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Abstract—This project is the convergence of two directions, the
first being innovations in belief propagation (BP), an inference
algorithm for probabilistic graphical models. These are graphs
where random variables form nodes, and a probability mass
function forms edges. BP computes the marginal distributions
of the nodes. Applications include workplace safety, cancer
detection, and healthcare patient experience [1]–[3]. Existing
implementations of BP fail to achieve acceptable convergence
coverage, convergence rate, and linear scaling with hardware
resources [4]–[7]. The second direction is hardware support
for priority-ordered algorithms through task-based parallelism.
Speculative hardware parallel execution of BP has been simulated
and implemented in software, but no cost-effective pure hardware
implementation exists [8]–[11]. This work implements BP on an
FPGA-based speculative parallel accelerator and demonstrates
the possibility of increased performance.

Index Terms—Field programmable gate arrays, Hardware
acceleration, Parallel processing, Belief propagation.

I. INTRODUCTION

Probabilistic graphical models (PGMs) are graphs where
nodes are random variables and edges are the conditional
probability distributions between them. As shown in Figure
1, they can model complex systems like the workplace safety
relationships between injuries, training, and reporting. A PGM
can be represented as a set of random variables X1 . . . Xn and
a joint probability distribution p(x‘). Markov Random Fields
(MRFs) are a class of PGMs where each node is conditionally
independent of all other nodes given its neighbors. This means
that the joint probability distribution of all the nodes can be
broken down into the product of the conditional probability
distributions of each node given its neighbors.

PXi(xi) =
∑

x‘:x‘i=xi

p(x‘) (1)

Belief propagation (BP) finds the marginal distributions,
P (Xi), of the nodes in an MRF. As shown in Figure 2,
BP works by sending messages on each edge containing
probability distributions conveying beliefs about neighboring
variables. The iterative process unfolds through forward and
backward passes.

Forward Pass (Message Calculation): Nodes exchange mes-
sages with neighboring nodes based on current beliefs and
local information. Messages are calculated by taking into
account the potential functions associated with the edges,
encapsulating conditional dependencies between variables.

Fig. 1. An example of a Markov Random Field being used for workplace
safety [1]

Backward Pass (Message Update): Nodes update beliefs
using messages received from neighboring nodes. This update
incorporates both incoming messages and the local potential
functions. Each node stores the marginal probability distribu-
tion of the corresponding random variable.

Iterations continue until messages stabilize and a con-
vergence criterion is met. The final beliefs at each node
are the marginal probabilities of the corresponding random
variables. This is much less intensive than computing a full
joint probability distribution, especially when the graph is
sparse, as information is only needed from local neighbors to
compute the messages. When there are loops in the model, BP
has no analytic solution, becoming an approximate algorithm,
and convergence fails as graph sizes increase [13]. Ordered
asynchronous residual propagation improves performance and
convergence [6], and relaxed ordering has lower queue over-
head, resulting in greater parallelism [7]. This is the software
optimization limit for BP on standard multi-core processors.

Various commercial hardware accelerators exist for specific
BP applications [14], [15], but these are not easily accessible
or adaptable to new applications. Simultaneous operation



Fig. 2. An example of the message passing during a cycle of the BP algorithm. [12]

devices like GPUs and vector processors have been used to
accelerate BP, but these devices are not well suited to the
irregular nature of BP [16]. General BP accelerators require
incredibly expensive custom hardware designs, and as such
have only been simulated [10]. Therefore, there is a need for
a hardware BP accelerator that is cost effective and adaptable.

Swarm [8] and Chronos [9] developed an architecture
for ordered irregular task-based parallel workloads on field-
programmable gate arrays (FPGAs), making use of ordering,
space awareness, and speculation to parallelize tasks with
lower overhead. FPGAs present a good platform, as they are
more easily accessible, with costs similar to that of standard
servers. To summarize, the aim of this project is to create a
general-purpose BP accelerator that makes use of task-based
speculative parallelism via the Chronos FPGA architecture.

II. METRICS

In models where loops exist, BP is not guaranteed to
converge [4]. As such, there are three general metrics for a
BP algorithm: convergence coverage, convergence rate, and
scalability. Convergence coverage refers to the size of graph
for which the algorithm converges. Convergence rate refers
to the speed at which the algorithm converges. Scalability
refers to the ability to increase the speed of the algorithm
by increasing resources, such as the number of processors or
program elements.

III. RESIDUAL BELIEF PROPAGATION

Traditional BP algorithms are synchronous, meaning that all
nodes update their beliefs at the same time. This is known as
bulk-synchronous belief propagation. While numerous efforts
are made to improve their scalability, these techniques have
limited convergence coverage and rate, and scale poorly when
parallelized [5].

Asynchronous BP was initially avoided since there was little
guidance on which nodes should be updated first. As such,
Residual Belief Propagation (RBP) was developed using a
residual heuristic, and has better convergence coverage and
rate than bulk synchronous BP [6]. The intuition is that
some messages are more useful than others for convergence.
Sending a message that has a similar value to its previous
message is redundant, whereas sending a message that has
a large difference is more likely to pass information through
the network. RBP defines the residual as the magnitude of
the difference between two consecutive values of a message.

Fig. 3. Speculation and Aborts [9]

The message with the largest residual is sent first. The order
is determined using a priority queue, which is a shared
resource parallelization bottleneck. As such, we introduce a
fourth RBP-specific metric: efficiency, which is how well the
algorithm avoids the priority queue bottleneck.

Data: Input graph
Result: Output graph
Select random message;
while messages > convergence threshold do

Update message;
Compute residuals;
Select message with largest residual;

end
Algorithm 1: Residual Belief Propagation

IV. TASK-BASED PARALLEL HARDWARE

Task-based parallelism focuses on breaking down a compu-
tation into smaller, independent tasks that can be dynamically
scheduled and executed concurrently, which is particularly
beneficial in scenarios where the workload is dynamic or
unpredictable. Since node update order in RBP is not known
in advance, this is a promising approach, but the strict priority
order poses an issue.

Swarm introduces speculative parallelism, which improves
irregular algorithm performance by executing tasks out of
order [8]. As shown in Figure 3, we order tasks by timestamp
to maintain correctness and then speculatively execute future
tasks, assuming they will not be affected by the outcome
of current tasks, selectively aborting if dependencies change.



TABLE I
COMPARISON OF BP VARIANTS

Variant Coverage Rate Scalability Efficiency
Bulk Synchronous Poor Poor None N/A

Parallel Poor Poor Linear N/A
Residual Good Good None Poor

Residual Splash Good Good Sub-linear Poor
Relaxed Priority Okay Okay Sub-linear Okay

Speculative Parallel Good Good Linear Good

Fig. 4. The Chronos system overview [9]

Algorithms like RBP that have a strong sequential order can
run correctly while also making use of parallel hardware
resources. Table I shows the different variants of BP and their
respective strengths and weaknesses. This comparison justifies
the choice of speculative parallelism for our implementation,
as it is the most scalable and efficient variant, and maintains
good coverage and rate.

Chronos is an accelerator platform based on Swarm that
runs on an FPGA [9], outlined in Figure 4. Tasks run on cores
called processing elements (PEs) which are grouped onto tiles
that allow for shared infrastucture without synchronization
across the entire chip. Figure 5 zooms into a single tile to
show the major tile infrastructure, consisting of a task queue,
a commit queue, and a task send buffer. Additionally, there is
a cache, which holds the state of the tile’s objects and a task
interconnect, which connects to other tiles.

When tasks finish executing, their results and state are stored
in the commit queue, and tasks can only commit their results
to memory if they are the oldest, ensuring correctness. Any
speculative tasks can be aborted before committing, preventing
any changes to memory that would cause incorrectness. The
task queue receives and buffers tasks from other tiles and the
host. Before a task can be sent to a PE, it needs to reserve
a slot on the commit queue, which holds the state of running
tasks and commits their changes in timestamp order. It does
this by remembering the changes they make and undos them
if aborted. The task send buffer holds tasks that are ready to
be sent to other tiles.

V. SPATIALLY LOCATED ORDERED TASKS (SLOT)
Chronos extends the task-based parallelism paradigm with

SLOT, restricting tasks to single read-write objects and in-
troducing atomicity among computations, allowing for much
simpler conflict tracking. The systems tries to schedule tasks
to the same tile as their dependencies, reducing the need for
communication between tiles.

Figure 6 shows the SLOT model in action. The tasks are
ordered by their timestamps, and in turn their dependencies,
and as such, we can implement atomic accesses and other
parallel programming constructs. In this example, we want to

Fig. 5. Tile structure [9]

Fig. 6. The SLOT model [9]

transfer data from one object to another, and we can do so by
enqueuing tasks to read from the source object and write to
the destination object. Timestamps ensure that no other tasks
are scheduled between the read and write, and the scheduling
system ensures that the tasks are sent to tiles where their
objects are located. The read task enqueues the write task
with the data to be written, and so data transfer between tiles
happens without any explicit cache coherence protocol.

We can break down RBP into SLOT-compliant tasks, which
are shown in Table II. The tasks are far finer than the original
RBP algorithm, since each task can only write to a single
object. As such, a computation like reading inputs to the
node and outputting to other nodes is broken up into reading,
calculating, and outputting, where the values between stages
are passed in the task data.

VI. IMPLEMENTATION

Xilinx Vivado High Level Synthesis (HLS) was used to
generate the RBP processing element from C++ code available
at https://github.com/balaji-venkatesh/chronos rbp hls. It was
packaged as an IP core and placed in a Xilinx Vivado IP
Integrator block diagram. Upon generation of output products,
the IP core was instantiated in Chronos, and the IP archive was
included in the compile path. This process is described in the
Xilinx Vivado Design Suite User Guide [17].

In order to implement the HLS cores in hardware, the
Advanced eXtensible Interface between the PEs and Chronos
was modified to avoid a logical loop.

A. Global Virtual Time

Chronos has a number of queues, buffers, and other points
of contention. A system of arbitration is used to manage these
resources, based on the Swarm concept of Global Virtual Time
(GVT) [8]. Each module outputs its lowest timestamp as its
Local Virtual Time (LVT) to an arbiter, which computes the

https://github.com/balaji-venkatesh/chronos_rbp_hls


TABLE II
RBP TASKS

Task Object Children Description
Read Reverse Message Message Calculate Lookahead Reads the value of the reverse message
Calculate Lookahead Source Node Calculate Priority Calculates the lookahead
Calculate Priority Message Write Priority Calculates the residual, to be used as task priority
Write Priority Message Update Message Writes the residual, enqueuing a task with the pre-

viously calculated priority
Update Message Message Update Message Value Check if the latest priority matches the enqueued

priority (wait to reach head of queue)
Update Message Value Message Update Node Updates the message value based on the lookahead
Update Note Destination Node Read Reverse Message

(one per affected node)
Updates the node log(product in) value

Fig. 7. Arbitration After PEs Finish Tasks

GVT. The GVT is then broadcast back to all modules, which
prioritise the corresponding task. For instance, Figure 7 shows
the arbitration system managing which PEs are able to send
finished tasks first. All the cores wish to send tasks (shown
as coloured circles) to the task send buffer, but only one can
do this at a time. As such, the cores only send their tasks if
their LVT equals the GVT, ensuring that the tasks are sent
in order of their timestamps. The GVT corresponds to the
oldest task in the system, so it has no dependencies, only
dependencts, and as such, we want to ensure it completes
as soon as possible and is never blocked. Otherwise, the
accelerator would not be guaranteed to make progress. We
can liken the task corresponding to the GVT to a VIP who
should be served first, and as such, they should skip all the
queues and we can never kick them out if there isn’t enough
space.

The GVT is also used in two ways to maintain progress
through queues and buffers. First is the reservation system,
shown in Figure 8. A slot of the queue is perpetually reserved
for the GVT, and since there is only one GVT task any
given time, there can never be contention for this slot. This
is typically used for queues with ordered enqueuing. The
second method is the resource abort, shown in Figure 9.
Instead of reserving a slot, the GVT task instead kicks out
any other task in the queue. This method is often used
when the queue doesn’t have a particular order and requires
verification that aborting the task or request does not affect the
functional correctness. In both cases, it is essential to ensure
that backpressure is maintained by ensuring that signals that
hold back other tasks in contention aren’t affected.

Fig. 8. Reservation System in Task Send Buffer

Fig. 9. Resource Abort System

B. Deadlocks

RBP is a highly parallel algorithm that requires a large num-
ber of tasks to be enqueued, dequeued, and aborted. As such,
the limits of the Chronos were tested when running RBP, and
a number of deadlocks were found. At a high level, these are
edge cases where the GVT is not correctly prioritized, and as
a result, the accelerator is unable to make progress. Detection
involved increasing graph size until deadlock whereupon the
waveforms were analyzed to figure out where the system was
stuck. Typically this involved looking at the timestamps of the
tasks in the system and comparing them to the GVT. Once the
GVT was found, the signals holding it back were followed to
find the root cause of the deadlock.

Once deadlocks were found, they were resolved by adding
in necessary arbitration logic, reservation slots, and resource
aborts, depending on what was most effective in the specific
scenario. The process was iterative, and each change required
the simulator to be run on smaller graphs to ensure that
correctness was maintained. Then, the simulator was run on
larger graphs to ensure that the deadlock was resolved. One
iteration is described in detail here, and a few others are listed.



Deadlock due to:

1) Task Send Buffer Untied Overflow
2) Child Manager Preemptive Enqueue Attempt
3) Child Manager Request Overflow
4) Commit Queue Overflow: The commit queue (CQ) holds

state for all running and completed tasks and ensures
that changes are made in an ordered manner using an
undo log. The CQ has a limited size and no mechanism
to handle enqueuing the GVT during overflow, causing
deadlocks. The solution was a reserved slot for the GVT
in the CQ, allowing it to always enqueue and make
progress. An added bonus was that the GVT was in the
first slot, giving it priority.

VII. RESULTS

Considering the four metrics established earlier:

1) Convergence Coverage: The accelerator is able to run
the RBP algorithm on a small graph, up to around
7x7. Simulation shows a larger convergence than the
2x2 shown by the previous RISC-V implementation,
but this is not enough to compete with the standard
implementation of RBP or its successors.

2) Convergence Rate cannot yet be evaluated, as the ac-
celerator is not computing graphs that are comparable to
the standard. However, rate has improved in simulation
to be greater than that of the soft CPU version.

3) Scalability: The accelerator demonstrates scalability
with reduced cycle count when the number of cores is
increased.

4) Efficiency: The performance gains shown so far can
be attributed to improved paralleism from speculative
execution, showing promise for mitigating the priority
queue bottleneck.

VIII. CONCLUSION

In conclusion, this work resulted in a speculative parallel
general BP accelerator that demonstrates performance which
a soft CPU version cannot access. It does not require custom
hardware, instead making use of FPGAs, which are commer-
cially available at similar costs to servers. Further development
could result in a scalable, performant, and cost effective
solution for belief propagation on large graphs. Various BP
applications are hampered by compute time and model size
limits, often reducing graph size or simplifying to a tree,
modeling their environments less accurately [1]. This work
could allow including more factors, allowing for more detailed
and precise predictions in fields such as workplace safety,
cancer detection, and healthcare patient experience [1]–[3].
Compared to neural networks, BP uses less training resources
and named random variables that can be interpreted more eas-
ily. Combined BP graph neural networks are being developed
to make best use of both worlds, meaning that efficient BP
remains more important than ever before [18].
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