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Abstract

Jigsaw puzzle solving remains difficult because models must
reconcile local fragment cues with global structure. Most
prior work leans solely on visual signals (edge or texture
coherence) and rarely exploits natural-language descriptions,
which are especially helpful for puzzles with eroded gaps.
We introduce a vision–language framework that uses textual
context to guide assembly. At its core, the Vision–Language
Hierarchical Semantic Alignment (VLHSA) module aligns
image patches with text via multi-level matching—from lo-
cal tokens to global summaries—within a multimodal design
that couples dual visual encoders with language features for
cross-modal reasoning. Across multiple datasets, the method
surpasses the state of the art, including a 14.2 percentage-
point gain in piece accuracy; ablations identify VLHSA as
the principal source of improvement. These results suggest
a practical shift for jigsaw solving: augmenting vision with
language to resolve ambiguous placements.

Introduction and Previous Work
Solving jigsaw puzzles with eroded gaps demands precise
local compatibility and dependable scene level semantics.
Purely visual pipelines are often confused by worn edges
and visually similar fragments. Pairwise relation learn-
ing, including Deepzzle (Paumard, Picard, and Tabia 2020)
which uses a Siamese network (Bertinetto et al. 2016) to
classify the relative position of neighbors around a center
piece, captures local fit but rarely enforces global coherence,
especially when fragments are ambiguous or eroded. Re-
inforcement learning planners such as SD2RL (Song et al.
2023a) improve end to end placement but struggle to scale
to large puzzles. Discriminator guided search exemplified by
PDN-GA (Song et al. 2023b) is robust yet computationally
heavy and more brittle under large gaps. Multiscale struc-
tural modeling such as ERL-MPP (Song et al. 2025) gath-
ers local to global cues, but vision only reasoning remains
ambiguous on similar pieces. Generative reconstruction like
JPDVT (Liu et al. 2024) conditions diffusion and ViT mod-
els to tolerate missing pieces, with trade offs in efficiency
and stability when erosion is severe. We present VLHSA, a
hierarchical alignment module for vision and language that
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links fragments to textual cues from local tags up to global
descriptions so semantic priors guide placement. On stan-
dard and gap eroded benchmarks, VLHSA yields consistent
gains, up to 14.2 percentage points gain in piece accuracy,
and ablations indicate that hierarchical semantic guidance is
the main driver.

Proposed Methodology

Problem Formulation

We address jigsaw reconstruction with eroded gaps, where
an image is partitioned into N fragments and the goal is
to recover a one-to-one piece–to–grid permutation. Beyond
low-level visual cues, a concise caption T provides seman-
tic constraints that help disambiguate visually similar frag-
ments and enforce global coherence.

Framework Architecture

Our framework couples a dual visual encoder with a
lightweight vision–language alignment module. Vision
Mamba captures long-range spatial dependencies, while a
BLIP vision encoder supplies language-aligned semantics;
features are projected to a common space and combined via
residual adapters to remain parameter-efficient. On the text
side, a short caption is generated using BLIP’s captioning
capability and encoded into token-level and global embed-
dings (CLIP text encoder), resulting in a unified multimodal
representation with minimal overhead.

Vision–Language Hierarchical Semantic
Alignment

The core VLHSA module aligns visual fragments and lan-
guage at three granularities. (i) Token level: cross-attention
links patches to salient words, enabling fragments to fo-
cus on relevant concepts. (ii) Region level: pooled neighbor-
hoods (e.g., 2×2/3×3) are matched to phrase spans, cap-
turing local context and spatial relations. (iii) Global level: a
gating mechanism reconciles image-wide semantics with the
full caption to ensure holistic consistency. Aligned features
are fused with learnable weights to balance fine-to-global
signals adaptively.
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Figure 1: VLHSA overview: Mamba + BLIP features, CLIP text (global/tokens), hierarchical alignment (token/region/global), Hungarian
assignment.

Assignment and Training Objective
Fused representations are fed to a lightweight prediction
head that outputs position scores; a Hungarian matching
layer enforces bijective assignment. The training objective
combines assignment accuracy with mild regularizers that
stabilize the three alignment stages and a small pairwise ad-
jacency term for local consistency. At inference, only a brief
caption is required; the model performs a single forward
pass to produce the final permutation.

Our total training objective combines reconstruction accu-
racy with semantic alignment, and includes minor auxiliary
terms for pairwise adjacency and local consistency regular-
ization:

Ltotal = Lassign + λ(Ltoken + Lregion + Lglobal) + λpLp (1)

where Lassign is the cross-entropy loss for the optimal as-
signment, and λ balances reconstruction accuracy with se-
mantic coherence. For regularization, we introduce a pair-
wise adjacency loss (Lp), which serves as minor auxiliary
terms without affecting the main vision-language alignment
framework.

Experiments
Datasets and Protocol
We evaluate on JPwLEG-3 and JPwLEG-5, two jigsaw
benchmarks with eroded gaps derived from the MET
open-access collection. JPwLEG-3 uses 3×3 fragments;
JPwLEG-5 uses 5×5 with larger gaps and higher ambigu-
ity. We follow the official splits and the training/evaluation
protocol introduced by SD2RL, ensuring fair comparison to
prior work. Metrics include Perfect, Piece, Horizontal, and
Vertical accuracy. Further data preprocessing details and ex-
perimental settings are deferred to the appendix.

Main Results
On the harder JPwLEG-5, VLHSA establishes a new state of
the art in Perfect accuracy (19.0%) while delivering a sub-
stantial gain in Piece accuracy (66.9%), a 14.2 pp improve-
ment over ERL-MPP (52.7%). Horizontal/Vertical relations

Method Venue Perf. Piece Hori. Vert.
Deepzzle TIP-2020 0.0 21.9 10.9 10.7
SD2RL AAAI-2023 5.1 40.3 26.5 26.2
PDN-GA ICASSP-2023 6.1 44.3 30.8 30.6
ERL-MPP AAAI-2025 18.6 52.7 56.5 57.3
VLHSA (Ours) - 19.0 66.9 58.1 58.4

Table 1: JPwLEG-5 comparison (accuracy %). Full base-
lines and per-category results are in the appendix.

also improve to 58.1%/58.4%. On JPwLEG-3, VLHSA at-
tains 85.4% Piece accuracy, surpassing SD2RL (81.6%).
Category-wise analysis shows the largest gains on engrav-
ings and artifacts (15.0 pp over the strongest baseline), high-
lighting stronger robustness under fine-grained structure and
high visual similarity.

Encoder ablations show progressive gains when augment-
ing Vision Mamba with BLIP visual features and CLIP text,
confirming the utility of cross-modal cues. The best results
are obtained when all three levels are enabled. Complete ta-
bles are provided in the appendix.
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