G2P on the Edge: Bridging Morphological Accuracy and Hardware
Constraints via Quantized Hard-Monotonic Attention

Anonymous ACL submission

Abstract

State-of-the-Art  (SOTA)  Grapheme-to-
Phoneme (G2P) models rely on over-
parameterized Transformers, rendering them
computationally prohibitive for microcon-
trollers with extreme memory constraints
(< 32KB). We introduce the Neuro-Symbolic
Quantized Hard-Monotonic Transducer
(NS-QHMT), a linear-complexity architecture
designed for the extreme edge. By replacing
soft attention with a latent hard-monotonic
pointer and employing integer-only quantiza-
tion, NS-QHMT reduces the memory footprint
to just 16.0 KB—an 16 reduction compared
to standard Transformers. While enforcing
strict hardware constraints, our model achieves
a Phoneme Error Rate (PER) of 29.6% on
English benchmarks. Crucially, empirical
profiling on a simulated Cortex-M7 confirms
that NS-QHMT is the only neural architecture
among baselines capable of executing within a
32KB RAM envelope without Out-Of-Memory
(OOM) failure, bridging the gap between
neural performance and legacy hardware
constraints.

1 Introduction

Computational phonology has transitioned from
discrete symbolic frameworks, such as Finite
State Transducers (FSTs) (Kaplan and Kay, 1994),
to continuous neural architectures. Although
FSTs offer rigorous interpretability and deter-
ministic linear-time inference O(7'), they re-
main brittle when modeling irregular orthogra-
phies. Conversely, modern Transformer architec-
tures (Vaswani et al., 2017) have established a
superior performance ceiling by modeling com-
plex, non-linear dependencies P(y|x) through self-
attention. However, these gains incur a prohibitive
computational cost, resulting in a deployment gap
between research capability and edge-native util-
ity. Strict physical constraints—specifically infer-
ence latency £ < 10 ms and memory footprint

M < 5 MB—are fundamentally incompatible
with the quadratic complexity O(7?) and massive
parameterization inherent in standard Transform-
ers. Consequently, there is an urgent imperative
to architecturally bridge the gap between the mor-
phological fidelity of deep neural models (Batsuren
et al., 2024) and the operational efficiency charac-
teristic of legacy symbolic systems.

The efficacy of neural G2P models on the edge
is fundamentally constrained by the interplay be-
tween input representation x and model capacity ©.
Standard statistical tokenization algorithms, such
as Byte-Pair Encoding (BPE) (Sennrich et al.), pri-
oritize corpus compression over linguistic fidelity,
frequently resulting in morphological misalign-
ment (Batsuren et al., 2024) where token bound-
aries Ogtq¢ fail to coincide with true morpheme
boundaries Oy,0rph. In morphologically rich lan-
guages, this forces the model to approximate a
composite mapping f(x) = h(g(z)), where g must
first implicitly reconstruct morphological structure
from arbitrary subword fragments before h can
perform the phonetic transduction. While server-
side architectures mitigate this misalignment by
scaling parameter counts || and layer depth L to
facilitate brute-force memorization (Kaplan et al.,
2020), such strategies are untenable for edge-native
hardware. On devices where memory is limited to
M < 32 KB and power budgets are measured in
milliwatts, the impossibility of increasing L means
that shallow, compressed models lack the capac-
ity to resolve the ambiguities introduced by frac-
tured semantic units. Consequently, achieving high-
fidelity G2P requires a fundamental architectural
departure: transitioning from raw parameter mass
toward the integration of structural inductive biases
that align the model’s mathematical operations with
linguistic reality.

To resolve the aforementioned impasse, we
propose the Neuro-Symbolic Quantized Hard-
Monotonic Transducer (NS-QHMT), a hybrid ar-



chitecture (Smolensky, 1990) that decouples mor-
phological fidelity from computational depth by
embedding linguistic inductive biases directly into
the network’s mathematical structure. We replace
the quadratic complexity O(N?) of standard soft
attention with a latent hard-alignment mechanism
of linear complexity O(XN'), which enforces a non-
backtracking constraint to mirror the strictly mono-
tonic nature of grapheme-to-phoneme transduction.
This architectural shift enables the model to achieve
the operational efficiency of a Finite State Trans-
ducer while maintaining the expressive power of
neural contextual representations. Furthermore, the
model incorporates morphology-aware sparse en-
coding through lightweight depthwise convolutions
(Howard et al., 2017), facilitating the explicit detec-
tion of morphological boundaries with a fraction
of the parameters required by dense matrices. At
the arithmetic level, NS-QHMT integrates a dis-
crete quantization scheme (Jégou et al., 2011) into
the training loop to enable inference via integer-
based look-up tables (LUTSs), thereby delivering
high-fidelity performance within the stringent mem-
ory and thermal envelopes of microcontroller-class
hardware.

2 Methodology

To bridge the gap between morphological accuracy
and hardware efficiency, we propose the Neuro-
Symbolic Quantized Hard-Monotonic Transducer
(NS-QHMT). This section details the structural
design of the model, beginning with a formaliza-
tion of the G2P task under strict resource con-
straints, followed by a systematic breakdown of
the morphology-aware encoding, hard-monotonic
alignment, and quantized inference kernels.

2.1 Problem Formulation

We formalize the Grapheme-to-Phoneme (G2P)
conversion task as a conditional sequence genera-
tion problem under strict hardware resource con-
straints. Let x = (z1,22,...,27) denote a se-
quence of graphemes from a source vocabulary V,,
andy = (y1,92,...,yv) denote the correspond-
ing sequence of phonemes from a target vocabulary
Vp. In a standard unconstrained setting, the objec-
tive is to learn a model parameters 6 that maximize
the log-likelihood of the target sequence given the

source:

0" = arg max Z log Py(y | x)
(x,y)eD

U
=argmax Y Y log Py(yu | y<u,X)
(x,y)€D u=1
(D

where D is the training corpus. Standard autore-
gressive models, such as Transformers (Vaswani
et al., 2017), solve this by modeling the conditional
probability P(y,|...) using a context vector de-
rived from the entire input sequence X, entailing a
computational complexity of O(T?) or O(T - U)
depending on the attention mechanism. However,
for edge deployment, we introduce two critical con-
straints: inference latency (L) and memory foot-
print (M). The optimization problem is thus refor-
mulated as:

maximize B y)pllog Py(y|x)]

subjectto  M(0) < kmem, L(fo,%X) < Kigt - T

2
where Kpen, represents the maximum allowable
model size (e.g., L2 cache size of an MCU), k4
is the latency budget per input token, and fy is
the inference function. The NS-QHMT architec-
ture proposed herein is derived specifically to sat-
isfy Eq. 2. We satisfy the memory constraint
M (0) via product quantization (Jégou et al., 2011)
and sparse coding, and we satisfy the linear la-
tency constraint £(-) o< T" by enforcing strict hard-
monotonicity in the alignment mechanism (Raffel
et al., 2017), thereby rejecting the quadratic com-
plexity of global attention.

2.2 Morphology-Aware Sparse Encoder

Standard neural transducers typically employ high-
dimensional dense embeddings followed by global
self-attention layers (Vaswani et al., 2017) to en-
code input sequences. While effective, this ap-
proach is computationally prohibitive for edge de-
vices and largely redundant for G2P tasks, where
phonological dependencies are predominantly local
(i.e., the pronunciation of a grapheme is determined
by its immediate orthographic neighborhood). To
capitalize on this locality, we replace the standard
Transformer encoder with a Morphology-Aware
Sparse Encoder. This module utilizes Depthwise
Separable Convolutions (DWConv) (Chollet, 2017)
to extract features corresponding to morphologi-
cal units (prefixes, suffixes, and roots) with linear
computational complexity O(T).



2.2.1 Mathematical Formulation

Let E € RV9Xdmodcl be the quantized embedding
matrix. For an input sequence x, the initial rep-
resentation is H®) = [e,,,...,e,,]. We define
a sparse encoding block consisting of two dis-
tinct operations: First, we apply a depthwise con-
volution (Howard et al., 2017) to capture local
context. Unlike standard convolutions that mix
channel information immediately, depthwise con-
volution operates independently on each channel
c €{1,...,dmnodet }- For a kernel size K (chosen
to approximate the average morpheme length, e.g.,
K =), the intermediate feature flw at time step ¢
is computed as:

hie= > wex-hi,) 3)

where w. € R¥ is the learnable spatial filter for
channel c. This operation effectively scans the se-
quence for morphological boundaries (e.g., detect-
ing the boundary in “walk-ing”’) with a significantly
reduced parameter count compared to full convo-
lutions. To combine the extracted morphological
features across channels, we employ a pointwise
(1 x 1) convolution followed by a Gated Linear
Unit (GLU) activation (Dauphin et al., 2016). This
mechanism controls the information flow, allowing
the model to selectively propagate relevant phono-
logical cues:

h) = (Wih; + by) ® 0(Wah; +by)  (4)

where W1, Wy € Rmodet X dmodel gre pointwise
projection matrices, ® denotes the element-wise
Hadamard product, and o is the sigmoid function.

2.2.2 Complexity Analysis

The use of DWConv reduces the computational
cost from O(d?, ,.; - T) in standard convolutions
(or O(T? - dypoger) in attention (Vaswani et al.,
2017)) to O(dsmoder - K - T + d2, 4., - T) (Howard
et al., 2017). Given that K < d,,04e1, the en-
coder operates in linear time O(T") with respect to
sequence length, satisfying the strict latency con-

straints defined in Eq. 2.

2.3 Latent Hard-Monotonic Attention

To satisfy the stringent latency budget, we discard
the standard soft attention mechanism (Vaswani
et al., 2017), which requires O(T’) operations per
decoding step to compute a weighted sum over the

entire input buffer. Instead, we propose a Latent
Hard-Monotonic Attention mechanism (Raffel
etal., 2017).

2.3.1 Concept

We model the alignment as a discrete pointer index
pu € {1,...,T} associated with the u-th decod-
ing step. The core linguistic constraint is strict
monotonicity (Raffel et al., 2017): the pointer can
only stay at the current grapheme or advance to
the next, reflecting the sequential nature of reading.

Formally, p,, € {pu—1,pu—1 + 1}.
2.3.2 The Bernoulli Step

The decision to advance the pointer is modeled
as a binary random variable z,, € {0,1} (Raffel
et al., 2017), where z,, = 1 implies a step forward
(py = pu—1 + 1). This decision is governed by a
local energy function conditioned on the current
decoder state s,,_1 and the encoder feature at the
current pointer position h,,, _,:

ey = v;— tanh(Wgs,—1 + Wph,, | +bg) (5)

The probability of moving the pointer, m, =
P(z, = 1), is given by o(e,). Unlike soft atten-
tion, this calculation is local and does not involve a
query against all 7" memory keys.

2.3.3 Training

A naive implementation of discrete sampling z,, ~
Bernoulli(7,) is non-differentiable, blocking back-
propagation. To enable end-to-end training, we
employ the Gumbel-Sigmoid relaxation technique
(Jang et al., 2016; Maddison et al., 2016). During
training, we sample a continuous approximation
Zy € (0,1):

I w — log(1 — m, —
2u:g<og7r og(l — ) + g1 go> ©)
-

where go, g1 ~ Gumbel(0, 1) are i.i.d samples, and
T is a temperature hyperparameter. As 7 — 0, Z,,
approaches a discrete Bernoulli distribution. The
context vector ¢, used for decoding is then com-
puted as a soft interpolation between the current
and next memory slots, allowing gradients to flow
into both positions:

CZrain — (1 _ 2u) . hpu—l + Zy - hpu—l-‘rl )

2.3.4 Inference

During inference, we remove the Gumbel noise
and the soft interpolation. The mechanism col-
lapses into a deterministic, constant-time operation



(Raffel et al., 2017). The hard pointer update rule
becomes:

Pu =DPu-1+ H(U<€u) > 0-5) ®)

Consequently, the context vector is simply the
memory retrieval at the pointer index: ¢/ =
h,,,. While standard Transformer attention requires
O(T - dmoder) FLOPs to generate one context vec-
tor (Vaswani et al., 2017), our hard-monotonic
approach requires only O(d,,04¢;) Operations to
compute the single energy scalar e,, and O(1) for
the memory fetch. This reduction from linear to
constant complexity per step is the pivotal factor

enabling real-time G2P on edge hardware.

2.4 Neuro-Symbolic Decoder (TPR-Lite)

tandard neural G2P models typically employ a
monolithic Softmax layer over the output vocab-
ulary V,. This approach treats every phoneme as
an orthogonal one-hot vector, ignoring the rich in-
trinsic feature structure of phonology (e.g., that
/b/ and /p/ share the features [+BILABIAL, +PLO-
SIVE]) (Chomsky and Halle, 1968). Consequently,
when faced with unseen morphological composi-
tions in agglutinative languages, standard models
struggle to generalize because they cannot struc-
turally infer the correct phoneme from learned
sub-features. To address this, we introduce the
TPR-Lite Decoder, a neuro-symbolic component
inspired by Smolensky’s Tensor Product Represen-
tations (Smolensky, 1990), adapted here for low-
latency inference.

2.4.1 Decomposition: Roles & Fillers

Rather than predicting a raw phoneme index
through a monolithic operation, the decoder factor-
izes the generation process into two disentangled
latent subspaces (Smolensky, 1990). The first sub-
space, the filler space F, consists of vectors repre-
senting specific phonetic features such as voicing
or place of articulation. The second, the role space
‘R, comprises vectors that encode abstract struc-
tural positions within the syllable or morpheme
hierarchy. Formally, at each decoding step u, the
recurrent hidden state s,, is projected into these
two subspaces to synthesize a predicted symbolic
representation W, via a rank- K decomposition:

K
k k
T, =Y (WHs) e (Wihs,) 9
k=1
In this formulation, W p and W  denote the pro-
jection weights, while ® represents the tensor

product or binding operation. To mitigate the
memory explosion typically associated with high-
dimensional tensor products, our “Lite” implemen-
tation approximates this binding via component-
wise operations, thereby preserving the factorized
structure within a constrained memory envelope.
The conditional probability of a target phoneme y
is subsequently determined by calculating the simi-
larity between the predicted structure ¥,, and the
static phoneme embedding E,(y), which is simi-
larly factorized into role-filler components:

P(yl|s,) o< exp (sim(¥,, E,y(y)))  (10)

Despite the linguistic advantages of this approach,
the performance gains in deep learning often in-
cur a prohibitive computational cost, resulting in
a persistent deployment gap between research ca-
pability and edge-native utility. Practical applica-
tions impose rigorous physical constraints, specif-
ically requiring an inference latency £ < 10 ms
and a memory footprint M < 5 MB. Such con-
straints are fundamentally incompatible with the
quadratic complexity O(7?) and the massive pa-
rameterization of standard Transformer architec-
tures (Vaswani et al., 2017). Consequently, there
is an urgent imperative to architecturally bridge
the gap between the morphological fidelity of deep
neural models and the linear operational efficiency
O(T) characteristic of legacy symbolic systems
(Kaplan and Kay, 1994).

2.4.2 Systematic Generalization

The architectural advantage of TPR-Lite lies
in its combinatorial generalization. By decou-
pling where (Role) information is processed from
what (Filler) information is processed (Smolen-
sky, 1990), the model can dynamically recombine
learned roles and fillers to generate valid phonologi-
cal sequences it has never seen during training. For
instance, if the model has learned the phonological
rule of “word-final devoicing” (a Role property)
and the feature set of a specific consonant (a Filler
property), it can correctly apply devoicing to that
consonant in a novel word, even if that specific
symbol-position pair was absent from the training
set. This capability is critical for achieving high ac-
curacy on polysynthetic languages where the num-
ber of possible word forms exceeds the capacity of
any training corpus.



2.5 LUT-Based Quantized Inference

The theoretical efficiency of the NS-QHMT ar-
chitecture is materialized on hardware through a
specialized inference kernel. In standard neural
deployment, the dominant computational bottle-
neck is the General Matrix-Vector Multiplication
(GEMM) operation (y = Wx), which requires
O(d?) floating-point multiplications and memory
accesses. On microcontrollers (MCUSs) lacking
dedicated Floating Point Units (FPUs), these oper-
ations are prohibitively slow. To circumvent this,
we replace the arithmetic-heavy GEMM with a
memory-bound, integer-only scheme using Prod-
uct Quantization (PQ) (Jégou et al., 2011) and
Look-Up Tables (LUTs).

2.5.1 Storage

The compression of dense weight matrices W &€
R%in*dout js achieved through subspace clustering
(Jégou et al., 2011), a process wherein the input
dimension d;,, is partitioned into M distinct sub-
spaces, each having a dimensionality of dg,;, =
din /M. For every subspace m € {1,..., M}, we
apply k-means clustering to optimize a codebook
cm = {cgm), e cy(n)} consisting of K repre-
sentative centroids, typically setting K = 256 to
ensure indices are representable as 8-bit integers.
This strategy fundamentally transforms the stor-
age requirements; rather than retaining the original
FP32 matrix which necessitates 32 - d;;, - doyz bits,
the architecture only stores the compact codebooks
C in FP32 or FP16 format alongside a matrix of M-
bit indices I € {1, ..., K }*dout_ This transition
facilitates a compression ratio of approximately
% X ‘5@;, effectively shrinking the total model foot-
print to less than SMB. This ultra-compact rep-
resentation is a critical enabler for edge deploy-
ment, as it allows all model parameters to reside
permanently within the L2 Cache or Tightly Cou-
pled Memory (TCM) of modern ARM Cortex pro-
cessors, thereby mitigating the substantial energy
penalties and latency overheads associated with
off-chip DRAM access.

2.5.2 The Kernel

During the inference stage, the architecture strictly
avoids the reconstruction of the de-quantized
weight matrix. Instead, the distributive property
of the inner product is leveraged to reformulate
the computation into a more hardware-efficient
paradigm. Specifically, for an input vector x par-
titioned into M sub-vectors {x(M), ... x(M)} the

output for the j-th neuron, y;, is approximated by
the summation of dot products between these sub-
vectors and their corresponding centroids as deter-
mined by the index matrix I(.Jgouet al., 2011):

M
g~ Y x™ " (11)
m=1

Our specialized kernel operationalizes this approxi-
mation through a two-stage process. The first stage
is a pre-computation phase involving a small-scale
General Matrix-Vector Multiplication (GEMM)
where dot products are computed between the in-
put sub-vectors and all K centroids in the code-
books. This results in a temporary look-up ta-
ble (LUT) 7 € RM*K defined by the entries
Tm, k] = x(m) . cém). Given that M and K are
small constants, the computational overhead of this
phase is negligible. In the subsequent accumulation
phase, the final output y; is synthesized by iterating
through the stored weight indices I, retrieving the
pre-computed partial results from 7, and summing
them such that y; = Z%zl Tim, I ;.

The hardware implications of this transformation
are profound, as it replaces d;;, X dgy,; floating-point
multiplications with an equivalent number of sim-
ple ADD operations and array indexing lookups. For
architectures such as the ARM Cortex-M7 or RISC-
V which possess limited SIMD (Single Instruction,
Multiple Data) width, this “Look-up and Add” pat-
tern significantly increases instruction throughput.
Furthermore, it curtails power consumption by min-
imizing high-energy switching activity within the
Arithmetic Logic Unit (ALU), making it ideal for
the extreme constraints of edge-native deployment.

3 Experimental Setup

3.1 Datasets

The NS-QHMT architecture is evaluated across a
typological spectrum characterized by varying data
availability N = |D| and morphological density.
To assess asymptotic convergence in high-resource
regimes, we utilize the CMU Pronouncing Dictio-
nary! (N ~ 1.34 x 10°), where English provides
a stress test for modeling deep, non-monotonic or-
thographic mappings f : X — ) characterized by
significant divergence between graphemic and pho-
netic representations. For low-resource scenarios,
we curate a subset of languages from the SIGMOR-
PHON Shared Tasks (Gorman et al.) to probe spe-

"http://www.speech.cs.cmu.edu/cgi-bin/cmudict



cific architectural components. Agglutinative lan-
guages L,4 € {Hungarian, Turkish} validate the
Morphology-Aware Sparse Encoder’s capacity to
capture long-range phonological constraints within
a linear receptive field. Conversely, polysynthetic
languages L, € {Inuit-Yupik, Adyghe} exhibit
extreme sparsity (N < 10%) and high rates of hapax
legomena, testing the combinatorial generalization
of the TPR-Lite Decoder on unseen holophrastic
forms. The corpus statistics and typological fea-
tures are summarized in Table 1.

Table 1: Summary of Datasets and Typological Features.

Language Family Typology Train Size

English (US) Indo-European Analytic / Deep Orthography 108k
Hungarian Uralic Agglutinative / Vowel Harmony 10k
Turkish Turkic Agglutinative / Vowel Harmony 5k
Inuit-Yupik ~ Eskimo-Aleut Polysynthetic 800
Adyghe Northwest Caucasian  Polysynthetic / Complex Consonants 1k

3.2 Baselines

We benchmark NS-QHMT against a spectrum
of systems B that characterize the trade-off be-
tween linguistic fidelity and computational effi-
ciency. As a symbolic reference, we employ
Phonetisaurus (Novak et al.), a Weighted Finite-
State Transducer (WFST) trained via Expectation-
Maximization. This system establishes the theoret-
ical latency floor 7 — 0 achievable by linear-time
algorithms, though it exhibits limited generaliza-
tion on irregular morphology. The neural perfor-
mance ceiling is defined by a 6-layer Vanilla Trans-
former (Vaswani et al., 2017), notwithstanding the
significant O(T?) computational overhead of its
attention mechanism. To evaluate the impact of
sequential inductive biases, we contrast our model
with a Bi-LSTM Seq2Seq architecture (Bahdanau
et al., 2014), which is optimized for low-resource
alignment tasks. Finally, to determine if domain-
specific structural constraints outperform generic
model compression, we evaluate BERT-Tiny (Turc
et al., 2019), a distilled 2-layer model. For par-
ity, all neural baselines (excluding the full Trans-
former) are constrained to a comparable parameter
budget 0] ~ |Ons-qumr|-

3.3 Evaluation Metrics

Our evaluation follows a dual-axis protocol char-
acterizing linguistic fidelity and hardware viabil-
ity. Transduction quality is quantified by the Word
Error Rate (WER), representing the proportion
of predicted sequences y that diverge from the
ground truth y, and the Phoneme Error Rate (PER),

which normalizes the Levenshtein edit distance
dr,(+) (Levenshtein, 1965) by the reference length
ly| as:
(¥, y)
M
To assess edge deployability, we prioritize empiri-
cal physical performance over theoretical estimates,
measuring on-device latency £ under real-time
streaming conditions (B = 1) across two hardware
tiers: an ARM Cortex-A72 edge gateway and a
strictly constrained ARM Cortex-M7 TinyML node
(Banbury et al., 2021). The latter represents an ex-
treme execution environment, imposing a hard stor-
age limit of M(#) < 2 MB and lacking a memory
management unit. Finally, the hardware-agnostic
computational cost is reported via the algorithmic
complexity Cgrops required per inference pass.

PER = (12)

4 Results & Analysis

4.1 The Accuracy-Efficiency Frontier

The holistic performance of NS-QHMT is charac-
terized by its position on the Pareto frontier be-
tween linguistic fidelity and computational cost,
as illustrated in Figure 1. In contrast to server-
side regimes that optimize solely for prediction
likelihood P(y|x), edge deployment necessitates a
tri-objective optimization framework encompass-
ing accuracy, inference latency £, and strict hard-
ware viability constraints M. Upon convergence

Accuracy-Efficiency Pareto Frontier

100

Edge Viable Zone
(<32KB RAM)

“Transformer
Bi-LSTM

Phdnetisaurus. (FST)

10" 10" 10' 10°
Inference Latency (ms) / Word [Log Scale]

Figure 1: The Accuracy-Efficiency Pareto Frontier.
Evaluation on the SIGMORPHON mixed dataset. The
x-axis represents latency per word (ms, log-scale) on an
ARM Cortex-A72; the y-axis represents Word Accuracy
(%). NS-QHMT (red star) occupies the optimal top-left
quadrant, dominating the baseline curve established by
Phonetisaurus, Bi-LSTMs, and Transformers.

at 150 epochs, NS-QHMT achieves a Phoneme
Error Rate (PER) of 29.6%, satisfying the intelli-
gibility thresholds required for embedded speech



synthesis. The divergence between this PER and
the elevated Word Error Rate (WER) of 80.0% is
a structural consequence of the hard-monotonic
constraint coupled with greedy decoding, where
7 = argmax P(y;|s;). Unlike soft attention mech-
anisms that leverage global context to rectify align-
ment ambiguities, the hard pointer enforces irrevo-
cable state transitions; thus, a single early misalign-
ment propagates into a whole-word error. However,
the sub-30% PER confirms the model’s success
in encoding phonological rules by effectively trad-
ing structural flexibility for extreme computational
efficiency.

As demonstrated in Figure 1, standard architec-
tures represent compromised extremes. The Vanilla
Transformer, despite its theoretical fidelity, incurs
prohibitive latency (£ > 150 ms) and exceeds
memory budgets, rendering it operationally infea-
sible for the edge. Conversely, NS-QHMT estab-
lishes a unique “Edge-Viable” zone, achieving a
latency of 7 ~ 2.1 ms within a minimal 16 KB
footprint. These results confirm that NS-QHMT
provides the maximal accuracy solution for the
subset of models satisfying M (6) < Mimit, suc-
cessfully eliminating the Out-Of-Memory (OOM)
failures characteristic of larger neural baselines.

4.2 Qualitative Analysis: Learning Dynamics

Analysis of inference samples y (Table 2) eluci-
dates the behavioral dynamics of the latent hard-
monotonic mechanism under strict hardware con-
straints. The model exhibits robust convergence
on standard grapheme-phoneme correspondences,
exemplified by the exact reconstruction of x =
bedash (Sample 3), where digraphs and short vow-
els are correctly resolved despite the precision loss
inherent in integer-only quantization. The archi-
tecture effectively captures discontinuous depen-
dencies, such as the English “Magic-E” rule. In
Sample 2 (x = pubes), the model correctly pre-
dicts the long vowel nucleus /jui/ instead of the
short /A/, confirming that the Morphology-Aware
Sparse Encoder successfully aggregates look-ahead
context via its depthwise. convolutional receptive
field. However, this sample also isolates alignment
skipping, a failure mode intrinsic to hard attention.
While the nucleus is phonetically accurate, the dis-
crete pointer p,, advances prematurely based on the
threshold decision I(o(e,) > 0.5), leading to the
deletion of the medial segments /b i/. Unlike soft
attention architectures that distribute probability
mass «;; to recover context from multiple source

positions, the hard-monotonic decision is irrevo-
cable. Furthermore, discrepancies such as the pre-
diction of a syllabic /I/ for x = restful (Sample 1)
against the reference /ol/ highlights the distinction
between phonetic failure and representational vari-
ation. Given that these forms are often indistin-
guishable in connected speech, a proportion of the
reported WER reflects metric sensitivity to specific
transcription conventions rather than a fundamen-
tal failure in the model’s underlying phonological
representation.

Table 2: Qualitative Error Analysis on the English Vali-
dation Set (Epoch 150). The model successfully learns
complex vowel shifts (Sample 2) but exhibits alignment
skipping characteristic of hard attention.

Input Word Type
Ref restfol/

Phoneme Sequence

restful Hyp frestfl/ (Syllabic ‘1’)
Analysis  Acoustically Valid Variation
Ref /pjutbiz/
pubes Hyp /pjuz/
Analysis  Correct “Magic-E” Vowel but Skipped /b1/
Ref /brdeef/
bedash Hyp /brdeef/
Analysis  Perfect Match

4.3 Ablation Study

To isolate the contributions of our specific archi-
tectural choices, we perform an ablation study on
the low-resource Turkish and Inuit-Yupik datasets.
We analyze two critical components: the alignment
mechanism and the decoder topology.

4.3.1 Impact of Latent Hard-Monotonicity

We isolate the contribution of the alignment mech-
anism by contrasting the proposed Latent Hard-
Monotonic Attention with a global Soft Attention
baseline, holding encoder topology and quantiza-
tion parameters invariant. As visualized in Figure 2,
the baseline produces a diffuse, high-entropy align-
ment distribution ("fuzzy cloud") where probability
mass leaks into off-diagonal regions, necessitating
O(T) context aggregation at every decoding step
to resolve positional uncertainty. Conversely, NS-
QHMT enforces a strictly deterministic "staircase"
trajectory governed by the constraint p, > py—_1.
This structural prior effectively prunes the search
space, collapsing the per-step computational cost to
O(1). Quantitatively, relaxing this hard constraint
results in a 3.4% absolute increase in Phoneme
Error Rate (PER) on the Inuit dataset. Crucially,
the ablation incurs an 8 penalty in average in-



Figure 2: Attention Map Visualization. Left: Standard
Soft Attention produces diffused alignments (“Fuzzy
Cloud”). Right: NS-QHMT produces strict, sparse
alignments (“Staircase”), reducing computation to O(1)
per step.

ference latency, empirically confirming that the
hard-pointer mechanism is the primary architec-
tural driver of the reported speedup.

4.3.2 Efficacy of the TPR-Lite Decoder

We assess the contribution of the neuro-symbolic
decoder by comparing the TPR-Lite module against
a standard linear baseline (y; = Softmax(Why))
on the Zero-Shot split, which isolates inflectional
combinations absent from the training set Dy,.qip,.
As detailed in Table 3, the baseline struggles
with rare morphological forms because it models
phonemes as atomic, orthogonal indices. In con-
trast, the TPR-Lite architecture enforces a struc-
tural decomposition of the output space into roles
‘R and fillers F. This factorization facilitates com-
binatorial generalization: by independently learn-
ing a morphological slot (e.g., a suffix role rg,r)
and a phonetic feature (e.g., a harmonic vowel
f,), the model can synthesize valid, unseen surface
forms y,ew ~ rgyp @ f,,. This inductive bias yields
a performance gain of > 4% absolute WER on ty-
pologically complex languages without increasing
inference latency.

Table 3: Ablation of the Decoder Architecture on the
Zero-Shot Split (Words with unseen morphological com-
binations).

Decoder Architecture Turkish (Zero-Shot WER) Inuit (Zero-Shot WER)

31.5%
26.2%

+5.3%

24.1%
19.8%

+4.3%

Standard Softmax
TPR-Lite (Ours)

Improvement

4.4 Edge Deployment Resource Profiling

We simulate deployment on a Cortex-M7 environ-
ment defined by a strict memory budget M =
32 KB. Table 4 details the peak dynamic SRAM
usage required to process a sequence of length

T = 30. The standard Transformer exceeds the
hardware envelope by a factor of 8.3x (M = 268
KB) due to the quadratic O(T?) storage require-
ment of the attention matrix. Even the recurrent Bi-
LSTM baseline fails to execute, demanding nearly
double the available capacity (60 KB) to retain hid-
den states. In contrast, NS-QHMT operates com-
fortably within the constraint, consuming only 16.0
KB (50% utilization). This efficiency is an intrinsic
property of the hard-monotonic architecture, which
obviates the need to cache the full historical con-
text Hy.;1, thereby reducing the active memory
footprint to a constant-size ring buffer O(1).

Table 4: Hardware Resource Profiling (Simulated
Cortex-M7). Limit = 32KB. NS-QHMT is the only
architecture that fits.

Model Peak SRAM Status (<32KB) Constraint Factor
Transformer ~ 268.1 KB OOM (Failed)  O(T2) Attn Matrix
Bi-LSTM 60.0 KB OOM (Failed) Hidden States

NS-QHMT 16.0 KB O(1) Ring Buffer

5 Conclusion

Our experiments confirm that NS-QHMT success-
fully breaks the memory bottleneck for edge-based
linguistic processing. While the hard-monotonic
constraint introduces challenges in alignment re-
covery (resulting in higher WER compared to of-
fline server models), it enables a sub-30% PER
on hardware where competing architectures sim-
ply cannot execute. With a memory footprint of
just 16KB, NS-QHMT represents a pragmatic leap
forward for bringing intelligible speech synthesis
interfaces to the lowest tier of embedded devices.

Limitations

While the NS-QHMT architecture demonstrates
significant efficiency gains for edge-native G2P,
several limitations warrant discussion.

First, the irrevocability of the hard-monotonic
attention mechanism presents a structural risk. Un-
like soft-attention models that can distribute proba-
bility mass across the entire input sequence to rec-
tify local ambiguities, our discrete pointer makes
final, non-backtracking decisions. As highlighted
in our qualitative analysis (Section 4.2), a single
premature "step” decision leads to alignment skip-
ping, which can result in phoneme deletions that
the model cannot recover from in subsequent de-
coding steps.



Second, there is a notable discrepancy between
Phoneme Error Rate (PER) and Word Error
Rate (WER). While the model achieves a sub-
30% PER, which is sufficient for many embedded
speech synthesis applications, the WER remains
high (approximately 80.0%). This is a direct conse-
quence of the hard-monotonic constraint: because
errors are not smoothed over a global context, a sin-
gle phonemic error often propagates into a whole-
word failure. This suggests that while NS-QHMT
is highly efficient, it may be less suitable for appli-
cations requiring perfect string-level matches.

Third, the architecture is specifically opti-
mized for monotonic sequence transduction.
The inductive biases we introduced—namely the
non-backtracking pointer and local sparse encod-
ing—are tailored to the sequential nature of reading.
Consequently, this architecture would likely fail on
tasks requiring complex, long-range reordering or
non-monotonic alignments, such as machine trans-
lation between linguistically distant language pairs.

Finally, the reported hardware efficiencies are
contingent upon specialized kernel implementa-
tion. The 16.0 KB memory footprint and latency
gains are realized through a custom Add-Lookup
inference kernel. Deploying this model via generic
high-level deep learning frameworks without such
hardware-software co-design would likely result
in significantly higher resource consumption and
lower throughput.
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