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Abstract—Microservices suffer from the execution of auxil-
iary operations known as datacenter tax, such as RPC and
TCP processing, and data (de)serialization, (de)encryption, and
(de)compression. To minimize this tax, multiple hardware accel-
erators have been proposed. However, it is unclear how these
accelerators should be orchestrated. Past work has focused only
on orchestrating accelerators in coarse-grained environments
with monolithic applications.

In this paper, we characterize the needs of orchestrating an en-
semble of on-package accelerators in microservice environments.
We observe that orchestration frameworks need to be highly
dynamic and nimble. The basic operations to be accelerated are
fine grained, potentially taking only tens of us. Moreover, the
sequence of accelerators to use is often affected by ‘“branch
conditions” whose real-time resolution determines the set of
subsequent accelerators needed. To address these challenges, we
present AccelFlow, the first orchestration framework for on-
package accelerators of microservices. In AccelFlow, CPU cores
build software structures called Traces that contain sequences of
accelerators to call. A core enqueues a trace in an accelerator in
user mode and, from then on, the accelerators in the trace execute
in sequence without CPU involvement. A trace can include
branch conditions whose outcomes determine the trace control
flow. Compared to state-of-the-art accelerator orchestrators,
AccelFlow on average reduces P99 tail latency by 70%, reduces
average latency by 38%, and increases throughput by 120%.

I. INTRODUCTION

Datacenter workloads increasingly use the microservice
paradigm [23], [65], where an application is divided into
multiple services that are deployed as separate programs com-
municating with each other. With microservices, applications
scale more easily, are easy to deploy and maintain, and can use
diverse programming languages and frameworks. As a result,
cloud service providers have embraced this technology [10],
[23], [29], [54], [55], [61], [78]-[801, [88].

Unfortunately, microservice environments suffer from vari-
ous software overheads [19], [42], [71], [72]. For instance, mi-
croservices are commonly implemented as Remote Procedure
Call (RPC) servers [3], [24], which facilitates their distribution
across machines and independent scalability. However, RPC
processing has overhead. Further, data communicated between
services must undergo (de)serialization to ensure compatibility
across different programming languages through standardized
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protocols [21]. Additionally, microservice environments use
encryption for security and compression to reduce resource
use. Collectively, these auxiliary or “glue” operations are
known as datacenter tax [42], and can consume a substantial
fraction of CPU cycles in datacenters [20], [42], [70].

To minimize datacenter tax, researchers have proposed
numerous hardware accelerators or software techniques that
target a single source of datacenter tax [1], [7], [28], [30], [33],
[34], [38], [39], [43]-[45], [50], [63], [84]—e.g., compression,
Transmission Control Protocol (TCP), or RPC processing.
Given the many sources of datacenter tax [20], these proposals
must be augmented with a way to efficiently orchestrate the
multiple accelerators of an ensemble of accelerators integrated
in a server. Efficiency is key because, in microservice envi-
ronments, the operations to be accelerated may take only tens
of microseconds.

There are proposals to orchestrate on-package accelerators
for image/video processing or ML in monolithic applica-
tions [12], [26], [27], [60], [82]. In some of these proposals,
a CPU core [27] or a centralized hardware manager [12], [26]
orchestrates the accelerators by invoking them and receiving
an interrupt when each accelerator completes. This approach
introduces major coordination overheads. Two designs al-
low direct accelerator-to-accelerator communication. One of
them [82] statically links some pairs of accelerators but oth-
erwise relies on the cores to orchestrate the accelerators. The
other design [60] fixes the sequence of accelerators, mimicking
a pipelined engine. All these schemes are suitable for coarse-
grained accelerator operations or static environments. They are
unsuitable for environments where we want to accelerate fine-
grained, highly-varying sequences of operations.

Our analysis shows that past approaches are insufficient for
microservices. Microservices need sequences of accelerators
that are fine-grained and vary widely both across services and
across invocations of the same service. Moreover, the sequence
of accelerators to invoke is often affected by conditions
whose real-time resolution determines the set of subsequent
accelerators needed. Additionally, the data transferred between
accelerators may vary in format. All this demands a dynamic
and flexible orchestration framework.



To address these challenges, we propose AccelFlow, the
first accelerator orchestration framework for microservices.
AccelFlow orchestrates an on-package ensemble of fine-
grained accelerators without coordination from a CPU or
a centralized hardware manager. AccelFlow introduces the
concept of Traces of Accelerators: software structures built
by cores that contain a sequence of accelerator IDs. A CPU
core triggers accelerator execution by enqueuing a trace in an
accelerator in user mode. From then on, the accelerators in the
trace execute in sequence without CPU involvement, passing
data from one accelerator to the next. Moreover, AccelFlow
introduces the idea of Branch Conditions in a trace, which are
conditions resolved on-the-fly without CPU involvement, and
whose outcomes determine the control flow inside the trace.

Each accelerator in AccelFlow has a standard interface
with input and output hardware queues, and input and output
controllers (called dispatchers). The input dispatcher schedules
requests enqueued in the accelerator. The output dispatcher
computes any branch condition in the trace and sends the
accelerator’s output data to the input queue of the next
accelerator in the trace using a DMA engine.

We evaluate AccelFlow with full-system simulations of a
server with an Intel IceLake-like processor and nine state-of-
the-art accelerators. We run large open-source microservice
applications [19] with real-world invocation traces [54]. Our
results show that AccelFlow is very effective. Compared to
state-of-the-art proposals for accelerator orchestration [26],
[82], on average across services, AccelFlow reduces P99
tail latency by 70%, reduces average latency by 38%, and
increases throughput by 120%.

This paper makes the following contributions:

e A characterization of how microservice environments can
use ensembles of on-package accelerators.

o AccelFlow, the first orchestration framework for an ensemble
of fine-grained accelerators in microservice environments.

e Evaluation of AccelFlow, compared to the state-of-the-art.

II. BACKGROUND

Typical Workflow of a Microservice Invocation. A microser-
vice invocation arrives to the server as an encrypted network
message. To achieve reliable and ordered delivery of mes-
sages, the TCP stack [40] first performs message reassembly,
congestion control, and checksum calculation. Then, the SSL
protocol [62] is invoked to authenticate the client and decrypt
the message using algorithms such as RSA, AES, or SHA.
Next, the RPC stack [3], [24] processes the decrypted
message, which contains the name of the function to invoke
and its arguments. A microservice may have multiple entry
points or functions that users can invoke. The server keeps a
table that maps the name of the function to its handler and
descriptor. The role of the RPC stack is to decode the name of
the function from the message and fetch the function handler
and descriptor from the table. Then, a deserialization protocol
such as Protobuf [21] takes the function handler, descriptor,
and serialized arguments. Protobuf uses the function descriptor
to deserialize the arguments—i.e., to translate the arguments’

wire format to their application format in a given language.
To reduce the network bandwidth use, large arguments may
come compressed, e.g., with Zstd [17] or Snappy [22]. Thus,
after deserialization, these arguments are decompressed.
Finally, the invocation is ready to execute. Using a software
or hardware algorithm, a load balancer [33] picks a core to
execute the function. When execution completes, the steps
above are performed in reverse order: compress the results,
serialize the results, encode the message in the RPC stack,
encrypt the message, and transmit it via TCP. Within an
invocation, the function may also invoke other services or
access storage, creating nested RPCs with similar steps.
CPUs with Integrated Accelerators. CPU vendors have
long integrated special-purpose hardware to accelerate com-
mon functions—e.g., the cryptography accelerator in Sun’s
UltraSPARC T1 [75] or GPUs in AMD’s Llano APUs [8].
Recently, Intel integrated several accelerators into their Sap-
phire Rapids CPU [86], targeting datacenter functions. This
CPU introduces enhancements to the system architecture for
the accelerators. The accelerators are not PCle devices pro-
grammed via memory-mapped I/O operations. Instead, their
ISA has instructions for dispatching work and for signaling;
the accelerators operate with virtual addresses exploiting the
IOMMU for address translation; and the accelerators support
virtualization to make them usable in a cloud environment.

III. OPPORTUNITIES AND CHALLENGES OF ACCELERATOR
ENSEMBLES FOR MICROSERVICES

To understand the opportunities and challenges of using an
ensemble of accelerators in microservice environments, we
measure the performance of a 36-core Intel Xeon Platinum
server [35] at 2.4GHz, and estimate the potential impact that
nine hardware accelerators proposed by prior work could
have. These accelerators speed-up TCP [7], (De)Encryption
(Decr and Encr) [39], RPC [63], (De)Serialization (Dser and
Ser) [44], (De)Compression (Dcmp and Cmp) [45], and load
balancing (LdB) [33]. We run over 80 open-source services
from DeathStarBench [19], Train Ticket [90], and pSuite [72].
The infrastructure is presented in Section VI. Here, we present
our main observations.

Q1I: Is a Processor with Many Accelerators a Good Envi-
ronment for Microservices? Figure 1 breaks down the execu-
tion time of SocialNetwork services from DeathStarBench on
our server. We identify code sections that could be assigned to
one of the accelerators considered, and measure their execution
time. The remaining time of the service is called AppLogic.
A given accelerator category may correspond to multiple code
sections. Bars are normalized and the numbers on top of them
are the absolute service execution times.

We see that service invocations spend most of their exe-
cution time on tax. On average, an invocation spends only
20.7% of its end-to-end execution time on the core application
logic. It spends 25.6%, 14.6%, 3.2%, 22.4%, 9.5% and 3.9%
of its time on the TCP, (De)Encr, RPC, (De)Ser, (De)Cmp
and LdB operations, respectively. The relative weight of tax
increases for microservices with (1) short execution times
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Fig. 1: Execution time breakdown of SocialNetwork service
invocations on an Intel Xeon server. The numbers on top of
the bars are the absolute execution times of the invocations.
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Fig. 2: Examples of sequences of datacenter tax operations.

(a) Send function response

(b) Send read request to DB cache

(e.g., Unigld) or (2) many nested RPCs or remote storage
accesses (e.g., Login). Services from other suites are similar.
Hyperscalers have also seen that tax dominates the execution
of their services [20], [42], [70].

In many cases, multiple tax operations are executed back to
back, in a sequence, without interleaved operations of the core
logic. Figure 2 shows sequences of tax operations executed
when a core sends a function response (Figure 2a) or a read
request to a database cache (Figure 2b). The first sequence
involves Ser, RPC, Encr, and TCP; the second one has Ser,
Encr, and TCP. More details are given later.

If we have accelerators for each of these operations, the
question arises as to how to orchestrate them. We consider
three approaches. First, in CPU-Centric [27], a CPU core
invokes one accelerator at a time. When an accelerator com-
pletes, it interrupts the core, which can then invoke the next
accelerator. Second, in HW-Manager [12], [18], [26], the
CPU offloads the scheduling of the accelerator requests to
a centralized hardware manager. The CPU submits to the
manager the sequence of accelerators to invoke. When an
accelerator completes its job, it interrupts the manager, which
then calls the next accelerator in the chain. On completion of
a chain, the manager interrupts the CPU. Finally, in Direct,
scheduling is performed neither by a CPU core nor by a
manager. Instead, a CPU core passes a list of accelerators that
need to execute in sequence to the first accelerator. After each
accelerator in the sequence executes, it directly calls the next
accelerator in the sequence.

We simulate the execution of these three environments,
modeling a server like the one measured, and the nine ac-
celerators [7], [33], [39], [44], [45], [63]. For HW-Manager,
we model RELIEF [26]. We describe the simulation infras-
tructure in Section VI. We record the time taken by the
orchestration overhead—i.e., sending and receiving interrupts,
and communicating between CPU core, hardware manager,
and accelerators. Figure 3 shows the average orchestration
overhead as a fraction of the total execution time of the service.
The figure shows data for the three approaches above, as
the load of the 36-core processor in kilo-requests per second

Load [kRPS]

Fig. 3: Orchestration overhead of different approaches aver-
aged across all services with a varying load of services.

TABLE I: Source/destination accelerators for each accelerator.

Accelerator Src Accelerators Dst Accelerators

TCP Ser, Encr, Cmp LdB, Decr, Dser, Dcmp
Encr TCP, RPC, Ser TCP, RPC

Decr TCP RPC, Dser

RPC Decr, Ser Encr, Deser, LdB

Ser Deser, Cmp, CPU TCP, Encr, RPC

Dser TCP, Decr, RPC Ser, Dcmp, LdB

Cmp Deser, CPU Ser, LdB, CPU, TCP
Dcmp Deser, TCP, CPU (De)Ser, LdB, CPU, TCP
LdB TCP, Dser, Demp CPU

(kRPS) changes. We see that Direct has less overhead than
HW-Manager, which has less overhead than CPU-Centric. The
overhead of the last two approaches increases rapidly with the
load. For 15 kRPS, the overhead in CPU-Centric and HW-
Manager is 25% and 15%, respectively.

02: What is the Control Flow in Accelerator Sequences?
To understand whether the sequences of accelerators that need
no intervening CPU involvement are deterministic, we analyze
the sequences in our 80 services. For each accelerator in one
such sequence, we record which accelerator provides its input
(the source) and which accelerator consumes its output (the
destination). As shown in Table I, an accelerator can consume
data from and produce data for multiple accelerators. Thus,
the inter-accelerator connections need to be flexible.

We now consider the control flow inside accelerator se-
quences that contain no intervening CPU involvement. We
find that a sequence often includes dynamic control flow.
Figure 4 shows two examples. Figure 4a is the sequence
when a processor receives a function request. The payload
may be compressed and require decompression. However,
this is unknown until the deserialization step. At that point,
depending on the value of a field in the message, we may
need to invoke the Dcmp accelerator.

Figure 4b shows the sequence when a processor receives
the response for a read request to the database cache. Based
on whether the request hit in the cache, different actions are
needed. If it hit, the response has the data and needs to be sent
to a CPU core; otherwise, the response has no data, and a new
request needs to be issued to the actual database. Whether a
hit occurred is only known after Dser has completed.

Our data shows that 69.2%, 62.5%, 82.5%, and 53.8% of the
sequences of accelerators in the SocialNet, HotelReservation,
and MediaServices microservices from DeathStarBench, and
TrainTicket, respectively, have at least one conditional state-
ment. Some sequences have up to four. Given this, interrupting
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Fig. 5: Sizes of the input/output data of each accelerator.

the CPU every time that a sequence of accelerators encounters
a conditional statement would induce substantial overhead.
These conditionals are simple, as they involve checking a few
bits in the payload, and performing simple comparisons and
computation logic.

03: How Should Data be Forwarded Between Accelera-
tors? The data forwarded from one accelerator to the next one
can vary in size and in format. Figure 5 shows the maximum,
median, and minimum size of the input and output data of
each accelerator. There is no LdB bar because LdB does not
process data; it simply picks a core to process the request. As
shown in the figure, the median data size is small, i.e., a few
KBs (as also observed by Google [68]). There is, however,
a long tail with a few tens of KB. Further, in some cases,
the data transferred between two accelerators is generated in
one format is consumed in a different format. Typically, the
transformations required are simple, such as transforming from
string to BSON format [59].

Summary. Microservices can benefit from ensembles of ac-
celerators that target different sources of datacenter tax. These
accelerators can be invoked in sequences without an inter-
vening CPU. For highest performance, the orchestration of
such ensembles should avoid invoking a CPU or a centralized
hardware manager. Instead, within a sequence, accelerators
should handle dynamic control flow, data transformations, and
data transfers of different sizes.

IV. ACCELFLOW: ORCHESTRATING ACCELERATORS

Based on this analysis, we propose the AccelFlow architec-
ture to orchestrate ensembles of accelerators for microservices.
This section describes its hardware organization, execution
model, and other aspects.

A. AccelFlow Hardware Organization

We envision AccelFlow to be implemented in a large, multi-
chiplet processor with many cores and one or more instances
of all the accelerators of Section III. The processor can be
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Fig. 6: Possible organization of a processor with AccelFlow.

organized in different ways: cores and accelerators may share
the same chiplet like in the Intel Sapphire Rapids (SPR) [37],
or accelerators may be in their own chiplet—e.g., the I/O die
of some AMD and Intel servers. The latter design is the one
we assume and is shown in Figure 6: one type of chiplet
contains an instance of all the accelerators except for LdB,
and another type of chiplet contains cores, private caches, a
distributed shared LLC and LdB. The LdB accelerator is in
the core chiplet since it is tightly coupled with the cores.

Our design assumes that all the accelerators have the same
standard interface. This is a futuristic goal that is motivated
by simplicity and by recent industry trends, such as the Intel
Accelerator Interfacing Architecture (AiA) [49]. Moreover,
accelerators and cores share the same virtual address space
(like Intel’s Shared Virtual Memory (SVM) [48] in SPR). Like
in SPR, the accelerators directly read from and write to the
processor’s LLC in a cache coherent manner—i.e., on a read,
they get the correct data in the system, while on a write, they
invalidate all private caches.

Sequence of Accelerators or Trace. In AccelFlow, CPU cores
build software structures called Traces that contain a sequence
of accelerator IDs, and store them in a special on-chip memory
called Accelerator Trace Memory (ATM) (Figure 6). A trace
can include branch conditions, whose outcomes determine the
control flow inside the trace. Branches are encoded as simple
logic operations on bits within the payload of the message—
e.g., ’if (fieldl & field2) goto Ser; else goto Cmp”. A trace
may also contain data transformation fields and, in its tail, the
address in the ATM that contains the next trace to execute
after this one completes.

A CPU core triggers accelerator execution by passing a trace
to an accelerator. From then on, the accelerators in the trace
will execute in sequence without CPU involvement, passing
data from one accelerator to the next, potentially executing
branch conditions, and potentially accessing the ATM for
additional traces. Once the trace(s) have executed, control
returns to the initiating CPU core.

Architecture of an Accelerator. An accelerator has an SRAM
input queue and an SRAM output queue, an input and an
output controller (called Dispatchers), and multiple processing



elements (PEs), each one with a scratchpad, that perform the
same operations (Figure 6). A scratchpad contains accelerator
PE state that may be private to a request (e.g., the History
Window [45] for Cmp/Dcmp), or shared by all requests
of the same service (e.g., the Accelerator Descriptor Table
(ADT) [44] for Ser).

Each queue entry contains multiple fields. The main ones
are: (1) space for a trace with a moving Position Mark that
indicates which accelerator is to execute next, (2) the ID of
the tenant that is using the entry (since an accelerator can
be used by multiple tenants), (3) up to 2KB of data to be
operated upon, to capture the common-case data sizes, and
(4) the virtual address of a Memory Pointer that points to a
software buffer in memory where more data is stored. Large
inputs or outputs (>2KB) store some data in these locations.
Such a buffer is cacheable in the cores’ caches, and is kept
cache coherent. The input and output hardware queues are not
visible to the cache coherence protocol.

The input dispatcher manages the input queue, deciding
which entry should be executed next by which PE. If an input
queue entry needs data from multiple source accelerators, the
dispatcher marks the entry as ready when all data has arrived.

After a PE deposits its output in the output queue, the output
dispatcher performs multiple operations. First, if the next field
in the trace is a branch condition, it resolves the condition.
Second, if the next trace field includes a data transformation,
it transforms the output data. Third, it uses one of a set of on-
chip DMA engines (A-DMA in Figure 6) to send the output
data to the input queue of the next accelerator in the sequence.
Finally, after the last accelerator in the trace has executed, the
output dispatcher examines the tail of the trace. If it finds the
address of an ATM location, it accesses it to get the next trace
to run. Otherwise, it notifies a CPU core.

Operation of an Accelerator. PEs in an accelerator consume
input queue entries as mandated by the input dispatcher. A
PE consumes the data from an input queue entry plus any
additional data in the CPU memory hierarchy that is accessible
through the Memory Pointer in the input queue entry. A PE
is non-preemptible: it runs tasks to completion. After the PE
completes the operation, it deposits the data results and all the
metadata (including the trace) in an entry of the output queue.
The output dispatcher handles the entry from then on.

Accelerators exploit PCle’s Address Translation Service
(ATS) [4]. A device submits address translation requests to the
IOMMU (Figure 6). An ATS request converts a process ID and
virtual address from that process to a physical address. Each
accelerator caches the results in an address translation cache
(a TLB) that is also accessed by the input/output dispatchers.

On an exception, the accelerator operation stops, a CPU
core is interrupted, and the OS handles the exception.

Anatomy of the Execution of Traces. When the software
wants the accelerator ensemble to execute a sequence of
operations, it creates a trace. Then, a CPU core executes an
Enqueue instruction in user mode. Enqueue takes as arguments
an accelerator ID (the first accelerator in the trace) and the

trace. The instruction triggers the input dispatcher of the
corresponding accelerator to allocate an entry in the input
queue and store the trace in the entry. Enqueue returns the
index of the input queue entry. Then, the core invokes an
A-DMA engine, passing the accelerator ID, the input queue
index, and a pointer to the payload data. The A-DMA engine
uses the pointer to coherently collect the data and deposit it in
the corresponding input queue entry. If the Enqueue instruction
returns an error (e.g., no space in the queue), the core retries
with another accelerator of the same type.

Execution proceeds from accelerator to accelerator, trans-
forming the data, and moving the data and trace from the
output queue of one to the input queue of another. When the
last accelerator of the trace completes its execution, its output
dispatcher uses an A-DMA engine to move the resulting data
to a memory location. The dispatcher then sends a user-level
notification to the CPU core that initiated the ensemble execu-
tion, passing the virtual address of the memory location that
contains the result. To reduce overhead, such notification is
not an interrupt. The CPU core can be performing other work
and periodically check the notification flag. Alternatively, the
CPU core can wait for the notification by continuously polling
the flag, or by executing an MWAIT-like instruction [31] and
automatically waking up on notification.

Sometimes, it is desirable to partition a trace into multiple
subtraces. This is done for three reasons: to avoid transferring
a very long trace, to enable the reuse of individual subtraces
across multiple operations, or when, at a point in the trace, a
decision needs to be made that can cause a major divergence
in the set of accelerators to invoke next. In these cases, the
software creates multiple traces to execute in sequence. Before
the CPU core invokes the first trace, it stores all the subsequent
traces in the ATM. Moreover, in the tail of each trace but the
last one, it places the address of the next trace in the ATM.

With this design, when an output dispatcher processing a
trace finds that the trace concludes with an ATM address,
the output dispatcher reads the next trace from the ATM and
deposits it in the input queue of the next accelerator.

Since there are nine accelerator types, we use 4 bits per

accelerator in the trace. We set the maximum size of a trace
to be 8 bytes, which allows up to 16 accelerator invocations per
trace. If a sequence exceeds 8 bytes, AccelFlow would split it
into multiple subtraces. In our evaluation, we do not observe
long traces requiring splitting. A major divergence occurs
when the trace would include rare events, such as exceptions or
errors. We split it to avoid consuming unnecessary bandwidth
when moving traces from one accelerator to another. We
discuss this case later.
Preventing Starvation & Deadlock. When a core invokes
Enqueue, it may need more than one try to find an accelerator
with a free input queue entry. If, after multiple attempts, the
core cannot find it, trace execution falls back to the core. This
eliminates starvation.

Similarly, when an output dispatcher wants to enqueue an
entry in an input queue, it may find that the latter is full. Unlike
the case for Enqueue, where the CPU gets an error and retries,



the output dispatcher cannot keep retrying. Hence, each input
queue is associated with an Overflow pointer that points to an
overflow area in memory. When an output dispatcher finds a
full input queue, it stores the data in the queue’s overflow area.
The overflowed entries are progressively moved into actual
input queue entries as the latter become free. Supporting this
design is simplified by the fact that the output dispatcher uses
virtual addresses. If the overflow area is full, execution falls
back to the core. This avoids deadlock.

B. AccelFlow Execution Model

We now examine AccelFlow’s execution model, including
trace termination and initiation, and the list of traces.

Terminating a Trace Execution. When a trace execution
terminates, AccelFlow can either store the results in memory
and notify the CPU core that initiated it (Section IV-A), or it
can instead start the execution of another trace stored in the
ATM. The latter happens, for example, when the last operation
of the trace involves the TCP accelerator sending a message
that will induce a response. An example is shown in Figure 2b,
which is the trace executed to send a read request to a database
cache. The trace invokes the Ser, Encr, and TCP accelerators.
The asterisk in the TCP box means that the last entry in the
trace includes an ATM address. After TCP sends the request,
the TCP output dispatcher accesses the ATM address, which
contains the trace to execute on a message reception. This
trace is immediately loaded in the input queue of the same
TCP accelerator. Later, when the response is received, it is
routed to the same TCP (since the initial request included the
TCP ID) and triggers the execution of the stored trace.

These input queue entries in a TCP accelerator are not held
indefinitely waiting for a response. After a specified timeout,
the core is notified and terminates the request.

Triggering the Execution of a Trace. A trace execution may
be triggered by a CPU core with an Enqueue (Section IV-A)
or by the arrival of a message. An example of the latter is
shown in Figure 4b, which is executed when the response of
the read to the database cache is received. As indicated above,
the TCP that sent the request already has the new trace ready.

On message arrival, the trace invokes the TCP, Decr, and
Dser accelerators. The data generated by Dser contains a field
that indicates whether the request hit in the database cache
and returned the data. The output dispatcher of Dser checks
the field. If it is set, the data is passed to the LdB accelerator
and then the CPU core that started the request is notified. The
trace always contains the ID of the CPU core that started it.
That CPU core contains a record of what thread issued the
original request and needs to be notified.

If, instead, the field is clear, the request had missed in the
cache and a read message must be sent to the DB. Hence, the
Ser, Encr, and TCP accelerators are invoked. Then, as denoted
by the asterisk in the figure, the ATM address at the tail of the
sequence is used to access the ATM. The trace in that location
is loaded in the input queue of the same TCP accelerator.
Handling Request Initiation and Completion. Two notewor-
thy cases are: a core receiving a new request for a function and

TABLE II: Traces that our services use. DB means database.

Trace | Explanation

Tl Receive function request (with or without Demp).

T2 Send function response without Cmp.

T3 Send function response with Cmp.

T4 Send read request to DB cache.

TS Receive response to a read to the DB cache (with or without
Dcmp).

T6 Receive response to a read to the DB (with or without
Dcmp or Cmp).

T7 Receive response to a write to the DB cache or DB.

T8 Send write request to DB cache or to DB (with or
without Cmp).

T9 Send RPC request (with or without Cmp).

T10 Receive RPC response.

T11 Send HTTP request (with or without Cmp).

T12 Receive HTTP response.

a core sending the final response to the client. To handle the
former case, all TCP accelerators already store a trace like the
one in Figure 4a. The trace follows the execution of TCP with
that of Decr, RPC, Dser, Dcmp (if the data is compressed),
and LdB. LdB saves the results and notifies a CPU core. The
data saved includes the ID of the TCP.

When the core finally sends the response of the function, the
ensemble executes the trace in Figure 2a—after reading it from
the ATM or as initiated by a CPU core. The trace triggers the
execution of Ser, RPC, Encr, and the same TCP that received
the message—since it contains the TCB (transmission control
block) of the request in its internal state. After the message is
sent, the CPU is notified.

Complete List of Traces in our Services. Table II shows the
complete list of traces that we have identified for our services.

T1 and T2 are shown in Figure 4a and 2a, respectively. T3
is like Figure 2a except that a Cmp is invoked before Ser;
there is no branch because the CPU core knows that it needs
to compress the data. T4 is shown in Figure 2b. TS5 is shown
in Figure 7, as Figure 4b was a simplified version of it without
a check for compressed data and a Dcmp.

T6 is shown in Figure 7. If the data was not found in the
DB, the function returns an error; in this case, the error is
reported to the user. Otherwise, the data is first potentially
decompressed and then, both passed to the CPU and written
to the DB cache in parallel. To write to the cache, the data
may need to be compressed again with another algorithm if
the cache uses compressed data (C-Compressed test).

T7 in Figure 7 is executed when the response from the
write to the database cache returns. The same trace is also
executed when the response to a write to the database is
received. The response may include an exception; in this
case, the function error is directly reported to the user by the
accelerator ensemble. T8-T12 are also shown in Figure 7 and
are largely self-explanatory. The response from an RPC (T10)
may include an exception that is handled as in T7. In HTTP
responses (T12), errors are taken care by the CPU.

As indicated in Section IV-A, in the traces with exceptions
or errors (T6, T7, and T10), the infrequently-exercised four-
accelerator subsequences that handle these cases are removed
and placed in a trace of their own.
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C. Soft Service Level Objectives (SLOs)

The requests in the input queue of an accelerator are
processed in FIFO order or in priority order (if the software
has tagged them with priority levels). If the system supports
requests under SLOs, AccelFlow is augmented as follows.
When a core needs to process a function that has an SLO, as
the core generates the DAG of accelerators to invoke, it assigns
a deadline to each of the acceleration steps. The deadlines are
set by software, and are treated as soft deadlines. They may be
a function of the function’s inputs. These deadlines are stored
in the first trace that the core provides with Enqueue and are
passed, as part of the trace, between accelerators. During exe-
cution, these deadlines are relative to the start of the execution:
if an accelerator finishes early, it passes the slack on.

When a request gets queued-up in the input queue of
an accelerator, the input dispatcher reads its deadline and
estimates whether it will meet its deadline. If it will not, the
dispatcher checks earlier requests. If any has a large slack,
the dispatcher can change the processing order so that both

requests meet deadlines. If this is not possible, the dispatcher
may allow the request to proceed and record if it ends up
violating its SLO.

D. Accelerator Virtualization

Past work has proposed coarse-grain accelerator virtual-
ization. Specifically, in AuRORA [47], a CPU requests the
reservation of an accelerator and, when it is granted, uses the
accelerator by itself until it completes. In contrast, AccelFlow
uses a fine-grain approach to virtualization. When a CPU core
issues an Enqueue, it includes the tenant ID (assigned by
the VMM) in the trace. The tenant ID is passed with the
trace across accelerators. Hence, the input/output queues of
an accelerator can have entries from different tenants, and
each entry is tagged with the ID of the tenant that owns the
data. As the PEs of an accelerator process input entries, the
hardware clears the state of a PE and its scratchpad in between
executions of entries from different tenants. This enables
multiple tenants to securely use the accelerator ensemble
concurrently.

To prevent tenants from hoarding accelerators, AccelFlow
sets a limit to the number of traces from any individual tenant
that can be executing concurrently. For each tenant, when a
trace starts, a counter is incremented, and when a trace ends,
the counter is decremented. If a counter for a tenant reaches
a threshold NV, no new trace for the tenant can be initiated.
Since, in most cases, a trace only uses one accelerator at a
time, this approach ensures that a tenant cannot use more than
N accelerators at a time. This design can be combined with
a technique that limits memory bandwidth use by a tenant
in the memory controller, such as Intel’s Memory Bandwidth
Allocation (MBA) [36].

V. DETAILED ACCELFLOW IMPLEMENTATION

This section describes the implementation of the input and

output dispatchers, the interconnection network, and how to
program AccelFlow.
1. Input Dispatcher. The input dispatcher of an accelerator
is a Finite State Machine (FSM). Figure 9 shows an input
queue, an input dispatcher, and three accelerator PEs. The
input dispatcher continuously monitors the Free? flags of the
PEs in the accelerator and the Ready? flags of the entries in
the input queue of the accelerator. If a Ready? and a Free?
flag are set, the dispatcher may move the ready entry from the
queue into the free PE and clear the entry. If the entry’s data is
larger than 2KB, the dispatcher obtains the rest of the data by
following the Memory Pointer field in the entry (Section IV-A).
Table III shows the latency and bandwidth of transferring data
from the input queue to the scratchpad of a PE. The transfer
is pipelined to improve throughput. In addition, since transfers
to different PEs use different ports, multiple queue entries can
be transferred concurrently.

While the base AccelFlow design processes the input entries
in FIFO order, more advanced policies could process the
entries based on their Priority field (if there are priorities) or
Deadline field (if the system uses SLOs) (Section IV-C). In this
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case, the Priority and Deadline fields are set by the software
and are carried by the incoming message. If the input queue
Overflow Pointer is set, as soon as a queue entry is moved into
a PE, the dispatcher follows the Overflow pointer and moves
an entry from there into the input queue.

2. Output Dispatcher. The output dispatcher of an accelerator
is an FSM. Figure 10 shows an output queue, an output
dispatcher, two A-DMA engines, the ATM memory, and the
input queues of other accelerators. The output dispatcher
continuously monitors the Ready? flags of the entries in the
output queue of the accelerator.

When an entry with the Ready? flag set is found, the
dispatcher reads the trace and its Position Mark (PM) into reg-
isters (Figure 10). Then, it executes the flowchart of Figure 8.
As shown in the flowchart, the dispatcher first advances the PM
and checks if the next field is a Branch field (which encodes
what operations to perform on what fields of the payload).
If so, the dispatcher performs these operations on the data in
the output queue entry. The computations involve loads/stores
and simple ALU operations. Based on the result, the dispatcher
advances the PM to the correct place of the trace (Figure 8).
It then saves the PM to the output queue entry.

Next, the dispatcher checks if it has reached the end of the
trace. If so, it checks if the tail of the trace has an address.
If it does, the dispatcher reads the ATM at this address and
loads its contents (i.e., the new trace to execute and PM) into
both the output queue entry and the dispatcher registers.

If, instead, the end of trace was reached but there was no
address, the dispatcher finds an A-DMA engine with a Free?
flag set and programs it to move the payload data from the
Data field in the output queue entry to a memory location
(Figure 8). Once the engine completes, the dispatcher informs
the CPU core and clears the output queue entry.

In the cases when we are not at the end of the trace or a

Fig. 10: Output dispatcher and output queue in AccelFlow.

new trace has been loaded, the dispatcher checks if the trace
contains a Data Transformation field (Figure 8). If so, the
dispatcher brings the payload data into its Data Transform
Engine (DTE in Figure 10), performs the transformation, and
stores the data back to the output queue entry (Figure 8).
Recall from Section III that these transformations are very
simple. They involve changing between string, BSON, JSON,
and similar formats. The engine needed is a simplified form
of a (De)Ser accelerator [44], without the support for nested
messages or custom data types. If other application domains
or accelerators require other transformations, the engine will
need to be revisited (e.g., as in DRX [81]).

Then, the dispatcher moves the contents of the output queue
entry to the input queue of the accelerator identified by the
PM in the trace. To perform this task, the dispatcher finds
a free A-DMA engine and programs it to move the output
queue entry to the input queue of the next accelerator. Once
the engine confirms the transfer end, the dispatcher clears the
output queue entry and terminates the operation. If needed
for the transfer, the system correctly handles the logic of the
Memory Pointer field in the queues and the Overflow Pointer
associated with the destination input queue.

3. Interconnection Network, Memory Hierarchy, and Ad-
dressing. In the same way as the cores in a chiplet are
connected in a mesh, the accelerators in a chiplet are also
connected in a mesh (Figure 6). The different chiplets are
connected with a high-bandwidth network. Like the cores, the
accelerators access the cache-coherent, distributed LLC of the
cores and, if they miss there, they access memory. Accelerator
scratchpads and queues are directly addressed and, thus, not
cacheable.



Cores and accelerators share the virtual address space. Each
accelerator has a TLB that is also accessed by the input/output
dispatchers. On a TLB miss, the IOMMU shared by the co-
located accelerators loads the correct translation into the TLB.
On a page fault or any other exception, the accelerator stops,
the CPU is interrupted, and OS handles the exception.

4. Programming AccelFlow. AccelFlow proposes a new
programming model and API. The software annotates the
code of a service with which sections should be executed
on which accelerator. The software also creates one or more
traces, which are graphs of accelerator invocations. A trace
does not have glue code between the accelerators invoked
in sequence—except for branch conditions and data format
transformations. Branches are encoded as simple operations
on one or multiple fields of an accelerator’s output. Data
transformations encode source and destination data format.

Currently, programmers do these operations, constructing
traces either by using predefined templates (e.g., those in
Table II) or by explicitly building new traces through the
API. The API specifies three aspects: accelerator call graph,
branches, and data format changes. In future work, we will
explore automating trace generation via compiler and runtime
infrastructures. Our simulator takes the instrumented code
and the traces, and models the execution in the simulated
AccelFlow architecture.

A trace operates within a single service. It cannot span
multiple services, to ensure independent scheduling and avoid
cross-service dependencies. Within a service, AccelFlow al-
lows traces to be triggered by network messages such as
an RPC request, or by a core. Traces remain confined to
user-space code. We do not support acceleration of kernel
operations.

AccelFlow API. The AccelFlow API allows programmers to
construct new traces. It has three components:

e seq(*accels): Defines a linear chain of accelerators.

e branch(condition-op, on-true, on-false). Adds a conditional
control flow based on outputs of the previous accelerator.

e trans(src, dst): Transforms the format of the data from one
representation to another.

Trace Construction Example. Suppose we want to create the
trace in Figure 4a. The sequence of accelerators to use is
TCP, Decr, RPC, and Dser, then a branch condition that may
call Dcmp or not, and finally LdB. Further, if Dcmp is to
be invoked, a change in data format from JSON to string is
required before Dcmp is invoked.

TABLE III: Architectural parameters used in evaluation.

Processor Parameters

Processor 36 6-issue cores, 2.4GHz, 352/200 entry ROB/LSQ
L1 D-TLB 128 entries, 4-way, 2 cyc. round trip (RT)

L1 I-TLB 128 entries, 4-way, 2 cycles RT

L2 TLB 2048 entries, 8-way, 12 cycles RT

L1 D-Cache 48KB, 12-way, 5 cyc. RT, 64B line,16 MSHRs

L1 I-Cache 32KB, 8-way, 5 cyc. RT, 64B line, 16 MSHRs

L2 Cache 512KB, 8-way, 13 cycles RT, 32 MSHRs

LLC Slice 2MB, 16-way, 36 cycles RT, 32 MSHRs

AccelFlow Parameters

Accel. Queues 64 entries in input queue and 64 in output queue
A-DMA Engines 10

PEs/Accelerator 8

Scratchpad 64 KB per PE in each accelerator
Queue to Scrtchpd | 10 ns latency and 100 GB/s BW for 1KB msgs
Notification Avg 80 cycles for an accelerator to notify a core

Intra-Chiplet Net
Inter-Chiplet Net

2D mesh, 3 cycles/hop, 16B links
Fully connected, 60 cycles [45], 1Gb/s/link
Main-memory Parameters

Size; Rate 128GB; DDR
Controllers 4 mem. controllers; 4 channels per mem. cntr.
Mem. BW 102.4GB/s per memory controller

Listing 1 shows the code that constructs the trace. It is
mostly self-explanatory. The branch node triggers the Dser’s
output dispatcher to compute the branch condition (i.e., check
if the out[ compressed’] bit is set), and to invoke the correct
subpath. The data transformation node triggers the Dser’s
output dispatcher to transform the data from JSON to string.

To use this trace inside the code of a service, developers
simply invoke the trace with the run_trace function. This is
shown in Listing 2. This code is triggered by an incoming
function request (through conn.recv). run_trace takes the pre-
viously registered trace name (func_req) and the input for
the first accelerator in the chain (inReg). In addition, the
developer provides the cpu_fallback routine that is invoked
if any exception is triggered during the trace execution (e.g.,
an accelerator is overloaded).

while True:

conn, addr = accept_connection ()
try:
inReq = conn.recv ()
processed = run_trace ("func_req", inReq)

except TraceError:

result = cpu_fallback (inReq)
conn.send (response)
conn.close ()

from AFlow import Trace, seq, branch, transform

trace = Trace() # Define trace
pipeline = seq( # Compose trace
"TCP", "Decr", "RPC", "Dser",
branch (condition_op="out [’ compressed’] == 1",
on_true=seq(trans ("JSON", "str"), "Dcmp"),

on_false=None),
"LdBll)
trace.build (pipeline) # Attach pipeline to trace
trace.register (name="func_req") # Register trace

Listing 1: Constructing the trace in Figure 4a.

Listing 2: Code to invoke a trace on reception of a request.

VI. EVALUATION METHODOLOGY

Modeled Architectures. We model a server-class processor
with 36 cores and 128GB of main memory. Cores and caches
are modeled after the Intel Sunny Cove microarchitecture [13],
[14], [83] present in IceLake server processors [32]. The
processor has two chiplets: one with 36 cores and the LdB
accelerator, and the other with our remaining 8 accelerators.
Table III shows the architectural parameters.

We model nine accelerators proposed in the literature:
F4T [7] for TCP, QTLS [28] for (De)Encryption, Cerebros [63]
for RPC, ProtoAcc [44] for (De)Serialization, CDPU [45]




(De)Compression, and Intel DLB [33] for load balancing. Each
accelerator has 8 PEs.

We evaluate five servers. Non-acc has no accelerators. The
other four servers orchestrate the same set of nine accelerators
differently. They are: (1) CPU-Centric (as in Section III,
accelerators are orchestrated by cores); (2) the state-of-the-art
RELIEF [26] design (as representative of accelerators being
orchestrated by a hardware manager); (3) the state-of-the-art
Cohort [82] design (which links pairs of accelerators that
frequently go together, but otherwise relies on the cores to
orchestrate the accelerators); and (4) AccelFlow.

Simulation Infrastructure. We evaluate the architectures with
full-system simulations using QEMU [69] and SST [66].
QEMU captures both user-space and kernel-space instructions,
memory accesses, and system calls. QEMU passes all the
events to the SST Ariel core [77], which we modified for high
accuracy. The resulting system models the architectures and
performs cycle-level simulations. The simulation environment
models the whole software stack: OS (Ubuntu 24.04, Linux
6.8.0-71), container runtime (Docker-compose [16]), and the
application. Main memory is modeled with DRAM-Sim?2 [67].

Our simulation methodology explicitly models the data

movement to/from accelerator scratchpads, accelerator scratch-
pad initialization and wipeout, DMA latency, cache and TLB
misses, page table walks using radix-based page tables, LLC
accesses and snoops, and contention on the on-package net-
work. The network model accounts for both latency and
bandwidth constraints.
How We Model the Accelerators. An accelerator PE operates
in three steps: the input dispatcher loads the inputs into the
scratchpad, the PE performs its computation C, and the PE
saves the results into the output queue. Once the first step is
complete, the PE performs the computation C' in isolation,
without system interaction. Hence, for a given input data size,
the execution is highly deterministic.

Keeping this in mind, since the RTL-level design of the
accelerators is unavailable to us, we estimate the time taken
by C indirectly, as follows. The literature provides, for each
accelerator and input data set, the speedup S that the acceler-
ator delivers in its computation of C' relative to a CPU. Then,
in our simulations, we use these speedups. Specifically, in our
simulations, we model a CPU and measure how many cycles
it takes to execute computation C. Then, we assume that the
accelerator takes C'/.S time to perform the same computation.
While we use speedups .S that depend on the input data size,
on average across all input data sizes, the speedups S in the
literature are: 3.5 for F4T, 6.6 for QTLS, 20.5 for Cerebros,
3.8 for ProtoAcc, 4.1 and 15.2 for CDPU decompression and
compression, and 8.1 for LdB.

In our context, where the accelerator execution time is
highly deterministic, not simulating the hardware inside the
accelerators and, instead, using a specified number of cycles
from the literature (which take into account the input data
sizes) is a sound abstraction. However, to validate our ap-
proach, for some experiments, we also use gem5 models of
accelerators [25] and observe similar results (Section VII-A4).

Applications. We run 8 SocialNetwork services from Death-
StarBench [19]. To model a realistic environment, we take
Alibaba’s production-level open source traces [54] and pick 8
representative services from them that have similar size and
call structure as the 8 SocialNetwork services. Then, we use
the real-world invocation rates of those Alibaba services in
our evaluation. The average load per service is 13.4K requests
per second (RPS). We also run experiments with different
loads. In this case, we use Poisson distributions for the request
inter-arrival time. We use average loads of 5K, 10K, and 15K
RPS. These experiments also include the HotelReservation and
MediaServices from DeathStarBench.

Area Overhead of AccelFlow. We compute the hardware
area via McPAT [51]. We use the 32nm technology available
with the tool, and then scale to 7nm [73]. The total area
of our baseline processor without accelerators is 122.3mm?:
83.1mm? are the cores and their private caches, 38.2mm?2 the
LLC, and 1.0mm? the network. The literature only provides
the areas of the (De)Serialization [44] and (De)Compression
[45] ASIC accelerators. Using their data, the area of the
Ser, Dser, Cmp, and Dcmp accelerators with 8§ PEs and 8
scratchpads each is 0.6mm?2, 0.9mm?2, 9.lmm?2, and 5.2mm?2,
respectively. Based on their similar functionality, we estimate
TCP and (De)Encr to have similar area as Cmp, and RPC and
LdB to have similar area as Dser. These nine accelerators, with
8 PEs and 8 scratchpads each, take 44.9mm?.

Each accelerator has 64-entry input and output queues, and
input/output dispatchers. Each entry in the queues is 2.1KB.
For the input/output dispatchers, we conservatively estimate
that each dispatcher has the same area as Dser. These queues
and dispatchers for all accelerators take 3.4mm?, while the 10
A-DMA engines take 1.3mm? [6] and the accelerator network
takes 0.4mm?2. The rest of the hardware in the accelerator
chiplet takes negligible area.

Overall, of the total processor area, the combination of ac-
celerators, queues, dispatchers, and accelerator network takes
29.0%, while the accelerators take 26.1% of the total area.
Hence, AccelFlow’s area overhead is at most 2.9% of the SoC.

VII. EVALUATION

In this section, we evaluate the performance improvements
with AccelFlow, characterize AccelFlow’s operation, and per-
form sensitivity analyses.

A. Performance Improvements with AccelFlow

1. End-to-End Tail and Average Latency. The bars in
Figure 11 show the P99 tail latency of services in the five
architectures considered. The stars are the average latency.
In all services, AccelFlow has the shortest tail, followed by
RELIEF or Cohort, then CPU-Centric, and then Non-acc.
On average, AccelFlow reduces the tail latency over Non-
acc, CPU-Centric, RELIEF, and Cohort by 90.7%, 81.2%,
68.8% and 70.1%, respectively. These are large reductions.
AccelFlow attains greater reductions for services that most fre-
quently invoke accelerators (e.g., CPost), or that have frequent
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Fig. 12: P99 tail latency of services under different system
loads in the five architectures considered.

branches in the trace (e.g., Login). In these, fast accelerator
communication and branch resolution help.

The longer tail latency of RELIEF over AccelFlow does
not come from long communication latencies between accel-
erators and the RELIEF orchestrator (the latter is in the same
chiplet as the accelerators). RELIEF’s limitation is that the
orchestrator becomes a bottleneck. Let us ignore the execution
time of an accelerator and the communication time between
accelerator and orchestrator. Every time an accelerator finishes,
the time for the orchestrator to get interrupted plus to process
the information is ~1.5us [26]. A Cpost request uses 87
accelerators (some in parallel) as we will see in Section VII-B.
Assume a medium load of 10K RPS. The time the RELIEF
orchestrator is busy for the 10K requests that arrive in 1 second
is 1.3 seconds. This causes the longer latency of RELIEF.

Cohort and RELIEF have similar tail latency. Cohort helps
reduce its tail latency by allowing some form of static chaining
between a few accelerators (Section VI). This chaining can
be exploited without involving the CPU and, by reducing
centralized contention, helps reduce the tail latency in Cohort.

The average latency follows the same trends as the tail, al-
though the impact of AccelFlow is smaller. AccelFlow reduces
the average latency over Non-acc, CPU-Centric, RELIEF, and
Cohort by 77.2%, 53.9%, 40.7%, and 37.9%, respectively.

Figure 12 shows the P99 tail latency of DeathStarBench
applications with various system loads—rather than according
to the real-world traces. We compare the architectures for
3 loads: Low (5K RPS), Medium (10K RPS), and High
(15K RPS). AccelFlow significantly reduces the tail latency
across all loads. However, it is more effective at higher loads
because it relieves contention more effectively. For example,
on average, it reduces the tail latency over RELIEF by 55.1%,
60.9%, and 68.3% for 5K, 10K, and 15K RPS, respectively.

2. End-to-End Tail Latency Breakdown. Figure 13 shows the
contributions of the main techniques in AccelFlow that reduce
tail latency with real-world production traces. We apply these
techniques one by one. We start with RELIEF, where all 8 PEs
of all 9 accelerator types share a single centralized queue.
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Fig. 13: P99 tail latency of services with the successive
addition of AccelFlow techniques.
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Fig. 14: Maximum throughput of the services in the five
architectures plus an Ideal one.

With PerAccTypeQ, we distribute the queue so that there is
a queue for each accelerator type. Direct additionally uses
traces and supports direct data transfer between sequences of
accelerators, eliminating the need for hardware manager inter-
vention. CntrFlow additionally upgrades output dispatchers to
resolve branches in the trace, eliminating hardware manager
fallbacks. Finally, AccelFlow additionally upgrades dispatchers
to perform data format transformations and handle large input
data that does not fit in an input queue entry without involving
the hardware manager.

All these techniques are effective. A separate queue per
accelerator type (PerAccTypeQ) reduces contention and im-
proves load balance. Direct accelerator-to-accelerator commu-
nication is effective, especially for CPost, which has long ac-
celerator sequences. Having dispatchers that resolve branches
in traces is beneficial, especially in services with frequent
dynamic control flow such as Login. Finally, processing large
payloads and performing data transformations is also effective.
Overall, applying these techniques cumulatively reduces the
average tail latency by 6.8%, 32.7%, 55.1%, and 68.7%.

3. Throughput Improvement with AccelFlow. Figure 14
shows the maximum throughput (i.e., the maximum load
without violating the SLO) that the architectures attain. We
define the SLO to be 5x the service execution time on an
unloaded system [15], [58]. The figure also shows an Ideal
system that allows the accelerators to communicate directly
without incurring the overheads of branch resolution or data
transformations. On average, AccelFlow improves throughput
by 8.3x over Non-acc and by 2.2x over RELIEF. Further,
AccelFlow is within 8.0% of the throughput of Ideal.

To further improve the performance, AccelFlow can use
advanced scheduling policies instead of FIFO. We re-evaluate
AccelFlow with a policy that prioritizes those requests that are
closer to their deadline (Section IV-C). It can be shown that,
with such a policy, AccelFlow improves the throughput by an
additional 1.6x.

4. Evaluation with a Gem5 Model of Accelerators. To
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Fig. 15: Maximum throughput of image processing and RNN
applications with RELIEF and AccelFlow.
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Fig. 16: P99 tail latency of serverless functions with Non-acc,
RELIEF, and AccelFlow systems.

further validate and generalize AccelFlow, we re-evaluate
RELIEF and AccelFlow using the gem5-based full-system
simulator released with the RELIEF work. Their infrastructure
includes 7 coarse-grain accelerators modeled in gem5 that
are designed for image processing and RNNs. Hence, we
run the image processing and RNN-based applications of the
RELIEF benchmark suite, with the same configurations as in
RELIEF’s artifact. Figure 15 shows the maximum throughput
of the applications in RELIEF and AccelFlow. We see that
AccelFlow consistently achieves higher maximum throughput.
On average, it improves throughput by 1.8 x over RELIEF.

5. Evaluation with Serverless Functions. Beyond microser-
vice environments, AccelFlow is also applicable to the emerg-
ing Function-as-a-Service (FaaS) or serverless computing
paradigm. Serverless functions share many key characteris-
tics with services: short execution times, bursty invocation
patterns, and substantial datacenter tax overheads (e.g., en-
cryption and serialization). To evaluate AccelFlow in this
context, we use the open-source serverless benchmark suite
FunctionBench [46], which includes workloads such as ML
model serving, and image, video, and document processing.

We run these functions using production traces from Mi-
crosoft Azure [87], with all functions colocated on the same
server. Figure 16 presents the per-function P99 tail latency
across the Non-acc, RELIEF, and AccelFlow systems. Ac-
celFlow substantially reduces the tail latency of serverless
workloads, particularly for short-running functions such as
ImgRot. On average, AccelFlow reduces the P99 tail latency
of serverless functions by 37% compared to RELIEF.

B. Characterizing AccelFlow Operation

1. Components of the Execution Time. Figure 17 breaks
down the execution time of a service in AccelFlow. It shows
the time spent running on the CPU, running on the accel-
erators, executing the orchestration logic (dispatchers), and
communicating between compute engines (i.e., accelerators
and CPUs). The experiment runs on an unloaded system, with
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Fig. 17: Breakdown of a service execution time.

one request at a time, to avoid the effects of contention. We
see that the time spent executing on accelerators dominates the
total execution time, while the time spent on the orchestration
logic is on average only 2.2%. This is in contrast to RELIEF,
which can be shown to spend, on average, about 10% of the
time on orchestration overheads.

2. Glue Instructions. The output dispatcher of an accelerator
follows the flowchart of Figure 8. Typically, it finds no branch,
end of trace, or data transformation. In this case, it executes
about 15 RISC-like instructions. If it finds a branch, it resolves
it and moves the Position Mark (Figure 8). The possible branch
conditions are: Compressed?, Exception?, Hit?, and Found?.
Resolving them involves checking a field in the output queue
entry. On average, processing a branch adds the equivalent of
7 additional RISC instructions.

If an end of trace is found, the dispatcher either reads an
ATM location and moves the trace in it to an accelerator’s
queue, or invokes a DMA to deposit the output data to
memory, informs a CPU core, and clears the output queue
entry. These operations take 12 to 20 RISC instructions.

If a data format transformation field is found, the dispatcher
loads the source data in bulk, invokes the data transformation
engine (Figure 10), and stores the data back to the output
queue entry in bulk. The dispatcher executes 12 RISC in-
structions for 2KB payloads. Overall, in the worst case, an
output dispatcher executes about 50 RISC instructions. In
our services, the average number of instructions per output
dispatcher operation is 18.

3. Characterizing Traces. We analyze the execution of each
service in our benchmark suite and determine which traces of
Table II it uses, in what sequence, and how many accelerators
it invokes. Table IV shows the most common execution
path and the total number of accelerators used per service
invocation. For example, the CPost service executes trace T1,
then goes to the CPU, then executes 4 parallel invocations
of traces T9 and T10, returns to the CPU, then executes 3
parallel invocations of traces T9 and T10, returns to the CPU,
and finally executes trace T2. Overall, services use 2-16 traces,
and 9-87 accelerators per service invocation.

4. Accelerator Utilization. When operating at the system’s
peak throughput without violating SLOs, the accelerator uti-
lizations are: TCP 92%, (De)Encr 82%, RPC 68%, (De)Ser
73%, (De)Cmp 38%, and LdB 71%. We see that only (De)Cmp
has low utilization, as services invoke it less frequently.
To improve utilization, one could reuse the accelerators for
other tasks when they are idle. Currently, this is not possible
because each accelerator is highly optimized for a single task.



TABLE IV: Most-common execution path per service and total
number of accelerators used per service invocation.

Service  Most Common Execution Path #

CPost T1-CPU-4x(T9-T10)-CPU-3x(T9-T10)-CPU-T2 87
ReadH T1-CPU-T4-T5-CPU-T9-T10-CPU-T3 28
StoreP T1-CPU-T8-T7-CPU-T2 18
Follow T1-CPU-3x(T8-T7)-CPU-T2 30
Login T1-CPU-T4-T5-T6-T7-CPU-T2 29
CUrls T1-CPU-T8-T7-CPU-T3 19
Uniqld T1-CPU-T2 9

RegUsr  T1-CPU-T8-T7-CPU-T9-T10-CPU-T2 25

Exploring programmable and more flexible accelerator designs
is a direction for future work.

5. Power, Energy, and Memory. Using McPAT [51] as
in Section VI, we compute the maximum power and the
per-access energy of the AccelFlow structures in Table III:
input/output queues, dispatchers, DMA transfers, on-package
network, ATM, and other structures. For the accelerators
themselves, we use the power and energy data from the
literature. Input and output dispatchers are modeled as Dser
engines. Based on our computations, the overall maximum
power of the accelerators and of the AccelFlow orchestration
structures is 12.5W and 5.0W, respectively. This is 3.1% and
1.2% of the maximum power of the server.

When running the DeathStarBench services with Alibaba’s
production invocation rates for 400K requests, we find that a
server with AccelFlow reduces the energy consumption over
one without accelerators (Non-acc) by 74%. In addition, a
server with AccelFlow improves the performance per Watt by
7.2x over Non-acc and by 2.1x over RELIEF.

Compared to the other server designs with accelerators,
AccelFlow adds 2.4MB of extra memory per server due to
the input/output queues in the accelerators.

6. Frequency of High-Overhead Events. We measure how
frequently AccelFlow encounters high-overhead events. These
events are CPU fallbacks and TLB misses. The former can
be due to a full overflow area, exceptions (including page
faults), and TCP timeouts. The overflow area becoming full
is infrequent, accounting for just 1.4% of all accelerator
invocations on average, and up to 5.9% at peak load. Page
faults are rare: 0.13 per million instructions. TCP accelerator
input queue timeouts appear at a rate of 3.2 per million
requests, primarily under bursty traffic conditions. Data and
instruction L1 TLB misses occur at rates of 3.4 MPKI and
0.6 MPKI, respectively.

C. Sensitivity Analyses

We measure how different design choices for AccelFlow
impact the end-to-end performance of services.

1. Processor Organization into Chiplets. Our processor has
a core chiplet and an accelerator chiplet. One could design
the processor with a single chiplet to reduce communication
overheads, or with more chiplets to add flexibility. Figure 18
shows the P99 tail latency of services for different num-
bers of chiplets: I-chiplet; 2-chiplets (the base design); 3-
chiplets (TCP and (De)Encr in one chiplet; RPC, (De)Ser, and
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Fig. 18: P99 tail latency with different organizations of Ac-
celFlow into chiplets.
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Fig. 19: P99 tail latency of services with different number of
PEs per accelerator in AccelFlow.

(De)Cmp in another); 4-chiplets (TCP and (De)Encr in one
chiplet; RPC and (De)Ser in another; (De)Cmp in another);
and 6-chiplets (TCP, (De)Encr, RPC, (De)Ser, and (De)Cmp
in separate chiplets). As we separate the accelerators into
more chiplets, the inter-accelerator communication is more
expensive. As a result, the tail latency of requests increases.
The impact is significant: going from 2 to 6 chiplets increases
the tail latency by 14% on average.

2. Inter-chiplet Latency. Our default inter-chiplet latency is
60 cycles [45]. We also evaluate the tail latency of services
for AccelFlow with different numbers of chiplets as we vary
the inter-chiplet communication latency from 20 to 100 cycles.
Inter-chiplet latency becomes more important as we increase
the number of chiplets. It can be shown that, as we go from
60 to 100 cycles in 6-chiplet systems, the average tail latency
increases by 45%.

3. PE Count. Figure 19 shows the P99 tail latency of services
with different numbers of PEs per accelerator in AccelFlow.
We said that, with 8 PEs per accelerator, on average, only 1.4%
of all requests fall back to the CPU due to a full overflow area.
When accelerators are provisioned with fewer PEs, fallback
becomes increasingly common—particularly for accelerators
with longer execution times, e.g., Encr and Cmp, and those
that are invoked most frequently, e.g., TCP. With only 4 or 2
PEs, 16% and 39% of Encr requests, respectively, are denied
accelerator access and instead fall back to CPU execution.
The fallback due to few PEs per accelerator degrades overall
performance. As shown in Figure 19 the tail latency of services
increases with fewer PEs per accelerator. Consider 4 and 2 PEs
per accelerator. Compared to 8 PEs per accelerator, the tail
latency increases by an average of 20.0% and 35.7%, respec-
tively. Further, it can be shown that the system misses 8.2% of
microservice request deadlines with 4 PEs and 21.7% with 2
PEs. These violations stem from both the increased latency of
CPU execution and the system-wide contention introduced by
fallback activity. Furthermore, the average throughput relative
to that of 8 PEs drops by 11% and 25% with 4 and 2 PEs.
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Fig. 20: P99 tail latency of services in Non-acc, RELIEF, and
AccelFlow with different processor architectures.

4. Processor Generations. Newer processor generations can
potentially enhance service performance thanks to improved
single-thread capabilities—such as wider issue widths and
larger caches, ROBs, LSQs, and TLBs. To evaluate this, we
model several Intel processor generations, namely Haswell,
Skylake, Ice Lake, Sapphire Rapids, and Emerald Rapids.
Figure 20 shows the P99 tail latency for the Non-acc, RELIEF,
and AccelFlow systems across these architectures (using the
same experimental setup as in Figure 11).

While newer processors indeed improve the performance of
the main service logic, they offer less benefit to datacenter
tax operations. As a result, the relative cost of datacenter
tax and accelerator orchestration becomes even more pro-
nounced. Consequently, the relative performance advantage of
AccelFlow grows with newer CPU architectures. For instance,
while AccelFlow reduces the P99 tail latency over RELIEF by
68.8% on an Ice Lake—like CPU, it achieves a 71.7% reduction
on an Emerald Rapids-like CPU.

5. Accelerator Speedups. We evaluate how the speedups
attained by accelerators affect overall system performance.
Starting with each accelerator delivering the speedup reported
in the literature, we then multiply their attained speedup
by 0.25x, 0.5x, 2x, and 4x. We then compare AccelFlow
against RELIEF across these configurations. We see that, as
accelerators deliver higher speedups, orchestration becomes
more important, and AccelFlow becomes more attractive.
At baseline speedups, AccelFlow outperforms RELIEF by
2.2x (Figure 14). With 4x and 0.25x the original speedups,
AccelFlow gains are 3.9x and 1.4 x, respectively.

VIII. RELATED WORK

Datacenter Tax Profiling. Hyperscalers studied how cycles
are spent in modern data centers [9], [20], [41], [42], [64],
[68], [70], [71]. They observed that datacenter tax consumes
a large fraction of cycles. Their profiling results motivated the
need for hardware accelerators, potentially chained together
into a sea of accelerators [20]. Their profiling measurements
were done at a relatively high level, aggregating the results
across many systems. There is not enough information to get
insights into how to orchestrate multiple-accelerator execution.
They focus on data analysis and not on system design.

Accelerators for Microservices. Many works explored the de-
sign of accelerators for individual sources of datacenter tax [1],
[71, 28], [301, [331, [341, [38], [39], [43]-[45], [501, [63], [84].
These schemes efficiently reduce individual overheads, such
as TCP [7] or RPC [30], [50], [63] processing. In contrast,

AccelFlow is a scheme to efficiently orchestrate multiple
accelerators. Researchers also proposed accelerators for appli-
cation logic [52], [53], [85], such as key-value stores [52] or
databases [85]. Any accelerator with the standard interface can
be seamlessly integrated into AccelFlow. Finally, researchers
proposed specialized CPU architectures for microservices [56],
[57], [74], [89]. AccelFlow can be implemented on top of
different processor architectures.

Accelerator Orchestration. Researchers proposed scheduling
schemes for processors equipped with various accelerators [2],
[5], [11], [12], [26], [27], [47], [60], [76], [82]. Many rely on a
CPU core [27] or centralized hardware manager [12], [26] to
orchestrate the accelerators. Cohort [82] uses a CPU-based
acceleration framework based on shared-memory software
queues to link a few accelerators. VIP [60] chains several
accelerators so they appear to the software as a single pipelined
device. VIP is applied to coarse-grained video-processing
apps that always use the same accelerator chain; it cannot
support the dynamic behavior of microservices. AURORA [47]
proposes a coarse-grained scheme to virtualize accelerators for
multi-tenant DNN workloads. AuRORA is decentralized, but
it does not orchestrate accelerator chains.

IX. CONCLUSION AND FUTURE WORK

An ensemble of on-package accelerators, each targeting a
different source of datacenter tax, has the potential to signifi-
cantly improve the performance of microservice environments.
However, realizing these benefits requires an accelerator or-
chestration framework that can keep up with the fine-grained,
highly dynamic nature of microservices. Our characterization
shows that such a framework must be both flexible and nimble.

To address this challenge, this paper presented AccelFlow,
the first accelerator orchestration framework designed for
microservices. In AccelFlow, the software constructs traces
that encode sequences of accelerators and, optionally, branch
conditions. Once a trace is enqueued, the accelerators in the
trace execute in sequence without further CPU involvement,
resolving branches on the fly and forwarding data directly
among themselves. Compared to state-of-the-art orchestration
schemes, AccelFlow on average reduces P99 tail latency by
70%, reduces average latency by 38%, and increases through-
put by 120%.

AccelFlow’s trace abstraction and decentralized orchestra-
tion open up new research directions in automated trace
synthesis and optimization, QoS- and SLO-aware accelerator
scheduling, and adaptive control-flow decisions based on real-
time system load and microservice behavior. More broadly,
it provides a concrete substrate for co-designing microser-
vice runtimes, compilers, and future accelerators around pro-
grammable, fine-grained accelerator ensembles.
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