Accelerating Complex-valued Uncertainty
Estimation via Sparsity Exploration and Exploitation

Abstract—Magnetic resonance fingerprinting (MRF) estimates
multiple tissue parameters from complex-valued signals and is
increasingly explored for quantitative imaging in oncology and
radiotherapy. Complex-valued neural networks (CVNNSs) process
these signals to predict tissue parameters while preserving the
coupling between their real and imaginary parts, but their
predictions are deterministic and cannot flag unreliable outputs.
Bayesian complex-valued neural networks (BayesCVNN) provide
uncertainty estimates at the cost of repeated stochastic inference.
This work presents an algorithm-hardware co-design framework
that exploits two complementary kinds of sparsity in such models:
Bayesian-layer sparsity, from making only a subset of layers
Bayesian, and activation sparsity, from the dropout operations. A
sparsity-aware exploration framework jointly searches Bayesian-
layer selection and per-part dropout rates. A customized FPGA
accelerator employs column-wise sparse matrix-vector multi-
plication to turn the explored sparsity into latency reduction,
with runtime-adaptable scheduling to accommodate hybrid layer
types. Experiments conducted on the AMD VCK190 demonstrate
the design achieves 1.64x to 5.77x speedup and 14.6x to
49.9x lower energy costs compared with GeForce RTX 3090
Ti baselines, while using 11.3 percent of its power.

Index Terms—Bayesian complex-valued neural networks,
Monte Carlo dropout, uncertainty estimation, FPGA accelera-
tion, magnetic resonance fingerprinting, sparsity exploitation

I. INTRODUCTION

Magnetic resonance fingerprinting (MRF) is a quantita-
tive technique that enables the estimation of multiple tissue-
specific parameters [1], [2]. This capability is particularly
important in oncology and radiotherapy, where quantitative
tissue characterization can support tumor assessment and
treatment-response monitoring [3]-[5]. MRF signals are in-
herently complex-valued, with the real and imaginary parts,
or equivalently the magnitude and phase, jointly capturing
information relevant to tissue properties [6], [7]. Treating such
data as purely real-valued features weakens their intrinsic
structure, leading to unavoidable accuracy loss. To mitigate
this drawback, complex-valued neural networks (CVNNs) [8]
have been proposed specifically to handle tasks in complex-
valued domains, and they process MRF signals to predict
tissue parameter estimates. By keeping the real and imaginary
parts coupled, they preserve the phase information that purely
real-valued models discard, avoiding notable accuracy loss.

Although CVNNs have achieved promising performance on
complex-valued tasks, their predictions are typically determin-
istic and cannot quantify prediction confidence and reliability,
which are particularly important when MRF supports quanti-
tative tissue characterization in oncology and radiotherapy. In
practical scenarios, medical measurements may be corrupted
by noise [9]-[11], yet conventional deterministic models give

no measure of confidence and can stay overconfident even
when the predictions are degraded. The uncertainty estima-
tion assesses the reliability and trustworthiness of model-
assisted results, thereby minimizing harmful risks [11]-[13].
To achieve this, Bayesian neural networks (BayesNNs) [9],
[14] provide a principled probabilistic framework to perform
uncertainty estimates of model predictions.

Among existing Bayesian approximations, Monte-Carlo
dropout is particularly attractive due to its high efficiency
for hardware deployment [15]. However, uncertainty quan-
tification in BayesNNs requires multiple stochastic sampling,
incurring substantial computation and memory overheads. To
reduce this cost, several BayesNN hardware accelerators have
been explored [16]-[22]. Most of these designs primarily
target real-valued neural networks and cannot be directly
extended to complex-valued domains, due to the distinct arith-
metic rules between real-valued and complex-valued domains.

A recent pioneering work introduces dropout-based
Bayesian complex-valued neural networks (BayesCVNNs),
enabling uncertainty estimation for CVNNs and demonstrat-
ing a design flow for identifying model configurations and
generating accelerators [23]. This prior work establishes the
feasibility of constructing and accelerating BayesCVNNSs,
suggesting their potential for MRF applications. It further
shows that layer-mixing and part-mixing configurations can
outperform uniform configurations. Nevertheless, dropout op-
erations introduce sparse computation in layer operations,
and the sparsity pattern of each layer is determined by the
dropout rate. But [23] adopts a fixed dropout rate and does
not explicitly consider the incurred sparsity for identifying
model configurations. Moreover, the proposed hardware design
lacks tailored support for sparsity exploitation. Therefore,
considerable optimization potential remains underexplored.

To bridge this research gap, several issues need to be
addressed. On the algorithmic side, the exploration space
considering the sparsity is huge. Dropout introduces activation
sparsity, but in the complex domain the real and imaginary
parts may favor non-uniform dropout configurations. More-
over, prior works [22], [24], [25] suggest that sparsity can also
exist in layer settings, where only a subset of layers needs to
be Bayesian. It is therefore challenging to determine model
configurations that satisfy diverse application requirements
and scenario constraints by manual efforts in such huge
design space. On the hardware side, dropout requires random
dropping operations, introducing unstructured sparsity patterns
that can vary across real and imaginary parts, and across
layers. Developing tailored hardware architecture to exploit



the varied sparsity is difficult.

To address these issues, we propose an algorithm-hardware
co-design framework for sparse exploration and sparse ex-
ploitation in dropout-based BayesCVNNs. We identify two
major types of sparsity: activation sparsity, which is deter-
mined by dropout rates, and Bayesian-layer sparsity, which
is determined by the number of Bayesian layers. Different
sparsity settings lead to varied amounts of computation and
also affect algorithmic performance, including accuracy and
uncertainty quality. To identify an effective model configura-
tion for the target scenario, this work introduces an automatic
sparsity-aware exploration framework for efficient search.

A customized FPGA accelerator, equipped with efficient
compute engines and runtime-adaptable scheduling, is then
proposed to exploit the explored sparsity. At the kernel level,
a column-wise matrix-vector multiplication (MVM) engine is
adopted to skip redundant operations and translate sparsity into
actual latency reduction. The compute engine is reused across
the sub-operations of complex-valued layers, significantly mit-
igating resource underutilization caused by imbalanced work-
loads between the real and imaginary parts. At the scheduling
level, an optimized pipeline hides the weight-loading cost of
complex-valued computation and the generation overhead of
dropout masks, while enabling compatible execution of both
standard layers with dense computation, and Bayesian layers
with sparse computation involving multiple sampling.

The main contributions of this work are summarized as
follows:

o Propose an automatic sparsity-aware exploration frame-
work that searches model configurations, considering
Bayesian-layer sparsity and activation sparsity.

« Develop a customized FPGA accelerator with a column-
wise computation engine for complex-valued layer oper-
ations, with the run-time adaptable scheduling to accom-
modate both standard layers and Bayesian layers.

o Conduct comprehensive experiments to demonstrate the
effectiveness of sparsity explorations and the efficiency
of sparsity exploitation.

II. RELATED WORK
A. Magnetic resonance fingerprinting

MREF is a quantitative imaging framework that estimates
multiple tissue parameters from a single acquisition [1],
[2]. In MREF, each tissue produces a characteristic temporal
signal trajectory, often referred to as a fingerprint, which
reflects its underlying physical properties. These quantitative
results provide a more objective description of tissue prop-
erties and may improve tissue characterization and disease
assessment [3]. MR fingerprints are inherently complex-valued
signals, containing both magnitude and phase information [6],
[7]. Treating complex data simply as magnitude images or
as two independent real-valued channels may weaken the
physical structure of the signal [6], [7]. Therefore, complex-
valued neural networks have been introduced as a more natural
method for processing MR fingerprints [6]-[8].

B. Complex-Valued Neural Networks

CVNNs extend real-valued neural networks by preserving
and transforming real and imaginary parts throughout the
model. Compared with representing complex data as two
independent real-valued channels, CVNNSs can better maintain
the algebraic structure of complex-valued signals and the
coupling between magnitude and phase. Prior work has de-
veloped complex-valued convolutions, nonlinearities, normal-
ization layers, and recurrent structures for signal-processing
and imaging applications [8].

For ease of implementation, complex-valued layer opera-
tions are usually performed in rectangular form. Let the input
activation be A = A,.+iA; and the weight be W = W,.+iW,,
where A, and W, denote the real parts and A; and W;
denote the imaginary parts. The real and imaginary outputs,
denoted as C'r and C7, are computed as C,. = A, W,.— A;W,,
C; = AW; + A;W,. Therefore, one complex-valued op-
eration is decomposed into four real-valued sub-operations,
followed by addition and subtraction. This decomposition
allows CVNNs to be implemented using standard real-valued
arithmetic units, but it also increases computation, memory
traffic, and scheduling complexity compared with real-valued
networks. These overheads become more challenging when
Monte Carlo dropout introduces sparse and potentially imbal-
anced activations, where the real and imaginary parts can take
different dropout rates and hence leave different numbers of
active values.

C. Bayesian Neural Networks

Bayesian neural networks estimate predictive uncertainty
by treating model parameters or activations probabilistically.
Monte Carlo dropout offers a practical approximation by
enabling dropout during inference and aggregating multiple
stochastic forward passes [15]. This approach is attractive
because it can be integrated into existing models. Quantifying
the uncertainty requires repeated stochastic forward pass,
which increases computation and memory traffic. Therefore,
hardware accelerators have been proposed [16]-[20], [20].
These designs demonstrate the potential of hardware accel-
eration for uncertainty estimation, but they target real-valued
models and do not address the arithmetic and scheduling chal-
lenges introduced by complex-valued computation. The prior
BayesCVNN work [23] establishes the feasibility of dropout-
based uncertainty estimation for complex-valued neural net-
works and considers heterogeneous real/imaginary dropout
configurations; however, its exploration is relatively coarse-
grained, uses fixed dropout rates, and does not explicitly
exploit dropout-induced activation sparsity in hardware.

In contrast, this work targets efficient BayesCVNN infer-
ence by jointly exploring Bayesian-layer configurations and
real/imaginary dropout rates. The resulting hybrid sparsity
patterns are then mapped onto a runtime-adaptable FPGA
accelerator with sparse column-wise execution and mode-
aware scheduling.



ITI. SPARSITY-AWARE EXPLORATION FRAMEWORK

An overview of the proposed sparsity-aware exploration
framework is illustrated in Fig. 1, consisting of three phases.
Targeting the specific scenarios, the input contains a standard
CVNN model and dropout-rate ranges, along with datasets and
application-specific constraints. Given the inputs, the frame-
work aims at exploring BayesCVNN model configurations
delivering high performance, considering different types of
sparsity. The outputs of the framework produces the optimized
settings, including the number of Bayesian layers, dropout
rates of real and imaginary parts for each Bayesian layer.
Although this work targets MRF, the framework is general
and can be adapted to wide applications, such as robotics
and autonomous driving. Note that the search methodology is
similar to [21], [23], our novelty resides in explicitly considers
Bayesian-layer sparsity and activation sparsity in Phase 1 and
Phase 3.
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Fig. 1. Sparsity-aware exploration framework.

A. Bayesian-Layer Sparsity

Phase 1 specifies the last N layers to be converted into
Bayesian layers, where IV is provided by the design constraint.
For a given model architecture and N, multiple variants can
be constructed by setting the number of Bayesian layers to
N —1, ... 2, 1 according to practical demands. For instance,
N = 3 in Fig. 1, there are totally three variants. This is
inspired by prior observations [22], [24], [25] that making only
part of the network Bayesian may even improve algorithmic
performance while avoiding the cost of making the full net-
work Bayesian, which has been demonstrated in real-valued
domains [22]. Under this configuration, only a subset of layers
performs multiple sampling during Bayesian inference, while
the remaining layers stay as standard deterministic layers. We
refer to this as Bayesian-layer sparsity, which determines the
number of layers requiring dropout operations and sampling.

B. One-Shot Training

After the Bayesian layers are specified, Phase 2 performs
one-shot training for all model variants similar to prior
paradigms [21], [26]. The purpose of this phase is to train
a supernet once under stochastic dropout, so that substantial
dropout rate configurations can be evaluated without retraining
the model for each configuration. During training, dropout
is applied to the activations of the selected Bayesian layers,
and the real and imaginary parts are followed by independent
dropout settings. One-shot training makes fine-grained dropout
search practical by decoupling weight learning from configu-
ration evaluation.

C. Dropout-Rate Search

After one-shot training, Phase 3 searches dropout rate
configurations for the selected Bayesian layers in each model
variant. The dropout rates applied to real and imaginary activa-
tions affect not only accuracy and uncertainty estimation, but
also the activation sparsity that can be exploited by hardware.

For each Bayesian layer, the framework searches two
dropout rates, one for the real activation and one for the
imaginary activation. Both rates are selected from 0.0 to 0.9.
Thus, each Bayesian layer has 10 x 10 = 100 possible real or
imaginary dropout-rate choices. Forn (n = N, N —1,...,2,1)
Bayesian layers, the total search space is 100" = 10%". When
the number of Bayesian layers becomes large, exhaustive
enumeration becomes expensive. This framework uses an evo-
lutionary algorithm to search the configuration space. During
the search, a candidate is encoded as a chromosome of 2n
integers, where each pair represents the real and imaginary
dropout rates of one Bayesian layer. The EA initializes a pop-
ulation of candidate chromosomes, evaluates and selects high-
quality candidates, and then applies crossover and mutation
to generate new candidates. Mutation changes one or more
dropout rates, while crossover exchanges layer-wise real and
imaginary dropout settings between two parent candidates.

IV. HARDWARE ACCELERATOR
A. Architecture Overview

Fig. 2 illustrates the architecture of the proposed FPGA
accelerator. The processing system (PS) feeds inputs, receives
the processed results, and controls the launch and termination
of the accelerator design on the programmable logic (PL) side.
The core computational modules are complex-valued process-
ing engines. Model weights are stored in off-chip memory and
loaded into on-chip buffers for each layer operation. The whole
BayesCVNN is executed layer by layer using the same pro-
cessing engines. Since the proposed framework explores the
layer sparsity, the produced model configuration may contain
hybrid layers, including standard layers and Bayesian layers.
Standard layers do not require applying dropout masks on
the inputs, thus involving deterministic and dense operations.
Bayesian layers, in contrast, activate dropout during inference,
leading to sparse execution patterns. The accelerator provides
runtime adaptability to support tailored execution modes, as
elaborated in Section V.

B. Column-Wise Matrix-Vector Multiplication

For each input, layer operations mainly involve matrix-
vector multiplication. A conventional implementation adopts a
row-wise mapping scheme, which multiplies the input vector
with one matrix row to yield one output element at a time, as
illustrated by the upper-left example in Fig. 3. In Bayesian
layers, the elements in activation vectors are dropped ran-
domly. To skip redundant computation, the row-wise engine
first identifies the valid activations according to the dropout
mask, then fetches the corresponding valid weights from the
current matrix row, and finally accumulates these products to
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Fig. 2. Overview of the accelerator design with runtime adaptable modes.

produce one output element. This process is repeated for all
matrix rows to produce resultant vectors.

Although row-wise execution can skip some arithmetic
operations, it does not guarantee translating activation sparsity
into latency reduction under a fixed parallelism. The latency of
the row-wise execution is determined by the number of parallel
execution rounds required for each output row. If the number
of valid activations after dropout still falls into the same
number of rounds, the latency remains unchanged even though
fewer products are computed. As shown in Fig. 3, the dense
case and the case with a 0.3 dropout rate require the same
number of row-wise execution rounds; similar observations
also hold for the cases with 0.6 and 0.8 dropout rates. This is
due to the fact that the remaining valid elements are gathered
from non-contiguous positions and mapped to the available
parallel lanes. Therefore, since dropout rates vary across layers
and dropout masks introduce unstructured sparsity, the row-
wise execution scheme cannot guarantee efficient sparsity ex-
ploitation for Bayesian layer operations. Moreover, insufficient
concurrency after dropout also leads to underutilization of the
computational resources.

To address this issue, the proposed engine employs column-
wise MVM inspired by [27]. Instead of computing one output
row at a time, the engine takes one valid activation element
and multiplies it with the corresponding valid weight column.
The partial products are accumulated into the output vector,

and this process is repeated until all valid activation columns
are processed. If an activation is dropped, the entire column
update associated with that activation is redundant, and thus
skipped. As a result, with column-wise MVM, the hardware
parallelism determines the processing latency of each valid
column, while the dropout mask determines the number of
valid columns to be processed. Reducing the number of valid
activations directly reduces the number of column update
operations. In the same example shown in Fig. 3, the actual
latency reductions are achieved compared with the row-wise
computational scheme. Consequently, unstructured sparsity
introduced by dropout translates into latency reduction more
reliably across different dropout rates, exhibiting effective
sparsity exploitation.

C. Shared Complex Sub-Operation Engine

As introduced in Section II, each complex-valued layer
operation consists of four sub-operations followed by addition
and subtraction on the intermediate results. Dropout further
complicates this computation. Since the real and imaginary
activations undergo separate dropout masks and therefore
exhibit distinct sparsity patterns, the sub-operations involving
real and imaginary activations can incur imbalanced workloads
across the complex-valued layer operation.

A naive implementation for complex-valued layer opera-
tions allocates four separate compute engines, one for each
sub-operation for concurrent execution in Stage 1. In Stage 2,
the intermediate results are fed to the addition and subtraction
logic. However, this design scheme suffers from inefficiency
under distinct sparsity patterns, as shown in Fig. 3. Distinct
sparsity patterns lead to imbalanced workloads and inconsis-
tent latency among the sub-operations. Since the subsequent
addition and subtraction stage must wait until all four sub-
operations have completed, engines that finish earlier remain
idle while waiting for the unfinished sub-operations, which
causes resource underutilization and weakens the benefit of
latency reductions introduced by the sparsity.

To address this issue, the proposed design employs a sin-
gle shared compute engine to perform complex-valued layer
operations. Rather than statically partitioning the available
compute resources into four dedicated engines, the design
consolidates these resources into a unified engine. The four
sub-operations are therefore executed in a scheduled sequential
order, and their intermediate results are accumulated through
the corresponding addition and subtraction datapath. Since no
separate engines complete asynchronously, the design avoids
idle waiting caused by workload imbalance and maintains
more stable resource utilization under distinct real and imag-
inary sparse patterns.

D. Scheduling within the Shared Engine

Regarding the detailed execution order of the four sub-
operations, since model weights reside in off-chip memory
and are loaded into on-chip buffers during layer execution,
minimizing weight traffic is critical for lowering latency
and improving energy efficiency in complex-valued layer
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Fig. 3. Comparison between row-wise and column-wise sparse MVM execution.

operations. To minimize memory access cost, the two sub-
operations, A, xW,, A;xW,., are executed first, followed by the
remaining two sub-operations, A, x W;, A; x W;, which takes
advantage of the data reusability of the real and imaginary
parts of model weights.

In addition, the addition and subtraction required by com-
plex arithmetic can be integrated by controlling accumulator
updates through lightweight control logic, rather than being
implemented as a separate second stage. As shown in Fig. 3,
the products from A, W, and A;W, are written directly to the
corresponding real and imaginary result buffers as the initial
partial results. The remaining products are then combined
through the addition and subtract datapath. A,.W; is added to
the imaginary result, while A;W; is subtracted from the real
result. For subsequent partial results, the same addition and
subtraction datapath accumulates them into the existing output
buffers. In this way, the proposed scheme reduces weight
traffic and enables streaming complex-valued layer execution
with lightweight control logic.

V. SCHEDULING WITH RUNTIME-ADAPTABLE MODES

The sparsity-aware framework in Section III explores the
layer sparsity, producing BayesCVNN configurations that may
contain both standard layers and Bayesian layers. Performing
model prediction with uncertainty estimation requires multiple
stochastic sampling. Each sampling can produce different
dropout masks, resulting in varied sparse execution patterns.
Repeatedly executing the whole network incurs expensive
costs. This design exploits the layer sparsity to skip redundant
computation. Since the intermediate results of the determin-
istic layers during the forward pass remain unchanged across
sampling, the associated computation is performed only once
for each input. Moreover, to support the hybrid layers, the
proposed scheduler can switch the datapath according to the
layer type and sampling state, operating in different modes
with runtime adaptability. As shown in Fig. 2, the accelerator
supports the dense mode for deterministic computation, and
the sparse and sampling modes for sparse computation with
multiple sampling. For each layer, the scheduler uses layer-
level configuration metadata, including layer dimensions, in-
put and weight addresses, dropout rates, and the number of

samples. Based on this metadata, the scheduler configures the
operating mode during runtime.

A. Runtime-Adaptable Execution Modes

1) Dense Mode: For standard layers, the accelerator uses
the dense mode, disabling the sparse-control path and bypass-
ing the dropout operations. Standard layers are executed once
without multiple sampling, and their outputs are written to
the on-chip input buffer without being written back to off-
chip memory. Furthermore, the dense mode is also applied to
the first Bayesian layer. As dropout operations are performed
on the output activations of the first Bayesian layer, the
computation is still dense, and the results are reused as the
input activations in the second Bayesian layer, where dropout
masks are then applied to these buffered activations. Therefore,
all computation under dense mode is performed only once
per input, significantly eliminating redundant computation and
reducing the overall latency.

2) Sparse Mode: After the standard layers and the first
Bayesian layer have been processed, the scheduler enables
the sparse mode for the second Bayesian layers by activating
dropout masks. In the sparse mode, the input activations are
cached in a single input buffer and reused across different
sampling. For each sampling, dropout masks are generated
according to the given real and imaginary dropout rates of the
current layer. Since the real and imaginary parts of activations
use different dropout masks, sparse mode maintains separate
valid-index streams for both parts, which are consumed by the
shared complex processing engines described in the previous
section. Different from the dense mode, the sparse mode
produces multiple stochastic outputs for the same cached input
activation. Therefore, the design uses multiple output buffers
to temporarily store a batch of sampling results, which are
generated sequentially, and then transferred back to off-chip
memory in batches.

3) Sampling Mode: For the remaining Bayesian layers, the
design is configured as Sampling mode. As the outputs from
the second Bayesian layers are stored in off-chip memory, the
input samples are loaded from the off-chip memory. Each input
sample undergoes sparse computation using newly generated
dropout masks, producing one stochastic output, which will
be written back to off-chip memory as well.



In summary, this mode-level control ensures that the re-
quired modules are enabled adapting to demands. The same
datapath can therefore support hybrid BayesCVNN configu-
rations without instantiating separate hardware modules for
dense layers, sparse layers, and sampling. This runtime-
adaptable scheduling allows the accelerator to exploit sparsity
in Bayesian layers while avoiding unnecessary overhead in
standard layers. By executing different modes for different
layers, the accelerator skips redundant computation in non-
Bayesian layers while preserving the ability to produce uncer-
tainty estimates.

B. Pipeline Hiding and Mode Transitions

Sparse execution introduces control overhead from dropout-
mask generation, valid-index compaction, and mode switching.
To prevent these overheads from dominating the benefit of
sparsity, the scheduler optimizes pipeline to overlap data
preparation with computation.

For weight loading, the design adopts ping-pong buffer
to overlap data transfer with computation. Weight loading is
overlapped between the real and imaginary parts of weights
within a layer and across consecutive layers, thereby hiding
part of the off-chip weight-loading latency.

The scheduler also overlaps dropout-mask preparation with
the previous layer execution. If the next layer switches to
sparse mode, the mask-generation logic is activated in advance
to generate dropout masks and compact them into valid-index
streams. Before the next sparse computation begins, the valid-
index streams have already been prepared and buffered. Sim-
ilarly, in sampling mode, dropout-mask generation is enabled
ahead of each stochastic run to prepare the sparse valid-index
streams for the next sampling. In this way, all of the index
streams are prepared before they are consumed by the compute
engine, reducing the runtime overhead of sparse execution.

In addition, sparse and sampling modes process a batch
of stochastic samples to reduce repeated weight-loading over-
head. Samplings within the same batch can reuse the loaded
weights, improving the weight locality. The batch size is
determined by the available on-chip buffer resources. In our
design, the batch size in the sampling mode is four.

After all samples are completed, the outputs are aggregated
to obtain the predictive result and uncertainty estimate. The
predictive mean can be used as the final output, while predic-
tive variance or entropy can be used as the uncertainty score.

VI. EXPERIMENTS
A. Experimental Setup

We implement the proposed FPGA accelerator targeting
the AMD VCKI190 evaluation platform. Vitis HLS 2024.1
is used for synthesis and implementation. The accelerator
is synthesized as PL kernel and is controlled by the PS
for input transfer, execution launch, and result collection.
Model weights are stored in off-chip memory and loaded
into on-chip buffers during layer-by-layer execution. The final
design is clocked at 200MHz. The post-implementation design

consumes 251,581 LUTs (27.96%), 167,429 FFs (9.30%), 631
DSPs (32.06%), and 427 BRAMs (44.16%).

B. Dataset and Model Configurations

We evaluate the proposed framework on a dataset made
from Bloch simulations using State Transition Matrices [28],
which are carried out in Julia [29] to generate complex-
valued signal evolutions for 2048 parameter combinations
randomly drawn from physiologically relevant ranges. The
simulations use a MRF sequence with an adiabatic inversion
pulse followed by a fast radial gradient echo readout with a
sinusoidal flip angle pattern and gradient-spoiling [30]. The
dataset is split into training, validation and test sets in a ratio
of 7:1:2. The framework is run separately for each of four
prediction targets: the relaxation-related tissue parameters R,
Ry and R), together with Bj, which is not a tissue property
but a factor accounting for the inhomogeneous strength of the
RF transmit field.

The model consists of a six-layer complex-valued backbone
followed by a task-specific output head. Five configurable
dropout layers are placed after the first five backbone layers.
The active dropout sites and their dropout rates are determined
by the proposed search framework. 8-bit linear quantization is
adopted to improve the hardware performance. The relative
quantization error of the searched configurations stays below
3% for both MAE and ECE, demonstrating that quantization
preserves algorithmic quality. During inference, 128 sampling
is performed to estimate the predictive mean and uncertainty.

C. Evaluation Metrics

For algorithmic performance, we evaluate parameter-
estimation accuracy using the mean absolute error (MAE) of
each predicted parameter. Uncertainty calibration is measured
using the expected calibration error (ECE) [31]. Considering
the practical scenarios, we add a constraint that predictive un-
certainty responds meaningfully to input degradation. We in-
troduce an uncertainty-noise response metric, which evaluates
whether the predictive uncertainty increases as the input signal
becomes more corrupted. For each candidate configuration, we
evaluate the model under different relative input noise levels:
0 (clean), 0.1, 0.3, and 0.5. At each level, zero-mean complex
Gaussian noise is added to the clean input signal, with the real
and imaginary components sampled independently and scaled
according to the target noise level. Predictive uncertainty is
estimated from 128 Monte Carlo dropout samples. We define
relative uncertainty as the predictive standard deviation divided
by the absolute predictive mean, averaged over the evaluation
samples. The uncertainty-noise response is quantified using
the Spearman rank correlation between the noise level and the
relative uncertainty. We further impose a strict monotonicity
constraint, requiring the relative uncertainty to increase along
with increased noise levels.

For hardware evaluation, we report latency, power, and
energy efficiency. Latency is measured for BayesCVNN in-
ference, including the deterministic complex-valued layers,
Monte Carlo dropout-enabled layers, and multiple sampling.
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Fig. 4. BayesCVNN prediction with and without noise corruption.

Power is estimated using the Xilinx’s BEAM tool on-board.
The energy efficiency is derived from the measured latency
and consumed energy.

D. Sparsity-Aware Search Results

1) Results Analysis: We set different optimization aims
for the sparsity-aware framework to profile the searched con-
figurations, as shown in Table I. For each target parameter,
the table reports the best configuration statistics under three
aims: minimizing MAE, minimizing ECE, and maximizing the
uncertainty-noise response. The uncertainty-noise aim selects
the configuration whose relative predictive uncertainty in-
creases most consistently with the input noise level, measured
by the Spearman rank correlation between noise level and
relative uncertainty. The Number of Bayesian Layers reports
the enabled dropout layers, where “lastk” denotes that only
the last k candidate dropout sites are enabled for Monte
Carlo sampling, while the earlier layers remain deterministic.
The Imbalanced Layers denotes the percentage of enabled
Bayesian layers where the real and imaginary branches use
different dropout rates. The Dropout rate > 0.5 reports the
percentage of active non-zero dropout rates that are no smaller
than 0.5.

Three observations drawn from the results back up our
assumption and motivation. First, the optimal Bayesian-layer
sparsity is target- and objective-dependent. The selected con-
figurations range from lastl to last5, indicating that a fixed
number of Bayesian layers cannot consistently satisfy all
accuracy, calibration, and uncertainty objectives. Incorporating
Bayesian-layer sparsity to the search framework is justified.
Morever, dropout rates no smaller than 0.5 frequently appear
in the best configurations, suggesting that the searched models
expose substantial activation sparsity. Developing customized
hardware support to exploit the activation sparsity can bring

TABLE I
SPARSITY-AWARE SEARCH RESULTS FOR TARGET PARAMETERS.

Prediction | Configuration Statistic MAE Best | ECE Best | Unc.-Noise Best
Number of Bayesian Layers last5 last5 last1
Ry Imbalanced Layers 100.0% 100.0% 100.0%
Dropout Rate > 0.5 50.0% 50.0% 50.0%
Number of Bayesian Layers last2 last5 last1
By Imbalanced Layers 100.0% 100.0% 100.0%
Dropout Rate > 0.5 100.0% 66.7% 100.0%
Number of Bayesian Layers last4 last5 last5
Ry Imbalanced Layers 100.0% 100.0% 100.0%
Dropout Rate > 0.5 50.0% 60.0% 60.0%
Number of Bayesian Layers last3 last2 last2
R, Imbalanced Layers 100.0% 100.0% 100.0%
Dropout Rate > 0.5 66.7% 100.0% 100.0%

performance gain. In addition, real and imaginary dropout
imbalance is consistently selected across all targets and ob-
jectives. Mitigating resource underutilization caused by im-
balanced workload in hardware design is critical.

2) Practical Applications: For practical medical fingerprint
scenarios, we search model configurations considering MAE
and ECE with constraints requiring relative predictive uncer-
tainty to increase monotonically with input noise, ensuring
that uncertainty estimates are noise-sensitive, aligning with
practical demands. Among configurations satisfying this con-
straints, candidates are further ranked according to MAE and
ECE. Therefore, the selected configuration strikes a balance
between prediction accuracy and calibration quality.

Fig. 4 illustrate the practical applications of prediction with
uncertainty estimates in MRF. In real clinical or experimen-
tal deployments, the acquired fingerprints can be corrupted
by noise, while the ground-truth parameters are generally
unavailable at inference time. In such cases, a deterministic
model may produce an overconfident parameter estimate, but
the user has limited information about whether the prediction
should be trusted. By contrast, BayesCVNNs provide predic-



tive uncertainty through multiple stochastic forward passes
without requiring ground-truth labels during inference. There-
fore, high-uncertainty outputs can be treated as unreliable
cases that require human expert inspection, repeat acquisition,
or downstream correction, while low-uncertainty outputs can
support more automated estimation.

E. Comparison with GPU and Related Works

Table II compares the proposed FPGA accelerator with
GPU implementations under the same searched model con-
figurations. The batch size is set as 1 for all models on
the evaluated hardware platforms following [16], [18]. We
measure the performance of both naive GPU implementations
and GPU implementations exploiting Bayesian-layer sparsity,
denoted with the _L suffix. The latency for 128 samplings
is reported, and the energy cost is calculated as the energy
consumed per input. In terms of speed, the proposed FPGA
design achieves 1.82x~5.77x speedup over the naive GPU
implementations and 1.64x~2.20x speedup over the sparsity-
exploiting GPU implementations across the four prediction
target parameters. Moreover, the FPGA accelerator consumes
only 11.3% of the GPU power, representing a substantial
power reduction. Consequently, compared with the naive GPU
implementations, the proposed design reduces the energy
cost by 16.1x~49.9x. When compared with the sparsity-
exploiting GPU implementations, it still achieves energy cost
reductions of 14.6x~19.3x. These performance gains are
attributed to efficient sparsity exploration and exploitation.
The automated search framework identifies Bayesian-layer
sparsity and activation sparsity, which are exploited in the
customized hardware via skipping a substantial amount of
redundant computation.

TABLE II
FPGA DESIGN VS. GPU IMPLEMENTATION PERFORMANCE.
GPU Ours
Platform GeForce RTX 3090 Ti AMD VCK190
Frequency 1.40 GHz 200 MHz
Technology 8 nm 7 nm
Power (W) 128.3 14.5
Targel Rq Bq Ro R/2 Ry B Ro Rl2
Latency (ms) 855.0 | 874.1 | 866.8 | 862.1
Latency_L (ms) 316.2 [ 461.4 | 783.6 | 481.6 148.1| 21111 4767 | 219.1
EnergyCost (J/mput) 109.7 | 112.1 | 111.2| 110.6 22 31 6.9 32
EnergyCost_L (J/input) | 40.6 | 59.2 | 100.5| 61.8

To further demonstrate the benefits of the proposed hard-
ware architecture and optimization framework as a whole,
we also compare this work against the prior BayesCVNN
accelerator [23] as shown in Table III. The optimization
in [23] primarily targets complex-valued convolutions and only
considers heterogeneity of real and imaginary configurations,
without fine-grained sparsity exploitation or customized hard-
ware support. Since the targeted model is different, it is diffi-
cult to make a direct comparison. [23] reports the hardware
performance of the complex-valued LeNet, we therefore use
effective throughput, defined as FLOPs divided by latency, as a
metric for comparison, suggesting that the proposed algorithm-
hardware co-design achieves a higher realized compute rate.

TABLE III
COMPARISON WITH PRIOR BAYESCVNN ACCELERATION.

Design| Model Type |Sparse-Aware | Effective Throughput (GFLOPs/s)
[23] |BayesCV-Conv No 12.3
Ours BayesCV-FC Yes 53.2

F. Ablation Study

To evaluate the effect of exploiting Bayesian-layer sparsity
and activation sparsity, we conduct ablation experiments as
shown in Fig. 5. The naive baseline executes all of model
layers, involving fully dense computation. With T1: Bayesian-
layer sparsity enabled, only the selected Bayesian layers are
executed with multiple sampling, while the remaining front
layers are executed once in deterministic mode. This reduces
redundant layer computation and achieves an average 3.07x
speedup. With T2: activation sparsity exploitation further
enabled, the hardware skips redundant operations introduced
by dropout operations in the Bayesian layers. This provides
an average 1.22x speedup over the Tl-only design. The
improvement is target-dependent because different searched
configurations use different numbers of Bayesian layers and
varied dropout rates for real and imaginary parts, leading to
different amounts of exploitable sparsity. Overall, the ablation
study demonstrates the effectiveness of both sparsity exploita-
tion, which reduce the number of layers requiring stochastic
sampling, and accelerate the sparse computation for Bayesian
layer operations.

T1: exploit Bayesian sparsity ~T2: exploit activation sparsity
[ Naive [ Naive + T1 [ Naive + T1 + T2

1.37x

2.58x

1.18x

R1 B1 R2 R2'
Target parameter
Fig. 5. Ablation study on Bayesian-layer and activation sparsity exploitation.

VII. CONCLUSION

This paper presents an framework for acceleration of
dropout-based BayesCVNNs via sparsity exploration and ex-
ploitation for MRF. On the algorithmic side, the proposed
framework explicitly explores Bayesian-Layer sparsity and
activation sparsity, selecting target-dependent configurations
under specific accuracy and uncertainty objectives. On the
hardware side, the FPGA accelerator employs column-wise
sparse MVM with runtime-adaptable scheduling to exploit
the searched sparsity in hybrid standard and Bayesian layers.
The experimental results show that the searched configurations
select different configurations across different tasks. Compared
with GPU execution, the proposed FPGA accelerator achieves
faster speed while consuming less power. These results demon-
strate that jointly exploring and exploiting sparsity can make
BayesCVNN inference more efficient.
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