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Abstract

In real-world images, low-resolution regions caused by downsampling or compres-
sion often exhibit severe pixelation and detail loss, which substantially degrades
visual relationship detection (VRD). Most existing VRD approaches primar-
ily rely on fine-grained appearance cues and therefore perform poorly when
entities are small or visually ambiguous. To address this limitation, we pro-
pose a Segmentation-Guided Transformer Network (SGTN) designed for robust
detection of subtle visual relationships under low-resolution conditions. SGTN
explicitly incorporates segmentation information and leverages pixel-level seman-
tics, such as entity masks, to compensate for detail loss in low-resolution areas,
enabling joint entity and relation prediction within a single-stage Transformer
architecture. The framework consists of three modules: a two-stream feature
extraction module employing visual and textual encoders, a multimodal fea-
ture fusion module based on an encoder-decoder structure that deeply integrates
visual and textual features to generate enhanced entity, relation, and mask fea-
tures, and an entity-relation prediction module that uses the fused features
for entity detection and relationship classification. Experiments on downsam-
pled VG benchmarks VG 2, VG 5, and VG 10 show that SGTN achieves the
best performance in most settings, with particularly notable gains under severe
downsampling.
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1 Introduction

Existing image visual relationship detection methods tend to detect visual relation-
ships relevant to regions characterized by high resolution and clear details [1, 2].
However, in practical applications, images may contain low-resolution regions that
are challenging to perceive. These regions may still encompass important visual rela-
tionships, such as those between entities within low-resolution regions or between
low-resolution entities and others. In large field-of-view images, such as surveillance
footage from city squares, transportation hubs, or large warehouses, the physical res-
olution limitations of imaging devices often result in severe resolution degradation for
distant targets or small regions due to insufficient pixel density per unit area. Such low-
resolution regions are typically accompanied by severe pixelation, blurred contours,
and loss of texture details, which severely limit object recognition and relationship
detection in critical local regions. Under low-resolution conditions, the perception
and discrimination capabilities of traditional visual relationship detection methods
are substantially reduced, making it challenging to accurately identify subtle visual
relationships that are hard to discern in images. The results in incomplete entity
sets E , and relationship sets R, ultimately affecting the semantic completeness of the
image and the system’s interpretative capacity. Therefore, how to perform robust and
comprehensive visual relationship detection under the condition of limited image infor-
mation, and achieve a structurally complete and semantically rich representation of
image content, has become a critical issue that urgently needs to be addressed.

Fig. 1 Examples of missing visual relationships related to low-resolution regions in an image.

This paper studies subtle visual relationship detection under low-resolution condi-
tions to improve the perception of relationships associated with degraded regions in
complex images, thereby enabling more comprehensive and precise semantic parsing
of images and enhancing the ability of computer vision systems to interpret com-
plex scenes. Recovering subtle visual relationships in low-resolution regions not only
enhances the structural integrity and semantic expressiveness of image representation
but also holds significant value in various practical applications. On the one hand, in
many real-world scenarios (e.g., urban surveillance, transportation hubs, unmanned
operations), images inevitably contain distant or blurry regions. Effectively identifying
key relationships associated with these regions can improve the stability and robust-
ness of vision systems operating in complex environments. On the other hand, for the
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intelligent management and structured analysis of large-scale image data, the com-
pletion of semantic information in low-resolution regions also helps to build a more
complete index structure, which in turn enhances semantic retrieval and reasoning
capabilities. Furthermore, subtle visual relationship detection can be directly applied
to the analysis of low-resolution images. In resource-constrained environments (e.g.,
mobile devices, edge computing terminals), low-resolution images offer advantages
such as smaller data volumes and lower transmission costs. If efficient relationship
modeling can be achieved under limited pixel conditions, it will significantly enhance
the system’s real-time processing capacity and deployment efficiency.

Research on small object detection has been relatively well explored [3–5]. How-
ever, subtle visual relationship detection extends beyond this by requiring analysis
of relationships between entities. This introduces higher challenges in both percep-
tion and reasoning compared to merely localizing and classifying individual entities.
As shown in Fig. 1, the cars and bicycles in the background exhibit extremely low
resolution, and general visual relationship detection methods tend to overlook the rela-
tionships involving these entities. Therefore, subtle visual relationship detection faces
the following primary difficulties and challenges: (1) Object blurring and detail loss: In
low-resolution images, object boundaries are blurred, and details are missing, leading
to a significant decrease in the accuracy of entity detection and relationship recogni-
tion. (2) Difficulty in feature extraction: Visual features in low-resolution images are
sparse and insignificant, and traditional feature extraction methods have difficulty cap-
turing effective semantic information. (3) Complexity in relationship learning: Under
low-resolution conditions, spatial relationships and semantic associations between
entities become more difficult to learn.

Recent visual relationship detection methods are generally trained and optimized
on high-resolution images, often neglecting the specific characteristics of low-resolution
scenarios. The principal limitations of these methods are as follows: (1) Inadaptability
of feature extraction mechanisms: The feature extraction networks of existing mod-
els are designed for high-resolution images rich in detail. As a result, they operate
inefficiently when applied to low-resolution images with sparse and low-quality fea-
tures, making it difficult to obtain effective discriminative representations. (2) Reliance
on high-quality input for relationship learning: Current relationship learning meth-
ods heavily depend on accurate object detection boxes and clear appearance features.
Under low-resolution conditions, blurred object boundaries and sparse details directly
cause detection errors and degraded feature quality, thereby undermining the founda-
tion of relationship reasoning. (3) Lack of effective utilization of low-level information:
Existing methods mainly focus on entity-level features while neglecting low-level visual
cues at the pixel or region level, which can provide crucial complementary informa-
tion under low-resolution conditions. For example, the detection results of the VCTree
model [6] on the VG dataset downsampled to 1/10 resolution are shown in Fig. 2,
which compares the ground-truth annotations of the original images (first row) with
the VCTree visual relationship detection outputs (second row). In Fig. 2(a), the object
“bus” is clearly identifiable in the original image, but when downsampled to a low
resolution, it is misclassified as “train” due to its long vehicle body. In Fig. 2(b), since
“sign” and “building” occupy relatively large regions in the image, the correct entity
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