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Abstract

Panoptic Scene Graph Generation (PSG) integrates in-
stance segmentation with relation understanding to cap-
ture pixel-level structural relationships in complex scenes.
Although recent approaches leveraging pre-trained vision-
language models (VLMs) have significantly improved per-
formance in the open-vocabulary setting, they commonly
ignore the inherent limitations of VLMs in spatial relation
reasoning, such as difficulty in distinguishing object rela-
tive positions, which results in suboptimal relation predic-
tion. Motivated by the denoising diffusion model’s inversion
process in preserving the spatial structure of input images,
we propose SPADE (SPatial-Aware Denoising-nEtwork)
framework—a novel approach for open-vocabulary PSG.
SPADE consists of two key steps: (1) inversion-guided cali-
bration for the UNet adaptation, and (2) spatial-aware con-
text reasoning. In the first step, we calibrate a general pre-
trained teacher diffusion model into a PSG-specific denois-
ing network with cross-attention maps derived during in-
version through a lightweight LoRA-based fine-tuning strat-
egy. In the second step, we develop a spatial-aware rela-
tion graph transformer that captures both local and long-
range contextual information, facilitating the generation
of high-quality relation queries. Extensive experiments on
benchmark PSG and Visual Genome datasets demonstrate
that SPADE outperforms state-of-the-art methods in both
closed- and open-set scenarios, particularly for spatial re-
lationship prediction. The project page is at here.

1. Introduction

Panoptic Scene Graph Generation (PSG) represents a sig-

nificant advancement in scene graph generation (SGG) by

*Corresponding author.

Figure 1. Mean Recall@50 of our proposed method and other

VLM-based models [4, 31, 69] on the spatial predicate classifica-

tion task on the PSG dataset [57]. Notably, we present the result

in the two scenarios: distant and non-distant relation pairs.

integrating pixel-level structural analysis with relation rea-

soning to achieve comprehensive scene understanding. By

unifying instance segmentation [34, 38] and visual rela-

tionship detection [2, 11] within a single framework, PSG

attempts to simultaneously segment all entities in an im-

age and classify their relational interdependencies into sub-

ject–predicate–object triples.

In prior research, the majority of SGG [8, 13, 14, 16,

30] and PSG methods [51, 57, 68] have been developed

from a closed-set perspective. Recent advancements, how-

ever, have introduced an open-vocabulary setting for SGG

[17, 62], shifting research focus toward a more practical yet

challenging problem. Within this paradigm, various meth-

ods [4, 31, 59, 65, 69] have been proposed to endow their

models with open-world recognition capabilities. A key

technique in these works is to leverage the powerful pre-

trained Vision Language Models (VLMs) [26, 29, 37], en-

abling the recognition of unseen objects and relationships.

However, a suite of recent studies [3, 5, 25, 43, 56] have

revealed that most state-of-the-art VLMs, such as CLIP
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[37], BLIP [26], and GLIP [28], struggle with spatial rea-

soning, particularly in understanding spatial relationships

between objects. This limitation primarily arises because

such VLMs are trained on internet-scale datasets com-

posed of image-caption pairs, which often lack detailed spa-

tial descriptions. Consequently, this raises concerns about

whether VLM-based SGG or PSG models can still perform

effectively in spatial relation prediction. To address this is-

sue, we conduct a comprehensive investigation of several

state-of-the-art VLM-based open-set PSG and SGG mod-

els, with a specific focus on their performance in spatial re-

lation prediction. Detailed experimental protocols are pro-

vided in §4.3. The results, as illustrated in Figure 1, indicate

that these VLM-based models underperform on the spatial

relation, particularly when two objects are positioned at a

considerable distance from each other within an image. We

conjecture that increased inter-object distance complicates

the VLMs to determine spatial relationships.

Motivated by these findings, we pose a question: Can
we integrate spatial knowledge into a VLM without compro-
mising its inherent open-world recognition capabilities for
PSG? To address this question, we turn to diffusion models

for two main reasons. First, diffusion models [1, 39, 40] ex-

hibit remarkable compositional abilities that preserve both

spatial and semantic consistency, enabling the injection of

spatial knowledge without degrading other semantic infor-

mation as much as possible. Second, recent work [50, 64]

has demonstrated that the inversion process [45], widely

utilized in image editing [22, 52], effectively preserves the

spatial structure of original images. Thus, we believe that

the cross-attention maps derived from the inversion process

can serve as explicit spatial cues. However, directly lever-

aging the pretrained diffusion model does not yield the de-

sired performance, as its preserved knowledge is not fully

adapted to the PSG task.

Based on the insights, we present SPADE (SPatial-

Aware Denoising-nEtwork), a novel two-stage approach for

PSG. The proposed method addresses the challenges of spa-

tial relation reasoning and open-vocabulary generalization

through two key steps: (1) inversion-guided calibration for

the UNet adaptation and (2) spatial-aware context reason-

ing via graph-based relation inference. In the first step, our

core idea is to adapt a general pre-trained teacher diffusion

model into a PSG-specific denoising network. Building on

the observation that the Denoising Diffusion Implicit Mod-

els (DDIM) inversion [45, 50] inherently retains spatial in-

formation from input images, we leverage cross-attention

maps derived during inversion as spatial priors. To preserve

the generalization capabilities of the pre-trained UNet, we

leverage a lightweight fine-tuning strategy LoRA [19] with

only updating cross-attention layers.

In the second step, SPADE subsequently employs a Re-

lation Graph Transformer (RGT) to capture long-range con-

textual dependencies and local spatial cues. The RGT

operates on a spatial-semantic graph where nodes repre-

sent object mask proposals with geometric attributes and

semantic embeddings. Through iterative graph propa-

gation, the transformer layer aggregates multi-scale con-

textual features, resolving ambiguities in overlapping re-

lations and sparse spatial configurations. This dual-

context mechanism—combining long-range and local cor-

relations—enables to generate high-quality relation queries.

To summarize, our contributions are as follows:

• We identify a shortcoming in the spatial relation predic-

tion of current VLM-based PSG models. To address this

limitation, we propose a two-step spatial-aware denoising

network (SPADE).

• We introduce an inversion-guided calibration strategy that

utilizes cross-attention maps from the reversion process to

fine-tune the UNet in a LoRA fashion.

• We design a spatial-aware relation graph transformer that

captures local and long-range pairwise contextual infor-

mation, enabling robust spatial relation reasoning.

• Extensive experiments on benchmark datasets such as

VG and PSG demonstrate that SPADE significantly out-

performs state-of-the-art methods in both closed-set and

open-set scenarios, particularly in improving relation pre-

diction in open-vocabulary settings.

2. Related Work
Open-world Panoptic Scene Graph Generation. Panop-

tic Scene Graph Generation (PSG) or Scene Graph Gener-

ation (SGG) aims to represent an image through structured

relationships among detected objects [24, 57]. Traditional

methods generally focus on a closed set of categories, which

limits their capacity to generalize to novel objects and rela-

tionships [7, 15, 18, 48, 63]. Recently, open-world SGG has

emerged to address this challenge [7, 21, 48, 55, 60, 62, 63].

Earlier zero-shot approaches often leverage commonsense

knowledge or structured knowledge graphs to transfer un-

derstanding from known to unknown relations [21, 60].

Later advancements integrate multi-modal models [59, 65].

However, they commonly ignore the limitation of VLMs

in spatial relation reasoning, which hinders them to predict

accurate spatial relationships. In this work, we turn to diffu-

sion models [39] and imbue the spatial knowledge into the

denoising network, enhancing its spatial reasoning ability.

DDIM Inversion Process. Denoising Diffusion Implicit

Models (DDIM) have recently demonstrated remarkable

success in generating high-quality images conditioned on

text [1, 39, 40, 50]. These models operate via a forward

process that progressively adds Gaussian noise to an image,

and a reverse process that denoises the image. Formally, the

forward (noising) process is defined as:

xt =
√
ᾱt x+

√
1− ᾱt ε, ε ∼ N (0, I), (1)
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where ᾱt =
∏t

k=1 αk. The inversion process maps an input

image x into a deterministic noise. During deterministic

sampling [45], the image is reconstructed from the noise:

xt−1 =
√
ᾱt−1

(
xt −

√
1− ᾱt εθ(xt, t)√

ᾱt

)
+
√
1− ᾱt−1 εθ(xt, t),

(2)

where εθ(xt, t) denotes the predicted noise. In this work,

the cross-attention maps derived from deterministic sam-

pling are exploited to extract rich spatial and semantic pri-

ors. These priors are instrumental in guiding the calibration

of the denoising network, thereby enhancing its suitability

for open-world panoptic scene graph generation.

Graph Transformer. Graph transformers have emerged as

a powerful paradigm for modeling node relationships by

effectively capturing both global context and local depen-

dencies within structured data [41, 42, 61]. This makes it

well-suited for reasoning computer vision tasks, where un-

derstanding complex object relationships is crucial [36, 53].

This approach not only enhances the modeling of object in-

teractions but also contributes to improved overall scene un-

derstanding [8, 46]. In this work, we capitalize on these

strengths by integrating graph transformers into our frame-

work to bolster relationship reasoning. Through this inte-

gration, our model is better equipped to capture intricate

inter- and intra-object dependencies.

3. Methodology
The overall architecture of SPADE is illustrated in Figure

2. Briefly, SPADE is composed of two primary stages:

inversion-guided calibration and spatial-aware relation con-

text inference. The first stage focuses on imbuing the pre-

trained denoising network with spatial and relation knowl-

edge (§3.1), while the second stage, built on the calibrated

UNet, performs spatial-aware context reasoning by a novel

relation graph transformer (§3.2). Lastly, we present how

we make the open-vocabulary relation prediction (§3.3).

3.1. Inversion-Guided Calibration for the UNet
Diffusion models have emerged as backbones for many

downstream vision tasks [23, 32, 56, 58, 66]. Formally,

given an input image-text pair (x,w), these models first

construct a noisy image xt and encode the text w using a

pre-trained text encoder εt. Intermediate features ft are then

extracted from the UNet as follows:

ft = UNet(xt, εt(w)). (3)

In the context of PSG, however, an input text description

w is not available at inference. Following [56, 58], one op-

tion is to replace εt(w) with a global image feature obtained

from the CLIP [37] image encoder.

Nevertheless, we observe that this approach does not

yield satisfactory performance for relation prediction. We

hypothesize two main reasons for that: (1) although the

alternative CLIP features effectively capture object- and

pixel-level information, they are less proficient at discern-

ing spatial and scene-level relation [47, 56]; and (2) the

diffusion model is trained using long, context-rich descrip-

tions, which may not align well with relation triple phrases

[23, 32, 66], resulting in incompatibility with the PSG task.

To overcome these limitations, we introduce an

inversion-guided calibration approach for the denoising net-

work, leveraging the inversion process [45, 50, 64], which

has been shown to effectively preserve spatial information

from input images. Our calibration process aims to adapt

a pre-trained diffusion model into a PSG-specific UNet by

explicitly injecting spatial and relation knowledge.

Inversion for Denoised Feature Extraction. Inversion

techniques [45, 50, 64] have been widely adopted in

various applications, such as image editing [22, 52],

owing to their ability to preserve the spatial informa-

tion inherent in the original image. Leveraging this

property, we first forward realistic images x (e.g., from

the VG [24]) and obtain corresponding deterministic

noise representations z through the inversion process.

Next, we design a relation prompt of the form p =
[subject] is [predicate] [object]...,
where each placeholder (e.g., [subject]) corresponds to

a specific entity. Subsequently, we input the deterministic

noise z and the prompt p into a pretrained teacher determin-

istic sampling diffusion model (e.g., BELM [50]), which

produces a cross-attention map Ai at the final timestep t to

guide the calibration of our denoising network.

Calibration with LoRA. Our backbone network consists

of an implicit text encoder and a denoising network UNet

εφ. The implicit text encoder is implemented by the CLIP

image encoder CLIPimage with an adapter. Formally, the

extracted feature by our backbone can be written as:

fi = εφ(xi,MLP ◦ CLIPimage(xi)), (4)

where MLP represents the learnable adapter applied to the

CLIP image encoder and x is the input image.

Learning large-scale parameters for the UNet is chal-

lenging and could damage its preserved knowledge. Pre-

vious works [10, 44, 44] have shown that weight updates

often have a low intrinsic rank when adapted for specific

tasks. Therefore, we employ a lightweight approach, LoRA

[19], to fine-tune our UNet. The core of LoRA is to deter-

mine a set of weight modulations ΔW added to the original

weight W. For example, for the weights Wk ∈ R
min×mout

in each cross-attention layer, we learn two smaller matrices

B ∈ R
min×r and D ∈ R

r×mout , where r is the decompo-

sition rank. The LoRA updating is defined as:

Wk = Wk +ΔWk = Wk +B×D. (5)
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Stage 1: Inversion-Guided UNet Calibration
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Figure 2. The overview of SPADE, which comprises two key steps: (1) inversion-guided calibration for the UNet to adapt a general

pre-trained teacher diffusion model into a PSG-specific denoising network and (2) spatial-aware context reasoning (SCR) over relativeness

and non-relativeness context through a relation graph Transformer to generate high-quality relation queries.

Similarly, we apply the same approach to learn the other

projection layer Wv .

Calibration Loss. At the finetuning, we use the training set

of VG [24] and PSG [57] to calibrate our denoising network

respectively. Specifically, we feed the realistic images into

our denoising network, resulting in the corresponding cross-

attention map Ai. Then, we align them with the inversion

cross-attention map from the pre-trained diffusion model as:

Lcal =
1

N

N∑
i=1

(λ‖Ai −A′
i‖1) , (6)

where we use the L1 norm loss on the cross-attention maps

and λ is a weighted factor. During the fine-tuning, we only

update the MLP adapter of the CLIP’ image encoder and

the lower rank matrices B and D of cross-attention layers.

3.2. Spatial-aware Context Reasoning with RGT
As discussed previously, current open-vocabulary PSG and

SGG models primarily focus on designing visual prompts

[4, 17, 31, 69] to extract open-world knowledge from large

multimodal models for novel relation prediction. However,

these approaches often overlook the contextual information

of relation pairs, particularly the spatial and semantic cor-

relations among all entities within an image. This oversight

limits their capability to handle complex scenes character-

ized by high spatial relation ambiguity. To address this

challenge, we propose a spatial-aware relation graph trans-

former for enhanced spatial and semantic context reasoning.

Our method integrates graph convolutional networks with

self-attention mechanisms to capture both long-range and

local correlations among subjects and objects, whether they

are directly related or not. This integration enables the gen-

eration of high-quality relation queries that better capture

the underlying spatial and semantic structure of the scene.

Spatial-semantic Graph Construction. The instance de-

coder Φins takes the enhanced feature F from the calibrated

UNet εφ and instance queries Qo ∈ R
N×d as input, where

N is the number of queries and d is the feature dimension,

producing a set of predicted masks {mi}Ni=1 with corre-

sponding labels. The segmentation process is as follows:

Ho = Φins(Qo, F ), (7)

where Ho is the output object features. Then, we construct

a spatial-semantic graph G ∈ R
N×N based on the spatial

and semantic distances between instance pairs. The spa-

tial distance is defined as 1 if two masks are neighboring

and 0 otherwise. The semantic distance is set to 1 if the

cosine similarity between the features of two objects (i.e.,

Ho) exceeds a threshold and 0 otherwise. The final graph

G is formed by summing the two distances; if the resulting

value is 2, it is capped at 1.

Relation Graph Transformer. Intuitively, if two objects

are connected in G, there is a higher likelihood of a rela-

tionship between them thanks to the closer initial distance

on the spatial and semantics. To further capture long-range

correlations among objects, we propose a spatial-aware Re-

lation Graph Transformer (RGT) that iteratively captures

pairwise global long-range and local correlations by aggre-

gating messages from both connected and non-connected

objects. The RGT architecture is shown in Figure 3.

Long-range Context Learning. In RGT, we design a long-

range correlation reasoning block RGTg(.) to learn global

context. Formally, given an object qr ∈ Ho, we calculate
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its self-attention with its neighbors as:

RGTg(qr)
P(r)+

=softmax

[
(WKφ[P(r)+])�(WQqr)√

|P(r)+|

]
WV qr,

(8)

where P(r)+ denotes the neighbors of node r; φ[P(r)+] is

a function that averages all neighbors’ features of node r;

and WK , WQ, WV are projection layers. Meanwhile, we

also calculate self-attention with non-neighbors as:

RGTg(qr)
P(r)−

=softmax

[
(WKφ[P(r)−])�(WQqr)√

|P(r)−|

]
WV qr,

(9)

where P(r)− denotes non-neighbors of node r.

The updated node feature qr is computed through an

element-wise sum to capture information from both con-

nected and non-connected relations:

qr ← qr +RGT(qr)
P(r)+

+RGT(qr)
P(r)−

. (10)

Next, we use an MLP to fuse all features:

q′
r ← MLP[qr;φ[P(r)+];φ[P(r)−]]. (11)

Local Context Learning. In addition to global long-

range relations, we propose a local relation learning block

RGTl(.) to capture local correlations between object pairs.

This process is defined as:

q̂r = RGTl(q
′
r) = GCN(G,q′

r;Wl), (12)

where GCN(.) is a graph convolution network and Wl rep-

resents learnable parameters.

Pairwise Relation Queries Construction. With the up-

dated object features q̂r ∈ Q̂r by the RGT, we then con-

struct the pairwise relation queries for predicate prediction

by selecting the close objects. Concretely, given the object

feature q̂r, the constructed relation queries Ψr is written as:

Ψr = Select>{Dis(q̂r, Q̂r), η}, (13)

where Dis(. ) is a distance function, e.g. cosine distance,

and Select>{.} is a function to return the objects with a

similarity score greater than a threshhold η. Then, we obtain

all relation queries Qrel ∈ R
M×d, where M is the number

of selected queries. At training, we add a auxiliary loss to

optimize Ψr by:

Lrqc =

∣∣∣∣∣ Q̂rQ̂
�
r

|Q̂r||Q̂�
r |

−Ψ′
∣∣∣∣∣
2

, (14)

where Ψ′∈{0, 1}N×N
is a ground truth pair indicator matrix.

Relation Graph Transformer

Local Correlation

Multi-Head Self-attention

L

Long-range Correlation

MatMul

SoftMax

MatMul

Graph 
Convolution

Norm

MLP

Figure 3. Overview of the proposed Relation Graph Transformer,

which consists of long-range and local context reasoning compo-

nents. It consists of L=8 identical blocks.

3.3. Open-vocabulary Relation Prediction
In this section, we introduce our proposed prompt-based

open-world object and relation prediction. We concatenate

all selected object pairs by Eq.(13) to form relation queries

Qrel ∈ R
M×d for the relation decoder Φrel. The relation

prediction is formulated as:

Hr = Φrel(Qrel, F ). (15)

Following [4], we leverage a prompt-based classifier to

calculate the object category distributions Po and relation

category distributions Pr formally,

Po = softmax(H�
o · τ/(εt(To))), (16)

Pr = softmax(H�
r · τ/(εt(Tr))), (17)

where Ho is the output feature by the instance decoder

Φins, τ is a learnable temperature parameter, and To and

Tr are the corresponding object and predicate category em-

beddings for the text encoder of CLIP, respectively.

Except for the prediction score from the diffusion model,

we further leverage the pre-trained pretrained text-image

discriminative visual feature in the first calibration stage to

enhance the open-vocabulary object and relation classifica-

tion. Specifically, for instance prediction, we extract the in-

put image’s feature by the implicit captioner CLIPimage(x)
and then compute a masked image feature that falls inside

the predicted mask mi via a pool operation as

H
′
o = Pooling(MLP ◦ CLIPimage(x),mi). (18)

As for the relation prediction, we first combine the masks

of the subject and object into a holistic mask via an element

addition operation �. Then, we calculate the pooled image

feature of the pair by:

H
′
r = Pooling(MLP ◦ CLIPimage(x),ms �mo). (19)
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Methods
Close-Set Open-Set (OvR)

R/mR50 R/mR100 R/mR50 R/mR100

Closed Methods

MOTIF[63] 21.7 / 9.6 22.0 / 9.7 1.6 / 0.6 2.0 / 1.1

VCTree[48] 22.1 / 10.2 22.5 / 10.2 1.7 / 0.9 2.3 / 1.3

GPSNet[33] 19.6 / 7.5 20.1 / 7.7 2.2 / 1.5 2.9 / 1.8

PSGTR[57] 34.4 / 20.8 36.3 / 22.1 3.1 / 1.9 3.3 / 2.0

PSGFormer[57] 19.6 / 17.0 20.1 / 17.6 2.2 / 1.9 3.1 / 2.7

ADtrans[27] 29.6 / 29.7 30.0 / 30.0 2.4 / 2.0 3.6 / 3.4

PairNet[51] 35.6 / 28.5 39.6 / 30.6 3.2 / 2.5 6.5 / 5.1

HiLo[68] 40.7 / 30.3 43.0 / 33.1 3.7 / 2.8 4.8 / 3.6

DSGG[13] 41.6 / 36.8 47.3 / 43.4 3.9 / 3.5 5.6 / 5.0

Open PSG Methods

OvSGTR†[4] 37.6 / 30.5 41.4 / 28.3 19.3 / 12.4 22.8 / 14.0

PGSG[31] 32.7 / 20.9 33.4 / 22.1 15.5 / 10.1 17.7 / 11.5

OpenPSG†[69] 42.8 / 38.9 49.3 / 47.5 21.2 / 19.8 25.1 / 21.4

SPADE 45.1 / 41.2 54.3 / 51.7 26.7 / 23.3 31.8 / 25.8

Table 1. Compared to the state-of-the-art PSG and SGG models on

the PSG dataset in the close- and open-set scenarios. † represents

the reproduced results based on their released code.

Then, we use the same way as Eq. (16) and Eq. (17) to

calculate the new object score P′
o and relation score P′

r, re-

spectively. Finally, we leverage a geometric mean technique

[9, 12, 56] to fuse the two scores. For example, the final ob-

ject prediction score is computed as: Po
final = Pα

o ·P
′(1−α)
o ,

where α is a fixed weighting factor. Similarly, the enhanced

relation prediction score is: Pr
final = Pα

r ·P′(1−α)
r .

Training Loss. In this stage, the overall training loss con-

sists of three terms: mask prediction loss Lmaks as [57], re-

lation query construction loss Lrqc and relation Contrastive

learning loss Lrel as [56, 58]. The overall loss is written as:

L = Lrel + λrqcLrqc + λmaskLmask. (20)

where λrqc and λmask are weighting hyperparameters.

4. Experiments
4.1. Experimental Setup and Datasets
Datasets. We evaluate our model on two datasets: PSG

[57] and Visual Genome (VG) [24]. The PSG dataset, de-

rived from COCO, comprises 48, 749 annotated images,

with 46, 563 allocated for training and 2, 186 for testing.

It includes 80 object categories, 53 “stuff” background cat-

egories, and 56 relationship categories. In contrast, the VG

dataset—widely used in SGG tasks—contains 108, 077 im-

ages with scene graph annotations. For our evaluation, we

utilize the VG subset, which focuses on 150 object cate-

gories and 50 relation categories.

Evaluation Tasks and Metrics. We adopt the scene graph

detection (SGDET) protocol to evaluate all baseline mod-

els. We report recall (R) and mean recall (mR) on the test

sets of VG and PSG. Additionally, we assess the model

Methods
Close-Set Open-Set (OvR)

R/mR50 R/mR100 R/mR50 R/mR100

Closed Methods

IMP[54] 25.5 / 4.1 30.7 / 7.9 1.1 / 0.5 1.5 / 0.9

MOTIF[63] 32.5 / 6.6 36.8 / 7.9 2.2 / 1.3 2.9 / 1.7

VCTree[48] 31.9 / 6.4 36.0 / 7.3 1.3 / 0.4 2.4 / 1.8

SGTR[30] 24.6 / 12.0 28.4 / 15.2 2.6 / 1.3 3.9 / 2.1

SSR-CNN[49] 23.3 / 17.9 26.5 / 21.4 2.8 / 2.1 5.2 / 4.2

PE-Net[67] 26.5 / 16.7 30.9 / 18.8 2.2 / 1.4 4.3 / 2.6

EGTR[20] 30.2 / 5.5 34.3 / 7.9 2.4 / 0.4 3.6 / 0.8

DSGG[13] 32.9 / 13.0 38.5 / 17.3 3.5 / 1.4 5.2 / 2.3

Open Methods

VS3[65] 34.5 / — 39.2 / — 15.6 / 6.7 17.2 / 7.4

OvSGTR†[4] 35.8 / 7.2 41.3 / 8.8 22.9 / 4.6 26.7 / 5.7

PGSG[31] 20.3 / 10.5 23.6 / 12.7 15.8 / 8.2 19.1 / 10.3

OpenPSG†[69] 32.7 / 13.5 39.0 / 18.3 20.4 / 9.4 25.7 / 12.1

SPADE 37.2 / 17.3 43.4 / 21.6 24.1 / 11.2 29.9 / 13.9

Table 2. Compared to the state-of-the-art PSG and SGG models

on the VG dataset in the close-set and open-set (OvR) scenarios.

The second best results are underlined.

across different evaluation settings: closed-set and open-set.

For the open-set, following prior work [4, 17, 31, 69], we

split the relations and objects into base and novel categories

in a 7:3 ratio. Following [4], we report the open-set re-

sults on two scenarios: open-vocabulary relation (OvR) and

open-vocabulary relation and object (OvD+R). Notably, for

this open-set setting, at the calibration, we only use im-

ages whose object and predicate categories arise in the seen

group to avoid data leakage problems.

Implementation details. We utilize a pre-trained diffusion

model [39] as the diffusion backbone for calibration. Fea-

tures are extracted from every three U-Net blocks, resized,

and structured into a feature pyramid-like FPN. By default,

we set the time step for the diffusion process to t = 0
for our denoising network. For the mask decoder, we fol-

low the Mask2Former [6] architecture. Notably, for a fair

comparison with baseline models, we use the VG and PSG

datasets for the calibration respectively, instead of combin-

ing them. Both object and interaction decoders are standard

three-layer Transformer decoders. The hyperparameter of

α, η, λrqc and λmask are set to 0.34, 0.65, 0.6 and 1. During

training, we apply the same data augmentation strategies as

previous methods [6, 51]. The parameters of the diffusion

model and CLIP remain frozen throughout. The AdamW

optimizer is used with an initial learning rate of 10−4 and a

weight decay of 10−4. The model is trained for a total of 80
epochs, with the learning rate reduced to 10−5 at the 60-th

epoch. All experiments are conducted on four A100 GPUs.

4.2. Main Results
Results on PSG. We first present the results on the PSG

dataset, as shown in Table 1, for both the closed- and open-
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Datasets Methods R@50 mR@50 R@100 mR@100

PSG

PGSG[31] 7.3 4.3 11.4 6.1

OvSGTR†[4] 19.1 13.4 23.6 16.2

OpenPSG†[69] 11.4 6.7 16.3 7.7

SPADE 22.7 17.8 26.2 20.1

VG

Cacao[59] 1.2 0.5 3.3 1.4

VS3[65] 5.8 2.5 7.2 3.1

PGSG[31] 5.3 2.8 8.1 4.4

OpenPSG†[69] 9.5 6.9 14.6 8.9

OvSGTR[4] 17.1 10.4 21.0 14.8

SPADE 19.4 13.1 24.7 16.4

Table 3. Compared to the state-of-the-art PSG and SGG models

on the VG and PSG dataset in the open-set (OvD+R) [4] scenario.

Methods
NDR DR

R@50 mR@50 R@50 mR@50

PGSG[31] 35.6 24.5 28.3 18.1

OvSGTR[4] 40.3 33.4 34.5 26.7

OpenPSG[69] 43.7 39.5 37.1 32.8

SPADE 46.5 42.8 42.3 38.7

Table 4. Distant and non-distant relations detection performance

of VLM-based PSG models on the PSG dataset.

set settings. For the open-set, we report results at two sce-

narios [4]: OvR (training with full objects and partial pred-

icates) and OvR+D (training with partial objects and pred-

icates). The results for the OvR+D on the PSG dataset are

provided in Table 3. To ensure a fair comparison, we em-

ploy the Mask2Former [6] with the Swin-B backbone [35]

as the object segmenter across PSG models.

The results indicate that, in the closed-set scenario, our

proposed model, SPADE, achieves the highest performance

on the PSG dataset. Specifically, SPADE also demonstrates

superior performance in the open-set setting. Specifically,

it outperforms OpenPSG [69] by approximately 4 points on

average in the closed-set scenario and 3 points in the open-

set setting. Notably, under the OvR+D scenario, our model

achieves a 5.5% improvement in R@50 compared to the

competitive OpenPSG model [69]. This significant perfor-

mance gain highlights SPADE’s strong capability in recog-

nizing unseen objects and predicates.

Results on VG. To evaluate our model on the VG dataset,

we adapted the mask prediction heads of our instance

decoder to box prediction heads, following the approach

[31, 69]. The remaining settings are consistent with those

used in OvSGTR [4]. We report results for both close-

set and open-set settings in Table 2. From the results, it

shows that SPADE continues to achieve good performance

on the VG dataset, surpassing many competitive open-set

SGG models. In the open-set, SPADE demonstrates signif-

icant superiority over other models, achieving ∼ 8 points

higher than OpenPSG in terms of OvD+R (R@100).

Strategies
OvR OvD+R

R@50 R@100 R@50 R@100

w/o inversion 21.0 25.3 15.9 18.9

w/o LoRA 18.8 21.8 12.7 15.8

w/o calibration 15.3 18.9 10.1 12.5

Ours 26.7 31.8 22.7 26.2

Table 5. Ablation results with different fine-tuning strategies for

calibration on the open-set PSG dataset.

4.3. Ablation Study

In this section, we investigate four crucial parts of SPADE:

spatial relation prediction, fine-tuning strategy, the relation

graph transformer and the open-vocabulary module.

Spatial Relation Prediction Analysis. To assess the spa-

tial relation detection of VLM-based PSG models, we cate-

gorize relationships into spatial and non-spatial groups and

focus only on spatial relationships in this analysis. We fur-

ther define two evaluation scenarios: Distant Relation (DR)

and Non-Distant Relation Pairs (NDR). DR includes ob-

ject pairs where the distance between the centers of their

bounding boxes exceeds one-third of the image width, while

NDRP includes object pairs where this distance is less than

one-third. The results are shown in Table 4. To ensure

fairness, we use an equal number of DR and NDR sam-

ples during training to eliminate potential data bias. From

the results, we observe that many LMM-based models per-

form better in the NDR scenario but struggle in the DR sce-

nario. For instance, OpenPSG shows an 7% performance

gap in R@50 between DR and NDR predicates. In contrast,

our model achieves more balanced performance across both

groups, outperforming prior models in both distant and non-

distant relationship prediction. This suggests that existing

VLM-based models have difficulty capturing spatial rela-

tionships.

Calibration Strategies. We examine different fine-tuning

techniques: without inversion sampling (w/o inversion), i.e,

random sampling a noise from a Gaussian distribution; fine-

tuning all UNet parameters (w/o LoRA); and using the pre-

trained UNet directly (w/o calibration). The results are pre-

sented in Table 5. From the results, we observe that w/o

calibration yields the worst performance, confirming that

the knowledge embedded in the pre-trained diffusion model

differs significantly from that required for scene graph un-

derstanding. This highlights the necessity of our calibra-

tion operation. Similarly, w/o LoRA also performs poorly,

likely because modifying all parameters of the denoising

network disrupts the world knowledge preserved in the pre-

trained diffusion model. Additionally, using a random sam-

pling diffusion model does not yield strong performance,

probably because the generated image features and spatial
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LCNL LCNNL LCL Lrqc R/mR@50 R/mR@100

30.5 / 26.3 40.2 / 35.7

� 35.6 / 32.2 46.5 / 43.7

� � 37.1 / 34.4 47.9 / 44.8

� � � 40.3 / 35.6 50.8 / 46.5

� � � � 45.1 / 41.2 54.3 / 51.7

Table 6. Ablation study results of the Relation Graph Transformer

on the close-set PSG dataset.

Diffusion Pooling
OvR OvR+D

R@50 R@100 R@50 R@100

� 12.5 14.6 8.5 9.2

� 21.4 24.8 12.8 14.7

� � 26.7 31.8 22.7 26.2

Table 7. Ablation results with open-vocabulary classification

strategies on the PSG dataset in the open-set setting.

layout are inconsistent with the input real image. In con-

trast, our approach—LoRA with a deterministic sampling

model—preserves the pre-trained parameters while learn-

ing two low-rank matrices specifically tailored for the PSG

task. This provides a more effective fine-tuning strategy,

balancing knowledge retention and task-specific adaptation.

Relation Graph Transformer. In this section, we analyze

three key components of the relation graph transformer:

long-range correlation neighbors learning (LCNL), long-

range correlation non-neighbors learning (LCNNL), and lo-

cal correlation learning (LCL). Additionally, we examine

the impact of the auxiliary loss Lrqc. Table 6 presents

the ablation results, highlighting the contributions of each

component. The baseline model, which excludes all com-

ponents, achieves the lowest performance. Adding LCNL

or LCNNL individually leads to noticeable improvements,

while incorporating LCL further enhances the results. No-

tably, the full configuration—integrating LCNL, LCNNL,

LCL, and Lrqc —achieves the highest scores. These find-

ings confirm that both long-range (via neighbor and non-

neighbor correlations) and local relation modeling, along

with auxiliary relation query construction loss, are essential

for robust relation prediction.

Open-Vocabulary Module. Table 7 presents the ablation

results to assess the impact of incorporating diffusion fea-

tures and pooled features on open-vocabulary relation pre-

diction. The results indicate that integrating pooled features

leads to notable improvements over the baseline, which re-

lies solely on the predictions of the diffusion model. This

suggests that diffusion-based representations alone may not

be sufficient for predicting open-vocabulary relations and

that pooled features provide complementary information

that enhances the model’s predictive capabilities. These

< Person, hold, WineGlasses >
< Bottle, on, Table >
< Person, sleep on, Table >
< Vase, beside, Bottle >
< Closet, on back of, Person >
< Vase, on, Table >
< Wall, attached to, Closet >
< Flower, on, Vase >
< Closet, on back of, Person >
< WineGlasses, Beside, Vase >

Input Image Prediction
< Person, carry, Remote >
< Roof, Over, Person >
< Person, hold, Remote >
< TV, on, Counter >
< Person, beside, Fireplace >
< Wall, on back of, TV >
< Person, look at, TV >
< Fireplace , in, Wall >
< Roof, Over, TV >
< Wall, attached to, Roof >

< Dog, lie on, Blanket >
< Teddy bear, lie on, Blanket >
< Dog, hold, Teddy bear >
< Book, in, Bookshelf >
< Dog, rest on, Blanket >
< Dog, look at, Teddy bear >
< Book, in, Bookshelf >
< Teddy bear, placed on, Blanket >
< Speaker, on back of, Dog >
< Table, Beside, Couch >

Ground Truth

Figure 4. The visualization results of PSG by SPADE. The first

column shows the input images, while the second column presents

the ground truth. The other columns display the predictions by

our model, where unseen predicted objects and relationships are

highlighted on a yellow green background.

findings highlight the importance of both diffusion-based

features and pooled features for effective open-vocabulary

relation prediction.

4.4. Visualization Results
In Figure 4, we present visualization results that illustrate

our model’s open-vocabulary capabilities. These visualiza-

tions reveal that our model not only successfully identifies

and segments objects that are entirely unseen during train-

ing (highlighted in yellow-green) but also adeptly infers

novel relationships among them. This indicates that SPADE

is capable of generalizing beyond the set of categories en-

countered during training, effectively capturing both known

and unknown object and predicate classes.

4.5. Conclusion
In this paper, we introduced SPADE, a novel spatial-

aware diffusion-based framework for open-vocabulary

PSG. SPADE addresses the limitations of VLM-based

PSG models, particularly their weaknesses in spatial rela-

tion reasoning. Our approach consists of two key steps:

inversion-guided calibration and spatial-aware context rea-

soning. First, we fine-tune a pre-trained teacher diffusion

model into a PSG-specific denoising network using cross-

attention maps from inversion, optimized with a lightweight

LoRA-based calibration strategy. Second, we introduce

a spatial-aware relation graph transformer that captures

both local and long-range contextual dependencies, improv-

ing relation query generation. Extensive experiments on

benchmark PSG and Visual Genome datasets demonstrate

that SPADE achieves state-of-the-art performance in both

closed-set and open-set scenarios. For future work, we will

extend its applicability to broader multimodal tasks, e.g.,

human-object interaction detection.
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