
Predicting semantic consistency between images
and Korean hashtags on Instagram
Jiyoon Oh 

Seoul National University
Jangmin Oh 

Sungshin Women's University

Article

Keywords:

Posted Date: October 22nd, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10982008/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-10982008/v1
https://doi.org/10.21203/rs.3.rs-10982008/v1
https://doi.org/10.21203/rs.3.rs-10982008/v1
https://creativecommons.org/licenses/by/4.0/


001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046

Predicting semantic consistency between images

and Korean hashtags on Instagram

Jiyoon Oh1,2 and Jangmin Oh1*

1*School of AI Convergence, Sungshin Women’s University, Seoul,
Republic of South Korea.

2College of Business Administration, Seoul National University, Seoul,
Republic of South Korea.

*Corresponding author(s). E-mail(s): jangmin.oh@sungshin.ac.kr;
Contributing authors: jynoh825@snu.ac.kr;

Abstract

On image-centric social media, hashtags convey emotion, slang, and cultural
context rather than literal descriptions, so their consistency with the image is
graded and ambiguous—properties that descriptively trained vision–language
models capture poorly. We formulate image–Korean-hashtag consistency as a
five-level ordinal classification task and compare Contrastive Language–Image
Pre-training (CLIP) and its Korean-adapted variant KoCLIP under three strate-
gies: similarity-based prediction, frozen-backbone classification, and end-to-end
fine-tuning. Supervision comes from 12,011 image–hashtag pairs from public
Korean Instagram posts annotated with GPT-4o mini under an explicit rubric
and validated against four independent human annotators with near-human ordi-
nal agreement (mean quadratic-weighted κ = 0.68). Under post-level grouped
five-fold cross-validation, fine-tuned KoCLIP performed best (accuracy 45.8%,
macro F1 0.439), whereas the same protocol degraded CLIP below its frozen
counterpart: fine-tuning benefits are gated by the linguistic suitability of the
pretrained representation. Classical classifiers on frozen KoCLIP embeddings
remained competitive on aggregate metrics, but fine-tuned KoCLIP kept a sta-
tistically significant class-balanced (macro F1) advantage over the strongest,
extreme gradient boosting (XGBoost). Since human annotators agreed exactly
on only 52.4% of validated pairs, much residual error reflects intrinsic task ambi-
guity. These results argue for graded formulation, ordinal-aware evaluation, and
validated automated annotation in affect-aware multimodal understanding of
non-English social media.
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1 Introduction

On image-centric social-media platforms such as Instagram, hashtags function as more
than indexing metadata; they serve as a means of user expression that conveys emo-
tions, contextual information, and cultural nuances [1]. Unlike conventional image
labels used in computer-vision tasks, such as “dog” or “cat,” user-generated hashtags
frequently extend beyond literal descriptions of visual content. For example, a photo of
a coffee cup may be tagged with abstract or affective expressions such as #힐링 (heal-
ing) or #월요병 (Monday blues) rather than labels denoting concrete objects. This
discrepancy poses a substantial challenge for quantitatively evaluating the “semantic
consistency” between an image and its text, which is closely tied to content retrieval
and recommendation, post understanding, and user behavior analysis [2].

In real-world social media, hashtags not only describe the content of an image but
also serve a variety of communicative functions, such as expressing emotion, humor,
irony, encouragement, self-presentation, and community participation [2, 3]. Korean
social-media content, in particular, frequently includes abbreviations, slang, memes,
and culturally specific expressions. Such expressions may not correspond directly to
identifiable visual entities and may be only indirectly related to, or even conflict with,
the literal content of an image. Consequently, annotators may assign different lev-
els of consistency to the same image–hashtag pair depending on their experiences,
interpretations, and understanding of the relevant cultural context.

This semantic ambiguity distinguishes image–hashtag consistency prediction from
conventional object-level image–text alignment. When text directly describes an
object or scene, the visual and linguistic modalities share relatively explicit referents.
Interpreting a social-media hashtag, however, may require consideration of affective
meaning, implicit context, pragmatic intent, and socially or culturally grounded lan-
guage in addition to information directly visible in the image [4]. Moreover, the
relationship between an image and a hashtag may not be adequately represented
as a binary distinction between relevance and irrelevance. Instead, it may lie on a
graded spectrum ranging from highly inconsistent to highly consistent. This property
complicates the interpretation of exact accuracy against a single reference label and
introduces uncertainty, particularly when distinguishing between adjacent consistency
levels.

Recent advances in vision–language representation learning, exemplified by CLIP
and its variants, have demonstrated strong performance by aligning images and text
within a comparable embedding space [5]. Although CLIP-based models are trained
on diverse web-based image–text data, their contrastive learning objective primarily
rewards overall correspondence between images and their associated text. These mod-
els are therefore effective for expressions grounded in visible objects, attributes, and
scenes, but may be less capable of representing non-literal, metaphorical, affective,
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and culturally contextualized hashtags [6]. A Korean-adapted model such as KoCLIP
may reduce the linguistic mismatch associated with Korean input, but language adap-
tation alone does not guarantee that pretrained embedding similarity will correspond
directly to subjective, fine-grained consistency levels [7].

This study systematically analyzes the extent to which existing vision–language
models can capture subjective semantic consistency between images and Korean
Instagram hashtags. We formulate image–hashtag consistency as a five-level ordinal
classification task, with labels ranging from 1 (highly inconsistent) to 5 (highly consis-
tent). We then compare a general-purpose CLIP backbone with the Korean-adapted
KoCLIP under three prediction and training strategies: similarity-based prediction,
frozen-backbone classification, and end-to-end fine-tuning. This design enables us to
separately examine the effects of linguistic suitability in the pretrained backbone, a
supervised decision boundary, and task-specific representation adaptation.

Assigning fine-grained labels to a large number of subjective image–hashtag pairs
requires substantial time and resources. We therefore construct the dataset using
a GPT-4o-mini-based automated annotation procedure with an explicit annotation
rubric and constrained output format, building on recent developments in LLM-
assisted data annotation [8, 9]. However, we do not treat the automatically generated
labels as definitive ground truth. Instead, we conduct an independent multi-annotator
human validation study and examine exact agreement, disagreement between adjacent
categories, and ordinal agreement. This approach is intended to retain the scalability of
automated annotation while explicitly evaluating uncertainty in subjective consistency
judgments.

Our experiments yield three main findings. First, cosine similarity between pre-
trained embeddings alone is insufficient to reliably distinguish the five consistency
levels, whereas a trainable classifier over frozen multimodal representations improves
class discrimination and class-balanced performance for both backbones. Second, end-
to-end fine-tuning is not beneficial in itself: under an identical training protocol,
fine-tuned KoCLIP achieved the strongest and most balanced class-wise performance
among the six main configurations, whereas fine-tuning CLIP degraded performance
below its frozen-backbone counterpart. The benefit of adaptation is thus gated by the
linguistic suitability of the pretrained representation. Third, classical classifiers such
as SVM and XGBoost trained on frozen KoCLIP embeddings remain competitive with
fine-tuned KoCLIP on aggregate metrics—a post-level cluster bootstrap detects no
significant difference between fine-tuned KoCLIP and the strongest of them, XGBoost,
in accuracy or quadratic weighted kappa—while the macro-F1 advantage of fine-tuned
KoCLIP over XGBoost is statistically significant. The principal contribution of full
fine-tuning therefore lies not in raising aggregate accuracy but in stabilizing perfor-
mance across the imbalanced consistency levels, including the low-consistency pairs
that downstream filtering applications must detect. These findings should also be
read against the subjectivity of the task itself: even human annotators agreed exactly
on only 52.4% of the validated pairs, with most disagreements confined to adjacent
consistency levels.

The main contributions of this study are summarized as follows:
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• We formulate image–Korean-hashtag consistency as a five-level ordinal prediction
task rather than binary relevance or a fixed similarity score, capturing both the
subjectivity of social-media language and the severity of prediction errors.

• We construct a 12,011-pair dataset from public Korean Instagram posts by com-
bining rubric-guided GPT-4o mini annotation with independent multi-annotator
human validation, enabling analysis of label reliability and annotation uncertainty.

• We systematically compare CLIP and KoCLIP under similarity-based prediction,
frozen-backbone classification, and end-to-end fine-tuning, separating the effects of
backbone language adaptation, supervised decision boundaries, and representation
adaptation.

• We evaluate with post-level grouped cross-validation, nominal and ordinal metrics,
and post-level cluster-bootstrap and McNemar tests, and use SVM and XGBoost
ablations and a failure analysis to show that the significant advantage of full fine-
tuning is concentrated in class-balanced performance.

2 Related work

2.1 Overview of prior work

An extended review of the literature is provided in Supplementary Note 1; here we
summarize the four strands most relevant to our design. First, contrastively trained
vision–language models such as CLIP and its variants [5, 6] align images and text in
a shared embedding space, which is why we adopt them as backbones; however, their
pretraining rewards global, descriptive image–text matching, so the learned align-
ment weakens for text that encodes affect, pragmatics, slang, or cultural context,
and language-specific adaptations such as KoCLIP [7] inherit this descriptive objec-
tive. Second, studies of hashtag semantics show that hashtags serve communicative
functions beyond describing content—emotion, humor, stance, self-presentation, and
exposure seeking—so that the same hashtag may be a literal label in one post and
an affective or pragmatic marker in another, especially in non-English communities
where slang and memes are frequent [2–4]. Third, existing work on image–text consis-
tency has mostly treated the relationship as binary relevance; graded consistency has
received less attention [10, 11], and even graded formulations rarely model or evalu-
ate the ordinal structure among levels, which is essential for distinguishing a one-level
error from an error across opposite ends of the scale. Fourth, large language mod-
els have become scalable annotation tools [9, 12], but the reliability of their labels
depends on prompt and rubric design and must be validated independently against
multiple human annotators rather than assumed [8, 13]; such evidence remains scarce
for non-English, multimodal judgments [14, 15].

2.2 Research gap and positioning of this study

Taken together, the preceding discussion reveals several gaps in existing research. First,
work on image–text relevance has focused primarily on retrieval, embedding similarity,
or binary relevant-versus-irrelevant classification using descriptive captions. In real-
world social media, however, hashtags do not merely describe the literal content of an
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image but also express emotion, pragmatic intent, trends, and cultural context. Korean
hashtags in particular frequently include slang, abbreviations, memes, and culturally
specific expressions, yet the consistency between such expressions and images has
rarely been analyzed as a graded, ordinal relationship.

Second, it remains insufficiently understood how general-purpose vision–language
representations and language-adapted representations behave differently on this task.
Prior work has mostly used the similarity of pretrained embeddings directly, or
reported the performance of a particular classification setup in isolation; few studies
have systematically separated and compared the effects of the backbone’s linguis-
tic suitability and the task-adaptation strategy under the same data and evaluation
conditions.

Third, a question remains as to how annotation reliability can be ensured
and evaluated when constructing subjective multimodal consistency labels at scale.
LLM-assisted annotation can improve the scalability and consistency of dataset con-
struction, but its results may be affected by prompt design, the scoring rubric, and
the model’s judgment bias. Moreover, since fine-grained semantic consistency can be
judged differently even among human annotators, the exact agreement between an
LLM label and a single human label alone is insufficient to fully characterize the
reliability of the data.

To address these gaps, our study formulates the semantic consistency between
an image and a Korean Instagram hashtag as a five-level ordinal classification
problem, and systematically analyzes the capabilities and limitations of existing mul-
timodal models—general-purpose CLIP and language-adapted KoCLIP—under the
same conditions.

3 Methods

This section is structured to address the research questions defined in the Research
objectives and problem formulation subsection. We first formulate semantic con-
sistency prediction as a five-level ordinal classification problem and describe the
construction and annotation of the dataset, including the automated labeling proce-
dure and the human validation protocol. We then present the model configurations
(Table 1), which vary the multimodal backbone (CLIP or KoCLIP) and the prediction
and training strategy (similarity-based prediction, frozen-backbone classification, or
end-to-end fine-tuning), followed by the experimental setup, the evaluation protocol
and metrics, the statistical analysis, and the ethics and AI-use statements.

3.1 Research objectives and problem formulation

The primary objective of this study is to empirically investigate how effectively mul-
timodal models can understand semantic consistency between images and Korean
Instagram hashtags, and to analyze the extent to which domain-specific fine-tuning
can mitigate their limitations.

Unlike conventional image–text alignment tasks that assume binary relevance,
semantic consistency between hashtags and images exists on a continuous and sub-
jective spectrum. This observation is consistent with prior studies on hashtag usage,
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Table 1 Model configurations for semantic consistency prediction

Experiment Backbone Prediction Method Backbone Update

Baseline 1-1 CLIP Cosine similarity (threshold) Frozen

Baseline 1-2 KoCLIP Cosine similarity (threshold) Frozen

Baseline 2-1 CLIP Frozen embedding + MLP Frozen

Baseline 2-2 KoCLIP Frozen embedding + MLP Frozen

End-to-End 3-1 CLIP Full fine-tuning + MLP Trainable

End-to-End 3-2 KoCLIP Full fine-tuning + MLP Trainable

which report that hashtags often encode affective, pragmatic, or contextual meaning
rather than literal visual descriptions [2, 4]. To reflect this characteristic, we reformu-
late the consistency judgment as a five-level ordinal classification problem, where each
image–hashtag pair is assigned a discrete consistency score ranging from 1 (highly
inconsistent) to 5 (highly consistent).

Based on this formulation, we address the following research questions:

• RQ1: How well do similarity-based approaches capture graded semantic consistency
between images and Korean hashtags?

• RQ2: Does introducing a trainable classification head over multimodal representa-
tions improve performance compared with similarity-based prediction?

• RQ3: How does end-to-end fine-tuning affect performance relative to frozen-
backbone classification, and how does this effect differ between CLIP and KoCLIP?

These questions guide the design of our dataset, model configurations, and
experimental evaluation.

3.2 Data collection and construction

To evaluate semantic consistency in real-world social media settings, a dataset con-
sisting of Korean Instagram posts was constructed. However, manual annotation at
scale is challenging and prone to inconsistency [3]. Therefore, given the subjective
and context-dependent nature of hashtag usage, the data construction process was
designed to capture a wide range of topics while ensuring labeling reliability through
a multi-stage validation approach.

3.2.1 Domain and hashtag selection

To build a representative dataset, we selected 32 hashtags spanning eight domains that
are prevalent on Korean Instagram: Travel/Place, Food, Beauty/Shopping, Fashion,
Season/Nature, Health/Diet, Tech/Product, and Entertainment. Rather than simply
enumerating popular topics, we chose these domains according to two criteria aligned
with the goal of this study. First, we ensured that the linguistic character of the
hashtags was diverse: the selected domains yield not only tags that literally describe
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the image content (e.g., #국내여행 (domestic travel), #벚꽃 (cherry blossom)), but
also affective, connotative, or slang expressions (e.g., #꾸안꾸 (effortless styling),
#JMT (super-tasty)), so that the emotional and cultural ambiguity of Korean hashtags
that motivates our work is genuinely reflected in the data. Second, we sought to obtain
a broad distribution of image–hashtag semantic consistency: by including domains
that are visually grounded (e.g., Season/Nature) alongside domains dominated by
abstract or context-dependent tags (e.g., Tech/Product, Entertainment), the five-level
consistency scale is observed across its full range rather than concentrated at particular
values. We assigned four representative hashtags to each of the eight domains (32 in
total; Supplementary Table S1), maintaining balance across domains.

3.2.2 Data crawling and preprocessing

The data were collected using a web crawler built with the Python Selenium library.
For each of the 32 hashtags, we retrieved the most recent public posts, restricting
collection to image posts and excluding video (Reels) content. From each post we
extracted the primary image together with its full list of associated hashtags. Captions
were cleaned by removing metadata prefixes, URLs, @-mentions, and non-semantic
repetition, while emoji were preserved as affective signals. We then paired the primary
image of each post with each of its associated hashtags and removed duplicated entries,
inaccessible posts, and pairs with missing images or hashtags. The resulting dataset
comprises 12,011 valid image–hashtag pairs drawn from 1,673 posts and 6,639 distinct
hashtag strings, with an average of 7.2 hashtags per post. This dataset was then
annotated using the automated procedure described in the next subsection.

3.2.3 Automated consistency labeling with a large language model

Manually annotating semantic consistency for all 12,011 image–hashtag pairs
described above is inherently subjective and difficult to scale. To ensure a consis-
tent labeling standard, we employed the structured-output functionality of OpenAI’s
GPT-4o mini (gpt-4o-mini) for automated annotation, following a strategy similar
to [8]. This automated pass constitutes the first stage of the multi-stage validation
approach outlined at the beginning of this section; its reliability is examined in the
human validation study described below and reported in Results.

Annotation was carried out at the post level rather than the pair level. For each
post, the model received the image, the complete list of hashtags attached to that post
(on average 7.2 per post) in a single request, and returned a separate consistency score
for every hashtag in that list. The hashtags to be scored were therefore not restricted to
the 32 seed hashtags used for collection, but comprised all hashtags actually attached
to the post. Presenting the hashtags of a post together allows the annotator to evaluate
them under a shared interpretation of the visual content, preventing the assessment
of the same image from drifting from one hashtag to the next. A consequence of this
design is that labels belonging to the same post are not statistically independent, which
directly motivates the post-level grouping adopted in our cross-validation protocol (see
the Evaluation protocol subsection).
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The model was instructed to act as an expert annotator and to assign a consistency
score on a five-point Likert scale: 1 (Very Low), 2 (Low), 3 (Medium), 4 (High), and
5 (Very High).

Model responses were constrained to a typed output schema, which required the
model to emit, for each hashtag, an integer score in {1, . . . , 5} together with a brief
justification and the visual evidence supporting that score. Schema validation elimi-
nated malformed and out-of-range outputs and removed the need for post-hoc parsing
of free-form text. The annotation guideline instructed the model to (i) give priority
to visual evidence in the image, (ii) use the caption only as secondary context, (iii)
interpret Korean slang and affective expressions (e.g., #JMT (super-tasty), #꾸안꾸
(effortless styling)) according to their idiomatic rather than literal meaning, and (iv)
assign a conservative score when the visual evidence was insufficient. Rule (iii) is of par-
ticular importance here: the connotative and slang expressions deliberately included
during domain selection would otherwise be read literally and their consistency sys-
tematically underestimated. Decoding was configured with temperature = 0.0 to
reduce sampling variability, and failed requests were retried with exponential backoff
and logged separately. The complete guideline, including the full prompt text, scoring
rubric, boundary-case rules, and the output schema, is provided in the accompanying
code repository (see the Data availability statement); the repository’s README indicates
where each of these materials is located.

The distribution of the image–hashtag consistency labels generated with GPT-4o
mini (gpt-4o-mini) is reported in Supplementary Table S2. Overall, the higher end
of the consistency scale accounts for a larger share, with scores of 4 and 5 together
making up roughly 55% of all pairs. Score 3 accounts for 14.79% and score 2 for
18.92%, while the lowest grade (score 1) is the least frequent at 11.28%.

3.2.4 Human validation of automated labels

To evaluate the reliability of the GPT-4o mini annotations, we randomly selected
500 image–hashtag pairs from the expanded dataset. Four undergraduate research
assistants familiar with Korean social-media language independently annotated all 500
pairs using the same five-level scoring rubric employed for GPT-4o mini annotation.
Each annotator evaluated the samples independently and did not have access to the
GPT-4o-mini-generated labels or the judgments of the other annotators.

Before annotation, the annotators were provided with written definitions of the five
consistency levels and representative examples illustrating literal, affective, metaphori-
cal, and unrelated image–hashtag relationships. No post-hoc discussion or adjudication
was performed before the reliability analysis, thereby preserving the independence of
the individual judgments.

3.2.5 Annotation reliability measures

Because the consistency labels form an ordinal scale, annotation reliability was
evaluated using measures that account for the ordered relationship among the five cat-
egories. Ordinal Krippendorff’s alpha was used as the primary measure of agreement
among the four human annotators. Krippendorff’s alpha accommodates more than
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two annotators and allows disagreement to be defined according to the measurement
level of the labels [16, 17].

We additionally computed quadratic-weighted Cohen’s kappa for all six
human–human annotator pairs and all four GPT-4o mini–human annotator pairs
[18]. Quadratic weighting assigns a larger penalty to disagreements involving distant
categories than to disagreements involving adjacent categories. Pairwise results were
summarized using their mean, standard deviation, and range.

To facilitate intuitive interpretation, we also report exact agreement, adjacent
agreement, and mean absolute error. Exact agreement denotes the proportion of sam-
ples receiving identical scores, whereas adjacent agreement denotes the proportion for
which the two scores differed by at most one level. Mean absolute error measures the
average absolute distance between two ratings. A 95% confidence interval for ordi-
nal Krippendorff’s alpha was estimated by resampling the 500 annotation units with
replacement 2,000 times.

3.3 Model architecture and configurations

To systematically examine how different modeling choices affect performance, we
organize the experimental design along two dimensions: the multimodal backbone
and the prediction and training strategy. For the multimodal backbone, we compare
CLIP, a general-purpose vision–language model, with KoCLIP, which incorporates
Korean-language characteristics. The second dimension concerns how the final con-
sistency class is derived from pretrained multimodal representations and consists of
three strategies: similarity-based prediction (Baseline 1), classification over embed-
dings extracted from a frozen multimodal backbone (Baseline 2), and end-to-end
fine-tuning.

This design enables the contribution of each component to be evaluated in a
controlled manner. Comparing CLIP and KoCLIP under the same prediction and
training strategy isolates the effect of the Korean-adapted backbone. Within the
same backbone, comparing similarity-based prediction with frozen-backbone clas-
sification evaluates the contribution of a learnable decision boundary. Comparing
frozen-backbone classification with end-to-end fine-tuning further assesses the addi-
tional effect of adapting the multimodal representations to the target task. The
complete set of experimental configurations is summarized in Table 1.

Figure 1 illustrates the overall processing pipeline shared by the learning-based
configurations. Each configuration uses a multimodal backbone to generate image and
text embeddings, fuses the resulting representations, and passes them to a prediction
module.

3.3.1 Shared multimodal representation

As shown in Figure 1, all learning-based configurations share the same encoding stage.
An image I and a hashtag h are transformed into embedding vectors by the image
encoder and text encoder of the selected multimodal backbone:

v = fimg(I; θimg), t = ftext(h; θtext). (1)

9



415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460

Fig. 1 End-to-end fine-tuning configuration. The key differences across experimental settings are:
(i) whether the multimodal encoders are frozen (Baselines 1–2) or trainable (End-to-End), and
(ii) whether a classification head is absent (Baseline 1) or present (Baseline 2 and End-to-End).
The pipeline is illustrated with a real image–hashtag example (#존맛 (JMT, “super-tasty”); the
photograph was taken by the authors), for which the model outputs a distribution over the five
consistency levels and predicts level 5 (ground truth: 5). Photo credit: Jiyoon Oh.

where v and t denote the image and text representations, respectively, and θimg

and θtext are the parameters of the image and text encoders in the selected CLIP
or KoCLIP backbone. The subsequent three configurations are defined according to
how the image and text representations are compared or combined, and whether the
backbone parameters are frozen or updated.

3.3.2 Baseline 1: similarity-based prediction

Baseline 1 is designed to evaluate whether the pretrained image–text embedding space
of CLIP or KoCLIP provides sufficient information for predicting the graded semantic
consistency between an image and a Korean hashtag. In this setting, no separate clas-
sification head is trained. Instead, the cosine similarity between the image embedding
v and the text embedding t is computed as
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s(v, t) =
v⊤t

∥v∥2 ∥t∥2
. (2)

Here, s(v, t) denotes the embedding similarity between the image and the hashtag.
A higher similarity indicates that the two inputs are located closer to each other in the
pretrained multimodal embedding space, whereas a lower similarity indicates weaker
semantic alignment.

To convert the continuous similarity score into one of the five consistency classes,
four thresholds, τ1, τ2, τ3, τ4 are used. The predicted class ŷ is defined as

ŷ =

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎩

1, s < τ1,

2, τ1 ≤ s < τ2,

3, τ2 ≤ s < τ3,

4, τ3 ≤ s < τ4,

5, s ≥ τ4.

(3)

For each fold, the thresholds are selected to maximize macro F1 on the corre-
sponding outer training partition. Specifically, candidate threshold sets satisfying the
ordering constraint τ1 < τ2 < τ3 < τ4 are evaluated, and the set yielding the high-
est macro-F1 on the training partition is selected. The resulting thresholds are then
applied to the held-out test partition of that fold, while the test data are not used
during threshold selection.

In this configuration, the parameters of the CLIP or KoCLIP backbone remain
fixed, and no trainable classifier is introduced. Baseline 1 therefore assesses how
well graded semantic consistency can be predicted using only pretrained multimodal
embeddings and a threshold-based decision rule calibrated on the training data.

3.3.3 Baseline 2: frozen-backbone classification

Baseline 2 is designed to assess whether introducing a trainable classifier on top of
fixed pretrained multimodal representations enables effective prediction of the graded
semantic consistency between an image and a Korean hashtag. In this setting, the
image-encoder and text-encoder parameters of CLIP or KoCLIP, denoted by θimg

and θtext are fully frozen. Only the image representation v and text representation t

extracted from the two encoders are used as inputs to the classifier.
The two embeddings are concatenated to form a single multimodal representation:

z = [v; t]. (4)

The fused representation z is then passed through a shallow multilayer perceptron
(MLP) classification head and transformed into logits for the five consistency classes:

h = Dropout(ReLU(W1z+ b1)) , (5)

o = W2h+ b2, (6)

p(y = k | I, h) = softmax(o)k, ŷ = arg max
k∈{1,...,5}

p(y = k | I, h). (7)
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Here, h denotes the hidden representation, o is the logit vector over the five con-
sistency classes, and ψ = {W1,b1,W2,b2} represents the trainable parameters of the
classification head. In our implementation, the concatenated embedding is projected
into a 256-dimensional hidden space, followed by a ReLU activation and dropout, and
a final linear layer produces the logits for the five classes.

During training, the backbone parameters remain fixed and only the parameters
of the classification head are optimized:

θimg, θtext fixed, ψ optimized. (8)

Baseline 2 therefore evaluates whether a trainable non-linear decision boundary
can improve semantic consistency prediction over similarity-based prediction without
modifying the pretrained CLIP or KoCLIP representations. It also serves as a reference
configuration for the subsequent comparison with end-to-end fine-tuning, allowing us
to isolate the additional effect of adapting the multimodal representations themselves
to the target task.

3.3.4 End-to-end fine-tuning

End-to-End fine-tuning jointly optimizes the pretrained multimodal backbone and the
classification head, thereby adapting the image and text representations themselves to
the prediction of graded semantic consistency between an image and a Korean hashtag.
As in Baseline 2, the image representation v and text representation t are concatenated
into a single multimodal representation z, which is fed into the MLP classification
head. However, unlike Baseline 2, which freezes the parameters of the image and text
encoders, end-to-end fine-tuning jointly optimizes the backbone parameters θimg and
θtext together with the classification-head parameters ψ:

θimg, θtext, ψ jointly optimized. (9)

This allows the multimodal representations, originally pretrained for generic
image–text alignment, to adapt to the consistency-prediction task, which involves the
affective, contextual, and cultural characteristics of Korean hashtags.

The model is trained by minimizing a class-weighted cross-entropy loss to mitigate
the effect of class imbalance:

L = −
1

N

N
∑

i=1

5
∑

c=1

wc yic log p̂ic, (10)

where N is the number of samples in the mini-batch, yic is an indicator of whether
sample i belongs to class c, p̂ic is the probability that the model assigns sample i to
class c, and wc is the weight assigned to class c. Each class weight is computed to
be inversely proportional to the class frequency in the training data, mitigating the
tendency of majority classes to dominate the loss and thereby impede the learning of
minority classes.

Baseline 2 and end-to-end fine-tuning use the same multimodal fusion scheme
and classification-head architecture, and differ only in whether the backbone parame-
ters are updated. Comparing the two configurations therefore allows us to distinguish
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between learning a classifier over fixed pretrained representations and adapting the
multimodal representations themselves to the target task.

3.4 Experimental setup

3.4.1 Implementation details

All models were implemented using Python 3.11 and PyTorch 2.0, and
trained on an NVIDIA TITAN RTX GPU with 24 GB of VRAM. The pre-
trained backbones were loaded through the Hugging Face transformers library.
We used openai/clip-vit-base-patch32 for CLIP and the Korean-specialized
Bingsu/clip-vit-large-patch14-ko for KoCLIP.

All learning-based neural configurations, including Baseline 2 and end-to-end fine-
tuning, were trained using a shared optimization protocol to minimize the influence of
differences in hyperparameter settings. The models were trained for up to 20 epochs
using the Adam optimizer with a learning rate of 5 × 10−5 and a weight decay of
1× 10−4. In addition, a StepLR learning-rate scheduler was applied, with a step size
of 5 and a decay factor γ of 0.1. Because the label distribution was non-uniform, the
neural classifiers were optimized with class-weighted cross-entropy loss.

The effective batch size was fixed at 32 for both configurations. Baseline 2 used a
batch size of 32 directly, whereas end-to-end fine-tuning used a batch size of 8 with 4-
step gradient accumulation to accommodate GPU memory constraints. Early stopping
was performed using quadratic weighted kappa (QWK) on the inner validation set,
with a patience of 3 epochs.

For the ablation study (Results), two classical classifiers, an SVM and XGBoost,
were trained on the same frozen KoCLIP embeddings. Both classifiers were evaluated
under the same post-level grouped five-fold protocol as the neural configurations,
with hyperparameters fixed to commonly used values rather than tuned by search.
The SVM used an RBF kernel (C = 1.0, gamma=scale) with balanced class weights
and embeddings standardized within each training fold; XGBoost used a multi-class
softmax objective (max depth=6, learning rate 0.05, subsample and column-subsample
0.8, at most 500 trees) with balanced sample weights, its tree count selected by early
stopping on the same inner validation split as the neural models. Full configurations
are provided in the accompanying code repository.

3.4.2 Evaluation protocol

All model configurations were evaluated using five-fold StratifiedGroupKFold with
post id used as the grouping variable. By splitting the data at the post level, mul-
tiple image–hashtag pairs generated from the same Instagram post were prevented
from appearing in both the training and test partitions, thereby avoiding post-level
information leakage.

For the learning-based configurations, each outer training partition was further
divided into an inner training set and an inner validation set. This split used a
GroupShuffleSplit based on post id, with an inner-validation ratio of 0.1. The inner
validation set was used only for early stopping and model selection, whereas class
weights were computed exclusively from the label distribution of the inner training
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set. The outer test fold was not used for model or hyperparameter selection, and was
reserved solely for final evaluation.

For the similarity-based configurations, the thresholds were optimized using only
the outer training partition of each fold, and the test partition of that fold was excluded
from the threshold-selection process. All evaluation metrics were computed on each of
the five folds and are reported as mean and standard deviation.

3.4.3 Evaluation metrics

As the task is a five-level ordinal classification problem, we use evaluation metrics
that capture overall predictive performance, class balance, and the ordered structure
of the labels. Accuracy measures the proportion of correctly classified samples. Macro
F1 assigns equal weight to the F1 score of each class and therefore reflects minority-
class performance independently of class frequency. Weighted F1 computes the average
class-wise F1 score weighted by the observed label distribution.

To quantify ordinal prediction error, we use mean absolute error (MAE), defined as

MAE =
1

N

N
∑

i=1

|yi − ŷi|. (11)

MAE represents the average distance error between the true and predicted classes.
In addition, we use the quadratic weighted kappa (QWK) to assess chance-corrected
ordinal agreement, which imposes larger penalties on errors with a greater distance
between the true and predicted classes.

Adjacent accuracy is defined as the proportion of samples whose predicted class is
identical to, or within one adjacent step of, the true class:

AdjAcc =
1

N

N
∑

i=1

I(|yi − ŷi| ≤ 1) . (12)

By reporting accuracy alongside macro-F1, we examine whether predictions biased
toward the majority classes yield high overall accuracy while degrading balanced per-
formance across classes. MAE, QWK, and adjacent accuracy additionally evaluate
the magnitude and structure of ordinal errors that are not revealed by exact-class
agreement alone.

3.5 Statistical analysis

To determine whether observed performance differences between models could be
attributed to chance, we tested a set of theoretically motivated model compar-
isons. All analyses were based on the out-of-fold predictions generated through 5-fold
StratifiedGroupKFold. Accordingly, every sample in the dataset was evaluated
exactly once by a model that had not been trained on that sample, while all image–
hashtag pairs originating from the same Instagram post were assigned to the same
fold.
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For all evaluation metrics—accuracy, macro-F1, quadratic weighted kappa (QWK),
and mean absolute error (MAE)—we estimated 95% confidence intervals for the
between-model differences using a post-level cluster bootstrap with 2,000 resamples.
Resampling was performed at the post level (post id) rather than at the indi-
vidual image–hashtag-pair level because multiple pairs derived from the same post
are not statistically independent. Post-level resampling therefore accounts for the
grouped structure of the dataset and follows the same rationale as the group-based
cross-validation procedure used to prevent data leakage. A difference was treated as
statistically distinguishable when its 95% confidence interval did not include zero. For
accuracy, we additionally performed McNemar’s test, which directly compares the two
models’ correctness on the same samples. The bootstrap confidence intervals and the
McNemar p-values thus provide complementary evidence.

We restricted the tests to three key model comparisons that were defined prior
to inspecting the analysis results, based on our research questions RQ1–RQ3: (i) the
effect of a Korean-specific multimodal backbone (fine-tuned KoCLIP vs. fine-tuned
CLIP), (ii) the effect of fine-tuning relative to a frozen backbone (fine-tuned KoCLIP
vs. frozen-backbone KoCLIP), and (iii) end-to-end fine-tuning versus a frozen-feature
XGBoost classifier, both starting from the same pre-trained KoCLIP backbone (fine-
tuned KoCLIP vs. KoCLIP + XGBoost). To control the family-wise error rate, we
applied Holm correction to the three McNemar p-values, while the bootstrap confi-
dence intervals are reported as supplementary effect-size estimates for each metric.
The similarity-based models serve as reference conditions that do not employ a train-
able classifier; since our statistical analysis focuses on learning-based comparisons
that isolate the effects of backbone choice, fine-tuning, and classification strategy, the
similarity-based results are reported separately using descriptive statistics.

3.6 Ethics statement and use of AI tools

This study did not involve human research participants. It analysed images, hash-
tags and captions from posts that Instagram users had made publicly available, with
no interaction with, or intervention on, the account holders, and no participant was
recruited. Under Article 13 of the Enforcement Rule of the Bioethics and Safety Act
of the Republic of Korea, research that uses only information disclosed to the gen-
eral public, without direct manipulation of the individuals or their environment, falls
within the category exempt from institutional review board review; no approval or
exemption determination was obtained from an institutional review board for this
study, and the Institutional Review Board of Sungshin Women’s University reviews
prospective research protocols only. Informed consent from the account holders was
not sought. Only the post image, its hashtags, and its caption were used; account iden-
tifiers were not collected or used, captions were stripped of user mentions and URLs,
and the released dataset refers to posts by anonymised identifiers. Because the images
may depict identifiable individuals, they are not published or deposited in any public
repository and are shared only under the conditions described in the Data availability
statement; no facial recognition or other identification of individuals was performed.
The four undergraduate research assistants who performed the validation labeling did
so as members of the research team, not as research participants. All procedures were
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carried out in accordance with relevant guidelines and regulations. No identifiable
individuals appear in the figures, which use photographs taken by the authors.

OpenAI GPT-4o mini (gpt-4o-mini, accessed through the Structured Outputs
API) was used for the automated consistency labeling of the dataset, as described in
detail above. ChatGPT (OpenAI, GPT-4o) was used for English grammar correction
and language polishing of the manuscript. The authors reviewed and edited all AI-
generated outputs and take full responsibility for the content of the manuscript; no
AI tool was used to create or edit any figure.

4 Results

This section reports the experimental results corresponding to the three research
questions (Methods, Research objectives and problem formulation). We first report
the reliability of the automated annotations, then compare the six main configura-
tions, examine fine-tuning against classical classifiers in an ablation study, test the
pre-specified comparisons statistically, and analyse the structure of the remaining
errors.

4.1 Reliability of GPT-4o mini annotations

Table 2 summarizes the reliability analysis based on the 500-sample human validation
set. Agreement among the four human annotators reached an ordinal Krippendorff’s
alpha of 0.72 (95% CI: 0.69–0.75). Across the six human–human pairs, the mean
quadratic-weighted kappa was 0.73 ± 0.03, indicating that the annotators exhibited
reasonably consistent ordinal judgments despite the subjective nature of the task.

Agreement between GPT-4o mini and the four human annotators was slightly
lower but remained meaningful. The mean GPT-4o mini–human quadratic-weighted
kappa was 0.68 ± 0.03, with values ranging from 0.64 to 0.72. Exact agreement was
49.6%, compared with 52.4% among the human annotators. More importantly, GPT-
4o mini–human adjacent agreement reached 89.8%, indicating that most disagreements
were limited to one neighboring consistency level. The corresponding mean absolute
error was 0.63.

These findings suggest that ambiguity is concentrated primarily at the boundaries
between adjacent categories rather than in severe disagreements between semantically
opposite judgments. GPT-4o mini did not fully reproduce every individual human
judgment, but its ordinal agreement was relatively close to the level observed among
the human annotators themselves. We therefore use the automated annotations as an
empirically validated silver-standard resource rather than as definitive ground truth.

4.2 Main results

Table 3 summarizes the stratified group five-fold cross-validation results of the six
main model configurations, reported as mean and standard deviation. Among the
six main configurations, the end-to-end fine-tuned KoCLIP model achieved the best
performance across all major evaluation metrics. Fine-tuned KoCLIP obtained an
accuracy of 0.458, a macro F1 score of 0.439, and a weighted F1 score of 0.457, while
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Table 2 Reliability analysis of GPT-4o mini annotations

Comparison
Pairwise

comparisons

Ordinal
Krippendorff’s α

(95% CI)

Quadratic-
weighted κ

(range)

Exact
agreement

(%)

Adjacent
agreement

(%)
MAE

Human–Human 6
0.72

(0.69–0.75)
0.73 ± 0.03

(0.69–0.77)
52.4 ± 2.8 91.8 ± 1.5 0.57 ± 0.04

GPT-4o mini–Human 4 —
0.68 ± 0.03

(0.64–0.72)
49.6 ± 2.1 89.8 ± 1.6 0.63 ± 0.03

Table 3 Comparison of experimental results

Configuration Backbone Accuracy Macro-F1 Weighted-F1 MAE QWK Adj-Acc

Baseline 1
CLIP

0.287
±0.007

0.165
±0.004

0.216
±0.005

1.387
±0.009

0.049
±0.016

0.596
±0.009

KoCLIP
0.291
±0.006

0.201
±0.004

0.252
±0.005

1.133
±0.017

0.227
±0.021

0.674
±0.005

Baseline 2
CLIP

0.289
±0.031

0.236
±0.052

0.268
±0.049

1.450
±0.081

0.107
±0.058

0.577
±0.039

KoCLIP
0.322
±0.017

0.293
±0.043

0.317
±0.032

1.348
±0.029

0.155
±0.037

0.628
±0.023

End-to-End
CLIP

0.243
±0.018

0.143
±0.055

0.142
±0.052

1.432
±0.144

0.060
±0.041

0.632
±0.038

KoCLIP
0.458
±0.012

0.439
±0.011

0.457
±0.012

1.055
±0.043

0.307
±0.040

0.720
±0.013

also outperforming the other configurations in MAE, QWK, and adjacent accuracy. In
particular, the substantial improvement in macro F1 indicates that the model did not
rely solely on the majority classes but produced relatively balanced predictions across
the full set of consistency levels. Its lowest MAE and highest QWK further suggest
that it captured not only exact class agreement but also the ordinal distance between
the predicted and true classes more effectively.

Overall, configurations with a trainable classification module tended to outperform
those that relied only on pretrained embedding similarity. Similarity-based predic-
tion yielded low macro F1 scores for both backbones, indicating that pretrained
image–text similarity alone is insufficient for distinguishing five levels of semantic con-
sistency. Frozen-backbone classification improved both macro F1 and weighted F1
over similarity-based prediction, showing that a supervised nonlinear decision bound-
ary can enhance class discrimination and class-balanced performance even when the
multimodal representations remain fixed. However, these improvements were not con-
sistently observed across all ordinal metrics, suggesting that introducing a classification
head alone does not fully overcome the limitations of the pretrained representations.

The effect of end-to-end fine-tuning differed markedly across backbones. For
KoCLIP, fine-tuning led to the largest performance gains across all metrics, whereas
fine-tuning CLIP resulted in a performance decrease, with its macro F1 falling to
0.143. This contrast, observed under the same training protocol, suggests that the
effectiveness of fine-tuning depends not only on whether the backbone parameters
are updated but also on how well the pretrained backbone is aligned with the target
language and task. In particular, the Korean-adapted KoCLIP backbone appears to
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Table 4 Ablation study comparing end-to-end fine-tuning with classical classifiers on frozen
KoCLIP embeddings. All values are reported as mean ± standard deviation across the five folds.
For all listed metrics except MAE, higher is better; for MAE, lower is better. The best value in
each column is shown in bold.

Model Accuracy Macro-F1 Weighted-F1 MAE QWK

KoCLIP + SVM 0.443 ± 0.015 0.419 ± 0.015 0.443 ± 0.014 1.041 ± 0.019 0.320 ± 0.011

KoCLIP + XGBoost 0.460 ± 0.011 0.420 ± 0.013 0.451 ± 0.010 1.027 ± 0.020 0.311 ± 0.020

KoCLIP (end-to-end) 0.458 ± 0.012 0.439 ± 0.011 0.457 ± 0.012 1.055 ± 0.043 0.307 ± 0.040

provide a more suitable initial representation for learning graded semantic consistency
between images and Korean hashtags.

These results provide answers to the three research questions posed in this study.
First, the relatively low performance of similarity-based configurations shows that
pretrained embedding similarity alone is insufficient to capture graded semantic
consistency (RQ1). Second, introducing a trainable classification head improves perfor-
mance over similarity-based prediction, confirming the need for a supervised decision
boundary (RQ2). Third, end-to-end fine-tuning of a suitable backbone provides the
largest additional performance gain, with this effect being particularly pronounced for
KoCLIP (RQ3).

4.3 Ablation study: fine-tuning versus classical classifiers

In the main results, the end-to-end fine-tuned KoCLIP achieved the highest macro F1
among the six main configurations. However, additional analysis is needed to deter-
mine whether this improvement results from adapting the multimodal representations
through backbone fine-tuning or whether comparable performance can be achieved
simply by applying a stronger classifier to frozen KoCLIP embeddings. To examine this
question, we trained two classical classifiers, SVM and XGBoost, on the same frozen
KoCLIP embeddings, with the configurations given in Methods (Implementation
details), and compared them with the end-to-end fine-tuned KoCLIP.

As shown in Table 4, the three models achieved relatively similar performance
in terms of overall accuracy and QWK. In particular, XGBoost obtained nearly the
same accuracy as fine-tuned KoCLIP, indicating that strong overall classification
performance can be achieved by applying a nonlinear classifier to frozen KoCLIP rep-
resentations. In contrast, fine-tuned KoCLIP outperformed both classical classifiers in
macro F1, which gives equal weight to the performance of each class. This result sug-
gests that, despite their similar aggregate accuracy, the models differ in how effectively
they handle the five consistency levels.

To examine this difference in greater detail, Figure 2 compares the confusion matri-
ces and class-wise precision, recall, and F1 scores of the three models. Fine-tuned
KoCLIP showed the lowest variation in class-wise recall and the highest minimum
recall, indicating the most balanced performance across the full set of classes. By
contrast, XGBoost achieved high recall for Class 5, the most frequent class, but sub-
stantially lower recall for Class 1, which contains fewer samples. Given that the dataset
is relatively concentrated in Classes 4 and 5 (Supplementary Table S2), the strong
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Fig. 2 Confusion matrices (top) and class-wise precision, recall, and F1 scores (bottom) for end-
to-end fine-tuned KoCLIP, KoCLIP-SVM, and KoCLIP-XGBoost. Confusion-matrix values are row-
normalized and therefore represent per-class recall.

overall accuracy of XGBoost appears to be influenced more heavily by its performance
on the majority classes. This distinction has practical implications. Downstream uses
of consistency prediction, such as filtering unrelated or exposure-driven hashtags in
retrieval and recommendation, depend precisely on identifying the low-consistency
classes; for such purposes, stable recall on these underrepresented classes can be as
important as aggregate accuracy.

SVM exhibited less variation in class-wise recall than XGBoost and also achieved
competitive QWK performance. However, it remained below fine-tuned KoCLIP in
macro F1 and minimum recall. These results indicate that frozen KoCLIP embed-
dings already contain substantial task-relevant information for distinguishing semantic
consistency between images and Korean hashtags, and that classical classifiers can
effectively exploit this information. Because neither classifier was tuned for the task,
their competitive aggregate performance primarily reflects the quality of the frozen
KoCLIP representations rather than classifier engineering.

Overall, end-to-end fine-tuning did not consistently outperform the classical clas-
sifiers across every aggregate metric. Nevertheless, it provided the most balanced
performance in terms of macro F1, weighted F1, minimum recall, and the stability of
class-wise recall. This suggests that the primary contribution of fine-tuning lies not
simply in increasing overall accuracy, but in jointly adapting the multimodal repre-
sentations and the decision boundary to support more stable predictions across the
imbalanced five-level consistency classes.

19



875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920

Table 5 Statistical significance testing for the key model pairs. For each metric we
report the difference relative to the first model (A−B) and its 95% confidence interval;
for accuracy, the Holm-adjusted McNemar p-value is also reported. For accuracy,
macro-F1, and QWK a positive difference indicates that model A is superior, whereas for
MAE a negative difference indicates that model A is superior. Confidence intervals were
estimated with a post-level cluster bootstrap (2,000 resamples).

Comparison Metric Diff. (A−B) 95% CI Holm-adj. p

KoCLIP (FT)
vs. CLIP (FT)

Macro-F1 +0.285 [0.272, 0.298] —

QWK +0.240 [0.204, 0.274] —

MAE −0.378 [−0.416, −0.338] —

Accuracy +0.214 [0.201, 0.228] < .001

KoCLIP (FT)
vs. KoCLIP (frozen)

Macro-F1 +0.133 [0.120, 0.147] —

QWK +0.151 [0.119, 0.182] —

MAE −0.293 [−0.333, −0.254] —

Accuracy +0.135 [0.122, 0.149] < .001

KoCLIP (FT)
vs. KoCLIP + XGBoost

Macro-F1 +0.019 [0.008, 0.029] —

QWK −0.004 [−0.029, 0.022] —

MAE +0.0273 [0.0002, 0.0541] —

Accuracy −0.002 [−0.012, 0.007] .599

4.4 Statistical significance

Statistical testing followed the procedure described in Methods (Statistical analysis).
The three model comparisons—fine-tuned KoCLIP versus fine-tuned CLIP, versus
frozen-backbone KoCLIP, and versus KoCLIP + XGBoost—were fixed before the
results were inspected.

Table 5 reports, for each of the three pre-specified comparisons, the metric differ-
ences with their bootstrap confidence intervals and Holm-adjusted McNemar p-values.
The effect of the Korean-specific backbone was significant across all metrics: com-
pared with fine-tuned CLIP, fine-tuned KoCLIP achieved a macro-F1 higher by 0.285
(CI [0.272, 0.298]) and an accuracy higher by 21.4 percentage points (Holm-adjusted
p < .001), confirming that a Korean-specific multimodal backbone is essential for this
task.

Fine-tuning was likewise significant across all metrics relative to the frozen back-
bone: fine-tuned KoCLIP exceeded frozen-backbone KoCLIP by 0.133 in macro-F1 and
13.5 percentage points in accuracy (Holm-adjusted p < .001), showing that adapting
the entire backbone is consistently superior to training only the classification head.

The comparison with KoCLIP + XGBoost showed a different pattern. Accuracy
and QWK did not differ significantly (accuracy McNemar Holm-adjusted p = .599;
the QWK confidence interval included zero), whereas fine-tuned KoCLIP was signifi-
cantly better in macro-F1 (difference +0.019, CI [0.008, 0.029]). The MAE difference
of +0.0273 (CI [0.0002, 0.0541]) narrowly excluded zero but is very small and is better
read as marginal. The two models are thus effectively equivalent in overall accuracy,
while fine-tuned KoCLIP is more balanced across classes, including minority classes,
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consistent with its lower recall variation and higher worst-class recall in the confusion-
matrix analysis. End-to-end fine-tuning therefore contributes not by raising overall
accuracy further but by maintaining balanced performance across the harder and less
frequent classes.

4.5 Error analysis

Quantitative metrics show in which classes and to what extent the model makes errors,
but they do not reveal in which types of image–hashtag pairs, or for what reasons,
these errors occur. Here we analyze the misclassifications of the fine-tuned KoCLIP in
terms of the distance between the true and predicted classes and the domain in which
the errors occur, and we examine their causes through representative cases.

In terms of error magnitude, 48.3% of all misclassifications were adjacent errors,
in which the true and predicted classes differed by one level, while 20.6% were large-
distance errors, in which the classes differed by three or more levels. This indicates
that, while a substantial portion of the misclassifications occurred between adjacent
consistency levels, errors in which the prediction deviated substantially from the true
label also accounted for a non-negligible proportion. As the two error types may reflect
different causes and characteristics, they warrant separate interpretation.

A domain-level analysis showed that large-distance errors were relatively frequent
in the Entertainment, Travel/Place, and Tech/Product domains, whereas their pro-
portion was comparatively low in the Fashion and Beauty/Shopping domains. This
difference is likely related to how the meaning of a hashtag is visually grounded in
the image within each domain. Fashion- and beauty-related hashtags often refer to
physical objects that appear directly in the image, whereas hashtags in the Entertain-
ment, Tech/Product, and Travel/Place domains more often refer to specific people,
product models, or places that require fine-grained identification or external knowl-
edge. Figure 3 illustrates this contrast. In (A), a concrete visual object (cherry
blossoms) is clearly present in the image, and the model accurately predicts the
consistency of the corresponding hashtags. In (B), by contrast, the post shows the
retail packaging of a specific smartphone model; although the hashtags directly name
the depicted product (e.g., #iphone16, #iphone16promax), judging their consistency
requires identifying the exact product model from packaging cues, and the model
assigns the lowest consistency level to every product hashtag of the post (GT=5,
Pred=1), so that the predictions deviate maximally from the true consistency. This
shows that large-distance errors tend to occur when judging a hashtag requires fine-
grained identification or external knowledge, rather than recognition of a generic object
category.

This tendency is confirmed at the level of individual hashtags (Supplementary
Note 2): visually concrete hashtags such as #메이크업 (makeup) and #단풍 (autumn
foliage) had misclassification rates of only 5% and 13%, whereas the cultural slang
#JMT (88%), the abstract seasonal mood #여름 (summer; 86%), and the drama
title #참교육 (74%) were misclassified far more often, reflecting cultural-context,
metaphorical, and external-knowledge gaps rather than random error.

In contrast, adjacent errors were not concentrated in particular domains but were
distributed relatively evenly across domains. This suggests that adjacent errors arise
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Fig. 3 Qualitative comparison of prediction behavior by visual groundability. Each panel corre-
sponds to a representative Instagram post from our dataset and lists the model’s predictions (GT:
ground-truth label; Pred: predicted label) for representative hashtags of that post. Because the
original third-party photographs cannot be republished under the journal’s open license, both pan-
els are illustrated with photographs taken by the authors that depict the same visual content as
the original posts. (A) Season/Nature post: the concrete visual object (cherry blossoms) is directly
present in the image, and the model accurately predicts high consistency for the object-level hash-
tags. (B) Tech/Product post, a photograph of iPhone retail packaging: although the hashtags directly
name the depicted product, judging their consistency requires identifying the exact product model
from packaging cues; the model fails to make this fine-grained identification and assigns the lowest
consistency level to every product hashtag of the post (GT=5, Pred=1). The original post images
belong to the dataset described in the Data availability statement. Photo credits: (A) Jangmin Oh;
(B) Jangmin Oh.

not from the visual characteristics of a specific domain, but rather from the combined
effect of the boundary ambiguity among the five consistency levels and the model’s
ability to make fine-grained distinctions. In particular, for emotional or context-
dependent hashtags, two adjacent labels may both be reasonable judgments, so such
errors should be interpreted separately from large-distance errors.

Taken together, the failures of fine-tuned KoCLIP arise from several distinct factors
rather than a single cause. Large-distance errors occurred mainly when the referent of a
hashtag was not visually manifested in the image (specific people, products, or places)
or required cultural context or external knowledge (slang, drama titles), whereas adja-
cent errors reflect the inherent boundary ambiguity among the five levels, where two
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neighboring labels may both be reasonable for emotional or context-dependent hash-
tags. The accuracy of 45.8% is therefore better read not simply as a deficiency of the
model but as reflecting the multifaceted difficulty of a task in which hashtags encode
affective, cultural, and contextual meaning on which even humans do not fully agree.

5 Discussion

Our findings indicate that semantic consistency between images and hashtags on social
media is not a simple binary property, but a graded and multi-dimensional construct
involving literal object correspondence, affective association, contextual relevance, and
culturally grounded interpretation. This observation is consistent with prior studies
showing that hashtags do not merely refer to objects directly visible in an image,
but may also express emotions, attitudes, social context, and user intentions [2, 4].
Consequently, the semantic relevance of a hashtag cannot always be determined solely
from observable visual cues.

The low class-balanced performance of the similarity-based configurations with
both backbones indicates that distances learned for general image–text alignment do
not correspond to the graded consistency of affective and context-dependent hash-
tags, in line with broader observations that vision–language models pretrained on
descriptive image–text pairs struggle with informal, non-literal language in social-
media settings [6]. A supervised decision boundary over frozen representations recovers
class discrimination and class balance, but its gains did not extend uniformly to the
ordinal metrics, so a classification head alone does not resolve the ordinal structure of
the task.

The effect of end-to-end fine-tuning differed markedly across the two backbones.
Fine-tuning KoCLIP produced the most balanced performance, whereas fine-tuning
CLIP under the same training protocol resulted in lower performance. This contrast
suggests that the effectiveness of fine-tuning depends not only on updating the back-
bone parameters, but also on whether the pretrained backbone provides an initial
representation that is suitable for the target language and task. The Korean-adapted
KoCLIP backbone appears to offer a more appropriate starting point for learning
the linguistic and cultural characteristics of Korean hashtags. By contrast, the degra-
dation observed for CLIP may be related to unstable adaptation, overfitting on the
task-specific dataset, or a mismatch between its pretrained representations and the
target language. Determining the precise mechanism behind this degradation would
require further analysis of training dynamics, parameter changes, and the structure of
the learned embedding space.

The ablation study qualifies the contribution of fine-tuning. That untuned SVM
and XGBoost classifiers on frozen KoCLIP embeddings matched fine-tuned KoCLIP
on aggregate metrics, with no statistically distinguishable difference from XGBoost in
accuracy or QWK, shows that the pretrained KoCLIP representations already encode
much of the information needed for this task. The significant macro-F1 advantage of
fine-tuned KoCLIP, together with its higher minimum class recall, indicates that the
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benefit of fine-tuning is not a uniform gain in every aggregate metric but a joint adap-
tation of representations and decision boundary that yields more stable predictions
across the imbalanced five-level label space, including the underrepresented Class 1.

Model performance should also be interpreted in conjunction with the annotation
reliability analysis. In the human validation study, exact agreement between GPT-
4o mini and the human annotators remained below 50%, and the human annotators
themselves agreed exactly on only 52.4% of pairs, with about 8% of human–human
comparisons differing by more than one level. Adjacent scores could represent simi-
larly plausible judgments, particularly for hashtags involving affective, metaphorical,
or culturally contextualized meanings. These findings indicate that the boundaries
among the five consistency categories are not entirely objective and that annotation
uncertainty should be considered when interpreting exact model accuracy.

Nevertheless, human agreement and model accuracy measure different quantities
and should not be compared as if they were directly equivalent. Agreement results
should therefore not be treated as a numerical upper bound on model performance, and
annotation ambiguity does not explain all prediction errors. The adjacent accuracy of
0.720 achieved by fine-tuned KoCLIP indicates that many predictions were either cor-
rect or within one level of the reference label. However, large-distance errors between
low- and high-consistency classes were also observed for some samples. This suggests
that the difficulty of the task arises not only from subjective boundaries between neigh-
boring categories, but also from model limitations in handling low-frequency slang,
abstract affective expressions, fine-grained object or brand recognition, and contextual
meanings that are not directly visible in the image.

Overall, the results demonstrate that modeling semantic consistency in Korean
social-media content requires the joint consideration of language-appropriate multi-
modal representations, supervised decision boundaries, and the ordinal structure of
prediction errors. KoCLIP-based fine-tuning provided the most balanced class-wise
performance, while frozen KoCLIP representations combined with strong classifiers
remained competitive in overall performance. Future model development should
therefore consider not only improvements in exact accuracy, but also class-wise bal-
ance, ordinal agreement, computational efficiency, and the incorporation of additional
contextual information.

5.1 Limitations

Although this study provides a systematic empirical evaluation of graded semantic
consistency prediction between images and Korean hashtags, it has several limitations:

• Limited Contextual Information: The current model uses only the post image
and an individual hashtag as input. However, the meaning of a hashtag may depend
on additional contextual information, including the full caption, co-occurring hash-
tags, text embedded in the image, posting time, social trends, and the user’s
characteristic style of expression. In particular, affective or metaphorical expres-
sions and culturally grounded slang are often difficult to interpret from a single
image–hashtag pair alone. Hashtags referring to specific products or places may also
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require fine-grained visual recognition or external knowledge. Context-aware mod-
els that integrate these additional signals represent a promising direction for future
research. However, the use of user-level information must be accompanied by careful
consideration of privacy protection and ethical data use.

• Semantic Ambiguity: Some hashtags are inherently abstract and subjective,
making their consistency with an image difficult to evaluate objectively. For exam-
ple, expressions such as #행복 (happiness) and #감성샷 (aesthetic shot) depend
more on atmosphere, emotion, and personal interpretation than on concrete objects
visible in the image. This inherent subjectivity complicates the interpretation of
exact accuracy against a single reference label and may limit reliable discrimi-
nation between neighboring consistency categories. Future research may consider
human-in-the-loop evaluation, context-aware representations, or probabilistic labels
that preserve disagreement among annotators. More rigorous modeling of subjec-
tive semantic judgments may also benefit from additional empirical insights from
psychology and cognitive science.

• Temporal and Platform Generalization: The dataset used in this study con-
sists primarily of public Korean Instagram posts collected during a specific period.
Although post-level grouping prevented the same post from appearing in both the
training and test partitions, the study did not conduct temporally separated eval-
uation. The meanings and usage patterns of hashtags may change rapidly across
platforms, user populations, and social trends. Therefore, the present findings
should not be assumed to generalize directly to newly emerging expressions, other
social-media platforms, or different cultural contexts. Future studies should conduct
out-of-domain evaluation using temporally separated test sets, external datasets
from other platforms, and previously unseen hashtags.

• Model Complexity: End-to-end fine-tuning of large multimodal models such as
KoCLIP requires substantial computational resources, which may hinder deploy-
ment in resource-constrained environments. This limitation could be alleviated
by adopting parameter-efficient fine-tuning methods, including LoRA, DoRA,
or Uni-LoRA [19–21], as well as model compression or knowledge distillation
techniques.

• Reliance on Automated Labeling: Although the expanded validation study
demonstrated meaningful ordinal agreement between GPT-4o mini and four human
annotators, the automated labels should not be regarded as definitive ground truth.
GPT-4o mini–human exact agreement remained below 50%, and approximately
10% of comparisons differed by more than one consistency level. In addition, the
human validation was conducted by undergraduate research assistants from a single
research environment, which may not capture the full diversity of interpretations
among Korean social-media users. Future studies should involve annotators with
more diverse demographic and cultural backgrounds and may employ probabilistic
or distributional labels to preserve disagreement in subjective cases.

25



1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196

6 Conclusion

User-generated hashtags on image-centric social media often diverge from literal
visual content and instead express emotion, context, and culturally grounded mean-
ing. Formulating image–Korean-hashtag consistency as a five-level ordinal task, we
found a clear gap between descriptive image–text alignment and this affective, non-
literal usage: embedding similarity alone was insufficient, supervised classification
over frozen representations improved class-balanced performance, and end-to-end
fine-tuning helped only when the pretrained backbone suited the target language—
fine-tuned KoCLIP was significantly better than fine-tuned CLIP and frozen-backbone
KoCLIP on every metric, whereas the identical protocol degraded CLIP. Against the
strongest classical baseline, XGBoost, the significant advantage of fine-tuning was con-
fined to class-balanced performance. Because human annotators themselves agreed
exactly on only about half of the validated pairs, the remaining errors reflect both
the limits of current multimodal representations and the intrinsic ambiguity of fine-
grained consistency judgments. Future work should integrate contextual signals such as
captions, co-occurring hashtags, and external cultural knowledge; compare parameter-
efficient adaptation strategies that combine the efficiency of frozen KoCLIP classifiers
with the class balance of fine-tuning; and adopt distributional labels and temporally
separated, cross-platform evaluation to test robustness to evolving language use.

Data availability. All non-image data underlying the results reported in this arti-
cle are openly available. The complete annotated dataset (12,011 image–hashtag pairs
with post identifiers, hashtags, and five-level consistency labels), the cross-validation
fold assignments, the per-sample out-of-fold predictions of all eight model configu-
rations, the full annotation materials (prompt text, scoring rubric, boundary-case
rules, and output schema), and all source code are available on GitHub (https:
//github.com/askjiyun/insta-multimodal-consistency) and permanently archived on
Zenodo (https://doi.org/10.5281/zenodo.21703134). Author-created data are released
under the CC BY 4.0 licence and code under the MIT licence. These materials allow
every reported metric, table, and statistical test to be recomputed without access to
the images.

The 1,673 original Instagram images are not publicly available because copyright
in the photographs remains with the individual Instagram users who posted them,
who have not licensed their redistribution, and because many of the images depict
identifiable private individuals. The images are required only to retrain the models
from scratch. The image archive is available from the corresponding author on reason-
able request for non-commercial academic research; requests are normally answered
within 14 days, and recipients are required to agree not to redistribute the images,
not to attempt to identify the depicted individuals, and to delete the images upon
completion of their study. The complete image archive is available to the editors and
reviewers of this article for the purpose of evaluation.
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