
PuzLM: Solving Jigsaw Puzzles with
Sequence-to-Sequence Language Models

Gur Elkin , Ofir Itzhak Shahar , and Ohad Ben-Shahar

Stein Faculty of Computer and Information Science
Ben-Gurion University of the Negev, Israel

{gurshal,shofir}@post.bgu.ac.il, ben-shahar@cs.bgu.ac.il

Abstract. Square jigsaw puzzles are typically solved by visually match-
ing piece images to recover the original layout. This work introduces
PuzLM, an alternative perspective that recasts jigsaw reassembly as
a discrete sequence-to-sequence (Seq2Seq) problem, inspired by natural
language representations. We design an efficient puzzle quantization pro-
cedure that transforms each piece into a short sequence of discrete tokens,
enabling the direct application of standard Seq2Seq language models as
powerful jigsaw solvers. Our approach demonstrates that accurate puzzle
reconstruction can be achieved through purely symbolic reasoning over
discrete representations, improving state-of-the-art performance even on
puzzles with eroded boundaries or missing pieces.
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1 Introduction

Although jigsaw puzzles are a popular pastime for humans, their algorithmic re-
assembly remains an enduring computational challenge, with important applica-
tions such as reconstructing shredded documents, reassembling broken artifacts

Fig. 1: Overview. Each puzzle piece is converted into a short sequence of discrete to-
kens using a lightweight quantization process. Jigsaw reassembly is then formulated as
a sequence-to-sequence prediction problem, where a standard Seq2Seq model autore-
gressively predicts the global ordering of pieces using only symbolic inputs.
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and mosaicing satellite imagery [34,42,48]. Square jigsaws, created by partition-
ing an image into equal-sized tiles, are regarded as one of the most fundamental
yet challenging instances of the problem. Unlike commercial toy puzzles with
uniquely shaped pieces, square puzzles lack geometric cues that could guide re-
construction, forcing solvers to rely primarily on their visual content.

Consequently, most existing approaches reason about jigsaw reassembly by
directly accessing raw pixels or learned visual embeddings of individual pieces [28,
30,39]. Within this paradigm, visual appearance and structural patterns (such as
relative ordering, global layout consistency, or long-range dependencies between
distant pieces) are jointly represented in a single, continuous feature space. While
effective, this coupling makes it difficult to distinguish whether successful recon-
struction arises from local visual cues or from higher-level structural patterns
that emerge only at the level of the assembled puzzle. As a result, the role of
non-explicit, relational information remains largely unexplored.

In this work, we seek to explicitly disentangle structural reasoning from direct
visual access in jigsaw reassembly. Our objective is not to replace visual methods,
but to investigate whether accurate reconstruction can be achieved by leveraging
structural patterns alone, which are independent of raw pixel information. To
this end, we introduce a symbolic representation of puzzle pieces and reformulate
square jigsaw reassembly as a Seq2Seq prediction problem, operating exclusively
on discrete tokens. This design enables a principled study of purely symbolic
puzzle solving while still capturing global structural regularities. Our research
offers both conceptual and functional contributions:

1. Reformulating reassembly as discrete Seq2Seq. We recast jigsaw re-
construction as a discrete Seq2Seq problem, and introduce a lightweight
quantization procedure that transform puzzles into compact token sequences.
This framework investigates whether symbolic patterns alone, independent
of pixel-level cues, are sufficient to guide accurate puzzle solutions.

2. Leveraging Seq2Seq language models as jigsaw solvers. We demon-
strate how standard encoder–decoder Seq2Seq architectures can be directly
applied to puzzle solving, without requiring vision-specific adaptations.

3. Robust performance across benchmarks. While operating solely on
discrete token sequences, our PuzLM achieves competitive or superior ac-
curacy compared to vision-based state-of-the-art (SOTA) solvers, including
challenging settings such as eroded boundaries or missing pieces.

2 Related Work

Jigsaw puzzle reassembly lies at the intersection of computer vision, combi-
natorial optimization, and layout prediction. Since its inception as a compu-
tational problem [11], researchers have studied puzzles of various shapes and
scales [7,9,13,14,36,37], with square jigsaws occupying a particularly significant
role. Because all pieces share identical geometry, reconstruction must rely almost
entirely on visual cues, leading prior work to focus predominantly on extracting
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and comparing pictorial features. The lines of research surveyed below illustrate
the depth of this paradigm and provide context for our alternative perspective.

Square Jigsaw Puzzle Solving. Computational approaches to jigsaw puz-
zle reassembly have a long history, with early methods focusing on defining pair-
wise compatibility metrics between pieces and incorporating them into an auxil-
iary optimization framework [12,28,30,39,49]. With the advent of deep learning,
subsequent works naturally replaced hand-crafted features with learned compati-
bility functions based on convolutional neural networks [22,29,40]. More recently,
the rise of generative modeling in computer vision motivated the adoption of this
paradigm for jigsaw puzzle solving. Generative adversarial networks and diffusion
models were used to inpaint missing and eroded pieces [23,46,47], while spatial
diffusion approaches progressively “denoise” scrambled pieces into coherent so-
lutions [35]. A complementary line of research introduced compatibility-based
reward functions within reinforcement learning frameworks to guide reconstruc-
tion [43–45]. Other studies leveraged pretrained Vision Transformers (ViTs),
relying on their strong visual feature extraction capabilities [16, 19]. Finally,
recent works have begun to incorporate multimodal signals, such as textual de-
scriptions [53], and to explore the use of large vision-language models (LVLMs)
for jigsaw solving, though under constrained settings [24,51].

Jigsaw Understanding as a Pretext Task. Jigsaw puzzles have also been
widely used as a self-supervised pretext task for representation learning, where
models predict the correct permutation of shuffled image patches [20,26]. In this
setting, reconstruction serves as a means for learning transferable visual features
rather than as the primary objective. In contrast, and like the methods above,
our work focuses directly on accurate puzzle reassembly.

Vector Quantization and Tokenized Image Representations. Discrete
and tokenized image representations have emerged as a powerful abstraction for
modeling visual data. VQ-VAE [27] demonstrated that images can be represented
as discrete codes drawn from a learned codebook, enabling the application of
sequence models to image synthesis and layout generation [10]. More broadly,
tokenization is used to reduce visual variability, improve robustness, increase
efficiency and bridge vision with models originally developed for discrete domains
such as natural language processing (NLP) [3, 55]. Our puzzle-piece tokenizer
is inspired by this paradigm, but deliberately designed to preserve relational
structure relevant for reassembly rather than, e.g ., promote visual fidelity.

Sequence Models for Layout Analysis in Vision. The success of trans-
former-based sequence models [50] in NLP motivated their adoption to other
domains, such as vision. Encoder-only ViT [8] initially demonstrated the po-
tential of these architectures for image classification, and is now widely used
for representation learning [41]. Encoder-decoder transformers have been suc-
cessfully applied to numerous problems such as object detection [1] and image
generation [3]. Our work contributes to this trend by showing that jigsaw puzzle
reassembly, a combinatorially hard layout prediction problem, can be effectively
formulated as a Seq2Seq task for standard encoder-decoder transformers.
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Taken together, these threads reveal a gap in the existing literature. While
jigsaw solvers have become increasingly sophisticated, they remain grounded in
direct visual input. At the same time, sequence models and tokenized represen-
tations have proven effective for structured prediction across diverse domains.
Our work bridges these directions by investigating whether square puzzles can
be reconstructed using a standard Seq2Seq model operating solely on symbolic
abstractions, thereby decoupling structural reasoning from direct visual access.

3 PuzLM

An essential observation for our research is the similarity between square jigsaw
puzzle solving and various Seq2Seq NLP tasks such as machine translation: given
a sequence from the source distribution (e.g ., text in French or shuffled puzzle
pieces), we want to predict its corresponding sequence in another distribution
(e.g ., text in English or reconstructed puzzle positions). The following sections
detail the computational process that enables us to effectively map puzzle re-
assembly to the discrete sequence modeling domain.

3.1 Problem Formulation

Square jigsaw puzzles over an n�n grid (for 1 < n 2 N) are typically given as an
unordered set of piece images P = fp1; : : : ; pn2g � RH�W�C , where each piece
pi has height H, width W , and C color channels. To simplify the notation, let
N = n2, and define zero-based raster order over the grid such that position [i; j]
corresponds to a single index i � n + j. A valid solution is a bijective mapping
Y : P ! f0; : : : ; N � 1g that assigns each piece to a unique grid position.

Since most puzzle solvers process inputs in some order (even if arbitrary), it is
widely accepted to implement Y as a permutation over the indices f0; : : : ; N�1g.
In this formulation, Y [i] = j indicates that the ith input piece should be placed at
grid position j. A learning-based jigsaw puzzle solver is therefore a parametric
function f� : RN�H�W�C ! f0; ::::; N � 1gN . During training, the solver is
optimized over a dataset of puzzle-solution pairs f(P (i); Y (i))gMi=1 to maximize
agreement between the predicted and ground-truth assignments.

In our formulation, the puzzle pieces are first tokenized using a quantization
function q� : RN�H�W�C ! V T (N), where V = f0; : : : ; jV j � 1g denotes a
finite vocabulary of discrete tokens. The term T (N) : N! N specifies the total
number of tokens produced for a puzzle of size N . In practice, T scales linearly
with N and depends on the number of tokens extracted per piece, which we refer
to as the granularity of q�. The quantizer may be either fixed or parameterized
by �, as is common in modern image tokenizers. This representation allows
our solver to operate end-to-end in the discrete domain. Thus, we define s� :
V T (N) ! f0; : : : ; N�1gN , which predicts a permutation over grid positions from
the token sequence. The overall puzzle-solving pipeline is thus a composition
f�;� = s�(q�(P )), i.e., tokenization followed by discrete permutation prediction.
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Puzzle Piece B×B Patches PCA + k-means Discrete Repr. Border Selection S
uper Token

Fig. 2: Tokenization Process. Each of the N shuffled pieces is divided into B�B patches
(above B = 4). Next, all patches are projected to a lower-dimensional space via a PCA
matrix. We then associate each patch with the index of its nearest centroid (through k-
means clustering). Lastly, for each piece we retain only the b = max(1; 4B � 4) patches
that lie on its border, chaining them clockwise into a super-token. The full puzzle is
then represented as the concatenation of all N super-tokens.

3.2 Puzzle Tokenization

The goals of our proposed piece quantization procedure are twofold:

1. Structural Coherence. Since puzzle solving fundamentally relies on non-
trivial structural pattern matching between pieces, as well as enforcing global
coherence, each token should correspond to a well-defined pattern. In partic-
ular, token identities should be invariant to their position within the sequence
and should not depend on surrounding tokens. This ensures that matching
decisions are driven by intrinsic structure rather than encoding artifacts.

2. Computational Efficiency. Because puzzle tokenization is an integral first
step before running our solver, it must introduce minimal computational
overhead. This would support fast, on-the-fly processing of previously unseen
puzzles, as well as scalable preprocessing of large datasets for training.

Our proposed jigsaw-oriented tokenizer thus performs unsupervised quantization
over the training pieces in the following way (visualized in Fig. 2):

1. Patch Extraction. Each puzzle piece is divided into a B�B grid of patches,
where 1 � B 2 N controls the tokenizer’s granularity.

2. Dimensionality Reduction. The extracted patches are flattened and pro-
jected to a lower-dimensional space (denoted Rd) via a Principal Component
Analysis (PCA) matrix. This was shown to improve clustering efficiency by
reducing noise from irrelevant visual variance [25].

3. Clustering. We apply k-means clustering to the projected patches. Then,
each patch is represented by the index of its nearest centroid. The choice of
k defines the tokenizer’s vocabulary size jV j, with higher values offering a
finer distinction between similar vectors.

4. Border Selection. We retain the b = max(1; 4B� 4) tokens located on the
borders of each piece. These are concatenated in clockwise order to form a
super-token: a short discrete sequence that represents one piece. This step
reduces sequence length (from quadratic to linear in B), while preserving
the information most relevant for puzzle solving.
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This process yields a compact, discrete, and spatially-aware representation
of puzzle pieces. Most importantly, the meaning of each token is independent of
its relative position within the super-token, while �xed ordering ensures that the
spatial con�guration of border tokens remains consistent across pieces. Unlike
deep image quantizers [27, 55], which often entangle patch representations and
require complex decoding schemes, our method o�ers a transparent, e�cient,
and easily scalable solution (see comparison in Tab. 5).

Once all pieces are converted into super-tokens, we concatenate them into
a single input sequence to represent the entire puzzle. Since the original set is
unordered, we impose a lexicographic order over the super-tokens to give the
input a consistent structure. Additionally, we insert a dedicated separator token
[SEP], between every pair of super-tokens. This makes their bounds explicit
(analogous to spaces between words), encouraging the model to treat each piece's
super-token as a coherent semantic unit. Overall, we have found our design
choices promote accurate reassembly (see ablations in Tab. 5).

With the steps outlined above, given a puzzleP 2 RN � H � W � C , our tokenizer
q� thus transforms it into a discrete sequence:

X =
�
x1

1; : : : ; xb
1; [SEP]; x1

2; : : : ; xb
2; [SEP]; : : : ; [SEP]; x1

N : : : ; xb
N

�
(1)

where x1
i ; : : : ; xb

i represents the i th piece's super-token. Hence, the overall se-
quence length isT(N ) = bN + ( N � 1).

3.3 Discrete Jigsaw Representations

We aim to solve jigsaw puzzles by reasoning over discrete, vocabulary-constrained
(symbolic) representations rather than continuous visual features. This approach
is orthogonal to most contemporary solvers, which extract deep features directly
from pixel intensities. Our goal is not to argue that discrete representations are
universally superior, but rather to investigate whether accurate reconstruction
can emerge from symbolic structures. In doing so, we explore an alternative rep-
resentational paradigm that remains largely unexamined in the jigsaw literature.

Symbolic Reassembly. After tokenization, each puzzle piece is represented
by a short sequence of symbols from a �xed vocabularyV . The Seq2Seq solver
operates exclusively on these tokens,with no additional direct access to the orig-
inal pixel values. To clarify this claim, suppose that all very-bright patches are
clustered around centroid 100. During training, this integer is passed to our
Seq2Seq solver and mapped by its embedding layer to a learned vectore100.
This embedding is optimized solely with respect to the reconstruction objective,
and is thus not constrained to preserve visual information about the original
patch. Consequently, the geometry of the learned representation space is shaped
by reconstruction compatibility instead of perceptual proximity ( e.g., visually
dissimilar patches may become close if they frequently co-occur along compatible
borders). This di�ers fundamentally from continuous approaches such as ViTs,
where patches are linearly projected into continuous embeddings, and are hence
entangled to visual appearance (visualization available in the Supp.).
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Thus, although pieces are quantized byq� according to pixel values, the
Seq2Seq solvers� cannot retrace appearance from its input. This setting places
our model in an interesting position: it must infer spatial relationships between
pieces using only symbolic representations of their borders. Any notion of com-
patibility between pieces must therefore emerge from statistical regularities in
token co-occurrence and sequence structure, rather than from direct visual cues.

Train�Test Domain Alignment. A common challenge in continuous fea-
ture representations is distributional drift: small photometric variations at test
time can produce embeddings that fall outside the distribution seen during train-
ing. In contrast, a �xed vocabulary enforces strict alignment between train and
test domains at the symbolic level. At inference time, the model encounters only
tokens from the same prede�ned setV . I.e ., although token frequencies may vary,
the support of the input space remains unchanged, simplifying generalization.

Reduced Variance Through Quantization. Our many-to-one quantiza-
tion scheme maps visually similar patches to the same token, collapsing minor
photometric di�erences that are often irrelevant for border compatibility. From
a statistical perspective, this acts as an implicit regularizer by limiting repre-
sentational resolution and reducing sensitivity to noise. The Seq2Seq model is
encouraged to learn structural and combinatorial relationships between pieces
rather than relying on �ne-grained pixel distinctions.

Improved Computational Complexity. Scalability is a major concern
for modern learning-based jigsaw solvers. Representing each piece byb boundary
tokens, the entire puzzle can be encoded usingbN + ( N � 1) integers instead of
N �H �W �C pixel values, substantially reducing memory requirements. Moreover,
since tokenization is often performed as a preprocessing step, once a puzzle has
been discretized, the original images are no longer required for permutation
prediction. This decouples visual preprocessing from symbolic reasoning and
enables lightweight deployment of the solvers� .

In summary, discrete symbolic representations impose a deliberate abstrac-
tion over visual input. While this constrains access to �ne-grained pixel informa-
tion, it also reduces variance, enforces vocabulary consistency between training
and testing, and signi�cantly lowers computational requirements. These proper-
ties make discrete Seq2Seq-based jigsaw solving an appealing alternative frame-
work worthy of systematic investigation.

3.4 Sequence-to-Sequence Solver

Unlike prior transformer-based approaches, we model jigsaw reassembly explic-
itly as a Seq2Seq task, adopting an encoder�decoder architecture. Compared to
encoder-only or decoder-only models, this design o�ers several advantages for
structured jigsaw reconstruction (summarized in Tab. 1).

Global bidirectional context of input. The encoder processes the en-
tire input through self-attention, capturing bidirectional dependencies among all
piece tokens. Since successful reconstruction depends critically on understanding
the relationships between all puzzle pieces, such global contextual mechanism is
essential. Recent LVLM-based attempts [24, 51] also employ transformers, but
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Table 1: Encoder-decoder models show several features favorable for reassembly.

Architecture
Encoder-Only Decoder-Only Encoder+Decoder

[16,19] [24,51] (this work)

Global bidirectional context of input X 7 X
Autoregressive prediction process 7 X X
Distinct input/output distributions 7 7 X

typically rely on a decoder-only language model conditioned on visual embed-
dings. Despite large parameter counts and constrained evaluation settings (e.g.,
very small puzzles or limited solution space), these approaches show limited
gains, highlighting the importance of explicitly modeling global input structure
rather than treating reconstruction as free-form generation.

Autoregressive prediction process. The decoder generates the output
sequence autoregressively, predicting one position at a time while conditioning
each step on both the encoded input context and all previously assigned place-
ments. This autoregressive formulation decomposes the combinatorial permu-
tation space into conditional decisions, substantially simplifying inference com-
pared to predicting the entire assignment in a single step. Moreover, condition-
ing on prior outputs encourages incremental construction of globally consistent
solutions and naturally discourages invalid con�gurations (e.g., assigning two
pieces to the same position). Notably, we observe that this desirable behavior
emerges organically during training, without requiring architectural changes or
specialized decoding. In contrast, encoder-only approaches, such as ViT-based
solvers [16, 19], must predict all assignments simultaneously, often relying on
auxiliary mechanisms or explicitly constrain the number of admissible solutions.

Distinct input/output distributions. Using both an encoder and a de-
coder enables e�ective modeling of input and output distributions that di�er
substantially in content, structure, and length. Seq2Seq architectures are the
standard choice for inherently asymmetric tasks (e.g., machine translation, text-
to-speech) precisely because they decouple input representation from output gen-
eration. In our case, the input consists of tokenized puzzle representations over
a vocabulary V , whereas the output corresponds to index-wise permutations
over grid indices f 0; : : : ; N � 1g. Moreover, the input length bN + ( N � 1) is
typically several times larger than the output length N . This asymmetry makes
our Seq2Seq encoder�decoder formulation particularly well suited for tokenized
puzzle reassembly. In contrast, decoder-only architectures treat the output as a
continuation of the input sequence, implicitly modeling both under a shared dis-
tribution. Encoder-only models produce contextualized representations that are
entirely derived from the input and preserve its length. We argue that these lim-
itations make both approaches less suited to our task, where a clear distinction
between input encoding and output generation is essential.

Flexible Backbone Choice. Finally, we note that our framework is agnos-
tic to the speci�c implementation of the solver module s� , and hence compatible
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with most standard Seq2Seq architectures. In our experiments, we compare sev-
eral popular transformer-based backbones, as well as more traditional recurrent
neural networks (RNNs), to assess their e�ect on reconstruction (cf. Fig. 6).

3.5 Training Objective

Jigsaw puzzle reconstruction is evaluated using two standard metrics:absolute
accuracy, which measures the fraction of correctly placed pieces; andperfect
accuracy, which counts the ratio of entirely solved puzzles:

Absolute(Y;Ŷ ) =
1
N

NX

i =1

1[yi = ŷi ] ; Perfect(Y;Ŷ ) =
NY

i =1

1[yi = ŷi ] : (2)

These metrics are non-di�erentiable and thus cannot be optimized directly.
Nonetheless, the notion of perfect accuracy is equivalent to �exact match� from
NLP Seq2Seq [32]. Hence, we follow standard practice in language modeling
and minimize the cross-entropy loss between the predicted and true positions.
This loss encourages the model to assign high probability to the correct piece at
each decoding step, and improves both metric simultaneously, asPerf(Y;Ŷ ) �
Abs(Y;Ŷ ) always holds. At inference, we apply the argmax function over the
predicted logits in order to choose the next placement.

4 Sequence Analysis

How analogous are puzzle tokens and natural language tokens? To better under-
stand the statistical properties of our tokenized puzzles, and to verify they induce
a valid sequential domain, we conduct a series of classical analyses inspired by
corpus linguistics. We examine tokens from the ImageNet 3� 3, JPwLEG-3, and
JPwLEG-5 datasets (see Sec. 5 for detailed descriptions) with granularityB = 4 ,
reduced dimensiond = 2 10, and a vocabulary size ofk = 2 12.

Shannon entropy. Given a discrete random variableX over the token vo-
cabulary f 0; : : : ; jV j � 1g, its Shannon entropy [38] is de�ned as:

H (X ) = �
jV j� 1X

i =0

p(X = i ) log p(X = i ) ; (3)

Fig. 3: Sequence analysis. We measure the Shannon entropy (left) of our jigsaw tokens
alongside their alignment with Zipf's (center) and Heaps' (right) laws.
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where p(X = i ) denotes the probability of observing token i . Since the true
distribution is unknown, we estimate it using empirical token frequencies. In-
tuitively, a higher entropy value implies a more random and less predictable
sequence. Natural language, for instance, exhibits relatively low entropy due to
the uneven distribution of common words and syntactic constraints [4].

Fig. 3 (left) presents the approximated Shannon entropy, averaged over all
puzzles, across the three datasets. All entropy scores fall well below the theo-
retical upper bound of log2(k) = 12 , which is expected due to the relatively
short sequence lengths (bN � k). To contextualize these results, we also com-
pare against an empirical baseline derived from uniformly sampling tokens with
increasing sequence lengths. Notably, the gap between our datasets and the
uniform entropy widens as the number of tokens grows, suggesting that puzzle
sequences, like natural language, exhibit a distinguishable structure.

Zipf 's law. In natural language, token occurrence often follow a Zip�an
distribution: the frequency of a token is inversely proportional to its rank in the
frequency table [31]. That is, the most common token occurs roughly twice as
often as the second most common, three times as often as the third, and so on.
Fig. 3 (center) plots the empirical frequency�rank curves for our tokenized puzzle
sequences, revealing a partially-Zip�an trend. While most tokens follow this
distribution, the tail is noticeably sparser than expected under perfect adherence.
This might stem from choosing a slightly large k value, which leads to small
clusters which are under-represented in the dataset. In Sec. 5.2 we explore the
e�ect of di�erent k values on reconstruction accuracy.

Heaps' law. This property describes how the number of unique tokens grows
as a function of sequence lengthn [15]. In natural language, this is typically
proportional to n� , where0:4 � � � 0:6. As shown in Fig. 3 (right), our tokenized
puzzles exhibit a steeper curve than the reference linen0:5. This suggests that
our data display a higher token diversity than typical text, possibly due to the
wide variability in patch appearances.

Our analysis reveals both distinct nuances and important structural similar-
ities between puzzle and text tokens, further motivating our language-inspired
approach. Interestingly, we have found that the deviations in Zipf's and Heaps'
distributions reproduce recent �ndings regarding image token statistics [2].

5 Experiments and results

We have evaluated our PuzLM over a range of jigsaw reconstruction tasks,
both quantitatively and qualitatively, followed by extensive ablation studies. Un-
less stated otherwise, all experiments were conducted with BART [21] Seq2Seq
backbone, granularity B = 4 , reduced dimensiond = 2 10, and vocabulary size
k = 2 12. While we focus here on the most widely-used benchmarks, additional
experiments (such as cross-dataset generalization, larger puzzles, cost analysis,
etc.), as well as full implementation details are provided in the Supp.
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Table 2: Results on ImageNet 3� 3. Our
method achieves new SOTA accuracy.

Method # Perm. Abs. Perf.

CFN [26]
1000

71.0 NA
Deepzzle [29] 78.6 48.5

Wei et al. [52]

9!

NA 47.3
JPDVT [23] 83.3 68.7
FCViT [19] 90.6 78.9
PuzLM 92.2 87.1

Table 3: Results on ImageNet 3� 3 with
missing pieces.

Missing
1/9 2/9 3/9

Abs. Perf. Abs. Perf. Abs. Perf.

JPDVT 72.0 41.5 61.8 21.4 54.1 14.9
PuzLM 86.0 71.3 73.8 45.1 61.2 23.7

Table 4: Results on JPwLEG. While re-
maining competitive on JPwLEG-3, Pu-
zLM outperforms all other solvers on the
more challenging JPwLEG-5 benchmark.

Method
JPwLEG-3 JPwLEG-5
Abs. Perf. Abs. Perf.

Deepzzle [29] 73.8 52.3 21.9 00.0
SD2RL [43] 81.6 59.7 40.3 05.1
PDN-GA [44] 81.3 58.2 44.3 06.1
ERL-MPP [45] NA NA 52.7 18.6
Di�Assemble [35] 79.7 54.2 63.0 16.4
JPDVT [23] 71.3 NA 04.1 00.0
VLHSA [53] 85.4 NA 66.9 19.0
FCViT [19] 96.9 87.9 43.2 02.5
PuzLM 91.9 84.5 72.1 32.5

*All accuracy values are in percentages

5.1 Puzzle solving benchmarks

We evaluate our solver across several established puzzle-solving benchmarks.
Despite relying solely on tokenized representations, PuzLM achieves strong per-
formance across all datasets, frequently surpassing previous SOTA methods.

ImageNet 3 � 3. Studied by some of the �rst works on data-driven jigsaw
puzzle solving [26,29], this benchmark consists of images from the popular Ima-
geNet dataset [6], divided into 3� 3 slices. To handle the factorial search space,
some methods restrict the task to a �xed-size subset of candidate permutations.
We report this number (as #Perm), and reconstruction accuracy, in Tab. 2.
Our model outperforms all baselines on ImageNet 3� 3, achieving new SOTA
reconstruction accuracy. Notably, the relatively large gain in perfect solutions
(+ 8:2%) indicates our strong ability to align global puzzle constraints.

JPwLEG. �Jigsaw Puzzles with Large Eroded Gaps� (JPwLEG) dataset [43]
is designed to better resemble real-world fragmentation of archaeological arti-

Fig. 4: Qualitative reconstruction results. For each datasets we show perfect (left) and
partial (right) solutions. Incorrect placements are marked with a red frame.
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