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摘要

以 BERT為代表的子詞語言模型，在自然語言理解任務中表現優異，但在面

對需要字符級推理的任務時（如字符計數或字串比對），往往無法精確捕捉細微

的字符級特徵。相比之下，字符級語言模型能夠細緻地建構這類訊息，但訓練字

符級語言模型會帶來極高的運算負擔。本論文提出一套輕量化方法，將字符級視

覺特徵融合至子詞單位的向量表示中。我們將每個子詞轉換為字形序列，並透

過自編碼器 (AE)與 beta-變分自編碼器 (beta-VAE)進行視覺特徵的壓縮與表徵學

習。這些特徵經由線性映射或多層感知器 (MLP)映射至 BERT的嵌入空間，並

與原始子詞向量結合，僅需修改輸入層即可完成整合，無須調整原始模型架構。

我們將此方法應用於一項字符數預測任務，並以遮罩語言模型 (Masked Language

Modeling, MLM)的形式進行訓練與評估。實驗涵蓋 460萬筆樣本，結果顯示加入

視覺特徵後，模型表現皆優於基準模型。透過 beta-變分自編碼器所取得之特徵在

僅使用線性投影的情況下即可展現明顯效果，而透過自編碼器取得之特徵則需搭

配多層感知器才能達到最佳表現。實驗結果驗證了將額外的視覺特徵注入子詞向

量，能有效提升模型的字符推理能力，彌補子詞建模與字符細節之間的落差。本

方法使模型能以極小的計算成本，學習到字符層級的特徵表現，適用於如計數、

比對等需精細字元辨識的任務。

關鍵字：自編碼器、變分自編碼器、Beta-變分自編碼器、語言模型、模型微調、

詞嵌入、字形結構
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Abstract

Subword-based language models like BERT achieve strong performance in natu-

ral language understanding but often miss fine-grained character-level cues essential for

symbolic reasoning tasks like counting or string matching. While character-level rep-

resentations can capture these subtle patterns more effectively, incorporating them di-

rectly into large models poses significant computational challenges. This thesis presents

a lightweight framework to enrich subword token embeddings with character-level vi-

sual features. We render each token as a glyph sequence and train autoencoders or beta-

VAEs to learn compact visual representations. These features are projected into BERT＇

s embedding space via linear or MLP layers and added to the original embeddings, re-

quiring no architectural changes beyond the input layer. We evaluate this integration on a

character-counting task framed asmasked languagemodeling. Experiments on 4.6million

examples show consistent improvements over the baseline. beta-VAE-based features are

effective even with linear projections, while AE-based features benefit from non-linear

v
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mappings. Our findings indicate that augmenting subword embeddings with additional

visual features significantly improves symbolic reasoning abilities, bridging the gap be-

tween subword efficiency and character-level precision. This approach enables models to

capture fine-grained character patterns crucial for tasks like counting, without incurring

the computational costs of full character-level architectures.

Keywords: Autoencoder, Beta-VAE,Variational Autoencoder, BERT, Embeddings, Glyph

Structure, Fine-Tuning
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Chapter 1 Introduction

1.1 Background

Large language models (LLMs) such as GPT‑3 [1] and LLaMA [13] have revolu-

tionized natural language processing by demonstrating state‐of‐the‐art performance on a

wide range of tasks, from machine translation to open‐domain question answering. These

models leverage immense transformers trained on terabytes of text data to capture rich se-

mantic and syntactic patterns. However, despite their remarkable knowledge and genera-

tive capabilities, LLMs exhibit surprising brittleness on tasks that humans consider trivial.

In particular, they often produce inconsistent or incorrect results for questions that require

simple symbolic manipulation or exact character‐level reasoning, revealing a limitation in

their internal representations.

Consider, for example, prompts of the form:

“How many ｀r＇characters are in the word ｀strawberry＇?＂1

While a human can easily provide the correct answer“3＂, pretrained LLMs frequently

miscount, suggesting that the underlying tokenization and embedding mechanisms ob-

1This example comes from an online discussion of LLM failure cases: https://community.openai.
com/t/incorrect-count-of-r-characters-in-the-word-strawberry/829618

1
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scure fine‐grained character information, including the visual forms and structural details

of glyphs. Such failures are not limited to counting problems but extend to tasks such as

creating anagrams, generating palindromes, or identifying typographical errors [7], all of

which require precise knowledge of individual character identities, positions, and shapes.

One fundamental contributor to this shortfall is the widespread adoption of sub-

word tokenizers—e.g., Byte‑Pair Encoding (BPE) [5] and SentencePiece [10]—which

split words into arbitrary-length subword units. These tokenizers significantly reduce vo-

cabulary size and accelerate training; however, they obscure character boundaries and

disregard glyph structures, making it difficult to extract information at the level of indi-

vidual characters. In contrast, character-level models retain full access to character-level

signals by treating each character as a token, but they comewith prohibitive computational

costs: sequence lengths grow by an order of magnitude, and the model must learn longer‐

range dependencies from scratch.

These observations motivate the following research question:

Is it possible to augment efficient subword-based LLMs that recover or approximate

character-level information, enabling accurate character‐level reasoningwithout

the computational cost of full character-level modeling?

In this thesis, we investigate the feasibility of bridging the gap between coarse subword

embeddings and fine‐grained character reasoning by injecting additional character-level

visual features into a pre‐trained Transformer＇s embedding space. By augmenting token

embeddings with glyph structure information, we enable the model to better handle tasks

sensitive to such information.

2
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1.2 Contributions

Our main contributions are as follows:

1. A framework for enriching pre‐trained token embeddings with additional character-

level features using projection layers.

2. An experimental analysis demonstrating the effectiveness of the proposed approach,

evaluating the trade-offs between injection complexity and task performance.

1.3 Thesis Structure

The remainder of this thesis is structured as follows. Chapter 2 surveys related work

on character-level and pixel-based modeling. Chapter 3 introduces our method for learn-

ing and integrating additional features, specifically character-level features. Chapter 4

outlines the experimental setup and presents empirical results on character-level reason-

ing tasks. Chapter 5 provides a comprehensive analysis of the experimental findings and

their limitations and outlines avenues for future research.

3
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Chapter 2 Literature Review

2.1 Limitations of Subword Tokenization

Large language models (LLMs) such as BERT [3] use subword tokenization schemes

(e.g., WordPiece) to balance vocabulary size and coverage. However, subword tokeniza-

tion can obscure character boundaries, limiting the model’s ability to perform character-

sensitive tasks such as spelling correction, anagram generation, and character counting.

These tasks often require precise knowledge of character identity and position, which sub-

word models cannot directly provide.

2.2 Character and Byte-Level Modeling

One approach to address this limitation is to eliminate subword tokenization entirely.

ByT5 [14] operates purely at the byte level, demonstrating that pretrained encoder-decoder

transformers can match or surpass traditional subword-based models without relying on

a predefined vocabulary. While ByT5 offers improved robustness and generalization, its

byte-level processing results in substantially longer input sequences compared to subword

models. This leads to increased memory requirements and slower training and inference.

Furthermore, since bytes lack inherent linguistic structure, the model must learn syntactic

5
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and morphological patterns from scratch, which raises training complexity and reduces

efficiency.

CANINE [2] similarly avoids subword tokenization by operating on characters. It

introduces a hierarchical model that encodes raw character sequences into token-like rep-

resentations using downsampling. CANINE achieves performance comparable to BERT

on many tasks while retaining character-level robustness, especially in noisy or multi-

lingual settings. However, despite the downsampling mechanism, CANINE still suffers

from significant computational overhead due to the inherently longer character sequences

compared to subword tokens. The quadratic attention complexity in transformers becomes

particularly problematic when processing character-level inputs, leading to substantially

higher memory consumption and training time compared to subword-based models.

2.3 Character-Level Enhancements for Chinese NLP

For Chinese NLP, where characters encode rich visual and phonetic information,

ChineseBERT [11] enhances a character-level Transformer model by injecting glyph and

pinyin embeddings into the input layer. Each Chinese character is rendered as multiple

font images, from which glyph embeddings are extracted via a CNN or FC layer. Sim-

ilarly, pinyin sequences are encoded using a CNN to capture phonetic features. These

additional features are concatenated with character embeddings to form a fused input. As

a purely character-level model, ChineseBERT demonstrates strong performance across

tasks, highlighting the value of incorporating intra-character structure. However, the ad-

ditional glyph feature remains restricted to character-level modeling and fixed-resolution

visual input.

6

http://dx.doi.org/10.6342/NTU202503286


doi:10.6342/NTU202503286

2.4 Vision-Based Text Modeling

Recent advances have explored a paradigm-shifting approach by processing text as

visual renderings. Pixel [12] proposes to bypass tokenization altogether by converting

entire text sequences into grayscale images and processing them with Vision Transformer

(ViT) [4]. Each input sentence is rendered into a 2D pixel grid, allowing the model to

capture visual and spatial patterns across character sequences. Despite having no textual

embeddings or token boundaries, Pixel achieves competitive performance with BERT on

several NLP benchmarks and demonstrates strong robustness to misspellings.

2.5 Technical Challenges and Research Motivation

Current approaches to character-aware language modeling present fundamental lim-

itations that constrain their practical adoption:

1. Models such as ByT5 and CANINE completely abandon subword tokenization in

favor of byte or character-level inputs. While this allows fine-grained modeling,

it results in significantly higher computational costs due to longer input sequences

and lack of vocabulary compression.

2. ChineseBERT enriches Chinese character representations with glyph and pinyin

information, but operates strictly at the character level and assumes fixed-length

Chinese input. It is not compatible with subword tokenization used in multilingual

or English-oriented models, limiting its general applicability.

3. PIXEL renders entire text sequences as images and processes them via vision trans-

7
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formers. Although conceptually innovative, the approach diverges from standard

NLP architectures and involves considerable computational cost, posing challenges

for large-scale or real-time use.

In contrast, our work introduces additional character-level visual features derived

from rendered character sequences, effectively bridging the gap between subword em-

beddings and fine-grained character-level reasoning. Experimental results on a character-

counting task demonstrate the effectiveness of the proposed approach.

8
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Chapter 3 Methodology

In this section, we describe the overall architecture of our proposed method, which

aims to enrich subword-based large language models (LLMs) with additional character-

level features extracted from their subword tokens. The core idea is to encode each sub-

word token’s character sequence using an autoencoder (AE) [15] or variational autoen-

coder (VAE) [9], producing a fixed-length vector that captures character-level patterns.

These additional features are then integrated into the LLM＇s existing embeddings, aug-

menting them with finer-grained character-level information to improve performance on

downstream tasks.

We begin by briefly reviewing autoencoders and variational autoencoders, empha-

sizing their differences and their role in learning compact feature representations. We

then describe how these features are injected into the LLM＇s embedding layer, and intro-

duce two integration strategies inspired by neural projection techniques. Finally, we detail

which components are fine-tuned during training and explain how our method maintains

full compatibility with existing pretrained embeddings and model checkpoints.

9
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3.1 Autoencoders

Autoencoders (AEs) are a class of neural networks designed to learn an efficient

encoding of input data by compressing and reconstructing it in an unsupervised manner.

Formally, let X ⊆ Rd denote the input space, and let Z ⊆ Rk denote the latent space,

where typically k ≪ d.

An autoencoder consists of two components:

an encoder Eϕ : X → Z , parameterized by ϕ, which maps an input vector x ∈ X to

a latent code z = Eϕ(x) ∈ Z , and

a decoder Dθ : Z → X , parameterized by θ, which reconstructs the input as x̂ =

Dθ(z) = Dθ(Eϕ(x)).

The parameters ϕ and θ are learned byminimizing a reconstruction loss over a dataset

{x1, x2, . . . , xN}:

LAE(ϕ, θ) =
1

N

N∑
i=1

ℓ (xi, Dθ(Eϕ(xi))) (3.1)

where ℓ : X × X → R is a loss function such as the mean squared error (MSE) or

cross-entropy, depending on the nature of the data.

The encoder Eϕ maps each input x ∈ X to a lower-dimensional encoding z =

Eϕ(x) ∈ Z that preserves the information necessary for reconstruction. The decoder

Dθ then attempts to recover the original input from the encoding, i.e., x̂ = Dθ(z) (see

Fig. 3.1 for an overview of the architecture). This encoding–decoding framework al-

10
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lows the model to learn compressive mappings of the input data and is widely used for

dimensionality reduction.

A key limitation of standard autoencoder is that the encoding spaceZ is learned with-

out any imposed structure. As a result, the encodings may be irregularly distributed and

difficult to interpret. This lack of organization in Z can hinder tasks that require structure

in the encoded features—such as smooth interpolation, feature disentanglement, or con-

trolled generation—thus limiting the generalization ability of the model in downstream

applications.

Figure 3.1: Illustration of a standard autoencoder architecture.

3.2 Variational Autoencoders

To address the unstructured encoding space of standard autoencoders, Variational

Autoencoders(VAEs) [9] introduce a probabilistic formulation that enables both encoding

and generation, while imposing a prior-driven structure on the learned encoding space Z .

11
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Instead of mapping each input x ∈ X deterministically to a point in the encoding

space, VAEs encode x as a distribution over latent codes z ∈ Z ⊆ Rk. Specifically, the

encoder defines a variational posterior:

qϕ(z | x) = N
(
z;µϕ(x), diag(σ2

ϕ(x))
)

(3.2)

where both the meanµϕ(x) and standard deviationσϕ(x) are learned functions of the

input. This stochastic encoding mechanism not only captures uncertainty, but also allows

the model to regulate the geometry of the encoding space via the posterior＇s shape.

To impose structure on Z , VAEs assume a fixed prior distribution p(z) = N (0, I).

By minimizing the Kullback–Leibler (KL) divergence between the learned encoding dis-

tribution qϕ(z | x) and this prior, the model encourages the encodings to lie in a continu-

ous, smooth, and compact region of Z . Given a sampled latent code z from the encoder

qϕ(z | x), the decoder then reconstructs the input through the likelihood pθ(x | z), enabling

end-to-end learning of both representation and reconstruction.

Compared to standard autoencoders, where encodings can be arbitrarily scattered or

sparse, VAEs explicitly shape the encoding space to support generalization. For instance,

nearby points in Z tend to decode to similar data, and interpolations between encodings

yield smooth transitions in data space. Such geometric regularity makes the encoding

space more interpretable and better suited for downstream tasks like clustering, disentan-

glement, or controlled generation.

The training goal of VAE is to maximize the log marginal likelihood log pθ(x) under
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the generative model:

log pθ(x) = log
∫

pθ(x | z)p(z) dz (3.3)

As this quantity is intractable, variational autoencoders (VAEs)maximize a tractable lower

bound, known as the evidence lower bound (ELBO):

ELBO(ϕ, θ; x) = Eqϕ(z|x) [log pθ(x | z)]︸ ︷︷ ︸
reconstruction

−KL (qϕ(z | x) ∥ p(z))︸ ︷︷ ︸
regularization

(3.4)

which is maximized during training. The first term encourages the decoder to faith-

fully reconstruct the input, while the second term ensures that the learned encodings qϕ(z |

x) stay close to the prior p(z). This regularization constrains the encoding space to be con-

tinuous, smooth, and densely populated, which are essential properties for effective gen-

eralization and structured representation learning. In practice, we minimize the negative

ELBO, which defines the VAE loss:

LVAE(ϕ, θ; x) = −ELBO(ϕ, θ; x) = KL (qϕ(z | x) ∥ p(z))− Eqϕ(z|x) [log pθ(x | z)] (3.5)

Figure 3.2: Illustration of a standard variational autoencoder architecture.

To further encourage structured representations in the encoding space, the β-VAE [8]
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introduces a tunable hyperparameter β that scales the KL term:

Lβ-VAE = −Eqϕ(z|x)[log pθ(x | z)] + β ·DKL(qϕ(z | x) ∥ p(z)) (3.6)

A larger β enforces stronger alignment between the posterior and the prior, which

can improve the organization of the encoding space but may reduce reconstruction qual-

ity. Despite this trade-off, β-VAE and related variants have been shown to yield more

interpretable and robust representations.

In our work, we leverage these models to encode each subword token into a low-

dimensional vector that captures character-level information. These vectors serve as ad-

ditional features that are injected into the embedding space of a large language model,

with the goal of improving its performance on downstream tasks, especially those requir-

ing sensitivity to character-level patterns such as spelling or character frequency.

3.3 InjectingAdditional Character-Level Features intoEm-

beddings

Once character-level features are learned using an autoencoder or β-VAE, the next

step is to integrate them into a language model to enhance the embeddings of subword

tokens.

In an ideal scenario, one could train a large language model from scratch with an

augmented embeddings that incorporate character-level features. Such a setup would pro-

vide a valuable opportunity to study the role of additional feature throughout the entire

training process. However, training LLMs from scratch requires massive computational
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resources, making this approach impractical for most research settings.

Instead, we adopt a more feasible strategy by injecting character-level features into

the embedding space of pretrained models. Specifically, we augment the original token

embeddings with additional features using projection layers.

To ensure compatibility with the pretrained model architecture, the injected features

must be projected to match the original embedding dimension n. We therefore project

the learned character-level feature vector (of dimension d) into the same embedding space

before combining it with the original token embedding via vector addition. This results in

an augmented embeddings that retains the positional and semantic context of the original

token embedding, while incorporating additional character-level features.

We consider two projection strategies for integrating character-level features into the

token embedding space, as illustrated in Figure 3.3:

• Linear Projection (Shallow Injection): This method applies a single linear layer

to project the d-dimensional character-level vector into the n-dimensional token

embedding space. It is computationally efficient and simple to implement, but may

have limited capacity to model complex interactions between sub-token structure

and token semantics.

• MLP-basedProjection (Deep Injection): This variant replaces the projection block

with a multi-layer perceptron (MLP), enabling nonlinear mappings from character-

level features to token embeddings. The added depth and activation functions allow

the model to capture richer patterns, potentially benefiting tasks requiring more nu-

anced sub-token reasoning.
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Figure 3.3: Overview of character-level feature injection into a pretrained LLM. For each
subword token, a character-level additional feature is derived using an external encoder
(e.g., autoencoder or β-VAE), then projected and added element-wise to the original token
embedding. The augmented embeddings are passed through the frozen LLM for down-
stream fine-tuning.
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In both cases, the projected vector is added element-wise to the original token em-

bedding to form the final augmented embedding. During fine-tuning, we update the aug-

mented embedding layer and the task-specific classification head, while keeping the rest

of the LLM frozen to reduce computational cost.
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Chapter 4 Experiments

4.1 Overview and Motivation

Building on the character-level additional features introduced in Chapter 3, this chap-

ter explores how to integrate these features into the BERT architecture to enrich its to-

ken embeddings. While BERT’s token embeddings are highly effective at capturing se-

mantic and syntactic patterns from large-scale text corpora, they do not explicitly encode

character-level visual information, even though such information can be crucial in lan-

guages with complex scripts or visually distinctive characters.

As outlined in Section 3.3, we consider two projection-based strategies for injecting

character-level visual features into BERT＇s token embeddings. These methods differ

in expressiveness, ranging from a simple linear projection to a more expressive multi-

layer perceptron (MLP), but they share the same core idea: fusing additional character-

level visual features with BERT’s pre-trained token embeddings via vector addition. This

allows the model to incorporate both pre-trained semantic knowledge and character-level

visual structure with minimal architectural modifications.

Experimental Environment All experiments were conducted on a computing server

equipped with one-eighth allocation of an NVIDIA A100-SXM4-40GB GPU. The soft-
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ware environment was configured with Python 3.10, CUDA 12.6, and PyTorch 2.6.0. To

improve training efficiency and reduce GPU memory consumption, automatic mixed pre-

cision (AMP) was employed.

The following section outlines the construction of character-level visual features from

glyph images, beginning with the dataset and preprocessing setup.

4.2 BuildingCharacter-Level Visual Features for Subword

Tokens

To enrich subword embeddings with visual information, we aim to learn compact

visual features that capture the glyph-level structure of their constituent characters. This

is achieved by training convolutional autoencoders and β-VAEs on synthetic sequences of

character images, allowing the model to compress a sequence of glyphs into a fixed-size

visual feature vector.

4.2.1 Dataset and Preprocessing

The training data consists of synthetic sequences of Unicode characters rendered as

grayscale images. To ensure broad coverage across scripts and writing systems, we sample

characters from the Unicode range U+0020 to U+2FFFF, which includes Latin, Chinese,

Japanese, Korean, and many others. This range covers a total of 196,576 unique charac-

ters. Each character is rendered as a 64 × 64 grayscale image using fonts from the Noto

Sans family [6], which was chosen for its wide Unicode coverage and consistent visual

style across scripts.
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However, due to the limitation that a single font file can contain at most 65,535

glyphs, a single font is insufficient to cover the entire set. To ensure that every char-

acter in our training set has a corresponding glyph, we combined 19 font files from the

Noto Sans family, achieving complete coverage of the 196,576 characters. A full list of

the fonts used is provided in Appendix A.0.2.

With full glyph coverage ensured, we proceed to construct the training samples.

Rather than using real subword tokens tied to a specific tokenizer, we construct synthetic

samples by randomly selecting sequences of 18 characters from the Unicode set. This

design decouples the visual representation from any particular vocabulary and makes it

easier to generalize across different tokenization schemes. Each sample forms a tensor

of shape (18, 64, 64), simulating a subword-like unit composed of multiple glyphs. Fig-

ure 4.1 shows an example of such a sequence.

Figure 4.1: Example of a synthetic character sequence used for training the AE/β-VAE
models. The sequence consists of 18 randomly sampled Unicode characters, including
symbols from multiple scripts.

With this synthetic dataset, we now train autoencoder-based models to learn compact

visual features of subword-like character sequences.

4.2.2 Visual Autoencoder and β-VAE Architecture

To extract compact visual features from character image sequences, we train convo-

lutional autoencoders and β-VAEs on synthetic grayscale character sequences. We treat

the entire input as a sequence of visual units and aim to learn a compact character-level

feature suitable for downstream tasks.
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Figure 4.2 shows the architecture of the convolutional autoencoder. The encoder con-

sists of four convolutional blocks, each reducing the spatial resolution by a factor of two.

Each character is encoded into a 128-dimensional feature vector. These 18 feature vec-

tors are concatenated and then projected down to a single 128-dimensional feature, which

serves as the learned visual representation of the input character sequence. The decoder

mirrors the encoder using transposed convolutions to reconstruct the original character

sequence. This means that an input originally represented as a 18 × 64 × 64 = 73,728-

dimensional image tensor is ultimately compressed into a 128-dimensional feature, re-

flecting a substantial reduction in dimensionality while aiming to retain core visual char-

acteristics.

To enable structured latent representation learning, we further extend the autoencoder

into a variational version (β-VAE), as shown in Figure 4.3. The encoder follows the same

architecture as the AE but learns both the mean and log-variance of a latent Gaussian dis-

tribution. A sampled 128-dimensional latent vector is obtained via the reparameterization

trick. The decoder is identical to theAE＇s, reconstructing the full character image sequence

from this feature embedding. The KL divergence term is scaled by a β hyperparameter to

control the weight.

Once training is complete, we construct a visual feature lookup table by encoding the

character sequence of each subword token in the BERT vocabulary using the encoder of

the trained autoencoder or β-VAE. As illustrated in Figure 4.4, we enumerate all subword

tokens from the BERT tokenizer and render each as a sequence of glyph images using the

Noto Sans Regular font. Each sequence is padded to a fixed length of 18 characters to

match the encoder＇s input shape; this length is sufficient to cover the longest token in

the BERT vocabulary. The encoder then maps each glyph sequence to a 128-dimensional
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Figure 4.2: Architecture of the autoencoder. Orange denotes the input character image
sequence; red indicates the learned character-level visual feature z; blue denotes the re-
constructed output. Here, B denotes the batch size.
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Figure 4.3: Architecture of the β-VAE. Orange denotes the input character image se-
quence; red indicates the mean µ from the encoder; grey indicates the sampled latent
embedding z ; blue denotes the reconstructed output. The sampled feature is obtained via
the reparameterization trick. Here, B denotes the batch size.
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visual feature, which is cached into a lookup table for fast retrieval during downstream

task.

Figure 4.4: Pipeline for constructing the visual feature lookup table. The left side shows
the offline preprocessing steps, while the right side illustrates an example token being
rendered into a sequence of character images (padded to length 18) and mapped to a 128-
dimensional feature. Example numeric values are illustrative only and do not represent
actual features.

To visualize the reconstruction ability of different latent-variable models, we com-

pare reconstruction results across several trained models, including a standard autoen-

coder and multiple VAEs with varying β values. As shown in Figure 4.5, the top row

shows ground truth input sequences, while subsequent rows depict reconstructions from

different models. This qualitative comparison illustrates the trade-off between the recon-

struction error and the KL divergence term in the loss function as β increases.

4.3 Integrating Visual Embeddings into BERT

We now integrate the learned 128-dimensional visual features into BERT for down-

stream tasks. Each token in BERT＇s vocabulary has an original 768-dimensional embed-

ding from the pre-trained embedding layer. To incorporate character-level visual informa-
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Figure 4.5: The top row shows the original input. The rows below display reconstructions
from an Autoencoder (AE) and different β-VAEmodels (with varying β parameters). The
feature’s dimension for all models is set to 128.
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tion, we project the 128-dimensional visual feature to 768 dimensions using the projection

architectures described in Section 3.3 (see also Figure 3.3). The projected features are

then added to the original token embeddings via element-wise addition, enriching BERT＇

s token embeddings with character-level visual features while preserving its pre-trained

semantic representations. The overall integration process is illustrated in Figure 4.6.

Figure 4.6: Comparison of three architectures: (a) baseline BERT, (b) linear projection,
and (c) MLP-based projection for integrating character-level visual features. Visual fea-
tures are projected to match BERT＇s embedding dimension and fused via addition at the
input layer. Red boxes indicate components updated during fine-tuning, while the rest of
the model remains frozen.
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4.4 Evaluating Visual Integration on Fine-grained Token

Tasks

To evaluate the usefulness of the integrated visual features, we formulate a character-

counting classification task as a downstream fine-tuning objective for BERT. Specifically,

the model is trained to predict how many times a specific character appears in a given

word, cast as a masked language modeling problem.

4.4.1 Real English Word Counting

Data Source. We construct the dataset from the SCOWL (Spell Checker OrientedWord

Lists) and Friends database,1 yielding a vocabulary of 614,557 English words. For each

word, we generate prompts of the form:

There are [MASK] <char> in <word>.

The model is trained to predict the number of times the target character occurs in the

word, using the [MASK] position as a classification label. For example, given the word

apple and the target character p, the prompt becomes:

There are [MASK] p in apple.

In this case, the correct label is 2, since the character p appears twice.

In total, this procedure produces 4,645,756 questions. We visualize the distribution

of letter frequencies in Figure 4.7, which shows that most questions have answers in the
1http://wordlist.aspell.net/
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range of 1, 2, or 3. For simplicity, we exclude questions where the target character appears

more than 10 times in the word.

Figure 4.7: Distribution of character counts per word in the dataset.

Fine-tuning Procedure. As shown earlier, we update only a small subset of parameters

during fine-tuning: the BERT token embeddings, visual feature projection layers, and a

new classification head. The rest of the BERT encoder remains frozen. The classifier

projects the hidden representation at the [MASK] position to logits over counts 1–10, opti-

mized with cross-entropy loss.

Comparative Evaluation We compare the baseline BERT model against variants inte-

grated with visual embeddings from two generative models:

• Autoencoder (AE)

• Beta-VAE (β = 10−6)

The choice of a very small β is intended to prioritize reconstruction quality, so that the
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visual features effectively capture the overall shape of the character sequence. These fea-

tures are then injected into BERT via either a linear or MLP-based projection layer, as

discussed below.

Results. Figure 4.8 and Figure 4.9 summarize the test loss and accuracy across training

epochs. Results averaged over 10 random seeds show:

• Using AE-Based Visual Features: MLP projection substantially improves over

the baseline, while linear projection struggles-suggesting AE embeddings need non-

linear mapping.

• Using β-VAE-Based Visual Features: Both projection types outperform baseline,

benefiting from VAE＇s structured latent space. MLP projection further improves

performance.

These results confirm that integrating structured visual features can enhance character-

level reasoning in language models, especially when paired with an expressive projection

mechanism.
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Figure 4.8: Test loss curves during fine-tuning for baseline and visual feature variants
(AE, β-VAE) using linear and MLP projections. Results are averaged over 10 seeds.

Figure 4.9: Test accuracy curves during fine-tuning for baseline and visual feature variants
(AE, β-VAE) using linear and MLP projections. Results are averaged over 10 seeds.
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Statistical Comparison. We conducted paired t tests on 10 random seeds to assess the

significance of the accuracy differences between each projection method and the BERT-

only baseline. Results from both the β-VAE and standard autoencoder (AE) variants are

summarized in Table 4.1.

For the β-VAE setting, both the Linear andMLP projections significantly outperform

the baseline (p < 0.0001). In the AE setting, the MLP projection also achieves signifi-

cant improvement (p < 0.0001), while the Linear projection unexpectedly leads to worse

accuracy (p < 0.0001). Detailed per-seed accuracies and test statistics are provided in

Appendix 5.4.

Table 4.1: Paired t-test results vs. baseline across 10 seeds. “↑＂means improvement,
“↓＂means decrease in accuracy.

Visual Feature Comparison t statistic p-value Effect

β-VAE-based Linear vs. Baseline -6.087 1.8× 10−4 ↑ significant
β-VAE-based MLP vs. Baseline -15.402 < 10−6 ↑ significant
AE-based Linear vs. Baseline 9.807 < 10−6 ↓ significant
AE-based MLP vs. Baseline -10.978 < 10−6 ↑ significant
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Chapter 5 Conclusion and Discussion

5.1 Discussion and Limitations

Our comparative analysis of AE and VAE integrations reveals several key insights:

5.1.1 Representation Quality and Structural Feature Space

• Autoencoder (AE): Prioritizing reconstruction fidelity, AE-based visual features

capture detailed visual patterns of character sequences but may bundle diverse vi-

sual factors (e.g., stroke orientation, curvature) into shared dimensions. Conse-

quently, a non-linear MLP projection is needed to disentangle task-relevant aspects

from the richer AE feature space, and linear mappings alone can sometimes degrade

downstream accuracy.

• β-Variational Autoencoder (β-VAE): The structured feature space encouraged by

KL-divergence regularization in the VAE seems to yield features that lend them-

selves more naturally to downstream use, possibly by organizing visual features in

a more consistent manner. This structural regularity reduces the reliance on com-

plex projection networks—linear mappings suffice to extract meaningful signals—

resulting in robust task improvements even with shallow injection architectures.
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5.1.2 Computational and Practical Constraints

Our offline preprocessing requires rendering and encoding every token in the vocab-

ulary, which scales linearly with vocabulary size but remains feasible for typical subword

vocabularies (e.g., BERT’s 30K tokens).

In terms of model size, we compare three variants used in the experiment. The ad-

ditional components introduce only a minor increase in the number of trainable and total

parameters.

For the linear projection variant, the number of trainable parameters increased by

approximately 0.4%, and the total parameter count increased by about 0.1%.

For theMLP variant, the increase was slightly larger, with trainable parameters grow-

ing by 1.4% and total parameters by 0.3%.

In both cases, the increases in trainable parameters remain well under 2% and the

increases in total parameters remain under 0.3%, suggesting that the additional capac-

ity is negligible in practice. Given the potential gains in character-aware representation

learning, we consider our approach a lightweight extension to standard transformer-based

architectures.

5.2 Future Work

Building on these findings, several avenues remain to be explored:

1. Data Diversity: Extend the visual feature pipeline to multiple fonts and styles

(italic, bold) to assess robustness across typographic variations.
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2. Model Scale and Architecture: Evaluate the injection framework on larger trans-

former models (e.g., GPT-3, LLaMA) and on subword vocabularies derived from

BPE or SentencePiece. This could reveal how character-level features interact with

scale and tokenization schemes.

3. Semantic Preservation: Measure the impact of visual feature injection on models＇

original semantic capabilities (e.g., GLUE benchmarks) to quantify any trade-offs

between fine-grained reasoning and general language understanding.

4. Task Generalization: Explore other character-sensitive tasks beyond counting,

such as anagram generation, palindrome recognition, or typographical error cor-

rection, to test the generality of the additional feature injection.

5.3 Conclusion

In this thesis, we proposed a novel framework for enriching pre-trained subword-

based languagemodels with compact character-level visual features. By training lightweight

autoencoders and β on rendered character sequences and injecting their visual features into

a frozen BERT model via linear and MLP projection layers, we demonstrated that:

• Character-Level Injection Improves Counting Accuracy: Both AE and β-VAE-

based features significantly improvedBERT’s performance on a fine-grained character-

counting classification task compared to the baseline.

• ProjectionComplexityMatters: MLP-based projection consistently outperformed

simple linear mapping for AE-based features, indicating that non-linear transforma-

tions better capture complex relationships between visual and semantic spaces.
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• Structured Feature Spaces Help: Even a shallow linear projection of β-VAE-

based features delivered gains, suggesting that the structured feature space resulting

from the β-VAE’s KL-divergence regularization yields features that better reflect

consistent visual patterns useful for downstream tasks.

Overall, the results support the hypothesis that subword token embeddings can be ef-

fectively augmented with additional visual features to enhance character-sensitive reason-

ing without incurring the full computational cost of pure character- or pixel-level models.

5.4 Overall Reflection

This work demonstrates the promise of lightweight, hybrid subword–character mod-

eling, showing that a modest injection of visual features can materially enhance fine-

grained text reasoning. While several practical and theoretical questions remain open,

the proposed framework offers a flexible foundation for future research at the intersection

of vision and language modeling.
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Appendix A — Detailed Results and

Statistical Tests

A.0.1 Per-seed Evaluation Accuracy (β-VAE)

Table A.1: Evaluation accuracy across 10 random seeds for β-VAE variants.

Seed Baseline Linear MLP

0 0.9749 0.9833 0.9901
1 0.9766 0.9778 0.9902
2 0.9739 0.9832 0.9911
3 0.9669 0.9878 0.9917
4 0.9711 0.9878 0.9908
5 0.9642 0.9858 0.9897
6 0.9714 0.9887 0.9911
7 0.9746 0.9800 0.9914
8 0.9722 0.9868 0.9899
9 0.9722 0.9856 0.9896

A.0.2 Per-seed Evaluation Accuracy (AE)
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Table A.2: Evaluation accuracy across 10 random seeds for AE variants.

Seed Baseline Linear MLP

0 0.9749 0.9607 0.9862
1 0.9766 0.7837 0.9836
2 0.9739 0.7834 0.9880
3 0.9711 0.7817 0.9905
4 0.9711 0.7831 0.9884
5 0.9711 0.7832 0.9904
6 0.9714 0.7835 0.9896
7 0.9746 0.7842 0.9883
8 0.9722 0.7842 0.9825
9 0.9722 0.7828 0.9902
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Appendix B — List of Font Files

Utilized in Glyph Rendering

• Noto_Sans_CJK_Regular.otf

• NotoSans_Condensed-Regular.ttf

• NotoSans_ExtraCondensed-Regular.ttf

• NotoSans_SemiCondensed-Regular.ttf

• NotoSans-Regular.ttf

• NotoSansArabic-Regular.ttf

• NotoSansArmenian-Regular.ttf

• NotoSansBengali-Regular.ttf

• NotoSansGeorgian-Regular.ttf

• NotoSansHebrew-Regular.ttf

• NotoSansJP-Regular.ttf

• NotoSansKannada-Regular.ttf

• NotoSansKR-Regular.ttf
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• NotoSansMath-Regular.ttf

• NotoSansMyanmar-Regular.ttf

• NotoSansSinhala-Regular.ttf

• NotoSansTamil-Regular.ttf

• NotoSansThai-Regular.ttf

• NotoSerifTibetan-Regular.ttf
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