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ABSTRACT

Accurate space group determination from PXRD patterns is
critical for materials science but remains challenging due to
intensity variations and long-tailed space group distributions.
To address this, we propose Chemical Sight Net (CSN), a
deep learning framework that incorporates crystallographic
domain knowledge. CSN employs a chemically informed
embedding mechanism to preserve subtle peak information
and integrates symmetry constraints into the loss function.
This approach enhances feature representation and improves
generalization, especially for underrepresented space groups.
Experiments demonstrate state-of-the-art performance across
benchmarks, achieving a Top-1 accuracy of 73.4%. This val-
idates our principled approach of embedding scientific priors
into deep learning, enabling interpretable and data-efficient
PXRD analysis.

Index Terms— PXRD, space group, long-tailed distribu-
tion, prior chemical knowledge

1. INTRODUCTION

Powder X-ray diffraction (PXRD) technology, which car-
ries optical signatures of atomic arrangements and symmetry
within materials, plays a decisive role in the precise deter-
mination of crystal structures for materials discovery and
synthesis research [1, 2, 3]. Within this process, space group
identification—a fundamental step in crystallographic sym-
metry analysis—has long attracted significant scholarly atten-
tion. Conventional PXRD-based space group determination
methods rely heavily on manual expertise, requiring itera-
tive trial-and-error and complex computations [4, 5]. This
approach is not only labor-intensive and time-consuming but
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also constitutes a critical bottleneck limiting the efficiency of
new material development [6].

Deep learning is increasingly emerging as a new paradigm
for space group classification from PXRD data, enabling end-
to-end mapping from diffraction patterns to space groups
while demonstrating promising efficiency and accuracy. Pi-
oneering studies demonstrated the feasibility of end-to-end
mapping from PXRD patterns to space groups using deep
neural networks (DNNs) and convolutional neural networks
(CNNs) [7, 8, 9, 10]. However, these methods exhibit lim-
ited generalizability: their predictive capabilities are often
confined to specific subsets of space groups or narrow ma-
terial systems, hindering broad applicability across diverse
crystalline structures.

Recently, a new architecture named XRDMamba has been
developed, achieving higher accuracy in space group classifi-
cation on expanded datasets and improving model adaptabil-
ity to diverse crystal structures[11]. However, existing meth-
ods still face two critical challenges:

@® The critical information in PXRD data resides in the
correspondence between diffraction angles and inten-
sity values[12, 13]. Conventional analytical approaches
predominantly focus on high-intensity diffraction peaks,
often overlooking structural information embedded in
low-intensity peaks[14]. AI methods also tend to over-
look low-intensity peak data due to this data format.[15,
16, 17]. However, simply amplifying the weights of weak
peaks would distort the original intensity distribution,
thereby losing crucial comparative information between
peaks. Consequently, developing specialized frameworks
that preserve the physical characteristics of PXRD while
enabling intelligent feature extraction has become a
critical technical challenge..

@ Crystallographic data inherently exhibit a long-tail distri-
bution. This phenomenon arises because low-symmetry
space groups tend to form more stable structures that are
easier to synthesize, whereas high-symmetry space groups
often require more complex structural arrangements that
present greater synthetic challenges. Consequently, the
data distribution becomes severely imbalanced: while
head-class samples may exceed 300,000 instances, tail-
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class samples often dwindle to single-digit quantities[18].
This extreme scarcity of tail-class samples constitutes a
classic long-tail problem in crystallographic symmetry
identification.

To address these challenges, we propose Chemical Sight
Net (CSN), a novel hybrid deep learning framework designed
for robust and highly accurate space group classification us-
ing PXRD patterns. The overall architecture of CSN is shown
in Figure 1. It mainly includes the following two key contri-
butions:

©® PXRD embedding with chemical awareness: we introduce
a chemically-weighted embedding module that assigns
learnable chemical weights to diffraction peaks, which
can enable the extraction of both dominant crystallo-
graphic plane signatures and subtle correlations between
prominent and minor peaks.

® Handling Long-Tailed Distribution from a Chemical Per-
spective: CSN transforms the space group classification
problem into loss computation within a latent space of
symmetry rules. This knowledge-guided learning process
significantly enhances the model’s generalization capabil-
ity, particularly for tail classes with scarce samples.

In summary, CSN integrates crystallographic priors into
deep learning, enhancing the physical interpretability and
generalization of PXRD analysis under long-tail distributions
while retaining end-to-end efficiency. This study establishes
a new paradigm for fusing diffraction physics with Al. Exper-
imental results demonstrate state-of-the-art performance, par-
ticularly in accurately recognizing space groups with scarce
samples.

2. PROPOSED METHOD

» Problem Definition. The input for the PXRD-based space
group prediction task is an XRD spectrum, which is a curve
of length N x 2 obtained from diffraction experiments on
a crystalline powder. The curve is represented by the verti-
cal coordinate (intensity): S = [S1,5a,..., 50, ..., S,], and
the horizontal coordinate (angle): 6 € [0°, 6, 26, 34, ..., 90°].
Here, 6 represents the diffraction angle of the X-ray, and Sy
denotes the corresponding diffraction intensity when the in-
cident angle is 6. The interval § = 0.1° is the angular sam-
pling interval used for recording diffraction intensities. The
output of the task is the space group class Y € [0, 229], cor-
responding to 230 theoretical crystal structures. Additionally,
we define symmetry rules as R € [ry, 72, ..., 46, represent-
ing 32 spatial symmetry operations and 14 Bravais lattices,
where r; € {0, —1,1}. Here, 0 indicates the absence of the
rule, 1 indicates its presence, and —1 represents inverse oper-
ations of certain rotations and translations. The objective of
our model is to learn a mapping function:

f:(S,0) =Y. (1)
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Fig. 1: Overview of the proposed CSN framework. CSN in-
tegrates crystallographic prior knowledge through three core
modules: @ an attention-based PXRD embedding layer for
diffraction data representation, ® Flash-Transformer blocks
for linking local feature extraction with global dependen-
cies, and ® a knowledge embedding output layer that incor-
porates chemical relationships between symmetry operations
and space groups.

» Overview of CSN. CSN primarily consists of three
modules: @ Processes raw diffraction patterns through
spectral attention mechanisms to capture intensity-sensitive
features while preserving angular relationships, @ Flash-
Transformer[19] blocks that establish connections between
local information extraction and global relationships, and
® an output layer that embeds the chemical relationships
between symmetry operations and space groups into the net-
work. We will subsequently detail the PXRD embedding
methodology and the knowledge embedding approach for
symmetry rules.

2.1. Attention-based PXRD Embedding

To prevent low-intensity peaks from being overlooked, we
propose an attention-based PXRD embedding module. The
input pipeline uses 1D-convolutions for spectral feature ex-
traction, capturing local patterns like doublet features while
optimizing sequence length. Instead of conventional pooling,
which discards weak signals, we employ a self-attention vari-
ant that assigns adaptive weights based on signal intensity.
By applying logarithmic preprocessing to peak intensities be-
fore computing the attention matrix, we ensure that intensity
information guides the attention distribution. This mecha-
nism prevents critical low-intensity diffraction peaks from be-
ing overshadowed by dominant signals. The formulation is as
follows:

Q= We.r ,

K=wkl.1, v=w".1, (@

T

K
Attention(Q, K, V) = Softmax (Q

m © (VVlog ' 1T)> Vv

3)

wherel = Conv1D(S|0) € RV*E, 4)
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where 17 € R™*L is an all-ones row vector used for broad-
casting W, to the dimensions of the attention matrix.

2.2. Symmetry Rules Embedding

The symmetry rule embedding process is constructed by us-
ing neural networks to simulate the correspondence between
crystal symmetry invariance and space groups. We diverge
the Transformer output into two parallel processing streams:
the first stream utilizes a standard feed-forward network with
pooling operations for direct space group prediction.

Y, = Pooling (FFN(Xj)), 5)

where X is the output of the Flash-Transformer [19].

The second stream employs deconvolution operations for
dimensional expansion, transforming the N x C' feature ma-
trix into an N x 46 x L third-order tensor, thereby decom-
posing the single feature sequence into 46 independent sub-
sequences, each corresponding to a specific symmetry rule.

Xgee = Deconv(X;) € RV*46xL, (6)
To maintain mathematical rigor for Binary Cross-Entropy
(BCE) optimization, we decompose each symmetry rule
R € {—1,0,1} into two binary indicators representing “Pres-
ence” and “Directionality”’[cite: 67, 68, 115]. The predicted
rule vector and the corresponding loss are:

dec

Ryes = [FEN(X(D). .. FEN(X()] e B2 )

46

1 N 2
m:*ﬁz > [Rijxlog(Ri k)

i=1j=1k=1

+ (1= Rijp)log(1— Ri )]
®)
where k£ € {1,2} denotes the decomposed binary proper-
ties[cite: 106, 107, 120]. This maps targets into the [0, 1]
domain, ensuring the loss remains well-defined while captur-
ing the orientation of symmetry operations|cite: 108, 116].

The rationale for decomposing space group classification
into distinct symmetry rules is evidenced by the hierarchi-
cal relationships in Figure 2. While one-hot encodings treat
groups like P6, P6-m, and P6-mmm as independent cat-
egories, crystallography reveals an evolutionary symmetry
path. For instance, P6—m adds a horizontal mirror and in-
version center to P 6, whereas P 6—mmm incorporates further
vertical mirrors and two-fold axes. Our rule-based approach
captures these underlying connections, enabling the model to
learn structural hierarchies rather than isolated labels.

Using one-hot encodings during training forces the model
to treat these structurally related space groups as completely
independent categories due to the gradient signals from the
loss function, which contradicts crystallographic principles.
In contrast, the symmetry rules embedding approach guides
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Fig. 2: Space Group Classification Encoding from Multiple
Perspectives.

‘ Top-1 Accuracy (%) ‘ Top-2 Accuracy (%)

Method ‘ MOF-Balanced ‘ MOF ‘ MOF-Balanced ‘ MOF

MLP 4.1 (+0.0) 9.1 (+0.0) 5.4 (+0.0) 15.1 (+0.0)
CNN 22.9 (+18.8) 39.0 (+29.9) 32.4 (+27.0) 56.4 (+41.3)
NoPoolCNN 33.8 (+29.7) 38.2 (+29.1) 40.7 (+35.3) 51.8 (+36.7)
RCNet 44.5 (+40.4) 59.0 (+49.9) 55.5 (+50.1) 73.7 (+58.6)
XRDMamba 48.7 (+44.6) 72.2 (+63.1) 61.7 (+56.3) 85.2 (+70.1)
CSN ‘ 50.5 (+46.4) ‘ 73.3 (+64.2) ‘ 66.1 (+60.7) ‘ 86.3 (+71.2)

Table 1: Accuracy (%) on CCDC dataset with SOTAs. Bold
indicates the best performance. (+) indicates the relative gain.

the model to learn fine-grained symmetry relationships
through gradient updates, thereby capturing more accu-
rate chemical knowledge. Moreover, this method mitigates
the long-tailed distribution issue in space group data. For
instance, in the CCDC database, space group Ccc2 has
only 133 samples, while Cc has over 10,000. By sharing
symmetry rules, tail classes (e.g., Ccc2) implicitly receive
supplementary training signals from head classes (e.g., Cc)
with overlapping symmetry characteristics.

Notably, we do not entirely abandon one-hot encoding.
The final loss function combines the conventional space group
classification loss (based on one-hot labels) and the symme-
try rules embedding loss, ensuring that the model both rec-
ognizes symmetry relationships and maintains discriminative
capability among symmetry-similar space groups.

3. REUSLT AND ANALYSIS

» Dataset and Baseline. For our experimental study, we cu-
rated a dataset comprising over 200,000 metal-organic frame-
works (MOFs) from the Cambridge Structural Database [18].
This dataset spans 225 out of 230 space group classes, the
remaining five categories currently lack registered synthetic
samples. We allocated 50% of the data for model training
and reserved the remaining 50% for performance evaluation,
referring to this split as the MOF dataset. To address class
imbalance in the test set, we constructed a balanced subset
following the methodology of XRD-Mamba: from each class
containing more than 10 test samples, we randomly selected
10 instances, resulting in a balanced evaluation set of over 200
samples, denoted as MOF-Balanced. We compared our ap-
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Crystal name: NACXOH
Space group: P4232(6)

Crystal name: YISLEU
Space group: P6-mmm(159)
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Crystal name: AJABUJ
Space group: P2221(109)

Crystal name: ZUFCUB
Space group: la-3d(126)

Fig. 3: Typical predicted case of CSN.

Components ‘ Top-1 Accuracy (%)

PxrdE  Sym-rule ‘ MOF MOF-Balanced

b 4 b 4 64.5 41.5
4 b 4 70.1 443
b 4 4 68.1 49.3
4 v 73.4 50.6

Table 2: Ablation study on CCDC dataset.

proach against five state-of-the-art methods: MLP [7], CNN
[7], NoPoolCNN [7], RCNet [10], and XRDMamba[11].

» Benchmark Results. We conducted a systematic evalua-
tion of CSN against current state-of-the-art (SOTA) methods
on the aforementioned MOF and MOF-Balanced test sets. Ta-
ble 1 presents the Top-1 and Top-2 accuracy of each model
on both test sets. Notably, conventional models, including
MLP, CNN, and NoPoolCNN, demonstrated suboptimal per-
formance across all metrics. Based on the results, our CSN
framework achieves superior performance by innovatively in-
tegrating PXRD peak intensity attention with crystalline sym-
metry rule mining: obtaining breakthrough results on both
MOF and MOF-Balanced datasets- all accuracy metrics are
above 50%. Experiments demonstrate that feature extraction
based on PXRD data characteristics can more effectively cap-
ture structural information, while embedding the intrinsic reg-
ularities of symmetry and space groups enables the model
to exhibit exceptional generalization capability on balanced
datasets.

» Ablation Study. Systematic ablation results (Table 2) val-
idate the contribution of each CSN module. Replacing the
baseline 1D-CNN with our PXRDEmbedding module sig-
nificantly improved feature extraction across both datasets.
Furthermore, substituting the standard FFN-pooling with
the Sym-rule block yielded a 3.6% and 7.8% accuracy gain

on MOF and MOF-Balanced sets, respectively. The more
pronounced improvement on the balanced set (+7.8% vs.
+3.6%) highlights the module’s effectiveness in mitigating
long-tail distribution issues. Overall, the full CSN architec-
ture achieved a 9% total gain over the baseline, confirming
that integrating PXRD feature engineering with symmetry
constraints enables effective learning of the underlying phys-
ical patterns in XRD data.

» Case Study. We selected four representative prediction
cases for visual analysis. As shown in Figure 3, each case dis-
plays: crystal name, correct space group (with sample count),
structural diagram, and Top-1 to Top-2 predictions. The
model consistently predicts space groups sharing symmetry
rules with ground truth—exactly the desired behavior. Even
when incorrect, predictions remain scientifically meaning-
ful. This indicates our model captures underlying symmetry
information rather than treating space groups as isolated
one-hot entities . Case analysis shows: For NACXOH (Case
1), the correct group appears in Top-2. For other cases (2-4),
the model avoids head-class bias and predicts groups with
high symmetry similarity, effectively mitigating the long-tail
problem.

4. CONCLUSIONS

This paper introduces CSN, a physics-informed model that
predicts crystal space groups from PXRD data with high
accuracy, even for scarce samples. By embedding crys-
tallographic priors, CSN achieves robust performance and
remains chemically meaningful even in misclassifications,
offering chemists a valuable diagnostic tool. Ultimately, our
framework establishes a new paradigm for integrating sci-
entific knowledge into Al to interpret complex diffraction
patterns.
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