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Abstract—Image textual transforms can be much smaller than
JPEGs with comparable degrees of semantic similarity to the
original image. Using human semantic satisfaction scores, we
demonstrate that the highest-performing textual transforms are
often rated similar to JPEGs at both lower (80% by size)
and higher (90% by size) degrees of compression, though the
captions are orders of magnitude smaller than the smallest
JPEG. AI-based captioners are competitive with humans in
textual transform rate-semantic distortion tradeoffs. We compare
human captions to those of two AI models (BLIP and GPT-4),
accounting for human perceptions of specific semantic content
and affect elements in the original and reconstructed images.
GPT-4 captions are shorter on average than human captions,
and also capture similar semantic elements and achieve similar
semantic fidelity to the original image. Our results recommend
textual transforms as a semantic compression method with better
rate-semantic distortion performance than traditional methods.
We look forward to specialized semantic loss functions to optimize
end-to-end image captioning and reconstruction models.

I. INTRODUCTION

Image compression succinctly represents the information
contained in images for efficient storage and transmission.
Lossless compression devises invertible encodings preserving
all of this information, while lossy compression strives to
retain the information needed by the user of the decompressed
image.

We consider the information in an image to consist of
"visual" and "semantic" information. Visual information, such
as the position, hue, or intensity of each pixel, is denotative.
Semantic information is connotative: it emerges from the
relative positions of the pixels, by which they accumulate into
identifiable elements.

The Joint Photographic Experts Group (JPEG) standard
[1] is a lossy image compression algorithm which excises a
subset of the visual information (such as color frequencies
and sharp hue or intensity transitions) through frequency-
domain quantization. At higher resolutions, JPEGs mainly
excise visually imperceptible information and are practically
indistinguishable from much larger raw images.

Image captioning is a textual transform which preserves
different details of image content and affect at different reso-
lutions [2]. Bhown et al. have demonstrated that humans can
recreate the content of images by following another person’s
written instructions [3], [4]. We regard these instructions as an
image caption in exhaustive detail, affirming the hypothesis

that a sufficiently advanced textual transform of an image
can store a basis set of its semantic content and affective
qualities, from which a semantically equivalent image can be
reconstructed.

Our investigation seeks to demonstrate the usefulness and
feasibility of automated and optimized textual transform com-
pression schemes for extremely low-rate use and transmission
of semantically equivalent images. To motivate their automa-
tion and optimization, we address the following questions:

1) Can images recreated from textual transforms be viable
alternatives to JPEGs in terms of their semantic similar-
ity to the original image?

2) Can images recreated from AI-generated captions pro-
vide an alternative to those based on human captions in
terms of their semantic similarity to the original image?

By answering these questions, we wish to verify that tex-
tual transforms can truly provide similar levels of semantic
distortion to the current lossy standard, and at massively
lower rates. We also wish to determine whether current AI
captioning capabilities can supplant human effort for practical
use of textual transforms in compression. In the process, we
aim to identify those elements of content and affect which
contribute to varying degrees of human satisfaction regarding
the semantic similarity of original and reconstructed images.
This is intended to inform the training of end-to-end AI image
captioning and reconstruction pipelines for efficient textual
transform compression.

II. RELATED WORK

In the context of image compression, textual transforms
require an image-to-text (captioning) and text-to-image (recon-
struction) pipeline. Since we are interested in the potential for
high-performing textual transforms using AI image captioning
and reconstruction, we review the related frameworks:

A. Image captioning.

Novel image-to-text methods are often grounded in deep
learning, which helps manage the complexity of harmonizing
image content with text syntax and semantics. Unsupervised
attempts [5], [6] reduce the cost of sourcing image-sentence
datasets and make the caption length and content more flexible.



However, much research continues in supervised deep learn-
ing captioners, including those explicitly trained to consider
semantic content [7], [8].

Instead of these more semantically specialized models, we
choose Bootstrapping Language-Image Pre-training (BLIP) [9]
and Generative Pre-Trained Transformer 4 (GPT-4) [10] as our
captioners in this paper. A simple justification is that the two
methods work at very different resolutions; BLIP captions are
much less detailed (see Fig. 2 as a reconstruction of Fig. 1),
while GPT-4 captions are often as complete as human ones and
permit reconstructions that reflect this completeness (see Fig.
3). Section IV (Methods) provides further explanation of this
choice, and of the functioning principles in BLIP and GPT-4.

B. Image reconstruction.
Many recent text-to-image tools are founded on Contrastive

Language-Image Pre-training (CLIP) [11], which learns text
and image embeddings in a joint space. These embeddings
can be leveraged by various methods to transfer textual into
visual semantics. Such methods include generative adversarial
networks (GAN) [12], [13] and diffusion models [14], [15].
DALL-E 2 [16] is a prime example of a successful CLIP-
diffusion pairing.

Transformers have opened up new possibilities for image
generation [17], sometimes in combination with diffusion
techniques [18] and, at times, also with CLIP [19]. Although
some of these advances report greater success than DALL-
E 2, we prefer to use DALL-E as our reconstruction method
because of its accessibility and popularity, and because of its
continuity with GPT-4 (another OpenAI product).

C. Semantic information.
Definitions of semantic information have ranged over the

past decades from logical-foundational [20], [21], [22] to
practical or task-oriented [23], [24], [25]. However, none of
these definitions have been accepted as canonical. In the
absence of such a unified measure of semantic information, we
find sufficient a general description of how semantic content
emerges from technical content, separating semantic from
visual information without quantifying semantic information
along the compression pipeline.

Our definition distinguishes the technical content of the im-
age (visual information) from the conceptual content (semantic
information). Conceptual content is emergent from technical
content; a picture of a table is made up of its pixels, and does
not exist without them. In this paper, the word content will
exclusively reference conceptual content. Technical content
will henceforth be referred to only as visual information for
clarity. The effect on the viewer of these concepts and their
interactions will be referred to as affect.

D. Semantic similarity.
Semantic similarity measures can operate inter- or in-

tramodally [26], [27], comparing concept or token embeddings
[28], taxonomies [29], or image contexts [30], among other
methods. Semantic similarity (or distortion) measures there-
fore suffer from the same multiplicity of definition as semantic

information, leaving room for fundamentalist interpretations
such as ours. We use human perceptions of the closeness of
two images in their content and affect as our main indication
of semantic similarity, as well as our basis for a finer decompo-
sition of the elements that constitute content and affect. This
is based on the concept of perceptual distortion [31] which
in a non-semantic context is the foundation of many lossy
compression schemes [32], [33] - including JPEG [34], [35],
[36].

E. Semantic compression.

Finally, we consider alternative semantic image compression
methods. Image captions can be combined with useful side in-
formation, such as the "compressed spatial conditioning map"
in [37], to more exactly preserve semantic features like object
or element arrangement and orientation. It has been proposed
that images can be preserved as cascading hierarchical repre-
sentations of extracted semantic features [38]. Deep learning
has also been integrated into semantic compression, facilitating
end-to-end training of semantic compression pipelines where
the intermediate representation is not textual, but rather a
semantic feature coding or embedding [39], [40], [41].

III. METHODS

We choose three images from five different categories to
investigate the following content questions:

1) One central object. Can captions preserve the per-
ceived centrality of an object (its obvious and superior
importance to the viewer’s understanding of the image
compared to any other object in its surroundings)?

2) Multiple scattered objects. Does the caption create
false centrality for any object?

3) One single person. What features of a human face and
body does the caption communicate?

4) Group of people. Can the caption convey tone and
geometry in the relations between people?

5) Landscape. Can the caption represent a distant and
general environment without any central objects?

All chosen images are presented in our Github repository
(https://github.com/lara-arikan/textualtransform24), sorted by
category. We compress each image to .jpegs at lower (reduc-
ing filesize by 90%) and higher (reducing filesize by 80%)
operating points, and caption it using three methods:

1) Human captioning. The human writes a sentence in-
cluding these ordered elements if relevant:

a) central or foreground objects with attributes (color,
shape, appearance, expressions, disposition)

b) geometry of central or foreground objects (side by
side, in a group...)

c) action with attributes of central or foreground
objects (standing stiffly, staring sweetly...)

d) immediate context (by a table, on a road, on a
bench, at a counter...)

e) background context (in a forest, in a schoolyard,
in a train station...)




