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Figure 1. Generated 512x512 samples. GLIGEN [15] conditions on layout inputs. InteractDiffusion [11] introduces interaction labels
and corresponding locations. Our proposed GR-Diffusion operates as a training-free guidance mechanism by reframing the interaction
directives as a Target Scene Graph to enforce precise structural and relational alignment.

Abstract

Large-scale text-to-image diffusion models excel at generat-
ing high-fidelity images but struggle with control over com-
plex human-object interaction (HOI), due to guidance con-
flicts between layout and interaction constraints. In this
work, we introduce Graph-guided Relational-aware Dif-
fusion (GR-Diffusion), a training-free framework for pre-
cise control over complex HOI in diffusion models. GR-
Diffusion leverages a Target Scene Graph (TSG) as a struc-
tural guidance to steer the internal attention at each denois-
ing step via two plug-and-play modules. First, to control the
spatial layout, the Node Alignment Guidance (NAG) mod-
ule guides the cross-attention maps by reducing the struc-
tural deviation between the TSG and a dynamic attention
graph. Subsequently, to reinforce the semantic interactions,
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the Edge Enhancement Guidance (EEG) module constructs
a relational mask from the corrected cross-attention maps
and injects the mask into the self-attention layers. Our GR-
Diffusion achieves state-of-the-art control over both spatial
layout and semantic interactions on the HICO-DET bench-
mark, and significantly outperforms existing baselines in
both the HOI detection score and image fidelity measured
by FID and KID.

1. Introduction
Text-to-Image (T2I) diffusion models [21, 23] excel at gen-
erating high-fidelity images, yet they inherently lack precise
control over the generated content. To address this, existing
approaches have investigated various conditioning mecha-
nisms, including class[7, 34], text [21–23, 25], spatial lay-
outs [1, 5, 15, 29, 35] and scene graph [21, 24], images cues
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(e.g., edges and skeletons) [1, 12, 33]. While these methods
have enhanced controllability, they often fall short in sce-
narios that demand a deeper level of semantic understand-
ing, particularly in modeling the complex human-object in-
teraction (HOI).

(a) Guidance Conflict: Naively enforcing complex in-
teraction conditions simultaneously with layout constraints
often induces attention conflicts, leading to attribute drift
and incorrect number of entities. As shown in Fig. 1,
the complex interactions between ”person” and ”giraffe”
cause attribute drift, resulting in blended entities. Further-
more, ”person” and ”horse” within a specific layout results
in incorrect number of legs and people.

(b) Implicit Interaction Modeling: Existing methods,
whether based on triplets [11] or layout boxes [26], primar-
ily rely on a weak, implicit signal for the interaction rela-
tionship. For instance, existing methods fail to model a co-
herent relational structure of the ’person riding horse’ pairs
in Fig. 1. The lack of an explicit semantic link results in
spatially adjacent but semantically non-interacting entities.

(c) Generalization and Efficiency Trade-offs: Exist-
ing paradigms force a dilemma between two types of com-
putational cost. Training-based methods suffer from high
training costs and architectural rigidity, requiring costly re-
training to generalize. Conversely, training-free methods
introduce high inference costs by relying on external, large-
scale LLMs or VLMs for guidance.

To address these issues, we introduce GR-Diffusion, a
plug-and-play training-free framework for high-fidelity in-
teraction control. The core of GR-Diffusion is the Target
Scene Graph (TSG), an explicit representation of the de-
sired scene where nodes define the spatial layout of entities,
while edges define the semantic interactions. The TSG re-
frames the HOI control problem as a graph structural align-
ment task, which serves as a structural guidance to decouple
and steer the spatial layout and semantic interactions at each
denoising step.

GR-Diffusion deploys the TSG via two key guidance
modules operating at different stages of the U-Net: First,
to control the spatial layout, the NAG module constructs
a dynamic attention graph from the current cross-attention
layers of the UNet, compares it to the TSG to quantify the
layout deviation, and then applies an adaptive warping op-
eration to correct the cross-attention maps. The NAG mod-
ule ensures entities are precisely positioned prior to model-
ing of their interactions. Subsequently, to enforce seman-
tic interactions defined by the graph’s edges, the Edge En-
hancement Guidance (EEG) module leverages the corrected
entity locations provided by NAG. The EEG module con-
structs a relational mask corresponding to the TSG’s edges,
which is injected into self-attention layers. The EEG mod-
ule reinforces the mutual focus between interacting entities,
constructing implicit interactions. Through the dynamic

graph structural alignment mechanism, GR-Diffusion ad-
dresses the challenges of guidance conflict and implicit in-
teraction modeling.

Our main contributions can be summarized as follows:
• We propose GR-Diffusion, a training-free framework

for high-fidelity Human-Object Interaction (HOI) con-
trol. The core of GR-Diffusion is the Target Scene Graph
(TSG), which reframes the HOI control as a graph align-
ment task, enabling an adaptive guidance mechanism that
generalizes across different diffusion models.

• To address the guidance conflict and implicit relational
modeling challenges, GR-Diffusion introduces an adap-
tive mechanism to align the model’s internal attention
with the TSG. First, the Node Alignment Guidance
(NAG) module enforces the TSG node layout via cross-
attention maps. Subsequently, the Edge Enhancement
Guidance (EEG) module injects an edge-derived rela-
tional mask to reinforce semantic interactions.

• Through comprehensive experiments, we demonstrate
that GR-Diffusion achieves state-of-the-art performance
on the HICO-DET benchmark. It significantly outper-
forms existing baselines in both interaction controllability
and image fidelity.

2. Related Work
Controllable Image Generation. Research in controllable
image generation aims to provide explicit control beyond a
single text prompt. Training-based approaches involve in-
tegrating auxiliary modules into pre-trained diffusion mod-
els [23], such as lightweight encoders for spatial conditions
[20, 33]. A significant line of this research has focused on
precise layout and instance control. GLIGEN [15] proposed
trainable gated self-attention layers to condition generation
on bounding boxes. This was followed by methods focus-
ing on instance-level control [27, 35], and more advanced
architectures for complex layout generation [31, 32]. Other
methods target compositional control [12] or use LLMs for
enhanced guidance [6, 14].

Training-free approaches achieves control purely at in-
ference time by manipulating the model’s attention maps.
This was pioneered by Prompt-to-Prompt [9] for style edit-
ing and was later adapted for layout control in methods like
Layout-Guidance [5] and FreeControl [19].

Human-Object Interactions Generation. A more
challenging task is the explicit control of Human-Object In-
teractions (HOI) [4, 8]. This requires moving beyond sim-
ple layout to model the specific semantic relationships be-
tween entities. Research on this specific problem has also
split into two paths.

Training-based methods aim to bake interaction control
directly into the model weights. InteractDiffusion [11] pro-
posed a pluggable module trained on HOI datasets to in-
tegrate ⟨subject, action, object⟩ triplets. This line of work
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Figure 2. Overview of GR-Diffusion. GR-Diffusion aligns attention of a pre-trained U-Net with a Target Scene Graph (TSG): (a) NAG
corrects the spatial layout corresponding to the TSG’s nodes, computing a layout deviation by comparing the cross-attention map to the
TSG and applying an attention warping operation to produce a corrected map. (b) EEG reinforces semantic interactions corresponding to
the TSG’s edges, leveraging corrected spatial priors from (a) to construct a relational mask, which is injected into the self-attention layers.

has been extended by methods like VerbDiff [3], which fine-
tunes the model to disambiguate verb semantics, EmIT [30],
which introduces modules to control the emotional context
of interactions. While effective, these methods rely on ex-
tensive, task-specific training, limiting their flexibility.

Training-free methods achieve control at inference stage,
which often rely on large external models. One cate-
gory leverages Large Language Models (LLMs). CEIDM
[28] uses LLMs to mine relationships for generation refine-
ment. B2B [26] utilizes LLMs to generate pre-defined lay-
out boxes. Another category employs external Visual Lan-
guage Models (VLMs), such as ReCorD [13], which utilizes
a multi-step reasoning and correcting loop.

This leaves a critical gap for a unified HOI genera-
tion framework that is simultaneously training-free, effi-
cient (i.e., without external LLMs or VLMs), and explicitly
models both layout and semantic relationships in a unified
manner. Therefore, we propose a novel training-free ap-
proach GR-Diffusion, which is the first to fill this gap by
reframing the control problem as a graph structural align-
ment task at inference stage.

3. Method

We propose GR-Diffusion, a training-free guidance frame-
work to generate images with complex human-object inter-
actions, as illustrated in Fig. 2. GR-Diffusion first mod-

els the interaction directive as a Target Scene Graph (TSG),
which provides a structural guidance for the denoising pro-
cess. GR-Diffusion comprises two key guidance mod-
ules: (a) Node Alignment Guidance, which corrects object
layout by aligning the model’s cross-attention maps with
the TSG’s nodes, and (b) Edge Enhancement Guidance,
which reinforces semantic interactions by injecting a re-
lational mask, corresponding to the TSG’s edges, into the
self-attention layers.

3.1. Target Scene Graph Formulation
Our training-free guidance mechanism operates on Sta-
ble Diffusion [23], a pre-trained Latent Diffusion Model
(LDM). LDMs utilize a U-Net ϵθ to perform the diffusion
process in a computationally efficient latent space. During
inference, the model iteratively denoises a random latent zT
to produce z0. For our method, text conditions c are injected
into the U-Net via cross-attention layers.

To address Human-Object Interaction (HOI) generation,
our plug-in guidance steers this pre-trained LDM by inter-
preting a set D of N HOI directives. Unlike frameworks
that require task-specific training [11], our guidance oper-
ates directly on the pre-trained model. We define each di-
rective di ∈ D by its core semantic triplet and the spatial
layout of its participating entities:

di = (⟨si, ai, oi⟩, bsi , boi), (1)
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where ⟨si, ai, oi⟩ are the labels for the (subject, action, ob-
ject) triplet, and (bsi , boi) are the respective bounding boxes
for the subject and object.

While this set of directives D provides structured infor-
mation, it represents a flat list of constraints. To better
model the holistic scene structure, our core idea is to re-
frame this set of directives into a unified representation. We
introduce the Target Scene Graph (TSG) GT = (V,ET )
as a guidance. The TSG is constructed directly from the
directives D as follows:
• Nodes (V ): The M unique entities (subjects and ob-

jects) from D form the vertex set. This set V is de-
fined as the collection of M target position vectors, V =
{v1, . . . ,vM}, where the node vj ∈ R2 is its target center
coordinate, derived from its bounding box bj . Each node
vj is also associated with its original class label.

• Edges (ET ): The interactions from D form the edges.
An edge ejk ∈ ET exists if the entities corresponding to
nodes vj and vk are linked by an action, and is attributed
with the corresponding action label.
This graph-based formulation explicitly decouples the

spatial layout (nodes V ) from the semantic interactions
(edges ET ). Our guidance mechanism, detailed next, is de-
signed to align the model’s internal attention with this struc-
tured representation.

3.2. Node Alignment Guidance
The Node Alignment Guidance (NAG) module is designed
to enforce the spatial layout defined by the Target Scene
Graph (TSG). The NAG module operates by constructing a
Dynamic Attention Graph (DAG), G(t)

A = (U (t), E
(t)
A ), at

each guided timestep t and aligning its structure to GT . The
vertex set of the DAG, U (t) = {u(t)

1 , . . . ,u
(t)
M }, is com-

posed of the corresponding centroids [16, 26] u
(t)
j calcu-

lated from the cross-attention maps at timestep t. The mod-
ule functions in a three-step process: (1) calculating these
centroids u

(t)
j to define G(t)

A , (2) computing the similarity

between G(t)
A and GT , and (3) applying a region-confined

attention warp to correct the layout.
Dynamic Attention Graph Construction. The NAG

module constructs the DAG G(t)
A , representing the model’s

current spatial beliefs. Its vertices U (t) are computed by
identifying the spatial centroid u

(t)
j for each entity. The pro-

cess begins by extracting the cross-attention map A
(t)
cross ∈

RH×W×K from the U-Net. As shown in Fig. 3, the j-th
entity correspond to a set of text tokens Kj , its average at-
tention map A

(t)
cross,j is computed by averaging the maps

for all tokens k ∈ Kj :

A
(t)
cross,j =

1

|Kj |
∑
k∈Kj

A
(t)
cross,(:,:,k). (2)
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Figure 3. Overview of the Node Alignment Guidance (NAG),
which corrects the spatial layout based on the deviation between
the Dynamic Attention Graph and the Target Scene Graph.

To accurately reflect the attention scores inside the target
bounding box bj , a binary mask Mj ∈ {0, 1}H×W is ap-
plied to its spatial region. As illustrated in Fig. 3, the cen-
troid u

(t)
j ∈ R2 is then computed as the center of scores

only within this masked region. This calculation, shown in
Eq. (3), first isolates the regional attention A

(t)
region,j and

then calculates the weighted average of coordinates, nor-
malized by the total regional attention scores Z(t)

j .

A
(t)
region,j = A

(t)
cross,j ⊙Mj ,

u
(t)
j =

1

Z
(t)
j

W∑
x=1

H∑
y=1

(A
(t)
region,j)x,y

(
x
y

)
,

(3)

as shown in Eq. (3), where Z
(t)
j =

∑
x,y(A

(t)
region,j)x,y

is the normalization factor representing the total attention
scores within the region. This localized calculation ensures
the centroid is not skewed by spurious attention elsewhere
in the map. The set of M calculated centroids U (t) thus
forms the vertices of G(t)

A .
Graph Similarity Detector. To quantify the discrep-

ancy, The Graph Similarity Detector (GSD) compare the
structure of G(t)

A with GT . We represent both graphs us-
ing weighted adjacency matrices, W

(t)
A ∈ RM×M and

WT ∈ RM×M . The weight wjk between any two nodes j
and k in WT is computed based on their pairwise Euclidean
distance ∥vj−vk∥2 (similarly for W (t)

A ), transformed by an
RBF kernel:

WT,(j,k) = exp

(
−∥vj − vk∥22

2σ2

)
· Sjk, (4)

where σ is the kernel bandwidth and Sjk is a semantic prior.
We then compute the Graph Structural Similarity (GSS)
as the normalized cosine similarity of their adjacency ma-
trices:

GSS(G(t)
A ,GT ) =

vec(W (t)
A ) · vec(WT )

∥vec(W (t)
A )∥2∥vec(WT )∥2

. (5)
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The GSS score serves as an adaptive detector. We define
τ as a hyperparameter representing the similarity threshold
for activating the guidance. The guidance is only applied if
GSS < τ . When guidance is active, the layout deviation is
defined as dlayout = 1−GSS.

Region-Confined Attention Warping. The magnitude
of the guidance, fwarp, is first made proportional to the cur-
rent layout deviation:

fwarp = 1 + γ · dlayout. (6)

This force magnitude is then translated into a concrete spa-
tial adjustment for each entity j. We compute a displace-
ment vector ∆pj that points from the entity’s current cen-
troid u

(t)
j towards its target position vj . The direction of

∆pj is given by the unit vector from u
(t)
j to vj , while its

magnitude is determined by scaling the original distance be-
tween them by the adaptive factor fwarp:

∆pj = fwarp · (vj − u
(t)
j ).

The vector ∆pj is used to define an affine transforma-
tion for the entity’s corresponding attention region. This
affine transformation generates a sampling grid, which is
applied to warp the original cross-attention map A

(t)
cross,j

via grid sampling, producing the spatially corrected map
A

′(t)
cross. Through the region-confined attention warping, the

attention map of each entity is effectively shifted, pulling its
centroid u

(t)
j closer to the target vj .

3.3. Edge Enhancement Guidance
While the NAG module corrects the spatial layout (nodes),
the Edge Enhancement Guidance (EEG) module is respon-
sible for enforcing the semantic interactions defined by the
graph’s edges (ET ). Correctly generating an interaction re-
quires establishing a strong contextual link between the cor-
responding pixel regions. This link is primarily modeled by
the self-attention mechanism. The EEG module therefore
directly manipulates the self-attention maps to structurally
reinforce these crucial relationships defined by all edges in
ET , the module performs the following two steps:

Edge Relation Mask Construction. While the EEG
module executes before NAG in the network block (as
shown in Fig. 2), it utilizes the corrected cross-attention
maps provided by the NAG module which is cached from its
previous execution. Using the cached cross-attention maps,
the Edge Enhancement Guidance (EEG) module is respon-
sible for enforcing the semantic interactions defined by the
graph’s edges (ET ). First, all entity nodes in the Target
Scene Graph GT that participate in an interaction are con-
ceptually divided into two sets: the set of subject nodes and
the set of object nodes. The EEG module then creates sub-
ject map and object map by averaging the corrected cross-
attention maps for all text tokens corresponding to them:

These aggregated maps (ms,mo ∈ RHW ) represent the
model’s spatial belief for the subject nodes and object nodes
as a whole. An Edge Relation Mask, Mrel ∈ RHW×HW , is
then constructed via an outer product to encourage mutual
attention between these two regions:

Mrel = msm
T
o +mom

T
s ,

where Mrel effectively represents the desired relational
structure for all interactions defined in ET .

Adaptive Self-Attention Injection. The final step is to
inject aggregate mask Mrel into the self-attention layers.
Let the original self-attention map at step t be A

(t)
self =

softmax(S(t)
self ), where S

(t)
self are the raw attention scores.

The guided self-attention map A
′(t)
self is then computed as:

A
′(t)
self = softmax(S(t)

self + β ·Mrel),

where the guidance strength β is made adaptive based on
the GSS score computed and cached during the NAG phase:
β = βbase · dlayout. This formulation ensures that poor lay-
out alignment triggers a stronger self-attention correction.

4. Experiments
This section presents a comprehensive evaluation of
the proposed GR-Diffusion framework. Experiments
are conducted on top of InteractDiffusion (v1.2) and
InteractDiffusion-XL (v1.0) [11]. All images are generated
at a 512x512 resolution. Consistent with the baseline setup
[11], The diffusion process utilizes the PLMS [17] sampler
with 50 inference steps and a guidance scale of 7.5. The
key hyperparameters for the guidance mechanism, includ-
ing the the GSS scaling factor γ, GSS threshold τ and the
base self-attention strength βbase, are held constant across
all experiments to ensure a fair comparison.

4.1. Datasets
Our experiments are conducted on the widely-used HICO-
DET dataset [4]. This large-scale benchmark is the standard
for evaluating human-object interaction understanding and
generation. It contains 47,776 images in total, split into a
training set of 38,118 images and a test set of 9,658 images.
The dataset is annotated with 117,871 HOI instances in the
training set and 33,405 in the test set. It encompasses 600
distinct HOI categories, which are combinations of 117 verb
classes and 80 object classes.

Following the standard protocol established by prior
work [11], we use the ground-truth annotations (HOI
triplets and bounding boxes) from the HICO-DET test set as
the conditional inputs for our generation task. We then eval-
uate the generated images against these ground-truth direc-
tives. We report our results on the Full subset (all 600 HOI
classes) and the more challenging Rare subset (138 classes
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Figure 4. Visual comparison with existing baselines. In all methods, we use the text caption format of ”a person action a object”. Input
rows display the layout input and interaction labels. Purple and yellow boxes represent bounding boxes for each subject and object. GR-
Diffusion generates images with superior interaction control and image quality under both simple and complex interaction conditions.

with fewer than 10 samples), under both the Default and
Known Object evaluation settings as defined by the official
HICO-DET benchmark.

4.2. Evaluation Metrics
We evaluate our method from two primary aspects: overall
image quality and the controllability of the interactions.

Image Quality. We use standard metrics to assess the
perceptual realism and diversity of the generated images.
• Fréchet Inception Distance (FID) [10] measures the dis-

tributional similarity between generated images and the
real data distribution in the Inception feature space.

• Kernel Inception Distance (KID) [2] computes the
squared Maximum Mean Discrepancy (MMD) between
Inception features, which is less sensitive to sample size,
Interaction Controllability. Standard quality metrics

like FID assess overall realism but fail to guarantee specific
semantic relationships (e.g., ”riding” in ”a person riding a
horse”) are correctly rendered. Therefore, the HOI Detec-
tion Score (mAP) is adopted as the primary controllability
metric. This score is obtained by employing the pre-trained
FGAHOI [18] detector to identify ⟨subject, action, object⟩
triplets in generated images. The detected triplets are then

compared against the ground-truth input directives. This
metric specifically evaluates the model’s ability to render
the intended interactions, not just the co-location of entities.
Scores are reported following the FGAHOI protocol under
both Default and Known Object settings, using Swin-Tiny
and Swin-Large detector backbones for evaluation.

4.3. Qualitative Analysis

To visually illustrate the superiority of our method, we pro-
vide qualitative comparisons against baselines in Fig. 4.
The results demonstrate that GR-Diffusion generates im-
ages with significantly higher semantic accuracy and visual
coherence, particularly in complex scenes that challenge
baseline models.

The improved control of GR-Diffusion is evident in both
complex and simple interaction scenarios. In simple inter-
actions, GR-Diffusion enforces stronger semantic fidelity.
For example, In Fig 4 (a), (d) and (e), GR-Diffusion ren-
der a depicting a natural ‘blowing’,‘drinking’ and ‘read-
ing’ pose, which is more accurate and closer to the ground
truth. Furthermore, as seen in Fig 4(b), GR-Diffusion
successfully generates the correct relationship while pre-
serving quantitative integrity, whereas other methods suf-
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Table 1. Quantitative comparison of GR-Diffusion against baselines. Our training-free guidance significantly improves both image quality
(FID/KID ↓) and interaction controllability (HOI Score ↑) on both Stable Diffusion v1.x and SDXL backbones. Best results are in bold.

Model
Quality ↓ Swin-Tiny HOI Score ↑ Swin-Large HOI Score↑

FID KID Default Known Object Default Known Object

Full Rare Full Rare Full Rare Full Rare

Backbone: Stable Diffusion v1.x

StableDiffusion [23] 35.85 0.01297 0.63 0.68 0.66 0.70 0.64 0.83 0.65 0.84

GLIGEN [15] 29.35 0.01275 21.73 15.35 23.31 17.24 23.99 19.56 24.99 20.37

InteractDiffusion [11] 18.69 0.00676 29.53 23.02 30.99 24.93 31.56 26.09 32.52 27.04

B2B [26] 18.35 0.00639 31.12 23.85 31.67 24.98 32.88 27.13 33.96 28.22

EmIT [30] 17.07 0.00459 29.88 22.31 32.46 24.42 - - - -

GR-Diffusion 15.55 0.00451 32.16 25.32 33.33 26.29 34.90 28.98 35.79 29.89
Backbone: Stable Diffusion XL (SDXL)

GLIGEN 28.01 0.00820 20.73 18.55 21.73 19.82 22.97 22.09 23.42 22.55
InteractDiffusion 17.87 0.00491 28.98 23.70 29.92 25.10 31.37 27.17 32.21 28.09
GR-Diffusion 17.07 0.00493 29.03 25.63 30.00 27.02 31.89 29.43 32.65 30.43
Ground Truth

HICO-DET GT - - 29.94 22.24 32.48 24.16 37.18 30.71 38.93 31.93

{a person is sitting on a motocycle}× 9
{a person is tuning a motocycle}× 9

{a person is eating at a dining table}× 5
{a person is sitting at a dining table}× 5

InteractDiffusion GR-DiffusionInput GLIGEN

Figure 5. Robustness comparison in extremely conditions. GR-
Diffusion is tested against baselines with highly complex prompts.

fer from artifacts such as generating superfluous horse legs.
In complex scenes involving multiple concurrent interac-
tions, baselines often struggle to disentangle or render all
specified directives. For instance, In Fig 4 (f)-(i), baselines
fail to model distinct actions (e.g., missing ‘carrying’ when
paired with ‘holding’) or generate an incorrect number of
subjects for different actions (e.g., ‘sitting’ and ‘texting’).
GR-Diffusion, successfully resolves these conflicts and ac-
curately models all specified interactions.

The framework’s robustness is further tested under ex-
tremely complex conditions in Fig. 5. When confronted
with a high density of overlapping directives, such as nu-
merous interacting motorcycles (e.g., ”sitting”, ”turning”)
or a crowded dining scene (e.g., ”sitting”, ”eating”), base-
line methods exhibit significant failures. For instance, GLI-
GEN may fail to generate the specified objects entirely or

omit key actions, while InteractDiffusion struggles to main-
tain coherence, producing semantically loose results. In
contrast, GR-Diffusion successfully generates these com-
plex scenes with precision and naturalism. These results
demonstrate that the graph-guided approach effectively re-
solves severe guidance conflicts and the challenge of model-
ing implicit interactions. As a result, it maintains coherence
even in the most demanding scenarios.

4.4. Quantitative Analysis

As presented in Tab. 1, our GR-Diffusion framework
demonstrates a significant and consistent performance im-
provement over all baseline methods across every metric
and model backbone.

Image Quality. The proposed guidance mechanism
not only enhances controllability but also substantially im-
proves overall image quality. This is demonstrated by the
application to the InteractDiffusion (v1.2) model, where
GR-Diffusion achieves a new state-of-the-art FID score of
15.55 (down from 18.69) and reduces the KID score from
0.00676 to 0.00451. This indicates that by resolving inter-
nal attention conflicts and enforcing a coherent scene struc-
ture, the method effectively mitigates artifacts and generates
images that are perceptually more realistic and closer to the
real data distribution. A similar trend of improved fidelity
is also observed when applied to the SDXL backbone, con-
firming the method’s broad applicability.

Interaction Controllability. The core advantage of GR-
Diffusion lies in its superior ability to control complex in-
teractions. On the SD 1.x backbone, the framework sets a
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Table 2. Plug-and-Play Generalizability of GR-Diffusion (GRD).
Applying GRD as a plug-and-play module to baselines (GLIGEN,
InteractDiffusion) improves both quality and controllability.

Model Quality ↓ Default Known Object

FID KID Full Rare Full Rare

GLIGEN 29.35 0.01275 21.73 15.35 23.31 17.24
GLIGEN+GRD 28.06 0.00914 23.65 16.89 23.65 19.02

Interact 18.69 0.00676 29.53 23.02 30.99 24.93
Interact+GRD 15.55 0.00451 32.16 25.32 33.33 26.29

Table 3. Efficiency and Computational Cost Comparison. All eval-
uations are performed at 512x512 resolution.

Model Time (s) Trainable Parameters (M)

GLIGEN 2.67 209M
InteractDiffusion 4.01 210M
B2B 7.50 0
GR-Diffusion 5.78 0

new state-of-the-art, boosting the HOI detection score from
32.52 to 35.79 in the (Swin-Large, Known Object, Full) set-
ting. This substantial gain underscores the effectiveness of
the graph-based alignment, ensuring that subjects and ob-
jects are not merely co-located but are rendered in a seman-
tically correct, interactive relationship. The improvements
are notable in the challenging Rare subset, highlighting the
model’s robustness. The efficacy of GR-Diffusion on more
powerful foundational models is further confirmed by the
HOI detection score on the SDXL backbone as well.

Plug-and-Play Generalizability. To validate its model-
agnostic nature, GR-Diffusion (GRD) was tested as a plug-
and-play module on GLIGEN, with results evaluated by the
FGAHOI Swin-Tiny detector. As shown in Tab. 2, GRD
provides consistent improvements in both fidelity and con-
trollability. The improvement is particularly notable in the
challenging Known Object (Rare) subset, where the HOI
Detection Score was raised from 17.24 to 19.02, which con-
firms GRD functions as a generalizable guidance mecha-
nism for diverse diffusion models.

Efficiency and Cost Analysis. The framework’s com-
putational costs are detailed in Tab. 3. GR-Diffusion in-
troduces no trainable parameters that bypasses the training-
based methods like GLIGEN and InteractDiffusion. During
inference, GR-Diffusion demonstrates lower latency than
B2B. Therefore GR-Diffusion achieves a balance, offering
plug-and-play control while maintaining lower computa-
tional overhead at both training and inference stages com-
pared to respective baselines.

Table 4. Ablation study on the components of GR-Diffusion. All
components contribute to the final performance, with their combi-
nation yielding the best balance of fidelity and controllability.

Model NAG EEG GSD Quality ↓ HOI Score

FID KID Def. KO .

Interact 18.69 0.00676 29.53 30.99

Ours
✓ 17.63 0.00588 30.75 32.22
✓ ✓ 14.99 0.00384 30.31 31.66
✓ ✓ ✓ 15.55 0.00451 32.16 33.33

4.5. Ablation Study
The proposed GR-Diffusion framework incorporates three
key modules: the Node Alignment Guidance (NAG), the
Edge Enhancement Guidance (EEG), and the Graph Sim-
ilarity Detector (GSD). The ablation study in Tab. 4 ana-
lyzes each component’s contribution, starting from the In-
teractDiffusion baseline. Adding only NAG improves both
metrics, confirming the benefit of spatial layout correction.
Further adding EEG achieves the best image quality, but
this combination reveals a fidelity-control trade-off, as the
strong fidelity boost unexpectedly compromises controlla-
bility, causing the HOI Detection Score to fall. This trade-
off motivates the adaptive guidance mechanism. The full
model, which uses the GSD to adaptively apply both guid-
ance modules, successfully resolves this conflict. This final
configuration recovers and improved detection score from
31.66 to 33.33 while maintaining excellent fidelity.

5. Conclusion

This paper introduces GR-Diffusion, a training-free frame-
work for complex human-object interaction (HOI) control
in pre-trained diffusion models. The core contribution of
GR-Diffusion is reframing the complex control challenge
as a graph structural alignment task, that allows the frame-
work to decouple and guide both the spatial layout of enti-
ties as graph nodes and the semantic interactions as graph
edges during the denoising process. GR-Diffusion is real-
ized as a plug-and-play framework that steers the internal
cross-attention and self-attention layers. Both quantitative
and qualitative evaluations confirm that GR-Diffusion es-
tablishes a new state-of-the-art, significantly enhancing the
interaction controllability and image fidelity over existing
methods.
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