
HLS4LFADS: A Framework for Real-Time and
Parallel Neural Decoding on FPGAs

Chi-Jui Chen∗§, Yan-Lun Huang†, Xiao-Han Liu‡, Atharva Mattam‡, Hao Fang‡, Ling-Chi Yang∗, Chia-En Chang∗,
Elham E. Khoda‡, Eli Shlizerman‡, Amy L. Orsborn‡, Scott Hauck‡, Shih-Chieh Hsu‡, and Bo-Cheng Lai∗

∗National Yang Ming Chiao Tung University, Hsinchu, Taiwan
†The University of Texas at Austin, Austin, TX, USA

‡University of Washington, Seattle, WA, USA
§Corresponding author: Chi-Jui Chen (silencekugel.ee11@nycu.edu.tw)

Abstract—Latent Factor Analysis via Dynamical Systems
(LFADS) is widely used to infer low-dimensional latent dynamics
from population neural recordings and has been applied across
neural decoding tasks. Closed-loop systems require decoding to
complete within each temporal bin. CPUs and GPUs can meet this
deadline for moderate workloads, but longer input sequences or
multiple concurrent models increase latency. Field-programmable
gate arrays (FPGAs) offer model-specific parallelism and spatial
replication, yet limited resources and model-specific implemen-
tation effort hinder deployment. We present HLS4LFADS, an
end-to-end FPGA framework that combines layer-wise calibrated
fixed-point quantization with quantization-aware training, ex-
tends hls4ml to automatically generate accelerators for the
complete LFADS inference graph, and supports concurrent in-
ference through multi-compute-unit (multi-CU) deployment. On
a Xilinx Alveo U55C, three concurrent CUs achieve mean end-to-
end latencies of 0.367 ms and 0.696 ms for the monkey-reaching
and synthetic Lorenz tasks, respectively. These values represent
increases of only 11.2% and 6.9% over the corresponding single-
CU latencies and remain below their respective 10-ms and 6-ms
bin intervals.

Index Terms—FPGA, high-level synthesis, recurrent neural
networks, quantization, LFADS, real-time neural decoding

I. INTRODUCTION

Recent advances in neural recording technologies, such as
Neuropixels probes, enable simultaneous measurement of hun-
dreds of individual neurons, allowing population-level analysis
with unprecedented resolution [1]. Although these data are
high-dimensional, neural population activity is often well-
described by low-dimensional latent dynamics [2]. Recovering
these dynamics within single trials is essential for linking
neural activity with behavior and for advancing therapeutic
technologies [3]. Latent Factor Analysis via Dynamical Sys-
tems (LFADS) [3], [4] is a widely used deep learning method
that employs a recurrent variational autoencoder (VAE) to
infer these dynamics while mitigating trial-to-trial variability.
LFADS has been applied to neural decoding tasks, including
kinematic brain-computer interface (BCI) control [5], long-
term neural interface stabilization [6], and both speech and
motor neuroprosthetic systems [7], [8].

This work was supported in part by the National Science and Technology
Council (NSTC), Taiwan, under Grant 115-2221-E-A49-146.
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Fig. 1. LFADS inference latency on the evaluated GPU (left) and CPU (right)
versus sequence length and concurrent model count. The profiled model has
30 input channels, 64 hidden units in each gated recurrent unit (GRU), and a
latent-factor dimension of 4. Lines show the mean latency, and shaded regions
indicate ±1 standard deviation over 1,000 batch-size-one runs. The dashed
line indicates a representative 10-ms update interval.

Real-time inference is critical in closed-loop BCI appli-
cations, which involve sequential stages of data acquisition,
feature extraction, neural decoding, and effector control [10].
Because a new neural sample becomes available in each tem-
poral bin, decoding must complete within the bin interval to
avoid data queuing and timing jitter. CPUs and GPUs can often
meet this requirement for moderate LFADS workloads, but the
deadline becomes more difficult to maintain as the workload
scales. First, longer input sequences arise when a wider
temporal context is needed or when a fixed temporal window
is represented using a smaller bin size to increase temporal
resolution. Because recurrent updates are sequential, latency
generally increases with sequence length. Second, several de-
coding scenarios involve the concurrent execution of multiple
models. For example, MRAE [11] uses separate LFADS-
like models to process complementary frequency bands of
continuous neural waveforms to overcome time–bandwidth
limitations. Multiple models may also process different brain
regions before joint analysis [12] or form an ensemble [13].
On shared computing platforms, concurrent execution can
cause resource contention and memory-bandwidth limitations,
increasing inference latency [14]. Figure 1 illustrates both
effects on the evaluated CPU and GPU, motivating hardware
that can maintain low per-sequence latency while scaling to
concurrent inference.
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Fig. 2. LFADS architecture adopted in this work, based on [9]. Dashed components are omitted during deterministic inference.

Field-programmable gate arrays (FPGAs) are promising
because both the compute datapath and memory organization
can be tailored to LFADS inference. While recurrent timestep
dependencies remain sequential, the matrix–vector operations
within each step can run in parallel, reducing the latency of
each update and thus the entire input sequence. Model param-
eters can remain on chip and be reused across timesteps, while
recurrent states can be stored and updated locally between suc-
cessive steps, avoiding repeated high-latency off-chip accesses.
For concurrent workloads, full accelerators can be spatially
replicated so each model has dedicated compute and local
memory, reducing contention. However, these benefits require
one or more full accelerators to fit within the FPGA’s limited
compute and on-chip memory, making per-model hardware
footprint a key constraint. Moreover, designing and adapting
model-specific accelerators with conventional hardware flows
demands substantial engineering effort [15], hindering rapid
iteration as neuroscience experiments vary across datasets,
subjects, and model configurations.

To address these challenges, we present HLS4LFADS, an
end-to-end framework for deploying multiple LFADS models
on FPGAs. Our main contributions are as follows:

• We develop a fixed-point quantization procedure for
LFADS that combines layer-wise range calibration with
quantization-aware training (QAT) to reduce the per-
model hardware footprint while preserving model per-
formance.

• We extend the recurrent backend and model-conversion
flow of hls4ml [16] with the operators required for
LFADS inference, enabling automatic generation of con-
figurable LFADS accelerators.

• We construct a multi-compute-unit (multi-CU) deploy-
ment that spatially replicates complete LFADS accelera-
tors to support concurrent inference on a single FPGA.

• We evaluate HLS4LFADS on a monkey-reaching task and
a synthetic Lorenz task across different quantization con-
figurations, hardware parallelism settings, and CU counts.
On a Xilinx Alveo U55C, three concurrent CUs achieve
mean end-to-end latencies of 0.367 ms and 0.696 ms
for the monkey-reaching and Lorenz tasks, respectively,
below their corresponding 10-ms and 6-ms bin intervals.

II. BACKGROUND AND MOTIVATION

A. Latent Factor Analysis via Dynamical Systems (LFADS)

LFADS has several variants for modeling different neural
data and dynamical structures. We focus on the autonomous
LFADS variant used in [9], whose structure is shown in
Fig. 2. LFADS infers low-dimensional latent dynamics from
observed spike trains and reconstructs firing rates over time.
The observed spike counts are modeled as Poisson-distributed
variables parameterized by the reconstructed firing rates.

LFADS consists of encoder and decoder stages. The encoder
stage first processes the observed spike sequence using a
bidirectional gated recurrent unit (GRU). The final forward and
backward hidden states are concatenated and mapped through
dense layers to the mean and log-variance of an approximate
posterior distribution over the decoder GRU initial state.
Following [9], the posterior mean is used to initialize the
decoder GRU during inference rather than drawing a sample
from this distribution.

The decoder stage begins with a unidirectional GRU initial-
ized by this posterior mean. In the autonomous configuration,
no time-varying input is provided to the decoder GRU, so
its input is set to zero at each time step. The decoder GRU
generates a sequence of hidden states, which are projected to
low-dimensional latent-factor vectors ft. These factors are then
mapped to firing-rate vectors rt through a dense layer and an
exponential activation.

For the reset-after GRU formulation used in this work, the
state update at time step t is expressed as

zt = σ
(︁
Wzxt + bx

z +Uzht−1 + bh
z

)︁
, (1)

qt = σ
(︁
Wqxt + bx

q +Uqht−1 + bh
q

)︁
, (2)˜︁ht = tanh

(︁
Whxt + bx

h + qt ⊙
(︁
Uhht−1 + bh

h

)︁)︁
, (3)

ht = zt ⊙ ht−1 + (1− zt)⊙ ˜︁ht, (4)

where xt denotes the input at time step t, and ht−1 and ht

denote the previous and updated hidden states, respectively;
W and U are the input and recurrent weight matrices; bx and
bh are their corresponding biases; and ⊙ denotes element-wise
multiplication. The update gate zt and reset gate qt use the
sigmoid function σ, while the candidate hidden state ˜︁ht uses
the hyperbolic tangent tanh.
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Fig. 3. Overview of the proposed HLS4LFADS framework.

These operations contain input and recurrent matrix–vector
products, accumulation, nonlinear activation, and recurrent
state updates. Their numerical formats therefore determine
the required weight, accumulator, activation, and hidden-state
precisions in the fixed-point implementation described in Sec-
tion III-A.

B. RNN Acceleration with hls4ml

Developing FPGA accelerators directly in hardware descrip-
tion languages requires substantial hardware expertise and
engineering effort. High-Level Synthesis (HLS) reduces this
burden by generating hardware from C/C++ descriptions [17].
Built on HLS, hls4ml converts trained neural networks into
configurable FPGA implementations and has been widely used
for low-latency inference [16], [18], [19].
hls4ml generates fully on-chip dataflow designs in which

model parameters and intermediate results remain on chip, and
each layer is implemented as a dedicated hardware block.
Successive layer blocks form a pipeline and can operate
concurrently where data dependencies permit. Configurable
design options, such as numerical precision, I/O architecture,
and reuse factor (RF), enable resource–latency trade-offs.
In particular, RF controls multiplier sharing within matrix
multiplications. A higher RF increases multiplier sharing,
reducing arithmetic parallelism and resource usage at the cost
of increased latency.

Prior work extended hls4ml to support recurrent layers,
including GRU and long short-term memory (LSTM) imple-
mentations, and demonstrated low-latency FPGA inference
using post-training fixed-point quantization [18]. At the time
this work was conducted, however, hls4ml did not support
the bidirectional GRU processing required by the LFADS
encoder considered here. We extend its recurrent backend
and model-conversion flow to support the complete LFADS
inference graph while retaining the configurable options of
hls4ml. The resulting flow automatically generates LFADS
accelerators with adjustable resource–latency trade-offs.

III. THE HLS4LFADS FRAMEWORK

Figure 3 presents an overview of HLS4LFADS. Starting
from a pretrained floating-point LFADS model, we determine
fixed-point formats through layer-wise calibration and fine-
tune the model using QAT. The resulting quantized model
is converted into an HLS accelerator through the extended

hls4ml flow. Multiple generated accelerators are then in-
stantiated as independent compute units (CUs) and executed
through Xilinx Runtime (XRT) [20].

A. Fixed-Point Quantization for LFADS

Fixed-point arithmetic maps efficiently to FPGA hardware
and eliminates floating-point operations during deployed in-
ference. We quantize the inference path of the LFADS model
evaluated in this work using uniform fixed-point quantization
with QKeras [21]. A signed fixed-point format is denoted
by ⟨W, I⟩, where W is the total bit width and I is the
integer width, including the sign bit. The fractional width is
F = W − I , giving a quantization step

∆ = 2−F , (5)

with representable range[︁
−2I−1, 2I−1 −∆

]︁
. (6)

Values are rounded to the nearest quantization level and
clipped to this range. For a fixed W , I should be as small
as possible while covering the tensor range, maximizing F
and quantization resolution.

We assign a fixed-point format to each quantized tensor
along the inference path, including weights, biases, layer
inputs, and recurrent hidden states. Notably, the decoder GRU
initial state and latent factors are also quantized. Within each
GRU update, the gate outputs zt and qt, candidate hidden
state ˜︁ht, and updated hidden state ht are requantized to their
assigned formats before subsequent use. Total bit widths are
specified before range calibration. For model parameters, the
bit width Bp is user-configurable; in our evaluated configura-
tions, a common Bp is used for all weights and biases. We
use 16 bits for all activations and recurrent states because
the decoder GRU initial state and latent factors can have
wider dynamic ranges than the bounded GRU nonlinearities.
At smaller total bit widths, covering these ranges leaves fewer
fractional bits, increases ∆, and produces greater quantization
error in downstream computations.

Given these total bit widths, we determine each tensor’s
integer width through layer-wise range calibration on the
training set. Integer widths for weights and biases are derived
from their pretrained floating-point tensor ranges. Activation
calibration follows the inference order from the bidirectional



GRU through the posterior-mean projection, decoder GRU,
and factor and firing-rate readouts. At each stage, we mea-
sure the output range using the already-quantized upstream
subgraph, select the smallest integer width that covers this
range, and assign the remaining bits to the fractional part. For
sigmoid and tanh outputs, integer widths follow directly from
their known bounded ranges.

The encoder GRU hidden states require no range calibration
because they are initialized to zero and remain bounded within
[−1, 1]. We therefore assign an integer width of I = 1.
In contrast, the decoder GRU is initialized by an inferred
initial state whose range is not restricted. We therefore run
the complete decoder GRU sequence over the calibration data
and collect the hidden-state range across all samples and time
steps using the quantized upstream subgraph and decoder
GRU operations. After assigning all fixed-point formats, we
initialize the quantized model from its corresponding floating-
point checkpoint and fine-tune it using QAT.

B. LFADS Mapping and hls4ml Extensions

The quantized LFADS inference graph is converted into an
HLS implementation through the extended hls4ml model-
conversion flow. Operations already supported by hls4ml,
including dense layers, the unidirectional GRU, and nonlinear
activations, use existing primitives. To support the complete
LFADS inference graph, we extend the recurrent backend
with bidirectional GRU processing and propagate the assigned
fixed-point formats to the generated HLS implementation.

The bidirectional GRU consists of independent forward and
backward engines. Because the backward GRU processes the
sequence in reverse temporal order, the complete input se-
quence is first stored in an on-chip buffer. The forward engine
reads the buffer chronologically, whereas the backward engine
reads it in reverse. Their final hidden states are concatenated
to form the encoder representation.

During conversion, each tensor’s fixed-point format in the
quantized model is mapped to the corresponding HLS type.
For each matrix multiplication in the GRU and dense lay-
ers, the operand types determine an accumulator type with
sufficient precision for the multiply–accumulate (MAC) re-
duction, preventing overflow. Sigmoid and tanh functions are
implemented using the existing lookup-table-based hls4ml
primitives [19], and their outputs use the assigned 16-bit
activation formats.

C. Multi-Compute-Unit FPGA Deployment

Each generated LFADS accelerator is packaged as an FPGA
kernel, with each kernel instance corresponding to one CU.
The deployment configuration determines the number of CUs
instantiated in the FPGA design, and XRT invokes them
independently for concurrent inference.

Figure 4 illustrates an example three-CU deployment and
its high-bandwidth memory (HBM) connectivity. Each CU
exposes three AXI4 memory-mapped master interfaces for
the encoder input, decoder input, and model output. These
interfaces access buffers stored in the FPGA HBM. The
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Fig. 4. Example three-CU LFADS deployment and high-bandwidth memory
(HBM) connectivity. Each CU exposes three AXI4 memory-mapped master
interfaces for the encoder input, decoder input, and model output. Labels
indicate the HBM pseudo-channel pairs assigned to each interface.

autonomous LFADS model evaluated in this work uses zero-
valued decoder inputs, but the decoder-input interface is re-
tained to support LFADS variants that accept external decoder
inputs. To reduce memory contention during concurrent ex-
ecution, each CU interface is assigned to a non-overlapping
group of two HBM pseudo-channels [22].

IV. EXPERIMENTAL RESULTS

We evaluate HLS4LFADS from three perspectives: quanti-
zation performance, single-CU FPGA implementation trade-
offs, and multi-CU scaling for concurrent inference.

A. Datasets and Evaluation Metrics

Datasets. We evaluate two datasets with different tempo-
ral resolutions and sequence lengths. The monkey-reaching
dataset (Reach) used in [9] contains 170 trials recorded from
70 neurons, with each trial represented by 73 time steps using
a 10-ms bin size. The synthetic Lorenz dataset (Lorenz),
generated following [9], [23], contains 1,600 trials from 30
simulated neurons. Each one-second trial uses a 6-ms bin size,
resulting in 167 time steps. For both datasets, 80% of the trials
are used for training and 20% for testing.

Evaluation Metrics. We evaluate model performance using
Poisson log-likelihood (PLL), for which larger (less negative)
values indicate a better fit to the observed spike counts. In
addition, we report task-specific coefficient-of-determination
(R2) metrics. For Reach, R2 measures hand-position predic-
tion from the inferred latent factors using ridge regression.
For Lorenz, R2 measures firing-rate reconstruction against the
ground-truth rates.

B. Experimental Setup

Model Configuration and Training. We follow the LFADS
architecture and floating-point training procedure in [9], with
64 hidden units in each GRU. The latent-factor dimension is



TABLE I
LFADS PERFORMANCE ACROSS LATENT-FACTOR DIMENSIONS AND

QUANTIZATION CONFIGURATIONS.

Factor df Config. Reach Lorenz

PLL R2 (%) PLL R2 (%)

8

FP32 -1774.78 88.36 -862.10 95.62

W16A16 -1780.12 85.18 -860.95 96.44
W8A16 -1779.42 85.05 -860.60 96.78
W6A16 -1777.36 87.04 -860.79 96.69
W4A16 -1784.23 87.51 -864.88 92.82

4

FP32 -1783.83 87.54 -863.07 94.90

W16A16 -1782.53 87.99 -862.63 94.67
W8A16 -1782.80 87.91 -862.80 94.66
W6A16 -1783.44 88.46 -863.23 94.05
W4A16 -1792.28 85.33 -886.75 72.66

2

FP32 -1797.06 43.80 -879.41 85.44

W16A16 -1797.27 41.27 -879.08 85.99
W8A16 -1797.32 41.72 -879.19 85.86
W6A16 -1798.00 42.99 -879.42 85.49
W4A16 -1804.70 45.02 -884.47 80.59

specified for each experiment. QAT uses cosine annealing with
an initial learning rate of 10−3 and the same number of epochs
as the floating-point model.

Hardware Implementation. The FPGA accelerators are
implemented on an Xilinx Alveo U55C targeting a clock
frequency of 200 MHz. The board is hosted by an AMD
EPYC 7742 processor through PCIe Gen4 ×16 and controlled
using XRT 2022.2. HLS synthesis and FPGA implementation
are performed using Vitis 2023.2. We configure hls4ml
with the io_stream I/O architecture and the static recurrent
implementation from [18]. CPU and GPU latency baselines
are evaluated on an Intel Core i5-11400 and an NVIDIA RTX
A4000, respectively.

Latency Measurement. Unless otherwise specified, all
latency experiments use a batch size of one. Each reported la-
tency is the mean and standard deviation over 1,000 measured
runs. For the CPU and GPU, 1,000 untimed warm-up runs
are performed before measurement. The timed components
included in each latency measurement are specified in the
corresponding experiment.

C. Quantization Performance

We evaluate the joint effects of latent-factor dimension and
fixed-point quantization on LFADS performance. Models with
latent-factor dimensions df ∈ {2, 4, 8} are evaluated using
parameter widths Bp ∈ {4, 6, 8, 16} bits, while activations
and recurrent states remain at 16 bits. We denote each fixed-
point configuration as WBpA16, indicating Bp-bit weights
and biases with 16-bit activations and recurrent states; FP32
denotes the floating-point baseline. Table I reports the results.

The FP32 results isolate the effect of latent-factor dimen-
sion. Reducing df from 8 to 4 causes only minor performance
changes on both datasets. In contrast, at df = 2, the Reach
behavioral R2 decreases from 88.36% to 43.80%, while the
Lorenz reconstruction R2 decreases from 95.62% to 85.44%.

TABLE II
SINGLE-CU POST-IMPLEMENTATION RESOURCE UTILIZATION AND

KERNEL LATENCY FOR THE W6A16 LORENZ MODEL (df = 4) ACROSS
RF SETTINGS.

RF Resource utilization (%) Kernel latency
(µs)LUT FF BRAM DSP

32 13.97 7.49 16.06 35.64 235.3± 5.4
64 14.12 7.60 13.48 23.48 261.4± 5.1
128 16.57 7.64 12.10 17.44 371.6± 9.2
256 17.58 7.71 11.33 14.39 596.9± 8.7

TABLE III
SINGLE-CU POST-IMPLEMENTATION RESOURCE UTILIZATION AND

KERNEL LATENCY FOR THE REACH MODEL (df = 4, RF = 256) ACROSS
QUANTIZATION CONFIGURATIONS.

Config. Resource utilization (%) Kernel latency
(µs)LUT FF BRAM DSP

W16A16 24.05 9.93 14.14 15.14 279.9± 7.0
W8A16 19.59 8.65 12.21 15.12 278.2± 1.6
W6A16 19.29 8.43 11.72 15.09 280.8± 2.8
W4A16 18.00 7.84 11.06 9.82 281.5± 10.2

Thus, the four-dimensional models retain performance close
to the eight-dimensional models, whereas the two-dimensional
models impose a substantially stronger representational con-
straint. This trend is consistent with the results reported in [9].

Across the evaluated latent-factor dimensions, W16A16,
W8A16, and W6A16 generally remain close to their FP32
counterparts. In particular, the R2 values of W6A16 differ
from FP32 by at most 1.32 percentage points across all
six dataset–dimension combinations. The PLL values also
show only limited variation, with no consistent degradation
as the parameter width is reduced from 16 to 6 bits. These
results indicate that parameter precision can be reduced to 6
bits without substantial performance loss across the evaluated
latent-factor dimensions.

The effect of 4-bit quantization depends more strongly
on the latent-factor dimension and dataset. For the eight-
dimensional models, W4A16 reduces R2 by only 0.85 per-
centage points on Reach and 2.80 percentage points on
Lorenz. However, for the four-dimensional Lorenz model,
reconstruction R2 decreases from 94.90% to 72.66%. With two
latent factors, the Lorenz degradation is more moderate, from
85.44% to 80.59%. The interaction is therefore not strictly
monotonic with latent-factor dimension, indicating that the
suitability of 4-bit parameters depends on the specific model
configuration.

D. Single-CU Resource–Latency Trade-off

At df = 4, we select W4A16 for Reach and W6A16 for
Lorenz as the narrowest configurations that retain R2 close
to their FP32 baselines. We characterize the single-CU design
along two axes: Table II sweeps RF for the Lorenz model,
while Table III sweeps Bp for the Reach model at RF = 256.



TABLE IV
BATCH-SIZE-ONE LATENCY FOR ONE TO THREE LFADS MODEL

INSTANCES ON GPU, CPU, AND FPGA.

# Models Latency (ms)

GPU (FP32) CPU (FP32) FPGA

Reach (10-ms bin; FPGA W4A16)

1 2.226± 0.228 4.551± 0.223 0.330± 0.014
2 3.633± 0.233 5.614± 0.330 0.340± 0.012
3 5.462± 0.466 6.723± 0.268 0.367± 0.015

Lorenz (6-ms bin; FPGA W6A16)

1 3.491± 0.217 8.706± 0.838 0.651± 0.019
2 6.115± 0.261 11.867± 1.266 0.683± 0.017
3 8.840± 0.326 13.684± 0.508 0.696± 0.017

Post-implementation utilization of lookup tables (LUTs), flip-
flops (FFs), block RAMs (BRAMs), and digital signal pro-
cessing (DSP) blocks is reported for the CU kernel alone as a
percentage of available U55C resources. Latency covers kernel
execution only and excludes host–device transfers. Because
the two models have different sequence lengths, we interpret
trends within each sweep rather than comparing their absolute
latencies.

Table II shows that RF primarily trades DSP utilization
for latency. At RF = 32, the Lorenz accelerator achieves
the lowest mean latency of 235.3 µs using 35.64% of DSPs.
Increasing RF to 256 reduces DSP utilization to 14.39%
but increases latency to 596.9 µs, a 2.54× slowdown. Other
resources vary less: FF utilization remains nearly constant,
BRAM decreases from 16.06% to 11.33%, and LUT utilization
increases from 13.97% to 17.58%.

At fixed RF, reducing parameter width has little impact
on latency (Table III). From W16A16 to W4A16, latency
remains within 278.2–281.5 µs because the recurrent schedule
and RF are unchanged. However, LUT, FF, BRAM, and DSP
utilization decrease by 6.05, 2.09, 3.08, and 5.32 percentage
points, respectively. The larger DSP reduction at W4A16
reflects the HLS tool mapping narrow multipliers to LUTs
instead of DSP blocks [19]. Unlike increasing RF, which
reduces DSP utilization at the cost of latency, quantization
reduces the overall per-CU footprint with negligible latency
impact, increasing the potential to instantiate additional CUs
for concurrent multi-model inference.

E. Multi-CU Scaling for Multi-Model Inference

We evaluate multi-model scaling on the CPU, GPU, and
FPGA using one to three identical copies of each LFADS
model. Each copy has a separate encoder input, decoder input,
and output. All model instances use df = 4. The FPGA
implementations use RF = 256, with W4A16 for Reach and
W6A16 for Lorenz, while the CPU and GPU baselines use
the corresponding FP32 models.

For the CPU and GPU baselines, we construct a single
Keras [24] graph containing the corresponding number of
identical LFADS branches. The complete graph is evaluated

in one inference call as a proxy for concurrent multi-model
execution on a shared processor. For the CPU and GPU,
latency is measured from prepared input tensors through
host-visible outputs. FPGA latency is measured end to end,
including host-to-device transfer, kernel execution, and device-
to-host transfer.

For Reach, all evaluated platforms remain below the 10-ms
bin interval for up to three model instances. From one to three
models, GPU latency increases from 2.226 to 5.462 ms, or
145.4%, while CPU latency increases from 4.551 to 6.723 ms,
or 47.7%. In comparison, FPGA end-to-end latency increases
by only 11.2%, from 0.330 to 0.367 ms, and remains below
one millisecond. This leaves substantial timing headroom
within the 10-ms interval for other closed-loop processing
stages or smaller temporal bin sizes.

The shorter 6-ms Lorenz bin imposes a more restrictive
latency requirement. The single-model GPU completes in
3.491 ms, but its two- and three-model latencies increase to
6.115 and 8.840 ms, respectively, exceeding the bin interval.
CPU latency exceeds 6 ms even for one model. In contrast,
FPGA end-to-end latency remains below one millisecond,
increasing from 0.651 ms for one CU to 0.696 ms for three
CUs. This represents an increase of only 6.9%, compared
with 153.2% on the GPU and 57.2% on the CPU. Across
the Reach and Lorenz workloads, three-CU execution requires
only 1.11× and 1.07× the corresponding single-CU laten-
cies, respectively, indicating that scaling from one to three
concurrent models introduces only limited end-to-end latency
overhead on the FPGA.

V. CONCLUSION AND FUTURE WORK

This work presented HLS4LFADS, an end-to-end frame-
work for low-latency, concurrent LFADS inference on FPGAs.
HLS4LFADS combines calibrated fixed-point quantization and
QAT with an extended hls4ml flow for automatic accelerator
generation and multi-CU deployment. Across the Reach and
Lorenz tasks, W6A16 maintained R2 within 1.32 percentage
points of FP32, while quantization reduced the per-CU re-
source footprint with negligible kernel-latency impact. Scaling
from one to three CUs increased end-to-end latency by only
11.2% and 6.9% for Reach and Lorenz, respectively, remaining
below their corresponding bin intervals. Future work will
explore finer-grained precision configurations and integration
into a complete closed-loop system.
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