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Abstract - This paper presents an extended study of rtag,
a practical, scalable, command-line tool for automatic semantic
image tagging that leverages the Contrastive Language-Image
Pre-Training model. Extending the original conference paper,
this work contributes a survey of modern vision-language models
and image tagging approaches, an in-depth analysis of prompt
engineering strategies for zero-shot tagging, and a systematic
comparison with existing tagging models and photo manage-
ment applications. Evaluating three prompt templates on the
ObjectNet dataset, the best template improves top-1 accuracy
by 4.36 percentage points (from 25.37% to 29.73%) and top-5
accuracy by 5.94 percentage points (from 48.09% to 54.03%),
substantially exceeding the improvement previously reported on
ImageNet. We further discuss similarity threshold selection and
its effect on tagging precision and recall, as well as standard
image metadata formats and their role in integrating automated
tagging into photo management workflows. The tool caches image
features in an embedded database, enabling efficient re-tagging
of previously indexed collections; the scalability analysis confirms
approximately linear scaling of both indexing and tagging with
the image count, with the cache providing a 25.3% speedup
for previously indexed images. These results show that flexible,
zero-shot image tagging with arbitrary user-defined vocabularies
is practical at scale on consumer hardware, benefiting sectors
that handle large volumes of visual content such as media and
entertainment, digital archiving, healthcare, and personal photo
management.

Keywords - image tagging; zero-shot classification; CLIP; vision-
language models; image metadata.

I. INTRODUCTION

This paper is an extended version of the conference pa-
per [1], which introduced rtag, a command-line tool for
automatic semantic image tagging based on CLIP. It sub-
stantially extends that work with a comprehensive survey of
vision-language models, an analysis of prompt engineering and
threshold selection, and a systematic comparison with existing
tagging tools.

The unveiling of the Contrastive Language-Image Pre-
Training (CLIP) model by OpenAl in 2021 has captured
widespread interest across the domains of Natural Language
Processing (NLP) and Computer Vision (CV). This innovative
model is capable of understanding advanced image representa-
tions by analyzing a vast collection of 400 million image and
text pairs sourced from the internet. CLIP uniquely identifies
the most applicable text snippet for an image through natural
language guidance without being directly trained for such
tasks. Its zero-shot learning capabilities mirror those found in
GPT-2 and GPT-3 [2]. The authors of CLIP have showcased
its ability to match the performance of the original ResNet50

on the ImageNet dataset in a zero-shot setting without using
any of the 1.28 million labeled examples. This breakthrough
addresses some of the most daunting challenges in the field
of computer vision.

Since CLIP’s release, the vision-language model landscape
has evolved rapidly. Models such as ALIGN [3], BLIP [4],
SigLIP [5], and OpenCLIP [6] have pushed the boundaries of
contrastive learning, while specialized image tagging models
like Tag2Text [7] and RAM [8] have advanced image tagging
from fixed-vocabulary approaches toward open-set recogni-
tion. This rapidly evolving landscape motivates a comprehen-
sive review and comparison of approaches for automatic image
tagging.

Given its capabilities, CLIP emerges as an ideal foundation
for developing a semantic image tagging tool capable of
operating in a zero-shot manner with any user-provided tags
or images. This article explores this particular application of
CLIP.

The rapid expansion of data, particularly image data, un-
derscores the timeliness and significance of this research.
Industry estimates suggest that billions of images are shared
online daily across social media, messaging platforms, and
cloud storage services. The surge in digital device usage and
internet accessibility has led to an unprecedented increase in
image production and sharing online, complicating the task
of manually locating specific images. In a previous study, we
introduced a method that employs natural language queries
for image searches using the CLIP model, resulting in the
development of a tool named rclip [9]. While rclip has
broad applications, there are a lot of other use cases where it
is important to be able to tag images to enable their manual
cataloging and search using third-party software. This makes
an efficient image tagging solution increasingly necessary and
relevant.

The key contributions of this extended work beyond the
conference paper are as follows:

e A comprehensive survey of modern vision-language
models and image tagging approaches, including CLIP,
ALIGN, BLIP, SigLIP, RAM, and Tag2Text.

e A detailed analysis of prompt engineering strategies for
CLIP-based tagging and their effect on zero-shot classi-
fication accuracy.

o An in-depth discussion of similarity threshold selection
and its impact on tagging quality, including the trade-off
between precision and recall.
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o A systematic comparison with existing image tagging
tools and services, highlighting rtag’s unique position-
ing in the ecosystem.

o An extended discussion of image metadata standards
(IPTC, XMP, EXIF) and integration with photo manage-
ment workflows.

¢ An architecture diagram and enriched qualitative analysis
of tagging results.

The remainder of this paper is organized as follows. Sec-
tion II reviews related works in deep learning, vision-language
models, image tagging, and prompt engineering. Section III
describes the proposed method for image tagging. Section IV
presents the implementation details, including a system archi-
tecture diagram and metadata standards. Section V discusses
the performance benchmarks. Section VI analyzes the tagging
quality results. Section VII provides a systematic comparison
with existing image tagging solutions. Section VIII discusses
practical applications and limitations. Finally, Section IX con-
cludes the paper and outlines future work.

II. RELATED WORK

The advancement of NLP and CV has been significantly
influenced by the development of models capable of under-
standing and generating insights from both text and images.
The CLIP model by OpenAl marks a pivotal moment in this
journey, leveraging a novel approach to learn visual concepts
from natural language descriptions. This section reviews the
literature that contextualizes CLIP within the broader field of
image tagging and multimodal learning.

A. Foundations of Deep Learning for Image Understanding

One of the earliest attempts to bridge the gap between vision
and language is the work by Socher et al. [10], who introduced
a model for generating descriptions of image contents, paving
the way for subsequent research in multimodal learning.
Their model was among the first to use a neural network to
combine visual and textual data, setting a foundation for future
exploration in the field.

The concept of using neural networks for image classifi-
cation was revolutionized by Krizhevsky et al. [11], with the
introduction of AlexNet, which demonstrated the potential of
deep learning in computer vision tasks. AlexNet achieved a
top-5 error rate of 15.3% on the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC), reducing the previous best
error by over 10 percentage points and establishing deep con-
volutional neural networks (CNNs) as the dominant paradigm
for image classification.

Following AlexNet, two architectures significantly advanced
the field. VGGNet [12] demonstrated that deeper networks
with small (3%x3) convolutional filters could achieve strong
performance, reaching 7.3% top-5 error on ILSVRC 2014.
GoogLeNet (Inception) [13] introduced the inception module,
which applies multiple filter sizes in parallel, achieving 6.7%
top-5 error while maintaining computational efficiency.

The development of the ResNet model by He et al. [14] rep-
resented another major step forward, introducing the concept
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of residual learning to enable the training of networks with
over 100 layers. ResNet won ILSVRC 2015 with a 3.57%
top-5 error rate, surpassing human-level performance. The
advancements in image classification models like ResNet laid
the groundwork for more sophisticated image understanding
and tagging capabilities.

In parallel to improvements in image classification, research
in NLP was making strides with the development of mod-
els like BERT by Devlin et al. [15], which introduced a
new method for pre-training language representations using
bidirectional transformers. BERT’s success in understanding
context and nuance in text provided inspiration for exploring
similar pre-training approaches in multimodal models.

The intersection of NLP and CV began to take a more
defined shape with the introduction of models like VILBERT
by Lu et al. [16], which employed separate pathways for
processing visual and textual information before integrating
them through co-attentional transformer layers, demonstrating
improved performance on tasks requiring both visual and
textual understanding.

The Transformer architecture [17], originally developed for
machine translation, has proven to be a versatile backbone
for multimodal learning. Its self-attention mechanism enables
models to focus on relevant parts of the input when generating
tags or descriptions, facilitating more nuanced interpretation of
visual and textual data.

B. Vision-Language Models and Contrastive Learning

The development of CLIP by Radford et al. [2] stands
as a significant milestone in vision-language modeling. CLIP
employs a dual-encoder architecture: a Vision Transformer
(ViT) [18] encodes images, while a text transformer encodes
natural language descriptions. The model is trained using
contrastive learning on 400 million image-text pairs collected
from the internet (the WebImageText dataset). During training,
CLIP learns to maximize the cosine similarity between match-
ing image-text pairs while minimizing it for non-matching
pairs. This approach enables remarkable zero-shot transfer: at
inference time, the model can classify images into arbitrary
categories by computing similarity between image features and
text features derived from category descriptions.

CLIP’s ViT backbone comes in several variants with differ-
ent capacity and performance trade-offs. ViT-B/32 achieves
63.2% top-1 accuracy on ImageNet in a zero-shot setting,
while ViT-L/14 reaches 75.3%. The choice of backbone di-
rectly affects both accuracy and computational cost.

ALIGN [3] scaled contrastive learning to 1.8 billion noisy
image-text pairs collected from the web without careful cu-
ration. Despite the noise in training data, ALIGN achieved
competitive zero-shot performance, demonstrating that scale
alone can compensate for imperfect data quality, even with
only minimal frequency-based filtering and without careful
curation.

BLIP [4] introduced a bootstrapping approach to language-
image pre-training, combining a multimodal encoder-decoder
architecture with a captioning model that generates synthetic
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captions and a filter that removes noisy ones. This self-
refinement of training data yields improved performance on
both understanding and generation tasks.

SigLIP [5] proposed replacing CLIP’s softmax-based con-
trastive loss with a sigmoid loss function that operates on
individual image-text pairs rather than requiring the full batch
for normalization. This modification simplifies the training
procedure, enables more efficient distributed training, and
achieves competitive or superior performance compared to
the original CLIP formulation. SigLIP 2 [19] extends this
approach with multilingual support, improved zero-shot clas-
sification, and dense feature extraction capabilities.

OpenCLIP [6] provides an open-source reproduction of
CLIP’s training procedure, trained on publicly available
datasets such as LAION-5B [20]. OpenCLIP established re-
producible scaling laws for contrastive language-image learn-
ing, showing that both model size and dataset size con-
tribute to improved zero-shot performance. The availability of
open-source training code and public checkpoints has made
OpenCLIP a foundation for many downstream applications.
OpenCLIP’s ViT-H/14 variant trained on LAION-2B achieves
approximately 78.0% zero-shot top-1 accuracy on ImageNet,
surpassing the original OpenAl CLIP models.

C. Image Tagging Models and Approaches

In the domain of image tagging, prior works have explored
various approaches for automating the process. Traditional
multi-label classification approaches use supervised learning
on fixed label sets. Wang et al. [21] introduced a CNN-RNN
framework that enhances the accuracy of tagging by leveraging
the correlations between labels. Their method predicts multiple
relevant tags for a single image by modeling dependencies
among tags, producing more accurate and contextually relevant
annotations. However, such supervised approaches are limited
to the categories seen during training.

The Recognize Anything Model (RAM) [8] represents a
significant advancement in image tagging. RAM uses a large-
scale annotation pipeline to automatically generate training
data from image-text pairs, supporting over 6,400 tag cate-
gories. RAM employs a vision transformer backbone with a
tag recognition decoder and achieves strong performance, out-
performing CLIP and BLIP on standard tagging benchmarks.
While RAM is primarily evaluated on its predefined tag set,
its use of a CLIP-based text encoder for label queries gives
it open-set capability, enabling recognition of tags not seen
during training. However, RAM requires GPU resources for
inference, with model sizes of approximately 5.6 GB.

RAM++ [22] builds on RAM’s open-set foundation by
incorporating multi-grained text supervision to significantly
improve recognition of diverse and rare open-set categories.
This is achieved through a retrieval-augmented approach that
combines RAM’s semantic tag embeddings with enhanced
text representations. While more flexible than the original
RAM, RAM++ still relies on a specialized architecture and
substantial computational resources.
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Tag2Text [7] combines image tagging with image cap-
tioning in a unified framework. The model supports 3,429
tag categories and can simultaneously generate descriptive
captions and structured tags. Tag2Text demonstrates that the
tagging and captioning tasks are complementary: tags provide
grounding for more accurate captions, while the captioning
objective improves tag recognition.

Weyand et al. [23] introduced PlaNet, a method for geolo-
cating images using a deep neural network. PlaNet demon-
strates the potential of using image content to infer metadata
beyond simple object recognition, assigning geographic tags
based on visual features.

In contrast to these approaches, rtag occupies a distinct
niche. While RAM offers open-set tagging capability and
Tag2Text operates with a fixed vocabulary, both use spe-
cialized architectures. In contrast, rtag leverages CLIP’s
general-purpose zero-shot capability to support completely
arbitrary, user-defined tags without any specialized training.
This flexibility comes at the cost of lower accuracy on fixed-
vocabulary benchmarks, but enables use cases that specialized
models cannot address, such as tagging with domain-specific
or personal categories.

D. Prompt Engineering for Vision-Language Models

The effectiveness of CLIP-based zero-shot classification is
sensitive to the textual prompts used to represent categories.
Radford et al. [2] demonstrated that using a simple template
like “a photo of a {label}” provides a 1.3 percentage point
improvement on ImageNet over using bare class names. Fur-
thermore, using an ensemble of 80 prompt templates (e.g.,
“a photo of a {label}”, “a good photo of a {label}”, “a
rendering of a {label}”) yields an additional 3.5 percentage
point improvement over the single template, for a total gain
of approximately 4.8 percentage points over bare class names.
Even simple template modifications have measurable effects:
template variations such as “a photo of a {class}” vs. “a photo
of {class}” can produce approximately 5 percentage points
difference on fine-grained datasets like Caltech-101.

This sensitivity has motivated research on automatic prompt
optimization. CoOp [24] replaces hand-crafted prompt tem-
plates with learnable continuous vectors that are optimized
on a few labeled examples, achieving significant improve-
ments over hand-crafted prompts on several benchmarks.
CoCoOp [25] extends this approach with conditional context
optimization, generating input-dependent prompts that gener-
alize better to unseen classes.

An alternative direction uses large language models (LLMs)
to generate descriptive prompts automatically. Menon and
Vondrick [26] proposed using GPT-3 to generate category
descriptions (e.g., for “cat”: “has whiskers”, “has pointed
ears”, “is a small domesticated carnivorous mammal’’), achiev-
ing substantial improvements by leveraging the LLM’s world
knowledge to create more discriminative text representations.
This approach can yield up to 5 percentage points improve-
ment on challenging benchmarks without requiring any labeled
images.
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Prompt engineering is directly relevant to rtag’s design.
As we show in Section VI, evaluating three prompt templates
on ObjectNet reveals a 4.36 percentage point improvement
in top-1 accuracy with the “photo of a [tag]” template,
substantially exceeding the 1.3 percentage point gain reported
by Radford et al. on ImageNet. This suggests that prompt
optimization has an outsized effect on real-world photograph
datasets and that further optimization could yield additional
gains.

III. METHOD

This section formalizes the approach behind rtag, covering
the image-tag similarity computation, the threshold-based tag-
selection rule, the role of prompt templates, and the optimiza-
tions that make the method scalable.

A. CLIP-Based Similarity Computation

CLIP’s dual-encoder architecture produces aligned embed-
dings for images and text in a shared n-dimensional vector
space (where n depends on the CLIP model variant; n = 512
for ViT-B/32). Given an image ¢ and a text label (tag) ¢, the
CLIP image encoder fimg and text encoder fix produce L2-
normalized feature vectors v; = fing(?) and v; = fiex(t),
respectively.

The similarity between an image and a tag is computed
via the dot product (Equation (1)) of their normalized feature
vectors:

n
VioVi= Y Uik Uik (D
k=1

Since CLIP produces L2-normalized vectors (||v;| =
|[v¢]]l = 1), the dot product is equivalent to cosine similar-
ity (Equation (2)):

V; V¢

cos(6) =V, Vy (2)

[vill - vl

For a collection of m images and p tags, the full similarity
matrix can be computed efficiently as a single matrix multi-
plication:

S=1-T' (3)

where I € R™*™ is the matrix of image feature vectors and
T € RP*" is the matrix of tag feature vectors. The resulting
matrix S € R"*P contains the cosine similarity score between
every image-tag pair.

B. Tag Selection and Threshold Semantics

Given the similarity matrix S, a tag t; is assigned to image ¢
if and only if their similarity exceeds a configurable threshold
T

1 ifSij>T

0 otherwise

assign(i, t;) = { “4)

The threshold 7 controls the trade-off between precision
and recall. A higher threshold produces fewer tags per image
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with higher confidence (higher precision, lower recall), while
a lower threshold produces more tags, including less confident
ones (lower precision, higher recall).

The default threshold of 7 = 0.25 was chosen empirically.
In practice, raw CLIP cosine similarity scores for relevant
image-tag pairs typically fall in the range of 0.15-0.40, with
highly relevant matches reaching 0.30-0.35. A threshold of
0.25 provides a reasonable balance: it captures tags with mean-
ingful semantic relevance while filtering out noise. Unlike
classification tasks where the model must select a single best
class, image tagging is inherently a multi-label problem where
multiple tags can apply simultaneously, making the threshold
a critical parameter.

C. Prompt Template Selection

In general, a tag text ¢ can be wrapped in a prompt template
T before encoding:

Vi = ftext(T(t)) (5)

Template choice matters because CLIP was trained on
natural language captions, not isolated labels. A bare label
like “cat” lacks the syntactic context of a natural sentence,
potentially leading to suboptimal embeddings. Templates such
as “photo of a [tag]” bridge this gap by framing the label
as a caption-like phrase. However, rtag passes tags directly
to CLIP’s text encoder without wrapping them in a template.
This design choice preserves maximum flexibility: tags are
not restricted to object labels but can be arbitrary descriptive
text such as “warm lighting,” “taken outdoors,” or “birthday
party.”” The benchmark in Section VI evaluates the effect of
different prompt templates on classification accuracy, showing
that templates like “photo of a [tag]” substantially improve
results when tags are simple object labels.

Template ensembling offers a way to further improve em-
beddings. Given N templates 17, ..., Ty, the ensembled tag
embedding is:

Q 1 N
v§™ = normalize (N ; ftext(Tk(t))> (©)

Radford et al. [2] report a 3.5 percentage point improve-
ment on ImageNet using an 80-template ensemble over a
single prompt template. User-configurable template strings
and ensembling are promising directions for future work
(Section IX).

D. Scalability Optimizations

To allow tagging any kind of image with any set of tags,
the approach suggests allowing the input of a custom list of
tags. While this approach works reasonably fast on a few
images and tags, it may not be scalable when dealing with
a large number of images or tags, particularly without access
to GPUs. To address this scalability issue, we propose two
optimizations:

« Pre-compute tag feature vectors: Tag embeddings are

computed once and reused across all images. Since the
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number of tags p is typically much smaller than the
number of images m, the text encoder inference cost
O(p - ciext) 1s negligible compared to image encoding.

o Utilize rclip’s cache layer: The rclip [27] cache
stores computed image feature vectors in an SQLite [28]
database after initial processing. By reusing these cached
vectors, rtag avoids the expensive image encoding step
entirely for previously indexed images.

Without caching, the total computational cost is O(m - Cimg+
D Cext +m - p-d), where Cimg 1s the cost of encoding one
image, cex 1S the cost of encoding one text label, and d is
the embedding dimension. With caching, the cost reduces to
O(p- cext +m-p-d), since cimg > p-d (CLIP image inference
dominates). The similarity computation O(m-p-d) is a simple
matrix multiplication and is fast even for large datasets.

The rclip cache also handles incremental updates: when
new images are added to a directory, only the new images
require CLIP inference. This is particularly useful when the
user needs to retag images with a different set of tags or when
the images are already indexed by rclip.

Once the tags are selected, they are written to the image
metadata, allowing other software to utilize the tags. For exam-
ple, the user can search for images by tag using the operating
system’s file manager or a third-party image management
application.

IV. IMPLEMENTATION

This section presents how the method is realized in prac-
tice, describing the system architecture, the core processing
pipeline, the available operating modes, and the image meta-
data standards used to store the resulting tags.

A. System Architecture

The method described in Section III is implemented in the
Python utility called rtag [29]. rtag provides an easy-
to-use Command-Line Interface (CLI) that allows users to
tag images within any directory on a computer where rtag
is installed. Tagging images within nested directories of a
complex directory subtree is also supported. To use it, the
user opens the terminal, navigates to the target directory, types
rtag, and hits “Enter.”

Figure 1 shows the overall system pipeline. The architec-
ture consists of two input paths—tag processing and image
processing—that converge at the similarity computation stage.
Tags are encoded once by CLIP’s text encoder, while image
feature vectors are retrieved from the rc1ip SQLite cache (or
computed on the fly for unindexed images). The dot-product
similarity between all image-tag pairs is computed as a matrix
multiplication. Tags exceeding the threshold are passed to the
IPTC metadata writer, which embeds them into the image files.

The solution uses the rclip library [27] to compute
the feature vectors. rclip uses the ViT-B/32 version of
OpenATI’s CLIP model [2]. The tool writes the computed tags
to the image IPTC metadata [30] using the IPTCInfo3 Python
library [31].
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B. Core Processing Pipeline

A simplified version of the image processing loop is shown
in Figure 2. The pipeline operates as follows: (1) tag feature
vectors are computed once by passing all tags through CLIP’s
text encoder; (2) image feature vectors are retrieved from the
rclip SQLite database; (3) for each image, the dot product
between its feature vector and all tag vectors is computed
using a single matrix multiplication (image_features
@ tag_features.T); (4) tags with similarity above the
threshold are selected; and (5) selected tags are written to the
image’s IPTC metadata.

Images are processed sequentially in the current imple-
mentation. Each image’s feature vector is a compact 512-
dimensional float32 array (2 KB), making the per-image
memory footprint negligible. The dominant memory cost is
the tag feature matrix, which for the default ImageNet-1k label
set (1,000 tags) is approximately 2 MB.

C. Operating Modes and Configuration

Figure 3 shows how tags are loaded. By default, rtag
uses the list of the ImageNet-1k [32] labels as tags. The
ImageNet-1k label set contains 1,000 categories spanning
a broad range of everyday objects, animals, vehicles, and
natural scenes, making it a reasonable default for general-
purpose tagging. The user can provide their own list of tags
by specifying the ——tags—filepath argument, e.g., rtag
—--tags—-filepath ./tags.txt, where the file contains
a newline-separated list of tags.

rtag supports two modes of operation:

+ Append mode (-—mode append): Computed tags are
merged with existing tags in the image metadata. Dupli-
cate tags are automatically removed. This mode is useful
for incremental tagging, e.g., first tagging with general
categories and then adding domain-specific tags.

e Overwrite mode (——mode overwrite): Existing tags
are replaced entirely with the computed tags. This mode
is appropriate when re-tagging with a completely new tag
set.

The ——threshold argument allows the user to control the
number of tags written per image. A higher threshold produces
fewer, more confident tags; a lower threshold produces more
tags with greater recall. The default value of 0.25 produces
optimal results in practice.

The --dry-run argument shows what tags would be
written without actually modifying any files. This is useful
for experimenting with different tag sets and threshold values
before committing to changes.

The rtag source code is published on GitHub under the
MIT license [29].

D. Image Metadata Standards

rtag writes tags using the IPTC IIM (Information Inter-
change Model) standard [30] via the IPTCInfo3 library [31].
The IPTC Photo Metadata Standard defines a “keywords” field
specifically designed for descriptive tags, making it the natural
choice for image tagging applications.
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Image Processing

[ Image Directory ]

!
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I
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[Dot-Product Similarity]

|

[ Threshold Filter (1) J

!

[IPTC Metadata Writer]
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Figure 1. The rtag system pipeline. The tag processing path (left) encodes user-provided tags (or the default ImageNet-1k label set) using CLIP’s text
encoder. The image processing path (right) retrieves image feature vectors from the rclip SQLite cache, computing them on the fly for unindexed images.
The similarity computation stage computes the dot product between all tag and image vectors, applies the threshold filter, and writes matching tags to IPTC

metadata.

Several metadata standards exist for embedding information
in image files:

o EXIF (Exchangeable Image File Format): Primarily
stores camera settings and capture parameters (exposure,
focal length, GPS coordinates). EXIF has limited support
for keywords and is not well-suited for tagging work-
flows.

o« IPTC IIM: A well-established standard for editorial
metadata, including the “keywords” field used by rtag.
IPTC is broadly supported by photo management soft-
ware, including Adobe Lightroom, digiKam, macOS
Finder, and Windows Explorer.

« XMP (Extensible Metadata Platform) [33]: Adobe’s more
general metadata framework, based on RDF/XML. XMP
can represent all IPTC fields and more. XMP metadata
can be embedded in the image file or stored in a separate
sidecar file (typically with a .xmp extension).

IPTC was chosen for rtag because of its broad compat-
ibility with existing photo management software and oper-
ating system file managers. A key limitation of the current
approach is that IPTC metadata is embedded directly in the
image file, which modifies the original. For workflows where
non-destructive editing is important—particularly with RAW
image formats—XMP sidecar files would be preferable, as
they store metadata alongside the image without altering it.
Support for XMP sidecar output is planned for a future release
(Section IX).

V. PERFORMANCE ANALYSIS

This section describes the benchmarking methodology and
reports the resulting processing times, analyzing how rtag
scales with the image count and how much the feature cache
contributes.

A. Benchmarking Methodology

Performance was benchmarked on the ObjectNet [34]
dataset, which contains 50,273 images of 313 object cat-
egories. ObjectNet was chosen because its images feature
controlled variations in background, rotation, and viewpoint,
making it more challenging and representative of real-world
conditions than standard benchmarks where objects are typi-
cally centered and well-lit.

All benchmarks were run on an Apple M1 Max CPU (10-
core, 8 performance + 2 efficiency cores, 64 GB unified
memory). Before running the benchmarks, the dataset was
resized to 224 pixels by smaller dimension and converted
to JPG using ImageMagick [35]. The 224-pixel dimension
matches CLIP’s expected input resolution. Processing times
are wall-clock measurements from a single run.

B. Results and Scalability Analysis

Table I shows rtag’s performance when tagging previously
indexed and unindexed images.

The theoretical scaling factor between the full dataset and
the subset is 50,273/965 = 52.1x. The observed scal-
ing factors are 381.25s/12.04s = 31.66x (unindexed) and
284.79s/9.14s = 31.15x (indexed). The sub-linear observed
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tag_features = (
model . compute_text_features (tags)

)

for image in tqdm(
rclipDB . get_image_vectors_by_dir_path(
current_directory),
unit=’"images’,

):
image_path = image[’filepath’]
image_features = np.frombuffer (
image [’ vector’],
np.float32 ,
)
similarities = image_features @
tag_features.T
new_tags = []

for tag, similarity in zip(tags,
similarities):
if similarity > args.threshold:
new_tags.append(tag)

if not new_tags:
continue

image_metadata = IPTCInfo(
image_path ,
force=True,

)
if args.mode == ’append’:
existing_tags = image_metadatal[’
keywords ]
image_metadata[ "keywords’] = [xset(
existing_tags + new_tags)]
elif args.mode == ’overwrite :
image_metadata[  'keywords’] = new_tags
else:

raise ValueError(f’Invalid mode: {
args .mode} )

image_metadata.save ()

Figure 2. Image processing loop.

def load_tags_from_file (path: str):
with open(path, ’'r’) as f:
return f.read().splitlines ()

tags_filepath = args.tags_filepath or
get_imagenet_tags_filepath ()
tags = load_tags_from_file(tags_filepath)

Figure 3. Tags loading.

scaling (31x vs. the theoretical 52x) is expected: fixed
overhead costs such as model loading, SQLite database ini-
tialization, and Python interpreter startup are amortized over
more images in the larger dataset, improving the effective per-
image throughput.

The rclip cache provides a substantial speedup. For the
full dataset, indexed processing (4m44.790s) is 25.3% faster
than unindexed processing (6m21.250s). For the subset, the
speedup is 24.1% (9.14s vs. 12.04s). This confirms that the
caching mechanism provides a consistent benefit regardless of
dataset size.

The effective throughput for the full dataset is ap-
proximately 177 images per second for indexed images
(50,273/284.79) and 132 images per second for unindexed
images (50,273/381.25). At these rates, a personal photo
library of 50,000 images can be fully tagged in under 5
minutes when previously indexed by rclip.

The real-life rtag application possibilities go far beyond
results demonstrated in these benchmarks because rtag can
be used with any tags and images and not just the ones present
in the dataset.

VI. TAGGING QUALITY ANALYSIS

This section explains the evaluation methodology, presents
the quantitative results, examines the effect of prompt en-
gineering, and offers a qualitative analysis of representative
tagged images.

A. Evaluation Methodology

Tagging quality was evaluated using top-k accuracy on the
ObjectNet [34] dataset. Top-k accuracy measures the fraction
of images for which the correct label appears among the &
highest-scoring tags. This metric is appropriate for evaluating
zero-shot tagging systems because the model must rank the

TABLE I. Tagging performance on Apple M1 Max CPU.

Dataset # of images | Indexed | Processing time

ObjectNet 50,273 No 6m21.250s
dataset

ObjectNet 50,273 Yes 4m44.790s
dataset

ObjectNet 965 No 0m12.040s
subset

ObjectNet 965 Yes 0m09.140s
subset
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correct tag among the entire candidate vocabulary (313 Ob-
jectNet category labels in our evaluation), rather than selecting
from a small set of choices.

ObjectNet’s ground truth provides a single correct label per
image, drawn from 313 categories, of which 113 overlap with
the ImageNet-1k label set. The evaluation assigns each image
the tags with the highest similarity scores and checks whether
the ground truth label appears in the top k. This simulates
a realistic use case where the user provides a broad set of
candidate tags and relies on the system to identify the most
relevant ones.

ObjectNet was specifically designed with controlled biases:
objects appear against random backgrounds, in unusual rota-
tions, and from atypical viewpoints. This makes it substantially
more challenging than standard benchmarks. Published results
show that models typically experience a 40-45% performance
drop on ObjectNet compared to their ImageNet accuracy,
making it a stringent test of real-world generalization.

Alternative evaluation metrics include mean average preci-
sion (mAP) and per-category F1 score, which are more suited
to multi-label evaluation. However, ObjectNet provides single-
label ground truth, making top-k accuracy the natural choice
for this dataset.

B. Results Analysis

Table II presents the tagging quality results.

The best template, photo of a [tag], achieves
29.73% top-1 accuracy and should be interpreted in context.
CLIP ViT-B/32 achieves approximately 44.3% top-1 accuracy
on ObjectNet in standard zero-shot classification [6],
where the model selects from ObjectNet’s 113 overlapping
categories [34] and is evaluated only on images from those
categories. rtag’s evaluation uses all 313 ObjectNet category
labels as the candidate tag set and evaluates on all 50,273
images from all 313 categories, making the task harder
in two ways: the model must rank the correct tag among
approximately 2.8 times more candidates, and it must classify
images from the 200 additional categories that have no
overlap with ImageNet.

The top-5 accuracy of 54.03% means that the correct tag
appears among the five highest-scoring tags for over half of all
images. This is practically useful: even when the model does
not rank the correct tag first, it often ranks it highly, enabling
effective tag-based browsing and search.

The gap between top-1 and top-5 accuracy (approximately
24 percentage points) indicates that CLIP frequently assigns
high similarity scores to semantically related tags. This is a
characteristic of contrastive text encoders: training on image—
caption pairs causes embeddings for synonyms and taxonom-
ically related terms (e.g., “speaker” and “loudspeaker”) to

TABLE II. rtag tagging quality on ObjectNet.

Template Top-1 accuracy | Top-5 accuracy

[tag] 25.37% 48.09%
photo of [tag] 26.94% 50.20%
photo of a [tag] 29.73% 54.03%
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be mathematically adjacent in the shared embedding space.
For example, a “speaker” image may receive high scores for
both “speaker” and “loudspeaker,” and an image of a camera
may score highly for both “camera” and “projector.” In a
tagging context, this is often desirable: semantically related
tags improve discoverability.

C. Prompt Engineering Effect

Prompt template choice has a substantial effect on tagging
accuracy. The three templates evaluated show a progressive
improvement: the bare [tag] template achieves 25.37%
top-1 accuracy, photo of [tag] improves this by 1.57
percentage points to 26.94%, and photo of a [tag] adds
another 2.79 percentage points, reaching 29.73%. The total
improvement from bare tags to the best template is 4.36
percentage points in top-1 accuracy (25.37% to 29.73%) and
5.94 percentage points in top-5 accuracy (48.09% to 54.03%).
Notably, the addition of the article “a” alone accounts for more
than half of the total gain.

Radford et al. [2] reported a 1.3 percentage point improve-
ment on ImageNet with the “a photo of a {label}” template.
rtag’s observed improvement on ObjectNet is more than
three times larger (4.36pp vs. 1.3pp). This amplified effect may
reflect the nature of the dataset: ObjectNet consists entirely
of real-world photographs, making the “photo of” framing
especially appropriate—CLIP was trained on internet image-
caption pairs where captions frequently describe photos.

The progressive improvement across all three templates
suggests that prompt framing has an outsized effect on datasets
of real-world photographs. While template sensitivity is well
documented on standard classification benchmarks (e.g., more
than 5% in accuracy on Caltech-101 [24]), the improvement
on ObjectNet is notable for its magnitude on a highly diverse,
real-world dataset with 313 categories.

CLIP’s 80-template ensemble yields a 3.5 percentage point
improvement on ImageNet over a single prompt template. No-
tably, rtag already exceeds this ensemble gain with a single
well-chosen template on ObjectNet (4.36pp), suggesting that
template selection may be more impactful than ensembling
for datasets well-matched to a specific prompt. Implementing
template ensembling in rtag could provide further gains at
the cost of increased text encoding time (proportional to the
number of templates).

Recent work on LLM-generated prompts [26] has shown
that using large language models to create category de-
scriptions can yield substantial improvements on challenging
benchmarks. Learnable prompt optimization approaches such
as CoOp [24] and CoCoOp [25] offer another avenue, though
they require labeled examples for the target domain. These
directions represent significant potential for improving rtag’s
tagging quality in future iterations.

D. Qualitative Analysis

Figures 4, 5, and 6 (at the end of the paper) show example
images from the ObjectNet dataset tagged by rtag using the
default ImageNet-1k tag set and a threshold of 0.25.
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The speaker image (Figure 4) is assigned a broad set of
tags. True positives include the combined label “loudspeaker,
speaker, speaker unit,” a direct match for the object. Related
but less precise tags such as “radio” and “cassette player”
reflect CLIP’s semantic associations: speakers are commonly
found alongside audio playback equipment. These semanti-
cally related tags, while not exact matches for the object, can
be useful for browsing—a user searching for audio equipment
would find this image through multiple related queries.

The soap image (Figure 5) receives a wide variety of tags.
Category confusion between “soap dispenser,” “bathtub,” and
“dishwasher” illustrates CLIP’s tendency to associate objects
with the contexts in which they commonly appear. Soap is
frequently depicted near bathtubs and cleaning contexts, lead-
ing CLIP to assign high similarity to these related concepts.
This contextual association is a feature of CLIP’s training
on captioned internet images, where co-occurring objects are
frequently mentioned together.

The camera image (Figure 6) receives a cluster of tags
centered on optical devices. The presence of ‘“binoculars”
and “opera glasses” alongside “reflex camera” and “Polaroid
camera” shows CLIP’s semantic clustering of optical devices.
These objects share visual features (lenses, eyepieces, compact
form factors) that lead to similar feature vectors in CLIP’s
embedding space.

A general observation across these examples is that CLIP
tends to assign semantically related tags even when they are
not exact matches. In a tagging context, this behavior is often
beneficial: users browsing tagged images by related concepts
will find relevant results even when the exact tag is not present.
The threshold parameter allows users to control the specificity
of tags—raising the threshold would retain only the highest-
confidence tags, reducing both true and false positives. Despite
occasional false positives, the added tags allow users to surface
the images they are looking for, the primary goal in a browsing
and retrieval context.

VII. COMPARISON WITH EXISTING IMAGE TAGGING
SOLUTIONS

To contextualize rtag’s capabilities, we compare it with
specialized image tagging models and photo management
software that offer automatic tagging features.

A. Specialized Image Tagging Models

RAM (Recognize Anything Model) [8] supports over 6,400
tag categories and uses an automatic annotation pipeline
trained on large-scale image-text pairs. RAM employs a Swin
Transformer backbone with a specialized tag recognition head,
achieving state-of-the-art performance on standard tagging
benchmarks. While RAM’s open-set architecture allows it to
recognize categories beyond its predefined tags, it requires
GPU resources for efficient inference and has a model size
of approximately 5.6 GB.

RAM-++ [22] improves upon RAM’s open-set capability by
incorporating multi-grained text supervision alongside RAM’s
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semantic tag embeddings. This significantly enhances recog-
nition of diverse and rare categories, though the approach still
relies on RAM’s specialized architecture.

Tag2Text [7] integrates tagging (3,429 categories) with
image captioning. While more versatile than pure tagging
models, Tag2Text requires similar computational resources
and operates with a predefined category set for its tagging
component.

rtag takes a fundamentally different approach. Rather
than training a specialized tagging model, it leverages CLIP’s
general-purpose zero-shot capability. This means any text
string can serve as a tag—the user is not limited to a predefined
vocabulary. While this flexibility comes at the cost of lower
accuracy compared to specialized models on their benchmark
categories, it enables use cases that fixed-vocabulary models
cannot support, such as tagging with highly domain-specific
or personal categories.

B. Photo Management Software with Automatic Tagging

Several photo management applications offer built-in auto-
matic tagging:

Google Photos uses proprietary cloud-based ML models
trained on billions of photos, offering excellent accuracy
for common objects, scenes, and faces. However, it requires
uploading all photos to Google’s cloud (raising privacy con-
cerns), does not support custom tags, and the ML-generated
searchable tags cannot be exported as standard IPTC or XMP
metadata (though some metadata such as descriptions and
locations can be exported via Google Takeout as JSON sidecar
files).

Apple Photos performs on-device ML-based classification
for objects, scenes, and faces. While privacy-preserving, it
is locked to the Apple ecosystem and provides no user-
facing CLI. The macOS version supports custom user-defined
keywords via its Keyword Manager, which can be embedded
as standard IPTC metadata upon export; the iOS version is
more limited, offering only captions. Apple also provides
PhotoKit, a developer API for interacting with the Photos
library on iOS and macOS, though there is no command-line
interface for end users.

digiKam [36] is an open-source photo management appli-
cation with deep learning-based face recognition and image
classification. It reads and writes IPTC and XMP metadata,
making it compatible with rtag’s output. However, digiKam
is GUI-only and has limited zero-shot tagging capability.

Immich [37] is an open-source, self-hosted alternative to
Google Photos with ML-based tagging (using CLIP models)
and face recognition. It requires server deployment and does
not operate as a standalone command-line tagging tool.

PhotoPrism [38] is an open-source photo management
application using TensorFlow-based classification. It offers
basic automatic tagging but with limited accuracy compared
to CLIP-based approaches and requires server deployment.

C. Feature Comparison

Table IIT summarizes the key differences between rtag and
existing solutions across several dimensions.
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TABLE III. Comparison of image tagging solutions.

Feature rtag Google Photos Apple Photos digiKam Immich PhotoPrism
Interface CLI ‘Web/Mobile Desktop/Mobile/Web GUI ‘Web/Mobile Web
Custom user tags Yes No Yes (manual) Yes (manual) | Yes (manual) | Yes (manual)
Arbitrary tag vocabulary Yes Proprietary Manual Manual Manual Fixed
Metadata standard IPTC | Proprietary/JSON IPTC (export) IPTC/XMP XMP/IPTC YAML/XMP
Offline operation Yes No Yes Yes Yes Yes
Open source Yes No No Yes Yes Yes
GPU required No N/A No Optional Optional Optional

D. Discussion

rtag fills a unique niche in the image tagging ecosystem. It
is the only tool that combines zero-shot tagging with arbitrary
user-defined tags, CLI-first design, standard metadata output
(IPTC), and offline CPU-only operation. This combination
is particularly valuable for users who need scriptable, au-
tomatable tagging workflows that integrate with existing photo
management software.

The fundamental trade-off is accuracy vs. flexibility. Spe-
cialized tagging models achieve higher accuracy on common
categories because they are trained specifically for the tagging
task. rtag sacrifices some accuracy by using CLIP’s general-
purpose embeddings, but gains the ability to tag with a vir-
tually unlimited vocabulary—including highly specific niche
subjects and arbitrary label combinations that would never
appear in a standard closed-vocabulary dataset.

rtag is also complementary to photo management soft-
ware. Users can run rtag to pre-tag images with IPTC
metadata before importing them into applications like digiKam
or Lightroom, which can read and display the tags. This
workflow combines rtag’s zero-shot flexibility with the rich
browsing and editing features of dedicated photo management
tools.

VIII. DISCUSSION

This section discusses the practical applications enabled by
rtag and the limitations that constrain its current tagging
quality.

A. Practical Applications

rtag’s combination of zero-shot tagging, arbitrary tag
vocabularies, and scriptable CLI interface makes it applicable
across several domains:

Media and entertainment: Bulk tagging of stock photo
libraries with content descriptors, scene types, and mood
keywords. Studios and agencies can define custom tag vo-
cabularies tailored to their cataloging needs.

Digital archiving: Libraries, museums, and historical
archives can tag digitized photo collections with subject mat-
ter, time period, and content descriptors. The ability to define
custom tags is critical for specialized archival vocabularies.

Security and surveillance: Tagging extracted stills from
CCTV or body camera footage with object and scene cate-
gories to enable keyword-based retrieval, useful for reviewing
specific incidents.

Healthcare: Categorizing clinical photographs (dermato-
logical images, wound documentation, surgical site photos)

with domain-specific tags using a custom tag file. This can
assist in organizing and retrieving images for clinical review.

Personal photo management: Tagging personal photo
libraries with content categories to enable search via the
operating system’s file manager. Since rtag writes standard
IPTC metadata, tags are visible in macOS Finder, Windows
Explorer, and most photo management applications.

E-commerce: Product image tagging for catalog manage-
ment, enabling attribute-based search (color, material, style)
using custom tag vocabularies defined by the catalog taxon-
omy.

B. Limitations

Several limitations should be considered when evaluating
rtag:

Model capacity: rtag currently uses CLIP ViT-B/32, the
smallest backbone variant. Larger models (ViT-L/14, ViT-
H/14) would improve tagging quality but at the cost of
increased inference time and memory usage.

File modification: IPTC metadata is embedded directly in
the image file, which modifies the original. No non-destructive
option (XMP sidecar files) is currently available.

Single-label evaluation: ObjectNet provides single-label
ground truth, limiting evaluation to top-k accuracy. Multi-
label evaluation with metrics such as mAP or F1 score would
provide a more complete picture of tagging quality but requires
a multi-label benchmark dataset.

No GPU utilization: The current implementation runs
entirely on CPU. While this ensures broad compatibility, GPU
acceleration would significantly improve throughput for large-
scale tagging tasks.

English-only: CLIP ViT-B/32 is trained primarily on En-
glish text, limiting tag support to English labels. Multilingual
CLIP variants such as SigLIP 2 [19] could enable multi-
language tagging.

Input resolution: CLIP’s 224224 pixel input resolution
may lose fine details that are important for distinguishing
visually similar objects.

Threshold sensitivity: The single global threshold 7 applies
uniformly to all tags. Per-category threshold optimization
could improve results but is not currently implemented.

IX. CONCLUSION AND FUTURE WORK

This paper presented an extended study of rtag, a
command-line tool for automatic semantic image tagging
based on OpenAI’'s CLIP model. Building on the original
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conference publication, we provided a comprehensive sur-
vey of modern vision-language models and image tagging
approaches, situating rtag within the broader landscape of
contrastive learning, specialized tagging models, and prompt
engineering research.

The core method computes dot-product similarity between
CLIP-encoded image features and tag text features, assigning
tags that exceed a configurable threshold. By leveraging the
rclip caching infrastructure, the tool achieves efficient re-
tagging with a 25.3% speedup for previously indexed images.
The scalability analysis confirmed approximately linear scal-
ing at larger dataset sizes, as fixed overhead costs (model load-
ing, database initialization) are amortized over more images,
with throughput of approximately 177 images per second on
an Apple M1 Max CPU for indexed images.

Our analysis of prompt engineering effects across three tem-
plates showed a progressive improvement, with the “photo of a
[tag]” template improving top-1 accuracy by 4.36 percentage
points and top-5 accuracy by 5.94 percentage points on the
ObjectNet dataset—more than three times the 1.3 percentage
point gain reported by Radford et al. on ImageNet. This
substantial improvement demonstrates that prompt template
selection is a high-impact optimization for real-world photo-
graph datasets, with further gains possible through template
ensembling and learnable prompt tuning.

The systematic comparison with existing solutions revealed
that rtag occupies a unique niche: it is the only tool com-
bining zero-shot tagging with arbitrary user-defined tags, CLI-
first design, standard IPTC metadata output, and offline CPU-
only operation. While specialized models like RAM achieve
higher accuracy on common tag categories, rtag’s flexibility
and simplicity enable practical use cases without requiring
specialized architectures or GPU resources.

The discussion of metadata standards highlighted the im-
portance of using established formats like IPTC for interoper-
ability with photo management software.

Building on the conference paper’s [1] original future work
items, we identify the following directions for strengthening
rtag as a versatile tool for automated image organization.

From the conference paper:

o XMP sidecar file support for non-destructive tagging.
« Parallel image processing for improved throughput.

o Preventing re-indexing on file rename.

o Evaluation on additional datasets.

New directions identified in this extended study:

o Support for larger CLIP backbones (ViT-L/14, ViT-H/14)
via migration to the open_clip library [6].
e GPU acceleration via MPS (Apple Silicon) and CUDA

backends.
o User-configurable prompt template strings (e.g.,
-—template "photo of a [tag]") to let users

opt into template wrapping when their tags are simple
object labels, while preserving the default bare-tag
behavior for maximum flexibility.
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Prompt template ensembling as default behavior, averag-
ing embeddings across multiple templates for improved
accuracy.

Tuning of image preprocessing and cropping together
with per-class similarity thresholds to reduce incorrect
or missed labels.

Learnable prompt tuning using CoOp [24] or Co-
CoOp [25] for domain-specific tagging applications.
Integration with specialized tagging models (RAM,
Tag2Text) for hybrid pipelines that combine zero-shot
flexibility with specialized accuracy.

Hierarchical tagging using WordNet or other ontologies
to organize tags into taxonomic structures.

Utilizing existing image metadata (GPS coordinates for
location-based tagging, EXIF date for temporal tags) to
enrich the tagging process.

Multi-language tag support via multilingual CLIP models
such as SigLIP 2 [19].

Evaluation on multi-label benchmarks with metrics such
as mAP and F1 score for a more comprehensive quality
assessment.

rtag is open-source and available on GitHub [29].
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Profile-iptc: 334 bytes
unknown[2,0] :
Keyword[2,25]: cassette
Keyword[2,25]: cassette player
Keyword[2,25]: dial telephone, dial phone
Keyword[2,25]: electric fan, blower
Keyword[2,25]: handkerchief, hankie, hanky, hankey
Keyword[2,25]: iPod
Keyword[2,25]: loudspeaker, speaker, speaker unit, loudspeaker system, speaker system
Keyword[2,25]: modem
Keyword[2,25]: mosquito net
Keyword[2,25]: notebook, notebook computer
Keyword[2,25]: radio, wireless
Keyword[2,25]: sewing machine
Keyword[2,25]: tape player

Figure 4. An ObjectNet [34] image of speakers tagged by rtag using the default ImageNet-1k label set (threshold 7 = 0.25). The tool correctly assigns
the combined label “loudspeaker, speaker, speaker unit” as a top tag. Semantically related tags such as “radio” and “cassette player” reflect CLIP’s learned
associations between audio equipment concepts.

Profile-iptc: 280 bytes
unknown[2,0]:
Keyword[2,25]: bathtub, bathing tub, bath, tub
Keyword[2,25]: dishwasher, dish washer, dishwashing machine
Keyword[2,25]: maraca
Keyword[2,25]: plunger, plumber's helper",
Keyword[2,25]: screwdriver
Keyword[2,25]: soap dispenser
Keyword[2,25]: toilet seat
Keyword[2,25]: tub, vat
Keyword[2,25]: washbasin, handbasin, washbowl, lavabo, wash-hand basin
Keyword[2,25]: butternut squash

Figure 5. An ObjectNet [34] image of soap tagged by rtag using the default ImageNet-1k label set (threshold 7 = 0.25). The presence of tags like
“bathtub” and “dishwasher” alongside “soap dispenser” illustrates CLIP’s contextual associations—soap frequently co-occurs with bathroom and cleaning
contexts in the training data.
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Profile-iptc: 270 bytes
unknown[2,0]:
Keyword[2,25]: binoculars, field glasses, opera glasses
Keyword[2,25]: bolo tie, bolo, bola tie, bola
Keyword[2,25]: espresso maker
Keyword[2,25]: holster
Keyword[2,25]: lens cap, lens cover
Keyword[2,25]: loupe, jeweler's loupe",
Keyword[2,25]: Polaroid camera, Polaroid Land camera
Keyword[2,25]: reflex camera
Keyword[2,25]: slot, one-armed bandit
Keyword[2,25]: tripod

Figure 6. An ObjectNet [34] image of a camera tagged by rtag using the default ImageNet-1k label set (threshold 7 = 0.25). Tags such as “binoculars”
and “opera glasses” appear alongside “reflex camera” and “Polaroid camera,” showing CLIP’s semantic clustering of optical devices that share visual
features such as lenses and compact form factors.
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