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Abstract

Visual description is a fundamental yet challenging task that
reflects how perceptual information is transformed into struc-
tured linguistic descriptions. Recent diffusion-based models
have shown strong potential for parallel decoding and global
semantic modeling. However, existing approaches largely treat
generation as an unconstrained process, lacking mechanisms to
incorporate structured knowledge, which often results in con-
ceptually implausible or hallucinated descriptions, especially in
domain-specific contexts. To investigate how structured knowl-
edge constrains generative diffusion processes, we propose
KenDiC, a Knowledge-enhanced Diffusion-based Captioner for
visual description. KenDiC integrates a domain-adaptive vi-
sual encoder (DAVE) trained via contrastive learning to align
perceptual and linguistic representations, and a domain term
vocabulary (DTV) that constrains decoding to guide concept
selection during generation. To support systematic analysis,
we construct II2T-Bench, a domain-centric benchmark with ex-
pert annotations. Experimental results show that structured
knowledge constraints significantly reduce hallucinations and
improve semantic fidelity, suggesting a computational account
of how knowledge guides generative visual description.

Keywords: Generative Al, Visual Description, Diffusion Mod-
els, Structured Knowledge

Introduction

Visual description refers to the process of transforming per-
ceptual input into structured, conceptually grounded linguis-
tic representations. In computational settings, this process is
often instantiated as image-to-text generation at the intersec-
tion of computer vision and natural language processing (Y.
Jiang et al., 2025). Beyond its practical applications in con-
tent summarization, intelligent monitoring, human—AlI inter-
action, and assistive technologies (Ghandi et al., 2023; Ze-
laszczyk & Mandziuk, 2023), visual description captures a
core cognitive behavior in which prior knowledge and domain
conventions constrain what aspects of a scene are described
and how they are linguistically expressed.

Early computational models of visual description predomi-
nantly adopted encoder—decoder architectures, where convo-
lutional neural networks extract visual features and recurrent
neural networks decode them into textual sequences (Danesh-
far et al., 2024; Ghandi et al., 2023; Zohourianshahzadi &
Kalita, 2022). More recent approaches employ transformer-
based autoregressive (AR) architectures that generate descrip-
tions token by token while conditioning on previously pro-
duced outputs (Cornia et al., 2020; Fang et al., 2022; Y. Li et
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Figure 1: Comparison between (a) autoregressive image cap-
tioning models, (b) conventional diffusion-based captioning
models, and (c) the proposed KenDiC framework. Unlike
prior approaches, KenDiC incorporates domain-specific ter-
minology constraints and contrastive fine-tuning of the visual
encoder, enabling knowledge-enhanced latent diffusion and
accurate generation of domain captions.

al., 2022). Although these models have achieved strong per-
formance on general benchmarks, their sequential decoding
paradigm limits parallelization, suffers from exposure bias,
and often fails to capture global semantic structure, leading
to reduced robustness and conceptual fidelity in complex vi-
sual scenes.

Diffusion models, particularly denoising diffusion proba-
bilistic models (Ho et al., 2020), provide an alternative frame-
work for modeling visual description as a global generative
process. Their success in visual synthesis (Gao et al., 2023)
and text generation (Wu et al., 2023) suggests strong capacity
for parallel generation and holistic semantic planning. Re-
cent studies (He et al., 2023; X. Li et al., 2022; Liu et al.,
2024) have applied diffusion models to image-to-text genera-
tion by treating the diffusion process as a text decoder within
an encoder—decoder architecture. While these methods miti-
gate exposure bias and improve sentence-level coherence, they
largely model description as an unconstrained stochastic pro-
cess, overlooking how structured knowledge guides concept
selection. As a result, diffusion-based models remain prone
to semantically plausible yet conceptually incorrect or hallu-
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Figure 2: An overview of KenDiC. It consists of an image encoder, a text encoder, a diffuser, and a text decoder. Panel (a) shows

the training process, and panel (b) shows the inference process.

cinated descriptions, particularly in domain-specific contexts
(Y. Huang et al., 2025).

In this work, we examine how structured knowledge con-
strains generative diffusion models for visual description. We
propose KenDiC, a Knowledge-enhanced Diffusion-based
Captioner that explicitly integrates domain knowledge into the
diffusion-based generation process. As illustrated in Figure 1,
KenDiC incorporates two complementary mechanisms. First,
a Domain-Adaptive Visual Encoder (DAVE) aligns percep-
tual representations with domain-relevant linguistic concepts
via contrastive learning, stabilizing latent semantic recovery
during diffusion denoising. Second, a Domain Term Vocab-
ulary (DTV) constrains decoding at the terminology level,
guiding concept realization and reducing domain-specific hal-
lucination without sacrificing generative flexibility. To sup-
port systematic evaluation, we further construct II2T-Bench,
a domain-centric image-to-text benchmark. Extensive experi-
ments demonstrate that structured knowledge constraints lead
to more faithful and reliable visual descriptions, offering a
computational account of how knowledge guides generative
visual language.

Related Work

Visual Description and Image-to-Text Generation

Visual description, commonly instantiated as image-to-text
generation, aims to produce natural language descriptions
grounded in visual content (Zelaszczyk & Mandziuk, 2023).
Early approaches relied on template-based (Kojima et al.,
2002) and retrieval-based methods (Hodosh et al., 2013),
which offered limited flexibility and conceptual generaliza-
tion. With the advent of deep learning, autoregressive
encoder—decoder architectures became dominant, sequen-
tially mapping visual features to textual outputs (Karpathy &

Fei-Fei, 2015; Vinyals et al., 2015).

Subsequent advances introduced attention mecha-
nisms (Anderson et al., 2018; You et al., 2016; Zohourian-
shahzadi & Kalita, 2022) and transformer-based architectures
with large-scale vision—language pre-training (L. Huang
et al., 2019; Zhou et al., 2020), substantially improving flu-
ency and visual grounding. Nevertheless, these approaches
largely treat visual description as an unconstrained generation
process. In domain-specific settings, where accurate concept
selection and terminology usage are critical, such models
often struggle to maintain semantic precision, highlighting
the need for mechanisms that explicitly constrain generation
with structured knowledge.

Diffusion-Based Visual Description

Diffusion models frame generation as an iterative denoising
process and have emerged as a powerful paradigm for mul-
timodal generation (Croitoru et al., 2023; Ho et al., 2020).
When applied to visual description, diffusion-based models
enable parallel decoding and global semantic planning, allevi-
ating limitations of autoregressive generation. Early work ex-
plored conditioning diffusion on pre-trained vision—language
representations, such as CLIP-Diffusion-LM (S. Xu, 2022),
while later studies extended diffusion frameworks to unified
multimodal generation, including Versatile Diffusion (X. Xu
et al., 2023) and CoDi (Tang et al., 2023). To improve se-
mantic alignment, recent methods incorporate explicit condi-
tioning or data augmentation strategies (D. Jiang et al., 2024;
Luo et al., 2023; Ma et al., 2024). Notably, LaDiC (Wang
et al., 2024) demonstrated that latent diffusion models can
achieve competitive performance for image captioning. How-
ever, most diffusion-based approaches model generation as a
largely unconstrained stochastic process and are trained on

4977



general-purpose data. In domain-centric visual description,
the absence of structured knowledge constraints often leads
to semantic drift and hallucinated concepts, motivating the
development of knowledge-constrained diffusion models that
explicitly guide concept selection during generation.

Methods

As shown in Figure 2, KenDiC models visual description as
a knowledge-constrained generative diffusion process. It con-
sists of four components: a text encoder, a visual encoder, a
transformer-based diffuser, and a text decoder. During train-
ing, a caption is encoded into a latent semantic representation
Xo using the lower layers of a split BERT model and progres-
sively noised into xr via a forward Gaussian process, where
x; denotes the latent variable at diffusion step ¢, and xr is the
terminal noisy state. In parallel, the input image is mapped
to a visual representation v = F,(I) by a domain-adaptive
visual encoder. The diffuser fy learns to recover Xy from x;
conditioned on v, which is then decoded into text by the up-
per BERT layers. At inference time, generation starts from
Gaussian noise x7 ~ N(0, I) and iteratively denoises to %o,
enabling non-autoregressive visual description.

The total training objective jointly minimizes the latent loss
and caption loss as follows:

L = fo(xr,v,1) = xol* + A+ CE(¢, ¢) (1

Latent Semantic Representation

Following LaDiC (Wang et al., 2024), we adopt a 12-layer
split-BERT architecture, with layers 1-6 serving as the text
encoder and layers 7—12 as the decoder. This design provides
a stable latent semantic space for diffusion-based generation
while preserving decoding fluency. Given a caption c, the en-
coder produces a latent representation xg = Sext(C).

During denoising, latent evolution is conditioned on both
visual input and terminology-level semantic cues:

Xt—-1 :ﬂG(xt?t?FV(])?FI(C))+Z’6(xt’t)'6’ (2)

where € ~ N(0,1) and F;(c) denotes terminology embed-
dings derived from the ground-truth caption during training.
The recovered latent Xy is decoded into natural language by
Diext- This formulation allows the diffusion process to op-
erate over a conceptually structured latent space rather than
unconstrained surface text.

Domain-Adaptive Visual Encoder

To align perceptual representations with domain-relevant con-
cepts, we introduce a DAVE trained via self-supervised con-
trastive learning on image—caption pairs. Given a mini-batch
{(1;, ci)}f\i |» matched image—caption pairs are treated as pos-
itives, while mismatched pairs serve as negatives, enabling
domain-aware alignment without additional supervision.

The visual encoder F,, () maps each image I; to an embed-
ding v;, and the corresponding caption ¢; is encoded into a

textual embedding ¢#; using a frozen text encoder. A similarity
matrix S € RV*V is computed using scaled cosine similarity:

Si; =+, 3)

where 7 is a temperature parameter.
We optimize a symmetric InfoNCE objective:
1 exp(Si;) exp(Si;)

Lo =—= (1 +1 , 4
T2 OngeXp(Sij) OngeXp(Sji) @

Domain Term Vocabulary Augmentation

To examine how structured knowledge constrains generative
diffusion for domain visual description, we introduce a do-
main term vocabulary that guides concept selection during
decoding. In domain-specific visual description, accurate in-
terpretation depends not only on perceptual input but also on
domain conventions that determine which concepts are valid
and how they should be expressed. Without such constraints,
generative models often produce visually plausible yet con-
ceptually invalid descriptions.

We define the domain vocabulary as V = {t,f2,...,tx},
constructed from domain standards, reference documents, and
expert-annotated corpora. The vocabulary covers core do-
main concepts, including equipment, actions, and procedures,
and serves as an explicit representation of structured domain
knowledge.

During decoding, token probabilities are computed from the
decoder hidden state 4;:

exp(vy, hi)
Zuexp(vihi)’
where v,, denotes the embedding of token w. The vocabulary
constraint is applied at the logit level prior to the softmax op-
eration, rather than being fed into the decoder as an input. To
constrain linguistic realization toward domain-consistent con-
cepts, tokens belonging to V are assigned a higher preference
prior to normalization:

B-vihi, wev,
vl hi = 6
Wi {vavhi, otherwise, ©)

pyi=w|h)= ®)

with 8 > 1 controlling the strength of the constraint.

This constraint operates exclusively at decoding time and
does not alter model training. By restricting the space of plau-
sible concepts during generation, the domain vocabulary con-
strains the diffusion-based generative process for domain vi-
sual description, reducing hallucination while preserving flu-
ency and contextual coherence. While the proposed vocabu-
lary constraint is implemented as a simple logit reweighting,
its role is not to enforce hard selection but to bias the genera-
tive process toward domain-consistent concepts.

Results and Analysis

Experimental Settings

Dataset: To evaluate domain visual description under struc-
tured knowledge constraints, we construct II2T-Bench, a
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Table 1: Comparative performance of different models.

Evaluation Metrics

Models
BLEU@1 BLEU@4 CIDEr METEOR ROUGE-L BERT-S
Autoregressive-based Models
CLIPCap (Mokady et al., 2021) 26.2 1.5 2.1 10.3 16.7 54.4
ViTCap (Fang et al., 2022) 343 4.8 6.8 5.6 18.7 32.6
BLIP (J. Li et al., 2022) 56.3 15.8 31.7 18.7 35.0 68.1
Diffusion-based Models
DDCap (Zhu et al., 2022) 49.3 11.6 26.0 16.9 32.4 65.2
Prefix-diffusion (Liu et al., 2024) 55.8 15.6 36.0 18.5 34.6 67.8
LaDiC (Wang et al., 2024) 57.8 15.2 28.1 17.2 33.6 65.7
KenDiC (Ours) 62.5 19.3 323 20.2 39.5 71.2
= 0.30 (a)—o— BLIP 028 N 50 (c)mmm BLIP 721
g =& = Our Model 0.23 5 — i BN Our Model 60.0
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Figure 3: Performance comparison between BLIP and KenDiC.

domain-centric image-to-text benchmark collected from real
industrial environments. From over 5,000 images, 3,300
representative samples are retained after filtering ambiguous
scenes, severe occlusion, and insufficient visibility of key enti-
ties. Each image is annotated with five expert-written descrip-
tions following a four-dimensional schema covering scene,
personnel, actions, and equipment, yielding 16,500 captions.
The dataset is split into training, validation, and test sets with
an 8:1:1 ratio at the image level, ensuring no scene overlap.
[I2T-Bench spans diverse industrial contexts, including met-
allurgical processing, equipment operation, safety inspection,
and material handling. The dataset will be publicly released
upon acceptance.

Evaluation Metrics: We assess description quality using
standard automatic metrics, including BLEU-1 and BLEU-
4 (Papineni et al., 2002), ROUGE-L (Lin, 2004), ME-
TEOR (Banerjee & Lavie, 2005), and CIDEr (Vedantam et
al., 2015), which quantify content accuracy and indirectly re-
flect hallucinated or incorrect entities. To evaluate semantic
alignment beyond surface-level overlap, we additionally re-
port BERTScore (BERT-S) (Zhang et al., 2019), measuring
contextual similarity in embedding space. Although standard
metrics such as BLEU, ROUGE, METEOR, and CIDEr do
not explicitly measure hallucination, they indirectly reflect se-
mantic correctness through agreement with expert references.
In our domain setting, the use of expert-annotated captions

reduces ambiguity, making these metrics more indicative of
factual consistency.

Implementation Details: KenDiC adopts a split-BERT
encoder—decoder architecture (6+6 layers) following
LaDiC (Wang et al., 2024), with BLIPy,se ViT-B/16 as the
visual backbone. The diffuser consists of 12 Transformer
blocks with cross-attention. Diffusion runs for 7 = 1500
steps using cosine noise scheduling, and deterministic DDIM
sampling is applied at inference. Models are trained for 300
epochs with Adam (learning rate 1 X 1074, batch size 48) on
two RTX 3090 GPUs, with gradient clipping (norm 1.0) and
A = 0.5 to balance denoising and caption losses.

Comparative Study

We compare KenDiC with representative autoregressive (AR)
image captioning models, including CLIPCap (Mokady et al.,
2021), ViTCap (Fang et al., 2022), and BLIP (J. Li et al.,
2022), as well as diffusion-based approaches such as DD-
Cap (Zhu et al., 2022), Prefix-diffusion (Liu et al., 2024), and
LaDiC (Wang et al., 2024). All baselines were reimplemented
and trained on [I2T-Bench using identical data splits and train-
ing protocols to ensure fair comparison.

As reported in Table 1, KenDiC achieves the strongest over-
all performance across most metrics. Compared with the
strongest AR baseline (BLIP), KenDiC improves BLEU @4,
METEOR, and ROUGE-L, indicating more precise and se-
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BLIP: A woker is waking on the
ground.

LaDiC: A worker operates in flames
and smoke wearing protective gear.

BLIP: A stream of light flows across
a dirty ground.

LaDiC: An orange line appears along
the ground surface.

Ours: A worker in protective clothing
is crossing over an iron trench.

Ours: Molten slag flows along an iron
trench on the factory floor.

BLIP: A worker is cutting metal with
sparks flying.

LaDiC: A worker is grinding steel
with an angle grinder.

BLIP: Two gas cylinders lying on a
factory floor.

LaDiC: Two industrial cylinders, blue
and yellow, placed on a grimy ground.

Ours: A worker cutting steel with an
angle grinder without protective gear.

Ours: Two industrial gas cylinders on a
dirty floor, with inverted oxygen bottle.

Figure 4: Qualitative comparison of captions generated by different models.

Table 2: Ablation results for the proposed KenDiC.

Configs Evaluation Metrics

BLEU@1 BLEU@4 CIDEr Meteor ROUGE-L BERT-S
Baseline 57.8 15.2 28.1 17.2 33.6 65.7
Baseline+DTV 59.4 16.8 29.6 17.5 352 68.2
Baseline+DTV+DAVE  62.5 19.3 323 20.2 39.5 71.2

mantically faithful domain visual descriptions. While Prefix-
Diffusion attains the highest CIDEr score, KenDiC yields
more balanced improvements across lexical and semantic met-
rics, including the best BERTScore, reflecting stronger align-
ment between generated descriptions and domain-relevant
concepts. These results suggest that explicitly constrain-
ing diffusion with structured knowledge improves domain
visual description beyond unconstrained autoregressive and
diffusion-based generation.

Performance Analysis

We further analyze KenDiC in terms of efficiency, robustness,
and descriptive precision. As shown in Figure 3, KenDiC
maintains stable inference time as caption length increases,
whereas the decoding time of BLIP grows substantially, re-
flecting the advantage of non-autoregressive diffusion for
scalable visual description. Moreover, KenDiC preserves
higher BLEU@1 scores under longer descriptions, indicating
reduced semantic drift during generation. Across increasing
test set sizes, KenDiC consistently achieves lower total infer-
ence time, demonstrating scalability for domain settings.
Qualitative examples in Figure 4 illustrate how structured
knowledge constrains generative diffusion at the concep-
tual level. Compared with BLIP (J. Li et al., 2022) and
LaDiC (Wang et al., 2024), KenDiC produces more specific
and accurate domain visual descriptions, correctly identify-
ing critical elements such as equipment, actions, and safety-
related details. In contrast, baseline models often generate
generic or underspecified phrases. These examples qualita-
tively confirm that knowledge constraints guide concept se-

lection rather than merely improving surface fluency.

Ablation Study

We conduct an ablation study to isolate the effects of struc-
tured knowledge constraints. As shown in Table 2, the base-
line model without knowledge components achieves reason-
able performance, reflecting general image—text alignment.
Introducing the domain term vocabulary (DTV) consistently
improves all metrics, indicating that constraining concept se-
lection during decoding reduces domain-specific hallucina-
tion. Further incorporating the domain-adaptive visual en-
coder (DAVE) yields the best performance, suggesting that
aligning perceptual representations with domain-relevant con-
cepts complements linguistic constraints. Together, these re-
sults demonstrate that domain visual description benefits from
both perceptual alignment and explicit conceptual constraints
within the generative diffusion process.

Conclusion

This work investigated how structured knowledge constrains
generative diffusion models for domain visual description.
We proposed KenDiC, a knowledge-constrained diffusion
framework that models visual description as a generative pro-
cess guided by domain-specific conceptual structure rather
than unconstrained text production. By integrating a domain-
adaptive visual encoder that aligns perceptual representations
with domain-relevant concepts, and a terminology-guided de-
coding mechanism that constrains concept selection during
linguistic realization, KenDiC explicitly incorporates struc-
tured knowledge into the diffusion-based generation process.
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Experiments on II2T-Bench demonstrate that such constraints
significantly reduce semantic drift and domain-specific hal-
lucination while preserving fluency and descriptive accuracy.
Beyond empirical performance, these results support a com-
putational account of domain visual description in which
structured knowledge functions as a constraint on generative
diffusion, shaping both the space of plausible concepts and
their linguistic expression. This perspective aligns with cog-
nitive theories of constrained language production and sug-
gests that effective domain visual description emerges from
the interaction between perceptual representations, generative
processes, and structured conceptual knowledge.
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