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Abstract

Solving jigsaw puzzles has been extensively studied. While
most existing models focus on solving either small-scale puz-
zles or puzzles with no gap between fragments, solving large-
scale puzzles with gaps presents distinctive challenges in
both image understanding and combinatorial optimization. To
tackle these challenges, we propose a framework of Evolu-
tionary Reinforcement Learning with Multi-head Puzzle Per-
ception (ERL-MPP) to derive a better set of swapping actions
for solving the puzzles. Specifically, to tackle the challenges
of perceiving the puzzle with gaps, a Multi-head Puzzle Per-
ception Network (MPPN) with a shared encoder is designed,
where multiple puzzlet heads comprehensively perceive the
local assembly status, and a discriminator head provides a
global assessment of the puzzle. To explore the large swap-
ping action space efficiently, an Evolutionary Reinforcement
Learning (EvoRL) agent is designed, where an actor recom-
mends a set of suitable swapping actions from a large action
space based on the perceived puzzle status, a critic updates
the actor using the estimated rewards and the puzzle status,
and an evaluator coupled with evolutionary strategies evolves
the actions aligning with the historical assembly experience.
The proposed ERL-MPP is comprehensively evaluated on the
JPLEG-5 dataset with large gaps and the MIT dataset with
large-scale puzzles. It significantly outperforms all state-of-
the-art models on both datasets.

Introduction
Jigsaw puzzles are popular entertainment and intellectual
challenges. Solving jigsaw puzzles has been related to a
wide range of applications, e.g., geometric analysis (Harel,
Shahar, and Ben-Shahar 2024), boundary information un-
derstanding (Gallagher 2012), and image semantic under-
standing (Song et al. 2023a). In particular, automatic puzzle
solving has been extensively studied in archaeology (Nada
and Jan 2015) and cultural heritage restoration (Derech, Tal,
and Shimshoni 2021), which greatly releases the burden
of archaeologists. The developed techniques have been ap-
plied beyond puzzle reassembly, e.g., self-supervised learn-
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Figure 1: Huge gaps and a large amount of fragments im-
pose great challenges on puzzle solvers. The proposed ERL-
MPP significantly outperforms the previous best performing
SD2RL (Song et al. 2023a) on four different types of puz-
zles, e.g., puzzles with as large as 12-pixel gaps, or puzzles
with as many as 150 pieces of fragments.

ing (Doersch, Gupta, and Efros 2015; Noroozi and Favaro
2016; Ren et al. 2023), video spatial understanding (Yang
et al. 2022), fine-grained visual classification (Du et al.
2020), and image super-resolution (Ma et al. 2021).

Most methods focus on solving puzzles with no gaps or
very small gaps between fragments (Son, Hays, and Cooper
2019; Bridger, Danon, and Tal 2020; Li et al. 2022), and
utilize the boundary information to infer the pairwise re-
lations between fragments. However, in real-world appli-
cations, there are often gaps on artifacts due to damage
or erosion (Paumard, Picard, and Tabia 2020; Song et al.
2023a), making the boundary similarity unavailable. This
paper tackles the problem of solving Large-scale Jigsaw
Puzzles of Eroded Gaps (L-JPEG). Challenges are two-fold.
1) Visual perception of fragments under gaps. Large gaps
make the methods based on the boundary information in-
effective, resulting in noisy estimation of relations between
adjacent fragments. 2) A huge search space for optimiza-
tion strategy. The number of permutations increases expo-
nentially with the number of puzzle pieces, coupled with
the uncertainty in pairwise relations, making the puzzle re-
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assembly computationally demanding.
In this paper, we propose a framework of Evolutionary

Reinforcement Learning with Multi-head Puzzle Perception
(ERL-MPP) to derive a better set of swapping actions to
assemble the puzzle, leading to the significant performance
gain as shown in Fig. 1. Firstly, to perceive visual clues from
puzzles effectively, a Multi-head Puzzle Perception Network
(MPPN) is designed as the perception module, where three
puzzlet perception heads excavate the local features at mul-
tiple scales by comparing fragments in local neighborhoods,
and a discriminator head globally evaluates whether the puz-
zle has been correctly reassembled. The feature encoder, de-
coder, and discriminator form a Generative Adversarial Net-
work (GAN), where the discriminator evaluates the quality
of decoded image as a reassembled puzzle and helps refine
the encoder to capture the critical features in assessing the
puzzle status. The puzzlet perception heads and the discrimi-
nator head share the same feature encoder to not only reduce
the network complexity but also produce robust features.

Secondly, to tackle the challenges of assembling a large
number of puzzle pieces, an Evolutionary Reinforcement
Learning (EvoRL) agent is designed to select a set of
fragment-swapping actions based on both the current visual
perception and the past reassembly experience stored in an
agent. RL agents have demonstrate good scalability (Arulku-
maran et al. 2017), and evolutionary strategies can reduce
redundant exploration, thereby improving sample efficiency
and diversity (Zhang et al. 2024b). The proposed EvoRL
consists of an actor, a critic, and an evaluator. While the ac-
tor predicts the probability of feasible actions from a given
action space, the critic evaluates the current puzzle status
and updates the actor based on the visual perception from
the MPPN and the reward collected from the environment.
The evaluator assesses the quality of actions evolved us-
ing techniques such as crossover with the action popula-
tion from past reassembly experience and natural mutations,
which helps discover high-performance actions, facilitating
the agent to fast converge to an optimal solution. Besides
the actions of swapping two fragments (Song et al. 2023a),
the agent explores the actions of swapping three fragments
and swapping two 2× 2 puzzlets. During training, the agent
initially exploits larger size swapping actions to explore the
action space more efficiently with the help of the evolution-
ary strategies to avoid a local optimum, and gradually uti-
lizes smaller size swapping actions to focus on assembling
the puzzle perfectly. A set of rewards are designed to pro-
vide clear training guidance for the agent, promoting the cor-
rect fragment placement and perfect puzzle reassembly. By
utilizing the multiple perceptions of the MPPN and the ef-
fective exploration of the EvoRL, the proposed model better
explores and exploits the large action space to derive a better
set of swapping actions to perfectly reassemble the puzzle.

Our contributions can be summarized as follows. 1) The
proposed MPPN perceives both locally adjacent fragments
in small neighborhood through the puzzlet perception heads
and the global puzzle status through the discriminator head.
2) The proposed EvoRL parameterizes the action proba-
bilities from the action space and utilizes the evolutionary
strategies to evolve series of best swapping trajectories, alle-

viating the problem of enumerating and evaluating all possi-
ble swapping actions in the value-based RL agents (Song
et al. 2023a), which effectively explores the large action
space for large-scale puzzles. 3) The proposed ERL-MPP
consistently and significantly outperforms the state-of-the-
art models on the JPLEG-5 dataset (Song et al. 2023a) with
large gaps and the MIT dataset (Bridger, Danon, and Tal
2020) with large-scale puzzles.

Related Work
Puzzle solving often involves visual perception of puzzles
and puzzle reassembly based on the perceived information.
Visual Perception of Puzzles. Traditional methods mainly
handle puzzles with no gap or very small gaps between
fragments, and utilize the boundary information to reli-
ably estimate the pairwise relations between fragments, e.g.,
Handcrafted features such as boundary shapes (Zhang et al.
2015), color contrast (Son, Hays, and Cooper 2019; Yan
et al. 2021), and boundary similarities (Sholomon, David,
and Netanyahu 2013; Paikin and Tal 2015) are often uti-
lized to describe adjacent fragment pairs. Deep neural net-
works have also been developed to extract boundary fea-
tures (Khoroshiltseva et al. 2022; Li et al. 2022).

Recent studies focus on solving puzzles with gaps, where
boundary information is not available due to relatively large
gaps, e.g., 2-4 pixels (Bridger, Danon, and Tal 2020), 12 pix-
els (Song et al. 2023b,a) and 48 pixels (Paumard, Picard, and
Tabia 2020; Song et al. 2023a,b). In this case, image seman-
tics is often utilized to exploit pairwise relations (Paumard,
Picard, and Tabia 2020; Song et al. 2023a,b), serving as im-
portant visual clues as in other applications (Li et al. 2024;
Zhang et al. 2024a, 2023). The gaps between adjacent pieces
are often inpainted by using GAN (Bridger, Danon, and Tal
2020; Khoroshiltseva et al. 2022). But it is difficult to in-
paint the large gaps of 12 pixels or 48 pixels. Deep neural
networks are often utilized to estimate the adjacency rela-
tions (Paumard, Picard, and Tabia 2018, 2020; Song et al.
2023a,b). To predict the correlation between the central frag-
ment and adjacent ones, Paumard, Picard, and Tabia (2020)
developed a Siamese Neural Network. In SD2RL, Song et al.
(2023a) designed a set of Siamese Discriminant Networks to
infer the pairwise relations. Besides pairwise relations, puz-
zlets formed by more adjacent pieces are evaluated by Puz-
zlet Discriminant Network (Song et al. 2023b). These ex-
isting methods often focus on local pairwise features, while
global puzzle perception could also help. This paper presents
a multi-head puzzle perception network to perceive both lo-
cal and global puzzle placement status.
Puzzle Reassembly. Puzzle reassembly strategies can be
broadly divided into two groups. 1) Methods for solving
puzzles with no gaps or small gaps (Son, Hays, and Cooper
2019; Bridger, Danon, and Tal 2020), where adjacency be-
tween fragments can be reliably estimated, and maximiz-
ing adjacency generally leads to correct placements (Cho,
Avidan, and Freeman 2010; Gallagher 2012). These meth-
ods focus on accelerating the solution of large-scale puz-
zles, e.g., greedy tree-based method (Bridger, Danon, and
Tal 2020), genetic algorithm (Sholomon, David, and Ne-
tanyahu 2013), and loop constraints (Son, Hays, and Cooper
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Figure 2: Block diagram of the proposed ERL-MPP for solving L-JPEG problems. The shared MPPN globally perceives the
puzzle through a discriminator head and locally perceives it through three puzzlet perception heads. The EvoRL agent deter-
mines an optimal sequence of swapping actions till perfectly reassembling the puzzle, where an actor recommends swapping
actions from a large action space of Swap-2, Swap-3, and Swap-Puzzlet actions, a critic estimates the state value and
updates the actor based on the visual perception from the MPPN and the estimated reward, and an evaluator assesses and selects
the most suitable action after evolutionary operations such as crossover and mutation. A set of rewards considering fragment
placement, pairwise adjacency and perfect reassembly are designed to guide the training of the agent.

2014; Son, Hays, and Cooper 2019). 2) Methods for solv-
ing puzzles with large gaps (Paumard, Picard, and Tabia
2020; Song et al. 2023a,b), where the adjacency between
fragments can’t be reliably estimated due to the gaps. Pau-
mard, Picard, and Tabia (2020) formulated puzzle reassem-
bly as a shortest-path optimization problem, and solved it by
Dijkstra’s algorithm with branch-cut. PDN-GA (Song et al.
2023b) utilizes a genetic algorithm to derive the reassembly
sequence. Song et al. (2023a) developed a Deep Q-network
for puzzle solving, but it is difficult to evaluate all the feasi-
ble actions, especially when the puzzle has many fragments.

Proposed ERL-MPP
Overview of Proposed ERL-MPP
The proposed ERL-MPP tackles the L-JPEG problems,
where both the gaps and the large number of puzzle pieces
pose great challenges. The block diagram is shown in Fig. 2.
The proposed shared MPPN consists of a GAN-like network
head to perceive the global puzzle status and three puzzlet
perception heads to perceive local puzzle status. The dis-
criminator head and the puzzlet perception heads share the
same encoder to generate a comprehensive representation
through joint feature learning. The encoder-decoder archi-
tecture together with the discriminator is designed to derive
robust features focusing on the image semantics.

The proposed EvoRL agent includes three major compo-
nents. 1) An actor to estimate the probability ratio of swap-
ping actions in a given action space, and recommend can-
didate actions for the evolutionary algorithm to form high
quality swap-based search trajectories with the assistance of
historical experience. 2) A critic to estimate the state value
based on the visual perception from the MPPN and the re-

ward evaluated from the puzzle placement, and update the
critic through the critic loss and the actor through the pol-
icy loss. 3) An evaluator to assess the swapping actions in a
rollout fashion after crossover and mutation, and to select the
most suitable one. It shares the same architecture as the critic
and is soft-updated by the critic (Wei et al. 2021), learning
from the critic while maintaining independence to prevent
potential overfitting. The evolution helps explore a wider
range of combinations of swapping actions, potentially dis-
covering high-performing actions that the actor might not
find on its own. Compared with value-based reinforcement
learning (Song et al. 2023a), the EvoRL better balances the
exploration and exploitation in a large action space.

Multi-head Puzzle Perception Network
As shown in Fig. 3, the proposed MPPN consists of four
main building blocks: A shared encoder to extract common
features, a decoder to generate a fragment based on the fea-
tures, a discriminator head to globally perceive the puzzle
and three puzzlet perception heads to perceive the puzzlets.
Encoder and Decoder. The encoder and the decoder form
a U-shape network architecture (Liu et al. 2021), where the
convolutional layers are placed at the beginning of the en-
coder and the end of the decoder to focus on low-level image
details, and the Swin Transformer blocks replace the convo-
lution layers in the middle of traditional U-net for feature
extraction and pattern recovery at various scales, modeling
high-level complex patterns with low computational com-
plexity. Following (Cao et al. 2022; He et al. 2024), each
Swin Transformer block contains four Swin Transformer
Layers (STLs), and each STL consists of one window multi-
head self-attention, and one shifted-window multi-head self-
attention, allowing the STLs to capture low-level image fine
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Figure 3: The proposed MPPN with a shared encoder, where
a discriminator head perceives global puzzle semantics, and
puzzlet perception heads perceive local adjacency relations.

details and high-level image semantics simultaneously (Cao
et al. 2022).
Discriminator. The encoder-decoder architecture faces the
difficulty of capturing intricate image characteristic and
maintaining visual coherence, while a discriminator could
help by contrasting the generated fragments with the real
ones (Goodfellow et al. 2014). Different from the discrimi-
nators applied on puzzle fragments in other models (Bridger,
Danon, and Tal 2020; Khoroshiltseva et al. 2022), our dis-
criminator is applied to the recovered puzzle to assess its
global semantic features. It is adapted from the EfficientNet-
B3 (Tan and Le 2019; Yao et al. 2023) in view of its
strong discriminant power, containing 26 MBConv (mobile
inverted bottleneck convolution) blocks. Each block consists
of a set of convolutional layers and squeeze-and-excitation
blocks. The extracted features are fed into three fully con-
nected (FC) layers to aggregate the global image semantics.
Puzzlet Perception Heads. Three puzzlet perception heads
are designed to perceive the horizontal and vertical relations
between adjacent fragments and the 2×2 puzzlets. As shown
in Fig. 3, the heads for horizontal/vertical pairwise relations
take the features of two fragments as the input and evaluate
their likelihood of being neighbors by aggregating the ad-
jacency information using three fully connected layers. The
puzzlet perception head for 2× 2 puzzlets takes the features
of four fragments as the input to evaluate the likelihood of
the puzzlet being correctly assembled or not. All the hori-
zontal neighbors, vertical neighbors, and 2 × 2 puzzlets are
evaluated to derive the local perception of puzzles. They are
then aggregated together with the global perception from the
discriminator to provide visual clues of the current puzzle.
Aggregation of Visual Clues. Given a puzzle of M × N
fragments, there are M × (N − 1) pieces of 1× 2 puzzlets,
(M−1)×N pieces of 2×1 puzzlets, and (M−1)×(N−1)
pieces of 2×2 puzzlets. To aggregate all the visual clues, we

maximize the evidence E,

E = λgEg + Ep, (1)

where Eg is global perception from the discriminator, Ep is
the perception from the three puzzlet perception heads, and
λg is a weighting factor. Ep is in turn estimated as,

Ep = E1×2 + E2×1 + E2×2, (2)

Ei×j =
M−i+1∑
x=1

N−j+1∑
y=1

λi×j(x, y)Ei×j(x, y), (3)

where i, j ∈ {1, 2} are the size of puzzlets, (x, y) denotes
the location of puzzlets, λi×j(x, y) is a weighting factor, and
Ei×j is the evidence of puzzlets of size i× j.

Formulation of Markov Decision Process
Puzzle reassembly can be formulated as a combinatorial
optimization problem (Song et al. 2023a). Specifically,
let Π denote the set of permutations of fragment indices
{1, 2, 3, . . . ,MN} for the puzzle of M × N pieces. Given
an initial permutation π0 ∈ Π, the target is to find a mapping
functionM so that πG = M(π0), where πG is the correct
puzzle placement. It is difficult to derive such a mappingM
directly. The target is modified to derive a sequence of map-
pings {M1,M2, . . . }, e.g., a sequence of swapping actions
πt+1 = Mt(πt) that maximize the evidence E defined in
Eq. (1), so that the final permutation reaches πG. Puzzle re-
assembly is then formulated as a Markov Decision Process
(MDP), represented by the tuple (S,A,R, Ps).
State Space S, where st ∈ S is the current state of the puzzle
with permutation πt.
Action Space A, where at ∈ A is the action to be applied on
the puzzle. Besides common Swap-2 actions (Song et al.
2023a), two more exploratory actions are designed to ex-
pand the action space: Swap-3 actions that swap three frag-
ments simultaneously, and Swap-puzzlet actions that
swap two 2 × 2 puzzlets. The two new types of swapping
actions allow the agent to manipulate more puzzle pieces si-
multaneously, potentially enabling the agent to escape from
local optima and converge fast, while Swap-2 actions al-
low fine adjustments and refinements of puzzles, crucial in
the final stages to perfectly reassemble the puzzles.
RewardR(st, at) for action at in state st is defined as,

R(st, at) = αrAt + (1− α)rNt + rPt + b, (4)

where rAt rewards the number of fragments being placed at
their Absolute locations, rNt rewards the number of frag-
ment pairs with correct Neighboring positions, rPt is a large
reward for the Perfect placement of all fragments and zero
otherwise, and b is a small penalty for not correctly reassem-
bling the puzzle at this step. The large reward rPt encour-
ages the agent to stop immediately when the puzzle is cor-
rectly reassembled, and the small penalty b encourages the
agent to converge fast to avoid the lucky success for a long
trial. α ∈ [0, 1] balances the importance of rAt and rNt .These
parameters are empirically determined. More detailed abla-
tions are provided in Supplementary Material.
Transition Probability Ps(st+1|st) is defined as the proba-
bility that the agent moves from state st to state st+1.
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Algorithm 1: Training EvoRL agent for puzzle reassembly

Input: Number of learning iterations K, maximum num-
ber of swaps T , number of evolution iterations Z, action
population size S, memory buffer B, training dataset D

Output: actor ωθ, critic ωφ, and evaluator ωµ

1: for k ← 1 to K do
2: Randomly select a puzzle from D
3: for t← 1 to T do
4: Sample a set of actions ât from the actor
5: Combine the sampled actions with the historical

actions as the initial parents
6: for z ← 1 to Z do
7: Generate S offspring by crossover and mutation
8: Evaluate all offspring by using the evaluator ωµ

and select new parents
9: end for

10: Select the best-performing action at from the
evolved offspring by using the evaluator ωµ

11: Execute the action at onto the puzzle and derive
the rewardR(st, at) as in Eq. (4)

12: Store the trajectory τ = {st, at,R(st, at), st+1}
in memory buffer B

13: end for
14: Sample a batch of transitions τ from B
15: Calculate the state value V(st) as in Eq. (5)
16: Compute the advantage function A(at) as Eq. (6)
17: Update the actor ωθ using gradient ascent with the

clipped objective function as in Eq. (7)
18: Update the critic ωφ by gradient descent as in Eq. (9)
19: Soft update the evaluator ωµ as in Eq. (10)
20: end for

EvoRL for Puzzle Reassembly
Existing methods face challenges of handling exponentially
increasing search space for L-JPEG problems (Song et al.
2023a; Bridger, Danon, and Tal 2020). In view of its bal-
anced performance between sample efficiency and solution
quality (Martinez et al. 2021), an Evolutionary Reinforce-
ment Learning agent is developed for solving L-JPEG prob-
lems. As shown in Fig. 2, the agent consists of an actor to
recommend the swapping actions from a large action space,
a critic to estimate the state value for updating the actor, and
an evaluator to assess the evolved transition trajectories and
select the leading action from the best trajectory.

The procedure for training the EvoRL agent is summa-
rized in Algo. 1. Given a shuffled puzzle in state st, a set
of swapping actions ât ∈ A are sampled from the action
space using the actor policy ωθ according to the probability
P (ât|st). The recommended actions ât and the historical
actions from the replay buffer are concatenated as the initial
parents. Then, the evolutionary operations such as crossover
and mutation (Mirjalili 2019) are applied iteratively to pro-
duce offsprings, and the evaluator ωµ assesses the offspring,
and selects the action at with the highest value as the op-
timal swapping action. The corresponding reward R(st, at)
is calculated using Eq. (4). The crossover operation intro-
duces new combinations that explore previously unseen ac-

tion sequences by blending different action sequences, and
mutation adds random alterations to action sequences. Both
help escape from the local optima by exploring a larger ac-
tion space. In the initial stage of training, the agent would
focus more on broadly exploring the action space by utiliz-
ing larger swapping actions to gain a larger reward. When
the puzzle is almost perfectly solved, the agent will fo-
cus more on exploiting the visual cues of adjacent pieces
that are almost correctly placed to better fine-tune the puz-
zle through smaller swapping actions until it is solved per-
fectly. After executing the action at onto the current puzzle,
the puzzle proceeds to the next state st+1. The trajectory
τ = {st, at,R(st, at), st+1} is stored into the replay buffer
B, where each trajectory is a sequence of states, actions, re-
wards, and next states. These trajectories are later sampled
from B as the past reassembly experience via the experience
replay mechanism.

To guide the training of the actor, the state value V(st) is
estimated by the critic as in (Sutton and Barto 2018),

V(st) = Eat,st+1,...

[ ∞∑
l=0

γlR(st+l, at+l)

]
, (5)

where Eat,st+1,... denotes the expectation over all future fea-
sible states, and γ is the discount factor to avoid greedily
maximizing the reward at the current state. For training sta-
bility, the advantage function is calculated,

A(st, at) = R(st, at) + γV(st+1)− V(st), (6)

which evaluates whether the action at is better than
other possible actions in state st. A CLIP function
Fc(A(st, at), ϵ) of the surrogate objective is introduced to
constrain the update ofA(st, at) by a factor of [1− ϵ, 1+ ϵ]
as in (Schulman et al. 2017). The actor is then updated by
gradient ascent as,

Lp =min[P (at|st) · A(st, at),Fc(A(st, at), ϵ)] (7)
θ ←θ + ηθ · ∇θ(Lp), (8)

where ηθ is the learning rate. Following (Schulman et al.
2017), the value loss Lv is defined as the squared error of
the estimated state value in the trajectory. The critic ωφ is
then updated by gradient descent as,

φ← φ− ηφ∇φ

(
V (st)−

T∑
i=t

γi−tR(si, ai)

)2

, (9)

where ηφ is the learning rate. The evaluator assesses all the
offspring and selects the optimal swapping action at from
the offspring. It shares the same architecture as the critic and
it is soft-updated by the critic as,

µ← β ∗ φ+ (1− β) ∗ µ, (10)

where β is the soft update parameter. The soft-updating
mechanism ensures the evaluator to approximate the state
value function from the rewards to properly evaluate the off-
spring, and more importantly, it prevents the evaluator from
overfitting caused by the hard update (Wei et al. 2021).

The MPPN is initially trained using a GAN loss. This pre-
training phase is critical to align fragments coherently and
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discriminate the global puzzle reassembly states. Then, the
MPPN is trained with EvoRL agent using the actor and critic
losses inherent to the reinforcement learning paradigm,
without employing adversarial losses.

During testing, the actor evaluates the visual perception
from the MPPN and generates a sequence of swapping ac-
tions by using the evolutionary strategy with the assistance
from the evaluator till it perfectly assembles the puzzle.

Experimental Results
Experimental Settings
The proposed ERL-MPP is compared with Deepzzle (Pau-
mard, Picard, and Tabia 2020), Greedy Search (Paikin
and Tal 2015), Tabu Search (Adamczewski, Suh, and Lee
2015), Genetic Algorithm (Sholomon, David, and Ne-
tanyahu 2013), Inpaint-GAN (Bridger, Danon, and Tal
2020), PDN-GA (Song et al. 2023b) and SD2RL (Song et al.
2023a) on the following two benchmark datasets.
JPLEG-5 Dataset (Song et al. 2023a) contains 12,000 puz-
zles, where each puzzle of 534 × 534 pixels is divided into
5 × 5 random shuffled pieces with 12-pixel gaps. Follow-
ing the same experimental setup as in SD2RL (Song et al.
2023a), 9,000 puzzles are selected as the training set, 1,000
as the evaluation set, and 2,000 as the test set.
MIT Dataset (Cho, Avidan, and Freeman 2010) consists of
60 puzzles. Each puzzle is resized and cut into either 7× 10
pieces or 10× 15 pieces, and each piece has 64× 64 pixels.
Two types of gaps are applied, 2-pixel gap and 4-pixel gap.
Following the same settings as in (Bridger, Danon, and Tal
2020), the models are trained on the DIV2K dataset (Agusts-
son and Timofte 2017) and tested on this dataset.

For a fair comparison, we adopt the same evaluation met-
rics as in (Song et al. 2023a), i.e., Perfect, Absolute, Hori-
zontal and Vertical, showing the percentage of puzzles that
are perfectly reassembled, in their correct absolute positions,
in correct horizontal and vertical pairwise relations, respec-
tively. The last two are often combined as Neighbor metric.

The hyper-parameters of our ERL-MPP are summarized
as follows: the discount rate γ = 0.998, the learning rate
ηθ = 0.001 for the actor and ηφ = 0.001 for the critic, the
soft-update parameter β = 0.001 for the evaluator, the mem-
ory buffer size 200, 000, the batch size of 32, the maximum
number of iterations K = 1, 000, the maximum number
of swaps T = 10, 000, the number of evolution iterations
Z = 10, the action population size S = 64, a crossover
rate of 90%, a mutation rate of 10%, the weighting factor
α = 0.8 for absolute reward, b = 1 for the penalty and
rPt = 1, 000 if the puzzle is perfectly reassembled. The
Adam optimizer is used.

Comparison Results on JPLEG-5 Dataset
The comparison results on the JPLEG-5 dataset are summa-
rized in Table 1. It is indeed difficult to reassemble puzzles
with large gaps. The two previous best performing methods,
PDN-GA and SD2RL, only achieve a Perfect rate of 6.1%
and 5.1% respectively, and others almost fail to perfectly re-
assemble any puzzles. The proposed method obtains a Per-
fect rate of 18.6%, significantly better than all the compared

Method Perf. Abs. Hori. Vert.
Deepzzle (2020) 0.0 21.9 10.9 10.7
Greedy (2015) 0.1 24.1 12.6 12.3
Tabu (2015) 0.0 24.6 12.8 12.8
GA (2013) 0.0 25.1 12.4 12.3
SD2RL (2023a) 5.1 40.3 26.5 26.2
PDN-GA (2023b) 6.1 44.3 30.8 30.6
Proposed ERL-MPP 18.6 52.7 56.5 57.3

Table 1: ERL-MPP significantly outperforms the compared
methods in terms of four metrics on the JPLEG-5 dataset.

Method Pnt. Eng. Art.
Deepzzle (2020) 0.0/15.5 0.0/23.9 0.0/26.3
Greedy (2015) 0.0/16.2 0.0/27.3 0.3/28.7
Tabu (2015) 0.0/16.4 0.0/28.4 0.0/29.0
GA (2013) 0.0/17.0 0.0/28.9 0.0/29.4
SD2RL (2023a) 0.5/23.8 7.6/48.5 7.2/48.6
PDN-GA (2023b) 0.6/24.5 8.6/54.5 9.1/54.0
Proposed ERL-MPP 3.3/28.5 24.4/62.8 28.1/66.8

Table 2: Comparison results on the JPLEG-5 dataset in terms
of Perfect (left) and Absolute (right) metrics. The proposed
ERL-MPP significantly outperforms all compared models.

methods. Compared to the previous best performing method,
PDN-GA (Song et al. 2023b), the performance gains are
12.5%, 8.4%, 25.7%, and 26.7% in terms of Perfect, Ab-
solute, Horizontal, and Vertical metrics, respectively.

The JPLEG-5 dataset consists of three main types of puz-
zles: paintings (Pnt.), engravings (Eng.), and artifacts (Art.).
The evaluation results on these three types of puzzles are
summarized in Table 2. The proposed ERL-MPP signifi-
cantly outperforms all the compared methods on puzzles of
different types using both metrics. Compared to the second
best method PDN-GA (Song et al. 2023b), the performance
gains are 2.7%, 15.8%, and 19.0%, respectively on painting,
engraving, and artifact puzzles in terms of Perfect metric,
and 4.0%, 8.3%, 12.8% in terms of Absolute metric. The
painting puzzles are relatively more challenging because of
diverse image contents. Thanks to its superior ability to ex-
plore and exploit the large action space, the ERL-MPP cor-
rectly reassembles many more puzzles than others.

The reassembling results of top-3 performing models are
shown in Fig. 4. SD2RL (Song et al. 2023a), and PDN-
GA (Song et al. 2023b) often make mistakes for pieces at
core areas, while the proposed method could derive the cor-
rect reassembly order. The performance gain is mainly at-
tributed to the excellent visual perception capabilities of the
MPPN for understanding the image semantics and the ca-
pabilities of efficiently and effectively exploring the large
action space by the EvoRL agent. For example, in Row 1
of Fig. 4, the up-left fragment corresponding to the lion’s
mouth is misplaced by SD2RL, while our ERL-MPP makes
use of all visual clues to perfectly reassemble the puzzle,
showing the effectiveness of the MPPN in visual perception.
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Method
7× 10 Pieces 10× 15 Pieces

2-pixel gap 4-pixel gap 2-pixel gap 4-pixel gap
Perf. Abs. Neig. Perf. Abs. Neig. Perf. Abs. Neig. Perf. Abs. Neig.

Greedy (2015) 1.7 42.9 68.4 0.0 12.1 41.4 0.0 42.2 65.9 0.0 11.1 39.7
Tabu (2015) 3.3 49.6 72.3 0.0 20.2 45.8 0.0 48.7 67.3 0.0 12.4 40.3
GA (2013) 3.3 50.1 72.7 0.0 20.1 46.2 0.0 49.3 69.4 0.0 12.5 40.5
Inpaint-GAN (2020) 6.7 86.0 84.6 1.7 50.5 57.1 1.7 66.7 76.3 0.0 35.4 51.3
PDN-GA (2023b) 8.3 86.5 85.3 3.3 52.6 58.8 1.7 67.8 77.8 0.0 37.6 54.8
SD2RL (2023a) 11.7 86.7 85.4 5.0 53.4 59.2 3.3 68.1 78.0 0.0 38.3 55.3
Proposed ERL-MPP 50.0 90.8 89.2 13.3 59.4 67.3 8.3 70.9 80.4 0.0 40.9 59.7

Table 3: Comparison results on the MIT dataset with 7 × 10 and 10 × 15 pieces. The proposed method outperforms all the
compared methods in terms of all three evaluation metrics for puzzles of different pieces with different gaps.

SD2RL (2023a) PDN-GA (2023b) ERL-MPP

Figure 4: Visualization of the reassembling results on sam-
ple puzzles from the JPLEG-5 dataset (Song et al. 2023a).

Comparison Results on MIT Dataset
To evaluate the models on large-scale puzzles, we conduct
comparison experiments on the MIT dataset. We adopt four
experimental settings, puzzles of 7× 10 and 10× 15 pieces
with 2-pixel and 4-pixel gaps, respectively. The results are
summarized in Table 3. The proposed method achieves the
best performance among all the compared methods in terms
of three evaluation metrics under all four settings. Specifi-
cally, for 7×10 puzzles, compared to the second best method
SD2RL (Song et al. 2023a), ERL-MPP achieves a Perfect
rate of 50.0% and 13.3% for 2-pixel gap and 4-pixel gap re-
spectively, approximately as 4 and 3 times high as that of
SD2RL. With larger 4-pixel gaps, the performance of all the
methods significantly decreases compared to that of 2-pixel
gap, showing the difficulty of reassembling large-scale puz-
zles of large gaps. For 10 × 15 puzzles, ERL-MPP doubles
the perfect reassembled puzzles with 2-pixel gap compared
to SD2RL, while none of the methods perfectly assemble
any puzzles of 4-pixel gaps. Comparing the results for 7×10
puzzles and 10 × 15 puzzles, we can observe that the diffi-
culty of puzzle reassembly increases dramatically with the

SD2RL (2023a)PDN-GA (2023b) ERL−MPP

Figure 5: Visualization of the reassembled puzzles of 7× 10
pieces with 2-pixel gaps and 4-pixel gaps in the MIT dataset.

number of puzzle pieces, e.g., for 2-pixel gaps, the Perfect
metric for the proposed ERL-MPP decreases from 50.0% to
8.3% only when the number of puzzle pieces increases from
70 to 150. Dividing a puzzle into too many small pieces with
gaps will result in too little semantic information in each
fragment and hence no method could work well in this case.
Despite all the challenges, the proposed ERL-MPP signifi-
cantly outperforms all the compared methods in terms of all
the three metrics under all the four settings.

Fig. 5 visualizes the final puzzles obtained by top-3 mod-
els. Compared to the perfect solutions by the ERL-MPP,
most puzzle pieces are well reassembled by SD2RL (Song
et al. 2023a) while some incorrect pieces ruin the solution.
In contrast, PDN-GA (Song et al. 2023b) does not well re-
assemble the two puzzles with many pieces wrongly placed.
For example, in Row 1 in Fig. 5, SD2RL and PDN-GA are
able to align most of the pieces, but they can’t perfectly solve
the puzzle. The evolutionary strategy helps our method es-
cape from the local optima and perfectly reassemble the puz-
zle. The results demonstrate the power of ERL-MPP in puz-
zle reassembly, particularly the importance of evolutionary
strategies that efficiently explore more swapping actions and
enable the agent to escape from local optima.

Ablation Studies
Ablation Study of Major Components. We ablate two key
contributions: MPPN and EvoRL on the JPLEG-5 dataset.
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Perception Agent Perf. Abs. Hori. Vert.
SDN DQN 5.1 40.3 26.5 26.2

MPPN DQN 9.8 46.7 37.8 37.7
SDN EvoRL 13.5 50.2 43.8 43.8

MPPN EvoRL 18.6 52.7 56.5 57.3

Table 4: Ablation study of major components of the ERL-
MPP on the JPLEG-5 dataset (Song et al. 2023a).

Baseline 2×2 Dis. Perf. Abs. Hori. Vert.
✓ 13.5% 50.2% 43.8% 43.8%
✓ ✓ 16.4% 51.4% 50.1% 50.3%
✓ ✓ ✓ 18.6% 52.7% 56.5% 57.3%

Table 5: Ablation study of the MPPN on the JPLEG-5
dataset. All heads contribute to the excellent performance.

S-2 S-3 S-P Perf. Abs. Hori. Vert.
✓ 10.0% 46.9% 38.3% 38.1%
✓ ✓ 14.7% 49.7% 46.5% 46.8%
✓ ✓ ✓ 18.6% 52.7% 56.5% 57.3%

Table 6: Ablation of action space on the JPLEG-5 dataset.

SD2RL (Song et al. 2023a) is selected as the baseline, which
utilizes the Siamese Discriminant Network (SDN) for puz-
zle perception and the Deep Q-Network (DQN) for puzzle
reassembly. Table 4 presents the ablation results by gradu-
ally replacing SDN and DQN by MPPN and EvoRL. Both
MPPN and EvoRL bring significant gains. The performance
gain of the MPPN over the SDN is 5.1%, 2.5%, 12.7%, and
13.5% in terms of the Perfect, Absolute, Horizontal, and
Vertical metrics, respectively when using the EvoRL agent,
demonstrating the power of the shared-encoder and multi-
head perception in extracting both local and global puzzle
information. Compared to the DQN, the EvoRL achieves the
performance gain of 8.8%, 6.0%, 18.7%, and 19.6% respec-
tively when using the MPPN for visual perception, demon-
strating the effectiveness of the EvoRL agent in exploring
and exploiting the large action space. The ablation results
confirm the contributions of both core components to the
excellent performance.
Ablation Study of MPPN. We ablate the three network
heads of the proposed MPPN on the JPLEG-5 dataset as
shown in Table 5. The MPPN with 1 × 2 and 2 × 1 heads
serves as the baseline. By adding the 2 × 2 head, the per-
formance increases in terms of all four evaluation metrics.
Furthermore, by adding the discriminator head, the proposed
MPPN achieves a further performance gain of 2.2%, 1.3%,
6.4%, and 7.0% respectively in terms of Perfect, Absolute,
Horizontal, and Vertical metrics. The ablation results show
that all the heads contribute significantly to the final results.
Ablation Study of Action Space. The action space plays a
key role in solving the puzzles. We ablate it to justify our de-
sign. Swap-2 (S-2) is selected as the baseline, which has
been used exclusively (Song et al. 2023a). Swap-3 (S-3)

Method Training Test Model Size
Deepzzle (2020) 5.6h 7.7s 15.8M
Greedy (2020) 10.2h 5.6s 31.5M
Tabu (2015) 10.2h 9.8s 31.5M
GA (2013) 10.2h 14.3s 31.5M
SD2RL (2023a) 30.7h 44.7s 44.2M
PDN-GA (2023b) 19.7h 32.5s 46.8M
Proposed ERL-MPP 36.2h 53.9s 102.1M

Table 7: Comparison of execution time and model size on
the JPLEG-5 dataset.

and Swap-puzzlet (S-P) are added for ablation. The ex-
perimental results are summarized in Table 6. It is obvious
that by extending the action space from Swap-2 actions to
Swap-3 and Swap-puzzlet actions, all the evaluation
metrics significantly improve, demonstrating the power of
the new action space.

Time Complexity Analysis
The execution time and model size for all the compared
methods on the JPLEG-5 dataset are summarized in Ta-
ble 7. The training time is obtained over all the images in
the training dataset, while the test time is averaged per test
image. Compared with other methods, the RL methods, i.e.,
SD2RL (Song et al. 2023a) and the proposed ERL-MPP, re-
quire more time for the agents to train and infer the correct
reassembly sequence, as the agent needs to extract the vi-
sual features through the deep convolution networks from
the puzzle in every reassembly step. The proposed ERL-
MPP is larger than all the compared models, as it contains
an Evolutionary Reinforcement Learning agent with Actor,
Critic, and Evaluator network, and a more complex visual
perception module MPPN for extracting both global and lo-
cal features. It exhibits a significant performance gain at a
price of longer execution time and larger model size.

Conclusion
The proposed ERL-MPP tackles the challenges of solving
L-JPEG problems. Specifically, the proposed MPPN visu-
ally perceives both the global semantics through the dis-
criminator head and the local puzzle status through the
three puzzlet perception heads, which provides informa-
tive visual clues for the EvoRL agent. To tackle the chal-
lenges of reassembling a large number of puzzle fragments
with gaps, the proposed EvoRL agent selects a sequence of
swapping actions based on both the current visual percep-
tion and past reassembly experience embedded in the agent.
The novel actor-critic-evaluator architecture in conjunction
with the evolutionary strategy demonstrates superior perfor-
mance and efficiently explores and exploits the large action
space featured with complex landscapes. Extensive exper-
iments on puzzles with large gaps in the JPLEG-5 dataset
and puzzles with large numbers of puzzle pieces with gaps
in the MIT dataset show that the proposed ERL-MPP signif-
icantly outperforms all the compared methods in terms of all
evaluation metrics under various scale and gap settings.
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