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ABSTRACT

Copy Detection system aims to identify if a query image is
an edited/manipulated copy of an image from a large refer-
ence database with millions of images. While global image
descriptors can retrieve visually similar images, they struggle
to differentiate near-duplicates from semantically similar in-
stances. We propose a dual-triplet metric learning (DTML)
technique to learn global image features that group near-
duplicates closer than visually similar images while maintain-
ing the semantic structure of the embedding space. On the
DISC2021 copy detection benchmark, DTML outperforms
DINO and SSCD descriptors significantly. Additionally, we
design an ensemble-based local feature matching strategy
that operates on retrieved candidates to detect duplicates with
high precision by effectively aggregating matched keypoints
from individual methods. However, match scores from indi-
vidual methods can be noisy and sensitive, making automated
decisioning challenging. To address this, we develop a de-
cisioning engine that consumes match scores from different
keypoint detectors to make accurate decisions, demonstrat-
ing significant improvement over baselines across multiple
datasets. We study the performance of our method under
multiple datasets and demonstrate significant improvement
over competitive baselines.

Index Terms— Image Copy Detection, Deep Metric
Learning, Ensemble Methods

1. INTRODUCTION

Copy Detection is crucial for image verification and con-
tent moderation in online photo sharing and e-commerce
platforms. Users may submit edited copies of previously
shared images or different views of the same object for
misinformation. Manual inspection is expensive and slow.
Preventing such activity requires large-scale image retrieval
and matching. Copy Detection systems involve two tasks:
image retrieval, which performs similarity-based search to
fetch candidates from a database given a query image, and
image matching, which involves local feature matching on
the retrieved candidates.

In Image Retrieval stage, the challenge is to shortlist pre-
cise duplicate candidates among thousands of semantically

and visually similar images. While the dense features from
content-based image retrieval methods [1, 2] are good seman-
tic descriptors, they are not efficient in distinguishing near-
duplicates from semantically similar images. Similarity be-
tween images can be looked at using different granularity lev-
els: exact-duplicates (bitwise same), near-duplicates (scale,
rotation, crop, jpeg, edits, overlay, etc), instances of a seman-
tic class (visually similar images). For high-precision copy
detection, we are interested in learning image representations
that are effective in discriminating exact/near duplicates from
semantically similar instances. To this end, we propose a
deep metric learning technique with a semantic-aware dual
triplet loss formulation to learn image features suitable for
high-precision copy detection.

In the Image Matching task, the aim is to identify sub-
regions of two images capturing the same physical points
by matching local features. The biggest challenge is finding
robust local features invariant to changes in scale, rotation,
blur, texture, illumination, and viewpoints. Traditional hand-
crafted methods like SIFT [3], BRISK [4], and ORB [5] per-
form well under easy and moderate conditions, while modern
deep learning-based methods [6, 7, 8] show improvements
under challenging conditions like large viewpoint and illumi-
nation changes. However, a holistic end-to-end solution for
all conditions remains challenging. Additionally, matching
scores based on matched keypoints can be noisy and de-
pend on image quality, underlying technique, and co-visible
area. We highlight two shortcomings: 1) Individual methods
fail to generalize across conditions, and 2) Matching scores
are highly sensitive to various factors. To address these, we
propose an ensemble-based holistic approach leveraging mul-
tiple keypoint detectors and matchers, to learn a non-linear
mapping function for precise decisioning.

Our main contributions in this work include:
• We propose a novel dual triplet loss formulation for

learning effective global features for image copy de-
tection while still capturing the meaningful semantic
construct of the embedding space.

• We study the effectiveness of individual image matching
algorithms and propose a simple, flexible and effective
framework for ensemble based image matching.

• Our proposed models evaluated on public copy-detection
datasets and an internal e-commerce dataset achieves



superior performance in detecting image copy attack
compared to state-of-the-art baselines.

2. RELATED WORK

Instance Level Recognition (ILR) and Content-based Image
Retrieval (CBIR) methods like NetVLAD [9], DELF [10],
AP-GeM [11], DELG [12], Multigrain [1], and HOW [2]
have achieved promising results on ILR tasks. However, their
performance in distinguishing digitally manipulated copies
can be limited [13]. Self-supervised approaches like SimCLR
[14], MoCo [15], DINO [16], and VICReg [17] have shown
promising results in copy detection benchmarks but lack ex-
plicit constraints to discriminate near-duplicates from seman-
tically similar instances. SSCD [18] uses differential entropy
regularization but affects semantic representation learning.
Our DTML uses a semantic-aware dual triplet loss to pro-
mote separation between edited copies and visually similar
instances while maintaining classification performance. It
effectively incorporates the inductive bias of copy detection
into the learning objective.

Traditional image matching methods like SIFT [3], SURF
[19], and ORB [5] extract robust invariant features. Recent
deep learning methods like SuperGlue [6], LoFTR [7], and
DALF [8] have extended the state-of-the-art but perform well
under specific conditions. We leverage an ensemble of multi-
ple feature detectors and matchers, using their image match-
ing outcomes to detect intentionally modified submissions via
a non-linear mapping function.

3. METHOD

Our end-to-end solution for image copy detection involves
large-scale image retrieval and robust image matching. We
first extract global image features using our proposed deep
learning-based embedding model. For each query image, we
perform a similarity search on the reference set to retrieve K
candidate duplicate image pairs. We then apply an ensemble-
based image matching technique for the query and candidates
to find correspondences. The image match scores are used to
detect image copy cases.

3.1. Dual-Triplet Metric Learning

Deep metric learning (DML) [20] for image retrieval tasks
learn embeddings by pulling semantically similar images
closer while simultaneously pushing semantically dissimilar
images farther away based on distance metrics. A popu-
lar approach involves training an image encoder fθ(.) with
anchor-postive-negative image triplets (xa, xp, xn) with their
corresponding class labels ya = yp ̸= yn, using the triplet
loss function:

Lt = max(0, dap − dan +margin) (1)

Table 1. Data Augmentations used for DTML training
Type Operators

basic Random crop, horizontal flip (50%), color jitter (80%),
grayscale (20%), rotate (20%), Gaussaian blur (50%)

intermediate Random pixelation (20%), noise (10%),
JPEG compression (10%), opacity (10%)

advance perspective (10%), cutout (10%), screenshot (10%)

where dap and dan are the Euclidean distances between em-
bedding pairs. It aims to learn embeddings such that anchor-
negative distance is larger than the anchor-positive distance
by some margin.

To learn image embeddings that are effective for copy de-
tection, we resort to deep metric learning based instance dis-
crimination objective. Let D(.) denote the duplicate function,
then an image triplet can then be defined as: (xa, xp, xn) such
that xa is a duplicate of xp (i.e. xa = D(xp)) and xa is not
a duplicate of xn (i.e. xa ̸= D(xn)). Positives are generated
using task specific image augmentations. Given a mini-batch
of N randomly sampled images, each image x is transformed
into two different views (xi, xj), resulting in N duplicate im-
age pairs (positives). For each positive duplicate pair, other
2(N − 1) images in the batch are treated as negative samples.
Triplets are generated in an online fashion within a mini-batch
and the encoder network is optimized with respect to Equa-
tion 1. The training objective aims to learn embeddings that
are invariant to data augmentations (or manipulations), and
therefore is directly optimized for copy detection.

3.1.1. Data Augmentation

Table 1 lists the augmentations used for training self-supervised
metric learning methods. Besides basic geometric and color
transformations, cutout [21], screenshot [22], and perspective
transformations are important. Cutout masks the foreground
object, encouraging scene-aware feature learning, motivated
by how humans deem images with the same object but differ-
ent scene settings as non-duplicates. Screenshots reproduce a
common copy attack by overlaying the source image on tem-
plates for positive pairs. Strong perspective transformations
help invariance to large viewpoint changes.

3.1.2. Dual Triplet Loss

A major drawback of this instance discrimination objective
using the naive triplet loss (in Equation 1) is that it pushes
all different instances apart irrespective of their semantic re-
lations. Pushing semantically similar instances apart might
break the underlying semantic structure and result in an un-
informative feature space. To this end, we list three guid-
ing principles to learn an embeddings space that facilitates
both accurate duplicate image retrieval while still maintain-
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Fig. 1. (a)(b)(c) Triplet selection under different metric loss functions for an anchor (A) and positive (P) pair in the mini-batch
comprising sample instances from two classes (triangle and circle). Each class instance is differently colored, while duplicate
pair share same color. (d) Illustration of an ideal metric space learned using our proposed DTML method

ing semantic structure that forms local clusters while ensuring
global separability:

1. Two instances of different semantic classes should lie
farther apart.

2. Two instances of same semantic class should lie closer,
obeying intra-class variance.

3. An image and its near/exact duplicate should lie the
closest to each other.

To address the above problem, we propose a dual triplet
loss formulation with two triplet types within a training mini-
batch:

i. (xa, xp, xns), s.t. xa = D(xp), xa ̸= D(xns),

ya = yp = yns

ii. (xa, xp, xnd
), s.t. xa = D(xp), xa ̸= D(xnd

),

ya = yp ̸= ynd

where xns is a negative sample of the same class as the anchor
and xnd

is a negative sample of a different class. The dual
triplet loss is defined as:

Ls = max(0, dap − dans
+margins) (2)

Ld = max(0, dap − dand
+margind) (3)

Ldt = γLs + (1− γ)Ld (4)

where margins << margind and γ is a tunable weight pa-
rameter. The loss term Ls ensures that the instances from
same class as the anchor are slightly far apart than the near/ex-
act duplicates, while the loss term Ld enforces that the in-
stances from different classes are pushed further apart from
anchor. These aspects are controlled by choosing suitable
margins for learning intra-class and inter-class discriminative
features. Figure 1 illustrates the different triplet selection un-
der the discussed metric loss functions. Global features are
extracted from such pre-trained encoder z = f(x) where

z ∈ Rd output of the pooling layer. For each query image
xq , we obtain K closest duplicate image candidates [xj

b]
K
j=1

from the reference set using a distributed approximate nearest
neighbor search system based on FAISS [23].

3.2. Ensemble based Image Matching

Our image matching pipeline consists of four key compo-
nents. The feature extraction module extracts local features
or key points from each image. The feature matching module
generates matches for each image pair. An outlier filtering
module processes these matches. And finally, a decision en-
gine integrates the matching scores from multiple models to
take a consolidated decision.

We use local feature detectors belonging to three different
modelling families, namely, a) SIFT [3] - popular classical
hand-crafted local feature detector, b) SuperPoint+SuperGlue
[6] - fully convolutional end-to-end detector and GNN based
matcher, c) LoFTR [7] - transformer based local feature
matching. Note that, the ensemble construction is flexible
and is not restricted to use only these three methods. Given
an input image pair (Ia, Ib), a ̸= b, we extract N matched
keypoints M = {(kna , knb )}n=1:N for all three detectors at
multiple image resolutions {(hi, wj)}i,j=1:m and both im-
age pair orders {(xa, xb), (xb, xa)}. For SIFT, we employ
Lowe’s ratio test [3] to find good matches from initial set of
matches generated by nearest neighbor (NN) matching. Su-
perGlue and LoFTR have inbuilt matchers in their pipelines
and directly output matched keypoints and corresponding
confidence scores. The matched keypoint coordinates are
rescaled to their positions in original image. The set of
matched keypoints {Mk}k=1:K from the ensemble of dif-
ferent models and settings are aggregated either with an
intersection M̄ = ∩k=1:KMk or union M̄ = ∪k=1:KMk

operation to generate final matching results. The combined
keypoints are further filtered using RANSAC or MAGSAC



estimator to generate confident inliers. The absolute matched
keypoint count, inlier count and inlier percentage serves as
the image match scores/features SM

ab between the two images.
In the decision engine module, we aim to integrate the

image matching scores (Sk
ab) from individual models and the

ensemble model (SM
ab ) to predict image copy attack. To this

effect, we use a classifier model Fθ that consumes these fea-
tures to learn a non-linear decision boundary.

X̄ = {S1
ab, . . . , S

K
ab, S

M
ab } (5)

ŷ = Fθ(X̄) (6)

L(θ) =
1

NL

NL∑
i=1

− (y log(ŷ) + (1− y) log(1− ŷ)) (7)

where NL is number of labelled samples, y ∈ {0, 1} is the
ground truth label indicating image copy attack and ŷ ∈ [0, 1]
is the model prediction.

4. EXPERIMENTS

4.1. Datasets

4.1.1. E-commerce Product Images Dataset (EPID).

To evaluate copy detection, a sample of product images from
customer complaints were mined and audited, forming an in-
ternal dataset (EPID-easy) with 10K customer-shared query
images and 7M reference images from public sets and pre-
vious customer uploads. It contains 1,354 copy cases with
varying attacks like crop, zoom, rotate, geometric/color trans-
formations. We also curated EPID-difficult by augmenting
query images with data transformations to simulate advanced
copy attacks like multiple viewpoints, illumination changes,
occlusion, etc.

4.1.2. Public Datasets.

We evaluate on two public datasets: Copydays [24] contain-
ing 157 original images and 3057 synthetically transformed
copies representing common attacks, where we use the trans-
formed images as queries and the originals merged with 10K
YFCC100M distractors following previous works [1, 16]; and
the DISC2021 [13] validation set with 50K query images, 1M
reference images, and 10K edited copies with advanced ma-
nipulations.

4.2. Training

For the global feature extractor model, we train using DTML
on ImageNet [25] at 512x512 resolution, with positives gener-
ated by image augmentations and class labels (y) for selecting
negatives (ns, nd). We employ GeM pooling with p=3 [18],
train ResNet50 for 100 epochs with batch size 2048, LARS
optimizer, learning rate 2.4, weight decay 10−6, γ = 0.4,
margins = 0.05, margind = 0.1, and cosine learning rate

Table 2. Performance evaluation on EPID-easy.
Embedding Matching EPID-easy EPID-difficult
Model Model µAP R@P90 µAP R@P90

Supervised [26] - 0.63 0.26 0.01 *
simCLR [14] - 0.65 0.30 0.02 *
DINO [16] - 0.85 0.61 0.07 *
SSCD [18] - 0.86 0.63 0.15 *
DTML - 0.89 0.76 0.25 *

DTML SIFT [3] 0.89 0.77 0.27 *
DTML SuperGlue [6] 0.88 0.79 0.39 0.12
DTML LoFTR [7] 0.90 0.87 0.56 0.48
DTML EM 0.94 0.95 0.75 0.73

schedule. For image matching models, we use publicly re-
leased models without training/fine-tuning. For the decision
engine for ensemble image matching, we use XGBoostClas-
sifier and train on 10K samples from the DISC2021 training
set. We use micro-average precision (µAP) and recall at X%
precision (e.g.: R@P90, R@P80) to compare models.

4.3. Results

Table 2 reports the evaluation results on EPID-easy and EPID-
difficult. Some models do not reach P80 for EPID-difficult
and are denoted as ’*’. We report results for baseline methods
using publicly released models that were trained on ImageNet
dataset and uses ResNet50 truck unless explicitly specified.
For baselines, we used their published preprocesing and post-
processing settings. Among the global embedding models,
DTML shows superior performance and achieves an improve-
ment of 3.5% and 66% µAP over SSCD on EPID-easy and
EPID-difficult datasets respectively. Image matching mod-
els further boosts the overall performance by reducing false
positives from first stage and allows operating at high pre-
cision. Our Ensemble Match (EM) achieves significant im-
provement over other standalone key-point based methods.
This proves that individual models exhibit different capaci-
ties and strengths across the problem space and our proposed
ensemble logic effectively combines them.

Table 3 reports the evaluation results on Copydays and
DISC2021 datasets. We report the baseline results pub-
lished in [16, 18] and our methods. We see that the descrip-
tors trained specific for copy detection task (i.e. SSCD and
DTML) performs better at detecting copy attacks compared to
most baselines. DTML shows improvement of 87% and 33%
in µAP over DINO and SSCD respectively on DISC2021
dataset. Similar to self-supervised works, we report the top-1
accuracy for k-NN evaluations on the validation set of Ima-
geNet to evaluate the quality of learnt representations on clas-
sification tasks. The classification performance of SSCD is
severely impacted, on the other hand, DTML shows improved
accuracy over SSCD while still achieving best copy detection
performance. By leveraging Ensemble Match (EM), our two
stage method (DTML+EM) improves the precision by large



Fig. 2. t-SNE visualizations of embeddings of reference images of two products (marked with ’x’ and ’o’). The edited copies
of two reference images (one from each product) are highlighted in ’orange’. The embeddings learned using DTML places
original image and its corresponding duplicates very closer while still maintaining semantic separability between the reference
images of two products.

Table 3. Evaluation results on Copydays, DISC2021 and Im-
ageNet datasets.

Method CopyDays DISC2021 ImageNet
(µAP) (µAP) (top-1 acc.)

Supervised [26] 0.80 0.12 76.2
Multigrain [1] 0.77 0.20 76.8
HOW [2] - 0.17 -
simCLR [14] 0.81 0.13 60.7
DINO[16] 0.88 0.22 77.4
SSCD [18] 0.95 0.45 55.2
DTML 0.98 0.60 65.4
DTML+EM 0.992 0.68 65.4

margin highlighting the importance of learned non-linear
mapping using image match scores/features.

4.3.1. DTML vs SSCD

Figure 2 shows the t-SNE visualizations of embeddings from
different global feature extractors. The data points are ran-
domly sampled reference images of two products and also
contains manipulated edited copies of two original images
(one from each product). We notice that embeddings from su-
pervised baseline network forms semantically separable clus-
ters for images from two different products but are variant
to manipulated edits of original image. SSCD is invariant to
the digital manipulations and groups edited copies together
but does not form well defined semantically separable clus-
ters. While entropy loss weight λ in SSCD can be carefully
tuned to nullify this effect to some extent, it remains non-
trivial since the loss formulation lacks the semantic hierar-
chy. The semantic aware instance discrimination objective
introduced with the dual triplet loss formulation subsubsec-
tion 3.1.2 bridges this inherent trade-off and produces fea-

ture representations that are both effective in grouping the
edited copies together and also forms semantically distinct
clusters. Ideally in real world applications, we want to con-
struct an embedding database that can handle both copy im-
age retrieval and other image recognition tasks efficiently and
not tend towards maintaining separate task specific embed-
ding databases unless really required.

Additional qualitative results, ablation studies and latency
measurements are discussed in supplementary material.

5. CONCLUSION

We propose a novel copy detection approach for preventing
duplicate/edited image uploads on online platforms. Our
embedding model maps images and their near-duplicates to
very similar embeddings, while maintaining larger distances
for same products and dissimilar products. We introduce
an ensemble-based image matching technique to overcome
limitations of standalone methods. A simple decision engine
leverages image matching scores and features for accurate de-
cisions. Extensive analysis on real-world and public datasets
shows our approach significantly outperforms baselines with
a slightly increased computation and latency cost.
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Jégou, Julien Mairal, Piotr Bojanowski, and Armand
Joulin, “Emerging properties in self-supervised vision
transformers,” in Proceedings of the International Con-
ference on Computer Vision (ICCV), 2021.

[17] Adrien Bardes, Jean Ponce, and Yann LeCun, “Vicreg:
Variance-invariance-covariance regularization for self-
supervised learning,” in ICLR, 2022.

[18] Ed Pizzi, Sreya Dutta Roy, Sugosh Nagavara Ravindra,
Priya Goyal, and Matthijs Douze, “A self-supervised de-
scriptor for image copy detection,” Proc. CVPR, 2022.

[19] Herbert Bay, Tinne Tuytelaars, and Luc Van Gool,
“Surf: Speeded up robust features,” in Computer Vi-
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