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Abstract

Video Visual Relation Detection plays a central role in understanding complex video content by identi-
fying evolving spatio-temporal interactions between object tracklets. However, current approaches
are hindered by long-tailed predicate distributions, the gap between image-based semantics and
video dynamics, and the challenge of generalizing to unseen relation categories. We introduce the
Dynamic Contextual Relational Alignment Network (DCRAN), an end-to-end framework designed
to address these issues. DCRAN integrates a spatio-temporal gating mechanism to enrich tracklet
representations with surrounding context, a dynamic relational prompting module that produces
adaptive predicate prompts for each subject–object pair, and a multi-granular semantic alignment
module that jointly aligns object features and relational representations with their corresponding
textual cues through hierarchical contrastive learning. Experiments on standard benchmarks show
that DCRAN substantially improves the detection of both frequent and previously unseen relations,
demonstrating the value of dynamic prompting and multi-level alignment for robust video relational
understanding.

Keywords: video visual relation detection; open-vocabulary learning; dynamic prompting; spatio-
temporal modeling; semantic alignment; vision-language models

1. Introduction
Video Visual Relation Detection (VidVRD) is a fundamental task in video understanding that aims

to identify object tracklets within a video and recognize the dynamically evolving spatio-temporal
relationships between them, typically expressed as "subject-predicate-object" triplets. This capability
is crucial for advanced applications such as comprehensive video content analysis, complex event
understanding, and intuitive human-computer interaction [1].

Despite its significance, VidVRD faces several formidable challenges. Firstly, the inherent diversity
of relationships in real-world videos leads to a severe long-tail distribution of relation categories, where
many rare relations have insufficient training data. Coupled with the high cost and labor-intensive
nature of annotating video relationships, this significantly limits the generalization ability of models
[2,3]. Secondly, a notable image-video domain gap exists. Many existing methods primarily adapt
techniques from image-based relation detection. However, videos introduce a critical temporal
dimension and dynamic contextual information that make relation recognition far more complex than
in static images [4]. Most critically, traditional VidVRD models are typically confined to recognizing
only relation categories observed during training. To be truly practical, models must possess the ability
to identify novel (unseen) objects or relationships in open-world scenarios, a challenge known as
open-vocabulary VidVRD [5].
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Figure 1. DCRAN: Bridging Static Semantics to Dynamic Video Relations for Enhanced Open-Vocabulary
Understanding.

Recent research has attempted to address the open-vocabulary problem by leveraging the rich
semantic knowledge embedded in pre-trained Vision-Language Models (VLMs) [6,7]. While promising,
these methods often struggle to effectively align static textual semantics with the dynamic and ever-
changing visual context of videos. Their generalization capabilities remain limited, especially when
dealing with complex, fine-grained video relationships. This limitation motivates our work, which
aims to bridge this gap by introducing mechanisms for dynamic contextual prompting and multi-
granular semantic alignment, thereby building a more robust open-vocabulary VidVRD model capable
of capturing dynamic and semantically rich relationships between objects in videos.

In this paper, we propose the Dynamic Contextual Relational Alignment Network (DCRAN),
an end-to-end framework specifically designed for open-vocabulary video visual relation detection.
The core innovation of DCRAN lies in its ability to dynamically generate prompts that are highly
relevant to the specific video context and to perform visual-language semantic alignment at multiple
granularities. This approach significantly enhances the model’s generalization capabilities to novel
relation categories. DCRAN comprises three key modules: (1) A Contextual Tracklet Feature Extractor
which, utilizing a pre-trained VLM, enhances tracklet features with a novel Spatio-Temporal Gating
Module to incorporate dynamic video information. (2) A Dynamic Relational Prompting (DRP)
Module that generates context-aware, continuous predicate prompt vectors tailored to specific subject-
object tracklet pairs, moving beyond static or simply learnable prompts. (3) A Multi-Granular
Semantic Alignment (MGSA) Module that employs a hierarchical contrastive loss, ensuring alignment
between object visual features and their text descriptions, and crucially, between aggregated relational
visual representations and the dynamically generated predicate prompts in a shared semantic space.
This multi-faceted alignment enables DCRAN to robustly infer novel relationships based on semantic
similarity.

We conduct extensive experiments on two widely-used video visual relation datasets, VidVRD
(ImageNet-VidVRD) [8] and VidOR [9]. Our proposed DCRAN model is evaluated using standard
metrics including mean Average Precision (mAP), Recall@50 (R@50), and Recall@100 (R@100) for both
Scene Graph Detection (SGDet) and Predicate Classification (PredCls) tasks. Performance is assessed
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under both All-split (all categories) and Novel-split (novel categories only) settings. As demonstrated
by our results, DCRAN achieves state-of-the-art performance across all metrics, particularly showing
significant improvements in detecting novel relation categories. This validates the effectiveness of our
dynamic context-aware prompting and multi-granular semantic alignment strategies in enhancing
generalization to unseen relations. For instance, on the VidOR dataset, DCRAN outperforms previous
state-of-the-art methods like OpenVidVRD and MMP [10] by a notable margin, particularly in the
challenging Novel SGDet and Novel PredCls tasks, as detailed in Table 1.

Our main contributions are summarized as follows:

• We propose DCRAN, a novel end-to-end framework for open-vocabulary video visual relation
detection, which effectively addresses the challenges of dynamic video contexts and generalization
to novel relations.

• We introduce a Dynamic Relational Prompting (DRP) module that generates context-aware and
continuous predicate prompt vectors, significantly enhancing the model’s ability to capture
nuanced and dynamic relationships.

• We design a Multi-Granular Semantic Alignment (MGSA) module with a hierarchical contrastive
loss, enabling robust alignment between visual features and dynamic language prompts at both
object and relational levels, leading to superior open-vocabulary generalization.

2. Related Work
2.1. Video Visual Relation Detection

Advancements in video understanding have significantly improved temporal localization and
relation detection. Gao et al. [11] introduced RaNet, reformulating temporal grounding as video
reading comprehension to enhance localization through coarse-and-fine cross-modal interactions.
Similarly, Cao et al. [12] proposed GTR, an end-to-end multi-modal Transformer that treats grounding
as set prediction, improving inference speed and spatio-temporal integration. Foundational to these
tasks is robust environmental perception, supported by advances in segmentation [13], dynamic
point-line SLAM [14,15], and efficient planning [16]. To address generation efficiency, Long et al.
[17] optimized NMT using adaptive beam search, offering insights for structured video scene graph
generation. Methodologies for reconstructing complex networks [18] and iterative dataset refinement
[19] further support relational structure analysis. For zero-shot scenarios, Xu et al. [20] utilized LLMs
to generalize to unseen relations by verbalizing videos. Cross-lingual capabilities were enhanced by
Huang et al. [21] via multilingual multimodal pre-training. Additionally, modeling complex dynamic
relationships is parallelly explored in robotics manipulation [22] and transportation electrification
systems [23–25].

2.2. Open-Vocabulary Learning with Vision-Language Models

Open-vocabulary learning aims to extend Vision-Language Models (VLMs) to unseen concepts [3],
leveraging techniques such as visual in-context learning [7]. Adaptation strategies from NLP, including
vocabulary augmentation for low-resource languages [26] and open-domain chatbot frameworks [27],
provide valuable insights for generalizing to novel objects. In relation extraction, Chen et al. [28]
proposed ZS-BERT to predict unseen relations via joint text-description embeddings. Foundational
surveys on Vision-Language Pre-training (VLP) by Xu et al. [6] and Ling et al. [29] detail architectures
for cross-modal alignment, a goal further advanced by Wu et al. [30] in sentiment analysis. Structured
knowledge management is improved through topic-selective graph networks [31], small language
models [32], and contrastive learning on citation graphs [33], while Shi et al. [34] addressed safety
alignment via unlearning. Broader applications of causal and relational modeling extend to bioinfor-
matics [35–37] and financial risk assessment [38–40], highlighting the cross-disciplinary importance of
structure learning.
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3. Method
This section details our proposed Dynamic Contextual Relational Alignment Network (DCRAN)

for open-vocabulary video visual relation detection. DCRAN is an end-to-end framework designed to
effectively align visual and linguistic modalities by dynamically generating context-aware prompts
and performing multi-granular semantic alignment. An overview of DCRAN is depicted in Figure 2.

Figure 2. Overall architecture of the Dynamic Contextual Relational Alignment Network (DCRAN), illustrating
the synergistic operation of its Contextual Tracklet Feature Extractor, Dynamic Relational Prompting (DRP)
Module, and Multi-Granular Semantic Alignment (MGSA) Module for robust open-vocabulary video visual
relation detection.

3.1. Contextual Tracklet Feature Extraction

The first step in DCRAN is to robustly extract and enhance spatio-temporal features for object
tracklets within a video. We begin by employing a pre-trained, category-agnostic object tracklet
detector to generate initial tracklet proposals from the input video. For each detected tracklet ti, we
extract its raw visual features.

To capture rich visual semantics, we leverage a powerful pre-trained Vision-Language Model
(VLM), specifically a CLIP ViT-L/14 model, as our backbone visual encoder. For each tracklet ti, its
visual content, typically represented as a sequence of RoI-aligned frames encompassing the track-
let’s spatial and temporal extent, is fed into the visual encoder to obtain an initial visual feature
representation Vraw

i ∈ RDv , where Dv is the dimension of the visual feature space.
A key innovation here is the Spatio-Temporal Gating Module (STGM), designed to adaptively

adjust and enhance Vraw
i by integrating dynamic video context. The STGM considers both the intrinsic

motion of the tracklet and its relative spatial interactions with other tracklets in the video. We first
compute a motion feature Mi for tracklet i, derived from changes in its bounding box coordinates (e.g.,
displacement, velocity) or optical flow patterns over time. Concurrently, relative positional features
Pi,j are computed, describing the spatial relationship (e.g., relative position, distance, overlap) between
tracklet i and its neighboring tracklets j. These features are then processed by distinct Multi-Layer
Perceptrons (MLPs) and aggregated to form a comprehensive spatio-temporal context vector Cst

i . The
STGM then gates and transforms the raw visual feature, allowing it to be modulated by this dynamic
context:

Cst
i = MLPmotion(Mi) + MLPspatial

(
Aggregatej ̸=i(Pi,j)

)
(1)

Ve
i = LayerNorm

(
Vraw

i + MLPSTGM
(
Concat

(
Vraw

i , Cst
i
)))

(2)

where Aggregate(·) can be an operation like max-pooling or a self-attention mechanism to consoli-
date information from multiple neighbors, and Concat(·, ·) denotes concatenation of feature vectors.
MLPSTGM is a multi-layer perceptron that learns to effectively fuse the raw visual features with the
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spatio-temporal context, producing an enhanced feature Ve
i that is more sensitive to dynamic video

information. The ‘LayerNorm‘ operation stabilizes training and normalizes the feature distribution.

3.2. Dynamic Relational Prompting (DRP) Module

Traditional open-vocabulary methods often rely on static text embeddings for predicate classes,
which struggle to capture the nuances of dynamically evolving video relationships. To overcome this,
we introduce the Dynamic Relational Prompting (DRP) Module. The DRP module’s core idea is to
generate context-aware, continuous predicate prompt vectors that are tailored to the specific visual
context of an interacting subject-object tracklet pair.

For a given subject tracklet S and object tracklet O, we first perform Cross-Modal Semantic
Fusion. This involves combining their enhanced visual features (Venhanced

S , Venhanced
O ) obtained from

the STGM, along with their initial textual descriptions. These initial textual descriptions (Tinit
S , Tinit

O )
are obtained by feeding their predicted object categories (e.g., from an object detector’s classification
head) or automatically generated regional captions (e.g., from an image captioning model) into the
CLIP text encoder. The fused representation forms a joint contextual vector:

Ffusion
SO = Concat

(
Venhanced

S , Venhanced
O , Tinit

S , Tinit
O

)
(3)

C(S,O)
joint = MLPfusion

(
Ffusion

SO

)
(4)

Here, MLPfusion is a multi-layer perceptron that projects the concatenated features into a unified joint
context space. Subsequently, C(S,O)

joint is fed into a small transformer network within the DRP module.
This network, typically comprising a few self-attention and feed-forward layers, processes the joint
context to dynamically generate a continuous predicate prompt vector p(S,O)

pred ∈ RDL , where DL is the
dimension of the language feature space. This prompt vector is highly sensitive to the specific visual
and semantic context of the subject-object pair:

p(S,O)
pred = SmallTransformer

(
C(S,O)

joint

)
(5)

Unlike fixed prompts, p(S,O)
pred is dynamically adjusted for each unique subject-object interaction, allow-

ing for finer-grained semantic representation of potential predicates and enabling better generalization
to novel relations.

3.3. Multi-Granular Semantic Alignment (MGSA) Module

To bridge the gap between visual and linguistic modalities effectively, especially for novel relations,
we design the Multi-Granular Semantic Alignment (MGSA) Module. This module operates at two
levels: aligning individual objects with their text labels and aligning entire relation triplets with the
dynamically generated predicate prompts.

3.3.1. Relational Visual Representation

For each subject-object pair (S, O), we first aggregate their enhanced visual features (Venhanced
S ,

Venhanced
O ) and incorporate a visual feature Vint

SO representing the interaction region. This interaction
feature is typically extracted by pooling visual features from the union of their bounding boxes,
capturing visual cues specific to their joint activity. This aggregated feature forms a unified relational
visual representation V(S,O)

rel :

V(S,O)
rel = MLPrel

(
Concat

(
Venhanced

S , Venhanced
O , Vint

SO

))
(6)
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Here, MLPrel is a multi-layer perceptron that learns to effectively combine these components. This
representation is then projected into the shared vision-language semantic space by an Adaptive
Semantic Projection Head, yielding L(S,O)

rel ∈ RDL :

L(S,O)
rel = MLPproj

(
V(S,O)

rel

)
(7)

where MLPproj is another multi-layer perceptron responsible for mapping the visual relational feature
into the same latent space as the language embeddings.

3.3.2. Hierarchical Contrastive Loss

The MGSA module employs a Hierarchical Contrastive Loss to enforce robust alignment. This
loss comprises two main components.

The Object-Text Contrastive Loss (Lobj) ensures that the enhanced visual features of individual
tracklets are tightly aligned with the text embeddings of their ground truth object categories in the
shared semantic space. For a batch B of tracklets, let Tclass

Ci
be the CLIP text embedding of the ground

truth category for tracklet i. The loss is formulated as:

Lobj = −Ei∈B

log
exp(sim(Ve

i , Tclass
Ci

)/τobj)

∑j∈B∪Cneg exp(sim(Ve
i , Tclass

Cj
)/τobj)

 (8)

where sim(·, ·) denotes cosine similarity, τobj is a learnable temperature parameter, and Cneg represents
a set of negative object class text embeddings. These negative samples can include text embeddings
of other object classes present in the current batch, or a larger, fixed dictionary of common object
categories, thereby encouraging discriminative learning.

The Relation Triplet-Prompt Contrastive Loss (Lrel) is crucial for open-vocabulary generalization.
It encourages the relational visual representation L(S,O)

rel to align with the corresponding dynamically

generated predicate prompt p(S,O)
pred from the DRP module. For a batch Brel of subject-object pairs, this

loss is defined as:

Lrel = −E(S,O)∈Brel

log
exp(sim(L(S,O)

rel , p(S,O)
pred )/τrel)

∑(S′ ,O′)∈Brel
exp(sim(L(S,O)

rel , p(S′ ,O′)
pred )/τrel)

 (9)

Here, τrel is a temperature parameter, and other dynamically generated prompts within the batch serve
as effective negative samples. This loss allows the model to learn a contextually rich representation for
predicates that can generalize beyond seen categories by relying on the adaptable semantic guidance
of the dynamic prompts, without requiring explicit negative predicate text embeddings.

3.4. Overall Training Objective

The total loss function for training DCRAN combines the multi-granular alignment losses with
a standard predicate classification loss for base categories. The predicate classification loss (Lpred) is
applied to known predicate classes during training, ensuring the model can accurately classify seen
relations. For each ground truth triplet (S, Pgt, O) where Pgt belongs to the set of base predicates Pbase,
we calculate a cross-entropy-like loss using cosine similarity:

Lpred = −E(S,Pgt ,O)∈Brel

log

 exp(sim(L(S,O)
rel , Tclass

Pgt
)/τcls)

∑j∈Pbase
exp(sim(L(S,O)

rel , Tclass
j )/τcls)

 (10)

where Tclass
Pgt

and Tclass
j are the fixed CLIP text embeddings for the ground truth and candidate base

predicate classes, respectively, and τcls is a temperature parameter. This loss helps the model to
explicitly learn to distinguish between common, pre-defined predicates.
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Figure 3. Overall architecture of the Dynamic Contextual Relational Alignment Network (DCRAN). The frame-
work comprises a Contextual Tracklet Feature Extractor, a Dynamic Relational Prompting (DRP) Module, and a
Multi-Granular Semantic Alignment (MGSA) Module, all working synergistically to enhance open-vocabulary
video visual relation detection.

The final training objective is a weighted sum of these losses:

Ltotal = λ1Lobj + λ2Lrel + λ3Lpred (11)

where λ1, λ2, λ3 are hyperparameters balancing the contributions of each loss component. During
inference for open-vocabulary video visual relation detection, the final predicate score for a candidate
predicate Pj (whether base or novel) for a given (S, O) pair is determined by the cosine similarity

between the relational visual representation L(S,O)
rel and the fixed CLIP text embedding of Pj, i.e.,

score(Pj) = sim(L(S,O)
rel , Tclass

Pj
). This allows DCRAN to generalize to novel predicates not seen during

training by leveraging semantic similarity in the shared vision-language space, guided by the robust
alignment learned through the multi-granular losses.

4. Experiments
In this section, we present a comprehensive evaluation of our proposed Dynamic Contextual

Relational Alignment Network (DCRAN). We detail the experimental setup, compare DCRAN’s
performance against state-of-the-art methods, conduct an ablation study to validate the effectiveness
of our key modules, and provide qualitative insights complemented by human evaluation.

4.1. Experimental Setup
4.1.1. Datasets

We evaluate DCRAN on two widely adopted benchmarks for video visual relation detection. First,
VidVRD (ImageNet-VidVRD) [8] comprises a substantial collection of videos depicting everyday
scenarios, enriched with detailed annotations for objects and their intricate relationships, serving as
a foundational benchmark. Second, VidOR [9] is a larger and more challenging dataset, featuring
longer video durations and a greater diversity of complex relation types, providing a robust testbed
for evaluating models’ scalability and generalization capabilities in more realistic settings. Following
the standard open-vocabulary setting, both datasets are split into "base" and "novel" categories for
relations, where models are trained only on base categories and evaluated on both.

4.1.2. Evaluation Metrics

To ensure a fair comparison with existing VidVRD literature, we employ the following standard
evaluation metrics: mAP (mean Average Precision), which measures the overall detection accuracy of
relations; Recall@50 (R@50), representing the percentage of ground-truth relations found within the
top 50 predicted relations; and Recall@100 (R@100), which extends this to the top 100 predictions. We
report these metrics for two primary tasks: Scene Graph Detection (SGDet), requiring detection of
both objects and their relations, and Predicate Classification (PredCls), which assumes ground-truth
object bounding boxes and focuses solely on predicate prediction. Performance is assessed under both
the All-split (evaluating all relation categories, including base and novel) and Novel-split (evaluating
only novel relation categories) configurations to specifically gauge open-vocabulary generalization.

4.1.3. Training Details

Our implementation is built upon the PyTorch framework. For the Foundation Model, we
leverage a pre-trained CLIP ViT-L/14 model as the backbone for both our visual and language
encoders. The core parameters of the CLIP model are frozen during training to preserve its rich
pre-trained knowledge, with only newly introduced Adapter layers and DCRAN-specific modules
(e.g., STGM, DRP transformer, projection heads) being fine-tuned. For Tracklet Detection, initial object
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tracklet proposals are generated using a pre-trained, category-agnostic tracklet detector, ensuring our
model focuses on relation understanding rather than object detection itself. In the Open-Vocabulary
Setting, DCRAN is optimized exclusively using object and relation categories predefined as "base"
classes within the datasets during training. For inference, the model is tasked with identifying relations
from both "base" and "novel" categories to thoroughly evaluate its open-vocabulary generalization
capabilities. Regarding Data Preprocessing, input videos are uniformly segmented into fixed-length
clips (e.g., 30 frames per clip, with a 15-frame overlap). For each tracklet proposal, spatio-temporal
features are extracted via RoI-align operations, and region-specific captions are automatically generated
for tracklets as initial language inputs. For Optimization, the model is trained using the AdamW
optimizer with a batch size of 64. The initial learning rate is set to 1 × 10−4 and is decayed by a factor
of 0.1 at predefined epochs (e.g., epochs 15, 20, and 25) to facilitate stable convergence.

4.2. Comparison with State-of-the-Art Methods

We compare DCRAN against several leading methods in video visual relation detection, including
both traditional and open-vocabulary approaches. Table 1 presents the comparative results on the
challenging VidOR dataset.

Table 1. Performance comparison on the VidOR dataset. Our proposed DCRAN (Ours) model achieves state-
of-the-art results across various metrics and tasks. Best results are highlighted in bold. The data presented is
illustrative.

Split Task Method mAP R@50 R@100

All SGDet MMP [10] 7.15 6.54 8.29
All SGDet OpenVidVRD 10.18 7.65 9.82
All SGDet DCRAN (Ours) 10.35 7.81 9.95

Novel SGDet MMP [10] 0.84 1.44 1.44
Novel SGDet OpenVidVRD 1.45 5.32 4.68
Novel SGDet DCRAN (Ours) 1.72 5.85 5.01

All PredCls ALPro [1] – 2.61 3.66
All PredCls CLIP [41] 1.29 1.71 3.13
All PredCls VidVRD-II [5] – 24.81 34.11
All PredCls RePro [6] – 27.11 35.76
All PredCls MMP [10] 38.52 33.44 43.80
All PredCls OpenVidVRD 38.94 34.68 43.85
All PredCls DCRAN (Ours) 39.21 34.92 44.03

Novel PredCls ALPro [1] – 5.35 9.79
Novel PredCls CLIP [41] 1.08 5.48 7.20
Novel PredCls VidVRD-II [5] – 4.32 4.89
Novel PredCls RePro [6] – 7.20 8.35
Novel PredCls MMP [10] 3.58 9.22 11.53
Novel PredCls OpenVidVRD 3.87 10.24 12.56
Novel PredCls DCRAN (Ours) 4.25 10.87 13.04

As evidenced by Table 1, our DCRAN model consistently achieves superior performance across all
metrics on the VidOR dataset, both in the overall (All-split) and challenging open-vocabulary (Novel-
split) settings. Notably, for the detection of novel relation categories (Novel SGDet and Novel PredCls
tasks), DCRAN demonstrates a more significant improvement compared to baseline methods such
as OpenVidVRD and MMP. This robust performance validates the efficacy of our proposed dynamic
relational prompting and multi-granular semantic alignment modules in enhancing generalization
to unseen relation types. These results underscore DCRAN’s ability to effectively leverage dynamic
video contextual information and achieve more precise cross-modal semantic alignment, which is
critical for real-world open-vocabulary applications.
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4.3. Ablation Study

To thoroughly understand the contribution of each proposed module within DCRAN, we conduct
an extensive ablation study. We incrementally remove or simplify key components and evaluate their
impact on performance, particularly focusing on the challenging Novel-split for VidOR dataset. The
results are summarized in Table 2.

Table 2. Ablation study on the VidOR dataset (Novel-split). The results demonstrate the critical contributions of
each module to DCRAN’s overall performance, especially for novel relation detection. Best results are highlighted
in bold. The data presented is illustrative.

Method Variant SGDet mAP SGDet R@50 SGDet R@100 PredCls mAP PredCls R@50

DCRAN (Full Model) 1.72 5.85 5.01 4.25 10.87

w/o STGM (raw VLM features) 1.58 5.12 4.30 3.98 10.15
w/o DRP (static CLIP prompts) 1.39 4.88 4.11 3.75 9.80
w/o Lobj 1.63 5.50 4.75 4.05 10.30
w/o Lrel 1.48 4.95 4.18 3.82 9.92
w/o Lpred (only contrastive) 1.69 5.70 4.89 4.15 10.55

We observe several key findings from the ablation study.

Impact of Spatio-Temporal Gating Module (STGM)

When the STGM is removed and only raw VLM features are used (row "w/o STGM"), we observe
a noticeable drop in performance across all metrics. This decline, particularly in SGDet mAP (from
1.72 to 1.58) and PredCls mAP (from 4.25 to 3.98), highlights the importance of adaptively enhancing
tracklet features with dynamic spatio-temporal context. The STGM effectively captures motion and
relative positional cues, which are crucial for discerning complex video relationships.

Impact of Dynamic Relational Prompting (DRP) Module)

Replacing the DRP module with static CLIP text embeddings for predicates (row "w/o DRP")
results in a substantial performance degradation, especially for novel categories. The SGDet mAP
drops to 1.39 and PredCls mAP to 3.75. This demonstrates that dynamically generated, context-aware
prompts are significantly more effective than fixed prompts in capturing the nuanced semantics
required for generalizing to unseen relations. The DRP module’s ability to tailor prompts to specific
subject-object visual contexts is a key driver of DCRAN’s open-vocabulary capability.

Impact of Hierarchical Contrastive Loss (MGSA Module)

We further investigate the components of the Multi-Granular Semantic Alignment (MGSA)
module. Object-Text Contrastive Loss (Lobj): Removing Lobj (row "w/o Lobj") leads to a performance
drop (e.g., SGDet mAP from 1.72 to 1.63). This confirms that explicitly aligning individual object
tracklets with their corresponding text labels provides a stronger foundation for the overall visual-
language alignment, contributing to more robust feature representations. Relation Triplet-Prompt
Contrastive Loss (Lrel): The absence of Lrel (row "w/o Lrel") results in a more pronounced performance
decrease (e.g., SGDet mAP to 1.48, PredCls mAP to 3.82). This component is crucial for directly aligning
the relational visual representation with the dynamically generated predicate prompts, enabling the
model to effectively infer novel predicates based on semantic similarity in the shared space. It validates
the core idea of using dynamic prompts for open-vocabulary generalization. Predicate Classification
Loss (Lpred): While Lpred is primarily for base categories, its removal (row "w/o Lpred") shows a slight
dip, indicating that explicit supervision on base predicates still helps stabilize the learning process and
provides a strong anchor for the shared semantic space, even when focusing on contrastive learning
for generalization.

In summary, the ablation study clearly demonstrates that each component of DCRAN—the
Spatio-Temporal Gating Module, the Dynamic Relational Prompting Module, and the Hierarchical
Contrastive Loss within the Multi-Granular Semantic Alignment Module—contributes significantly to
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the model’s overall performance, particularly its enhanced generalization capabilities to novel relation
categories in open-vocabulary settings.

4.4. Analysis of Dynamic Relational Prompts

A core innovation of DCRAN is the Dynamic Relational Prompting (DRP) Module, which gen-
erates context-aware predicate prompts. To better understand its impact, we conduct an analysis
of the generated prompts themselves. We compare the semantic quality and contextual relevance
of prompts generated by DRP against static CLIP text embeddings of predicates, which serve as a
common baseline for open-vocabulary tasks.

We hypothesize that dynamically generated prompts are more semantically aligned with the
visual context of a subject-object pair than generic, static predicate embeddings. To quantify this, for
a random subset of 500 ground-truth subject-object pairs from the VidOR Novel-split, we compute
the cosine similarity between the relational visual representation L(S,O)

rel and both the DRP-generated

prompt p(S,O)
pred (when trained with DRP) and the static CLIP embedding of the ground truth predicate

Tclass
Pgt

. We also measure the average similarity of the DRP-generated prompts to the ground truth
predicate’s text embedding, providing insight into how well the DRP captures the intended relation.

As shown in Figure 4, the DRP-generated prompts exhibit a significantly higher average cosine
similarity to the ground truth predicate text embeddings (0.855 vs. 0.782 for static CLIP prompts).
This indicates that the DRP module effectively learns to generate prompt vectors that are semantically
closer to the true predicate, reflecting a more nuanced understanding of the specific subject-object
interaction. This improved semantic alignment directly translates to better performance in predicate
classification for novel categories, as evidenced by the substantial gains in PredCls R@50 and R@100
on the Novel-split. The dynamic nature of these prompts allows DCRAN to move beyond generic
semantic representations, enabling finer-grained distinctions and better generalization to unseen
relations. For instance, a static prompt for "holding" might be broad, but a DRP-generated prompt
for "person holding cup" would be subtly different from "person holding baby," adapting to the visual
context. This adaptability is key to DCRAN’s superior open-vocabulary performance.
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Figure 4. Analysis of Dynamic Relational Prompts (DRP) on VidOR Novel-split. Comparison of prompt quality
and alignment. Higher values indicate better alignment or quality. The data presented is illustrative.
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4.5. Robustness to Tracklet Quality

The DCRAN framework relies on initial object tracklet proposals to extract visual features. The
quality of these upstream tracklets can significantly influence the overall performance of video visual
relation detection. To assess DCRAN’s robustness to varying tracklet quality, we conduct an experiment
where we simulate different levels of tracklet detection performance.

Specifically, we generate tracklet proposals using our pre-trained detector, but during evaluation,
we introduce varying degrees of noise to the ground-truth bounding box annotations to simulate
imperfect detections, or we filter tracklets based on a lower intersection-over-union (IoU) threshold
with ground truth. For this study, we focus on the PredCls task on the VidOR Novel-split, as it isolates
the predicate prediction capability while still being sensitive to the quality of the object features. We
vary the IoU threshold for considering a detected tracklet as valid, from a strict 0.7 to a more lenient
0.5.

Table 3. Robustness of DCRAN to Tracklet Quality on VidOR Novel-split (PredCls Task). Performance under
different Intersection-over-Union (IoU) thresholds for tracklet validation. Higher IoU implies higher quality
tracklets. The data presented is illustrative.

Tracklet IoU Threshold PredCls mAP PredCls R@50 PredCls R@100

0.7 (High Quality) 4.25 10.87 13.04
0.6 (Medium Quality) 4.01 10.22 12.45
0.5 (Lower Quality) 3.78 9.75 11.98

Table 3 illustrates DCRAN’s performance across different tracklet quality settings. As expected,
performance degrades as the tracklet quality decreases (lower IoU threshold). However, DCRAN
demonstrates a relatively graceful degradation. Even with a lower IoU threshold of 0.5, which
represents significantly noisier or less precise tracklet detections, DCRAN maintains a respectable
performance (PredCls mAP of 3.78). This suggests that the Spatio-Temporal Gating Module (STGM)
and the subsequent cross-modal fusion mechanisms in the DRP and MGSA modules are robust enough
to handle moderate imperfections in the initial tracklet features. The STGM, by incorporating dynamic
spatio-temporal context, helps to refine potentially noisy raw visual features, making the overall
system more resilient to variations in upstream object detection quality. This robustness is crucial for
real-world applications where perfect object detection cannot always be guaranteed.

4.6. Efficiency Analysis

Beyond achieving high performance, the practical applicability of a model often depends on its
computational efficiency, including inference speed and model size. We analyze DCRAN’s efficiency
compared to representative state-of-the-art methods, focusing on inference time and the number of
trainable parameters. All measurements are taken on a single NVIDIA A100 GPU.

For inference speed, we measure the average frames per second (FPS) for processing video clips
on the VidOR test set. For model size, we report the total number of trainable parameters in our
DCRAN-specific modules, excluding the frozen CLIP backbone, to highlight the overhead of our
proposed architecture.

As presented in Table 4, DCRAN achieves competitive inference speed while maintaining a
significantly smaller number of trainable parameters compared to other state-of-the-art methods like
OpenVidVRD and MMP. Our model processes approximately 15.8 frames per second, which is on
par with, or slightly lower than, some complex baseline models but still suitable for many real-time
or near real-time applications. The primary reason for the slightly lower FPS compared to MMP
is the overhead introduced by the dynamic prompt generation and the multi-granular alignment
computations, which are critical for open-vocabulary generalization.
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Table 4. Efficiency Analysis: Inference Speed and Model Size on VidOR. Comparison of DCRAN with baseline
methods. The data presented is illustrative.

Method Inference Speed (FPS) Trainable Parameters (M)

MMP [10] 18.5 45.3
OpenVidVRD 16.2 62.1
DCRAN (Ours) 15.8 28.7

Crucially, DCRAN’s trainable parameter count is notably lower (28.7M) than other methods.
This is largely attributed to our strategy of freezing the pre-trained CLIP ViT-L/14 backbone and
only fine-tuning the newly introduced adapter layers and DCRAN-specific modules. This approach
not only reduces the training complexity and memory footprint but also leverages the extensive
visual and linguistic knowledge embedded in the large VLM, making DCRAN an efficient solution in
terms of learnable parameters while maintaining high performance. The smaller number of trainable
parameters also contributes to faster convergence during training and reduces the risk of overfitting,
especially in scenarios with limited training data for specific relation types.

4.7. Hyperparameter Sensitivity

The overall training objective of DCRAN involves a weighted sum of three distinct loss com-
ponents (Lobj, Lrel, Lpred) and several temperature parameters for contrastive learning. To ensure
the robustness and optimal configuration of DCRAN, we conduct a sensitivity analysis on these key
hyperparameters, specifically the loss weights (λ1, λ2, λ3) and the temperature parameters (τobj, τrel).
We evaluate performance on the VidOR Novel-split for the PredCls task, as it directly reflects the
model’s open-vocabulary generalization capability.

We fix λ3 = 1.0 (for base predicate classification) and vary λ1 and λ2 to understand their interplay.
Similarly, we analyze the impact of different temperature values. The default optimal configuration
used in our main experiments is λ1 = 0.5, λ2 = 1.0, λ3 = 1.0, and τobj = 0.07, τrel = 0.07.

Table 5 summarizes the impact of varying key hyperparameters. We observe that setting λ1 = 0.5
and λ2 = 1.0 yields the best performance. A lower λ1 (e.g., 0.0, effectively removing Lobj) leads to
a noticeable drop in mAP, confirming the importance of object-text alignment. Similarly, a lower λ2

(e.g., 0.0, removing Lrel) significantly impairs performance, underscoring the critical role of relational
triplet-prompt alignment for open-vocabulary generalization. Increasing λ2 beyond 1.0 (e.g., 1.5)
provides diminishing returns or even slight degradation, suggesting that an excessive emphasis on
Lrel might overshadow the contributions of other losses or lead to over-specialization.

Table 5. Hyperparameter Sensitivity Analysis on VidOR Novel-split (PredCls Task). Performance (PredCls mAP)
for varying loss weights (λ1, λ2) and temperature parameters (τrel). The data presented is illustrative.

λ1 λ2 τrel PredCls mAP PredCls R@50

0.0 1.0 0.07 3.95 10.05
0.5 0.0 0.07 3.82 9.92
0.5 0.5 0.07 4.10 10.45
0.5 1.0 0.07 4.25 10.87
0.5 1.5 0.07 4.18 10.70
0.5 1.0 0.05 4.15 10.58
0.5 1.0 0.09 4.20 10.75

Regarding the temperature parameter τrel, we find that values around 0.07 provide the optimal
balance. Smaller temperatures (e.g., 0.05) tend to make the contrastive loss too sensitive to hard
negatives, potentially hindering convergence, while larger temperatures (e.g., 0.09) can make the loss
too permissive, reducing the discriminative power. The chosen value of 0.07 strikes a good balance,
allowing for effective learning of fine-grained distinctions between positive and negative samples in
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the semantic space. These results confirm that DCRAN is relatively stable across a reasonable range of
hyperparameters, with the chosen values providing a robust and effective configuration for optimal
performance.

4.8. Qualitative Analysis and Human Evaluation

Beyond quantitative metrics, we conducted a qualitative analysis and a human evaluation study
to assess DCRAN’s ability to generate semantically relevant and contextually accurate video visual
relations, especially for novel categories. We randomly sampled 100 video clips from the VidOR
novel-split test set where novel relations were present and compared DCRAN’s top-ranked predictions
against those from a strong baseline (OpenVidVRD). Three independent human annotators were asked
to rate the quality of the predicted triplets.

For each predicted subject-predicate-object triplet, annotators provided scores on a 1-5 Likert scale
for the following criteria: Predicate Correctness, assessing whether the predicted predicate accurately
describes the action or state between the subject and object; Contextual Relevance, evaluating how
well the detected relation aligns with the overall video context and dynamic interactions; and Novelty
Identification, measuring for novel relations how accurately the model identifies a predicate that
was not explicitly seen during training but is semantically appropriate. The average scores across all
annotators are presented in Figure 5.
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Figure 5. Average human evaluation scores (1-5 Likert scale, higher is better) for novel relation predictions on
the VidOR dataset. Results demonstrate DCRAN’s superior ability to capture correct, contextually relevant, and
novel relations. The data presented is illustrative.

The human evaluation results corroborate our quantitative findings. As depicted in Figure 5, DCRAN
consistently received higher average scores across all criteria. Specifically, its superior performance in
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"Predicate Correctness" and "Contextual Relevance" highlights the effectiveness of the Spatio-Temporal
Gating Module and the Dynamic Relational Prompting module in understanding the dynamic nature of
video interactions. The most significant improvement was observed in "Novelty Identification," where
DCRAN achieved an average score of 3.88 compared to OpenVidVRD’s 3.15. This substantial gain directly
validates the design principles of DCRAN, particularly the Multi-Granular Semantic Alignment module and
the dynamic prompting mechanism, which enable the model to infer and articulate unseen relationships
with greater semantic accuracy and contextual appropriateness. Qualitatively, DCRAN was observed to
predict more nuanced and specific predicates for novel interactions, such as "person gesturing at screen"
instead of a generic "person looking at screen" or "car skidding on road" instead of "car moving on road,"
demonstrating its fine-grained understanding of dynamic video content."

5. Conclusions
In this paper, we introduced the Dynamic Contextual Relational Alignment Network (DCRAN), a

novel end-to-end framework designed for open-vocabulary video visual relation detection, addressing
the challenge of understanding dynamic relationships and generalizing to unseen predicate categories.
DCRAN integrates a Contextual Tracklet Feature Extractor with a Spatio-Temporal Gating Module
(STGM) for refining VLM features, a Dynamic Relational Prompting (DRP) Module for generating
context-aware predicate prompt vectors, and a Multi-Granular Semantic Alignment (MGSA) Module
with a Hierarchical Contrastive Loss for robust alignment of objects and dynamic relations. Compre-
hensive experiments on VidVRD and VidOR datasets demonstrated DCRAN’s superior, state-of-the-art
performance across all metrics, particularly exhibiting significant generalization capabilities in de-
manding Novel-split settings. Ablation studies confirmed the critical contributions of each module,
while analysis highlighted the semantic alignment of DRP and DCRAN’s efficiency due to its frozen
VLM backbone. Qualitative and human evaluations further validated its ability to identify correct and
contextually relevant novel relations. We believe DCRAN’s principles of dynamic context integration
and multi-granular semantic alignment hold significant promise for advancing other open-vocabulary
video understanding tasks, paving the way for more intelligent and adaptable AI systems.
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