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Abstract

Inter-image compression has become increasingly rele-
vant in the age of cloud storage. With an ever-growing col-
lection of images in the cloud, it becomes all the more im-
portant to efficiently compress images, or possibly compress
a set of images that may share some redundancy. Existing
works have tried to target this problem by leveraging low
level frequencies, SIFT features, etc. extracted from these
images. However, there has been a lack of advancement in
this area with modern deep learning techniques. With the
ability of deep neural network models to learn strong la-
tent representations of images, we plan on leveraging neu-
ral networks and modern deep learning techniques to act as
feature extractors for finding representative images in a set
to perform image set compression on. The motivation for
this compression is to reduce the disk space utilization in
storing these images. Taken in aggregate, we increase the
efficiency of storing large collections of image data. Our
method provides 7× reduction in memory footprint, beat-
ing baseline methods by 9.6% and current image-set com-
pression approaches by 8.8%.

1. Introduction
The last decade has seen an increased use of images on the
internet, and the storage of photos on cloud services. With
the magnitude of data present online, there is a need to ef-
ficiently store them in an accessible manner. Hence, image
compression has been a field that has received vital attention
during this time span. However, there are instances when
images contain lots of redundant information with others in
a given set (e.g. photo album, images of similar landscapes
or monuments, etc.). The idea of image set compression
aims to tackle this problem by leveraging this repeated in-
formation across images in a set to efficiently encode and
compress them together.

This paper addresses the following task objective: Given
a collection of m images we wish to represent these im-
ages by information contained within a set of representative
images m′, where |m′| < |m| from which the original im-
ages may be perceptually recovered via prediction schemes.
Random access time should be reasonably low to reduce im-
age loading times. This has wide applicability for personal
cloud-based or on-device image storage, which empirically
contain sets of images with high inter-image redundancy.

Current approaches to image-set compression utilize
classical techniques such as SIFT features [13] and dense
correspondences [21]. However, deep learning approaches
[17] have shown impressive performance for intra-coding
images. In the case of video compression, autoencoder
methods such as [6] match or outperform standard codecs
such as H.264 and H.265 (HEVC) [18].

Inspired by these works, we hope to apply the strong
modeling power of deep neural networks to the image-set
compression tasks. We design, implement, and analyze re-
sults for the following methods in this paper:
• Using CLIP [9] and DINOv2 [8] features in place of SIFT

features to compute pair-wise similarity scores for images
in the set.

• Evaluate compression of non-overlapping patches as im-
age frames of the original image.

• Evaluate compression performance after using metrics
such as LPIPS to sparsify image embeddings to create
video compression opportunities.

2. Related Works

2.1. Existing Image Set Compression Methods

Existing image set compression techniques [2, 11, 12, 14,
15, 19] take advantage of a pipeline that first create a cost
graph based on similarity between images in a set, com-
puted via SIFT [5] features. From here, they aim to create
a pseudo-video which is an ordered view of these images



that attempts to minimize the total cost of transitions be-
tween images. Hence, they construct a minimum-spanning
tree (MST) from this cost graph and topologically sort the
MST to create a directed acyclic graph to use as a pseudo-
video. These works have shown that using this pseudo
video with video compression techniques such as HEVC
[18] have shown promise and have been effective at solving
this problem.

Figure 1. Image-Set Compression Pipeline. A similarity graph
is constructed via a similarity metric yielding an MST that may
be ordered as a pseudo-video subsequently compressed into a bit-
stream by video compression frameworks.

2.2. VCT: A Video Compression Transformer

Recent existing methods for video compression attempt to
use a hybrid of hand-crafted and learned compression tech-
niques, but the Video Compression Transformer (VCT) pro-
posed in [7] takes the approach of trying to train a trans-
former to learn complete end-to-end video compression
with no other augmentations. They found that removing the
hand-crafted elements of video compression led to signifi-
cantly improved results. The VCT architecture consists of
an encoder-decoder model which takes in the encoded pre-
vious two frames and the current frame to predict the com-
pressed representation of the current frame using a proba-
bility mass function so that one can encode more frequently
occurring values with fewer bits.

2.3. DVC

Deep Video Compression [6] improves upon traditional en-
coding approaches such as H.264 and H.265 by replacing or
augmenting canonical compression modules such as motion
estimation and compensation, residual transform and quan-
tization, and entropy coding with CNN-based auto-encoder
deep neural networks.

3. Method
Following current approaches [22], we design an image-set
compression pipeline with the following stages — (1) Pro-
cess an input of an arbitrarily-sized image dataset into clus-
ters of similar, highly redundant images. (2) For each such

group of images, compute a pairwise similarity metric MS .
(3) With the n2 scores generated, we compute the MST of
the fully-connected graph Kn, wherein each image is repre-
sented by a vertex and the edges are weighted by MS(u, v),
where u, v ∈ GV . (4) We arbitrarily root the MST at a
vertex v and designate this as our starting image to topolog-
ically sort this MST into an image sequence S. (5) S is then
processed as a pseudo-video input to a video compression
framework to obtain the final compressed bitstream B. In
such a formalization, the coding efficiency is predominantly
determined by the image coding order, i.e., order of frames
in the pseudo-video.

3.1. Global Image Features

3.1.1 Pre-trained DNN Feature Extractors

In order to construct a cost graph, where edges indicate dis-
tance between images, we look into leveraging features ex-
tractors via off-the-shelf models to obtain image embed-
dings that we can compare. Specifically, we experiment
with both DINOv2 [8] and CLIP [9], which have been
shown to be strong feature image extractors. These models
have been trained on a large corpus of images, thus making
them well suited to serve as global descriptors and strong
image feature extractors. For every pair of images in an
image set, we compute the L2 distance between their em-
beddings and use this as the cost of the edge in the fully-
connected graph, Kn.

3.2. Patching

As an orthogonal approach, taking inspiration from the ViT
[3] and Masked Auto-Encoder [4], we design a patching-
based pair-wise similarity and pseudo-video generation ap-
proach for subsequent video compression. We propose sub-
dividing the input image into equally-sized non-overlapping
smaller patches. We hypothesize that by increasing the
space for total permutations we create more opportuni-
ties for optimization and redundancy across the generated
patches. As a result of patching, we also hope to inject a de-
gree of spatial invariance as local objects that are centered
in the resulting patches may be matched/coded with other
instances of that object (not necessarily always appearing
in the same region) across an image set by being permuted
into successive frames. However, we note that one poten-
tial drawback of this approach is reduced intra-coding effi-
ciency due to the reduction in per-frame resolution.

3.3. Sparsifying Embedding Space with LPIPS

Leveraging encoders to obtain latent space embeddings
for images, although effective, suffers from a fundamen-
tal drawback. These models are highly effective in cap-
turing important semantic features in images. Thus when
prompted with a set of highly similar images, e.g., multi-
ple views of the same scene, the encoding process yields



Figure 2. Summary of our designed approaches to compute pair-wise image similarity metrics. (Top-left) SIFT feature descriptor baseline.
Euclidean distance between (Top-right) CLIP/DINOv2 image embeddings. (Bottom-left) Same as top-right but the input images are sub-
divided into non-overlapping patches. (Bottom-right) Future work delving into using similarity metrics grounded in semantic feature space
over pixel space.

highly similar embeddings that are clustered together in fea-
ture space.

To address this limitation, we augment our latent em-
beddings by weighting (multiplying) it with the LPIPS
(Learned Perceptual Image Patch Similarity) score [20] as
a means to inject additional similarity information into our
pairwise distances matrix prior to MST construction. LPIPS
is a similarity metric that is calculated between pairs of im-
ages where a score of 0 denotes the same image and a score
1 denotes an entirely dissimilar image. Each image is split
into patches and then the distance between the activations
for each of the patches is used to form the LPIPS score for
the image pair. We used the LPIPS metric that has AlexNet
as a backbone. By multiplying our latent embeddings with
the LPIPS score of the respective image pairs, this is effec-
tively pushing dissimilar images farther apart and similar
images closer together.

3.4. Video Compression

Video compression traditionally follows a predict-transform
architecture [16] as detailed below. Input frames are divided
into blocks (e.g. 8x8).
Motion estimation: Estimate motion between current
frame and previous reconstructed frame to obtain motion
vector.
Motion compensation: Predict frame by copying pixels
from previous frame based on motion vector and calculate
residual, the difference between ground truth and predicted

frames.
Transform and quantization: Apply transform (e.g.,
DCT) to residual for better compression followed by quan-
tization.
Inverse transform: Reconstruct residual from its quantized
counterpart.
Entropy coding: Encode motion vectors and quantized
result into bitstream via an entropy coding method (e.g.
CABAC).
Frame reconstruction: Reconstruct frame by adding pre-
dicted frame and reconstructed residual. The decoder
performs motion compensation, inverse quantization, and
frame reconstruction based on encoded bitstream.

4. Experiments

We evaluate our approach on three datasets (1) Wadham
College 1 (2) Tower Bridge subset of the Photo-Tourism
dataset 2 and (3) ”Hallway”, our curated collection of im-
ages depicting various viewpoints of a hallway scene.

The Wadham College dataset was a dataset collected for
multi-view construction consisting of 5 images with redun-
dant features of a building from slighly different angles.

The Tower Bridge subset of the Photo-Tourism dataset
is a set of 100 images of varying quality over a large time-
span. This becomes a challenging benchmark, as there may

1Available at https://www.robots.ox.ac.uk/ vgg/data/mview/
2Available at https://phototour.cs.washington.edu/

https://www.robots.ox.ac.uk/~vgg/data/mview/
https://phototour.cs.washington.edu/


Method File Size on Disk (KB) ↓ PSNR ↑ SSIM ↑
CLIP/DINO (w/ LPIPS) + MST + HEVC (ours) 113 (+9.6%) 34.932 0.916

CLIP+MST+HEVC (ours) 117 (+6.4%) 35.043 0.917
DINO+MST+HEVC (ours) 120 (+4.0%) 35.101 0.918

SIFT+MST+HEVC 124 (+0.8%) 35.173 0.920
Random+HEVC 125 35.276 0.921

Random+patches+HEVC 163 - -

Original 794 - -

Table 1. Compression performance of evaluated methods on the Wadham College Dataset. Relative percent improvement calculated over
Random+HEVC baseline.

be less redundant information between images, and thus
constructing a strong distance cost graph is vital.

The ”Hallway” dataset is a dataset we curated with a set
of 5 images of a hallway from slightly varying angles and
positions.

4.1. Patch-wise Image Features

We experiment with the approach outlined in 3.2, dividing
the input images into non-overlapping patches of sizes 64,
128, and 256 pixels. We limit our study to the Wadham
College Dataset.

4.2. SIFT Baseline

A popular current method for image set compression is to
use Scale Invariant Feature Transform as purposed in [14].
The code for this paper was not released so we had to re-
produce their method locally ourselves. Following [14], we
calculated the key point descriptor distances between all im-
ages pairs to determine an ordering of the images in each
dataset that was then passed into our video generator for
HEVC compression.

4.3. Random Ordering Baseline

The output of the SIFT, CLIP, and DINO methods is an or-
dering of the images which make up the video passed into
HEVC. To ensure that our purposed methods were effective
and better than using an arbitrary ordering of the images
when creating the video for HEVC, we compressed each
dataset using a random ordering of the images.

5. Results
The compression performance of the aforementioned pro-
posed approaches on the Wadham College Dataset are de-
tailed in 1. We compare against two main baselines (1)
using SIFT Features to compute pair-wise similarity and
(2) using a random permutation of image-set frames as a
pseudo-video input to HEVC. See 3 and 4 for results on the
Tower Bridge and Hallway datasets respectively.

Patch Size (px) Size on Disk (KB)

64 156
128 139
256 139
No Patches (using best method) 113
Original 794

Table 2. Compression performance on Wadham College Dataset
after subdividing input image into patches prior to MST construc-
tion and HEVC steps.

LPIPS. The latent embeddings that were weighted us-
ing LPIPS resulted in an improvement over the non-LPIPS
weighted embeddings for temporally local images such as
in the Wadham and Hallway datasets. LPIPS was able to
pick up on the fine grained differences across temporally
local images which nicely complemented the CLIP emed-
dings. Using LPIPS slightly worsened results for the Photo-
Tourism dataset. Intuitively, we believe that LPIPS didn’t
improve compression of the Photo-Tourism dataset because
the images in that dataset are taken across many different
years, cameras, and environments (cloudy, sunny, rainy)
which LPIPS was more sensitive to than other features like
viewing angle. The addition of LPIPS caused the ordering
to become one based on the quality of the image versus an
ordering that was indicative of the point of view present in
the image which is why we observed degraded performance
for the Photo-Tourism dataset.

Patching. Compression performance on Wadham Col-
lege using patched input images are shown in 2. We ob-
serve that patches yielded a sub-optimal result in compari-
son to our best method without patches (CLIP+LPIPS). Due
to this, we do not evaluate the patch method on the Tower
Bridge and Hallways datasets. We hypothesize that this may
be caused by the reduction in the resolution of the image se-
quence processed by HEVC due to sub-division which con-
sequently makes intra-coding of key-frames suffer.



Method File Size on Disk (KB) ↓ PSNR ↑ SSIM ↑
CLIP/DINO (w/ LPIPS) + MST + HEVC (ours) 2123.163 (-0.50%) 38.029 0.947

CLIP+MST+HEVC (ours) 2100.554 (+0.57%) 37.976 0.946
DINO+MST+HEVC (ours) 2102.885 (+0.46%) 38.006 0.946

SIFT+MST+HEVC 2107.569 (+0.24%) 37.983 0.946
Random+HEVC 2112.652 - -

Original 36500 - -

Table 3. Compression performance of evaluated methods on the Tower Bridge Dataset. Relative percent improvement calculated over
Random+HEVC baseline.

Method File Size on Disk (KB) ↓ PSNR ↑ SSIM ↑
CLIP/DINO (w/ LPIPS) + MST + HEVC (ours) 20.812 (+1.44%) 45.386 0.9831

CLIP+MST+HEVC (ours) 21.981 (– 4.09%) 45.451 0.9834
DINO+MST+HEVC (ours) 20.812 (+1.44%) 45.386 0.9831

SIFT+MST+HEVC 22.228 (– 5.26%) 45.362 0.9834
Random+HEVC 21.116 45.412 0.9834

Original 92 - -

Table 4. Compression performance of evaluated methods on our curated Hallway Dataset. Relative percent improvement calculated over
Random+HEVC baseline.

6. Limitations

Our work has several limitations in the pipeline which we
discovered throughout experimentation.

• The pseudo-video order given by a topological sort of
the MST may not be optimally suited for this problem.
Though prior works use this methodology, through obser-
vation, we noticed that given an MST, the order of images
may ensure a smooth transition between image frames in
the final ordering, even though the tree-like structure from
the MST signifies this. Instead, in future work we look to
explore leveraging traveling salesman approximation al-
gorithms, with the relaxed constraint where we can revisit
a node if necessary to find a smallest cost path.

• Our current methodology looks to optimize the ordering
of the images in a set for the HEVC algorithm, however
we have not yet explored whether these optimal order-
ings apply for other video compression algorithms like
DVC. We also reported results on non-traditional image
set compression datasets (except for Wadham College),
however this was due to the lack of accessibility of these
datasets used to benchmark previous approaches.

• Reproducibility of prior works was also an issue due to
the lack of open-source works, hence our method to re-
create prior works via SIFT features. The model weights
for VCT were not released, making reproduction difficult.
We reached out to the authors for weights to no response.
For those reasons, we were not able to explore this further

as it’s currently infeasible to train the model ourselves due
to limited access to GPUs.

7. Future Work

There are several extensions of our work that we’d like to
explore. For example, in larger datasets, images may vary
in quality and scenes drastically. Hence, we’d like to split
up large image sets into smaller ones via unsupervised clus-
tering, and then perform our pipeline on these smaller clus-
ters. We believe this will lead to better pseudo-videos and
hence better compression. We’d also like to add additional
metrics such as PSNR vs. BPP and perceptual loss to align
with metrics presented in some prior works.

Another idea which we want to explore is leveraging se-
mantic similarity between images in a set to inject more in-
formation into the cost graph. The proposed pipeline is in
Figure 2, labeled as ”Semantic Similarity”. The goal would
be to leverage off the shelf segmentation models trained on
an open-vocabulary to obtain segmentation masks for free.
Specifically, in our proposed pipeline, we’d use a vision lan-
guage model, such as GPT-4 [1] to list the classes of objects
observed in an image. From here, we’d pass in this list of
classes along with the image to a segmentation model such
as Grounded SAM [10], which will output segmentation
masks. Then we’d be able to construct similarity metrics
leveraging the masks, such as those based on pixel-wise
class statistics, or mIoU between segmentation masks for



pairs of images. We’d inject this information into an exist-
ing cost graph to hopefully add more information into the
pipeline.

Finally, we plan to evaluate additional deep learning
compression models such as DVC and substitute it into our
pipeline to fully modernize the pipeline and leverage the
recent advances of deep neural networks to realize the full
potential of image-set compression.

8. Conclusion
In this paper, we propose a novel image set compression
pipeline leveraging modern deep learning techniques to act
as feature extractors to find representative images to per-
form compression on. By leveraging strong off-the-shelf
backbones like CLIP and DINOv2 as feature extractors and
injecting metrics such as LPIPS between image pairs in our
distance cost graph, we were able to achieve a 7x reduction
in memory footprint, beating baseline methods by 9.6% and
current image-set compression approaches by 8.8%. We
hope that future work looks to leverage the recent advance-
ments in deep learning to further improve the image set
compression pipeline.
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