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Abstract

Scene graph generation bridges visual perception and se-
mantic understanding, but existing approaches face two
challenges: closed vocabularies that limit real-world ap-
plicability and long-tail predicate distributions where com-
mon relationships dominate training data. We introduce the
Open Vocabulary Semantic Graph Transformer (OV-SGT),
which addresses both challenges through CLIP-aligned rep-
resentation learning. Our method learns relationship em-
beddings within CLIP’s semantic space, enabling zero-shot
generalization to unseen predicates. Key contributions in-
clude: (1) a node-edge fusion strategy preserving relation-
ship directionality; (2) graph Laplacian eigenvector-based
positional encoding capturing structural context; and (3)
a multi-component loss combining contrastive, semantic,
triplet, and focal objectives for zero-shot transfer while
handling class imbalance. Experiments on Visual Genome
demonstrate state-of-the-art performance, with significant
gains on mean Recall @K metrics reflecting improved rare
predicate recognition.

1. Introduction

Scene graph generation (SGG) bridges the gap between
scene images and their semantic representations, enabling
an understanding of what is depicted in the picture. It
takes into account the 3D composition of the scene, the lay-
out, and the semantic as well as the spatial relationship be-
tween the objects in the scene. By identifying objects and
their relationships, scene graphs provide a structured rep-
resentation that captures the rich relational context in vi-
sual scenes. The scene graph generation task represents
the basis for various high level tasks such as: image re-
trieval [24], video and image captioning [9], image genera-
tion [1 1], visual question answering [6], 3D scene represen-
tation [28], scene-based reasoning [1], visual relationship
detection [22], human-object interaction [13] and 3D scene
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synthesis [8], and is essential for robotics and autonomous
driving among others.

Despite significant progress in this field, existing SGG
approaches typically operate within a closed vocabulary set-
ting, where models are constrained to recognize a prede-
fined set of object categories and relationship types. Such
limitations restrict their real-world applicability, as natural
scenes often contain a large variety of objects and relation-
ships that may not be represented in the training vocabu-
lary. Most current methods struggle with long-tail distri-
butions of relationship predicates, where a small number
of common relationships (such as “on,” “has,” “in”) domi-
nate training data, resulting in poor performance in rare but
meaningful relationships.

In this paper, we present the Open Vocabulary Semantic
Graph Transformer (OV-SGT), a novel approach to scene
graph generation. Our approach begins by detecting ob-
jects using state-of-the-art object detection models and en-
riching their representations with caption-derived features.
We then construct a graph structure where nodes repre-
sent detected objects and edges represent potential relation-
ships. The core of our method is a specialized graph trans-
former that processes object-relationship structures. To
address the challenge of predicate imbalance, we incor-
porate frequency-based predicate weighting in our multi-
component loss function.

We evaluate OV-SGT on the standard VG-50 configu-
ration [30] with 150 object categories and 50 relationship
predicates benchmark. We also evaluate the model on the
VRD [22] and GQA [10] datasets. Our model demonstrates
significant improvements over others, particularly through
the ability to capture rare relationship predicates. The ex-
perimental results show that OV-SGT achieves competitive
performance in both overall Recall@K metrics and Mean
Recall @K metrics, which reflect the performance across the
full spectrum of relationship types. Through extensive ab-
lation studies, we analyze the impact of our design choices
to these performance gains.

The primary contributions of this paper are:



A CLIP-aligned training framework that learns relation-

ship embeddings in CLIP’s semantic space, enabling

open-vocabulary scene graph generation and zero-shot
generalization to unseen predicates.

e A specialized graph transformer with a node-edge fu-
sion strategy that concatenates contextually-enhanced
source node, target node, and edge attribute features to
preserve relationship directionality while incorporating
global scene context.

¢ A graph Laplacian eigenvector-based positional encoding
that captures both local object proximity and global struc-
tural context within the scene graph.

* A multi-component loss function combining contrastive,

semantic, triplet, and focal objectives that addresses class

imbalance while maintaining CLIP alignment for zero-
shot transfer.

2. Related Work

Scene graph generation research follows two main direc-
tions. The first employs a two-stage pipeline where the ob-
ject detector is pre-trained and frozen during relationship
prediction. The second jointly predicts objects and relation-
ships end-to-end, using region proposals as input.

Transformers have proven effective for SGG due to their
ability to capture long-range dependencies. Scene Graph
Generation Transformer (SGTR) [16] generates subject, ob-
ject, and predicate proposals followed by graph assembly.
Iterative Scene Graph Generation (IterSGG) [12] uses a
three-stream transformer with cross-stream attention and
Hungarian matching [15] for triplet alignment. Our work
builds on these foundations while introducing CLIP-aligned
training for open-vocabulary capability.

3. Methodology

3.1. Problem formulation

We formulate the scene graph generation task as a sequence
of probabilistic estimation chaining steps comprising of :
object region extraction, object identification, relationship
proposal and graph labeling. The statistical formulation of
the scene graph generation task can be expressed [29], as
follows:

PS|II)=PWV|ID)PO|IV,Z)P(R|V,0,1), (1)

where P(S|Z) is the scene S graph extraction task proba-
bility, given an image Z, P(V | Z) is the object region pro-
posal V, P(O|V,T) represents the object class identifica-
tion for the previously identified bounding boxes (object
proposal) O, while P(R |V, O, T) represents the relation-
ships R extraction, given the image of the scene, object pro-
posals, and object classes, defined by their corresponding
probabilities.

Like SGTR [16] and IterSGG [12], our model uses a
convolutional backbone for image feature extraction. These
image features are then used for downstream modules.

3.2. Model Pipeline

The scene graph generation model is illustrated in Fig. 1.
Our approach combines object detection with CLIP-aligned
relationship classification to enable open-vocabulary scene
graph generation.

Inference Pipeline. The image is first processed by a
DEtection TRansformer (DETR) [2] object detection mod-
ule with frozen weights, producing bounding boxes, object
class predictions, and visual features for detected objects.
These objects form the nodes of a complete graph, which is
then pruned using a k-nearest neighbors algorithm based on
spatial proximity. The pruned graph is processed by our Se-
mantic Graph Transformer, which outputs relationship em-
beddings for each edge. For predicate classification, these
embeddings are compared against CLIP text embeddings of
predicates using temperature-scaled cosine similarity, en-
abling open-vocabulary relationship detection without be-
ing constrained to a fixed predicate set.

Training Pipeline. We employ a graph matching mod-
ule that aligns predicted objects with ground truth annota-
tions using Hungarian matching enhanced by both spatial
(IoU) and semantic similarity. The matched graph pro-
vides supervision for our multi-component CLIP-aligned
loss function. Our training framework supports zero-shot
learning: a configurable subset of predicates (default 20%)
is held out during training, with edges involving these pred-
icates excluded from the loss computation while similarity
is computed against all predicates. This allows the model to
learn the full semantic embedding space and generalize to
novel relationship types.

CLIP Alignment. Our approach, unlike traditional
scene graph methods that learn class-specific projection
weights, learns to position relationship embeddings within
CLIP’s pre-trained semantic space. The Semantic Graph
Transformer’s output projection is trained via contrastive
learning to align with CLIP text embeddings of predicates.
This design choice provides two key benefits: (1) the model
inherits CLIP’s semantic understanding of predicates, en-
abling meaningful predictions even for predicates not seen
during training, and (2) the learned embeddings preserve se-
mantic relationships between predicates (e.g., “riding” and
“sitting on” remain semantically related in the embedding
space).

3.3. Inference pipeline

3.3.1. Graph Building

The graph building process in our OV-SGT model proceeds
through the following steps:

1. Object Detection:
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Figure 1. OV-SGT model architecture. In the inference path of our OV-SGT model, objects detected with a DETR object detection module
are used for building the predicted object graph, which is subsequently pruned with a £-NN algorithm. The pruned graph is then passed
to the Semantic Graph Transformer, after which we use a temperature-scaled cosine similarity matching module to generate relationship
classes. In the training path we compute a matched ground truth graph and pass it to the Loss Module.

We utilize DETR to detect objects in the input image,
generating bounding boxes, object class predictions, and
visual features for each detected object. These objects
serve as nodes in the scene graph.
Graph Construction:
We prune the complete graph by using a k-nearest neigh-
bors (k-NN) pruning strategy to selectively keep edges
between spatially close objects. The k-NN algorithm
uses the Euclidean distance between object bounding
box centers. The k-NN approach significantly reduces
computational complexity from O(n?) to O(kn) edges,
providing a strong spatial prior (as objects that are close
to each other are more likely to have meaningful rela-
tionships), and maintains the most important connec-
tions while filtering out unlikely relationships between
distant objects. The value of k controls the sparsity of
the resulting graph, balancing computational efficiency
with the model’s ability to capture all relevant relation-
ships. In the ablation study we show results for fully
connected graphs and for k = 10.
. Edge Feature Computation:
For each object-neighbor pair, we compute a rich edge
feature representation by concatenating normalized fea-
tures of the source and target objects, normalized relative
spatial position between object centers, and Intersection
over Union (IoU) between the bounding boxes.

3.3.2. Semantic Graph Transformer

The resulting graph is passed to the Semantic Graph Trans-
former, which is detailed in Section 3.5.
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3.3.3. Cosine Similarity for Predicate Classification

The Semantic Graph Transformer outputs relationship em-
beddings r;; € R®? for each edge, positioned within
CLIP’s semantic space through our contrastive train-
ing objective. For predicate classification, we compute
temperature-scaled cosine similarity between relationship
embeddings and CLIP text embeddings of predicates:

ri; - Pk 1
[rsjlllpwll 7

Sijk = 2)
where pg is the CLIP text embedding of the k-th predi-
cate and 7 is a temperature parameter. This formulation
enables open-vocabulary relationship detection: at infer-
ence time, we can compute similarity against any set of
predicates—including those not seen during training—by
simply encoding their text descriptions with CLIP’s text en-

coder. We evaluate using the top-3 scoring predicates per
edge (M = 3).

3.4. Training pipeline
3.4.1. Semantic Graph Matching

The graph matching process aligns predicted relationships
with ground truth annotations. The resulting matched graph
is only used for the loss calculation. Matching enables
effective supervision during training by establishing cor-
respondences between predicted and ground-truth objects.
Since raw outputs from object detectors don’t directly map
to ground-truth annotations, matching allows us to compare
predicted relationships with their ground-truth counterparts.

Graph matching addresses the gap between predicted ob-
ject locations and discrete ground truth annotations. We



used the Hungarian Matching Algorithm for our bipartite
matching, which leverages both IoU and semantic similarity
measures. It handles slight misalignments in object detec-
tion and ensures that relationship prediction isn’t unfairly
penalized for minor localization errors while maintaining
the open vocabulary quality of our pipeline. The matching
cost E; ; combines IoU-based spatial overlap with the se-
mantic similarity between object class predictions:

Ei,j = —(Oé . IOU(bi7 b]) (3)
+(1 — «) - semantic_similarity(c;, ¢;))
where o = (.7 controls the balance between spatial and se-

mantic components, while the semantic similarity is com-
puted using string matching techniques. b;,b; are the
bounding boxes for objects ¢ and j, while ¢;,c; are their
corresponding classes.

3.5. Semantic Graph Transformer Architecture

The Semantic Graph Transformer consists of the following
components, shown in Figure 2:

3.5.1. Positional Encoding

We incorporate positional information to enhance the trans-
former’s understanding of spatial and structural relation-
ships between objects. =~ We employ graph Laplacian
eigenvector-based positional encoding, which captures both
local proximity and global connectivity patterns within the
scene graph.

We construct an adjacency matrix where edge weights
are determined using inverse distance between objects:

1
I+ d(civcj)’

Ay = “4)

where d(c;, ¢;) is the Euclidean distance between the cen-
ters of objects ¢ and j. We compute the normalized Lapla-
cian matrix:

Loorm = D™Y2LD71/2 (5)

where L is the Laplacian matrix and D is the degree ma-
trix. We extract the k& smallest eigenvectors from the nor-
malized Laplacian, setting £ = 5 based on the average of
approximately 35 objects per image in Visual Genome. The
positional encoding for node j is:

P(j):[V1ULV2U],~'-aVk[j]vac/W,yc/H} (6)
where vi,va, ..., vy are the k smallest eigenvectors, and
(x./W,y./H) are the normalized center coordinates ap-
pended for spatial awareness. This formulation captures
structural information about each node’s position within
the graph topology while retaining basic spatial grounding
through the center coordinates.
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3.5.2. Input processing

Node features are normalized, then processed through an
embedding layer comprising linear transformations, nor-
malization, ReLLU activation, and dropout. Edge attributes
are similarly processed through projection and embedding
layers.

3.5.3. Transformer layers.

Semantic Graph Transformer uses 6 Transformer layers in-
spired by the Unified Message Passing Model (UniMP)
[25]. Each layer implements multi-head attention mecha-
nisms (with 8 heads) that operate directly over the graph
structure while preserving edge attribute information dur-
ing message passing. While the original UniMP focused
on semi-supervised node classification tasks, we adapt it
for relationship reasoning in scene graphs by enhancing the
model’s ability to capture both local interactions between
adjacent objects and more complex, long-range dependen-
cies.

GNN Transformer x 6

Positional

Encoding o

Block
Predicate

Input Node N Node Embeddings
Features (x) Embedding
Residual connection
Open
Edge Edge LayerNorm+Dropout
Attributes [ ”| Embedding Cosine Similarity —» V:;:b"‘:‘:;y
+ Classes
Output Normalization T
+ Predicate

Classifier
Node-Edge
Fusion

<

Figure 2. Semantic Graph Transformer.

Edge Existence
Classifier

3.5.4. Edge Feature Processing

After the transformer layers, our model implements a dis-
tinctive node-edge fusion mechanism to construct compre-
hensive relationship representations. While conventional
approaches typically process node and edge features sepa-
rately or rely solely on node-level information, our method
explicitly combines three key components: the transformed
source node features h;, the transformed target node fea-
tures h;, and the processed edge attributes e;;. For each
potential relationship between nodes ¢ and j, we construct
the fused representation as:

rij = [h; @ h; & ey @)

where @ denotes concatenation and r;; € R34 for hidden
dimension d. This concatenation strategy serves two criti-
cal purposes. First, it preserves the inherent directionality
of relationships by maintaining distinct representations for
source and target nodes, enabling the model to differenti-
ate between relations such as “person riding horse” versus



“horse carrying person”. Second, it integrates the contex-
tual information that has been propagated through the graph
during transformer processing, allowing each relationship
representation to benefit from the broader scene context.
The resulting unified representation r;; captures both the
individual semantic properties of the connected objects and
their spatial-contextual interaction patterns, providing a rich
foundation for subsequent relationship classification.

3.5.5. Predicate classification head.

The predicate classification is a linear projection that maps
edge features to a 512-dimensional embedding space. The
model learns this projection during training by optimizing
the multi-label focal loss, which encourages edge embed-
dings to have high cosine similarity with their correspond-
ing predicate embeddings. The loss function effectively
trains the edge projection to align with the semantic space
from CLIP [23]. This approach is conceptually similar to
CLIP’s own training process, where visual and text embed-
dings are trained to align in a shared space, but in our case,
we are aligning graph structure embeddings with CLIP’s
text embeddings.

3.6. Predicate Weighting and Debiasing

Scene graph datasets exhibit severe class imbalance, where
common predicates like “on” and “has” dominate while se-
mantically rich predicates appear infrequently. We address
this through frequency-based weighting that assigns higher
importance to rare predicates, incorporated into our focal
loss component.

During inference, we apply the Total Direct Effect (TDE)
debiasing [26] to separate visual evidence from statisti-
cal bias. The debiased prediction Yrpr = Y(X,Z) —
Y(X*,Z) + Y(X*, Z*) removes dataset bias while pre-
serving genuine visual evidence. This two-pronged
approach—frequency weighting during training and TDE
during inference—significantly improves Mean Recall@K
metrics.

3.7. Loss Function

Our model employs a multi-component loss function de-
signed for CLIP-aligned open-vocabulary scene graph gen-
eration. The total loss combines four complementary objec-
tives that encourage semantic alignment, fine-grained dis-
crimination, and robustness to class imbalance:

ACtotal = )\contﬁcont + /\semﬁsem + )\trip Etrip + )\focalﬁfocah (8)
where Acont = 1.0, Asem = 0.1, Ayip = 0.5, and Agocat = 0.3
control the contribution of each component.

3.7.1. CLIP-Aligned Contrastive Loss

The core of our approach is a contrastive loss that aligns
learned relationship embeddings with CLIP’s text embed-
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dings of predicates. Similar to CLIP’s training objec-
tive [23], we treat each relationship as a (visual, text) pair:

N
cont - _N Z

eXp Siy:/T)

1 exp(siy/T)

€))

where s; ; = 7 is the cosine similarity between the

r;

r;
i-th relationshll‘p ‘elzgrll)lj)eddmg r; and the j-th predicate em-
bedding p;, y; is the ground truth predicate index for edge
1, T = 0.07 is a temperature parameter, /V is the number of
edges, and K is the number of predicates. This formulation
enables open-vocabulary generalization by learning to posi-
tion relationship embeddings within CLIP’s semantic space

rather than learning class-specific weights.

3.7.2. Semantic Regularization Loss

To encourage compositional understanding, we introduce
a semantic regularization loss that preserves the semantic
structure of CLIP’s predicate space:

Liem = |DS — D3, (10)
where D € RV*K s the softmax-normalized prediction
distribution over predicates, S € REXK ig the semantic
similarity matrix between predicate embeddings in CLIP
space, and || - || denotes the Frobenius norm. This loss
encourages the model to produce predictions that respect
semantic relationships between predicates—if “riding” and
“sitting on” are similar in CLIP space, their prediction
scores should also be correlated.

3.7.3. Hard Negative Triplet Loss
To improve fine-grained discrimination between similar
predicates, we employ a triplet loss with hard negative min-
ing:

N

i Zl max(0,m — 8y, + Si h,)s
i

ﬁtrip = (11)

where s; ., is the similarity to the ground truth predicate,
S;n, 1s the similarity to the hard negative (the highest-
scoring incorrect predicate), and m = 0.3 is the margin.
This loss explicitly pushes the model to separate the correct
predicate from its most confusing alternative.

3.7.4. Weighted Focal Loss

To address the severe class imbalance in scene graph
datasets, we incorporate the focal loss [20] with frequency-
based predicate weighting:

1 N K
—F Z ijai’j(l

i=1 j=1

— ;)" BCE(pi 5, vi,5),

12)

Lfocal =



where p; ; = o(s; ;/7') is the predicted probability with
7' = 0.1, y; ; is the binary ground truth label, v = 2.0 is
the focusing parameter, «; ; balances positive and negative
examples, w; is the frequency-based weight for predicate 7,
and N is the number of positive examples. Critically, we
normalize by the number of positive examples rather than
all elements, preventing the loss from being dominated by
the overwhelming number of negative pairs.

The frequency-based weights follow an inverse fre-
quency scheme:

w; = min Jmax w
J fj ¥ 1a max | »
where f; is the frequency of predicate j, fiax is the maxi-

mum frequency, and wp.x = 10 prevents excessive weight-
ing of extremely rare predicates.

13)

4. Experiments

In this section we provide the experimental results for
the proposed OV-SGT: Open Vocabulary Semantic Graph
Transformer for Scene Graph Generation.

4.1. Implementation

We implemented our model using PyTorch and PyTorch
Geometric for efficient graph neural network operations.
For training, we used the Adam optimizer with a learning
rate of 3*1e-3 and weight decay of le-5 to minimize over-
fitting. Our batch size was set to 32 images. We initialized
our transformer layers using Xavier uniform initialization
to ensure proper gradient flow through the deep network
architecture. To prevent exploding gradients, we applied
gradient clipping with a maximum norm of 1.0. During
training, we employed mixed-precision (FP16) to improve
computational efficiency without sacrificing model perfor-
mance. For data augmentation, we used horizontal flipping
with probability 0.5, while maintaining relationship seman-
tics that depend on spatial orientation. We implemented
our model in distributed data-parallel mode using PyTorch’s
DDP framework to maximize GPU utilization during train-

ing.
4.2. Dataset

We ran experiments on three datasets: Visual Genome [14],
Visual Relationship Detection (VRD) [22] and GQA
dataset [10].

For Visual Genome, we consider a curated subset of im-
ages, consisting of 84,000 images selected for training, plus
an additional 4,800 images reserved for validation, total-
ing 88,800 images selected from the original collection.
This curated dataset maintains the rich semantic annota-
tions that makes Visual Genome valuable while addressing
some of the inconsistencies and the over-crowding with re-
peated identical boxes identifying same objects, present in
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the original dataset. The VRD dataset contains 5000 images
with 37,993 relationships. This dataset contains 100 ob-
ject categories and 70 predicate categories connecting those
objects together. GQA dataset contains over 110K images
with scene graph annotations and features a larger and more
diverse predicate vocabulary compared to Visual Genome,
providing a challenging testbed for generalization. We con-
sider the standard train/validation split for evaluation.

4.3. Analysis of results

We evaluate our model on the Visual Genome dataset [14]
using the common VG-50 configuration [30] with 150 ob-
ject categories and 50 relationship predicates. The baseline
models that we compare our results against, are using the
same benchmark.

Three standard evaluation metrics are commonly used:
(1) Predicate Classification (PredCLS): identifies relation-
ships between objects when both object locations and la-
bels are provided. (2) Scene Graph Classification (SGCLS):
determines both object types and their relationships using
only the given object locations. (3) Scene Graph Detec-
tion (SGDET): performs complete scene understanding by
simultaneously detecting object locations, identifying their
categories, and predicting their relationships.

In Fig. 3 we provide three graph visualization results in
the context of three different scenes. These results show that
the proposed model provides high confidence results for a
variety of scene relationships : human-animal in Fig. 3(a),
human-object in Fig. 3(b) and object-object in Fig. 3(c).

4.4. Ablation studies

We have conducted several ablation studies in order to eval-
uate the contribution of different components in our model,
examining the k-NN graph construction, positional embed-
dings, predicate weighting, and transformer architecture.
The results are provided in Table 3. The results for ablation
studies to evaluate the contribution of each loss component
and design choice are shown in Table 4.

Loss Component Analysis. We systematically remove
each loss component to assess its contribution. Remov-
ing the triplet loss causes the largest performance drop
(R@50: 44.7—36.0, mR@50: 36.0—21.4), demonstrating
its critical role in fine-grained discrimination between sim-
ilar predicates. The hard negative mining mechanism helps
the model distinguish confusing predicate pairs.

Removing the contrastive loss maintains reasonable
R@K but significantly degrades mR@K (36.0—27.9), in-
dicating that CLIP alignment is essential for balanced per-
formance across predicate classes, particularly rare ones.

Interestingly, removing the semantic regularization
loss slightly improves R@K metrics while modestly reduc-
ing mR@K. This suggests the semantic consistency con-



(a) Person riding horse

person — riding — horse (0.97)

(b) Child with ball and racket

(c) Cake and knife on table
person — holding — sports ball (1.00) cake — on — dining table (0.90)
person — behind — person (0.33) person — holding — tennis racket (1.00)  knife — on — dining table (0.65)

Figure 3. Scene graph visualizations showing everyday interactions. Our model detects relationships with high confidence scores shown

in parentheses.

Model SGDET SGCLS
R@20 R@50 R@100 mR@20 mR@50 mR@100 | R@Q20 R@50 R@100 mR@20 mR@50 mR@100

DT2-ACBS [7] - 15.0 16.3 - 22.0 24.4 - - - - - -
G-RCNN [27] 19.4 252 31.6 - - - 29.0 31.6 31.9 - - -
GPS-Net [21] 22.3 28.9 33.2 6.9 8.7 - 41.8 423 42.3 10.0 11.8 -
KERN [4] 22.3 27.1 35.8 - 6.4 - 322 36.7 49.0 - 9.4 -
Neural Motifs [30] 214 27.2 30.3 4.2 5.7 - 329 35.8 36.5 6.3 7.7 -
IterSGG [12] - 24.2 29.7 - 19.5 23.4 - - - - - -
RelTR [5] 21.2 27.5 - 6.8 10.8 - 29.0 36.6 - 7.7 11.4 -
DAC [17] 29.8 36.4 41.2 7.2 18.3 27.6 389 40.2 40.3 10.1 12.8 13.2
RMP-Net [3] 28.1 34.8 39.7 6.8 17.6 26.4 37.2 39.1 39.8 9.7 12.1 12.9
IETrans [34] 30.5 37.2 42.1 8.1 19.8 28.6 39.5 41.5 42.0 11.2 14.1 14.8
OV-SGT (ours) 38.4 44.7 48.9 33.7 36.0 36.8 - - - - - -
OV-SGT (zero-shot) - 6.8 14.7 - - - - - - - - -

Table 1. Scene Graph Generation results on Visual Genome dataset for Scene Graph Detection and Scene Graph Classification metrics.
Bold indicates best performance.

Dataset | Method R@50 R@100
VRD VTransE [32] 194 224
ViP-CNN [18] 17.3 20.0
VRL [19] 18.2 20.8
MF-URLN [31] 23.9 26.8
RelDN [33] 25.3 28.6
GPS-Net [21] 27.8 31.7
RelTR [5] 29.2 322
OV-SGT (ours) 28.6 31.4
GQA OV-SGT (ours) 65.6 72.3
GQA OV-SGT (zero-shot) 7.2 10.8
Table 2. SGDet results on VRD and GQA datasets.

straint may occasionally conflict with discriminative learn-
ing, though it contributes to more balanced predicate cover-

age.

Configuration R@ mR@

20 50 100 20 50 100
Graph Construction
k-NN with k=10 25.1 30.6 361 | 41 131 212
No pruning 140 167 202 | 22 70 122
Positional Embedding
Scaled coordinates 24.1 30.0 353 | 39 129 212
Predicate Weighting
No weighting 219 253 292 | 1.7 4.9 8.5
Full model
OV-SGT 384 447 489 | 33.7 360 36.8

Table 3. Ablation study results comparing different model config-
urations.

CLIP Configuration. Fine-tuning CLIP embeddings in-
stead of keeping them frozen dramatically degrades per-
formance (R@50: 44.7—27.1). This validates our design
choice: the pre-trained CLIP embeddings provide a well-
structured semantic space that should be preserved. Fine-
tuning destroys this structure, collapsing the embedding



Configuration R@ mR@

20 50 100 | 20 50 100
OV-SGT (full model) | 384 44.7 489 | 33.7 360 368
Loss Component Ablations
w/o Contrastive loss 39.1 448 483 | 233 279 28.0
w/o Semantic loss 41.0 46.7 496 | 314 332 333
w/o Triplet loss 305 360 389 | 197 214 217
CLIP Configuration
Fine-tuned CLIP [203 271 323208 264 292

Table 4. Ablation study on loss components and CLIP configura-
tion. Removing triplet loss causes the largest performance drop.
Fine-tuning CLIP significantly degrades performance, validating
our frozen CLIP design.

space and eliminating the model’s ability to generalize to
novel predicates.

Zero-Shot Generalization. We hold out 20% of pred-
icates (10 classes) during training. OV-SGT achieves
R@50=6.8% and R@100=14.7% on these unseen predi-
cates (Table 1), demonstrating genuine zero-shot transfer
through CLIP alignment.

k-NN Graph Construction. We tested the k-NN graph
construction, which is explained in Section 3.3 and the re-
sults are provided in the second section of results from Ta-
ble 3. The k-NN graph construction experiments demon-
strate the critical importance of selective edge pruning. Us-
ing k = 5 nearest neighbors significantly outperforms the
fully connected graph approach (no pruning) across all met-
rics. This confirms our hypothesis that selective edge con-
struction provides a strong inductive bias that aligns with
the reality of visual relationships, where objects that are
spatially proximate are more likely to interact.

Positional Embeddings. We compare our Laplacian
eigenvector-based positional encoding against simple
scaled box coordinates. The results in Table 3 show that
Laplacian eigenvector encodings outperform scaled coordi-
nates across all metrics. This demonstrates the value of in-
corporating structural graph information: while scaled co-
ordinates only capture absolute spatial positions, Laplacian
eigenvectors encode each node’s relationship to the overall
graph topology, capturing both local clustering and global
connectivity patterns. The center coordinates appended to
the eigenvectors provide sufficient spatial grounding with-
out requiring the full bounding box representation.

Predicate Weighting. We evaluate the impact of
frequency-based predicate weighting, defined by the
per-class weights w; in Eq. (13), which are applied within
the focal loss component. The results in Table 3 show
substantial benefits for the mean recall metrics when
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weighting is enabled. This confirms the effectiveness of
our inverse-frequency weighting strategy in addressing the
long-tail distribution of relationship predicates, signifi-
cantly improving performance on rare relationship classes
without compromising performance on common ones. The
weights are capped at wp,x = 10 to prevent numerical
instability from extremely rare predicates.

4.5. Training computation efficiency

We conducted all experiments on a system with 8 NVIDIA
H100 GPU with 80GB of VRAM, supported by 26 vC-
PUs and 200GB of RAM. The training process was ex-
ecuted over 45 epochs on the 84,000-image training set.
Each epoch required approximately 1.5 hours of computa-
tion time. During training, we used mixed-precision train-
ing to optimize GPU utilization.

5. Limitations and Future Work

Despite the strong performance of our OV-SGT model, sev-
eral limitations remain. First, our approach still relies on a
pre-trained object detector, inheriting any biases or limita-
tions. Second, while our £-NN graph construction signifi-
cantly reduces computational complexity, it may occasion-
ally miss meaningful long-range relationships between dis-
tant objects in a scene. Third, our model requires substantial
computational resources for training (approximately 3 days
on 8 H100 GPU), limiting accessibility for those with con-
strained computing budgets. Also, the open vocabulary ca-
pabilities, while more flexible than closed vocabulary mod-
els, are ultimately bounded by the semantic space of the
underlying CLIP model.

6. Conclusions

In this paper, we have presented the Open Vocabulary Se-
mantic Graph Transformer for Scene Graph Generation
(OV-SGT). The key innovation lies in our graph construc-
tion methodology, which fuses contextually-enhanced in-
formation from source nodes, target nodes, and edge at-
tributes within the global scene context. Our loss function
effectively addresses the long-tail distribution of relation-
ship predicates by accounting for rare relationships that are
often overlooked by existing methods. We have provided
the results from an extensive series of experiments showing
the advantages of the proposed methodology and its imple-
mentation.
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