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ABSTRACT

We propose NeuSpell, a neuromorphic framework that learns representations as
resistance states in a memristor crossbar array, offering a non-von Neumann al-
ternative to token-based sequence modeling. Instead of digital tokenization and
GPU-accelerated pipelines, structural components of input sequences are directly
encoded as conductance dynamics, enabling massively parallel, in-memory infer-
ence with ultra-low latency (0.07 ms) and near-zero energy cost. Applied to Ti-
betan syllable recognition, a task where conventional models struggle due to mor-
phological complexity and data scarcity, NeuSpell achieves 98.2% F1 on the SSC-
TiM corpus and TUSA benchmark, outperforming state-of-the-art neural and large
language models. Beyond this application, our results suggest that resistance-state
dynamics can serve as a new foundation for structure-aware, token-free represen-
tation learning, opening a path toward efficient neuromorphic architectures that
move beyond von Neumann computation.

1 INTRODUCTION

Large language models (LLMs) and other sequence modeling architectures have achieved remark-
able progress across a wide range of natural language processing (NLP) tasks /Achiam et al.| (2023));
Hurst et al.| (2024); \Guo et al.| (2025); [Liu et al.| (2024); [Touvron et al.| (2023a3b)); |Grattafiori et al.
(2024); IBai et al.| (2023aib; 2024); Yang et al. (2024). However, their reliance on von Neumann
architectures, digital tokenization, and GPU-accelerated pipelines imposes fundamental limitations
Bostrom & Durrett (2020); Jouppi et al.| (2017); [Han et al.| (2016)). Token-based representations
inflate sequence length in morphologically rich languages, while memory bandwidth and energy
constraints hinder real-time or edge deployment Kudo & Richardson| (2018)); Batsuren et al.| (2022);
Sze et al.[|(2017). As models continue to scale, the gap between algorithmic advances and hardware
efficiency becomes increasingly pronounced, calling for alternatives that rethink how representations
are learned and computed |Arya et al.|(2024).

In this paper, we argue that neuromorphic hardware offers a promising foundation for next-
generation sequence modeling. Specifically, we explore resistance states in the memristor cross-
bar array|Chual (1971); Jo et al.| (2010b) as a new medium for representation learning. Instead of
encoding linguistic units as discrete tokens for sequential processing, we directly map structural
components into conductance dynamics, enabling massively parallel, in-memory inference. This
design bypasses the data movement bottleneck of von Neumann systems and eliminates dependence
on GPUs, while also providing an inductive bias well-suited for structure-aware tasks.

Among the many sequence modeling tasks, we focus on Tibetan spelling error detection and
correction, a problem that epitomizes the challenges of morphologically rich and low-resource
languages. Tibetan syllables are composed of hierarchical units (prefixes, roots, subscripts, su-
perscripts, vowels, and suffixes) Zhang et al| (2021)), making token-based models inefficient and
error-prone, which is shown in Figure I} Spelling errors are especially frequent in handwritten or
digitized Tibetan texts, where a single misplaced component can change meaning entirely. Exist-
ing approaches, ranging from handcrafted rule-based systems Wang & Duola (2008); Huang & Da
(2010); Zhu et al.| (2013)); wangdui et al.|(2014); Brown| (2024); [Wan & He|(2015) to deep learning
models|/San et al.|(2021)); Jie et al.[(2014);Zhu et al.|(2014);|L1u et al.|(2017); Danzhaxi et al. (2020),
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Tokenizer Number of tokens after
word segmentation

Llama2 Tyes 28 (4 times1) ['— ', i, ™, <OXEO>', '<OXBD>', '<OX8F>', "2, '<0xE0>', '<OXBD>',
SRR '<OX81>', ", A WL R g g ,§,<0XEO>' '<0xBC>',
'<0x8D>']
Llama3  aym= 7 43 (6 times1) ['an', 'R, 'an!, £ an!, T, AR, i, A, e, an!, it ans, g,
ARG ', an!, 'K, g %' ", '3 1/z' 'K', 'a‘/z' 'K', '3 1/z' 11 %' T, 'a%!,
'K', 'a‘ ‘%', '_ 1/' A, HY, g %', T an!, 'y, !, "]

Figure 1: While we developed the speicalized LLM for Tibetan, existing LLM tokenizers such as
those used in LLaMA?2 and LLaMA3 severely over-segment Tibetan text. For an input of only seven
words, LLaMA?2 produces 28 tokens (a fourfold increase), while LLaMA3 generates 43 tokens (a
sixfold increase). This excessive fragmentation inflates sequence length, increases computational
and memory costs, and forces the model to operate on sub-symbolic fragments rather than linguis-
tically meaningful units. As a result, semantic coherence is lost, and performance on downstream
tasks such as spelling correction or translation is degraded. Beyond accuracy, this tokenization bias
also exacerbates inefficiency and unfairness, as morphologically rich, low-resource languages like
Tibetan face disproportionately higher computational burdens compared to high-resource languages.

struggle with either low robustness or prohibitive computational cost. These limitations make Ti-
betan spelling correction an ideal testbed for our framework: it requires structure-aware repre-
sentations, yet demands ultra-efficient inference for real-world deployment in resource-constrained
regions. By encoding syllable components directly as resistance states in a memristor crossbar,
NeuSpell aligns naturally with the structural properties of Tibetan and provides a GPU-free solution
to high-accuracy spelling error recognition.

In this paper, we make the following contributions:

* We introduce NeuSpell, a neuromorphic framework that learns representations as resis-
tance states in a memristor crossbar array, offering a non-von Neumann alternative to
token-based sequence modeling.

* We design a structure-aware decomposition pipeline that maps linguistic components
into resistance-driven embeddings, enabling massively parallel, in-memory inference with
ultra-low latency and near-zero power consumption.

* We construct and release SSC-TiM, the first component-level Tibetan medical corpus,
and demonstrate that NeuSpell achieves state-of-the-art performance (98.2% F1) and effi-
ciency, surpassing strong neural and large language models without relying on GPUs.

2 RELATED WORK

2.1 TIBETAN NLP

NLP for Tibetan has seen gradual progress but remains constrained by limited annotated resources
(2025aljb); [Huang et al| (2025) and the complexity of its syllabic structure
(2025Db). Early approaches relied heavily on rule-based systems or shallow neural architectures for
segmentation, part-of-speech tagging, and spelling correction Wang & Duolal (2008); Huang & Da|
(2010); [Zhu et al|(2013); lwangdui et al| (2014); Brown| (2024); |San et al.| (2021); [Jie et al.| (2014);
Zhu et al.| (2014); [Liu et al.| (2017); |Danzhaxi et al | (2020); (Guo—cai—rang et al.|(2021). More recent
efforts introduced pretrained models for classification and error detection, but these systems inherit
the inefficiencies of token-based representations, where the decomposition of syllables into long
character sequences inflates input length and reduces robustness [Liang et al| (2024); Khysru et al.
(2021); |Qi et al| (2024bfa). LLMs can partially address this through subword-level generalization
[Batsuren et al.| (2022), yet their computational overhead and reliance on GPU acceleration make
them impractical for deployment in resource-constrained environments. Overall, Tibetan NLP still
lacks efficient, structure-aware approaches that align with the hierarchical nature of the language
while remaining lightweight enough for real-world use.
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2.2 MEMRISTOR

Memristors (Chual(1971)) have emerged as promising devices for in-memory computing, where stor-
age and computation are co-located to overcome the bottleneck of von Neumann architectures. Their
nonlinear resistance switching has already been exploited in neuromorphic circuits and vision tasks,
demonstrating ultra-low power and high parallelism Jo et al.| (2010b). More broadly, memristor-
based designs have been considered for general-purpose learning systems, though their application
to language processing remains largely unexplored |Zhang et al.| (2023)); Jo et al.| (2010a); [Pershin
(2019); |Kahale & Tannir| (2022)). In the context of NLP, most existing methods continue to rely on
digital architectures accelerated by GPUs, leaving an open question of how neuromorphic hardware
can support sequence modeling [San et al.| (2021); Jie et al.|(2014); Zhu et al.| (2014); Hurst et al.
(2024); |Achiam et al.| (2023). Our work contributes to this gap by reformulating Tibetan syllable
recognition as a resistance-state computation problem, thereby integrating linguistic structure with
the native properties of memristor crossbar arrays. This is the first work that introduces a neuro-
morphic framework for Tibetan syllable structure correction, eliminating the reliance on GPUs and
token-based representations.

3 METHODOLOGY

According to the ideal memristor suggested by Chua |Chual (1971), a time-invariant memristor can
be represented as Equation [T|and Equation [2}

dw
o = fw.w) M

I(t) = E(w,v) - v(t) (2

Let w denote the internal state variable of the memristor, defined as the ratio of the doped region’s
thickness to the total device thickness. The voltage and current across the device are represented
by v(t) and I(t), respectively, while F(w,v) denotes the conductance, and f(w,v) captures the
dynamics of w. Under the cubic flux-controlled memristor model , the charge g is a single-valued
function of the magnetic flux ¢. Expanding ¢(¢) via Taylor series yields:

9(¢) =Y and" = ap + B¢* +7¢” + 0 (¢°) 3)
n=0

where «, 8 and ~y are constants. The device conductance F(¢) can be represented as Equation

E(¢) = a+2B¢ + 3v¢* 4)

According to the relationship between current i, voltage v, magnetic flux ¢, time t and device con-
ductance E(¢), the flux ¢ and current i can be computed as Equation [5|and Equation @

i(t) = (a+ 286 + 37v9?) v(t) (5)

t
3(t) = { b0+ [, v(T)dT, v > Vpos Or U < Vpeg ©

do + fg_dT V(T)dT, Vneg < v < Upos
where v}, and vy, are threshold of magnetic flux. When voltage v € [Vy,cg, Vpos], the conductance
of memristor is stable. Based on it, we develop the NeuSpell, shown in Figure 2] After inputting
a syllable, its length is calculated and checked to ensure it falls within the valid range. Depending
on the length, the syllable is evaluated against specific structural combinations of elements such as
prefixes, root letters, subscripts, superscripts, vowels, suffixes, and feature sets, along with positional
conditions that dictate component requirements. If no red parts are present, non-Tibetan clearing and
tokenization are used to pre-process Tibetan text.

NeuSpell uses individual memristors at the intersections of word and bit lines, leveraging their
unique properties . A voltage v; adjusts the resistance of a target memristor, while a read voltage
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Figure 2: Diagram of the NeuSpell
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Vread, Delow the v,rr or v, thresholds, prevents altering other memristors in the same row or
column, which is used for parallel bitwise matching in Tibetan syllable component recognition.

To simplify processing, a single array matches all components. The array has 50 columns (30
consonants and 20 numerals, treating numerals as root letters) and encodes each Tibetan charac-
ter into 8-bit binary, represented by 8 memristors per row. Thus, the array consists of 50 x 8
memristors. Based on Tibetan character, the binary codes of the three candidate characters are
setto ‘1011001°, ‘01010101°, and ‘11101111°, respectively. The binary code of the character being
matched is ‘1011001°. According to the theory and experiment, the character should correctly match
the first candidate character.

All in all, NeuSpell involves the following steps:

1) Sequentially select Tibetan characters from the syllables and identify candidate characters for
mapping.

2) Apply voltage pulses v,cqq With magnitudes v,¢¢ and v,, on each row to represent the binary
code of the target Tibetan character. A high voltage vy represents logical 0, while a low voltage v
represents logical 1.

3) Configure the candidate characters in the crossbar array by setting the memristor resistances R to
Rorr (logical 0) or Ron (logical 1).

4) Place an ammeter at the end of each column to measure the column current /.., flowing through
the memristors in the ith column.

5) For a match at the jth bit, the current I;; through the corresponding memristors must satisfy:

Uread o Vo o U1
R Rorr  Ron

Lij = )

6) If selected character matches ith in candidate characters, the current value in corresponding col-
umn should satisfy:

Uread Vo
Lo, = =38 8
2 ; R =8 ®)

4 DATASET & IMPLEMENTATION

4.1 DATASET
4.1.1 SSC-TiM

We selected these two ancient books: rGyud bZhﬂ (46%) and Crystal Materiaﬂ (54%), because
modern Tibetan, influenced by the Internet, has undergone significant changes, with its grammar

'ISBN: 7532305317
2ISBN: 9787225067841
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becoming closer to Mandarin and losing many distinctive features of Tibetan culture and language.
These 5000 text data contain long (51%, Appendix |A| Figure [8)) and short sentences (49%, Ap-
pendix [A] Figure [7). And they all use ancient Tibetan, not Mandarin or vernacular. All data have
been verified by Tibetan experts and their institutions. This is the first Tibetan medical dataset that
preserves the ancient grammar of the Tibetan language, making it suitable for benchmarks in NLP
tasks like machine translation and report generation. For more details, please refer to Appendix [A]

4.1.2 TUSA

The Tibetan University Sentiment Analysis (TUSA) [Zhang et al.| (2024) containing 10,000 sen-
tences, is used for pre-training transformer-based models in Tibetan sentiment analysis. For spelling
correction, the training data is sourced from the Tibetan text corpus released by Tibet University
, originally used for Tibetan news classification and comprising over 5.7 million sentences, this
corpus serves as the basis for constructing the spelling correction training set. From this corpus,
50,000 high-quality sentences are selected. To assess model performance in real-world scenarios,
an additional evaluation set of 1,000 erroneous sentences collected from the web is included.

4.2 IMPLEMENTATION
4.2.1 HYPERPARAMETER

A total of 400 memristors are arranged in a crossbar array. The threshold voltages are configured
with an off-state voltage (v, ) of 0.3V and an on-state voltage (v,,,) of —0.3 V. For binary encod-
ing, the voltage levels are set as vg = 0.2V and v; = 0.08 V. The resistance values of the memris-
tors are Roppr = 2500 €2 in the high-resistance state and Rox = 1002 in the low-resistance state.
Other device parameters are defined as follows: the nonlinear ion drift coefficients are o,y = 1 and
0on = 3; the window function parameters are k,¢r = 80 and k,, = —120; and the internal state
variable boundaries are set to .7y = 0 and x,,, = 1. Finally, the number of training epochs is 5.

4.2.2 SIMULATION

Before the main experiments, we simulate the pattern-matching capability of a memristor cross-
bar array. A simplified task with three candidate characters is constructed using an 8 x 3 array of
24 memristors (Appendix B|Figure [0), with ammeters recording column currents. Under a dynamic
voltage V (t) = Asin(wt), the device exhibits typical I-V hysteresis (Appendix [B|Figure[L 1), where
larger amplitudes enlarge the loop and higher frequencies compress it due to limited ion migration.
When the voltage pattern of the correct character is applied, measured currents match theoretical
values (Equations [7HS), confirming accurate recognition. Sudden current drops (Appendix [B] Fig-
ures further demonstrate fast resistive switching, a key property for neuromorphic com-
puting and memory.

4.2.3 EVALUATION MATRIX

We use Precision, Recall, and Fl-score as evaluation metrics. Precision measures the proportion
of correctly predicted positive samples among all predicted positives, while Recall reflects the pro-
portion of correctly predicted positives among all actual positives. The Fl-score, as the harmonic
mean of Precision and Recall, provides a balanced assessment, particularly useful in scenarios with
imbalanced datasets. The best results are highlighted in bold, and the second-best are underlined.

5 EXPERIMENTAL RESULT

5.1 EXPERIMENTAL SETUP

As noted earlier, a memristor’s resistance can represent logical O or 1, enabling binary operations. To
utilize memristors effectively, Tibetan characters must be converted into binary form. In Unicode,
Tibetan characters are assigned hexadecimal codes from OF00 to OFDA. We extract the last two
digits of these codes and convert them into 8-bit binary. Figure [3]illustrates the binary encoding for
consonants.
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Character | Code | Character Code | Character | Code | Character | Code | Character Code

01000000 01000101

01000001 | 01000010 | 01000100 |

01000110 01000111 | ) 01001001 5 01001111 | 01010000

01010001 01010100 01010101 | 01010110

01011000 01011001 | 01011010 01011011 | ¥ 01011101

01011110 01011111 | 01100000 01100001 | 01100010

01100011 01100110

I
|
|
| oroiooi1 |
|
|
| 01101000

01100100 | 01100111 | ®

Figure 3: Binary code of consonant.

The abbreviations for the components of Tibetan characters are as follows: Pre.=prefix let-
ter; Sup.=superscript letter; Ro.=root letter; Sub=subscript letter; Vow.=vowel; Suf.=suffix letter;
FS.=farther suffix letter.

5.2 BASELINE MODEL
5.2.1 LIGHTWEIGHT NEURAL MODEL

We choose RNN [Li et al.| (2018)), LSTM Hochreiter & Schmidhuber (1997), CNN-LSTM |Vinyals
et al. (2015b), CNN-RNN |Vinyals et al.| (2015a), Bi-RNN |Schuster & Paliwal| (1997), Bi-LSTM
Schuster & Paliwal (1997); [Hochreiter & Schmidhuber| (1997), BERT |Vaswani et al. (2017)); Devlin
et al.| (2019), RoBERTa |Liu et al.| (2019)), Transformer [Vaswani et al.| (2017), Mamba |Gu & Dao
(2023)), and CINO |Yang et al.| (2022)) as baseline models on the check task, optimized by the tool
Optunéﬂ. These models are trained and tested using ten-fold cross validation, with training epochs
set to 500.

5.2.2 LARGE LANGUAGE MODEL

As shown in Appendix [C| Table[7] we evaluate several open-source models, including Qwen-2.5 Bai
et al.| (2023azbj; 2024); [Yang et al.[ (2024), DeepSeek |Guo et al.[ (2025); [Liu et al.| (2024), and the
LLaMA-3.1 series (8B, 70B, 405B) |Grattafiori et al.| (2024), via their official APIs or platforms.
We also include closed-source systems such as the GPT family |[Hurst et al.| (2024)); |Achiam et al.
(2023)), Claude-3.5-Sonnet |Anthropic| (2024), and Gemini-1.5-Flash [Team|(2024). For open-source
models, we apply parameter-efficient fine-tuning with LoRA [Hu et al.| (2022)) and supervised fine-
tuning |Ouyang et al.| (2022), while proprietary models are adapted through prompt-based tuning
and instruction engineering. To further assess representation choices, we compare token-based,
subword-based, and hybrid input strategies. Token-based inputs provide semantic granularity but
suffer from out-of-vocabulary issues. Subword segmentation improves coverage and generaliza-
tion. The hybrid approach combines both, balancing semantic integrity with robustness, which is
particularly beneficial for morphologically rich languages such as Tibetan.

5.2.3 HARDWARE

The hardware specifications for training and testing them include 2 Tesla V100 GPUs (2 x 32GB),
64GB Of RAM, 8 CPU cores per node, and a total of 6 nodes.

5.3 COMPARATIVE EXPERIMENT

As shown in Table([I] pretrained models such as RoOBERTa and Mamba achieve competitive results,
with underlined values denoting the second-best scores. NeuSpell consistently outperforms all base-
lines, reaching 100% Precision and the highest F1-scores on both datasets, thereby establishing its
effectiveness in Tibetan spelling correction. We further conducted efficiency experiments across
models. While conventional approaches require extensive data conversion and approximately two
days for training, testing, and deployment, NeuSpell directly encodes Tibetan syllables as resistance
states, eliminating these overheads and enabling a significantly more efficient pipeline.

As shown in Figure fla] NeuSpell demonstrates stable performance as the sample size increases,
achieving 100% precision, 98.6% recall, and 98.2% F1-score, which highlights its high accuracy in
detecting syllable errors. We further evaluate 1,312 high-frequency syllables, including 200 with

3https://optuna.org/
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Table 1: Comparison with NLP Models of Check Results, Inference Time & GPU Utilization

Model SSC-TiM TUSA Efficiency & Hardware Utilization Statistics
ode; Precision _ Recall _ Fl-score | Precision  Recall  Fl-score | Inference Time (ms) | Parameters (M) | FLOPs | GPU Utilization

RNN 96.01 95.89 95.56 97.14 97.54 96.73 18 ms 1M 87 Low
LSTM 96.07 96.01 95.87 97.22 96.52 96.42 22 ms 14M 115 Low
CNN-RNN 96.23 96.08 95.99 96.97 96.18 96.57 35ms 20M 184 Medium
CNN-LSTM 97.03 97.11 96.96 97.39 96.88 97.08 50 ms 25M 254 Medium
Bi-RNN 97.39 97.61 97.13 97.51 96.93 97.22 40 ms 28M 302 Medium
Bi-LSTM 97.39 97.61 97.13 97.24 96.72 96.97 55 ms 32M 350 High
BERT-char 95.93 96.01 95.98 96.32 95.87 96.09 67 ms 66M 450 High
BERT 97.20 97.95 97.10 97.59 97.16 97.37 76 ms 110M 1164 Very High
Transformer 97.52 98.24 97.17 97.46 97.03 97.24 112 ms 125M 1800 Very High
Mamba 97.13 97.89 96.93 98.49 98.20 98.34 108 ms 113M 1760 High
CINO 97.99 98.01 97.01 98.17 97.88 98.02 134 ms 150M 2143 Very High
RoBERTa 99.53 98.51 97.16 98.82 97.64 98.22 126 ms 355M 2379 High
NeuSpell 100.0 98.58 98.20 100.0 99.71 99.35 0.07 ms OM 0.0045 None

0.980| 150 -0.94

5
50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850 900 950 1000 2 3 4 5 6 7 20
(a) Statistics of Check Result (b) Statistics of Recognition Accuracy

Figure 4: Performance Details of NeuSpell on SSC-TiM

two components, 300 each with three, four, and five components, 200 with six components, and
12 with seven components. As shown in Figure fb] NeuSpell performs best on three- and four-
component syllables, with only a slight decrease in accuracy for seven-component syllables. Overall,
the average accuracy remains consistently high at around 98.5

Table 2: Check Results & Inference time of LLMs

LLM Version Input SSC-TiM TUSA Inference Time
Precision Recall Fl-score | Precision Recall Fl-score | Single Word | Multi-word (5)
Token 63.27 63.07 62.79 61.74 61.08 60.97 650ms 1020ms
Claude 3-5-sonnet | Subword 74.37 73.87 73.51 77.72 77.14 76.93 670ms 1060ms
Hybird 77.32 76.91 76.58 79.35 78.88 78.65 700ms 1100ms
Token 67.24 66.85 66.57 68.96 68.12 67.78 480ms 750ms
Gemini 1.5-flash Subword | 69.34 6891 68.62 69.58 68.97 68.72 500ms 790ms
Hybird 71.24 70.78 70.45 72.39 71.85 71.61 530ms 830ms
Token 78.96 78.42 78.19 79.47 78.66 78.31 320ms 520ms
V3 Subword 83.17 82.55 8231 84.93 84.21 83.86 340ms 550ms
Hybird 86.29 85.79 85.54 86.18 85.63 85.41 370ms 580ms
DeepSeek Token 7815 7153 7720 7728 7663 7628 300ms 490ms
RI1 Subword 79.36 78.74 78.41 78.15 71.56 77.21 320ms 510ms
Hybrid 79.29 78.61 78.26 78.27 717.61 77.28 350ms 540ms
Token 69.42 68.77 68.41 70.15 69.53 69.12 180ms 290ms
3.1-8B Subword 71.35 70.82 70.45 72.04 71.47 7111 190ms 310ms
Hybrid 73.28 72.67 72.30 74.12 73.44 73.05 210ms 330ms
Token 78.05 77.39 77.01 78.61 77.98 77.59 370ms 600ms
LlaMA 3.1-70B Subword 80.44 79.87 79.48 81.02 80.36 79.91 390ms 630ms
Hybrid 82.11 81.56 81.18 82.65 82.04 81.67 420ms 670ms
Token 83.18 82.63 8225 83.72 83.14 8275 500ms 820ms
3.1-405B Subword 85.07 84.51 84.12 85.56 84.95 84.61 520ms 850ms
Hybrid 86.35 85.76 85.38 86.79 86.15 85.79 550ms 890ms
Token 66.48 65.93 65.57 67.12 66.41 66.03 190ms 300ms
2.5-7b Subword 68.32 67.79 67.45 69.08 68.46 68.15 200ms 320ms
Hybrid 70.05 69.51 69.16 70.92 70.25 69.84 220ms 340ms
Token 72.38 71.82 71.44 73.05 72.42 72.05 330ms 520ms
Qwen 2.5-32b Subword 7427 73.71 73.32 74.98 74.37 74.01 350ms 550ms
Hybrid 75.83 75.29 74.92 76.42 75.79 75.44 370ms 580ms
Token 76.41 75.87 75.52 77.04 76.41 76.05 460ms 740ms
2.5-72b Subword 78.63 78.06 71.71 79.12 78.53 78.19 480ms. 770ms
Hybrid 80.07 79.51 79.14 80.61 80.01 79.67 510ms 810ms
Token 56.35 55.36 57.89 56.95 56.40 420ms 680ms
3.5-turbo Subword 59.97 59.. 58.83 61.42 60.74 60.30 440ms 710ms
Hybrid 61.24 60.49 60.09 62.75 62.03 61.60 470ms 740ms
Token 78.97 78.13 77.68 80.12 79.24 78.89 550ms 880ms
40 Subword 83.41 82.57 82.06 84.36 83.61 83.18 570ms 910ms
Hybrid 85.63 84.87 84.40 86.28 8571 85.33 600ms 950ms
Token 41.27 40.63 40.29 4233 41.55 41.14 290ms 460ms
Ol-mini Subword 42.33 41.72 41.37 43.45 42.70 42.26 310ms 480ms
GPT Hybrid 46.95 46.21 45.75 47.96 47.18 46.81 330ms 500ms
Token 39.84 39.10 3872 41.01 40.20 39.76 320ms 510ms
o1 Subword 42.34 41.68 41.27 43.33 42.61 42.18 340ms 540ms
Hybrid 43.99 43.21 42.78 45.02 44.20 43.79 370ms 570ms
Token 53.14 5231 51.88 54.66 53.84 5339 430ms 700ms
03 Subword 55.67 54.93 54.48 57.18 56.45 56.01 450ms. 730ms
Hybrid 56.02 55.26 54.84 57.53 56.79 56.36 480ms 770ms
NeuSpell 100.0 98.58 98.20 100.0 99.71 99.35 0.07ms 0.16ms
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As shown in Table 2] we measured inference time on single Tibetan words and five-word phrases.
NeuSpell achieved markedly faster speeds than LLMs by encoding weights directly at the physical
level, integrating computation and storage, and avoiding data conversion and multi-layer processing.
Among LLMs, results were similar across the LlaMA, GPT, and DeepSeek series, with LlaMA-3.1-
405B ranking second overall. Also, for the recognition of syllable, as shown in Figure [5] NeuSpell
still leads the rest of the LLMs with the highest score.

Component

(b) LLMs (Subword)

Component

(a) LLMs (Token)

Figure 5: Tibetan Syllable Component Recognization: Memristor v.s. LLMs

5.4 ABLATION EXPERIMENT
To evaluate the contribution of each module in NeuSpell and the impact of physical parameters on

performance, we conduct a series of ablation experiments in three categories: (1) Structural Com-
ponent Removal; (2) Hardware-level Parameter Variation and (3) Syllable-level Input Reduction.

5.4.1 COMPONENT-LEVEL ABLATION

we first investigate the impact of key structural alignment rules on recognition accuracy. The results
are summarized in Table[3

Table 3: Component-wise ablation of the structural pipeline.

Model Variant Precision Recall F1-Score
No Prefix-Root Check 98.42 96.18 97.28
No Component Legality Check 96.25 95.73 95.98
Random Binary Assignment 71.84 68.52 70.14
NeuSpell 100.0 98.58 98.20

Removing prefix-root alignment and component legality constraints both led to performance degra-
dation, with random binary mapping completely destroying structural integrity.

5.4.2 MEMRISTOR PARAMETER SENSITIVITY

we evaluate how physical memristor parameters affect recognition accuracy and current stability.
Specifically, we vary the on/off resistance states and threshold voltages.

Table 4: Ablation of Hardware Parameters

Parameter Variant F1-Score Noise Level Failure Mode
Ron = 10052 (default) 98.20 Low Stable

Ron = 15092 95.66 Moderate Current Drift
No v, Threshold 93.48 High Spurious Activation
Low Ambient Temperature 96.72 Low Delayed Switching

We observe that incorrect voltage thresholds or resistance mismatches significantly increase current
noise and lead to recognition instability. Figure [f]illustrates three forms of current trajectories for
the binary pattern 01010001 under different resistance noise levels.
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A

(a) Ideal (b) Soft (c) Strong

Figure 6: Three forms of current of 01010001. (The corresponding letter can be found in Figure b

5.4.3 SYLLABLE COMPONENT REDUCTION

To assess the necessity of full syllable decomposition, we run NeuSpell on subsets of components.
Results are shown in Table[3l

Table 5: Recognition Performance with Reduced Syllable Components

Input Precision Recall F1-Score
Full 7-component Syllables 100.0 98.58 98.20
Without Farther Suffix 100.0 96.01 97.94
Prefix Only 93.24 89.51 91.34
Root + Vowel Only 90.12 86.74 88.39

These results confirm that both structural alignment and full syllable representation are essential to
achieving state-of-the-art recognition in Tibetan.

5.5 SUPPLEMENTARY EXPERIMENT

To further assess robustness, we compare NeuSpell with a traditional rule-based method for Tibetan
syllable validation (Appendix [E). As shown in Table [6] the rule-based approach achieves perfect
accuracy on clean, structurally valid syllables but fails on handwritten data due to its sensitivity to
variations and lack of error tolerance. To reflect real-world conditions, we constructed an additional
test set of messy handwritten syllables. On this benchmark, NeuSpell maintains strong performance
with an Fl-score of 97.09%, substantially outperforming the rule-based baseline.

Table 6: Performance Comparison between Rule-based method and NeuSpell

Method Standard: SSC-TiM Handwriting

Precision Recall F1-Score Precision Recall F1-Score
Rule-Based 100.0 100.0 100.0 15.63 9.82 12.00
NeuSpell 100.0 98.58 98.20 97.28 97.13 97.09

6 CONCLUSION

We introduced NeuSpell, a neuromorphic framework for syllable structure recognition that elimi-
nates dependence on GPUs and conventional von Neumann architectures. By encoding linguistic
components as resistance patterns within a memristor crossbar array, the system achieves parallel,
hardware-native inference without relying on digital tokenization or sequential pipelines. To sup-
port evaluation, we developed SSC-TiM, a component-level corpus that includes both printed and
handwritten Tibetan inputs. Experiments demonstrate that NeuSpell delivers near-perfect accuracy
on controlled data and strong robustness on handwritten samples, surpassing both rule-based sys-
tems and human annotators. These results highlight a new direction for structure-aware Al, showing
that neuromorphic computation can provide an efficient, GPU-free alternative for real-world, low-
resource language scenarios.

7 LIMITATION

While NeuSpell shows strong performance, it has several limitations. Our experiments focus on Ti-
betan syllables, so generalization to other languages remains untested. The memristor simulation is
limited to small-scale arrays and idealized settings, which may differ from real hardware. Moreover,
deployment within practical NLP systems will require further integration efforts. Future work will
extend evaluation to multilingual tasks and larger physical devices.
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ETHICS STATEMENT

This work focuses on Tibetan syllable structure correction using a neuromorphic framework. The
datasets used are collected with proper consent, containing no personally identifiable or sensitive
information. Our approach is intended to support low-resource language processing and cultural
preservation. Potential risks include biased performance when applied to other languages or misuse
of technology in unintended contexts. We encourage responsible use and emphasize that further
evaluation is necessary before deployment in real-world applications.

REPRODUCIBILITY STATEMENT

We provide detailed descriptions of our datasets, model architectures, training procedures, and eval-
uation metrics in the main paper and appendix. The SSC-TiM dataset introduced in this work, along
with preprocessing scripts, will be released upon publication. Implementation details, including hy-
perparameters, optimization settings, and hardware specifications, are documented in Appendix [C]
The memristor crossbar simulations are fully described in Appendix [B|with corresponding equations
and parameters. These resources ensure that all reported results can be independently reproduced.
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A APPENDIX A: DETAILS OF SSC-TIM

A.1 RGYUD BZHI

rGyud bZhi, also called ”Four Medical Tantras,” is a foundational classic of Tibetan medicine, writ-
ten in classical Tibetan with rhymed, obscure sentences suited to its thythm. It consists of four parts:
rTsa rGyud (6 chapters), covering human physiology, pathology, diagnosis, and treatment from a Ti-
betan medical philosophy perspective; bShad rGyud (31 chapters), elaborating on human anatomy,
causes of illness, health maintenance, drug properties, diagnostic methods, and treatment princi-
ples; Man ngag rGyud (92 chapters), focusing on specific treatments for various clinical diseases;
and Phyi ma rGyud (27 chapters), detailing diagnostic techniques, drug formulations, and external
therapies.

A.2 CRYSTAL MATERIA

Crystal Materia is divided into two parts: the upper part, written in verse, summarizes the effects
of each medicine, while the lower part, written in narrative text, details the source, production envi-
ronment, nature, taste, effects, and precautions of each drug. Although the rGyud bZhi theoretically
proposed six flavors, eight properties, and seventeen effects without associating them with specific
drugs, Crystal Materia Medica provides concrete details on each medicine, enriching Tibetan phar-
macology and guiding its practical application. Together, these two works complement each other.

Language Corpus
Tibetan @'@W'“Eﬁ'q’{lﬂ";{’%&g’\'“'wﬂ
Chinese R 21 T A 2 R 2o
Tibetan %”W“ﬁ%’ﬂ""ﬁ“'ﬁ:%“ﬁ"“\@ﬂ]
Chinese G TEOK. T
Tibetan RO FuanaREEe A

Chinese BB A HL AT 7 B 1 3K

Figure 7: Details of SSC-TiM (Short Sentences)

Language Corpus
Tibetan Frrarsfegsrydavafgrasseargg S iRayRa

Chinese G A7 BRI/ INHAL RS R S B BIGRIFI A 2519 75 25 N i

Figure 8: Details of SSC-TiM (Long Sentences)

B APPENDIX B: DETAILS OF SIMULATION

B.1 MEMRISTOR CROSSBAR ARRAY

The binary codes of the three candidate characters are set to ‘1011001°, ‘01010101°, and
‘11101111°, respectively. The binary code of the character being matched is ‘1011001¢. Accord-
ing to the theory and experiment, the character should correctly match the first candidate character,
shown in Figure 0]

B.2 MEMRISTOR PROPERTY

Figure [T0] presents the current vs. time behavior recorded by three different ampere meters. In
the Figure Figure and Figure [10c] all three graphs display a sudden drop in current at a
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Figure 9: Circuit diagram of a memristor crossbar array, with the binary codes of candidate charac-
ters displayed in the lower-left corner.

critical moment, which is indicative of the memristor’s rapid switching behavior. The consistency
across these three measurements suggests that the memristor undergoes a sharp transition in current
as it switches between different states. This switching characteristic is fundamental to memristor
operation and is essential for applications such as synaptic simulation, non-volatile memory storage,
and neuromorphic computing.

o1 o0z o3 o4 o5 os o7 o8 o9 1 01 02 03 o4 05 o8 o7 o8 03 1 o o1 o2 03 o4 05 o8 o7 08 09 1
10 10 x10*

(a) The 1st Column (b) The 2nd Column (¢) The 3rd Column

Figure 10: Current vs. Time Graph of 3 Ampere Meter

As shown in Figure |'1;1'|, it shows the voltage-current (I-V) characteristics of the memristor under
different conditions. In the Figure[ITa] the I-V curves are shown for different voltage amplitudes (1
V, 3V, and 8 V), where higher voltage amplitudes result in a larger hysteresis loop. This indicates
that increasing the voltage amplitude enhances the nonlinear behavior of the memristor, activating
stronger internal charge redistribution and resistive switching. In the Figure [ITb] the I-V curves
are plotted for different frequencies (1 Hz, 3 Hz, and 5 Hz), where the area of the hysteresis loop
decreases as the frequency increases. This suggests that at higher frequencies, the memristor’s

15



Under review as a conference paper at ICLR 2026

resistive switching weakens and approaches linear behavior due to the inability of ion migration to
keep pace with the rapid changes in the electric field.

0.020 4 — 00100 T 7
3v —— 3Hz
+ 0.0075 4
0.015 — 3V — S5Hz
0.010 0.0050 1
0.005 0.0025 4
5 5
& 0.000 §  0.0000
3 3
—~0.005 4 —-0.0025 4
-0.010 4 ~0.0050
-0.015 4 —0.0075
—0.020 1 T T T T T T T T T —0.0100 4 T T T T T T T T T
-8 -6 —4 -2 0 2 4 6 8 -1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 100
Voltage/V/ \bltage/V
(a) Different frequency w (b) Different amplitude A

Figure 11: Voltage-ampere Characteristic Curve of Memristor

C APPENDIX C: HYPERPARAMETERS OF BASELINE MODEL

Table [/ summarizes the hyperparameter settings for all large language models evaluated in our
experiments. Each model is configured with specific values for temperature, top-p, and streaming
mode. For example, most models use fixed temperature values (e.g., 1.0 for Claude-3-5-sonnet,
GPT-3.5-turbo, and GPT-40, 0.6 for the LIaMA-3.1 family), while top-p varies across models (e.g.,
0.95 for Gemini-1.5-flash, 0.9 for LlaMA-3.1). Streaming mode is disabled in most cases, except for
certain GPT variants (O1-mini, O1, O3) and DeepSeek-R1, where it is enabled. These standardized
configurations ensure a consistent and transparent comparison across different LLM baselines.

LLM Temperature Top p Stream
Claude-3-5-sonnet 1.0 None False
Gemini-1.5-flash None 0.95 False
DeepSeek-V3 1.0 None False
DeepSeek-R1 1.0 None True
LlaMA-3.1-8B 0.6 0.9 False
LlaMA-3.1-70B 0.6 0.9 False
LlaMA-3.1-405B 0.6 0.9 False
Qwen-2.5-7b 0.7 0.8 False
Qwen-2.5-32b 0.7 0.8 False
Qwen-2.5-72b 0.7 0.8 False
GPT-3.5-turbo 1.0 1.0 False
GPT-40 1.0 1.0 False
GPT-O1-mini 1.0 1.0 True
GPT-O1 1.0 1.0 True
GPT-03 1.0 1.0 True

Table 7: Hyperparameters of LLM
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D APPENDIX D: EXPERIENTAL RESULTS

Syllables with the four modern Tibetan vowels were accurately recognized in Figure[T2] while those
with Sanskrit-transliterated vowels and identifiers were not. This limitation is due to the algorithm
recognizing only modern Tibetan vowels. Expanding the vowel set to include Sanskrit-transliterated
vowels would resolve this issue.

Syllable ‘ Pre. ‘ Sup. ‘ Ro. ‘ Sub. ‘ Vow. ‘ Suf. ‘ FS.
i N NN S NN NN N N
= -l - 0sb -1 - 1=1-
S D R I O SN | - |-
A I N N S N N B N A
A G I I A R N N
® |-l -0l sesl - 1=1-
SR I NN N S N NN B A
S S S NN NG S N B
w |l -1 ef -1 - 1Al
S -l - sl - s l-1-
H |2 - 12l -1 F s -
S L R L N I G RGN
G N R O NN S N B
2l -l - sl - F s
S I N (N O NN N I
s | -5l - lal-1-
5 | | =] ® 8l
I N N R
RN NN
8 | -l 21l el - 1-1-
€ | s | -1l -1 5]-1]-
S I N N S N NN N N
* -1 -1afl -1 -1=71-
S -l -5l - g -1-
S R I I BN D R I
A I N N B RS R
5 |- - l=sf=] % [5]-
b B SO (N O NN SO A
- O s O O O . O O
i AT I I I A A IO O
- N I N O (RS N O
o S O U N U O D DS O
T v | %] ["
i LA O O O O . B
i A I N B . I O O (B O
il S e I R O I

Figure 12: Recognization Result
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Note: Pre.=prefix letter; Sup.=superscript letter; Ro.=root letter; Sub=subscript letter; Vow.=vowel;

Suf.=suffix letter; FS.=farther suffix letter.

E APPENDIX E: RULE-BASED MAPPPING ALGORITHM

As shown in Figure the rule-based Tibetan syllable recognition and spelling check method in-
volves preprocessing input text, verifying recognition, performing dictionary-based spelling checks,
and outputting results with corrections. The rule-based system checks for legal combinations of
prefix, root, vowel, and suffix based on handcrafted linguistic rules and positional constraints. It

outputs a binary classification indicating whether a syllable is structurally valid or not.

Note: Pre.=prefix letter; Sup.=superscript letter; Ro.=root letter; Sub=subscript letter; Vow.=vowel;

Suf.=suffix letter; FS.=farther suffix letter.
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Figure 13: Flow chart of memristive computing-based Tibetan syllable recognization and spelling

check method.
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