catalyst for this field, offering powerful, generalizable se-
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mantic representations learned from vast image-text corpora. However, 
adapting the static, image-centric knowledge of VLMs to the dynamic, 
compositional nature of video relationships presents a distinct set of 
formidable challenges (Gao et al., 2022b; Gu et al., 2021; Kuo et al., 
2022; Ni et al., 2022; Weng et al., 2023; Xu et al., 2023).

Existing Open-VidVRD frameworks (Gao et al., 2022a; Ni et al., 
2022), despite their progress, typically adopt a Visual Prompting 
paradigm to adapt CLIP. While effective in closed scenarios, these meth-
ods encounter two critical limitations when scaling to open-vocabulary 
settings, primarily due to inherent constraints in alignment and opti-
mization (Herzig et al., 2023; Yuksekgonul et al., 2022; Zang et al., 
2022; Zhou et al., 2022a), as summarized in Fig. 1. These challenges can 
be summarized as: a) Semantic Ambiguity in Implicit Alignment. A funda-
mental bottleneck arises because existing methods rely on CLIP’s image 
encoder, which is pre-trained on static images and lacks the inherent 
ability to capture dynamic video relationships. Consequently, directly 
applying such context-blind encoders to videos often leads to semantic 
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Fig. 1. Comparison of our semantic-guided framework with existing ap-
proaches. Previous methods (left) suffer from limited semantic context in vi-
sual features and unstable instance-based prompting. Our approach (right) in-
troduces: (1) MLLM-based semantic teacher that extracts multi-perspective re-
lational descriptions to enhance visual features through cross-attention, and (2) 
stable class-guided prompting mechanism. This design achieves improved ro-
bustness and generalization performance.

ambiguity, where the model struggles to distinguish visually similar but 
semantically distinct interactions (e.g., stand_next_to vs. stop_next_to dis-
tinguished by temporal motion history, or play vs. fight distinguished 
by interaction intent) due to the absence of temporal reasoning; b) Se-
mantic Drift due to Coupled Optimization. Furthermore, existing methods 
(e.g., OV-MMP Yang et al., 2024) face optimization instability caused 
by Image-conditional Prompt Tuning. Relying on direct guidance from 
instance-level visual features (Zang et al., 2022; Zhou et al., 2022a) 
makes learnable prompts highly susceptible to visual noise (e.g., mo-
tion blur, occlusion). This coupling causes visual noise to propagate di-
rectly into the prompt embedding, triggering Semantic Drift,where the 
prompt absorbs irrelevant visual noise patterns instead of maintaining 
the stable class semantics. This leads to classification inconsistency and 
significantly weakens the generalization capability toward novel rela-
tionship categories.

To overcome these bottlenecks, we propose SAGE, a Semantic-
Guided Framework with Decoupled Optimization. Inspired by the cogni-
tive process of separating explicit reasoning from classification, our ap-
proach systematically decouples semantic understanding from classifier 
adaptation. This design philosophy raises two fundamental questions: 
1) Why do we need an explicit Semantic Teacher instead of implicit feature 
refinement? 2) Why is Class-Aware Prompting superior to Image-conditional 
Prompt Tuning for video generalization?

We answer the first question. In complex video scenes, relationship is 
often an abstract concept defined by intent and causality. Implicit align-
ment (Herzig et al., 2023; Yuksekgonul et al., 2022) fails to capture 
this. We employ a Multimodal LLM-based Semantic Teacher (e.g., Kan 
et al., 2023; Wang et al., 2024b) to serve as an explicit semantic bridge, 
providing structured relational descriptions as auxiliary semantic con-
text rather than supervisory signals.Instead of relying solely on feature-
level adaptation, this module extracts structured, multi-perspective rela-
tional descriptions. This high-level semantic information is incorporated 
into the visual pipeline via cross-attention, providing explicit seman-
tic context that complements visual features and facilitates the model-
ing of subtle spatio-temporal cues that are otherwise easily overlooked. 
(challenge a).

We answer the second question. The limitation of Image-conditional 
Prompt Tuning lies in its sensitivity to visual variance (Zang et al., 
2022; Zhou et al., 2022a). To mitigate this, we introduce a Decoupled 
Class-Aware Prompting strategy. Unlike methods that generate prompts 
from volatile visual instances, we utilize a Textual Knowledge Embed-
ding (TKE) network (Yao et al., 2024a; Zhou et al., 2022b) to trans-
form stable class-level Predicate Embeddings into adaptive prompts. 
This mechanism establishes independent and stable Semantic Anchors 
that remain invariant to visual noise, effectively mitigating the semantic 

drift inherent in coupled optimization and ensuring robust generaliza-
tion (challenge b).

In summary, our contributions are threefold:

• We identify and analyze two critical bottlenecks in current Open-
VidVRD methods: semantic ambiguity in implicit alignment and se-
mantic drift in coupled optimization. We propose a novel framework 
that addresses these issues through a Decoupled Optimization strat-
egy.

• To bridge the visual-semantic gap, we propose an MLLM-based Se-
mantic Teacher. By leveraging explicit semantic reasoning to com-
pensate for the lack of temporal dynamics, it significantly enhances 
the representation of fine-grained spatio-temporal interactions.

• To mitigate semantic drift induced by visual noise, we introduce a 
Decoupled Class-Aware Prompting strategy. By utilizing TKE to an-
chor prompts on stable class semantics, it effectively reduces noise 
sensitivity and achieves state-of-the-art performance, particularly on 
long-tail novel categories.

2.  Related work

2.1.  Video visual relationship detection

Video visual relationship detection aims to identify temporal ob-
ject interactions within video sequences, requiring sophisticated under-
standing of both spatial configurations and temporal evolution patterns. 
The pioneering work (Shang et al., 2017) introduces the ImageNet-
VidVRD dataset and establishes a three-stage detection framework that 
integrates trajectory features, spatial positions, and semantic classifi-
cations. Subsequently, the research landscape is dominated by spatio-
temporal modeling approaches that capture evolving object interac-
tions. Graph-based methodologies (Liu et al., 2020; Qian et al., 2019) 
represent videos as interconnected structures, employing graph convolu-
tional networks for relationship reasoning, while recent advances (Cong 
et al., 2021) utilize spatial Transformer encoders coupled with temporal 
decoders for comprehensive spatiotemporal context modeling.Addition-
ally, methods focusing on global context and pairwise-level fusion have 
shown promise in capturing complex interaction patterns (Wang et al., 
2024a). As computational efficiency becomes paramount, architecture 
innovations shift toward unified frameworks. Query-based methodolo-
gies (Zheng et al., 2022) introduce autoregressive stage integration and 
single-stage approaches (Jiang et al., 2024) consolidate classification 
and segmentation to achieve end-to-end optimization.

In parallel, relationship refinement developments focus on im-
proving detection quality through various mechanisms. Iterative ap-
proaches (Shang et al., 2021) enable triplet components to inform each 
other, while decomposition techniques (Chen et al., 2021) break com-
plex multi-frame relationships into manageable single-frame interac-
tions. To address dataset imbalances, researchers propose meta-learning 
frameworks (Xu et al., 2022) and adaptive weighting schemes (Lin et al., 
2024) that mitigate bias issues. Contemporary research emphasizes de-
pendency modeling sophistication, with methods (Cao & Huang, 2023; 
Zhang et al., 2024) capturing intricate correlations among predicate 
components and integrating contextual knowledge embedding for en-
hanced relationship understanding. Nevertheless, a critical limitation 
emerges across these approaches: they operate within predetermined 
categorical boundaries, thereby constraining their deployment in dy-
namic real-world environments where novel relationships frequently 
emerge.

2.2.  Open-vocabulary visual relationship detection

The transition from closed-set to open-vocabulary recognition has 
fundamentally expanded the scope of visual understanding. Recent 
comprehensive surveys (Wu et al., 2024a) and generative frameworks 
like DetCLIPv3 (Yao et al., 2024b) have established solid foundations 
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for detecting novel concepts in static images. Building on this, Open-
Vocabulary Video Visual Relationship Detection (Open-VidVRD) ex-
tends these capabilities to dynamic scenes, addressing the distributional 
imbalances and temporal complexities inherent in video domains.

Initial progress has emerged from image-based foundations that es-
tablish the conceptual framework for open-vocabulary relationship de-
tection. Early works (He et al., 2022) have pioneered prompt-based fine-
tuning approaches, while subsequent methods (Li et al., 2022b) leverage 
BLIP for relationship triplet generation through sophisticated prompting 
strategies. Further developments (Li et al., 2024; Yu et al., 2023) en-
hance visual relationship detection through composite visual cues and 
visually-prompted language models for fine-grained scene graph gener-
ation. Recent efforts (Zhao et al., 2023) have unified visual relationship 
detection through integrated vision-language model architectures.

Knowledge-centric solutions have attempted to bridge semantic gaps 
between training and deployment scenarios. Approaches (Cao & Huang, 
2023) employ contextual knowledge embedding, while methods (Yuan 
et al., 2023) enhance relational language-image pre-training through 
improved scaling strategies.Recent advances in human-object interac-
tion detection have also explored vision-language integration for zero-
shot recognition (Xue et al., 2025), demonstrating the potential of cross-
modal knowledge transfer for relationship understanding. However, 
fundamental challenges persist in knowledge base constraints that limit 
comprehensive semantic understanding capabilities.

Video-specific open-vocabulary solutions have remained nascent 
compared to their image counterparts. Foundational work [5] has es-
tablished compositional prompt tuning with motion cues, while recent 
methods like OV-MMP (Yang et al., 2024) explore multi-modal prompt-
ing strategies. More recently, UASAN (Wu et al., 2024b) attempts to 
bridge the modality gap by explicitly aligning visual union regions with 
predicate concepts via a bridge encoder. However, a critical limitation 
persists in these approaches. While methods like UASAN incorporate 
union regions to enhance spatial context, they rely on implicitly learn-
ing semantic correspondence through feature concatenation. This ap-
proach remains susceptible to the semantic ambiguity inherent in vi-
sual features, lacking the explicit reasoning capabilities required to 
distinguish complex interaction intents (e.g., distinguishing aggressive 
hit from friendly touch). Unlike them, our SAGE framework introduces a 
semantic injection mechanism that incorporates external semantic con-
text generated by an MLLM.The MLLM is used to produce structured 
relational descriptions that are integrated with visual representations 
via cross-attention, providing explicit semantic cues to alleviate seman-
tic ambiguity.

2.3.  Prompt learning for vision-language models

The democratization of large-scale vision-language models has 
revolutionized adaptation strategies, making sophisticated visual un-
derstanding accessible without extensive retraining requirements. 
Foundation models (Li et al., 2022b; Radford et al., 2021) and other 
architectures (Alayrac et al., 2022; Luo et al., 2020) have established 
powerful semantic representations through large-scale multi-modal
learning, providing the foundation for various downstream adaptation 
techniques.

Textual prompt optimization has emerged as the primary adapta-
tion strategy. Early works (Zhou et al., 2022b) have pioneered learnable 
prompt vectors that replace hand-crafted templates, while subsequent 
developments (Zhou et al., 2022a) address generalization concerns 
through conditional prompt generation with Meta-Net architectures for 
instance-specific adaptation. Knowledge-guided approaches (Yao et al., 
2023) incorporate contextual optimization to preserve pre-trained se-
mantic structures, and regularization mechanisms (Zhu et al., 2023a,b) 
have been developed for robust adaptation that prevents catastrophic 
forgetting.

Beyond textual approaches, multi-modal optimization has sought 
to leverage the full potential of vision-language models through joint 

adaptation strategies. Recent methods (Khattak et al., 2023) exem-
plify joint optimization across visual and textual encoders, improving 
cross-modal knowledge transfer for multi-task scenarios. Visual prompt-
ing methods (Jia et al., 2022) investigate learnable token integra-
tion into visual encoders as alternative adaptation strategies. Advanced 
prompting methodologies have emerged to address specific limitations 
in conventional approaches, with knowledge-enhanced methods (Kan 
et al., 2023) incorporating external knowledge for generalizable vision-
language models and optimal transport approaches (Chen et al., 2023) 
applying theoretical frameworks for prompt learning optimization.

Concurrently, emerging research has focused on lightweight MLLMs 
(e.g., MobileVLM V2 Chu et al., 2024 and TinyLLaVA Jia et al., 2024) 
to enable direct video-to-text inference with reduced latency. However, 
we identify two critical limitations in these prevailing paradigms. First, 
regarding efficiency, Open-VidVRD is a dense prediction task. Even 
lightweight MLLMs incur prohibitive computational costs when exe-
cuted repeatedly for numerous object pairs compared to visual encoders. 
Second, instance-conditional approaches (Yang et al., 2024) employ a 
coupled optimization strategy, where prompts are directly conditioned 
on visual inputs. As we argue in this work, this coupling makes the model 
highly vulnerable to visual noise(e.g., motion blur), leading to seman-
tic drift. Distinct from methods that rely on run-time MLLM inference 
or coupled optimization, SAGE proposes a Training-time Semantic In-
jection and a Decoupled Class-Aware Prompting strategy. We strictly 
separate prompt generation from visual instances to mitigate drift and 
utilize the MLLM serves as an offline semantic generator, ensuring high 
inference efficiency.

3.  Methodology

3.1.  Problem definition

Open-vocabulary video visual relationship detection aims to iden-
tify relational triplets in video sequences beyond predefined categori-
cal constraints. Given a video sequence 𝑉 = {𝐼𝑡}𝑇𝑡=1 with 𝑇  frames, the 
objective is to detect relationship instances represented as quintuples 
𝑅 = (𝑠, 𝑝, 𝑜, 𝑇𝑠, 𝑇𝑜), where 𝑠, 𝑝, and 𝑜 denote subject, predicate, and ob-
ject categories respectively, while 𝑇𝑠 and 𝑇𝑜 represent their correspond-
ing spatio-temporal trajectories defined as sequences of bounding boxes 
{𝐵𝑠𝑡 } and {𝐵𝑜𝑡 } spanning from 𝑡𝑠𝑡𝑎𝑟𝑡 to 𝑡𝑒𝑛𝑑 .

Following established open-vocabulary protocols, the categorical 
space is partitioned into base and novel subsets: base object categories 
𝐶𝑏𝑜 , novel object categories 𝐶𝑛𝑜 , base relationship categories 𝐶𝑏𝑝 , and 
novel relationship categories 𝐶𝑛𝑝 . The training procedure exclusively uti-
lizes base categories {𝐶𝑏𝑜 , 𝐶𝑏𝑝}, while evaluation encompasses both base 
and novel categories to assess generalization capabilities toward un-
precedented relationship understanding.

3.2.  Overview

We propose the Semantic-Guided Framework with Decoupled Op-
timization, a novel architecture engineered to systematically address 
the challenges of open-vocabulary video relationship detection. As illus-
trated in Fig. 2, our framework is composed of three specialized mod-
ules that progressively construct and refine relational understanding, 
thereby enhancing both model stability and generalization capabilities.

Semantic Teacher-Guided Enhancement serves as our foundational 
component, where the Φ𝑠𝑒𝑚 module leverages a Multimodal Large Lan-
guage Model (MLLM) to generate comprehensive textual descriptions. 
This produces a “semantic teacher” 𝐹𝑡𝑒𝑥𝑡 that provides structured guid-
ance:

𝐹𝑡𝑒𝑥𝑡 = Φ𝑠𝑒𝑚(𝑉 ) (1)

Building upon this semantic foundation, our Advanced Spatio-
Temporal Relationship Modeling component employs the Ψ𝑠𝑡 module 
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Fig. 2. The architecture of our semantic-guided framework with decoupled optimization (SAGE).The framework systematically separates semantic enhancement 
from classifier optimization. The (I) semantic teacher-guided enhancement module generates textual descriptions to use as guidance, which in turn conditions the 
(II) advanced spatio-temporal relationship modeling module’s creation of a robust visual representation. The process culminates in the (III) class enhancement 
relationship prediction module, which employs a novel decoupled prompt tuning strategy to create a dynamic and accurate textual classifier.

to construct semantically-aware visual representations. The key inno-
vation lies in using cross-attention mechanisms where 𝐹𝑡𝑒𝑥𝑡 guides the 
enhancement of visual features 𝐹𝑣𝑖𝑠, which are then processed by spatio-
temporal transformers integrating motion cues 𝐹𝑚𝑜𝑡:
𝑉𝑣𝑟 = Ψ𝑠𝑡(CrossAttn(𝑄 = 𝐹𝑡𝑒𝑥𝑡, 𝐾, 𝑉 = 𝐹𝑣𝑖𝑠), 𝐹𝑚𝑜𝑡) (2)

Finally, Class Enhancement Relationship Prediction represents our 
most novel contribution, where the Ω𝑝𝑟𝑜𝑚𝑝𝑡 module generates dynamic 
textual classifiers through a sophisticated decoupled optimization strat-
egy. This approach employs a dual-path mechanism: a TKE network pro-
cesses class embeddings 𝑊𝑐𝑙𝑖𝑝 to distill textual knowledge embeddings, 
while learnable prompt tokens are contextualized through knowledge 
injection at intermediate Text Encoder layers:
𝐹 ′
𝐿 = Ω𝑝𝑟𝑜𝑚𝑝𝑡(𝑃𝑙𝑒𝑎𝑟𝑛,𝑊𝑐𝑙𝑖𝑝) (3)

3.3.  Semantic teacher-guided enhancement

Textual descriptions provide essential semantic information for un-
derstanding complex visual relationships in video sequences. In open-
vocabulary relationship detection, high-quality semantic guidance is 
crucial for distinguishing subtle inter-object interactions and spatial con-
figurations. Previous work on text-guided generation tasks (Shafir et al., 
2023; Tevet et al., 2022; Zhang et al., 2022) has validated the effec-
tiveness of textual guidance in enhancing feature representations and 
improving generation quality.

We employ ASMv2 (Wang et al., 2024b) as our semantic teacher 
to generate comprehensive relational descriptions. We extract multi-
perspective regional information from input video sequences to capture 
comprehensive relational dynamics. Specifically, ASMv2 processes four 
critical perspectives: subject regions focusing on primary entities, object 

regions emphasizing secondary entities, union interaction areas captur-
ing relational spaces, and global context providing environmental in-
formation.Targeted prompts guide ASMv2 to generate region-specific 
descriptions that emphasize both entity attributes and relational inter-
actions. The multi-perspective descriptions are processed through a text 
encoder to produce unified semantic features 𝐹𝑡𝑒𝑥𝑡, which encode struc-
tured relational semantics from multiple visual perspectives.This seman-
tic teacher provides structured guidance that maintains consistent rela-
tional understanding across diverse visual contexts, and is leveraged to 
condition subsequent spatio-temporal feature enhancement via cross-
attention mechanisms.

3.4.  Advanced spatio-temporal relationship modeling

This component processes multi-modal visual features to cap-
ture comprehensive spatio-temporal relationship dynamics through 
semantically-aware enhancement mechanisms.The input features con-
sist of three distinct parts: Visual Features 𝐹𝑣𝑖𝑠 = {𝑓𝑠, 𝑓𝑜, 𝑓𝑢, 𝑓𝑏}, corre-
sponding respectively to the subject, object, union region enclosing both 
entities to capture interaction context, and background covering the full 
frame to provide global scene context, all extracted via RoI Align from 
the CLIP visual encoder;Motion Features 𝐹𝑚𝑜𝑡, obtained by encoding the 
normalized bounding box trajectories and spatial configurations via a 
projection MLP;Semantic Guidance 𝐹𝑡𝑒𝑥𝑡 from the teacher module. The 
architecture employs a sequential refinement approach to construct ro-
bust visual relationship representations.

Before cross-modal interaction occurs, both semantic and visual fea-
tures undergo independent self-refinement steps. As shown in the dia-
gram, the semantic teacher 𝐹𝑡𝑒𝑥𝑡 and visual features 𝐹𝑣𝑖𝑠 are separately 
processed through attention blocks to produce refined representations 
𝐹 ′
𝑡𝑒𝑥𝑡 and 𝐹 ′

𝑣𝑖𝑠 respectively. This dual self-attention mechanism captures 
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internal contextual relationships within each modality, allowing the 
model to understand both semantic and visual information cohesively 
before their integration.

Building upon these refined features, the core of semantic enhance-
ment lies in the dot cross-attention mechanism, where the refined se-
mantic features 𝐹 ′

𝑡𝑒𝑥𝑡 serve as queries to interact with the refined 
visual features 𝐹 ′

𝑣𝑖𝑠 and generate attention-weighted visual representa-
tions. The resulting attention feature 𝐹𝑎𝑡𝑡 is then integrated back into 
the visual feature stream via a residual connection:
𝐹𝑎𝑡𝑡 = CrossAttn(𝑄 = 𝐹 ′

𝑡𝑒𝑥𝑡, 𝐾 = 𝐹 ′
𝑣𝑖𝑠, 𝑉 = 𝐹 ′

𝑣𝑖𝑠) (4)

𝐹𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑 = 𝐹𝑣𝑖𝑠 + 𝐹𝑎𝑡𝑡 (5)

This design ensures that semantic guidance acts as an additive re-
finement to existing visual features, enriching them without overwriting 
crucial original visual information.

The fully enhanced, semantically-aware features are then processed 
to model relationships across space and time through a dual-transformer 
architecture, following the established design of existing methods (Gao 
et al., 2023; Yang et al., 2024). The spatial transformer serves a dual 
purpose: specialized portions of its output, corresponding to subject 
and object streams, are extracted to form feature 𝐹{𝑠,𝑜} which is used 
directly for subject and object classification tasks as indicated in the 
framework diagram. Simultaneously, the complete spatially-aware fea-
ture maps output by this transformer form a temporal sequence denoted 
as Sequence: {𝐹 𝑡′𝑠𝑝}𝑡′=𝑡−1,𝑡,𝑡+1, which serves as input for subsequent tem-
poral modeling.

The temporal transformer receives this sequence of frame-level spa-
tial features and analyzes their evolution over time, producing two crit-
ical outputs. First, an interaction confidence score 𝐿𝑖𝑛𝑡 is computed to 
quantify the likelihood of meaningful interactions.It is obtained via a bi-
nary classification MLP 𝜓(⋅) applied to the aggregated representations: 
𝑦̂𝑖𝑛𝑡 = 𝜎(𝜓(𝑉𝑣𝑟)).Second, the final visual relationship representation 𝑉𝑣𝑟
is generated as a compositional vector expressed as:
𝑉𝑣𝑟 = 𝑉 𝑠

𝑣𝑟 ⊕ 𝑉 𝑜
𝑣𝑟 ⊕ 𝑉 𝑢

𝑣𝑟 ⊕ 𝑉 𝑏
𝑣𝑟 (6)

where ⊕ denotes the concatenation operation, and 𝑉 𝑠
𝑣𝑟, 𝑉

𝑜
𝑣𝑟, 𝑉

𝑢
𝑣𝑟, and 𝑉 𝑏

𝑣𝑟
represent embeddings corresponding to the subject, object, union, and 
background streams defined in the input stage.

3.5.  Class enhancement relationship prediction

This component mitigates the critical limitations of traditional 
prompt tuning methods in Open-VidVRD. Existing approaches typically 
employ an Instance-Conditional paradigm, where prompts are generated 
based on real-time visual features. While effective for static images, this 
creates a coupled optimization path in videos: visual noise (e.g., motion 
blur, occlusion) physically propagates into the prompt embedding, caus-
ing semantic drift where prompts overfit to noisy appearances rather 
than maintaining stable class semantics. To resolve this, we propose a 
Decoupled Class-Aware Prompting strategy.

The core innovation lies in structurally decoupling prompt genera-
tion from volatile visual instances. Instead of conditioning on unstable 
image features, we introduce a Textual Knowledge Embedding (TKE) 
network. This module performs dynamic prompt generation conditioned 
solely on the stable semantic definition of relationship categories. Given 
the pre-trained CLIP textual embeddings 𝑊𝑐𝑙𝑖𝑝 for relationship cate-
gories, our TKE transforms this general knowledge into discriminative, 
class-specific prompt tokens. This design enables the model to maintain 
robust performance across both seen and novel categories by leveraging 
inherent semantic structures.

Our TKE network employs a bottleneck architecture to efficiently 
transfer semantic knowledge. It consists of two sequential transforma-
tions: a downward projection that compresses the high-dimensional 
CLIP embeddings into a compact semantic representation, followed by 

an upward projection that expands this representation into prompt to-
kens suitable for text encoder integration:
𝜏1, 𝜏2,… , 𝜏𝑀 = TKE(𝑊𝑐𝑙𝑖𝑝) (7)

where 𝜏𝑖 represents the generated prompt tokens and 𝑀 denotes the 
prompt length. Crucially, this design achieves structural decoupling. 
Unlike previous methods which rely on instance-specific visual in-
puts (modeling 𝑃 (Prompt|Image)), our TKE models the probability as 
𝑃 (Prompt|Class). Since the input 𝑊𝑐𝑙𝑖𝑝 is invariant to visual noise, the 
prompt generation process is mathematically independent of video per-
turbations. This ensures that the generated prompt acts as a stable Se-
mantic Anchor, maintaining consistency across different video frames 
regardless of visual fluctuations.

The generated class-aware prompts are strategically inserted into in-
termediate layers of the text encoder, specifically at layer 𝓁, where se-
mantic representations have sufficiently evolved to benefit from class-
specific enhancement. This insertion process can be formalized as:
𝐹 ′
𝓁 = TextEncoder1∶𝓁−1([𝑃𝑙𝑒𝑎𝑟𝑛,𝑊𝑐𝑙𝑎𝑠𝑠])⊕ [𝜏1, 𝜏2,… , 𝜏𝑀 ] (8)

𝐹 ′
𝐿 = TextEncoder(𝓁+1)∶𝐿(𝐹 ′

𝓁) (9)

where 𝑃𝑙𝑒𝑎𝑟𝑛 represents learnable prompt tokens, 𝑊𝑐𝑙𝑎𝑠𝑠 denotes class 
tokens, ⊕ indicates the insertion operation, and 𝐹 ′

𝐿 represents the final 
enhanced textual embeddings.

During training, the core output of this component is the enhanced 
relationship textual embeddings 𝐹 ′

𝐿, which serve as dynamic relation-
ship classifiers. These enhanced embeddings enable relationship predic-
tion through similarity computation with the input visual relationship 
representation 𝑉𝑣𝑟. Additionally, to maintain consistency between the 
generated class-aware prompts and original CLIP knowledge, the system 
computes a knowledge-guided consistency loss, which measures the se-
mantic alignment between the enhanced embeddings and the original 
CLIP textual embeddings. This design ensures that the model can gener-
ate relationship classifiers with stronger discriminative capability while 
maintaining coherence with pre-trained knowledge.

This decoupled optimization strategy maintains the stability of 
pre-trained components while allowing targeted enhancement of 
relationship-specific knowledge, resulting in improved generalization to 
novel relationship categories without compromising performance on fa-
miliar relationships.

3.6.  Training objectives

The training of our framework consists of four parts: a relationship 
classification loss 𝐿𝑟𝑒𝑙, an object classification loss 𝐿𝑜𝑏𝑗 , an interaction 
detection loss 𝐿𝑖𝑛𝑡, and a knowledge-guided consistency loss 𝐿𝑘𝑔 . The 
overall training loss is given by:
𝐿 = 𝐿𝑟𝑒𝑙 + 𝛼𝐿𝑜𝑏𝑗 + 𝛽𝐿𝑖𝑛𝑡 + 𝛾𝐿𝑘𝑔 (10)

where 𝛼, 𝛽, and 𝛾 represent balance factors.
Relationship Classification Loss. Given the visual relationship rep-

resentation 𝑉𝑣𝑟 and the enhanced textual embeddings 𝐹 ′
𝐿, the prediction 

score of the relationship category 𝑟 is calculated by:

𝑦̂𝑟𝑒𝑙𝑟 = 𝜎

(

𝑉𝑣𝑟 ⋅ 𝐹 ′
𝐿,𝑟

𝜏

)

(11)

where 𝜎(⋅) is the sigmoid function, 𝜏 is the temperature parameter, and 
both features are L2-normalized. The relationship classification loss is 
formulated by using the focal loss to address class imbalance:

𝐿𝑟𝑒𝑙 =
1
𝑁

𝑁
∑

𝑖=1
FocalLoss(𝑦̂𝑟𝑒𝑙𝑖 , 𝑦𝑟𝑒𝑙𝑖 ) (12)

where 𝑁 is the number of training samples, 𝑦̂𝑟𝑒𝑙𝑖  is the predicted rela-
tionship score, and 𝑦𝑟𝑒𝑙𝑖  is the ground-truth relationship label.
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Object Classification Loss. To avoid the visual feature drift caused 
by spatio-temporal modeling, we introduce an object classification loss 
to enforce the visual features to maintain object distinguishing capabil-
ity. The similarity between the visual features and the text features of 
object category 𝑐 is calculated by 𝑦̂𝑜𝑏𝑗𝑐 = 𝑉𝑜𝑏𝑗 ⋅𝑊𝑜𝑏𝑗,𝑐

𝜏 . The object classifica-
tion loss is computed using the cross-entropy loss:
𝐿𝑜𝑏𝑗 = CE(𝑦̂𝑠𝑏𝑗 , 𝑦𝑠𝑏𝑗 ) + CE(𝑦̂𝑜𝑏𝑗 , 𝑦𝑜𝑏𝑗 ) (13)

where 𝑦̂𝑠𝑏𝑗 and 𝑦̂𝑜𝑏𝑗 are the predicted subject and object similarities, and 
𝑦𝑠𝑏𝑗 and 𝑦𝑜𝑏𝑗 denote the ground-truth category labels.

Interaction Detection Loss. There may be no annotated relation-
ships between some subjects and objects, that is, there is no interaction. 
For each pair of subject and object, if there are any relationship cat-
egories between them, we set the ground-truth interaction by 𝑦𝑖𝑛𝑡 = 1, 
otherwise 𝑦𝑖𝑛𝑡 = 0. To learn this interaction existence, we predict the 
interaction probability by 𝑦̂𝑖𝑛𝑡 = 𝜎(𝜓(𝑉𝑣𝑟)), where 𝜓(⋅) denotes the inter-
action classifier. The interaction loss is computed using the focal loss:

𝐿𝑖𝑛𝑡 =
1
𝑇

𝑇
∑

𝑡=1
FocalLoss(𝑦̂𝑖𝑛𝑡𝑡 , 𝑦

𝑖𝑛𝑡
𝑡 ) (14)

where 𝑇  represents the number of temporal clips.
Knowledge-Guided Consistency Loss. To maintain consistency be-

tween the generated class-aware prompts and original CLIP knowledge, 
the system computes a knowledge-guided consistency loss, which mea-
sures the semantic alignment between the enhanced embeddings and the 
original CLIP textual embeddings. The consistency loss is formulated as:

𝐿𝑘𝑔 = 1 − 1
𝑁𝑐

𝑁𝑐
∑

𝑖=1

𝐹 ′
𝐿,𝑖 ⋅𝑊𝑐𝑙𝑖𝑝,𝑖

||𝐹 ′
𝐿,𝑖|| ⋅ ||𝑊𝑐𝑙𝑖𝑝,𝑖||

(15)

where 𝑁𝑐 denotes the number of relationship categories, ensuring that 
the learning process does not deviate from the semantic space of the 
pre-trained model.

Two-Stage Training Strategy. Our training follows a progressive 
optimization schedule. In the first stage, we train the spatio-temporal re-
lationship modeling components while keeping the text encoder frozen, 
enabling the visual encoder to learn effective relationship represen-
tations. In the second stage, we freeze the visual feature extraction 
modules and optimize the class enhancement components, allowing for 
targeted adaptation of textual representations without compromising 
learned visual features.

4.  Experiment

4.1.  Dataset and evaluation

Datasets. We conduct experiments on two benchmark datasets: Vid-
VRD (Shang et al., 2017) and VidOR (Shang et al., 2019). The VidVRD 
dataset comprises 1000 video clips, with 800 videos allocated for train-
ing and 200 for testing, encompassing 35 object categories and 132 re-
lationship categories. The VidOR dataset consists of 10,000 videos, dis-
tributed as 7000 for training, 835 for validation, and 2165 for testing, 
spanning 80 object categories and 50 relationship categories.

Evaluation Settings. Following the protocol established by OV-
MMP (Yang et al., 2024), we partition categories into base and novel 
sets based on their occurrence frequency. Frequent object and relation-
ship categories are designated as base categories, while infrequent ones 
constitute novel categories. Model training is conducted exclusively on 
base categories. We employ two evaluation protocols: (1) Novel-split 
evaluation, which examines performance on all object categories paired 
with novel relationship categories; (2) All-split evaluation, which en-
compasses the complete set of object and relationship categories, serv-
ing as the comprehensive evaluation benchmark. Experiments are per-
formed on the VidVRD test set and VidOR validation set, as ground-truth 
annotations for the VidOR test set remain unavailable. Additionally, to 

eliminate the influence of trajectory detection errors, we conduct sup-
plementary evaluations using ground-truth object trajectories, thereby 
isolating the relationship detection performance with perfectly localized 
objects.

Evaluation Tasks. Adhering to the standard protocols of the VidVRD 
benchmark, we evaluate our framework on three tasks distinguished 
by the availability of ground-truth (GT) annotations. These tasks are 
designed to decouple the performance of trajectory localization, object 
recognition, and predicate prediction. Scene Graph Detection (SGDet):
As the primary end-to-end task, it requires the model to jointly pre-
dict object trajectories, categories, and relationship predicates from raw 
videos without any ground-truth priors. We use SGDet to assess the 
framework’s holistic capability in real-world scenarios. Scene Graph 
Classification (SGCls): A diagnostic setting where GT trajectories are 
provided. The model predicts both object categories and relationship 
predicates for the given tracks. This effectively isolates recognition per-
formance from localization errors, evaluating the model’s classification 
ability assuming perfect tracking. Predicate Classification (PredCls):
A strictly diagnostic task where both GT trajectories and GT object labels 
are provided. The model solely predicts relationship predicates. This set-
ting evaluates the pure semantic reasoning capability of the relationship 
classification module, eliminating interference from both localization 
and object classification errors.

Evaluation Metrics. We employ mean Average Precision (mAP) 
and Recall@K (R@K) with 𝐾 ∈ {50, 100} as our evaluation metrics for 
relationship detection performance. A detected relationship triplet is 
deemed correct when it matches a ground-truth triplet and achieves an 
Intersection over Union (IoU) score exceeding the threshold of 0.5.

4.2.  Implementation details

We extract keyframes at 30-frame intervals across all video se-
quences to balance computational efficiency with temporal coverage. 
For dynamic object detection, we employ the MEGA framework (Chen 
et al., 2020) initialized with ResNet-50 (He et al., 2016) backbone pa-
rameters to perform per-frame object detection, subsequently applying 
the DeepSORT tracking algorithm (Wojke et al., 2017) to establish con-
tinuous spatiotemporal trajectories and generate coherent object track-
lets for feature extraction. Our architecture adopts the frozen ViT-B/16 
variant of CLIP as the visual encoder to preserve pre-trained visual-
semantic representations.The Advanced Spatio-Temporal Relationship 
Modeling component integrates 1 Transformer block for VidVRD exper-
iments and 2 blocks for VidOR dataset processing, each equipped with 
8-head multi-attention mechanisms and 0.1 dropout probability for reg-
ularization. For language prompting, we allocate 8-token representa-
tions for both learnable continuous prompts and conditional prompts, 
positioning the [CLS] token at 75% of the total sequence length to opti-
mize contextual information aggregation. Training adopts the AdamW 
optimizer (Loshchilov & Hutter, 2017) with an initial learning rate of 1e-
3, implementing a multi-step decay schedule that applies 0.1 reduction 
factors at training epochs 15, 20, and 25 respectively. All experimental 
procedures are conducted with a batch size of 32 on a single NVIDIA 
GeForce RTX 4090 GPU.

4.3.  Comparison results

We conduct comprehensive experimental evaluation by compar-
ing our proposed method against several state-of-the-art approaches 
in open-vocabulary video scene graph generation, including ALPro (Li 
et al., 2022a), VidVRD-II (Shang et al., 2021), RePro (Gao et al., 2023), 
UASAN (Wu et al., 2024b), and OV-MMP (Yang et al., 2024). The evalu-
ation encompasses three primary tasks: Scene Graph Detection (SGDet), 
Scene Graph Classification (SGCls), and Predicate Classification (Pred-
Cls), assessed using standard metrics including mean Average Precision 
(mAP), Recall at 50 (R@50), and Recall at 100 (R@100) under both 
novel-split and all-split configurations. Experiments are conducted on 
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Table 1 
Results of different methods on the VidVRD dataset.
 Split  Method  SGDet  SGCls  PredCls

 mAP  R@50  R@100  mAP  R@50  R@100  mAP  R@50  R@100
 Novel  ALPro  0.98  2.79  4.33  3.69  7.27  8.92  4.09  9.42  10.41

 VidVRD-II  3.11  7.93  11.38  5.70  13.22  18.34  7.35  18.84  26.44
 RePro  5.87  12.75  16.23  10.32  19.17  25.28  12.74  25.12  33.88
 UASAN  11.05  13.88  18.35  14.50  23.14  30.58  17.62  28.93  36.53
 OV-MMP  12.15  13.72  15.21  17.57  21.98  28.43  21.14  30.41  37.85
 Ours  17.82  17.67  19.17  18.33  28.49  31.72  22.31  31.57  39.51

 All  ALPro  3.03  2.57  3.11  3.92  3.88  4.75  4.97  4.50  5.79
 VidVRD-II  12.66  9.72  12.50  17.26  14.93  19.68  19.73  18.17  24.90
 RePro  21.12  12.63  15.42  30.15  19.75  25.00  34.90  25.50  32.49
 UASAN  23.57  15.90  19.23  32.24  25.03  31.07  38.43  30.01  37.13
 OV-MMP  22.10  13.26  16.08  29.38  23.56  28.89  38.08  30.47  37.46
 Ours  28.61  17.21  19.94  30.45  23.69  30.92  39.05  31.46  38.69

Table 2 
Results of different methods on the VidOR dataset. For ALPro, VidVRD-II, and RePro, only the results of 
R@50 and R@100 on the SGCls and PredCls tasks are available from their original papers.
 Split  Method  SGDet  SGCls  PredCls

 mAP  R@50  R@100  mAP  R@50  R@100  mAP  R@50  R@100
 Novel  ALPro  –  –  –  –  3.17  3.74  –  8.35  9.79

 VidVRD-II  –  –  –  –  1.44  2.01  –  4.32  4.89
 RePro  –  –  –  –  2.01  2.30  –  7.20  8.35
 UASAN  –  –  –  –  2.31  3.46  –  6.05  8.65
 OV-MMP  0.84  1.44  1.44  2.40  5.48  6.92  3.58  9.22  11.53
 Ours  1.55  5.76  4.33  2.48  5.54  7.02  3.98  10.77  12.41

 All  ALPro  –  –  –  –  0.95  1.32  –  2.61  3.66
 VidVRD-II  –  –  –  –  9.40  12.78  –  24.81  34.11
 RePro  –  –  –  –  10.03  12.91  –  27.11  35.76
 UASAN  –  –  –  –  10.15  13.32  –  27.36  37.06
 OV-MMP  7.15  6.54  8.29  24.00  23.04  30.14  38.52  33.44  43.80
 Ours  10.24  7.26  9.82  24.12  23.23  30.17  38.75  34.68  43.95

two benchmark datasets: VidVRD and VidOR. Note that due to the un-
availability of publicly accessible models or implementations for Re-
Pro (Gao et al., 2023) and UASAN (Wu et al., 2024b) on the SGDet task 
of the VidOR dataset, we do not report their results on this particular 
dataset.

Tables 1 and 2 present the quantitative comparison results on the 
VidVRD and VidOR datasets, respectively. Based on the experimen-
tal findings, we derive several important insights: (1) Our method 
achieves competitive or superior performance compared to baseline 
approaches on the majority of tasks and datasets, demonstrating the 
effectiveness of our semantic teacher-guided enhancement framework
combined with advanced spatio-temporal relationship modeling. The 
integration of multimodal large language models (MLLM) for semantic 
guidance and learnable prompt-based text encoding enables more ro-
bust feature representations for both seen and unseen categories. (2) 
The most remarkable achievement of our approach lies in its strong 
generalization ability to unseen categories in open-vocabulary scenar-
ios. On the VidVRD dataset’s novel-split evaluation, our method at-
tains 17.82% mAP on SGDet compared to UASAN’s (Wu et al., 2024b) 
11.05% (61% relative improvement), 18.33% mAP on SGCls versus 
UASAN’s 14.50% (26% enhancement), and 22.31% mAP on PredCls 
against UASAN’s 17.62% (27% gain). This superior zero-shot perfor-
mance highlights the effectiveness of our class enhancement relation-
ship prediction module, which leverages meta-networks and adaptive 
text encoders to bridge the semantic gap between visual features and 
textual concepts through learnable prompt tuning, enabling robust gen-
eralization to previously unseen relationship categories. (3) On the all-
split evaluation, our method maintains strong performance with no-
table improvements on most metrics, achieving 28.61% mAP on SGDet 
(vs. UASAN’s Wu et al., 2024b 23.57%) and 39.05% mAP on Pred-
Cls (vs. UASAN’s 38.43%). However, on SGCls, UASAN (Wu et al., 

2024b) slightly outperforms our approach (32.24% vs. 30.45%), indi-
cating that our method may face challenges when dealing with complex 
scenes containing multiple overlapping relationships in seen categories. 
On the VidOR dataset, our approach demonstrates consistent improve-
ments, achieving 1.55% mAP on novel-split SGDet (vs. OV-MMP’s Yang 
et al., 2024 0.84%) and 10.24% mAP on all-split SGDet (vs. OV-MMP’s 
7.15%).The absolute numerical gains on VidOR appear suppressed due 
to two primary factors. First, VidOR focuses on compositional novelty, 
where the marginal returns of semantic reasoning are naturally lower 
compared to the intent-heavy VidVRD. Second, the dataset suffers from 
inherent annotation noise, characterized by coarse temporal boundaries 
and missing labels, which often penalize precise predictions. Despite 
these challenges, our method achieves a remarkable ∼85% relative im-
provement over OV-MMP on SGDet and a 140% gain over UASAN on 
SGCls. This confirms that SAGE maintains superior performance and ro-
bustness even in noisy environments where universal metric suppression 
exists.

4.4.  Ablation studies

Effectiveness of Progressive Component Integration. To vali-
date the necessity of each core component in our framework, we con-
duct comprehensive ablation studies by systematically removing key 
modules from our complete model. As demonstrated in Table 3, the 
progressive integration of components reveals clear performance im-
provements, particularly evident in novel category scenarios. Spatial-
temporal modeling forms the foundation of our approach. The removal 
of spatial modeling (w/o Spa) yields the most significant performance 
drop, demonstrating that understanding spatial relationships between 
objects is fundamental for accurate relationship detection. Without tem-
poral modeling (w/o Tem), the system shows improved performance 
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Table 3 
Ablation analysis of progressive component integra-
tion on the VidVRD dataset.Note that we add linear 
layers to keep similar amount parameters when spatial 
or temporal modules are absent. “Spa”, “Tem”, “SE”, 
and “CE” denote spatial transformer, temporal trans-
former, semantic enhancement, and class enhance-
ment, respectively.
 Component  Novel  All

 SGDet  PredCls  SGDet  PredCls
 w/o Spa  12.10  15.41  24.27  36.39
 w/o Tem  13.92  17.54  26.79  36.73
 w/o SE  15.04  19.83  26.35  37.10
 w/o CE  16.70  19.88  27.39  35.83
 Ours  17.82  22.31  28.61  39.05

compared to spatial-only modeling, indicating that capturing tempo-
ral dynamics provides additional valuable information for relationship 
understanding. The combination of both spatial and temporal mod-
eling establishes a strong baseline for our framework. Semantic en-
hancement bridges visual and textual understanding. The integration 
of MLLM-guided semantic enhancement (comparing w/o SE to w/ SE) 
shows meaningful improvements, particularly in novel-split scenarios. 
This validates our hypothesis that explicit semantic guidance helps the 
model better understand relationship concepts beyond pure visual ap-
pearance, enabling more effective cross-modal knowledge transfer. Class 
enhancement enables open-vocabulary generalization. The final com-
ponent, class enhancement through learnable prompt tuning and meta-
network guidance, provides the crucial capability for handling unseen 
categories. The performance gain from w/o CE to the complete model is 
particularly pronounced in novel-split evaluation, confirming that adap-
tive text encoding and knowledge preservation mechanisms are essen-
tial for zero-shot relationship detection. The consistent performance im-
provements across all evaluation metrics validate our incremental de-
sign philosophy, where each module builds upon previous capabilities 
to create a comprehensive framework for open-vocabulary video scene 
graph generation.

Effect of Different MLLM Backbones. To investigate the impact of 
different multimodal architectures on relational understanding perfor-
mance, we conduct comprehensive ablation studies comparing ASMv2 
with BLIP-2 and baseline configurations without MLLM components. As 
presented in Table 4, experimental results consistently demonstrate that 
the specialized architecture of ASMv2 achieves superior performance 
compared to BLIP-2 across all evaluation metrics. This performance gain 
can be attributed to the unified relation modeling framework of ASMv2, 
which effectively integrates visual grounding capabilities with relational 
reasoning processes within a single architecture. In contrast to the con-
ventional approach of BLIP-2 that predominantly emphasizes holistic 
image understanding, ASMv2 explicitly captures spatial relationships 
and object interactions through its structured relation representation 
mechanism. The ability of the model to concurrently process object enti-
ties alongside their relational contexts enables more robust comprehen-
sion of complex spatial configurations and dynamic interactions. Fur-
thermore, we adopt ASMv2 over larger language models (e.g., Llama-2) 
due to computational efficiency considerations and output quality re-
quirements, as larger models typically generate verbose and redundant 
descriptions that can introduce unwanted noise in downstream feature 
extraction applications.

Effectiveness of Multi-Modal Fusion Strategies.To determine the 
optimal approach for integrating semantic textual features with visual 
trajectory representations in spatio-temporal relationship modeling, we 
evaluate different fusion strategies within our framework. Our proposed 
method employs dot cross-attention mechanisms to effectively fuse se-
mantic description features generated by ASMv2 with visual motion 
features from object trajectories. As presented in Fig. 3, we compare 

Table 4 
Comparison of different MLLM backbones for semantic en-
hancement on the VidVRD dataset.
 MLLM Backbone  Novel  All

 SGDet  PredCls  SGDet  PredCls
 No MLLM  15.04  19.83  26.35  37.10
 BLIP-2  17.61  21.12  27.79  37.94
 ASMv2  17.82  22.31  28.61  39.05

Fig. 3. Ablation study on different fusion strategies.

various fusion strategies on the VidVRD dataset. Baseline approaches 
include simple summation (Sum) and direct concatenation (Concat) 
of multi-modal features before feeding into the spatio-temporal trans-
former. The gated fusion method adaptively controls the contribution 
weights of different modalities through learnable gating mechanisms. 
Experimental results demonstrate that our cross-attention fusion strat-
egy consistently outperforms all alternative approaches across evalua-
tion scenarios. This superior performance stems from the cross-attention 
mechanism’s ability to dynamically select and weight relevant semantic 
textual features based on visual trajectory information, thereby enabling 
more precise relationship modeling and prediction in subsequent spatio-
temporal transformers.

Visualizing Semantic Stability. To empirically substantiate the 
limitations of image-conditional prompts, we provide a t-SNE visual-
ization on the test set (Fig. 4). We randomly selected six predicate 
categories and randomly sampled video frames within them, ensur-
ing the inclusion of diverse environmental variations such as diverse 
lighting conditions, motion blur, and viewpoints. As illustrated, the 
baseline (a) exhibits scattered distributions and significant inter-class 
overlap, confirming that instance-specific visual features introduce 
substantial noise and semantic drift. Conversely, our class-aware ap-
proach (b) yields compact and well-separated clusters. This demon-
strates that by prioritizing stable category-level semantics over volatile 
instance contexts, our method effectively maintains feature discrim-
inability and enhances open-vocabulary generalization even under com-
plex visual perturbations.

Effectiveness of Class-Aware Prompt Generation. We evaluate 
our decoupling strategy by comparing existing methods with the pro-
posed class-aware strategy (Table 5). While existing methods rely on 
volatile instance-level visual features, our strategy anchors prompt gen-
eration to stable category-specific text embeddings. As shown, our 
method yields significant improvements, particularly in novel scenar-
ios (+1.12 in SGDet and +2.43 in PredCls). This confirms that decou-
pling prompts from visual appearance effectively mitigates instance-
level noise and semantic drift, thereby providing superior generalization 
for open-vocabulary relationship detection.

Effectiveness of Adapter Integration Mechanisms. To investigate 
the optimal configuration for incorporating adapter modules within 
our framework, we conduct ablation studies examining different com-
binations of visual and textual adapters. As presented in Table 6, we 
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Fig. 4. Comparison of t-SNE visualization between image-conditional prompt 
tuning and class-aware prompt tuning.

Table 5 
Ablation study on prompt generation strategy on the Vid-
VRD dataset.
 Prompt Strategy  Novel  All

 SGDet  PredCls  SGDet  PredCls
 Image-Cond  16.70  19.88  27.39  35.83
 Class-Aware  17.82  22.31  28.61  39.05
 Improvement  +1.12  +2.43  +1.22  +3.22

Table 6 
Ablation study for adapter integration mechanisms 
on the VidVRD dataset. “Vis” and “Txt” denote visual 
adapter and text adapter, respectively.
 Vis  Txt  Novel  All

 SGDet  PredCls  SGDet  PredCls
 17.29  20.51  26.58  34.54

✓  17.30  20.72  26.67  34.80
✓  17.67  21.89  26.76  37.62

✓ ✓  17.82  22.31  28.61  39.05

evaluate three distinct configurations: utilizing only the visual adapter, 
employing solely the textual adapter, and integrating both adapters 
simultaneously. The experimental results reveal that the textual 
adapter demonstrates superior performance compared to the visual 
adapter when employed independently. Specifically, the textual adapter 
achieves higher scores across all evaluation metrics, suggesting its 
enhanced capability in capturing semantic relationships within the 
spatio-temporal modeling framework. Furthermore, the simultaneous 
deployment of both visual and textual adapters yields the most substan-
tial performance improvements across all evaluation scenarios. This syn-
ergistic effect indicates that the visual and textual adapters capture com-
plementary aspects of multimodal information, with the visual adapter 
focusing on spatial-temporal dynamics while the textual adapter em-
phasizes semantic relationship understanding. The combined approach 
effectively leverages the strengths of both modalities, resulting in more 
comprehensive feature representations that enhance overall relationship 
prediction accuracy.

Effect of Meta-Network Bottleneck Dimension.We investigate the 
impact of bottleneck dimension in our meta-network architecture, with 
results presented in Table 7. Setting the dimension to 64 yields the best 
performance across evaluation metrics. Lower dimensions result in de-
graded performance as the compressed representation lacks sufficient 
capacity to preserve essential semantic information during knowledge 
transfer. Conversely, higher dimensions show diminishing returns due to 
increased parameter redundancy that may introduce noise and overfit-

Table 7 
Ablation study for meta-network bottleneck dimension on 
the VidVRD dataset. The dimension represents the hidden 
layer size in the meta-network architecture.
 Bottleneck Dim  Novel  All

 SGDet  PredCls  SGDet  PredCls
 32  16.47  21.84  28.12  38.82
 64  17.82  22.31  28.61  39.05
 128  17.34  21.72  27.66  38.44
 256  16.56  21.64  27.74  38.90

Table 8 
Ablation study for meta-network integration position on 
the VidVRD dataset. The layer indicates where class-aware 
prompts are inserted in the CLIP text encoder.
 Integration Layer  Novel  All

 SGDet  PredCls  SGDet  PredCls
 2  16.98  21.28  27.42  38.32
 4  17.03  21.41  27.59  38.35
 6  17.82  22.31  28.61  39.05
 8  17.11  21.81  27.66  38.79
 10  17.12  21.59  27.32  38.27

Table 9 
Ablation study on different prompt template initialization 
strategies.

 Init Type  Novel  All
 SGDet  PredCls  SGDet  PredCls

 Fixed  16.29  21.86  27.97  38.96
 Learnable  16.92  21.75  27.29  37.63
 Domain-specific  17.82  22.31  28.61  39.05
 Random Init  17.37  21.47  27.69  38.54

ting, particularly given the limited training data in few-shot scenarios. 
The 64-dimensional configuration strikes an optimal balance between 
representational adequacy and parameter efficiency.

Effect of Meta-Network Integration Position. Our meta-network 
approach requires determining where to insert class-aware prompts 
within the text encoder layers. We examine prompt insertion across 
different transformer layers, with results presented in Table 8. Layer 
6 delivers optimal performance for our framework. Inserting prompts 
at earlier layers fails to effectively leverage the evolved semantic repre-
sentations, while insertion at later layers disrupts the final embedding 
stabilization process. Layer 6 represents the sweet spot where semantic 
features are sufficiently developed for meaningful class-aware enhance-
ment.

Effectiveness of Prompt Template Initialization. Our analysis of 
different prompt initialization strategies is presented in Table 9. The re-
sults clearly indicate that a domain-specific initialization, using the 
template “Two entities in video sequence,” consistently achieves the 
best performance across all metrics. Generic, hand-crafted prompts are 
less effective, regardless of being frozen or learnable, because their se-
mantic starting point is poorly aligned with the video relationship task. 
While random initialization serves as a competitive baseline, it lacks 
the beneficial inductive bias of a domain-relevant template, resulting 
in suboptimal performance. These findings confirm that a carefully cho-
sen, domain-specific prompt is crucial for providing an effective starting 
point that guides the optimization process toward a more robust solu-
tion.

Efficiency Comparison.To assess the computational efficiency of 
SAGE, we compare its parameter count and inference speed with the 
OV-MMP on the VidVRD dataset. As shown in Table 10, despite a mod-
erate increase in model size, SAGE achieves substantially higher infer-
ence speed under both SGDet and PredCls settings. This improvement 
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Fig. 5. Qualitative examples of our model’s prediction results. For each sequence, we compare our model’s predictions (Ours) against the ground truth (GT). 
Relationship triplets that are incorrectly detected or classified by our model are enclosed in red boxes.

Fig. 6. Side-by-side comparison of failure cases.

primarily stems from the category-level semantic conditioning in SAGE, 
which avoids redundant per-pair computation required by the base-
line’s image-conditioned prompting. Notably, although SAGE leverages 
an MLLM (ASMv2) during training to generate semantic features, these 
features are pre-computed offline and do not incur additional runtime 
cost during inference.

4.5.  Cross-dataset evaluation

To rigorously evaluate the model’s generalization capability on truly 
unseen and rare relational concepts, we conduct a cross-dataset evalu-
ation. We train the model on the base categories of the VidOR dataset 
and evaluate it directly on the VidVRD dataset, excluding overlapping 
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Table 10 
Comparison of model complexity and inference 
speed between the OV-MMP and the proposed 
SAGE on the VidVRD dataset. Despite a moder-
ately larger model size, SAGE achieves substan-
tially higher inference speed under both SGDet 
and PredCls settings.
 Model  Params (M)  Inference Speed (FPS)

 SGDet  PredCls
 OV-MMP  47.03  6.28  5.79
 Ours  55.64  121.62  139.24

Table 11 
Comparison of cross-dataset trans-
ferred models on the SGDet task 
of the VidVRD dataset. Models are 
trained on VidOR and tested on Vid-
VRD.

 Setting  Method  mAP
 Cross dataset  ALPro  0.29

 VidVRD-II  0.88
 RePro  1.11
 OV-MMP  1.14
 Ours  3.42

training categories. This setting introduces substantial challenges: only 
18 VidVRD object categories and 14 relationship categories appear in 
VidOR’s novel split, while 17 objects and 118 relationships remain non-
overlapping. Furthermore, the temporal dynamics differ vastly, with Vi-
dOR videos averaging 34.6 s compared to just 9.7 s in VidVRD. These 
significant discrepancies serve as a stringent test for generalizing to un-
familiar video scenes.

The results are presented in Table 11. SAGE achieves 3.42% mAP 
on this challenging split, significantly outperforming the strong base-
line OV-MMP (1.14%) by approximately 200%. The substantial relative 
margin demonstrates that our Class-Aware Prompting mechanism learns 
robust, semantic-rich representations, effectively bridging the gap to un-
familiar and rare concepts.

4.6.  Qualitative analysis

To provide an intuitive understanding of our model’s capabilities, 
we present several qualitative examples in Fig. 5, which illustrate our 
model’s performance in diverse scenarios by comparing its predictions 
(Ours) against the ground truth (GT). Our method demonstrates strong 
performance in recognizing multiple, simultaneous relationships. For in-
stance, in Figure 5(a) and (b), the model successfully detects combina-
tions of static spatial relations and fine-grained interactions, showcasing 
its robust comprehension abilities in common scenarios. However, the 
limitations of our model become apparent in scenes with significant vi-
sual ambiguity, such as those with heavy occlusion or highly similar 
objects (Figure 5(c) and dummyTXdummy-( 5(d)). In these challeng-
ing situations, the model’s ability to distinguish between highly similar 
predicates is compromised, occasionally confusing complex dynamic ac-
tions with simpler static states or other similar motions.To investigate 
these limitations systematically, we conducted a post-hoc manual in-
spection on a subset of 100 sampled failure cases. This analysis reveals 
that while the baseline model frequently suffers from semantic misalign-
ment, our method effectively suppresses such errors, with the major-
ity of remaining failures stemming from inevitable occlusion or spatial 
ambiguity. Complementing the qualitative results in Fig. 5, we present 
representative side-by-side comparisons selected from this analysis in 
Fig. 6. These examples specifically categorize the errors into occlusion-
induced versus semantic misalignment types, providing a more compre-
hensive understanding of the model’s failure modes.

5.  Conclusion

We presents SAGE, a Semantic-Guided Framework with Decoupled 
Optimization, which addresses two fundamental challenges in open-
vocabulary video visual relationship detection: semantic ambiguity 
caused by implicit visual-semantic alignment, and semantic drift aris-
ing from coupled, instance-conditioned prompt optimization.our ap-
proach decouples explicit semantic reasoning from classifier adapta-
tion by introducing a training-time multimodal semantic teacher and 
a class-aware prompt optimization strategy. This design effectively im-
proves semantic discriminability while maintaining high inference ef-
ficiency.Extensive experiments on the VidVRD and VidOR benchmarks 
demonstrate that SAGE achieves state-of-the-art performance, with par-
ticularly strong gains on novel relationship categories, validating its 
effectiveness in challenging open-vocabulary settings.Despite these im-
provements, our analysis reveals that while SAGE substantially reduces 
errors caused by high-level semantic misalignment, a large portion of 
remaining failures stem from low-level perceptual challenges, and spa-
tial misalignment between interacting objects. These limitations sug-
gest that further advances in spatio-temporal perception and geometry-
aware reasoning are necessary.Future work will explore more robust 
modeling of occlusion and spatial dynamics, as well as extending the 
proposed decoupled semantic-guided paradigm to broader video-and-
language tasks, such as dense video captioning and complex event un-
derstanding.
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