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Abstract

Jigsaw puzzle solving has recently become an emerging re-
search area. The developed techniques have been widely used
in applications beyond puzzle solving. This paper focuses on
solving Jigsaw Puzzles with Large Eroded Gaps (JPwLEG).
We formulate the puzzle reassembly as a combinatorial opti-
mization problem and propose a Siamese-Discriminant Deep
Reinforcement Learning (SD2RL) to solve it. A Deep Q-
network (DQN) is designed to visually understand the puz-
zles, which consists of two sets of Siamese Discriminant Net-
works, one set to perceive the pairwise relations between ver-
tical neighbors and another set for horizontal neighbors. The
proposed DQN considers not only the evidence from the in-
cumbent fragment but also the support from its four neigh-
bors. The DQN is trained using replay experience with care-
fully designed rewards to guide the search for a sequence
of fragment swaps to reach the correct puzzle solution. Two
JPwLEG datasets are constructed to evaluate the proposed
method, and the experimental results show that the proposed
SD2RL significantly outperforms state-of-the-art methods.

Introduction
Jigsaw is a puzzle game of reassembling interlocking and
inlaid fragments of irregular shapes. Automatic puzzle re-
assembly has been widely studied (Paumard, Picard, and
Tabia 2020; Bridger, Danon, and Tal 2020). The developed
techniques have been used beyond puzzle reassembly, e.g.,
self-supervised learning of visual representations (Noroozi
and Favaro 2016; Ma et al. 2021; Yang et al. 2022).

Traditionally, puzzle solving often relies on the shape
(Zhang and Li 2014; Gur and Ben-Shahar 2017; Zhang et al.
2015), contour (Huang et al. 2013) or color (Son, Hays,
and Cooper 2014) of fragments, while only very few focus
on the image content (Paikin and Tal 2015). Recently, Jig-
saw puzzles are solved by utilizing deep learning techniques
for image understanding and puzzle reassembly (Paumard,
Picard, and Tabia 2020; Doersch, Gupta, and Efros 2015;
Bridger, Danon, and Tal 2020; Li et al. 2022). In Deepzzle,
Paumard, Picard, and Tabia (2020) designed a pair of VGG
networks to predict the relative positions between fragments,
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Figure 1: Proposed Siamese-Discriminant Deep Reinforce-
ment Learning for puzzle solving. The agent aims to learn a
Deep Q-learning Network combining visual understanding
and puzzle reassembly based on the observed sequences of
states, rewards, actions, and the past reassembly experience.

formulated the puzzle reassembly as the shortest-path prob-
lem and solved it using Dijkstra’s algorithm with branch-
cut. Bridger, Danon, and Tal (2020) designed a GAN-based
method to find neighbors of each fragment by filling gaps in
between and a greedy algorithm to reassemble the puzzles.

Solving puzzles often consists of two steps: 1) Image un-
derstanding through either handcrafted features (Gur and
Ben-Shahar 2017; Li et al. 2022), or deep convolutional
neural networks (Paumard, Picard, and Tabia 2020; Noroozi
and Favaro 2016; Bridger, Danon, and Tal 2020; Li et al.
2022). 2) Puzzle reassembly by utilizing various strategies
such as shortest-path optimization (Paumard, Picard, and
Tabia 2020), genetic algorithm (Mirjalili 2019), greedy al-
gorithm (Bridger, Danon, and Tal 2020) and nonconvex
quadratic programming (Yan et al. 2021). A well-designed
reassembly strategy could utilize all the perceived visual
information to derive a globally optimal solution to puz-
zle solving. Previous methods often over-emphasize visual
understanding, while neglecting the importance of the re-
assembly strategy. For example, Deepzzle utilizes a rela-
tively simple Dijkstra’s algorithm with branch-cut as the
assembly strategy (Paumard, Picard, and Tabia 2020). For
a small-scale puzzle, people could resort to the brute-
force method (Paumard, Picard, and Tabia 2018a) or greedy
method (Bridger, Danon, and Tal 2020) for reassembly. But
for a large-scale puzzle, the number of puzzle permutations
grows exponentially and a reassembly strategy is crucial to
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ensure the final success of puzzle solving.
To address the challenges of solving Jigsaw Puz-

zles with Large Eroded Gaps (JPwLEG), we propose
a Siamese-Discriminant Deep Reinforcement Learning
(SD2RL) paradigm. As shown in Fig. 1, given an initial
placement of puzzles, the proposed Deep Q-Network (DQN)
consists of two sets of Siamese Discriminant Networks to
visually perceive the pairwise relations between horizontal
neighbors and vertical neighbors, respectively. The DQN is
trained to estimate the Q value for an action of swapping
a pair of fragments. The reward is calculated based on the
number of fragments being correctly placed after taking the
swapping action, and a greedy policy is used to find the ac-
tion with the largest Q value. The process is repeated until
certain stopping conditions are met. The proposed SD2RL
offers a unified reassembly strategy for solving puzzles. It
is consistent with human’s strategy for solving puzzles, e.g.,
examining the visual information of fragments to combine
neighboring pieces first, and gradually merging them into
large pieces. Humans also make use of a trial-and-error
process for puzzle solving, which is well aligned with the
exploration-exploitation principle of reinforcement learning.

The proposed SD2RL is significantly different from pre-
vious methods in the following aspects: 1) It tackles the JP-
wLEG problem using the reinforcement learning paradigm.
To our best knowledge, this is the first attempt to intro-
duce reinforcement learning into puzzle solving. 2) Previ-
ous methods such as Deepzzle (Paumard, Picard, and Tabia
2020) only make use of the relation between a fragment and
the center piece, which is weak and less informative for frag-
ments far away from the center. In contrast, the proposed
method evaluates the pairwise relations to assess the likeli-
hood of two pieces being neighbors. This framework could
be extended to large-scale puzzles while Deepzzle could not.
3) The proposed SD2RL makes use of not only the per-
ceived visual information but also the past puzzle reassem-
bly experiences guided by the rewards estimated from the
ground-truth puzzle layout. The integration of visual inspec-
tion and deep reinforcement learning reassembly in SD2RL
could help solve the puzzles more effectively.

To validate the proposed SD2RL, two benchmark JPw-
LEG datasets are constructed, JPwLEG-3 with 3× 3 pieces
and JPwLEG-5 with 5 × 5 pieces. The proposed method
is compared with state-of-the-art methods on these two
datasets. It consistently and significantly outperforms all the
compared methods on these two datasets.

Our contributions can be summarized as follows: 1) We
formulate the problem of puzzle reassembly as a combinato-
rial optimization problem, and propose a Siamese Discrim-
inant Deep Reinforcement Learning method to find the best
sequence of swapping actions for puzzle solving. 2) The pro-
posed DQN integrates the visual understanding of puzzles
from the Siamese Discriminant Networks with the reassem-
bly strategy derived from the experience replay guided by
the carefully designed rewards, to help each other to solve
the puzzles mutually. 3) Two JPwLEG datasets are con-
structed to evaluate the proposed method, which will be
made publicly available upon the acceptance of this paper.

Related Work
Jigsaw Puzzle Solving
Puzzle solving has recently attracted a lot of research at-
tention. There are two main types of puzzles: regular-piece
puzzles and irregular-piece puzzles. The geometric informa-
tion of each fragment is often used to find the matches be-
tween fragments (Zhang and Li 2014; Zhang et al. 2015) for
regular-piece puzzles. Many recent studies focus on solv-
ing square-piece puzzles (Paumard, Picard, and Tabia 2020;
Bridger, Danon, and Tal 2020; Yan et al. 2021; Li et al.
2022). Besides the geometric information, the semantic re-
lations between a pair of fragments have also been utilized
(Paumard, Picard, and Tabia 2020).

Solving Jigsaw puzzles often consists of two steps: im-
age understanding and puzzle reassembly. Existing image
understanding methods for puzzle solving can be broadly
categorized into methods based on handcrafted features
and methods based on deep convolutional neural networks.
Handcrafted features based on shapes (Gur and Ben-Shahar
2017), contours (Huang et al. 2013), colors (Paikin and Tal
2015), texture patterns (Son, Hays, and Cooper 2014) and
boundary dissimilarities (Paikin and Tal 2015) are often ex-
tracted to visually understand the puzzle. For example, Son,
Hays, and Cooper (2014) extracted the pairwise matching of
colors and patterns of fragments as features. Paikin and Tal
(2015) extracted the boundary dissimilarity measures and re-
assembled the puzzles with a greedy searching strategy.

Deep learning techniques have been widely used in puzzle
solving and many other applications (He et al. 2023; Zhang
et al. 2022; Yao et al. 2021; Liu et al. 2022). Doersch, Gupta,
and Efros (2015) designed a pair of AlexNet-style architec-
tures to learn the image representation for predicting the rel-
ative position of fragments. In Deepzzle, Paumard, Picard,
and Tabia (2018b) improved the work by adding a combina-
tion layer to emphasize the co-occurrence features between
the pair of fragments. Li et al. (2022) developed a GAN-
based architecture for puzzle reassembly by utilizing both
boundary and image semantic loss. To solve large-scale Jig-
saw puzzles, Bridger, Danon, and Tal (2020) developed an
image inpainting method with a U-Net architecture and a
GAN model for visual perception. However, the eroded gaps
between fragments are made relatively small in their exper-
iments, e.g., only 2 or 4 pixels. This method may not work
well on the JPwLEG problem studied in this work.

Puzzle Reassembly Strategies
In Deepzzle, Paumard, Picard, and Tabia (2020) imple-
mented Dijkstra’s algorithm with branch-cut to solve the
puzzle. For large-scale Jigsaw puzzles with known relations
between fragments, genetic algorithm (Mirjalili 2019) and
simulated annealing (Delahaye, Chaimatanan, and Mongeau
2019) could achieve a good reassembly accuracy. Besides,
the greedy method (Bridger, Danon, and Tal 2020), meta-
heuristic method (Sholomon, David, and Netanyahu 2013),
and quadratic programming (Yan et al. 2021) have been uti-
lized as the reassembly strategy. For the JPwLEG problem,
the relation between two fragments with large gaps is much
weaker, and hence these methods may not work well. In this
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paper, we propose a deep reinforcement learning framework
to improve the reassemble accuracy.

Reinforcement Learning (RL) has witnessed a great num-
ber of successes in combinatorial optimization (CO) (Ben-
gio, Lodi, and Prouvost 2021; Woo, Lee, and Cho 2022;
Chen and Tian 2019; Zong et al. 2022; Bai et al. 2021),
robotics (Tomar, Sathuluri, and Ravindran 2019), natural
language processing (Li, Kiseleva, and De Rijke 2019) and
computer vision (Kim et al. 2021). Combination of RL and
graph neural network also flourished in recent years (Ves-
selinova et al. 2020). In this paper, puzzle solving is first
formulated as a CO problem, and an SD2RL framework is
designed to solve the problem.

Proposed Siamese-Discriminant Deep
Reinforcement Learning for Puzzle Solving

Revisit of Deepzzle Method

To solve the JPwLEG problem, Paumard, Picard, and Tabia
(2020) developed a neural network to learn the probability of
a fragment residing at its current location w.r.t. the fixed cen-
ter piece. After deriving the probability matrix P ∈ R8×8,
where each entry Pij is the probability of the i-th fragment
in the j-th location, the Dijkstra’s algorithm with branch-cut
is utilized to find the puzzle placement. Deepzzle demon-
strates good performance in solving puzzles of 3× 3 pieces,
but still faces two challenges. 1) The support evidence of
a fragment residing at its current location w.r.t. the center
piece may be weak when the fragment is far away from the
center, especially when there are large eroded gaps between
fragments. 2) The reassembly strategy in Deepzzle is rel-
atively simple. It could not handle large-scale puzzles. As
shown later, this will lead to a complicated combinatorial
optimization problem, where much more efforts on reassem-
bly strategy are needed.

Overview of Proposed SD2RL

To tackle the challenges of puzzle solving, Siamese-
Discriminant Deep Reinforcement Learning (SD2RL) is
proposed. For a sequence of fragment swapping actions, the
target is to find the best swap sequence to solve the puz-
zle. As shown in Fig. 2, a Deep Q-Network (DQN) is de-
signed with two sets of Siamese Discriminant networks, one
set to estimate the likelihood probability that two fragments
are horizontal neighbors, and another set for vertical neigh-
bors. The visually perceived information is aggregated in the
DQN through a set of fully connected layers to estimate the
Q value of any swapping action over a given placement of
fragments. The reward is calculated based on the number of
correctly placed fragments after taking the action. A greedy
policy is applied, which maximizes the Q value given a se-
quence of swapping actions. Such a formulation could make
good use of the reward calculated based on the number of
successfully assembled fragments. Such a reward is never
exploited in other works, but could provide more accurate
guidance than the roughly estimated visual evidence from
neighboring fragments, as shown later in experiments.

Formulation of Combinatorial Optimization
To better understand the motivations of our work, we first
formulate the puzzle solving as a Combinatorial Optimiza-
tion problem. More specifically, denote Π as the set of
all possible permutations of fragment indices {1, 2, ..., n},
where the indices encode the positions of fragments and n
is the number of fragments. Given an initial permutation
π0 ∈ Π, the target is to find a mapping function M so that

πG = M(π0), (1)

where πG is the ground-truth layout of puzzles. Assuming
that the center piece is fixed, there are in total (n − 1)! dif-
ferent possible permutations. The optimal mapping M can
be derived by maximizing the evidence E on all fragments,

π∗ = argmax
π∈Π

E, (2)

where E =
∑n

i=1 Ei, and Ei is the evidence of a given
fragment fi being at its current location. Intuitively, Ei

should consider the supporting evidence from its four neigh-
bors as well, e.g. fL

i ,f
R
i ,fU

i , and fD
i with relative po-

sitional relations as left, right, up, and down, respectively.
Denote the estimated evidence of a fragment based on its
image content alone as EC

i , and the evidence of its neigh-
bors being at their current locations as EL

i , E
R
i , EU

i , and
ED

i , respectively. The pairwise probabilities are estimated as
PH(fL

i ,fi), P
H(fi,f

R
i ), PV (fU

i ,fi), and PV (fi,f
D
i ),

respectively, where PH(fa,fb) and PV (fa,fb) denote the
pairwise probability of fa and fb being horizontal and verti-
cal neighbors, respectively. Then, the evidence after consid-
ering the support of neighbors is updated as:

Ei =EC
i + PH(fL

i ,fi)E
L
i + PH(fi,f

R
i )ER

i

+ PV (fU
i ,fi)E

U
i + PV (fi,f

D
i )ED

i . (3)

This formulation is significantly different from Deepz-
zle (Paumard, Picard, and Tabia 2020), where only EC

i is
considered. It is almost infeasible to directly find the map-
ping function M where πG = M(π0). In this paper, we aim
to find a sequence of mapping {M1,M2, . . . },

πt+1 = Mt(πt), (4)

so that the final permutation is the same as πG.

Formulation of Reinforcement Learning
Given the objective function defined in Eqn. (2), one may
resort to some algorithms to directly maximize it to find the
solution. However, our study shows that the estimations of
the probability of two fragments being neighbors may not be
accurate due to the large eroded gaps. For example, the pre-
diction accuracy is 82.6% when a Siamese Discriminant net-
work is trained to determine whether two fragments are hor-
izontal neighbors, and 84.8% for vertical neighbors for puz-
zles of 3 × 3 pieces. More importantly, due to the noisy es-
timation, maximizing the objective function defined in Eqn.
(2) may not produce the correct reassembly order. In fact, for
43.4% of puzzles, the objective function E defined in Eqn.
(2) calculated for the correct reassembly is not larger than
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Figure 2: Block diagram of the proposed Siamese-Discriminant Deep Reinforcement Learning (SD2RL) for puzzle solving.
Given an initial state, the target is the find a sequence of fragment swaps, maximizing the Q value of an action till solving the
puzzle. For the puzzles of N×N pieces, N(N−1) horizontal Siamese Discriminant Networks and N(N−1) vertical Siamese
Discriminant Networks are incorporated with a set of fully connected layers to form the Deep Q-Network. The architecture of
the target network is a sibling to the evaluation network.

that of the reassembly after a greedy search. Apparently, the
objective function E could only provide an approximation
of whether the placement is correct or not.

To tackle this problem, instead of maximizing E, the
proposed SD2RL maximizes the reward defined using the
ground-truth placement, e.g. if the fragment is correctly
placed at its location, the reward is 1 and 0 otherwise. Def-
initely, in this case, for the correct reassembly order, the re-
ward is maximum, but the objective function E may not be
maximum. This reward will guide the agent to choose a se-
quence of swap actions {a1, a2, . . . } to finally achieve the
maximal reward, i.e., to find the correct reassembly order.
The problem is reformulated as a Markov Decision Process
(MDP) with the following implementation details.

1. S: State space. A state st ∈ S is an ordered sequence
of fragments in Jigsaw puzzle problems. A vector v of
length n is used to encode the state, where vti denotes the
fragment of index i at time step t.

2. A: Action space. at ∈ A is an action from the deter-
mined action space. In our problem, A = {(i, j)|i, j ∈
F\fc}, i ̸= j}, where F is the set of fragments’ indices
and fc is the immovable center fragment.

3. R: Reward function. The reward function R(st, at) is de-
fined as R = αLt +(1−α)Ht + b+Ct, where Lt is the
number of fragments being placed at their correct loca-
tions, Ht is the pairs of fragments whose relative position
is correct, Ct is a large positive reward if all fragments
are correctly placed and zero otherwise, b is a constant
penalty for not correctly placing all fragments at this step,
and α ∈ [0, 1]) balances the importance of Lt and Ht.

4. P is defined as the probabilities of state transitions which
are denoted as p(s′|s, a) = Pr{St = s′|St−1 =

s,At−1 = a}. In this problem, the state transition is a
deterministic process.

5. γ ∈ [0, 1] is the discount rate. The agent aims at
maximizing the discounted accumulated reward from
time step t onward, which is denoted as Gt =∑T

k=0 γ
kRt+k+1, where T is the amount of time steps.

Siamese Discriminant Network of Deep Q-network
The proposed Deep Q-network consists of two sets of
Siamese Discriminant networks (SDNs) to visually assess
whether two fragments are neighbors, one set for vertical
neighbors and the other for horizontal neighbors. To model
the pairwise relations, as shown in Fig. 3, each Siamese Dis-
criminant Network is built with two VGG-16 branches, one
to extract the visual information from each fragment. SDN
is trained to determine the likelihood of two fragments be-
ing neighbors. Besides VGG-16, other networks have also
been evaluated, but the VGG-16 produces excellent perfor-
mance while keeping the network lightweight. A plausible
explanation is that by cutting puzzles into pieces with large
eroded gaps, each fragment does not contain too much se-
mantic information, so that simple architecture like VGG-16
is capable of capturing the discriminative information while
maintaining the generalization ability.

Reinforcement Learning Strategy
The proposed SD2RL consists of an evaluation network and
a target network, as shown in Fig. 2. The input to the network
is the puzzle image at the current state, and the output is the
Q value for a given action. Denote the Q value function as
Q(st, at; θ), where θ is the parameters of the network. The
evaluation DQN consists of two sets of SDNs capturing the
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Figure 3: Siamese Discriminant Network to perceive the pairwise relations between horizontal/vertical neighbors.

vertical and horizontal relations of fragments. Then, fully
connected layers are used to map the pairwise probabilities
to Q values with the guidance of the rewards. The correct
placement of two fragments in relative or absolute positions
is rewarded positively. α is close to 1 because the absolute
position is more important. Constant penalty b encourages
the agent to solve a puzzle in fewer steps and avoids the
agent being myopic for intermediate rewards. Ct represents
the reward for correctly solving the puzzle.

A greedy policy a∗ = argmax
a′∈A

Q(st, a
′; θ) is used to

evaluate the current puzzle placement based on the estimated
Q values, similarly as in (Mnih et al. 2015). During training,
actions are selected through the ϵ-greedy policy. Random ac-
tions are selected with probability ϵ and greedy actions are
selected with probability 1− ϵ. ϵ is set to 1 at the beginning
and gradually decreases until ϵ = ϵmin. Such a mechanism
ensures that adequate state space is explored.

In one episode, swapping actions will stop if all fragments
are correctly placed or the maximum step Tmax is reached.
Tmax is set to 20000 for training and 50 for evaluation, to
guarantee that the experience of successfully solving a puz-
zle can be sampled during training and a puzzle needs to be
solved in a short time during evaluation to avoid the lucky
success for a long-term trial. Every W iterations, θ− = θ,
the model parameters of the evaluation network are copied to
the target network. The priority replay mechanism (Schaul
et al. 2016) is used to accelerate the convergence. The pro-
posed Deep Q-learning is summarized in Algorithm 1.

Experimental Results
Construction of JPwLEG Datasets
To evaluate the proposed SD2RL on the JPwLEG prob-
lem, two datasets are constructed based on the METropoli-
tan (MET) Museum of Art open-source image and data re-
sources (Paumard, Picard, and Tabia 2020). 12000 images
of painting, engraving and artifacts are chosen. Each image
is resized and square-cropped to 398 × 398 pixels. For the
JPwLEG-3 dataset of 3× 3 pieces, the image is divided into
9 parts separated by 48-pixel gaps, mimicking an erosion
of the fragments. Each fragment has 96 × 96 pixels, and is
randomly moved by ±7 pixels horizontally or vertically.

To evaluate the robustness of the proposed method in

Algorithm 1: Deep Q-learning for puzzle solving.
Input : Decay factor γ, mini-batch size K, number of

episodes M , target network update step W , an
evaluation network with parameters θ

Output: Target network with parameters θ−
Data: A memory buffer B with capacity N , a data set D of

training Jigsaw puzzles
for episode=1 : M do

Randomly select a puzzle p from D and observe the ini-
tial state st repeat

With probability ϵ select an action at,
otherwise at = argmax

a∈A
Q(st, a; θ)

Execute at on p and observe st+1 and rt
Store the transition {st, at, rt, st+1} in memory
buffer B
if (memory length l ≥ K) then

Sample a batch of transitions by the prioritized
experience < si, ai, ri, si+1 > from B
L(θ) = (ri + γmaxa Q(si+1, a; θ

−) −
Q(si, ai; θ))

2

θ = Adam(∇L, θ)
end
Set θ− = θ every W steps

until time step t = Tmax or puzzle is correctly reassem-
bled;

Update ϵ
end

solving puzzles of a larger scale, we construct a JPwLEG-
5 dataset of 5× 5 pieces from the MET dataset. Each image
is resized and square-cropped to 534 × 534 pixels, and di-
vided into 25 pieces separated by 12-pixel gaps. Each frag-
ment has 96× 96 pixels, and is randomly moved by ±3 pix-
els horizontally or vertically. Following the same evaluation
protocol as in Deepzzle (Paumard, Picard, and Tabia 2020),
we randomly choose 9000 images for training, 1000 for val-
idation, and 2000 for testing on both datasets.

Experimental Settings
The proposed SD2RL is compared with Deepzzle (Pau-
mard, Picard, and Tabia 2020), greedy search (Paikin and Tal
2015), Tabu search (Adamczewski, Suh, and Mu Lee 2015),
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and Genetic Algorithm (Mirjalili 2019). Deepzzle serves as
the baseline method and the other three are popular algo-
rithms to solve CO problems. We implement these algo-
rithms and apply them to the evidence used in Deepzzle, i.e.,
the pairwise probabilities between a fragment and the given
center fragment, and the evidence defined in Eqn. (2) consid-
ering the pairwise relations between neighbors. The former
is denoted by adding a suffix ‘-C’ and the latter is denoted
by adding a suffix ‘-P’. The proposed method is also applied
to the visual perception between a fragment and the given
center fragment as in (Paumard, Picard, and Tabia 2020), to
evaluate the performance gain brought by the Siamese Dis-
criminant Network, which is denoted as SD2RL-C.
Deepzzle (Paumard, Picard, and Tabia 2020) is a state-of-
the-art method for solving JPwLEG problems. The branch-
cut threshold is set to 0.05 for a balance of iteration times
and accuracy. The number of search steps is limited to 106.
Greedy Search (Paikin and Tal 2015) is often used to solve
CO problem. It is implemented as the reassembly strategy
and compared with the proposed SD2RL.
Tabu Search (Adamczewski, Suh, and Mu Lee 2015) is a
metaheuristic that enhances the local search by using a short-
term memory called Tabu List. The tabu size is set to 10 and
the number of iterations is limited to 100.
Genetic Algorithm (Mirjalili 2019) simulates the natural
selection process of candidate solutions, including the multi-
point crossover operator and mutation operator for evolu-
tion. The population size is 256, with the crossover rate of
80%, the mutation rate of 20%, and up to 50 iterations. To
avoid the premature convergence, the fitness values of dupli-
cated solutions are decayed by 10%.
Proposed SD2RL utilizes a batch size of 32, a memory
buffer of size 200,000, W = 100, λ = 0.995, ϵmax = 1
and ϵmin = 0.05, learning rate of 0.0003, α = 0.8, b = 1
and Ct = 1000. The Adam optimizer is used.

The results are reported in terms of four evaluation met-
rics: Perfect, Absolute, Horizontal and Vertical, which
show the percentage of puzzles that are correctly reassem-
bled, in their correct absolute positions, in correct horizontal
and vertical pairwise relations, respectively.

Comparison Results on JPwLEG-3 Dataset
As shown in Table 1, the experimental results on the
JPwLEG-3 dataset are summarized into two groups, the
methods utilizing the pairwise relations in (Paumard, Picard,
and Tabia 2020), denoted by the suffix ‘-C’, and the methods
utilizing the pairwise relations between neighbors, denoted
by the suffix ‘-P’. Based on the experimental results, we
have the following observations: 1) By utilizing the pairwise
relations between neighbors, all the methods in the second
group achieve a significant performance gain over the cor-
responding methods in the first group. This clearly demon-
strates the benefits of utilizing the pairwise relations be-
tween neighbors, which also justifies the design choice in the
proposed DQN by including two sets of Siamese Discrim-
inant Networks for visual support. 2) The performance of
the compared methods such as Deepzzle (Paumard, Picard,
and Tabia 2020), greedy search (Paikin and Tal 2015), Tabu
search (Adamczewski, Suh, and Mu Lee 2015), and Genetic

Method Perfect Absolute Horizontal Vertical
Deepzzle-C 44.9% 74.0% 67.2% 59.0%
Greedy-C 40.0% 71.5% 64.0% 64.7%
Tabu-C 44.8% 73.8% 66.9% 67.4%
GA-C 44.9% 73.9% 66.8% 67.4%

SD2RL-C 47.8% 75.1% 68.6% 69.1%
Deepzzle-P 52.3% 73.8% 69.3% 70.0%
Greedy-P 55.2% 79.5% 74.0% 74.2%
Tabu-P 55.2% 79.0% 73.8% 73.7%
GA-P 55.5% 79.6% 74.3% 74.2%

SD2RL 59.7% 81.6% 76.4% 76.6%

Table 1: Evaluation results on the JPwLEG-3 dataset. The
first group of methods utilizes the pairwise relations between
a fragment and the given center as in (Paumard, Picard, and
Tabia 2020), denoted by the suffix ‘-C’. The second group
utilizes the pairwise neighboring relations, denoted by the
suffix ‘-P’. The large performance gains of the second group
over the first demonstrate the effectiveness of utilizing the
neighboring relations. The proposed SD2RL significantly
and consistently outperforms all the compared methods in
the same group in terms of all evaluation metrics.

Algorithm (Mirjalili 2019) does not vary significantly within
each group. Given a relatively small-scale search problem,
different optimization strategies applied on the noisy esti-
mations of visual evidence do not significantly affect the
final reassembly performance. 3) In contrast, the proposed
SD2RL significantly improves the performance compared
with other reassembly strategies. The underlying reason is
that the proposed SD2RL could utilize not only the visual
perception information of the current puzzle for reassem-
bly, but also the past reassembly experience learned from
the experience replay for other puzzles guided by the care-
fully designed reward function. The reward function is de-
rived using the ground-truth placement of the puzzle, which
is much more accurate than the estimated pairwise relations.
4) The proposed SD2RL significantly outperforms all the
compared methods on all four evaluation metrics. Compared
to the baseline method, Deepzzle-C (Paumard, Picard, and
Tabia 2020), the proposed method achieves the performance
gain of 14.8%, 7.6%, 9.2%, and 17.6% on Perfect, Abso-
lute, Horizontal, and Vertical metrics respectively, in which
the improvement on Vertical metric is most significant.

The JPwLEG datasets consist of puzzles from three main
sources: painting, engraving, and artifact. The evaluation
results for Perfect and Absolute measures on these differ-
ent types of images are summarized in Table 2. It can be
seen that the proposed SD2RL outperforms all the compared
methods on puzzles from different sources using both mea-
sures. Painting puzzles are relatively more challenging be-
cause they contain diverse image content. Fig. 4 shows the
visual results of all the compared methods. Deepzzle (Pau-
mard, Picard, and Tabia 2020), greedy search (Paikin and Tal
2015), Tabu search (Adamczewski, Suh, and Mu Lee 2015)
and Genetic Algorithm (Mirjalili 2019) often make mistakes
for pieces at corners, whereas the proposed method could
find the correct reassembly order.
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Deepzzle Greedy Tabu GA SD2RL

Figure 4: Visualization of the reassembling results on sample images from the JPwLEG-3 and JPwLEG-5 datasets.

Method Perfect Absolute
Pnt. Eng. Art. Pnt. Eng. Art.

Deepzzle-P 30.6% 58.9% 67.4% 61.6% 75.7% 84.2%
Greedy-P 33.7% 61.9% 70.0% 68.1% 81.6% 88.9%
Tabu-P 33.1% 63.9% 68.6% 66.9% 82.1% 88.1%
GA-P 33.9% 63.1% 70.4% 67.7% 82.2% 89.3%

SD2RL 37.3% 67.5% 74.3% 70.0% 84.2% 90.5%

Table 2: Evaluation results on different types of images of
the JPwLEG-3 dataset. The proposed method outperforms
all the compared methods for all three types of images.

Method Perfect Absolute Horizontal Vertical
Deepzzle 0.0% 21.9% 10.9% 10.7%
Greedy 0.1% 24.1% 12.6% 12.3%
Tabu 0.0% 24.6% 12.8% 12.8%
GA 0.0% 25.1% 12.4% 12.3%

SD2RL 5.1% 40.3% 26.5% 26.2%

Table 3: Comparison results on the JPwLEG-5 dataset. The
proposed method significantly outperforms other methods.

Comparison Results on JPwLEG-5 Dataset
The experimental results on the JPwLEG-5 dataset are
shown in Table 3. The proposed method achieves the best
performance among all the compared methods under four
evaluation metrics. It is indeed difficult to solve large-scale
JPwLEG problems, as evidenced in (Bridger, Danon, and
Tal 2020), where only 1 puzzle is correctly assembled for 4-

pixel gaps between fragments, while the gap in the JPwLEG-
5 dataset is 12 pixels. Compared to Deepzzle, the perfor-
mance gains are 5.1%, 18.4%, 15.6%, and 15.5% on Per-
fect, Absolute, Horizontal and Vertical measures, respec-
tively. Our method utilizes the rewards estimated using the
ground-truth puzzle placement to guide the search for the
best swap action, which greatly helps the puzzle reassembly.
As shown in the last row of Fig. 4, many pieces are wrongly
assembled by the compared methods, which are mainly due
to the weak semantic relations between small pieces, while
the proposed method could exploit the rewards and the per-
ceived visual information to reassemble the puzzle correctly.

Conclusion
In this paper, a Siamese-Discriminant Deep Reinforcement
Learning is proposed to solve the Jigsaw puzzle with large
eroded gaps. Two sets of Siamese Discriminant Networks
are designed as part of the Deep Q-network to visually un-
derstand the puzzles. The developed Deep Q-network de-
rives the Q values based on not only the perceived current
image content of puzzles, but also the past experience with
puzzle reassembly. A greedy policy maximizing the Q value
is applied to determine the best swapping action given the
current puzzle placement. The proposed SD2RL makes use
of both the perceived visual information from SDNs and
the exploration-exploitation strategy of RL guided by the
carefully designed rewards estimated using the puzzle place-
ment. Two JPwLEG datasets are created to evaluate the pro-
posed method. The proposed SD2RL significantly outper-
forms all the compared methods on both datasets.
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