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Figure 1. Results Visualization of Relation Rectification. (a) Our approach enables diffusion model to successfully generate images with
the correct directional relation in response to the textual prompt, which they originally failed. (b) Our method can synthesize relation of
diverse and unseen objects in zero-shot manner.

Abstract

Despite their exceptional generative abilities, large T2I
diffusion models, much like skilled but careless artists, of-
ten struggle with accurately depicting visual relationships
between objects. This issue, as we uncover through careful
analysis, arises from a misaligned text encoder that strug-
gles to interpret specific relationships and differentiate the
logical order of associated objects. To resolve this, we in-
troduce a novel task termed Relation Rectification, aiming
to refine the model to accurately represent a given rela-
tionship it initially fails to generate. To address this, we
propose an innovative solution utilizing a Heterogeneous
Graph Convolutional Network (HGCN). It models the di-
rectional relationships between relation terms and corre-
sponding objects within the input prompts. Specifically, we
optimize the HGCN on a pair of prompts with identical re-
lational words but reversed object orders, supplemented by
a few reference images. The lightweight HGCN adjusts
the text embeddings generated by the text encoder, ensur-
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ing accurate reflection of the textual relation in the em-
bedding space. Crucially, our method retains the param-
eters of the text encoder and diffusion model, preserving the
model’s robust performance on unrelated descriptions. We
validated our approach on a newly curated dataset of di-
verse relational data, demonstrating both quantitative and
qualitative enhancements in generating images with precise
visual relations. Project page: https://wuyinwei-
hah.github.io/rrnet.github.io/ .

1. Introduction

Diffusion-based text-to-image (T2I) models [14, 32]
have set new benchmarks in the synthesis of images from
textual descriptions, achieving remarkable fidelity and de-
tail. Nevertheless, a nontrivial gap persists in their abil-
ity to interpret and visually articulate the interacting ob-
jects within a given prompt, especially when the descrip-
tion includes directional or relational terms. For instance,
a prompt such as “a book is placed on a bowl”
frequently leads to a visual representation where the in-
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tended directionality of the interaction is misconstrued, re-
sulting in scene akin to “a bowl is placed on a
book”. This indicates a crucial limitation in the model’s
relational understanding, a pivotal aspect of cognitive com-
prehension that remains to be fully integrated into the gen-
erated images.

The problem of relation mis-interpretion is not unique
to diffusion models; indeed, it is endemic to the broader
class of Vision-Language Models (VLMs) [50]. The crux
of this issue stems from the standard contrastive or mask-
filling training of VLMs [12, 17, 41], which prioritize
global semantics but fails to capture correct relationships
between objects. Consequently, these models, especially
diffusion-based T2I models, often understand texts as “Bag-
of words” [50], neglecting the compositional semantics nec-
essary for accurate image generation.

In response, some researchers have incorporated auxil-
iary input, such as canvas layouts, to guide image synthe-
sis [47, 52]. However, such interventions circumvent rather
than resolve the primary limitation: the text encoder’s in-
adequate response to the directionality of textual relations.
Addressing this fundamental issue remains a pivotal con-
cern for advancing the field.

To address the issue, we introduce a new task named
Relation Rectification. Given a pair of prompts that de-
scribe the same relation but with the positions of the objects
reversed (for instance, “The bowl is inside the
cloth” vs. “The cloth is inside the bowl”),
termed object-swapped prompts (OSPs). The task aims to
allow the model to give different responses to OSPs accord-
ing to the differences in object relationships, rather than
simplifying prompts to just ”Bags-of-words”.

Upon investigating the inner workings of the diffusion
model, we found that the embedding of the special token
[EOT ], signifying the end of text, plays a pivotal role in-
guiding the generation of relationships. We further identi-
fied a critical issue: the embeddings of [EOT ] generated
from OSPs are nearly identical, rendering the directionality
of the relations indistinguishable.

To address this, we introduce RRNet, a novel framework
designed to augment the relation understanding of diffusion
models like Stable Diffusion (SD). The essence of RRNet
is to explicitly encode the directional aspect of relationships
within a sentence. Specifically, we conceptualize OSPs as
pairs of directed heterogeneous graphs. To process these
graphs, we utilize a Heterogeneous Graph Convolutional
Network (HGCN), which generates adjustment vectors to
distinctly separate the [EOT ] embeddings of OSPs. Dur-
ing training, we update the lightweight HGCN only, while
maintaining the parameters of SD to be fixed.

To evaluate the efficacy of our approach, we compiled
Relation Rectification Benchmark, a new dataset for eval-
uation and rigorously test RRNet across a spectrum of rela-

tionships. The experimental results indicate that despite a
minor decrease in image fidelity, RRNet enhances the ac-
curacy of SD’s relationship generation by up to 25Addi-
tionally, our method significantly enhances interpretability,
clearly depicting the directional transitions in relationships.
Furthermore, RRNet demonstrates robust generalization ca-
pabilities, effectively handling even unseen objects in the
dataset. This comprehensive testing underscores RRNet’s
potential in improving relationship interpretation in image
generation tasks.

Our contributions are summarized as belows:

• We introduce the novel task of Relation Rectifica-
tion, focused on enhancing SD’s capability to accu-
rately generate images that reflect the directional rela-
tionships outlined in text prompts.

• We identify that the primary limitation of vanilla SD in
relation rectification arises from the indistinguishable
text embeddings of OSPs.

• We proposed RRNet, a HGCN based model that de-
signed to aid SD in accurately generating images with
directional relationships. Our approach requires only
the training of a lightweight HGCN, and can effec-
tively address the task of relation rectification.

• We contribute the Relation Rectification Bench-
mark, serving as a valuable evaluation tool for assess-
ing the effectiveness of relation rectification methods.

2. Related work
Diffusion Models. Diffusion models [5, 6, 14, 32, 45] view
image generation as process of gradual denoising from
isotropic noise. Recent advances have seen diffusion-based
models reach the forefront in the field of T2I generation
[10, 33, 35, 37, 39, 48]. Notably, the Stable Diffusion (SD)
[37] operates by denoising within the latent space, condi-
tioned on the text embeddings from pre-trained text en-
coders [34]. However, text embeddings generated from sen-
tences that contain directional relations are often inaccurate,
leading to difficulties for SD in accurately generating the
relationships. Our method corrects these inaccurate embed-
dings. By doing so, it allows SD to more accurately capture
relationship within text, leading to better image quality.
Personalized Diffusion. Personalized diffusion focuses on
creating images that align with specific, personalized visual
concepts [8, 18, 23, 38] by tuning the general-purpose dif-
fusion model. Leveraging off-the-shelf model tuning tech-
niques [15, 16, 49], it modifies aspects such as text em-
beddings or attention patterns within the diffusion process.
These modifications guide the diffusion to achieve a cus-
tomized image generation. Unlike other methods that con-
centrate on generating particular visual content, we focus
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on improving the model’s ability to generate precise visual
relationships by adjusting the embeddings.
Vision-Language Models. Vision-Language Models
(VLMs) [19, 24, 34] aim to learn a unified cross-modality
representation space between image and text by pre-training
on a large number of image-text pairs. For example, CLIP
[34] learned text-image shared representations by using
contrast learning on large-scale image-text pairs. However,
recent work [50] suggests that the contrastive objective used
to train CLIP does not explicitly encourage it to learn sen-
tence order information, leading to CLIP’s tendency to in-
terpret sentences as Bags-of-Words. Our work not only
identifies the impact of this characteristic on T2I diffusion
models which using CLIP as a text encoder, but also pro-
poses an effective solution to mitigate the negative effects it
introduces.
Compositional Image Generation. Compositional Image
Generation aims to enable generative models to generate
images from prompts that describe the composition of cer-
tain concepts. Composable Diffusion [29] utilizes multiple
diffusion models to control the generation of different con-
cepts, thereby achieving precise object positioning. GLi-
GEN [26] and ControlNet [52] guide compositional gen-
eration by providing additional multimodal conditions for
training. Another branch of works [2, 3, 7, 47] modify the
cross-attention layout within the diffusion model to con-
trol object generation positions in a training-free manner.
However, previous research primarily examines simple [9]
spatial relationships. Our work delves into more intricate
spatial and action-based relationships.
Graph Convolutional Network. Graphs differ fundamen-
tally from image and text data. They comprise nodes
and edges, with edges representing the relationships be-
tween nodes. Recent advancements in Graph Convolutional
Networks (GCNs) [11, 22, 30] have significantly improved
graph learning tasks. GCNs have been successfully applied
in diverse domains [20, 25, 36, 46]. Heterogeneous graphs
represent a distinct category of graphs, and they are capa-
ble of depicting various types of nodes and their interrela-
tions. To manage this particular type of graph, Heteroge-
neous GCNs (HGCN) [44, 51] are proposed. More specif-
ically, HGCNs adopt various functions to handle informa-
tion emanating from various types of nodes. In our work,
we introduce HGCN to tackle the challenge posed by the
text encoder of SD, specifically its insensitivity to the direc-
tional relations within sentences.

3. Approach

3.1. Preliminaries

Text-to-Image Diffusion Models and its Text Encoder.
We apply our method over a pretrained T2I SD. Given an
initial Gaussian noise z ∼ N (0, I) and a textual prompt y,

Figure 2. Effect of masking out text embeddings corresponding
to different tokens. We found that masking out the embedding
of [EOT ] dramatically destroy the semantic of generated images,
including relationships, whereas masking out the embeddings cor-
responds to words results in only marginal changes.

the SD can generate an image that matches the prompt by
stepwise denoising. The SD is trained by minimizing LDM
loss as follows:

LLDM = Ez∼N (0,I),y,t[||ϵ− ϵθ(zt, t, c(y))||22], (1)

where the ϵθ is parameterized as a U-Net. At each timestep
t, the denoising network ϵθ aims at predicting the noise ϵ
added to the latent code. The textual prompt y that describes
the final image content guides the denoising process. Before
provided to the SD, the prompt is encoded by a text encoder
c, to produce text embeddings c(y) ∈ RK×d, where K rep-
resents the number of tokens and d the token embedding
dimension. Typically, the text embeddings c(y) generated
by c have a length K of 77. In addition to embeddings rep-
resenting each word in y, embeddings of special tokens are
also included. Notably, the special token [EOT ] marks the
end of Text, and its embedding (denoted as Veot) is used to
represent semantic information for the entire sentence dur-
ing the contrast learning of c.
Key Finding: Veot controls the relation. In addressing our
specific problem, we identified that the Veot vector plays a
pivotal role in controlling the relationships and semantics
in generated images. Our experiments, as shown in Fig-
ure 2, revealed a critical observation: when Veot is masked
out, SD struggles to generate images that accurately depict
valid relationships. This finding underscores the heavy re-
liance of SD on Veot for relation generation. We hypoth-
esize that this is due to Veot accumulating rich semantics
from other tokens, including both object and relational in-
formation, thereby serving as a crucial component in rela-
tionship generation. Further, we observed that the Veot vec-
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tors of OSPs have a cosine similarity close to 1, indicating
they are nearly indistinguishable to SD.

Based on these findings, we plan to differentiate the Veot

vectors of OSPs to enhance SD’s relationship generation ac-
curacy.
Graph Convolutional Network. GCN excels in processing
graph data, A graph can be defined as a tuple of G = (V, E),
V represents for nodes set and E is the edges set. For the
directed graph used in our work, each directed edge ei,j ∈ E
connects node vi to node vj .

GCN updates a node’s representation by aggregating in-
formation from its neighbors. For a GCN comprising L
convolutional layers, the update formula for the node rep-
resentation of the l th layer can be expressed as follows:

h
(l+1)
i = σ(b(l) +

∑
j:(ej,i)∈E

αj,ih
(l)
j W (l)), (2)

where h(l) is the representation of the node at layer l. αj,i

denotes the edge weight. W and b are learnable parameters
and σ is the activation function.

To differentiate the Veot of OSPs, we use graphs to rep-
resent the directions of the relations in sentences. Our ap-
proach utilizes a heterogeneous graph to model diverse in-
formation as different node types. Objects and relations are
distinct node types, VO,VR ∈ V . Their information will be
aggregated into V∆EOT , which is responsible for learning
adjustment vectors to separate the Veot of OSPs.

In our HGCN, the weight matrix W varies by node types,
allowing specific aggregation for each information type.

3.2. Problem Definition

In our paper, we define relation rectification as the task
of enabling T2I SD to generate images that more accu-
rately represent the described relationships of OSPs. For
a prompts y contains directional relationship, we aim to ad-
just its text embeddings c(y) using an additional model ϕ
such that:

argmax
ϕ

P (x|ϕ(c(y)))− P (x̃|ϕ(c(y))) (3)

where P is the generating distribution of SD, and x and x̃
are two sets of images describe by y and its object-swapped
counterpart ỹ. Achieving this objective requires two key
criteria:
C1. The text embeddings of OSPs must be distinguishable
after adjustment.
C2. The adjusted embeddings should remain valid for SD’s
input domain, effectively guiding the generation of the cor-
rect relational direction.

As such, we give our solution to each criterion.
Solution to C1. We introduce the Relation Rectification
Net (RRNet), which conceptualizes OSPs as heterogeneous

graphs to capture the directional relations. RRNet uses
these graphs to produce adjustment vectors that separate the
embeddings of OSPs. We discuss RRNet in Sec 3.2.1.
Solution to C2. We utilize SD’s capability to understand
visual semantics, guiding RRNet to create effective adjust-
ment vectors. By analyzing example images correspond-
ing to OSPs, SD discerns various relational directions, im-
parting this knowledge to RRNet for modifying text embed-
dings. More details are discussed in Sec 3.2.2.

3.2.1 Relation Rectification Net

As we have identified, the relationship information for SD
is predominantly encoded within the Veot. To effectively
rectify and optimize this vector for accurate relation gener-
ation, we’ve developed a model that incorporates a HGCN.
This HGCN is specifically engineered to process heteroge-
neous graphs derived from OSPs, subsequently outputting
adjustment vectors that refine the Veot.
Heterogeneous Graph Construction. A pair of OSPs con-
tain objects A,B and a relationship R conceptualized as
two distinct triplets: < A,R,B > and < B,R,A >. It
is important to note that < A,R,B > ̸=< B,R,A > due
to the directional nature of R. These triplets are directly
modeled as directed graphs, for example < A,R,B > as a
graph with directed edges A → R and R → B.

Considering the different semantics of object and rela-
tion nodes, we employ heterogeneous graphs. Here, objects
and relations are represented as two distinct node types,
vr ∈ VR for relations and and vo ∈ VO for objects.

In addition to VR and VO, a third kind of nodes, V∆EOT ,
is utilized to learn the adjustment vector h∆EOT . The
learned h∆EOT will be used to adjust the relation direction
information in original Veot of OSPs.
Relation Adjustment. With the graph topology estab-
lished, we initiate the node representations. For object
nodes VO and relation nodes VR, we employ CLIP’s word
embeddings, rich in semantic content, as their initial repre-
sentations. Node V∆EOT is initialized randomly.

In the HGCN layers, the information from VO and VR

aggregates into V∆EOT along edges. The update formula
for V∆EOT is:

h
(l+1)
∆EOT =

∑
E∈Ê

σ(b(l) +
∑

j:(ej,i)∈E

αj,ih
(l)
j W

(l)
E ), (4)

where Ê is the set of all edge types, and W
(l)
E denotes the

weight of the edge of type E . After several convolution lay-
ers, relation direction and node representations of A,R and
B merge into V∆EOT . As illustrated in the bottom left part

of Figure 3, the final adjusted
∗

Veot is obtain via:

∗
Veot = Veot + λ · h(L)

∆EOT , (5)
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Figure 3. Our RRNet Architecture. Given OSPs and their exemplar images, the RRNet learns to produce adjustment vectors h
(L)
∆EOT ,

which will then be added on original Veot of the prompts. The rectified embeddings then will used as the condition to guidance the
generation process of a frozen SD. The upper left part is the heterogeneous graph RRNet uses to model the relation direction. Upon
optimization with negative loss and denoising loss, the SD will be able to generate images with correct relation direction.

here the λ ∈ [0, 1] moderates the adjustment strength. By
adjusting the value of λ, a trade-off between image quality
and relation generation accuracy can be made. This additive
operation is inspired by previous works [4, 42] on concept
algebraic in VLMs’ embedding space.
Object Node Disentanglement. Our objective extends be-
yond just memorizing relationships; we aim to separate the
features of individual objects, represented by nodes A and
B, from the relationship R. This separation is essential to
prevent the blending of object features with relations.

To achieve this, as depicted in Figure 3, RRNet includes
a dedicated node, vA∆EOT ∈ V∆EOT for object A. V A

eot

is extracted from template sentence “This is a photo
of {A}”. We aim to preserve A ’s accurate semantic in
V A
eot after applying the adjustments through equation 5 with

hA
∆EOT . The hA

∆EOT is obtained from the final layer repre-
sentation of vA∆EOT , as depicted in equation 4. This method
ensures the disentanglement of node A from node B and re-
lation R.

However, since V A
eot already aligns closely with object

A’s semantic and might not require adjustment, hA
∆EOT

could potentially learn a trivial solution, such as zero. To
prevent this, we add Gaussian noise to V A

eot, so that the
hA
∆EOT is forced to learning a valid semantic vector.

For the disentanglement of object B, owing to the con-
current training of RRNet from < A,R,B > and <
B,R,A > directions, when training in the < B,R,A >
direction, B is also disentangled

3.2.2 Relation Compelling Losses

In our study, we have developed a relation compelling loss,
consisting of both positive and negative components, tai-
lored to enhance SD’s interpretation of relationships.
Positive Loss. Our goal is to guide SD in identifying text
embeddings that generate images with specific relationship

semantics, as outlined in equation 3. To achieve this, we
directly utilize the denoising loss as below:

Ldenoise = Ez∼N (0,I),y,t[||ϵ− ϵθ(xt, t, ϕ(c(y)))||22], (6)

where ϕ is the RRNet, and ϕ(c(y))) adjusts the text em-
beddings of prompt y. The xt are exemplar images corre-
sponding to y. Through Ldenoise, RRNet learns to generate
adjustment vectors that align text embeddings of y with the
relation semantics in the exemplar images.
Negative Loss. Solely relying on Ldenoise risks the model
focusing on superficial features such as image background,
rather than the desired relations. To address this and ensure
Veot separation in OSPs, we introduce a negative loss:

Lneg = Ez∼N (0,I),ỹ,t[−||ϵ− ϵθ(xt, t, ϕ(c(ỹ)))||22], (7)

where ỹ is the OSP counterpart of y.
The final loss becomes:

L = η · Ldenoise + ξ · Lneg (8)

here, the η and ξ ere hyperparameters balancing the two
losses. Intuitively, Ldenoise helps RRNet in discerning rela-
tion semantics, while Lneg mitigates unintended semantics,
aiding in separating Veot of OSPs.

During training, for each OSP pair represented as <
A,R,B > and < B,R,A >, our dataset includes four
types of image-text pairs: two types for the original OSPs
and two for disentangling the object node features. The
computation of loss for each image-text pair involves the
incorporation of the other three pairs using Equation 8.

Once trained, RRNet is capable of generating adjustment
vectors that effectively separate the Veot of OSPs, thus en-
hancing SD’s precision in relationship generation.
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4. Experiment
4.1. Experimental Setup

Dataset. For a comprehensive benchmarking, we compiled
a dataset with 21 relationships, split into 8 positional (like
below, on the left) and 13 action (such as touch,
follow) types. Each includes a pair of object-swapped
prompts (OSPs) and corresponding images. We generated
100 images per prompt, totaling 4200 images, to rigorously
assess the accuracy of relation generation. For detailed
dataset statistics, please refer to Appendix D.
Implementation Details. We train RRNet on Stable Diffu-
sion 2-1 for 100 epochs. During training, λ in Equation 5 is
set to 1. For the loss in Equation 8, we found that setting the
weight η of denoising loss to 10 and weight ξ for negative
loss to 2 works well for most cases. Training for each re-
lationship only takes about 20 minutes on 1 NVIDIA V100
GPU.

During generation, the weight λ can be set within [0, 1].
In our experiments, we assess the generation outcomes us-
ing various values of λ. For the denoising process, we
use the PNDM scheduler [21] and adopt 30 steps. The
classifier-free guidance is applied for better image quality.
Baselines. In the absence of existing approaches de-
signed to generate correct relations, we established our own
baselines. The first baseline is SD itself. Additionally,
we compare our method with personalized diffusion mod-
els [8, 23, 38], where we optimize the CLIP text encoder
within the SD model. To ensure a fair comparison, we op-
timize the text encoder using the same loss function that
is applied in these personalized diffusion methods. More
comparative experiments are provided in the Appendix A.
Evaluation Metrics. We report two evaluation metrics

• Relationship Generation Accuracy. To evaluate
the accuracy of relationship generation, we employ
vision-language chatbots proficient in image seman-
tics, specifically Qwen-VL-Chat [1] and LLaVA [28].
The evaluation approach involves: (1) Using a sen-
tence representing triplet < A,R,B > and a corre-
sponding image as a prompt. (2) Verifying the pres-
ence of entities A and B in the image. (3) Guiding
the chatbots to determine the relationship between A
and B. (4) Having the chatbots choose the most plau-
sible relationship from < A,R,B >, < B,R,A >, or
Neither.

In steps (1) and (2) described above, chatbots perform
the task of detecting object generation, from which we
derive the Object Generation Accuracy (OGA). This
metric is used to assess the accuracy of entity genera-
tion.

• Fréchet Inception Distance (FID). FID [13] is used to
evaluate the quality of generated images. It can mea-

Figure 4. Qualitative Results. By increasing the weight λ of
the adjustment vector, we show the process of correcting relation
direction in the generated images that were originally incorrect.

sure the feature similarity between generated and real
images via a pre-trained inception model [40]. We cac-
ulate the FID score between 4,200 generated images
and all images from validation set of COCO [27].
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Method Position(Qwen) ↑ Position(LLaVA)↑ Action(Qwen) ↑ Action(LLaVA)↑ OGA↑ FID↓
RR Dataset 0.849 0.763 0.616 0.652 1.000 N/A
Stable Diffusion 0.467 0.542 0.399 0.543 0.898 83.73
Personalized Diffusion 0.509 0.558 0.273 0.518 0.844 91.93
RRNet (λ=0.2) 0.564 0.597 0.469 0.565 0.937 89.13
RRNet (λ=0.4) 0.646 0.648 0.492 0.603 0.964 94.73
RRNet (λ=0.6) 0.697 0.684 0.500 0.632 0.970 100.78
RRNet (λ=1) 0.729 0.724 0.490 0.651 0.971 110.01

Table 1. Quantitative Results of Positional Relation Generation. We evaluate the generation accuracy through Qwen-VL-Chat and
LLaVA chatbots, and the generated image quality is evaluated via FID. The Position and Action represent for evaluation on positional
relationships part and action relationships part of the dataset, respectively. Object generation accuracy (OGA) is the average calculated
from all position and action relations.

Figure 5. Qualitative Comparisons. Our method outperforms the
baselines in terms of the relationship generation.

4.2. Comparisons

Quantitative analysis. Table 1 presents the quantitative re-
sults on positional and action relationships generation. Our
method obtains a better relationship generation accuracy
and object generation accuracy compared to baselines. By
increasing the adjustment weight λ in equation 5, the RR-
Net can achieve a higher generation accuracy.

However, it can be observed that a larger λ could also
leads to a larger FID score, indicating lower image fidelity.
To balance relationship generation accuracy and image di-
versity, we discovered that setting λ between 0.4 and 0.6
significantly improves relationship accuracy while preserv-

ing image quality.
Qualitative analysis. Figure 4 and Figure 1(a) illustrate
the interpretability of our adjustment vector approach. As
λ increases, the generated images progressively shift to the
correct relationship direction. For example, the second row
of Figure 4 shows an astronaut transitioning from riding a
horse (λ = 0) to eventually leading the horse (λ = 0.6).
This progression visually illustrates the transition of rela-
tionships towards the correct direction, demonstrating RR-
Net’s capability in rectifying relations.

In Figure 5, we compare our method against baselines.
Original SD generations often mix relationship directions,
failing to distinguish them accurately. The personalized dif-
fusion approach, Personalized diffusion, while learning the
relationship, often alters object semantics. As observed in
the bottom row, it successfully learns the meaning of “In
water”, but sacrifices the meaning of “A bowl”, which
in turn incorrectly generates cup and bucket similar to bowl.
Our approach, in contrast, correctly portrays relationship di-
rections and maintains the objects’ original meanings in the
generated images.

4.3. User Study

Setup. We conducted a user study with 63 evaluators to
evaluate relationship generation accuracy. Ten relationships
were chosen from our dataset, with images generated by
RRNet and baselines. For each, evaluators selected the im-
age that best depicted the described relationship from two
randomly chosen images per method.
Results. The outcomes of this user study are detailed in Ta-
ble 3. We observe that the generation of RRNet are more
favored by evaluators, with an absolute improvement of
68.1% on personalized diffusion and 58.58% on SD.

4.4. Generalization to Unseen Objects

In our framework, for each set of OSPs, the RRNet is
trained with images contains only one pair of objects. It is
normal to wonder if the trained RRNet can generalize well
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Method Position(Qwen) ↑ Position(LLaVA)↑ Action(Qwen) ↑ Action(LLaVA)↑ OGA↑
RRNet 0.697 0.684 0.500 0.632 0.970
w/o HGCN 0.509 0.558 0.273 0.518 0.844
w/o negative loss 0.534 0.633 0.451 0.555 0.949
w/o node disentanglement 0.543 0.635 0.426 0.535 0.938

Table 2. Quantitative Results of Variants of RRNet.

Method User Preference Rate ↑
Stable Diffusion 16.98%
Personalized Diffusion 7.46%
RRNet (λ=0.6) 75.56%

Table 3. Results of User Study. The result shows the percentage
of evaluators prefer the image produced by RRNet verse baselines.

Figure 6. Example of Generalization. By switching the objects
in the prompts, RRNet can still generate correct relationships.

to the unseen objects.
As shown in Figure 6 and Figure 1(b), by constructing

new graphs, RRNet demonstrates its ability to handle many
objects unseen in the training dataset.

4.5. Ablation Study

Here, we demonstrate the importance of our three de-
signs, 1) HGCN 2) negative loss, and 3) object node dis-
entanglement. For a fair comparison, we kept the training
hyperparameters the same and set λ=0.6 during image gen-
eration.
HGCN. Excluding the HGCN, which accounts for graph
structure, RRNet reverts to a basic personalized diffusion
model. This scenario has been analyzed and compared in
Table 5. The results indicate that the construction of re-
lational graphs is crucial for effective relation modeling in
RRNet.
Negative loss. As depicted in Figure 7, the absence of neg-
ative loss leads to generated images that somewhat conform
to both relational directions. For instance, in the upper
row, images of “A bottle contains a car, and
a car contains a bottle” are generated. Mean-
while, as can be seen from Table 2, without negative loss,

Figure 7. Ablation Results.

the performance of the model decreases a lot.
Object node disentanglement. Omitting this component
leads to the blending of semantics of nodes representing
different objects. As shown in Figure 7, this results in gen-
erated images with merged features, such as a bottle with
car-like traits or a bowl resembling cloth. Quantitative re-
sults in Table 2 further show reduced accuracy in generating
both relationships and objects.

5. Conclusion

We presented a novel framework, named RRNet, to en-
hance the ability of diffusion models in generating images
with more accurate relation directions. The key of our ap-
proach is to employ a HGCN to explicitly model the rela-
tional direction present in the prompts. RRNet will produce
an adjustment vector to rectify the direction of the relations
in the text embeddings that are provided to SD. We experi-
mentally demonstrate the interpretability as well as the ro-
bust performance of our approach.
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