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Abstract

Image captioning systems face a long-standing trade-off
between generation diversity, semantic fidelity, and
computational efficiency. Autoregressive models often
suffer from limited diversity and error accumulation, while
recent diffusion-based approaches improve diversity at the
cost of increased model complexity or insufficient semantic
grounding. In this work, we propose KE-diffusion, a
knowledge-enhanced lightweight diffusion model for image
captioning that integrates object-level visual perception with
semantic conditioning in a parameter-efficient manner.
Instead of relying on global image embeddings or prefix-
based conditioning, KE-diffusion constructs compact
visual — semantic condition vectors from detected object
regions and injects them directly into the reverse diffusion
process via model-level feature concatenation. This design
enables effective semantic guidance while preserving the
efficiency and parallel generation advantages of diffusion
models. Extensive experiments on MS-COCO and
Flickr30k demonstrate that KE-diffusion consistently
improves semantic accuracy and caption diversity over prior
lightweight diffusion models. Additional analyses on cross-
domain captioning and visualization further validate the
robustness and interpretability of the proposed approach.

Introduction

Image captioning is a fundamental vision—language task
that aims to translate visual content into natural language
descriptions. It plays a crucial role in a wide range of real-
world applications, including assistive technologies for
visually impaired users and human—computer interaction
systems. Early approaches to image captioning
predominantly follow an encoder—decoder paradigm,
where convolutional neural networks encode images and
autoregressive language models generate captions token by
token (Karpathy and Fei-Fei, 2015; Donahue et al., 2015;

Vinyals et al., 2015; Xu et al., 2015; Anderson et al., 2018).

While these methods have achieved remarkable progress in
caption accuracy, they typically rely on sequential
decoding, which inherently limits generation diversity and
suffers from error accumulation across decoding steps.
Recent advances in vision—language pretraining have
further simplified image captioning by mapping visual
representations into pretrained language model spaces

(Radford et al., 2021; Alayrac et al., 2022). Methods such
as CLIPCap (Mokady et al., 2021) and CapDec (Nukrai et
al.,, 2022) freeze large-scale multimodal encoders (e.g.,
CLIP) and learn lightweight projection networks to bridge
visual and textual modalities. Although these approaches
significantly = reduce training cost, they remain
autoregressive in nature and tend to generate conservative
captions with limited lexical and structural diversity.
Moreover, global image embeddings alone often fail to
capture fine-grained object semantics and inter-object
relations (Johnson et al., 2016; Anderson et al., 2018),
leading to semantically under-specified descriptions.

Diffusion models provide a promising alternative to
autoregressive generation by modeling data distributions
through iterative denoising (Nichol and Dhariwal, 2021;
Austin et al., 2021), enabling parallel token generation and
improved diversity. Originally developed for continuous
domains (Sohl-Dickstein et al., 2015; Ho et al., 2020),
diffusion models have recently been extended to text
generation (Strudel et al., 2023; Dieleman et al., 2022; Li
et al., 2022) and multimodal tasks. In image captioning,
Prefix-diffusion (Liu et al., 2024) represents an important
step toward lightweight diffusion-based captioning by
injecting CLIP image features as prefix embeddings into
the denoising process. This design improves diversity and
generation efficiency while maintaining a compact
parameter footprint. However, Prefix-diffusion conditions
generation primarily on global visual representations and
lacks explicit mechanisms for modeling object-level
semantics or higher-order semantic relationships within an
image.

Meanwhile, several recent studies have attempted to
enhance diffusion models with stronger semantic
grounding. Works on structured conditioning and
composable diffusion demonstrate the importance of
explicit semantic control for improving generation quality
(Xu et al., 2023; Tang et al., 2024). In parallel, knowledge-
enhanced captioning models have shown that external
semantic information, such as object attributes or
commonsense relations, can substantially improve
semantic fidelity (Yao et al., 2017; Kornblith et al., 2023).



To address these limitations, we propose KE-diffusion, a
knowledge-enhanced lightweight diffusion model for
image captioning. KE-diffusion explicitly integrates
object-level semantic information into the diffusion
process while preserving the efficiency and parallel
generation advantages of lightweight diffusion models.
Instead of prefix-based conditioning or autoregressive
decoding, KE-diffusion constructs compact visual—
semantic condition vectors from detected object regions
and injects them directly into the reverse diffusion process
at the model level. This design enables effective semantic
guidance throughout the denoising trajectory without
introducing additional decoding complexity. Extensive
experiments on MS-COCO and Flickr30k demonstrate that
KE-diffusion consistently improves semantic accuracy and
caption diversity over prior lightweight diffusion models.
Additional cross-domain evaluations and visualization
analyses further confirm the robustness and interpretability
of the proposed approach. Core innovations of this work
are summarized as follows::

+ KE-diffusion integrates object-level semantic cues into
compact visual — semantic condition vectors, enabling
finer-grained semantic grounding during diffusion-based
caption generation beyond global image embeddings.

* Visual-semantic conditions are injected directly into the
reverse diffusion network via feature concatenation,
eliminating prefix token expansion while preserving
fully parallel generation.

* By avoiding heavy graph encoders and large language
models, KE-diffusion improves semantic fidelity and
diversity with minimal additional computational
overhead.

Related Work

Diffusion-Driven Image Captioning

Diffusion models have recently emerged as a promising
alternative to autoregressive generation for image
captioning, owing to their inherent ability to support
parallel decoding and improved generation diversity.
Traditional encoder—decoder captioning models typically
rely on sequential decoding with recurrent networks or
Transformers (Ranzato et al., 2016; Bengio et al., 2015;
Vinyals et al., 2015; Xu et al., 2015; Anderson et al., 2018),
which often leads to exposure bias and limited lexical
variation. By contrast, diffusion models generate text
through iterative denoising, enabling global token
generation and reducing error accumulation (Sohl-
Dickstein et al., 2015; Ho et al., 2020).

Diffusion-LM (Li et al., 2022) first demonstrated that
continuous diffusion processes can be adapted to text
generation by operating in embedding space, providing
strong controllability and diversity. Building on this line of

work, Prefix-diffusion (Liu et al., 2024) introduced
diffusion models to image captioning by conditioning the
denoising process on CLIP-based visual prefix embeddings.
This approach significantly improves caption diversity and
inference efficiency while maintaining a compact
parameter footprint. However, Prefix-diffusion conditions
generation primarily on global image representations and
does not explicitly model object-level semantics or fine-
grained visual cues, which may result in semantically
underspecified captions.

More recent studies have explored richer conditional
diffusion mechanisms for multimodal generation (Saharia
et al., 2022; Rombach et al., 2022). Xu et al. (2023)
proposed versatile diffusion models that unify text and
image generation under shared conditional representations,
while Tang et al. (2024) introduced composable diffusion
frameworks to improve conditional controllability across
modalities. Although these methods highlight the
importance of structured conditioning, they are not
specifically designed for image captioning and often
require more complex conditioning pipelines. In contrast,
KE-diffusion focuses on image captioning and introduces
compact visual-semantic conditioning directly into the
reverse diffusion process, enabling fine-grained semantic
guidance without increasing decoding complexity.

Semantic-Guided Image Captioning

Enhancing semantic fidelity has long been a central goal in
image captioning research (Fang et al., 2015; Wu et al.,
2016). Early approaches enriched visual representations
with object attributes or detected regions to improve
descriptive accuracy (Yao et al., 2017; Anderson et al.,
2018). More recently, vision—language pretraining methods,
such as CLIP-based captioning models, have simplified
cross-modal alignment by leveraging large-scale pretrained
representations (Mokady et al., 2021; Nukrai et al., 2022).
While effective, these approaches typically rely on global
visual embeddings and autoregressive decoding, which
limits their ability to capture object-level semantics and
contextual relationships.

Several works have investigated semantic specificity and
grounding in caption generation. Kornblith et al. (2023)
demonstrated that guiding captioning models toward more
specific descriptions can substantially improve semantic
relevance, particularly at the object and relation level.
However, most existing methods incorporate semantic
guidance through decoding heuristics or additional
supervision, rather than embedding semantic information
directly into the generative process.

In contrast to prior semantic-guided captioning
approaches, KE-diffusion integrates object-level semantic
cues into the diffusion model itself by constructing
compact visual-semantic condition vectors and injecting



them at the model level during reverse diffusion. This method models text generation in a continuous diffusion

design allows semantic information to influence the entire space while incorporating visual conditions derived from
denoising trajectory, rather than only the decoding stage. object-level perception and semantic mapping. Unlike
As a result, KE-diffusion achieves improved semantic prior prefix-based conditional diffusion approaches, KE-
fidelity and diversity while remaining compatible with diffusion represents visual information as compact visual—
parallel diffusion-based generation. semantic condition vectors and injects them directly into

the reverse diffusion process at the model level, enabling
effective and controllable image-conditioned text

Methodology generation.
In this section, we present KE-diffusion, a conditional
diffusion framework for image captioning. The proposed
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Figure 1: Overview of the KE-diffusion framework for image captioning. Given an input image, KE-diffusion extracts
object-level visual features and semantic cues to construct compact visual-semantic condition vectors. These condition
vectors are injected directly into the reverse diffusion process via model-level feature concatenation, guiding the iterative
denoising of text representations toward semantically grounded captions. The bottom lies the diffusion process.
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Forward Diffusion Process )
where denotes the sequence length and is the

embedding dimension.

The forward diffusion process progressively corrupts
by adding Gaussian noise over diffusion steps. At
diffusion step , the forward transition is defined as:

KE-diffusion formulates text generation in a continuous
latent space. Given a discrete text sequence:

= {('01| Wy, ..y wL}

we first map it into a continuous representation using a ( Y= (v (- ))
token embedding function, yielding a clean initial state: - ’ -



where =1—  and (0,1) follows a predefined
noise schedule. By recursion, this process admits the
closed-form expression:
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In practice, both the forward noising process and the
reverse denoising process are handled by a standard
diffusion modeling framework. KE-diffusion does not alter
the diffusion schedule itself, and instead focuses on how
visual conditions are incorporated during the reverse
process.

Visual-Semantic Conditioning

To introduce visual information into the diffusion model,
KE-diffusion constructs a compact and semantically
grounded conditioning representation from the input image.
Given an image , an object detector is first applied to
extract a set of candidate regions(Ren et al., 2015; He et al.,
2017), each associated with a category label and a
confidence score. Regions with confidence scores below a
predefined threshold are filtered out, and only the
remaining regions are used for conditioning.

For visual representation, KE-diffusion does not perform
explicit region-wise pooling for each detected bounding
box. Instead, a global visual representation is extracted
from the detector’s backbone feature map. Specifically, let

() denote the feature map produced by the backbone
network. A global average pooling operation is applied
over the spatial dimensions (Lin et al., 2013) to obtain a
fixed-dimensional visual vector:

— GAP( ( )) 2048

This vector serves as the visual input for all retained
regions of the image.

On the semantic side, each detected category label is
mapped to a corresponding concept name through a
vocabulary-based mapping mechanism. When an external
vocabulary file is available, the mapping is derived from it;
otherwise, a predefined COCO category name mapping is
used as a fallback. For a given concept name , KE-
diffusion  constructs a  300-dimensional  semantic
embedding:

= () 300

where (-) denotes a deterministic random embedding
function. This design ensures that the same concept name
always corresponds to a fixed semantic vector, without

relying on external knowledge graphs or pretrained word
embeddings.

The visual vector and semantic vector are then
independently projected through linear transformations and
concatenated to form a unified conditioning representation:

= + = +

= s+ o

The resulting vector  serves as the visual-semantic
condition that guides the diffusion-based text generation
process.

Conditional Reverse Diffusion and Model-Level
Injection

During the reverse diffusion process, the model learns to
progressively denoise the latent variable toward the
clean representation ,. In KE-diffusion, the image-derived
condition vector is incorporated to model the conditional
reverse distribution:

(- )= C-n Cuu )

Condition injection is implemented through feature
concatenation at the model input level (Filmus et al., 2021;
Perez et al., 2018). Given the current diffusion state

* and the conditioning vector 312 " the condition
vector is broadcast along the sequence length and
concatenated with  along the feature dimension:

= Concat( , ) x( +512)

The concatenated representation  is then fed into the
denoising network to predict the noise or the corresponding
denoising direction. Through this model-level conditioning
mechanism, visual information consistently influences the
entire reverse diffusion trajectory, without introducing
additional prefix tokens or cross-modal attention modules.

Decoding Diffusion Process

At inference time, KE-diffusion initializes the generation
process from isotropic Gaussian noise and iteratively
applies the reverse diffusion process to obtain continuous
text representations, which are subsequently decoded into
discrete text sequences. To improve semantic alignment
between generated captions and the input image, multiple
candidate captions may be sampled, and a similarity-based
selection strategy is applied.

In addition to generation, KE-diffusion provides
interpretability through a CLIP-based Grad-CAM
visualization mechanism. Let () and (-) denote the



image and text encoders of CLIP, respectively. The
semantic similarity between an image and a generated
caption  is computed as:

-5

Experiments

Datasets and Evaluation Metrics

MS-COCO (Lin et al., 2014): The training set contained
82,783 images, each with 5,000 images for validation and
testing. Each image is annotated using five human-
generated captions. Flickr30k(Plummer et al., 2015):
contains 31,000 images, split into 1,000 validation and
1,000 test images, and was used to evaluate the cross-
domain generalization capabilities.

Accuracy Metrics: We report BLEU-1 to BLEU-4
(Papineni et al., 2002) to measure n-gram precision at
different granularitiecs. METEOR (Denkowski & Lavie,
2014) is employed to improve semantic sensitivity through
alignment, stemming, and synonym matching. ROUGE-L
(Lin, 2004) evaluates fluency and structural similarity
based on the longest common subsequence. CIDEr
(Vedantam et al., 2015) measures consensus with reference
captions using TF-IDF —weighted n-grams (Wang et al.,
2020), while SPICE (Anderson et al., 2016) assesses fine-
grained semantic correctness by comparing scene graph
structures involving objects, attributes, and relations..

Diversity Metrics: To evaluate caption diversity, we
report Dist-1, Dist-2, and Dist-3 (Holtzman et al., 2020; Li
et al.,, 2016), which compute the proportions of distinct
unigrams, bigrams, and trigrams, respectively. In addition,
Voc (Zhang et al., 2018) measures the vocabulary size of
generated captions, reflecting overall lexical richness and
expressive capacity.

Baseline Models

To ensure a fair comparison, we evaluate KE-diffusion
against representative image captioning models based on
frozen CLIP visual features, excluding methods that fine-
tune visual encoders or require region-level supervision.
CapDec (Nukrai et al., 2022) is a diffusion-based
captioning model that conditions denoising on global CLIP
image embeddings, demonstrating the feasibility of
diffusion-based  generation under frozen  visual
representations. However, its reliance on global features
limits fine-grained object and relational modeling.
CLIPCap (Mokady et al., 2021) is an autoregressive
approach that projects frozen CLIP image embeddings into
the input space of a GPT-2 decoder. While effective in
leveraging CLIP’s multimodal alignment, its sequential

decoding often results in conservative and less diverse
captions.

Prefix-diffusion (Liu et al., 2023) is a lightweight non-
autoregressive diffusion model that maps CLIP image
features to prefix embeddings via an MLP and injects them
into a Transformer-based denoising process. Although it
improves generation efficiency and diversity, it does not
explicitly model object-level semantics or inter-object
relationships.

These baselines collectively represent the dominant
paradigm of CLIP-based image captioning with frozen
visual features, providing a meaningful benchmark for
assessing the effectiveness of KE-diffusion.

Implementation Details

We trained KE-diffusion in an end-to-end setting with
visual—semantic conditioning enabled. Instead of a frozen
CLIP encoder, we employed a ResNet-50 to obtain a
global backbone feature, which was average-pooled and
projected to 2048 dimensions, while each detected
category label was mapped to a 300-d semantic embedding;
the concatenated feature was then linearly projected to a
512-d condition vector.

The diffusion backbone used a Transformer architecture
with 4 attention heads, a channel width of 128, and dropout
of 0.1. We set the diffusion length to 7=1000 and
optimized the model with AdamW using a learning rate of
1x10~* and weight decay of 0.01. Training used a batch
size of 256 with linear learning-rate annealing over 200k
steps, and evaluation was performed every 500 iterations.
An NVIDIA A100 GPU and PyTorch 1.21 are used.

Image Captioning Experiments

We first evaluate KE-diffusion on standard image
captioning benchmarks under the in-domain setting,
including MS-COCO and Flickr30k. Quantitative results
are reported in Table 1 and Table 2, respectively.

Table 1 presents the performance comparison on the
MS-COCO test set. Overall, KE-diffusion achieves
consistent improvements across accuracy, semantic, and
diversity metrics compared with all frozen-CLIP baselines.

In terms of accuracy, KE-diffusion attains a BLEU-4
score of 25.6, which is competitive with Prefix-diffusion
and clearly surpasses CapDec and CLIPCap. More
importantly, KE-diffusion achieves a CIDEr score of 96.3
and a SPICE score of 19.7, indicating stronger semantic
alignment between generated captions and reference
descriptions. The improvement in SPICE is particularly
noteworthy, as this metric explicitly evaluates object-level
semantics and relational consistency, suggesting that the
proposed visual-semantic conditioning effectively captures
fine-grained semantic structures. Regarding diversity, KE-
diffusion achieves the highest Dist-2 (21.9) and Dist-3



(41.3) scores among all compared methods, while
maintaining a comparable Dist-1 score. The vocabulary
usage metric (Voc = 12.0%) further demonstrates that KE-
diffusion generates lexically richer and less repetitive
captions than Prefix-diffusion. These results validate that

introducing structured semantic information into the
diffusion process enhances diversity without sacrificing
accuracy.

Accuracy Metrics 1

Diversity Metrics 1

Meth

ethod T T B@z | B@3 | B@t | M | RL | C | S | D@l | b@2 | p@3 | Voo
CapDec| 642 / 309 | 207 | 245 | 462 |808| 175 | / | 168 | 339 | J
ClipCap| 674 / 285 | 243 | 252 | 486 |944| 192 | / | 194 | 3710 | J

Prefix 72.5 53.2 374 25.8 254

519 ]96.5 | 19.7 3.7 21.8 41.2 12.2

ours 72.5 53.1 37.2 25.6 25.4

52.0 | 963 | 19.7 3.6 21.9 41.3 12.0

Table 1. Performance comparison table of MS-COCO test set. We use boldface to indicate the best performance. The values
of vocabulary usage are reported at percentage (%).

Table 2 summarizes the results on the Flickr30k test set.
Despite the smaller scale of the dataset, KE-diffusion
maintains strong performance and consistently outperforms
other frozen-CLIP baselines.

Specifically, KE-diffusion achieves a BLEU-4 score of
20.4, a METEOR score of 21.9, and a CIDEr score of 58.5,
all of which are competitive with or superior to Prefix-

diffusion. The SPICE score (15.8) further confirms the
effectiveness of semantic modeling under limited training
data. In terms of diversity, KE-diffusion achieves the
highest Dist-3 (59.4) and vocabulary usage (112.8) among
all methods. This observation indicates that the proposed
knowledge-enhanced conditioning enables robust and
diverse caption generation even in low-resource settings.

Accuracy Metrics 1

Diversity Metrics 1

Method

T B@1 | B@2 | B@3 | B4 M RL | C S | p@l | @2 | D@3 | Voc
CapDec| 569 / 23.6 / 191 | 423 |409]| 142 /| 215 | 389 /
ClipCap| 654 / 30.7 / 223 | 478 | 581 163 /| 264 | 436 /

Prefix 69.4 48.4 32.1 20.7 21.7

477 | 593 | 15.6 10.9 37.9 58.0 109.5

ours 68.9 47.8 31.7 204 219

48.0 | 585 | 158 11.3 38.9 59.4 112.8

Table 2. Performance comparison table of Flickr30k test set. We use boldface to indicate the best performance. The values of
vocabulary usage are reported at percentage (%).

Cross-domain Captioning

To further evaluate the generalization capability of KE-
diffusion, we conduct cross-domain  captioning
experiments, where the model is trained on one dataset and
evaluated on another. The results are reported in Table 3.
When trained on MS-COCO and evaluated on
Flickr30k, KE-diffusion consistently outperforms Prefix-
diffusion across most metrics. In particular, BLEU-4
improves from 17.9 to 18.4 and CIDEr from 48.6 to 49.4,
while METEOR and ROUGE-L remain comparable. These

results indicate improved semantic transferability across
datasets with different visual distributions.

Conversely, when trained on Flickr30k and evaluated on
MS-COCO, KE-diffusion achieves competitive
performance relative to Prefix-diffusion. Although absolute
scores are lower due to limited training data, KE-diffusion
maintains similar accuracy and slightly higher diversity
metrics, suggesting reduced overfitting to domain-specific
visual patterns and better robustness under distribution
shifts.

Accuracy Metrics 1

Diversity Metrics 1

Method

%" B@l [ B@2 | B@3 | B@4 | M | RL | ¢ | S | D@l | D@2 | b@3 | Voc
MS-COCO to Flickr30k

Prefix- | o) 4 45.7 29.1 17.9 20.0 459 | 486 13.9 87 | 318 | 516 | 82.7

diffusion

ours 67.5 46.1 29.5 18.4 20.0

459 | 494 | 139 8.6 32.3 52.0 81.7

Flickr30k to MS-COCO

Prefix 56.6 35.6 21.3 12.6 18.2

40.6 | 484 | 122 3.9 23.8 45.0 12.2

ours 56.4 35.5 21.1 12.2 18.1

404 | 475 | 123 4.0 23.6 44.6 12.8




Table 3. The results of cross-domain captioning. MS-COCO to Flickr30k means model trained on COCO while
evaluated on Flickr30k, and so is Flickr30 to MS-COCO. We use boldface to indicate the best performance.
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Figure 2. Training Dynamics of Diffusion-Based Captioning Models on MS-COCO and Flickr30k.

Dynamic Analysis of Training

To analyze the training dynamics of diffusion-based
captioning models, we examine how model states from
different training stages influence generation quality. Three
model states extracted at progressively later stages are
evaluated under identical inference settings, with results on
MS-COCO and Flickr30k shown in Figure 2.

As illustrated in Figure 2, the model at the initial
training stage fails to produce meaningful captions on both
datasets, resulting in near-zero scores across all metrics.
This confirms that caption generation quality does not arise
from frozen visual features or the diffusion prior alone, but
is acquired through effective learning during denoising.
The negligible BLEU-4 and ROUGE-L scores indicate a
lack of syntactic structure, while near-zero Dist-3 reflects
minimal lexical diversity. After 100k training steps,
performance improves substantially on both datasets. On
MS-COCO, BLEU-4 increases to 26.1, ROUGE-L reaches
52.5, and SPICE rises to 19.5, indicating the emergence of
semantically coherent and structurally reasonable captions.
A similar trend is observed on Flickr30k, with BLEU-4
and ROUGE-L improving to 19.1 and 46.2, respectively.
These results suggest that core semantic alignment and
syntactic competence are learned relatively early in
training. Further training from 100k to 200k steps yields
only marginal gains in accuracy-oriented metrics such as
BLEU-4 and ROUGE-L. In contrast, diversity metrics
continue to improve consistently. Specifically, Dist-3
increases from 39.2 to 41.3 on MS-COCO and from 49.7
to 59.4 on Flickr30k. This pattern indicates that later
training stages primarily enhance lexical and structural
diversity rather than n-gram overlap with reference
captions.

These results indicate that semantic alignment and basic
fluency are established at early stages of training, whereas
prolonged training primarily serves to refine the diversity
of generated captions. The sustained improvement in Dist-
3 further suggests that the denoising process gradually
explores a broader region of the caption distribution,
enabling richer and more varied expressions without
degrading semantic fidelity.

Ablation

We conduct ablation experiments on MS-COCO to isolate
the contribution of visual — semantic conditioning. The
results are summarized in Fig. 3, where CLIP-based Grad-
CAM heatmaps visualize the image regions that most
strongly influence caption generation. Following our
methodology, image — caption similarity is treated as a
scalar objective and backpropagated to the convolutional
feature maps of the CLIP visual backbone, producing
spatial activation maps overlaid on the input images.

To specifically examine the role of visual-semantic
conditioning, we compare the complete KE-diffusion
model against a variant in which the visual-semantic
conditioning mechanism is removed. Across all five
examples, the model without visual-semantic conditioning
tends to produce captions that are syntactically valid but
semantically under-specified. As shown in the first row of
Fig. 3, the generated descriptions often rely on generic
object mentions (e.g., ‘a kitchen’, ‘a cat’, ‘a baby’) while
failing to incorporate finer-grained contextual attributes
such as object relations, actions, or scene-level details.
Correspondingly, the Grad-CAM visualizations exhibit
diffuse or weakly localized activations, indicating that the
generation process is not strongly grounded in semantically
salient visual regions. In contrast, the complete KE-



diffusion model equipped with visual — semantic
conditioning consistently produces captions that are more

specific, context-aware, and aligned with the visual content.

For instance, the conditioned model enriches basic object
descriptions with meaningful attributes and actions, such as
specifying ‘two windows’ in a kitchen scene, situating a
cat ‘next to a field’, or describing a boy ‘in the green shirt’.
These improvements are accompanied by Grad-CAM maps
that exhibit sharper and more concentrated activations over

COCO dataset
original picture

COCO_val2014_000000165547 COCO_val2014_000000559047

semantically relevant regions, such as the interacting
objects or the human subject involved in an action.

The ablation results demonstrate that visual-semantic
conditioning plays a crucial role in enhancing image-
caption alignment. By explicitly coupling visual features
with semantic guidance throughout the diffusion process,
the model attends more effectively to informative image
regions and generates captions with improved visual
grounding and semantic fidelity.

model without
Visual-Semantic

A kitchen that has a large
window on a wooden table.

A gray and white cat sitting on
top of a wooden structure.

A baby is holding onto a cell

phone.

A woman with black hair looking
at her cell phone.

Complete KE-
diffusion model

A kitchen with two windows
a table and a large windows.

Figure 3. Ablation results of visual-semantic conditioning visualized via CLIP-based Grad-CAM.

A cat sitting on a wooden bench
next to a field.

Conclusion and Future Work

In this paper, we proposed KE-diffusion, a diffusion-based
image captioning framework that enhances semantic
grounding by incorporating object-level visual-semantic
conditioning into the reverse diffusion process. Unlike
prior captioning methods that rely on global image
embeddings or prefix-based conditioning, KE-diffusion
injects compact visual-semantic condition vectors directly
at the model level, allowing semantic cues to guide the
entire denoising trajectory while preserving the parallel
generation advantages of diffusion models.

Comprehensive experiments on MS-COCO and
Flickr30k demonstrate that KE-diffusion consistently
improves semantic fidelity and caption diversity compared
with existing CLIP-based diffusion and autoregressive
baselines. Cross-domain evaluations further show that the
proposed conditioning strategy generalizes well across
datasets with different visual distributions. In addition,
visualization analyses provide qualitative evidence that
KE-diffusion achieves stronger alignment between salient

A baby holding a small cellular
phone in the yard.

A boy in the green shirt
is playing soccer.

A woman smiling while using
her cell phone.

image regions and generated descriptions, supporting the
effectiveness of model-level visual-semantic conditioning.

Several directions remain for future work. First,
incorporating richer object interactions or relational cues
may further enhance fine-grained semantic expressiveness.
Second, extending KE-diffusion to controllable or user-
guided caption generation could broaden its applicability in
interactive vision—language systems. Finally, applying the
proposed conditioning framework to other multimodal
generation tasks, represents a promising avenue for future
research.

Limitations

Despite its effectiveness, KE-diffusion has several
limitations. First, the proposed method relies on object
detection to construct visual-semantic condition vectors.
Inaccurate or incomplete detections may introduce noise
into the conditioning signals, potentially leading to missing
or biased semantic guidance during the diffusion process.
This limitation may be more pronounced in images with
heavy occlusion, small objects, or abstract visual concepts
that are challenging for standard detectors. In addition, the
semantic embeddings are derived solely from object



category names, without explicitly modeling relational or
commonsense knowledge, which may limit the model’s
ability to capture complex interactions among objects.

Second, KE-diffusion is evaluated primarily on English
image captioning benchmarks. Its generalization to
multilingual settings or culturally diverse visual domains
remains unexplored. Moreover, although diffusion-based
generation improves diversity, it typically incurs higher
inference latency than strictly autoregressive lightweight
models, which may constrain applicability in real-time or
resource-limited scenarios. Finally, our evaluation mainly
relies on automatic metrics and qualitative analyses, which
may not fully reflect human preferences or downstream
task performance.
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