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Abstract—In this paper, we present ElfCore, a 28nm digital
spiking neural network processor tailored for event-driven sensory
signal processing. ElfCore is the first to efficiently integrate: (1)
a local online self-supervised learning engine that enables multi-
layer temporal learning without labeled inputs; (2) a dynamic
structured sparse training engine that supports high-accuracy
sparse-to-sparse learning; and (3) an activity-dependent sparse
weight update mechanism that selectively updates weights based
solely on input activity and network dynamics. Demonstrated on
tasks including gesture recognition, speech, and biomedical signal
processing, ElIfCore outperforms state-of-the-art solutions with up
to 16x lower power consumption, 3.8x reduced on-chip memory
requirements, and 5.9x greater network capacity efficiency.

Index Terms—self-supervised learning; dynamic structured
sparse training; sparse weight update

I. INTRODUCTION

Spiking neural network (SNN) processors offer reduced
bandwidth requirement and power consumption while enabling
event-driven processing on demand. Their on-chip multi-layer
learning lets edge devices adapt to the shifting input distribution,
overcoming output-layer few-shot learning’s limitations in
adjusting underlying features. Prior work has focused on either
unsupervised techniques for static data [1] or supervised (SL)
methods [2], [4], [5]. To address real-world applications where
labeled data is scarce but unlabeled streaming data is abundant,
a layer-wise local online self-supervised learning (OSSL)
method was introduced. This approach integrates predictive
coding (PC) within individual samples and contrastive coding
(CC) across samples, thereby eliminating the need for labeled
inputs (Fig. 1).

At the same time, a dynamic structured sparse training
(DSST) process tackles limited on-chip weight memory re-
source challenges by periodically pruning and regrowing
connections for efficient sparse-to-sparse training. This reduces
memory requirements by up to 75% with minimal energy over-
head, as connection updates are much less frequent than OSSL.
By integrating OSSL, which removes error backpropagation,
with structured weight sparsity, the processor accelerates dual
forward data paths, reducing power consumption by 62%.

Finally, an activity-dependent sparse weight update (WU)
mechanism uses input activity (IA) and a similarity score (SS)

from neural dynamics (ND) to gate WU layer-wise, overcoming
the limitations of traditional accuracy-driven methods, like time
window (TW) tuning [2] and time step (TS) skipping [4], which
rely on external schedulers and are unsuitable for streaming data.
This reduces power by up to 65%, lowers noise, and improves
robustness by mitigating overfitting. Temporal sparsity is further
enhanced by an always-on (AON) asynchronous SerDes, which
adapts to sensory input rates and gates the core until the next
TS arrives.

II. ProPOSED DESIGN
A. Architecture Overview

The architecture features a two-hidden-layer network with
bypass connections to the output (Fig. 2). Each hidden layer
contains four PEs that operate in parallel. Neuron SRAM
stores spike traces across three TSs per neuron, supporting
multi-timescale local learning: the current TS’s trace for WU,
an earlier TS’s trace for PC, and the trace from the final TS of
the previous sample for CC. The OSSL engine updates sparse
weights, the DSST engine learns sparse connectivity, and the SL
manages the output layer learning. Forward spike integration
(SI) and WU run concurrently, and DSST is activated once
enough WU cycles have completed.

B. Asynchronous SerDes Interface

An asynchronous deserializer, which converts serial spike
packets into 30-bit parallel packets, enabling the flexible input
dimension (Fig. 3). A spatiotemporal buffer stores 512-bit
spike vectors with a 4-slot depth to emulate axonal delays,
thereby enhancing temporal dynamics. The serializer supports
inter-chip communication for deeper networks. Leveraging
the Mousetrap (MP) pipeline [6], [7] and ring structure, the
asynchronous SerDes achieves 54% better energy efficiency
than SoTA solutions for event-driven IoT.

C. On-chip learning of both sparse weights and connectivity

ElfCore’s OSSL surpasses [11], [12] by running PC and CC
concurrently in every layer, removing the global class-transition
flag. The only condition left—that consecutive samples are
very likely drawn from different classes—is typically met in
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Fig. 1: Requirements for on-chip learning in processing streaming event data, highlighting three key challenges and their corresponding

solutions.
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Fig. 2: Chip architecture (top), neuron dynamics and similarity score
logic (bottom left), and FSM (bottom right).

multi-class tasks (Fig. 4). Intrinsic layer-wise WU gating within
OSSL is achieved by comparing TA with a global threshold,
and SS with an adaptive layer-specific threshold.

Unlike progressive pruning (dense-to-sparse), DSST starts
directly with uniform N:M sparsity to maximize mask diversity.
After synaptic weights are learned over multiple iterations,
DSST prunes the k smallest weights between neuron layers
and regrows an equal number of connections with the largest
gradients, executed on an N:M group basis.

D. Efficient dynamic structured sparse training

DSST improves on [13] by replacing dense gradient sorting
with a novel method that separates pre- and post-gradient
components (Fig. 5). This enables efficient reuse of post-
gradient sorting across presynaptic neurons, as pre-gradients
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Fig. 3: Asynchronous de-serializer (top), asynchronous serializer
(middle), and comparison with SOTA designs (bottom).

are shared across all fan-out connections of a neuron, reducing
sorting complexity from the synapse to the neuron level. To
strike a balance between mask diversity and computational
efficiency, four N:M groups are utilized, as increasing the
number of groups leads to reduced accuracy. Scaling from
four to sixteen groups only raises minimum sparsity by 1.6%,
factoring in SRAM structure. DSST significantly improves
accuracy compared to static sparse training, with only a minor
decline relative to dense-to-sparse pruning.

E. Acceleration of forward data paths

Input stationary leverages temporal and spatial sparsity across
dual forward paths—traces and spikes (Fig. 6). Four WU and
SI PEs operate in parallel over four N:M groups per hidden



[ Layer-wise Local Online Self-Supervised Learning |

| Design Considerations for Forward Data Paths

§ilmilarity Score /
HEL = (SEHT gt-14
L Tl
HéC = _(s['l)T eprev.
Adaptive Threshold
Cpe = Che It
tl _ 1T
Cee = —Cec'l

[SNN\ /SNN\ /SNN\

Adpt. Thr. calibration

End

Multi-timescale local learning

t-1,1 tl -1 _ Tl 6l tl-1
Bi | b e eTMLTOTPC AW x (e €prev,j) By €31
St b 1 1 Tl Trace
eprev. for CC
et N N Cprev. etl = ﬂet—l,l + stl
I c—1¢

[ Dynamic Structured Sparse Training |

D “>Neu;
Init. uniform N:M sparsity
Max. mask diversity (C)V)P/M

D
Layer-wise prune
Neuron-wise regrow

Static training X steps
Constant fan-out

- e w [ ) [ wei] o [wei] = |\ [ [wai] - [wei] = |
") mr ) Ememe
+ 1 e W& | w&i | .. e W& w&i| .
e ..
Nw 4 N N Prune i: w/ Min. weight
Index i w=w+Aw Regrow i: w/ Max. gradient

Fig. 4: On-chip learning: Enhanced OSSL with simultaneous PC and
CC (top), and DSST employing sparse-to-sparse training (bottom).
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layer, with all layers pipelined. Post-gradients are written back
for DSST sorting, with an straight-through estimator (STE)
LUT handling non-derivative spike functions. DSST uses heap
sorting with O(1) space complexity. Each layer has five parallel
sorting blocks that identify the k smallest weights from sparse
connections and the N largest gradients from M neurons,
avoiding full sorting of all M gradients. Pruning and regrowth

iman o (it
= O mjoal,.
b o FHH O oo [” "
: O mmm
; i
toty b L3

Nr_weight xD*-a-N /M

Nr/w_neuron o« D? ca-N/M
Input Stationary Output Stationary

Leverage both sparsities Lack temporal sparsity

[ Forward Spike Integration and Weight Updating |

Nr_weiyht x D2 -N / M
Temporal sparsity a Ny jw neuron * D

Spatial sparsity N/M

Spk buf. of i
layer L-1 iii L
i Neu. {iE0
| .Ji Mem.
i ‘ e OSSL WU WU Gating
| e[ wai [wai [ wai [wai | wai [ wai [ wai] . | Post-neuron
2 | T T 0~M-1
- M~2M-1
| L t-11 [=< eli L
W Neu. 24 — D Neu. 2M~3M-1
Y Mem. foc. Mem. 3M~4M-1
[ Five Parallel Sorting Proc w/o Sorting Dense Gradients |
HE e ' N M"T Topk i | Neu.
W&i— W"L sorting i : Mem.
wai | 7]} ropk i | Neu.
Sparse Sparse; | w&i "“; sorting £ Mem.
Syn. Syn. w&i -
Mem. Mem. | | wa&i ,“,"T TopK | | Neu.
wel “_ sorting £ Mem.
Wai | 7] ropk i} Neu.
L V(] sorting ‘I Mem.

Fig. 6: Accelerated forward data paths: Input stationary performs
optimally with sparse inputs (top). Parallel layer-wise weight updates
and spike integrations (middle). Simultaneous sorting of weights and
gradients (bottom).

happen simultaneously by updating indices in the sparse weight
memory.

III. MEASUREMENT RESULTS

End-to-end on-chip learning was evaluated on five temporal
tasks, each initialized with random weights and 80% sparsity
(Fig. 7). The hidden-layer bypass mechanism enabled power
and accuracy analyses across varying network depths. In
combination with DSST, ElfCore’s OSSL effectively learned
hierarchical representations while consuming less than 50 yW
for all tasks at 0.6 V and 20 MHz. For the keyword spotting
(KWS) task, at 80% sparsity, DSST reduced learning power by
56% and inference power by 63%, while incurring only a 1.8%
drop in accuracy. Moreover, it achieved 1.9x faster learning
and 1.8X faster inference compared to dense training at 0.9 V
and 155 MHz. Beyond zero-skipping (ZK), global IA and layer-
wise SS gating provided an additional 52% power reduction,
accompanied by an increase in accuracy. By resolving the
WU locking issue, the DSST-based parallel local learning
strategy reduced TS length by 67% for single-hidden-layer
networks and by 72% for two-hidden-layer networks relative to
the approach in [5], ensuring scalability with increasing network
depth. ElfCore achieves an energy efficiency of 2.4 pJ/SOP at
0.6V.
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Fig. 7: Benchmarking and measurement results (average results for 5
chips at 22°C).

TABLE I: Comparison with SOoTA SNN processors
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