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Deep learning has revolutionized cross-modal understanding through its ability to process heterogeneous
visual-textual data, which achieves encouraging performance in the image captioning domain. However,
existing methods struggle with redundant cross-modal representations and autoregressive generation bottle-
necks, leading to semantically misaligned captions. To address these challenges, an innovative data-driven
cartoon image captioning framework (IBA-CD) is proposed through two synergistic advancements. First,
IBA-CD develops an information bottleneck-driven cross-modal alignment mechanism that fusing principles
from information theory and deep learning, to optimize semantic distillation. Such a mechanism suppresses
redundant visual-textual mutual information while maximizing task-relevant correlations through variational
inference. Second, IBA-CD pioneers a cascaded diffusion generation paradigm that reimagines text synthesis
through bidirectional Transformer-based denoising processes, establishing non-autoregressive generation with
multi-stage visual-semantic refinement. IBA-CD achieves component synergy through a bidirectional closed-
loop mechanism: The information bottleneck alignment dynamically injects distilled compact semantic features
as conditional guidance into each denoising step of the diffusion network, enabling fine-grained visual-textual
alignment through cross-modal attention mechanisms. Simultaneously, quality feedback from the generation
process proactively optimizes the feature alignment intensity, forming an iterative refinement cycle that evolves
from semantic compression to generation correction. This collaborative framework ultimately accomplishes
efficient and precise cross-modal reasoning through tightly coupled visual-semantic distillation and progressive
generative enhancement. Extensive experiments on benchmark datasets verify significant improvements in the
cartoon image captioning task.
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1. Introduction

As an emerging branch of multi-modal tasks, image cap-
tioning is gaining increasing attention, whose goal is to gen-
erate natural language sentences to describe image content
[1, 2]. Inspired by deep learning’s success in machine trans-
lation, most image captioning models adopt an encoder-
decoder architecture. The encoder, often a convolutional
neural network (CNN), extracts visual features from im-
ages, while the decoder, typically a recurrent neural net-
work (RNN) or long short-term memory (LSTM) network,

generates corresponding textual descriptions [3, 4]. Early
work used CNNs as encoders and RNNs/LSTMs as de-
coders. To better focus on relevant image regions, Xu et
al. used target detectors like Fast-RCNN and introduced
a top-down attention mechanism [5]. Nguyen et al. en-
hanced this by adding a previous-moment attention vector
to ensure visual coherence and proposed a dual-attention
mechanism to capture more comprehensive semantic infor-
mation [6].

Inspired by Transformer and BERT language models,
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many scholars are studying Transformer-based image cap-
tioning models to better capture the relationship between
image features and generated sequences [7, 8]. For instance,
Luo et al. proposed masked non-auto-regressive decoding
for generating more semantic and diverse annotations in
parallel [9]. Zhao et al. developed a semi-auto-regressive
Transformer that predicts groups of words in parallel and
generates them from left to right, better balancing caption-
ing speed and quality [10]. With diffusion models achiev-
ing success in image generation, they are becoming a new
research direction for text generation. Unlike typical one-
off discrete sentence generation, diffusion processes are
parameterized Markov chains that gradually add Gaussian
noise to sentences. By learning each reverse state transi-
tion, original sentences can be restored from noisy data
for text generation [11]. Luo et al. proposed encoding dis-
crete text into bits and using self-conditioning diffusion
models for annotation generation [12]. Liu et al. naturally
transformed discrete markers and applied continuous dif-
fusion on them, successfully integrating extracted image
features for diffusion-based text generation [13]. However,
most diffusion-based image captioning methods have is-
sues like generating text mismatched with input images,
lacking effective semantic control, and having word repe-
tition/omission. There’s also the problem of insufficient
training due to inadequate noise.

This study introduces an information bottleneck-driven
cross-modal alignment and cascaded diffusion network
(IBA-CD) for cartoon image captioning, addressing the
challenge of generating accurate textual descriptions from
visual inputs. The framework comprises two key com-
ponents: (1) A cross-modal alignment module that em-
ploys Transformers to extract image-text representations,
enhanced by an information bottleneck mechanism to
eliminate redundancy while maximizing semantic correla-
tion. This is achieved through a novel loss function mini-
mizing mutual information between representations and
raw data, while maximizing cross-modal mutual infor-
mation using variational optimization and Monte Carlo
approximation. (2) A cascaded diffusion network featur-
ing multiple Transformer-based diffusion models that pro-
gressively denoise text sequences through bidirectional
semantic guidance, enabling non-autoregressive genera-
tion with enhanced coherence. The architecture utilizes
cross-attention layers to integrate aligned visual features
during the reverse denoising process, supervised by a hy-
brid loss combining cross-entropy captioning loss, diffu-
sion reconstruction loss, and the information bottleneck
alignment loss. Experimental validation demonstrates sig-
nificant improvements in caption quality through this dual

optimization of compact semantic alignment and iterative
diffusion-based refinement.
The key contributions of IBA-CD include:

* We introduce an information bottleneck-driven cross-
modal alignment mechanism to enhance cartoon-text
semantic correlation through variational mutual infor-
mation optimization and redundancy-aware compres-

sion.

* We propose a cascaded diffusion generation architec-
ture enabling non-autoregressive, visually grounded
text synthesis via bidirectional diffusion processes and
multi-stage Transformer-based iterative refinement

¢ Extensive experiments conducted two datasets ver-
ify that IBA-CD shows a new baseline in the cartoon
image captioning task.
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Fig. 1. The overall architecture of IBA-CD. It contains an
information bottleneck-driven cross modal alignment and
a cascaded diffusion generation network.

2. Method

Cartoon image captioning is a cross-modal generation task
that aims to map visual information to natural language
descriptions. It seeks to transform a cartoon image I into
an accurate and meaningful textual description C through
a mathematical model f : I — C, where f is typically
implemented by deep learning algorithms to maximize the
accuracy and relevance of the description. To achieve the
above task, we propose an information bottleneck-driven
cross-modal alignment and cascaded diffusion network
(IBA-CD), as shown in Fig. 1.

2.1. Information Bottleneck-driven Cross-modal Align-
ment

Information bottleneck-driven cross modal alignment

(IBCMA) aims to achieve accurate semantic alignments

between cartoon and text representations. To this end,
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IBCMA utilizes image Transformer and text Transformer
to conduct a multi-modal feature extractor for extract the
corresponding representations. meanwhile, to eliminate re-
dundant information between modalities, IBCMA designs
cross modal information bottleneck regularization terms
to minimize the mutual information between data and rep-
resentations in each modality and maximize the mutual
information between cartoon and text representations

Given a cartoon and text pair (I,C), cartoon and text
representations are obtained via the multi-modal feature
extractor:

Z! = Trans former (1)

@
7€ = Transformer®(C)

where Z! and Z€ denote cartoon and text representations,
respectively. Then, IBCMA introduces information bottle-
neck to refine representations:

Lipeam = [(Z1, 1) +1(25,C) —al(Z!,26) (2

where a denotes a trade-off parament. In the context of
Cartoon image captioning, the information bottleneck loss
Lipcam plays a crucial role in optimizing the representa-
tions for better performance. By minimizing the first term
1(Z!, 1), we aim to ensure that the cartoon representation
Z! captures only the essential and relevant information
from the cartoon image I, discarding any redundant or
noisy details that might be present in the original image
C) helps
to refine the text representation Z¢ so that it focuses solely

data. Similarly, minimizing the second term I (ZC,

on the key aspects of the caption C, eliminating unneces-
sary or irrelevant textual elements. This process of minimiz-
ing the mutual information between the representations
and their original sources effectively compresses the in-
formation, making the representations more concise and
focused on the most important features for the task. On
the other hand, maximizing the third term I(Z L Zc) en-
courages a strong and meaningful correlation between the
cartoon and text representations. This is crucial for Car-
toon image captioning because it ensures that the refined
representations of the cartoon image and its corresponding
caption are closely aligned and can effectively communi-
cate with each other. By maximizing this mutual informa-
tion, the model is able to learn a joint representation space
where the cartoon and text are well-matched, leading to
more accurate and coherent captions that truly reflect the
content of the cartoon image.

To obtain numerical solution of L;gc 4, @ variational
optimization method [30, 31, 33] is designed to compute
the mutual information. Specifically, The derived process
of the first term is as follows:

(i,2") pli|z!

//pzz log’gZ @ //plzlog p(‘z))

®)

where p(i,z'), p(i), and p(z') denote the joint probabil-

ity density function and the marginal probability density

functions, respectively. Since the difficulty in solving the

posterior probability distribution p(i | z!), a variational

estimate (i) of p(i) is used based on the variational infer-

ence for approximating p(i | z!). Since the KL divergence
is non-negative, having:

(()Hq()>0:>/p i) log p(i) /p )logq(i) = p(i) > q(i)

)

Now, I(I; Z!) can be rewritten as follows:
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According to the Bayesian theory p(i, z!)
I(I; Z") can be optimized as:
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Then, the Monte Carlo sampling strategy is used to approx-

imate p(z') to eliminate extraneous elements, having:

.
1(1;21)</p(i|z1)1og”(’|,z). @)
q(i)
For simplicity, considering p(i | z') as a Gaussian distribu-

tion with the mean u and variances ¢, we reparameterize
I

z! as:
2! = (i) + o (0). ®)

Next, I(I; Z') can be expressed as:
I(L;2") ~ Bo{KL[p(i | z")[lq(i)]} ©)

where 0 denotes the standard normal distribution. Similar-
ity, I(C; Z€) can be expressed as:

Ee{KL[p(c | 2)llg(c)]} (10)

For the optimization of the third term I(Z€, Z!), the
joint probability is first computed as follows:

cony_ 1¥ ¢
p(z /Z)_Z(Zzn
n=1

where bn is the batchsize number. Then, the marginal

1(C; Z2°) ~

T+ Z Zhx 25T an
probabilities of p(zC) and p(zT) are calculated to obtain
1(z€, z")

€, 2!
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2.2. Cascaded Diffusion Generation Network

Cascaded diffusion generation network aims at implement-
ing bidirectional text information transfer and generat-
ing all words simultaneously using the diffusion model
paradigm in a non-autoregressive approach, inspired by
the successful application of cascaded diffusion models
in image generation, involves stacking multiple diffusion
models in a cascade. Each diffusion model diffuses based
on the output of the previous diffusion model. Each dif-
fusion model layer takes the output of the previous layer
and semantic alignment features as input, using the seman-
tic alignment features as semantic conditions to control
the diffusion process, and passes the results of each layer
and control conditions through layer by layer. The cas-
cade structure can gradually enhance the output sentences,
achieving better visual feature guidance and language co-
herence. The expression for the cascaded diffusion process
is:

F(X:,v(t),z an Xi,y(t),2h). (13)
where N is the number of cascaded diffusion models, f;(-)
is a single diffusion model, X; is the noise sequence used
for generating text, and 7y (#') is a monotonically increasing
function from 0 to 1.

Each diffusion model is divided into two parts: the for-
ward process and the reverse process. (X;|X;_1) is the con-
ditional probability distribution of the forward diffusion
process; p(X;_1|Xt, Z") is the conditional probability distri-
bution of the reverse denoising process. Z! is the output of
the information bottleneck-driven cross-modal alignment
module, used to condition the image features for the re-
verse process as semantic information; C is the original text
sequence. The forward process is the process of gradually
adding noise, through which high-frequency noise is con-
tinuously added to transform the original data distribution
into a simple standard Gaussian distribution. The reverse
process is the process of denoising, gradually removing
high-frequency noise from the Gaussian distribution to ap-
proach the real data distribution, achieving the goal of text
generation. The diffusion model based on the Transformer
encoder-decoder structure includes a visual encoder and a
text decoder. Each encoder contains one self-attention layer
for multimodal features and one feedforward network. The
first layer of the encoder receives the multimodal features
zI aligned with the image semantics, and encodes them
as conditional semantics for transmission. The decoder in-
cludes one self-attention layer for the noise sequence, one
cross-attention layer, and one feedforward network. The
self-attention layer of the first layer of the decoder receives

the noise sequence X; = [x{,x},- -+, x},] at time step #, and
then passes through the cross-attention layer, combining
the multimodal features after encoding to control the noise
sequence, ultimately generating an image description. The

calculation for each Transformer structure is as follows:

H(Q,K, V) = Concat(hy, - - - ,h,)W°, (14)
h; = Att (QWQ KWK, QWY) (15)
Att(Q, K, V) = softmax (?/7> v, (16)
H! = ILN(zZ! + FEN(T(Z1))), 17)
T(X) = LN(X + MH(X, X, X)), (18)

O = FEN(LN(X; + MH(T(X;), H,, HY))).  (19)

where MH represents the multi-head attention layer, Att
represents the attention layer, softmax is the activation func-
tion, LN represents layer normalization, FEN represents
the feedforward neural network, Q, K, and V are all input
feature matrices, h; represents the output of the single-head
attention, WO is the linear projection parameter, We, Wk,
and WY are all attention head parameters, dy is the scaling
factor, X is the feature used as the residual connection.

The forward process is defined as a Markov chain, grad-
ually adding noise to the data X to obtain a series of in-
creasingly noisy X;, where t ranges from 0 to 1.0, represent-
ing the transition from the least noisy to the most noisy. To
alleviate the insufficient training caused by standard Gaus-
sian noise, the noise scale at each step is enhanced, and
the covariance matrix of the forward process q(X;|X;_1) is
extended from B;E to P;B;E. For any t € [0, 1], the forward
state transition from Xy to X; is calculated as:

=N (X6 V1= BiXi1, RBE) . (20)

where B; is the noise level added at time step t, P is the

q(Xe|Xe-1)

noise enhancement level, and E is the identity matrix.

The reverse process of the diffusion model is achieved
through the reverse state transition: Xt — Xr_; — --- —
Xp. This process realizes the generation of sentences re-
lated to a given image from the diffusion model based on
Transformer. The reverse process samples a series of latent
states X, and estimates Xy by iteratively removing noise
through the denoising function f at each Xr.

po(Xi—1|Xe, Z1) = N (X1 1p(Xe, £), Y (Xe, t) (1)
9

where pg() and Y 4() are the predicted mean and covari-
ance of q(X;_1|X;), respectively, and 6 represents the
model parameters.
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The training of the image description model typically
uses cross-entropy loss:

T
Lee = leg(pG(CﬁCl:T)) (22)
=
where C; is the predicted sequence value at the current
position, and Cy.7 is the target true sequence value. In the
diffusion model, training is conducted through L2 regres-
sion loss to reconstruct Xy, and denoising processing is
performed:

Lrec = Eiou(o,1),e~N(0,1) Hf (\/on +v1=7(t)e, t) - XOHZ
(23)

2.3. The overall loss function

We define the following loss L to train the proposed method
for obtaining cartoon image captioning:

L = Lipcam + ALce + YLreG (24)

Lipcam achieves accurate semantic alignment by minimiz-
ing the redundant information between cartoon and text
representations and maximizing their mutual information,
laying the foundation for generating descriptions that are
highly relevant to the image content. Lo supervises the
model’s output by measuring the difference between the
generated captions and the ground-truth captions, thereby
improving the accuracy and relevance of the generated de-
scriptions. Lrgg optimizes the denoising capability in the
training of the diffusion model, ensuring that the generated
captions are coherent and natural. The hyperparameters
A and <y control the weights of Lcg and Lggg in the over-
all loss, respectively. By adjusting them, a balance can be
achieved among semantic alignment, generation accuracy,
and denoising capability.

3. Results and discussion

3.1. Setup

Datasets and Metrics: Following previous works [14-17],
Two cartoon image captioning datasets are used as bench-
mark datasets to conduct performance comparisons of
different image captioning models. CartoonCap-9k, the
largest cartoon-focused benchmark, contains 90,00 images
spanning diverse styles, each paired with 5 creative cap-
tions describing character interactions and scene narratives.
It follows an 8k /0.5k/0.5k split for training, validation, and
testing, and includes metadata such as art styles and scene
categories to support multimodal research. ToonFables-
32k, extended from the ToonTales-8k dataset, focuses on
cartoon-specific narratives, comprising 32,000 images from

animated films and webcomics. Its annotations emphasize
unique elements like humor, magical transformations, and
anthropomorphic dialogues, with 5 captions per image in-
corporating emotional arcs and cultural references. Public
splits (29k/1k/2Kk) ensure fair benchmarking, while charac-
ter bounding boxes mitigate recognition bias for stylized
objects. Evaluation metrics use include BLEU, METEOR,
ROUGE, and CIDEr to fairly assess the quality of the gen-
erated captions.

Implementation Details. The multimodal encoder is ini-
tialized with BERT pre-trained weights, with the weights of
the cross-attention layer parameters randomly initialized.
Other training hyperparameters follow the configuration
in CLIP. During text processing, punctuation is removed,
and letters are converted to lowercase. Descriptions are
truncated to 20 words, and tokenization is performed us-
ing the SpaCy toolkit. In the word embedding process,
words in the vocabulary are mapped to a real number vec-
tor space. All input images are resized so that the maxi-
mum dimensions of the shorter and longer sides are 384
and 640, respectively. Each diffusion model’s encoder and
decoder consist of 3 Transformer layers, each containing 8
attention heads and 512 hidden states. The model is trained
for 60 epochs using cross-entropy loss and L2 loss, with the
network learning rate fixed at 0.00001.

3.2. Comparison with baselines

Baselines. The seven baselines in the toxic text detection
are used as comparison methods, including M-FEN [1],
Haav [2], PromptCap [3], CLIPScore [7], textcap [8], SCD
[9], Smallcap [10]and Evcap [11].

IBA-CD demonstrates significant performance improve-
ments over the baseline methods on both the CartoonCap-
9k and ToonFables-32k datasets, as shown in Tables 1 and
2. The advantages of our IBA-CD method can be attributed
to the following two key aspects: (1) The Information
Bottleneck-driven Cross-modal Alignment module plays a
crucial role in optimizing the semantic alignment between
cartoon images and their corresponding captions. By mini-
mizing the mutual information between the original data
and their representations while maximizing the mutual
information between the cartoon and text representations,
our method effectively eliminates redundant information
and focuses on the most relevant features. This ensures that
the generated captions are highly coherent with the visual
content of the cartoon images, leading to improved per-
formance in terms of BLEU, METEOR, and CIDEr scores.
(2) The Cascaded Diffusion Generation Network leverages
the diffusion model paradigm to generate captions in a
non-autoregressive manner. By stacking multiple diffu-
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Table 1. Comparison results on CartoonCap-9k dataset across four metrics.

Metric M-FFN Haav PromptCap CLIPScore textcap SCD  Ours
BLEU-1 65.25  65.92 71.83 75.37 7411  76.79 80.20
BLEU-4 26.11 2592 27.83 33.47 3311 3579 39.20

METEOR  15.01  21.77 23.02 23.10 2476  25.87 28.84
ROUGE 39.77 4311 47.37 50.40 53.00 51.08 56.32
CIDEr 105.8 1204 119.3 108.3 111.7  121.1 125.7

Table 2. Comparison results on ToonFables-32k dataset across four metrics.

Metric M-FFN Haav PromptCap CLIPScore textcap SCD  Ours
BLEU-1 47.77 5490 62.11 55.36 6231 6252 67.74
BLEU-4 19.85  26.05 25.82 25.74 23.77  27.63 29.31

METEOR 1725  17.88 17.28 19.36 19.84 2023 22.73
ROUGE 4580  49.67 50.24 47.08 50.79  48.84 53.52
CIDEr 55.86  57.82 56.49 58.08 6020 61.34 65.40
Table 3. Ablation study results on CartoonCap-9k dataset.
Method BLEU-1 BLEU-4 METEOR ROUGE CIDEr
w/oLipcam  76.80 37.50 27.84 54.12 120.3
w/o Lcg 78.20 38.10 28.24 54.80 122.8
w/0 Lreg 79.10 38.50 28.54 55.20 123.5
Ours 80.20 39.20 28.84 56.32 125.7
Table 4. Ablation study results on ToonFables-32k dataset.
Method BLEU-1 BLEU-4 METEOR ROUGE CIDEr
w/oLijpcapy ~ 6452 27.63 21.23 50.84 61.34
w/o Lcg 65.74 28.11 21.73 51.52 62.50
w/0o Lrec 66.24 28.53 22.23 52.12 63.80
Ours 67.74 29.31 22.73 53.52 65.40

sion models and using the output of the previous layer as
input for the next, our method gradually refines the gen-
erated captions. This cascaded structure enhances the vi-
sual feature guidance and language coherence, resulting in
more accurate and natural captions. The diffusion process,
combined with the Transformer encoder-decoder structure,
allows for efficient noise removal and high-quality text
generation, which significantly contributes to the superior
BLEU-4 and ROUGE scores compared to other baselines.

3.3. Parameter Analysis

In natural language processing tasks, the choice of hyper-
parameters significantly impacts model performance. To
gain a deeper understanding of the effects of parameters
« and B on model performance, we conducted detailed
parameter analysis experiments on the CartoonCap-9k and
ToonFables-32k datasets, as shown in Fig. 2. By comparing
the parameter analysis results on the two datasets, we find
that the optimal values of « and B differ across datasets.
This suggests that in practical applications, the choice of
hyperparameters should be adjusted according to the spe-

BLEU-1
METEOR

BLEU1

(c) ToonFables-32k (d) ToonFables-32k

Fig. 2. Parameter analysis of « and j on the
CartoonCap-90k and ToonFables-32k dataset

cific characteristics of the dataset to achieve the best model
performance. Moreover, the parameter analysis also re-
veals the adaptability of the model to different datasets,
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providing important references for subsequent model opti-

mization and improvement.

3.4. Ablation Study

To validate the contributions of the three components of our
loss function, we conducted an ablation study on both the
CartoonCap-9k and ToonFables-32k datasets. The results
are presented in Tables 3 and 4. From the results, we can
draw the following conclusions: (1) The information bot-
tleneck loss Lipcanm is crucial for achieving accurate cross-
modal alignment. When Lipcap is removed, the perfor-
mance drops significantly across all metrics. This demon-
strates that Ljpcap effectively reduces redundant informa-
tion and enhances the semantic alignment between cartoon
images and text representations. (2) The cross-entropy loss
Lcg plays a vital role in supervising the model’s output to
match the ground-truth captions. Without Lcg, the perfor-
mance of the model degrades notably. (3) The L2 regression
loss Lrgg is critical for optimizing the denoising capability
of the diffusion model. When Ly is removed, the perfor-
mance of the model also suffers. This indicates that Lrrg
significantly enhances the coherence and naturalness of the
generated captions by improving the denoising process. In
summary, each component of the loss function contributes
uniquely and importantly to the overall performance of the
IBA-CD method. The full model, which integrates all three
losses, achieves the best performance across all evaluation
metrics on both datasets. This ablation study confirms the
effectiveness and necessity of each loss component in our
proposed framework.

4. Conclusion

We propose IBA-CD, a novel framework combining in-
formation bottleneck-driven cross-modal alignment and a
cascaded diffusion network for cartoon image captioning.
It effectively aligns cartoon images with text descriptions,
enhancing semantic correlation and generating coherent
captions non-autoregressively. Our model surpasses ex-
isting methods in caption accuracy and meaningfulness,
marking a significant step forward in cross-modal gener-
ation. Future work on IBA-CD will explore expanding
its application to video captioning and multi-modal fu-
sion tasks. We also plan to test it on more diverse cartoon
datasets and optimize the model architecture for better per-
formance. Enhancing caption diversity and quality, as well
as investigating real-world uses in creative industries, are
also on our agenda.
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