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Abstract

Controllable image semantic understanding tasks, such as cap-
tioning or segmentation, necessitate users to input a prompt
(e.g., text or bounding boxes) to predict a unique outcome, pre-
senting challenges such as high-cost prompt input or limited
information output. This paper introduces a new task “Image
Collaborative Segmentation and Captioning” (SegCaptioning),
which aims to translate a straightforward prompt, like a bound-
ing box around an object, into diverse semantic interpretations
represented by (caption, masks) pairs, allowing flexible result
selection by users. This task poses significant challenges, in-
cluding accurately capturing a user’s intention from a minimal
prompt while simultaneously predicting multiple semantically
aligned caption words and masks. Technically, we propose
a novel Scene Graph Guided Diffusion Model that leverages
structured scene graph features for correlated mask-caption
prediction. Initially, we introduce a Prompt-Centric Scene
Graph Adaptor to map a user’s prompt to a scene graph, ef-
fectively capturing his intention. Subsequently, we employ
a diffusion process incorporating a Scene Graph Guided Bi-
modal Transformer to predict correlated caption-mask pairs
by uncovering intricate correlations between them. To ensure
accurate alignment, we design a Multi-Entities Contrastive
Learning loss to explicitly align visual and textual entities by
considering inter-modal similarity, resulting in well-aligned
caption-mask pairs. Extensive experiments conducted on two
datasets demonstrate that SGDiff achieves superior perfor-
mance in SegCaptioning, yielding promising results for both
captioning and segmentation tasks with minimal prompt input.

Introduction
The rapid advancement of deep learning has markedly accel-
erated the evolution of image semantic understanding, target-
ing the extraction of vital semantic information from images
through visual or textual representations (Li et al. 2017; Tang
et al. 2020). Classic image semantic understanding tasks
encompass vision-based object detection (Dai et al. 2021),
image segmentation (Xie et al. 2021; Cheng et al. 2022), and
image captioning (Li et al. 2022; Luo et al. 2023) etc., where
a given image is translated to semantic representations by
using boxes, masks, and captions, respectively.
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Figure 1: An example to compare different controllable image
semantic understanding tasks, where our method uses a box
to simultaneously predict multiple aligned bimodal results.

Recently, in pursuit of implementing controllable image se-
mantic expression, researchers have explored enabling users
to input prompts to articulate their demands, aiding mod-
els in accurately capturing the desired semantic expressions.
For instance, referring image segmentation models (Wang
et al. 2022) attempt to generate a referring mask based on
a sentence. Similarly, controllable image captioning models
(Cornia et al. 2019) can translate an image into a specific
caption according to ordered bounding boxes. Building on
the progress of large models, (Kirillov et al. 2023; Radford
et al. 2021), advanced approaches have attempted to gener-
ate bimodal outcomes with richer semantic representations
guided by prompts. For example, some methods predict a
mask and a caption sequentially based on a bounding box
(Wang et al. 2023; Huang et al. 2024) (see Figure 1a), while
others generate a caption along with corresponding masks
guided by a question (Rasheed et al. 2024) (see Figure 1b).
While controllable input facilitates the accurate expression
of user needs and encourages models to generate precise
results, it also introduces several challenges. Firstly, gener-
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ating prompt inputs (e.g., a sentence or multiple boxes) is
often costly or time-consuming, significantly burdening users.
Secondly, existing image semantic understanding methods
typically support only unique result generation, which may
not align with a user’s requirements. Thirdly, although the se-
quential generation of bimodal representations in Figures 1a
and 1b offers richer semantic representations, it also suffers
from severe error propagation.

To address these issues, we speculate that it may be fea-
sible for users to input a simple prompt to generate multi-
ple bimodal representations, and propose a novel task titled
“Image Collaborative Segmentation and Captioning (SegCap-
tioning)”. This task concurrently generates intricate bimodal
representations for an image, guided by a user’s prompt (see
Figure 1c). Unlike methods that sequentially predicting bi-
modal outcomes, SegCaptioning produces coherent bimodal
results (a caption alongside related masks) in parallel, lever-
aging their intricate correlations to mitigate error propagation
and enhance performance. Moreover, our task simplifies user
input requirements by only necessitating a basic prompt, such
as a bounding box to denote the primary object, enabling the
system to automatically infer various potential bimodal out-
comes, thereby reducing input costs as well as enriching
the semantics of outcomes. However, this multifaceted func-
tionality presents notable technological challenges, such as
accurately translating a simple prompt into precise inten-
tion representations and effectively exploring and aligning
correlated bimodal representations.

Towards this end, this paper introduces a pioneering
“Scene Graph Guided Diffusion Model” (SGDiff), which
harnesses structured scene graphs to facilitate intention map-
ping from a basic prompt to multiple intention representation
subgraphs. Additionally, it employs a diffusion process inte-
grated with a bimodal transformer to deeply explore the in-
tricate correlations between bimodal representations. Specif-
ically, when provided with an image and a user’s prompt
(such as a bounding box around an object), we introduce a
Prompt-centric Scene Graph Adaptor (PSGA) to dynamically
generate visual scene graphs. This facilitates the accurate cap-
ture of users’ intentions while effectively filtering out redun-
dant information for caption-mask prediction. Building upon
this, we devise a diffusion model featuring a Scene Graph
Guided Bimodal Transformer (SGBTrans) to predict caption-
mask pairs. The diffusion model initially introduces noise
to a caption and subsequently denoises it using SGBTrans,
which integrates both caption and scene graph features by
exploring the complex correlations between them. To ensure
precise alignment between correlated captions and masks, we
devise a Multi-Entities Contrastive Learning Loss (MECL),
which explicitly aligns the generated captions and masks by
pulling feature representations of positive words and masks
closer while pushing away those of negative ones. The MECL
operates on both inter-sample and intra-sample levels, yield-
ing well-aligned bimodal results. Extensive evaluations con-
ducted on MSCOCO and Flickr30k entities datasets validate
the effectiveness of SGDiff, achieving state-of-the-art perfor-
mance compared to existing methods. In summary, the main
contributions of this work can be outlined as follows:
• We introduce a novel image semantic understanding task

called “Image Collaborative Segmentation and Caption-
ing (SegCaptioning)”. This task enables users to input a
straightforward prompt to predict semantic-aligned cap-
tion and mask pairs, empowering users to generate richer
semantic representations based on their intentions.

• We propose a novel SGDiff for this new task, facilitating
simultaneous generation of (caption, masks) pairs based
on a simple prompt, which is translated into a structured
scene graph by our proposed PSGA, effectively captur-
ing users’ intentions and aiding our model in accurately
generating the desired caption-mask pairs.

• We design SGBTrans to delve into the intricate corre-
lations between scene graphs and captions throughout
the denoising. Additionally, our MECL explicitly aligns
each mask and caption word, facilitating effective instance
alignment.

Related Work
Image Captioning
Image captioning translates visual content within a scene
into a linguistic interpretation, effectively bridging the gap
between computer vision and natural language understand-
ing (Gan et al. 2017). Early efforts (Yang et al. 2019; Pan
et al. 2020) focused on describing visual content from a
holistic perspective, resulting in generating limited and fixed
captions for any given image. Driven by practical demands,
researchers have shifted towards exploring caption genera-
tion with local or specific semantics. This shift leds to the
development of Controllable Image Captioning (CIC) (Desh-
pande et al. 2019; Wang et al. 2024), which utilizes control
signals such as clicks (Pont-Tuset et al. 2020), bounding
boxes (Cornia et al. 2019; Chen et al. 2021a) and masks (Guo
et al. 2024) to generate controllable captions, including se-
mantic controllability (Yan et al. 2021), length controllability
(Deng et al. 2020), and sentiment controllability (Deshpande
et al. 2019; Zhao, Wu, and Zhang 2020) etc. For instance,
(Cornia et al. 2019) proposes generating captions based on
an ordered sequence of bounding boxes. Meanwhile, (Yang
et al. 2019) and (Zhong et al. 2020) employ scene graphs
as input to generate image captions, which incorporate both
target nodes and relationships to effectively capture users’ in-
tentions. However, the above autoregressive captioning meth-
ods generate text tokens step-by-step, which usually suffers
from severe error propagation. Consequently, recent work
has explored semi-autoregressive (Zhou et al. 2021) and non-
autoregressive diffusion methods (Guo et al. 2020; Li et al.
2022; Luo et al. 2023) to enable parallel token output. Re-
cently, with the advancement of large models (Li et al. 2023),
CAT (Wang et al. 2023) introduces a universal image caption-
ing approach that integrates various types of prompts (clicks,
bounding boxes, scribbles). It utilizes the Segment Anything
Model (SAM) (Kirillov et al. 2023) to first extract local visual
features conditioned on visual prompts. These visual features
are then input into GPT-3 (Brown et al. 2020) for caption gen-
eration. Instead of adopting the training-free scheme used by
CAT, SCA (Huang et al. 2024) introduces a learned module,
a “query-based feature mixer”, to effectively align region-
specific visual features with the embedding space of language
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Figure 2: An example to illustrate the training process of our Scene Graph Guided Diffusion Model.

models for caption generation, yielding improved captioning
performance.

Image Segmentation
Traditional image segmentation aims to localize accurate
masks concerning semantic objects in an image (Kirillov
et al. 2023). To generate controllable results, researchers
have introduced various user prompts (Bai and Wu 2014),
broadly categorized into two types: visual prompts, like scrib-
bles (Wang et al. 2018), boxes (Zhang et al. 2020), and clicks
(Chen et al. 2021b; Lin et al. 2023); and textual prompts
(Wang et al. 2022). For instance, (Lin et al. 2020) optimizes
the use of initial clicks to enhance outcomes, while (Zou et al.
2024) uses scribbles to provide richer and more precise infor-
mation to capture users’ intentions, albeit at a higher labeling
cost. Compared to visual prompts, language prompts can in-
crease user burden but more accurately express users’ inten-
tions, thereby helping models better predict referring masks
(Luo et al. 2020; Liu, Ding, and Jiang 2023). Inspired by the
complementarity of various prompts, SAM (Kirillov et al.
2023) first unifies various types of user prompts—including
a set of clicks, a region box/mask, or free-form text—to es-
tablish a versatile foundational model for segmentation. This
offers a flexible prompt interface for users. Additionally, it is
the first visual large model for image segmentation. Building
on this foundation, GROUNDHOG (Zhang et al. 2024) lever-
ages SAM to obtain region mask proposals through visual
prompts and then uses Multimodal Large Language Models
(MLLMs) to generate grounded captions based on regional
semantic features. GLaMM (Rasheed et al. 2024) aligns vi-
sual regions with text tokens using SAM and GPT-4 (OpenAI
2023), first generating a caption by querying GPT-4 and then
producing corresponding region masks with SAM guided

by the caption. Although the bimodal outcomes enrich the
content representations, the sequential predictions usually
suffer from severe error propagation.

Different from (Yang et al. 2022; Zou et al. 2023; Ren
et al. 2024; Huang et al. 2024), our approach only requires a
simple visual prompt to infer user needs. This prompt guides
the generation of multiple bimodal outcomes, enriching the
output content. Moreover, our method predicts both masks
and captions in parallel, alleviating the error propagation
issues associated with the sequential prediction methods.

Methodology

Overview

Given an image I ∈ RH×W×3 with height H and width W ,
, along with a user’s prompt Po such as a box bounding an
object o, SegCaptioning aims to generate multiple (caption,
masks) pairs. Here, we use S to denote a caption centered
around o, and M to represent several masks related with
S. To achieve this goal, we design a novel “Scene Graph
Guided Diffusion ” (SGDiff) model tailored for this specific
task. As illustrated in Figure 2, our proposed model com-
prises three key components: a textual encoder that extracts
textual features for captions, a Prompt-Centric Scene Graph
Adaptor (PSGA) that transforms a prompt-guided image to
a scene graph for effective intention capturing, and a diffu-
sion model with a Scene Graph Guided Bimodal Transformer
(SGBTrans) that predicts caption-mask pairs. Furthermore,
our model introduces a MECL to explicitly align masks with
their corresponding captions. This ensures that the bimodal
results are well-aligned and coherent, enhancing the quality
and relevance of the generated content.
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Prompt-Centric Scene Graph Adaptor
Given an image I along with a caption-mask pair (S,M), the
proposed PSGA receives a user’s prompt and then transforms
I into a scene graph Gi to encapsulate the caption-mask
pair. Specifically, our approach first generates a global scene
graph G following (Zellers et al. 2018). Subsequently, it
predicts a subgraph Gi within G according to a user’s prompt,
facilitating the subsequent prediction on (S,M). Concretely,
when a user inputs a prompt Po referring to the center object
o in (S,M), PSGA aims to search for a subgraph Gi from G
to represent (S,M), which is mathematically expressed as:

argmax
Gi

P (Gi = (N,E)|G, o). (1)

To implement this, our approach initially generates a coarse
subgraph Gi = (N,E), where N and E denote the node and
edge sets connected to o, respectively. As the numbers of
nodes and edges in Gi typically exceed the desired ones in
(S,M), our approach further constructs an adaptor to refine
Gi. Specifically, the adaptor comprises several self-attention
blocks and one mapping layer. Initially, we feed the node
feature eo ∈ RL×D of Gi into the self-attention blocks to
produce an updated feature fo ∈ RL×D, where L is the
number of nodes and D is the feature dimension. Subse-
quently, the mapping layer predicts node relevance scores
P (Gi) ∈ RL, representing the node relevance concerning
(S,M). We train the adaptor using the Binary Cross-Entropy
(BCE) loss to minimize P (Gi) and its ground truth P̂ (Gi):

Ladaptor = BCE(P (Gi), P̂ (Gi)). (2)

For each object in (S,M), we compute its Intersection over
Union (IOU) with the corresponding node in Gi. If the IOU
exceeds a threshold, we assign the score in P̂ (Gi) as 1, other-
wise 0. Consequently, the adaptor is able to effectively predict
relevant objects in Gi while filtering out irrelevant ones.

Furthermore, the random order of objects in the node fea-
tures fo may not align with the appearance order in the cap-
tion S, potentially impacting caption generation, as discussed
in (Cornia et al. 2019). Hence, we consider measuring the
order consistency between the node feature and the caption.
To address this, we employ a multi-layer fully connected
network to map fo into a permutation matrix R ∈ RL×K ,
where the L rows represent the L objects in fo with a random
order, and the K columns record the ordered objects from
the caption S. The element rlk indicates the probability of
the l-th object in fo semantically consistent with the k-th
object in S. We design a ranking loss Lranking to minimize
the distance between the predicted matrix R and the ground
truth matrix R̂ using a Cross-Entropy (CE) loss:

Lranking = CE(R, R̂). (3)

After filtering out irrelevant nodes, we adjust the node order
to match that of the caption, resulting in a refined feature f ′

o:

f ′
o = Ranking(fo × δ(P (Gi))), (4)

δ(x) =

{
x, if x ≥ θ
0, otherwise, (5)

where θ is a threshold to filter irrelevant objects. Ranking(·)
rearranges the row vectors in fo so that its feature order is
consistent with the object order in the caption. On this basis,
our approach fuses f ′

o and the edge feature fe following (Guo
et al. 2019), generating the graph feature fg .

The PSGA is trained using a composite loss LSGadaptor =
Ladaptor + Lranking, offering several advantages: Firstly, it ef-
fectively maps a user’s prompt to a concise and accurate sub-
graph consistent with the to-be-predicted caption, retaining
only relevant information to facilitate subsequent predictions.
Secondly, the generated graph feature maintains a consistent
object order with the caption for performance improvement.
In the testing phrase, we use the PSGA to generate several
related subgraphs to predict multiple (caption, masks) pairs.

Scene Graph Guided Diffusion Model
Similar to Bit Diffusion (Chen, Zhang, and Hinton 2022), our
SGDiff adds Gaussian noise into a caption sample x from
timestep t = 0 to T during the forward process and then per-
forms a reverse denoising process to recover the caption. Dif-
ferently, we introduce a scene graph feature fg to strengthen
the denoising to simultaneously predict a caption with re-
lated masks. Specifically, given a noised sample xt and fg,
SGDiff iteratively generates noise-free text descriptions x0
by progressively denoising xt, and each denoising transition
xt → xt−1 is parametrized by a model pθ(xt−1 | xt, fg):

pθ(x0:T ) := p(xT )

T∏
t=1

pθ(xt−1|xt, fg). (6)

We design a scene graph guided bimodal transformer to
implement Eq. (6) with a training loss:

Lbit = Et∼U(0,T ),ϵ∼N (0,I)∥f(xt, t, fg)− x0∥2, (7)

where t ∼ U(0, T ), ϵ ∼ N (0, I) are continuous variables.
Scene Graph Guided Bimodal Transformer. At each

time step t, SGBTrans first receives a noised caption feature
fc and the graph feature fg, and then predicts bimodal fea-
tures including a denoised text feature and a visual feature.
Specifically, SGBTrans comprises B blocks, each containing
a multi-head self-attention layer, a multi-head cross-attention
layer, and a feed-forward layer. Unlike uni-modal genera-
tion transformers, our task involves predicting a caption with
masks. Therefore, we devise a cross-training scheme for bi-
modal generation. To elaborate, for caption generation, we
utilize fc as a query and fg as value and key into the blocks:

f
′
c = MultiHeads(fc, fc, fc),

uc = FFN(f
′
c +MultiHeadc(f

′
c , fg, fg)),

hc = ϕc(uc + fc).

(8)

where MultiHeads and MultiHeadc represent the multi-
head self-attention and cross-attention layers, respectively,
FFN denotes the feed-forward layer, and ϕ(·) indicates the
mlp layer. The resulting hc represents a refined caption fea-
ture, which is then either passed to the subsequent block or
utilized for caption prediction. Compared to the global vi-
sual feature, the scene graph feature provides a more precise
visual description, aligning better with the caption to be pre-
dicted and thereby enhancing caption generation. Regarding
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mask generation, we input fg as a query and fc as both value
and key into the blocks as follows:

f
′
g = MultiHeads(fg, fg, fg),

ug = FFN(f
′
g +MultiHeadc(f

′
g, fc, fc)),

hg = ϕg(ug + fg).

(9)

Guided by the caption feature, hg could accurately offer
visual features for mask prediction. Unlike (Yang et al. 2022;
Sun et al. 2023), Our method distinguishes itself by using
PSGA to convert a visual prompt into object-centered scene
graphs, guiding the generation of multiple bimodal outputs.

Caption and Mask Generation. We utilize the denoised
caption feature hc to predict the probability distribution for
each word in the caption. Further details can be found in (Luo
et al. 2023), where the loss Lcaption contains a diffusion loss in
Eq. (7) and a cross-entropy loss LCE with equal weights. For
mask generation, we adopt the Mask2Former (Cheng et al.
2022), which takes the global visual feature fv extracted by
Swin-Transformer (Liu et al. 2021) and the graph hg in Eq.
(9) as input to produce class-agnostic binary region masks.
The mask loss LMask employs both Dice loss and BCE loss.

Multi-Entities Contrastive Learning
We propose a MECL to explicitly explore cross-modal rep-
resentation correlations between visual entities and caption
words. Our motivation is that matching mask-word pairs
should have similar contextual representations. Given a pre-
dicted mask-caption pair (M,S), it’s important to note that
the relationship between masks and words is not strictly one-
to-one. For instance, the word dog may refer to multiple mask
entities, and conversely, a mask may contain objects indicated
by multiple words. Therefore, the i-th mask embedding mi
is expected to be close to the matched word embedding sets
si

+ while being distant from other word embeddings sj . In
other words, the mutual information between mask entities
and words that are matched should be maximized. Since di-
rectly optimizing mutual information is infeasible, we design
an intra-sample contrastive loss Lintra inspired by InfoNCE
(Oord, Li, and Vinyals 2018), representing a lower bound of
mutual information. This loss is formulated as follows:

Lintra =−
N∑
i=1

1

|{si}+|
∑

si∈{si}+
log

exp(m⊤
i si/τ)∑

j ̸=i

exp(m⊤
i sj/τ)

−
L∑

i=1

1

|{mi}+|
∑

mi∈{mi}+
log

exp(s⊤i mi/τ)∑
j ̸=i

exp(s⊤i mj/τ)
,

(10)

where τ is a learnable parameter, N and L are the number
of mask and word tokens. Likewise, we impose that the i-th
word embedding si is similar to the matched mask embedding
sets {mi}+ and dissimilar to the irrelevant mj .

Aligning mask and word embeddings solely at the intra-
sample level may be insufficient as it presents challenges in
exploring the discriminability of visual and textual represen-
tations across different samples. Consequently, we propose
inter-sample contrastive learning to capture the discrimina-
tive information of multiple mask-caption pairs. Specifically,
we define the global matching score for each mask-caption
pair g(m, s) as the weighted average of their mask-word pair

scores. This allows us to consider the relationships between
masks and words across multiple samples:

g(m, s) =
1

L

L∑
j=1

N∑
i=1

ρ(m, s)i,j ·⟨mi, sj⟩, (11)

where ⟨·, ·⟩ is the dot product of two vectors and
ρ(m, s)i,j =

exp⟨mi,sj⟩∑N
i′=1

exp⟨mi′ ,sj⟩
. Then the inter-sample con-

trastive loss Linter can be computed by the random pairs be-
tween mask and caption in the same minibatch B as follows:

Linter =− 1

B

B∑
i=1

log
exp(g(mi, si)/τ)∑
j ̸=i exp(g(m

i, sj)/τ)

− 1

B

B∑
i=1

log
exp(g(si,mi)/τ)∑
j ̸=i exp(g(s

i,mj)/τ)
,

(12)

where the matched mask-caption pairs with the same index
will be pulled closer in the shared semantic representation
space and Linter can be viewed as an optimization of the
global mutual information between visual entities and cap-
tion. Toward this objective, the MECL can be expressed as
LMEC = Linter + Lintra, designed to complement representa-
tion learning and further facilitate joint multi-modal learning
within the diffusion process. Finally, it’s worth noting that we
train the entire SGDiff model using either LCaption or LMask,
alongside the proposed LMEC and LSGadaptor with balancing
weights λ{1,2}. The total loss is calculated as:

Ltotal = LCaption + LMask + λ1LSGadaptor + λ2LMEC. (13)

Experiments
Datasets and Metrics
MSCOCO (Lin et al. 2014) comprises 123, 287 images, each
annotated with five captions. For each caption, we utilize all
the nouns to identify the corresponding masks provided in
(Lin et al. 2014), resulting in a (caption, masks) pair for each
image across 133 categories. We adhere to the Karpathy split
(Karpathy and Fei-Fei 2015) to allocate 113, 287 images for
training, 5, 000 for validation, and 5, 000 for testing.

Flickr30k Entities (Plummer et al. 2015) is an extension
of Flickr30k (Young et al. 2014), consisting of 31, 000 im-
ages with five captions for each one. For each caption, noun
entities are linked to one or more boxes. We employ SAM
(Kirillov et al. 2023) to approximately convert each box into
a binary mask, thereby matching each caption with several
masks. We follow the split suggested by Karpathy (Cornia
et al. 2019), designating 29, 000 images for training, and
1, 000 for validation and testing, respectively.

We evaluate our model on three aspects: caption quality,
mask quality, and caption-mask matching. Caption quality
is assessed using Blue-4, METEOR, SPICE and CIDEr met-
rics. Mask quality is evaluated with Mask IoU. Caption-mask
matching is measured by calculating the mAP of mask classi-
fication for objects in the caption. Since our method supports
the generation of multiple results, we select the top 5 results
and calculate the highest captioning score as the final result
for comparison.
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P1: a group of dogs running
on the grass with two
women sitting on a bench.
P2: a group of dogs are
running away from the
women on the bench.
P3: a group of dogs are
running on the grass.
GT: Four smaller dogs are
running away from the
women on the bench.

three dogs in a field.

Q: Describe the image in
detail and output masks for
corresponding parts.
A: Four dogs are running
around a woman. Besides
the woman, there is a bench
in the background.

a skier on a snowboard.

Q:  Describe what the
people in the image are
doing and output the
corresponding masks.
A: A group of people skiing
down a snowy mountain.

P1: a group of people
standing in the snow near
trees.
P2: several people riding
skis on a snowy hill.
P3: a group of people riding
skis down a snowy hill.
GT: Several people
standing in the snow near
trees.

two men on a motorcycle.

Q: Can you give a detailed
descrption of this image
and output the masks for
the corresponding parts.
A: A man and a woman are
riding a motorcycle on a
street.

Ours

SCA

GLaMM GLaMM

SCA
P1: two people are riding
on a motorcycle parked on
the road next to the beach.
P2: two people riding a 
motorcycle on a beach 
near the ocean
P3: two people on a 
motorcycle on the beach
GT:Two people sitting on a
motorcycle in the street
next to a beach.

Ours Ours

SCA

GLaMM

Figure 3: Quantitative results of our SGDiff, SCA, and GLaMM on MSCOCO, where color indicates the matching relationship
between masks and words.

Model SEG CAP SPICE CIDEr mIoU mAP

Sub-GC ECCV20 - ✓ 20.2 115.3 - -
SATIC ICCV21 - ✓ 22.3 127.2 - -
X-Transformer CVPR20 - ✓ 23.4 132.8 - -
CMAL IJCAI20 - ✓ 21.8 124.0 - -
SCD-Net CVPR23 - ✓ 23.0 131.6 - -
OpenSeg ECCV22 ✓ - - - 38.1 -
OpenSeeD ICCV23 ✓ - - - 64.0 47.6
ODISE CVPR23 ✓ - - - 65.2 46.0
X-Decoder CVPR23 ✓ ✓ - 122.3 62.4 41.3
CAT arXiv23 ✓ ✓ 17.9 90.1 24.9 8.2
SCA CVPR24 ✓ ✓ 18.8 85.0 32.4 11.3
GLaMM CVPR24 ✓ ✓ 23.3 130.9 36.2 14.8
SGDiff (ours) ✓ ✓ 26.1 137.4 66.3 47.2

Table 1: Performance comparison with several advanced
methods on MSCOCO. SEG and CAP denote Segmenta-
tion and Captioning, respectively.

Implementation Details
To train our model, we employ large-scale jittering on each
input image with a size of 10242. We approximately use the
first noun in each caption as the central object, and its cor-
responding bounding box as a user’s prompt. Our training
consists of two stages. First, we train the model for cap-
tioning by deleting LMask and LMEC in Eq. (13), where the
SGDiff network is optimized using the Adam optimizer with
a learning rate of 0.0001 and a weight decay of 0.05 on two
A6000 GPUs. The optimization process spans 60 epochs
with a batch size of 16. Second, we jointly train the mask and
caption generation with the complete loss. The optimization
process spans 60 epochs with a batch size of 16.

Comparison with State-of-the-Art Methods
This is the first study to support generating multiple caption-
mask pairs. We benchmark SGDiff against advanced methods
for generating masks, captions, or both, as shown in Tables 1

Model Bleu-4 METEOR SPICE CIDEr

SCT CVPR19 12.5 16.8 23.5 84.0
Sub-GC ECCV20 11.2 15.9 22.2 73.7
VSR CVPR21 10.7 18.0 21.9 97.5
ComPro IJCV24 11.9 17.3 23.9 89.4
CAT arXiv23 30.2 22.7 15.6 63.4
SCA CVPR24 20.8 17.9 13.4 35.4
GLaMM CVPR24 35.4 26.4 18.8 95.3
GROUNDHOG CVPR24 36.7 26.5 20.4 91.3
SGDiff (ours) 38.2 27.4 24.5 98.6

Table 2: Performance comparison with several advanced
methods on Flickr30k Entities.

and 2. Compared to captioning methods like Sub-GC, SCA,
and CAT, SGDiff outperforms them due to its precise cap-
ture of user intentions through the PSGA and its effective
prediction capabilities enabled by the scene graph-guided dif-
fusion process. For segmentation, we compare SGDiff with
several open-vocabulary approaches (OpenSeg, OpenSeeD,
and ODISE) on the MSCOCO dataset. Our SGDiff excels
due to its thorough exploration and strict alignment between
masks and words. It also surpasses large models like CAT,
SCA, and GLaMM in both tasks. Notably, SGDiff facilitates
collaborative prediction in both mask and caption generation,
which significantly mitigates error propagation and boosts
performance. Figure 3 shows quantitative results comparing
SGDiff, SAC, and GLaMM on MSCOCO. SAC is limited
to generating a text description with masks confined to a
bounding box and lacks the capability to capture semantic
and visual representations outside of it, resulting in a marked
performance decline (as shown in Table 1). GLaMM, which
requires users to type a sentence, shows relatively low seg-
mentation performance since its SAM struggles to accurately
predict masks guided by text. In contrast, our SGDiff sup-
ports the generation of multiple bimodal results, offering
diverse yet precise outcomes guided by a simple prompt, thus
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Filtering Ranking SPICE CIDEr mIOU mAP

- - 24.2 127.4 62.3 43.2
✓ - 24.9 133.7 64.2 45.4
- ✓ 25.4 135.8 65.5 46.3
✓ ✓ 26.1 137.4 66.3 47.2

Table 3: Performance comparison of PSGA by using different
components.

λ1 SPICE CIDEr mIOU mAP

0 24.2 127.4 62.3 43.2
1 24.9 135.7 65.7 46.0
2 26.1 137.4 66.3 47.2
5 25.8 137.6 65.9 46.6

10 25.3 136.5 65.4 45.8

Table 4: Performance change of the loss LSGadaptor with dif-
ferent weights on MSCOCO.

SGB-Trans SPICE CIDEr mIOU mAP

without cross-attention 24.5 133.7 64.5 46.0
with cross-attention 26.1 137.4 66.3 47.2

Table 5: Performance comparison by using SGBTrans with
or without cross-attention on MSCOCO.

LMask LCaption SPICE CIDEr mIOU mAP

- ✓ 25.2 135.8 - -
✓ - - - 63.7 44.5
✓ ✓ 26.1 137.4 66.3 47.2

Table 6: Performance comparison of our SGDiff with indi-
vidual tasks on MSCOCO.

reducing user burden and enhancing overall performance.

Analysis of PSGA
Our PSGA operates on a coarse subgraph by performing node
filtering (see Eq. (5)) and ranking (see Eq. (4)). This experi-
ment confirms the effectiveness of these two components, as
illustrated in Table 3. Node filtering removes irrelevant ob-
jects, while node ranking ensures a consistent order between
graph nodes and caption words, both significantly improving
performance. Table 4 details the performance changes with re-
spect to different weights λ1 in Eq. (13) under λ2 = 1. When
λ1 = 0, ignoring PSGA training, performance is lowest. In-
creasing λ1 from 0 to 2 consistently improves performance,
demonstrating the effectiveness of PSGA. However, larger λ1

values lead to performance declines, as an excessively large
value may diminish the utility of other losses.

Analysis of SGBTrans
Our SGBTrans takes a noised caption feature and a scene
graph feature, facilitating deep interaction for caption-mask
prediction. This experiment compares the performance of
SGBTrans with and without the cross-attention layer (see Eq.
(8) and Eq. (9)), as shown in Table 5. Incorporating the cross-

Lintra Linter SPICE CIDEr mIOU mAP

- - 24.8 134.8 64.2 42.7
✓ - 25.4 136.4 65.6 46.2
- ✓ 25.6 136.7 65.3 46.0
✓ ✓ 26.1 137.4 66.3 47.2

Table 7: Performance comparison of the LMEC with different
components on MSCOCO.

λ2 SPICE CIDEr mIOU mAP

0 24.8 134.8 64.2 42.7
1 26.1 137.4 66.3 47.2
2 25.6 137.1 66.1 47.0
5 25.4 136.8 65.8 46.4

10 25.0 136.2 65.5 46.1

Table 8: Performance comparison of the LMEC with different
weights on MSCOCO.

attention operation between caption and graph features signif-
icantly enhances performance since the cross-modal interac-
tion compensates for the deficiencies of each feature, thereby
guiding the generation of accurate captions and masks.

Analysis of Collaborative SegCaptioning
This experiment verifies the effectiveness of collaborative seg-
mentation and captioning, as shown in Table 6. Our SGDiff
employs LMask, LCaption, or both. It is evident that collabo-
rative training of both tasks achieves superior performance
by effectively exploring the intricate correlations between
captions and masks. Furthermore, our approach introduces
the Multi-Entities Contrastive Loss (LMEC), comprising Lintra
and Linter for mask-caption alignment, as shown in Table 7.
Both components enhance performance, particularly mAP, by
aligning masks and words at intra-sample and inter-sample
levels. Table 8 further demonstrates the overall effectiveness
of LMEC with different weights in Eq. (13), where the opti-
mal performance is achieved when λ2 = 1. Increasing λ2

beyond this point results in a performance decline, as it tends
to diminish the utilities of the other losses.

Conclusion
This paper introduces a novel “Scene Graph Guided Diffusion
Model” for the newly defined task of “Image Collaborative
SegCaptioning”. It represents the first exploration of this
topic, providing valuable insights and guidance for future
research. Technically, we develop an innovative PSGA that
automatically translates a simple prompt into multiple related
scene graphs, effectively inferring a user’s intention. Building
on this, we establish an effective diffusion pipeline that inte-
grates a SGBTrans to explore the complex interplay between
scene graph and text inputs, as well as a MECL to explic-
itly align each mask with its corresponding caption word,
producing diverse yet precise caption-mask pairs that meet
user requirements. Extensive experiments on two benchmark
datasets demonstrate the effectiveness of our approach.
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