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Abstract

Offloading stateful network functions to multi-threaded SoC
SmartNICs promises significant performance and cost bene-
fits. However, realizing this potential is hindered by two fun-
damental challenges. First, without performance guidance,
developers are forced into a slow, manual trial-and-error
cycle of deploying and testing to find a feasible resource
allocation. Second, sustaining performance under changing
traffic requires adapting state residency and handling over-
load within memory layouts fixed at compile time. This paper
introduces Vela, a framework that addresses both challenges
through a model-driven, compile-time/runtime co-design.
Its core is a predictive compiler that replaces the manual
tuning loop with fast, automated analysis, using a novel,
state-centric analytical model to estimate the throughput
ceiling of any given resource allocation plan. This is com-
plemented by a lightweight runtime that dynamically man-
ages cache contents within the compiled memory layout
and mitigates overload. We implement and evaluate Vela on
Netronome Agilio and NVIDIA BlueField 3 SmartNICs across
four NFs. Vela reduces host CPU or on-board Arm core us-
age by 62.9%-91.9% relative to the best baseline achieving
the same throughput. For the NATLB workload, Vela also
improves throughput by 15.2%-120.8% over the best baseline
at the same host/Arm core count.
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1 Introduction

High data center network demands strain traditional CPUs,
driving the adoption of SoC SmartNICs (e.g., NVIDIA Blue-
Field [10], Intel IPUs [5], AMD Pensando [4], Netronome [7])
for acceleration. Offloading network functions (NFs) to
SmartNICs is proven effective [21, 22, 27, 39] and widely
deployed by cloud providers [4, 5, 9] to boost performance
and reduce total cost of ownership.

Many SoC SmartNICs feature a multi-threaded architec-
ture to balance performance and cost [21, 39, 45, 46]. This
design matches for the fast path of a NF, which is often al-
ready designed for parallel, run-to-completion processing on
the host. In contrast, complex slow path logic, such as first-
packet handling, is ill-suited for the restrictive programming
model of these simple parallel threads [40, 42, 49]. While this
fast-path alignment is a good high-level fit, implementing
the offload is still challenging. Developers must learn new
programming models, hardware interfaces, and performance
tuning rules for each specific NIC [18, 23].

Significant efforts have been dedicated to simplifying the
offloading of fast-path NF logic through compiler design [15,
19, 30, 41, 43, 48, 54, 55]. By providing high-level program-
ming abstractions, compilers handle the heavy lifting of gen-
erating and optimizing NIC code, freeing developers from
low-level programming and repetitive experience-based per-
formance debugging. However, current compilers lack a crit-
ical capability: they cannot predict the performance of an
offload plan before it is deployed. In real-world scenarios, an
operator not only needs to offload a specific set of NFs, but
also needs to understand the performance consequences of
this decision: given a set of NFs and an expected traffic work-
load, what is the predicted throughput ceiling on the target
SmartNIC? Without this prediction, operators risk deploying
a configuration that overloads the NIC, leading to packet
drops. Current compilers will dutifully generate code for all
given NFs, but cannot warn the operator that the plan might
fail under a specific workload.

A predictive compiler framework changes this workflow.
It can propose an optimized allocation plan for the expected
traffic workload with an associated predicted throughput
ceiling. This enables "what-if" capacity planning: operators
can explore trade-offs, determine if a plan is sufficient for
peak traffic, or use the model’s feedback to iteratively refine
the set of offloaded NFs. Crucially, the prediction also acts as
a diagnostic, identifying plans that have hit a fundamental
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hardware limit where provisioning more resources is the
only viable path—all without on-device testing.

Calculating this predicted throughput ceiling requires
modeling the rate at which a workload’s demand is met by
the SmartNIC’s resources. NF state is information retained
across packets, such as connection mappings and load coun-
ters. We use individual state objects [11, 51] as the funda-
mental analytical unit, which connects software to hardware:
NF logic defines the composition of each state, workload pat-
terns dictate the computational demand on each state, and
the hardware architecture determines the resources avail-
able to service that demand. This state-centric view enables
a compositional model, allowing us to predict the through-
put of any NF combination under any workload by analyzing
its constituent states. The final throughput is thus dictated by
the primary bottleneck that emerges from a given mapping
of states to hardware resources.

Our work seeks to unlock the full performance poten-
tial of multi-threaded SoC SmartNICs through principled,
model-driven resource allocation. Specifically, there are two
paramount dimensions for the state-mapping problem: mem-
ory placement across the memory hierarchy, and allocation
of the SmartNIC’s hardware threads to state processing.

For memory placement, the core challenge is to optimally
utilize the scarce, high-performance on-chip SRAM. While
placing frequently accessed states in SRAM is ideal, Smart-
NICs’ memory layouts are fixed at compile time and cannot
be reallocated at runtime [2]. This forces a compiler to cre-
ate a static memory partition optimized for a representative
traffic profile, which presents three key problems. First, the
compiler needs to resolve the NF’s logic into its fundamental
states and dependencies through deep analysis, and then cor-
relate them with the traffic profile to quantify the resource
demand of each state. Second, it needs to solve the static
allocation problem: performing a fine-grained assignment
of states to the SRAM to maximize the throughput ceiling
for the given profile. Finally, runtime support is needed to
manage cache contents within the fixed layout and mitigate
overload when live traffic deviates from the original profile.

For computation allocation, performance does not scale
linearly with the number of threads. The primary bottleneck
arises from atomic state blocks whose multi-instruction op-
erations require software locks to ensure consistency. On
multi-threaded architectures, even small critical sections can
cause widespread thread stalls when many threads compete
for the same lock, especially on hardware that lacks strong
flow-to-thread affinity. Crucially, this lock contention intro-
duces a hard throughput ceiling for the protected states. A
compiler must therefore be able to predict this ceiling. If a
state’s expected access rate exceeds this limit, the NF is not
offloadable; otherwise, the compiler should minimize wasted
cycles from contention.

In this paper, we propose Vela, an optimization framework
that integrates model-based performance prediction into the
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compiler workflow for stateful NF offloading. Vela operates
in two phases. At compile time (§4), its Analyzer first de-
rives access patterns from the traffic profile for the identified
NF atomic state blocks. Then, an iterative, heuristic-driven
search begins: the Synthesizer proposes resource allocation
plans by mapping the finest-grained unit of state (i.e., state el-
ement groups) to the NIC’s memory hierarchy. When a large
state object is partitioned across memory tiers, this implicitly
creates a software cache in faster memory. Each proposed
plan is evaluated by our analytical Performance Model (§5),
which predicts its end-to-end throughput. The model identi-
fies the primary bottleneck from memory access and, for any
states requiring locks, calculates the optimal number of par-
allel threads and the resulting throughput ceiling. This loop
terminates after exploring the most promising allocation
strategies, yielding three key outputs: the optimal, hardware-
aware allocation plan, its predicted throughput ceiling, and
any bottleneck warnings for the operator. At runtime (§6),
Vela dynamically manages the compiler-defined software
cache and monitors thread idle time to detect overload, redi-
recting excess traffic to host/Arm cores when needed.
This paper makes the following contributions:

o We design and build a model that estimates the throughput
ceiling of stateful NFs to quantify the performance impact
of both shared memory system bottlenecks and software
lock contention among concurrent threads.

e We design and implement Vela, a system that integrates
our model into a practical compiler workflow. Vela’s
compile-time synthesizer uses the model’s predictions
to automatically generate performance-aware resource
allocation plans. This is complemented by lightweight
runtime caching and overload mitigation.

o We demonstrate Vela’s effectiveness on Netronome Agilio
CX and NVIDIA BlueField 3. Across four NFs, Vela reduces
host CPU or on-board Arm core usage by 62.9%-91.9% rel-
ative to the best baseline achieving the same throughput.
For the NATLB workload, Vela also improves through-
put by 15.2%-120.8% over the best baseline at the same
host/Arm core count. Vela is open source at [8].

2 Motivation

Offloading network functions to SmartNICs offers signifi-
cant performance benefits [21, 26, 27]. The primary goal is to
minimize host CPU usage while meeting throughput
demands. However, determining the optimal resource allo-
cation is complex, requiring careful consideration of applica-
tion structure, traffic patterns, and hardware capabilities.

Motivating Example. Consider NATLB, a Layer-4 load
balancer that uses network address translation to direct con-
nections to backend servers (Figure 1). The NATLB state
includes a ConnTable (mapping source IPs to chosen backend
IPs), a DipCntr (tracking load per backend), and a MinLoad
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Figure 1. State placement across a memory hierarchy and
thread contention for shared resources in offloading a NF.

(tracking the least-loaded backend). For new connections
(a ConnTable miss), the control plane queries MinLoad and
installs a rule in ConnTable. Then, the first and subsequent
packets can hit ConnTable, look up the backend DIP, and
update DipCntr and MinLoad, respectively. Allocating re-
sources to maximize throughput of executing NATLB on
threaded SmartNICs is non-trivial.

2.1 Challenges in Offloading Stateful NFs

A network application mixes stateless operations (e.g.,
header checks) and stateful ones. Stateless operations are
often efficiently handled by NIC hardware if supported;
our profiling [53] confirms they rarely form bottlenecks
compared to stateful operations.

The performance of stateful operations varies dramatically.
While lookups in hardware-backed match-action tables are
predictably fast due to specialized acceleration [53], action-
phase accesses to general-purpose, software-defined state
(e.g., the DipCntr array), including software-implemented
lookups, map to complex shared memory accesses. As shown
in Figure 2, the performance of these accesses hinges on mul-
tiple factors: the operation type (read vs. write, atomics), the
target memory tier (fast on-chip SRAM vs. slower off-chip
DRAM), and the specific hardware engines involved. These
factors create a complex, platform-specific performance land-
scape. For example, Agilio employs distinct Atomic vs. Bulk
engines for its different memory tiers, while BlueField 3 uses
a cached memory subsystem that requires a special Mem-
ory Aperture path to reach off-chip DRAM. The interplay of
these variables can lead to 5-10x performance variations for
seemingly similar operations (§5).

State Placement Optimality. This performance complexity
creates a difficult optimization problem: how to allocate the
scarce on-chip SRAM to maximize throughput. While the
intuitive approach is to place "hot" (frequently-accessed)
state in SRAM, this simple heuristic is often insufficient.
Different states present complex, competing trade-offs. For
example, should the compiler dedicate precious SRAM to a
small, performance-critical array like DipCntr in its entirety,
or to a software cache holding just the "hot" entries of a much
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Figure 2. Bottlenecks on multi-threaded SoC SmartNICs.

larger ConnTable? Making the right choice is non-obvious
and workload-dependent. Answering this requires a model
that can quantitatively predict the end-to-end throughput of
any given allocation plan.

State Execution Atomicity. Synchronization is a core chal-
lenge in multi-threaded execution. The MinLoad update,
for example, reads the load, compares it, and condition-
ally updates the shared state. On a switching ASIC, such
a read-modify-write sequence can execute atomically within
a stateful pipeline stage when supported by its hardware
primitives [38]. On SoC SmartNICs, however, each thread
executes this sequence as multiple instructions; without a
software lock, instructions from different threads can inter-
leave and race on the shared state. On parallel hardware,
such locks can become severe contention bottlenecks when
multiple flows concurrently access the same state.

The NIC’s dispatching mechanism also shapes this prob-
lem. On BlueField 3, RX steering provides flow-to-thread
affinity, but contention can still arise when distinct flows
mapped to the same locked state are steered to different
threads. By comparison, Agilio’s dispatcher does not pre-
serve this affinity: packets are hashed to a cluster of threads,
and any idle thread may process them. This makes locks
essential even for packets from the same flow.

Lock contention severely impacts run-to-completion per-
formance. When a thread is waiting for a lock, it is completely
stalled and cannot process any other packets—even those
for unrelated flows that do not access the contested state.
Consequently, bursts of accesses to even a single shared
state instance can cause widespread thread stalls and limit
overall throughput, even when most state accesses are lock-
free. Therefore, effective offloading requires a model that
can quantify the performance impact of lock contention.
This prediction is essential for determining a locked state’s
throughput ceiling, guiding decisions on whether to offload
the state and how to partition threads to mitigate contention.

2.2 Limitation of Existing Frameworks

Performance Modeling Approaches. While several per-
formance modeling paradigms exist, each presents chal-
lenges when applied to the trade-offs of state placement
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Figure 3. Vela’s architecture and workflow overview.

and resource usage on multi-threaded SmartNICs. These
approaches can be grouped into three categories.

Latency-based Analytical Models, including works like [30,
43, 54], estimate performance by composing the latencies of
primitive hardware operations. While computationally effi-
cient for comparing the relative cost of different plans, their
core assumption—that lower average latency directly yields
higher throughput—is misleading on our target hardware. On
multi-threaded SmartNICs, the latency of individual memory
accesses is often hidden by thread parallelism, breaking the
simple correlation between the two metrics.

Simulation-based models like PARTC [19] provide high-
fidelity throughput estimates but are ill-suited for design
space exploration. Their primary drawback is a workflow
mismatch: they require compiled microcode as input, making
them prohibitively slow for guiding the iterative, IR-level de-
cisions needed for optimization. Furthermore, their reliance
on proprietary hardware details makes them viable only with
direct vendor support.

Profiling-based models predict performance from charac-
terization data. Black-box approaches like SLOMO [35], for
instance, can predict contention on shared hardware but can-
not map a symptom (e.g., high memory usage) to a specific
software cause (e.g., a contended state). In contrast, white-
box models like LogNIC [18] use a software execution graph
to identify the bottlenecked component. Vela shares this
white-box philosophy but adopts a complementary, program-
centric perspective. Whereas LogNIC’s packet-flow model
analyzes system-level bottlenecks arising from a program’s
traversal of hardware components, Vela’s model captures
critical intra-component bottlenecks, such as software lock
contention, that are dictated by the application’s internal
state and logic.

Lock Contention Awareness. Existing models often over-
look software lock contention. While capturing hardware
contention, they are oblivious to the software-level serializa-
tion that can stall numerous threads and trigger performance
collapse, leading to unreliable predictions. This is crucial, as
many stateful NFs, from measurement algorithms [37, 56]
to transport protocols [28, 39, 45], rely on multi-instruction
atomic operations that require such locks. Vela addresses
this gap by explicitly modeling lock overhead, enabling the
compiler to automatically mitigate these bottlenecks (e.g.,

by partitioning threads) and freeing programmers from com-
plex, error-prone manual redesign.

3 Overview

To address these challenges, we introduce Vela, an optimiza-
tion framework that automates resource allocation for state-
ful NFs on SoC SmartNICs. Integrating into compiler work-
flows for high-level languages (e.g., P4 [12], Alkali [30]),
Vela’s compile-time loop and runtime system (Figure 3) ana-
lyze NF code against a representative traffic trace to provide
predictive performance insights before deployment.
Analysis (§4.1): An open-source compiler frontend parses
the NF code into an Intermediate Representation (IR). Vela’s
Analyzer then consumes this IR to derive a quantitative
model of state access, linking the NF’s atomic state blocks
to the specific request patterns found in the traffic trace.
Synthesis (§4.2) and Prediction (§5) Loop: At the core of
compile-time is an iterative loop driven by the Synthesizer.
It uses a Global Ordering heuristic to greedily explore candi-
date memory placements for atomic state blocks, including
whether to partition a large state object across memory tiers
via a software cache. This plan is then evaluated by the
Predictor against the provided traffic profile. The Predictor
estimates the throughput ceiling by identifying the primary
hardware bottleneck that would arise from the specified mix
of memory operations. It also predicts the throughput limit
for any locked states and the optimal number of threads to
service them. This process concludes by selecting the optimal
plan for the next stage, surfacing its predicted throughput
ceiling and any bottleneck warnings (e.g., for states suscep-
tible to lock contention) to the operator as feedback.

Code Generation: The open-source compiler backend then
uses the chosen plan to generate optimized NIC code, em-
bedding the specified memory allocation and thread manage-
ment constraints, which is finally compiled into firmware
by the closed-source vendor toolchain.

Runtime Support (§6): At runtime, Vela manages the live
application. For tiered state, it activates pre-allocated soft-
ware caches, dynamically managing hot entries in SRAM.
The deployed NF pipeline is instrumented with a lightweight
workload indicator. When the host-side Monitor detects an
overload using this indicator, the Orchestrator first mitigates
it as a short-term burst by scheduling excess traffic to other
resources (e.g., host). For sustained overloads, it triggers a
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Table 1. Key notations for the compile-time framework.

Symbol Description

S Set of state blocks in NFs.

seS A specific state block.

Ts Set of flow group identifiers (indices) for state block s.

fe9s A specific flow group identifier.

(s, f) A state element group (all state accessed by index f in s).

I Instructions executed when accessing state block s.

R Relative execution rate of state block s from traffic trace.

Rs ¢ Relative access rate of state element group (s, f) from
trace.

A An allocation plan, mapping each (s, ) to a memory tier.

full recompilation with an updated traffic profile to adapt
the allocation plan.

4 Vela Compile-Time Framework

Vela’s compile-time framework analyzes a given set of candi-
date NFs to synthesize an optimized resource allocation plan
for a target SmartNIC. The goal is to find a plan that maxi-
mizes the total computation handled by the NIC. We follow
the NATLB example from Figure 1: the Analyzer identifies
atomic state and its access profile (§4.1), and the Synthesizer
uses these inputs to search memory layouts and generate
an executable plan (§4.2). The example targets Agilio, with
IMEM and EMEM as the SRAM and DRAM tiers, respectively.

4.1 State Analysis with IR Augmentation

The Analyzer takes NF code and a sample traffic trace as
input. An open-source compiler frontend, such as p4c or
an LLVM-based frontend, lowers the NF code into an inter-
mediate representation (IR) from which standard control-
flow graphs (CFG) and data-dependence graphs can be con-
structed. The Analyzer extracts state access patterns and
dependencies from these IR structures [19, 43, 47] and aug-
ments the IR with detailed state-usage metadata (Table 1),
which serves as the formal input to the Synthesizer.

First, the Analyzer identifies all stateful memory objects
and builds a dependency graph among them using reach-
ing definitions analysis on the IR and control dependencies
derived from the CFG. Objects involved in cyclic read-after-
write dependencies are grouped into the same atomic state
block (s € S). Within a block, the set of state variables ac-
cessed together by a single flow group identifier constitutes
a state element group. For NATLB, the Analyzer extracts
three blocks: ConnTable, DipCntr, and {MinLoad, MinDip}.
The last block groups the dependent load and destination-IP
updates into one atomic operation. For a particular server-
group index f = vip_id, the pair {MinLoad[f], MinDip[f]} is
one state element group (s, f); different server-group indices
identify different instances of the same block. The Analyzer
conservatively groups state objects so that operations requir-
ing joint atomicity remain in the same block. This preserves
state consistency under concurrent execution, although un-
necessary grouping may widen critical sections and reduce
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performance. For each block, the Analyzer identifies whether
its atomicity can be guaranteed by single hardware atomic
instructions or if it requires a software spinlock. It also ex-
tracts the set of memory-access instructions (J;) executed
when the block is accessed.

Next, it uses the sample traffic trace to derive execution
pattern metadata. A functional simulation (e.g., using BMv2
for P4) is used to log the code path traversed by each packet,
based on which the Analyzer calculates two key metrics: (1)
The relative execution rate for each state block s (R;), which
is used by the Predictor to weigh the impact of different
instruction mixes when calculating overall throughput. In
the running NATLB example, the access profile visits each
block once per packet (Rs = 1). (2) The relative access rate
for each state element group (R; r), which reveals "hot" ele-
ments for placement optimization. In the same example, the
hottest quarter of ConnTable entries accounts for 80% of its
accesses. Collecting these access rates requires the simulator
to preserve the NF’s control-flow and state-indexing seman-
tics, but not the timing or microarchitectural behavior of the
target NIC. The Predictor separately obtains hardware per-
formance characteristics from primitive performance curves
microbenchmarked on the target NIC (§5.2).

While a detailed trace allows automatic pattern derivation,
Vela can also operate with high-level user estimates based
on domain knowledge. For instance, an operator can specify
the relative execution proportions of different state blocks
(Rs) based on expected traffic splits, and use a common statis-
tical model (e.g., Zipf) to synthesize the access distribution
(Rs,f) for state objects that follow known patterns (e.g., key-
value stores [16]). This enables Vela to generate reasonable
allocation plans even without available traffic data.

4.2 Synthesis Algorithm

Given a set of candidate NFs, the Synthesizer’s goal is to
find an allocation plan A that maximizes the total offloaded
computation. We estimate the offloaded computation work-
load as the product of the plan’s predicted throughput P4
and the average computational work per packet. The average
work is measured by the memory-access instruction count
weighted by execution rate. This defines our objective func-
tion, which we seek to maximize: Pg - Y cc 5 (Rs - | Zs]). Here,
P4 denotes the plan’s predicted throughput ceiling in the
absence of lock contention (§5.2). For each candidate layout,
the Predictor also derives the thread count and per-instance
throughput ceiling for locked state (§5.3). Thread sizing is
thus nested within the memory-layout search.

Allocation Granularity. The finest unit of allocation is the
state element group (s, f). This entire group is always co-
located to avoid complex cross-memory-tier accesses within
an atomic operation block. For example, different NATLB
server groups may occupy different tiers, but each {Min-
Load[f1], MinDip[f1} pair stays together.
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Hardware Table Acceleration. Before general memory
allocation, the Synthesizer first attempts to place explicit
match-action table objects onto dedicated hardware acceler-
ators. If successful, their performance is governed by a sepa-
rate, predictable hardware model [54] and they are removed
from the main allocation problem. However, this accelera-
tion may not be feasible for more complex software-defined
state, or when the accelerator’s limited capacity is exhausted.
For example, a hash table with a custom collision resolu-
tion scheme (like cuckoo hashing) requires flexible logic
that cannot be mapped to rigid match-action hardware. The
Synthesizer treats these implicit tables as general-purpose
register arrays and manages their placement using its main
allocation algorithm. The running example considers this
general-memory path for ConnTable, so its placement re-
mains part of the search.

Software Cache Overhead. When partitioning a large state
object, a software cache is implicitly created by allocating
a region in SRAM to hold "hot" elements that are promoted
at runtime from their primary storage locations in DRAM.
The Synthesizer must account for two sources of overhead.
First, it budgets for the SRAM memory cost of the required
index remap table. Second, the Predictor accounts for the
lookup overhead, weighing the cost of an extra SRAM in-
direction for every access against the significant latency
savings of avoiding a full DRAM access for hot elements.
Under uniform or weakly skewed access, the extra lookup
may outweigh the savings from SRAM hits. Small objects
that fit entirely in SRAM need no software cache. For larger
objects, a partitioned plan is only considered if both the
total SRAM memory consumption (hot entries + remap ta-
ble) is viable and the predicted performance surpasses that
of a DRAM-only allocation. Our example’s ConnTable has
131,072 entries of 32 bytes each. Caching its hottest quarter
requires 1 MiB for the 32,768 cached entries, plus 512 KiB for
a four-byte index per table entry. This placement serves 80%
of data accesses from SRAM under the sampled profile, with
an additional index lookup for every access.

Optimized Allocation via Ordering. Finding the optimal
placement of all state element groups is an exponential prob-
lem with a search space of roughly O(2Zs %), where ¥ |75
is the total number of state element groups. To make this
tractable, Vela employs a Global Ordering heuristic (Algo-
rithm 1). Instead of a brute-force search, the algorithm per-
forms a single constructive pass. First, it establishes a base-
line plan by mapping all state element groups to DRAM
(Line 3). It then sorts all groups in descending order of their
memory-access density with key k = (R r - | Ls|) /size(s, f),
prioritizing groups with more profile-weighted memory ac-
cesses per byte of stored state (Line 2). This directs limited
SRAM capacity toward frequently accessed state, while the
Predictor evaluates the resulting throughput. The algorithm
then greedily iterates through this sorted list, attempting to
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Algorithm 1: State Allocation Algorithm.
Input: Set of all candidate NFs, N,;;, and their associated IR.
Output: Best allocation plan, Apes;-
Hunirs < all state element groups (s, f) from NFs in Nyyy;
Sort Hynirs descending by key k = (R ¢ - | Is|) /size(s, f);
Initialize Acandidare With all (s, f) € Hynirs mapped to DRAM;
Apest — {ﬂcandidate: PrEdiCtor(ﬂcandidate)};
foreach (s, f, Rs f, Is) in Hynirs do
ﬂtry — Acandidate With ﬂtry(ss f) Rs,fa Is) = SRAM;
if not ResourceFail(A;yy) then
P = Predictor(Ary);
Acandidate < {ﬂtry: P};
if Objective( Acandidate) > Objective( Apes:) then
| Apest — Acandidate;

© % N U R W N e

-
=)

12 return Apegs;

promote each group to the high-performance SRAM (Line
6). A promotion is committed if it does not violate SRAM’s
capacity constraints (Line 7). At each step, the algorithm
tracks the best-performing plan found so far by consult-
ing the Predictor (Lines 8-11). This heuristic-driven search
reduces the complexity from exponential to linearithmic,

O((2s 175]) - log(2s 17s1))-

Evaluating a Candidate. At each Predictor call in Algo-
rithm 1, the candidate layout determines the memory opera-
tions and their relative rates, as illustrated in Table 2. Using
the target’s profiled performance curves, the Predictor esti-
mates the NF’s aggregate throughput ceiling (§5.2). It also
estimates each shared lock instance’s optimal thread count
and sustainable access rate, flagging instances whose sam-
pled demand exceeds this rate (§5.3). For NATLB, placing the
{MinLoad, MinDip} pair affects how long each thread holds
the lock, while placing ConnTable affects the time between
lock acquisitions; both influence thread count. A step-by-step
calculation is provided in the extended version [53].

Auxiliary IR Generation. Based on the final plan A, the
Synthesizer generates auxiliary IR that instructs the down-
stream compiler backend on how to implement the plan:
First, it inserts spinlock primitives for state blocks identified
by the Analyzer as requiring them. Second, it configures
packet steering so that packets accessing the same shared
lock instance are processed only by its assigned thread group,
sized according to the Predictor’s N ,isicqr (§5.3). BlueField 3
enforces this mapping through hardware RX steering, while
Agilio uses a compiler-generated software dispatcher. Third,
for partitioned states, it generates the necessary software
cache logic, including the index remap table and cache man-
agement procedures. This auxiliary IR, combined with the
original NF logic, provides a complete specification for the
open-source compiler’s backend to generate the final NIC
source code, which is then compiled into firmware by the
vendor toolchain.



Accelerating Stateful Network Applications with Performance Prediction on SoC SmartNICs

EuroSys *27, April 19-23, 2027, Rabat, Morocco

State / access path Memory tier

Primitives per visit

Relative rate  Atomicity

ConnTable: index lookup ~ IMEM (SRAM)  One 4-byte atomic read 1.0 Memory engine
ConnTable: cached data IMEM (SRAM)  One 32-byte atomic read 0.8 Memory engine
ConnTable: uncached data EMEM (DRAM)  One 32-byte atomic read 0.2 Memory engine
DipCntr IMEM (SRAM)  One 4-byte atomic increment 1.0 Memory engine
{MinLoad, MinDip} IMEM (SRAM)  Two 4-byte bulk reads and two writes 1.0 Software spinlock

Table 2. NATLB memory-operation mix for an illustrative candidate layout on Agilio: the hottest quarter of ConnTable is
cached in SRAM, while both counter blocks reside entirely in SRAM.

5 Performance Model

Within Vela’s compilation workflow, the performance model
quantitatively evaluates allocation plans proposed by the
Synthesizer (§4.2). The model predicts steady-state through-
put under the sampled traffic profile to guide state alloca-
tion within memory layouts fixed at compile time. Runtime
support complements this optimization by managing cache
warm-up, evictions, and traffic bursts (§6). This section de-
tails our approach, first covering our methodology (§5.1) and
then the lock-free (§5.2) and lock contention (§5.3) models.

5.1 Modeling Methodology

On multi-threaded SoC SmartNICs like BlueField 3 and Ag-
ilio, performance is dictated by the interaction between par-
allel worker threads and the shared memory subsystem. Our
profiling [53] shows that global shared memory accesses
dominate processing overhead and frequently become the
system bottleneck. Predicting the peak throughput of NFs
therefore requires accurately modeling when and how the
memory subsystem throttles overall performance.

Our approach is based on a divide-and-conquer strategy.
Instead of modeling an entire complex NF monolithically, we
first decompose any NF into a mix of primitive, hardware-
level memory operations (e.g., an atomic read from on-chip
SRAM, a bulk write to off-chip DRAM). Then, we character-
ize the performance of each primitive operation in isolation
via one-time, offline microbenchmarking, creating a data-
base of performance curves for each target NIC. Last, we
compose the performance of these primitives based on the
operation intensity dictated by the NF logic, the mix pattern
derived from the workload trace, and the performance curves
selected by an allocation plan, to predict the throughput.

The core of our model is to analyze this as a supply-and-
demand problem: worker threads demand memory access
by executing instructions (;) from state blocks, while the
NIC’s memory engines supply this access. A performance
bottleneck emerges when the aggregate demand from paral-
lel threads exceeds an engine’s service capacity (its supply),
causing it to saturate and throttle the entire system. Inspired
by SoC performance modeling works like Gables [20], we
recognize that because memory engines (e.g., for on-chip
vs. off-chip memory) operate in parallel, we need to analyze
this supply-demand balance for each engine independently
to find the most constrained one. Another key factor in this
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Figure 4. SoC SmartNICs’ example performance curves.

model is software locking. Required for state consistency,
locks serialize execution, fundamentally altering the paral-
lelism assumption. This insight motivates decomposing our
prediction problem into two questions:

Q1: Under ideal, lock-free conditions, what is the maximum
aggregate packet throughput a SmartNIC can sustain for a
given NF’s workload?

Q2: For a specific lock-protected state block, what is the
maximum access rate the SmartNIC can support before lock
contention saturates its processing capability?

Answering Q1 provides the global throughput ceiling for
capacity planning, while answering Q2 prevents localized
contention bottlenecks. We detail our models for each.

5.2 Modeling Lock-Free Throughput

To answer Q1, we build a database of primitive performance
curves and provide a method for composing them.

Building the Primitive Curve Database. To quantify the
supply side of our model, we characterize the relationship
between the demand placed on a memory engine and the
packet throughput it can sustain. We adapt the Roofline
model concept [50] to build performance curves, capturing
this relationship for each primitive memory operation. We
introduce the concept of memory operation intensity (i), the
number of times a specific memory operation is executed
per packet. As shown in Figure 4, we empirically measure
the total memory operation throughput M as we vary the
intensity (i). The resulting curves consistently show three
phases: an initial linear growth where memory latency is
hidden by thread parallelism, a transitional phase of dimin-
ishing returns as latency begins to outpace computation, and
a final saturation "roof" where performance is bound by a
hardware limit-either a memory engine’s command rate or
the underlying memory bandwidth.
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The shape of a performance curve is highly specific to the
executed operation, as different primitives exhibit unique la-
tency and parallelism characteristics. Therefore, we generate
these curves by running microbenchmarks for each primitive
operation type, defined by parameters including memory tier
t (SRAM/DRAM), operation o (read/write), memory engine
e (atomic/bulk), data transfer size s, and memory array size
n (relevant for caching or banking effects). Different combi-
nations of (¢, 0, e, s, n) yield distinct performance profiles. To
manage the large parameter space, we profile a representa-
tive set of common values. For data size s, we test the discrete
sizes supported by the memory interface (e.g., 4/16/64/128
bytes). For array size n, we profile sizes spanning megabytes
to gigabytes and interpolate for intermediate values. The
number of profiled primitives is determined by the NIC’s
exposed memory interfaces (320 on Agilio, 288 on BlueField
3); hardware offering more granular access control typically
produces more profiles than hardware with a unified model.

Analytical Model. We fit our measured data to a physically-
motivated model derived from performance fundamentals.
For a given primitive operation, let Aty be its physical
memory latency and At, be the base per-packet processing
overhead (e.g., hardware-accelerated packet parsing, frame-
work costs). The primitive’s maximum operation throughput,
M;oof, defines the engine’s Memory-Level Parallelism (MLP)
via Little’s Law [33]: MLP = M,oof X Aty, representing
the maximum number of in-flight requests in executing
this primitive. The packet throughput for a workload with
intensity i is then the engine’s concurrency (MLP) divided
by the per-packet service time (Atyqsk (i) = At + Aty * ).
We convert this packet throughput (T) to memory opera-
tion throughput (M(i)) by multiplying by i, as each packet
involves i operations:

MLP . Mraof AV

Xi= 1
Atyask (i) ! Aty + Aty - 0 @

Mt,n,e,s,n(i) =TXi=

To account for latency hiding via thread switching at low
intensities, we model an effective memory latency that ap-
proaches zero when i is low and approaches the physical
latency At,, when i is high. We use an exponential penalty

term e~?/? for this, yielding our final fitted model:
M, Aty - M, -
Mioesn(i) = —2L—m — _ Trool 7 @
Aty +Aty, e 7 i a+e T -i

where a = Aty/Aty,. The parameters Myoor, a, and b are
fitted from microbenchmark data for each primitive. The
parameter b implicitly captures caching effects: a higher b
indicates better data locality for the array size n on caching
architectures like BlueField 3. This model fits the data well,
with average errors of 0.77% + 1.17% for Agilio and 1.67% +
2.11% for BlueField 3 (example errors in Figure 4 legends).

Composing Primitives for NFs. For each candidate layout,
the Predictor groups memory operations by their shared
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Figure 5. Model for lock scaling and lock contention.

hardware bottleneck, identified through offline profiling. Op-
erations may contend for the same memory engine or mem-
ory bandwidth; independent groups are evaluated separately.

For a group e, let g, be the expected number of operations
of type x per packet, derived from instruction counts and
profiled access rates, and let I, = >, qx. Using the prim-
itive curves M, (i), we synthesize a mixed-operation curve
through a weighted harmonic mean:

L

Yicee /My (i)
Here, i is the intensity at which each primitive curve is evalu-
ated. We fit these synthesized points to Equation 2, obtaining
a composite curve M, (i) for the group’s operation mix.

Evaluating this curve at I, gives the group’s operation
throughput. Dividing by its operations per packet converts
this to packet throughput; the most restrictive group deter-
mines the NF’s lock-free ceiling:

M, (i) = 3)

4

Platform-specific bottleneck classifications and validation
experiments are provided in the extended version [53].

_ Me(L)
Tlockfree = IIIllIl

el.>0 Ie

5.3 Modeling Lock Contention Impact

To answer Q2 (the maximum throughput for a locked state),
we model how the serialization caused by a single, contended
software lock impacts the overall system performance.

Before analyzing the single-lock case, we first establish
the overall performance ceiling with locks. The lock scaling
experiment in Figure 5a demonstrates that when a work-
load is distributed across many independent, non-interfering
lock instances, the aggregate throughput scales nearly lin-
early until it saturates. This saturation point empirically
validates that the system’s maximum capacity is bounded
by its ideal, contention-free performance, Tjock free (Q1’s an-
swer), thereby establishing Tjock free = Nrotal/Attoral as the
theoretical supply of the system, where N;;4; represents the
total number of available, independent threads.

In contrast, performance collapses when multiple threads
compete for the same lock, as illustrated in Figure 5b. Because
the critical section can only service one thread at a time, other
threads arriving at the lock must queue and wait. The key to
modeling this is to quantify how many parallel threads can be
kept busy by the non-critical section work while one thread
occupies the lock. We define this as N¢yizicqr, the maximum
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number of threads that can effectively utilize a single lock
instance without significant serialization. It is determined
by the ratio of total processing time to the critical section
time: Neyizical ® Atroral | Atiock- In its current form, the model
does not explicitly account for lock convoy dynamics, as
it uses execution costs to estimate steady-state parallelism
for compile-time layout exploration. Such dynamics may
introduce additional waiting even with ample work outside
the critical section and make N, j;jcq1 Optimistic.

With these concepts, we can derive the maximum sus-
tainable throughput for a single locked state, Tjock max> by
relating its fundamental limit (1/At;ock) to the overall system
capacity. By substituting the terms defined above, we can
express Tiock max as a fraction of the total system throughput:

1 — Niotal . Atoral . 1
Atyock Atrotal  Atiock Niotal

Neritical
Nzotal
5

Tiock_max = =Tiockfree X

To estimate N,,i;icq for each candidate layout, the Pre-
dictor applies the composition procedure in §5.2 to the full
packet path and to the lock-protected operations separately.
The resulting models provide a;osq; and ajocr, which relate
the program-independent processing overhead Aty to the
memory service time of the full path and critical section,
respectively: asorqr = Ato/(Atiock + Atorher) and ajocx =
Aty /Atock. We then calculate:

(©)

Neritical = Glock (1 + )
Qtotal

The results of contention model provide two crucial out-
puts. First, the predicted N,,;sicq; Value is used to constrain
the assigned parallelism (i.e., thread group size) for the locked
state, preventing wasted cycles from excessive contention.
Second, the calculated Tjocx_max is surfaced to the operator
as a key diagnostic, allowing her to determine if the expected
workload (based on their target throughput and the state’s
relative access rate, Ry, f) will saturate the lock. If so, Vela’s
prediction serves as a critical bottleneck warning.

6 Vela Runtime

Vela’s compile-time framework (§4) produces a static alloca-
tion plan optimized for a given traffic profile. The runtime’s
primary role is to manage the software cache for compiler-
partitioned state, adapting its contents to live traffic without
changing the compiled layout (§6.1). Load monitoring and
mitigation provide a supporting safety net when traffic ex-
ceeds the deployed plan’s processing capacity (§6.2).

6.1 Runtime State Caching

For large state objects that the compiler partitions across
memory tiers (e.g., ConnTable), the runtime dynamically
populates the allocated SRAM cache with hot state elements
without changing the compiled memory layout. Under a
stable access profile, this moves the cache toward the steady-
state access mix assumed by the Predictor. Warm-up and
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cache swaps can temporarily reduce throughput, while rap-
idly shifting hot sets may prevent the cache from reaching
this regime, as discussed below.

Cache Access Mechanism. The software cache logic is ex-
plicit and operates on whole state objects. For a partitioned
state, the compiler generates two arrays: a smaller State
Cache in SRAM and a larger State Store in DRAM that holds
the complete object data. To mediate access, it also generates
an Index Table in SRAM, mapping each element’s logical
index to a physical index into one of the two arrays. Initially,
all entries point to their home locations in the State Store,
leaving the State Cache ready to be populated at runtime.
To read a state element, a thread checks the corresponding
Index Table entry’s lock flag and waits if necessary before
reading the mapping without acquiring the lock. To mod-
ify an element, the thread acquires the entry’s lock before
reading the mapping and holds it until the write completes.
The physical index directs access to the State Cache if it falls
within the cache’s bounds, or to the State Store otherwise.

Hot Entry Detection. To identify promotion candidates
from DRAM, each processing core maintains a shared, light-
weight sketch [17] in memory accessible to its threads (e.g.,
Agilio’s CTM or BlueField 3’s DPA private memory) to effi-
ciently track the access frequency of DRAM-resident state
elements. This sketch is cleared periodically, and each thread
uses it to identify its own "hottest" candidate for promotion.
While sketches excel at finding heavy hitters, there is no
equivalent low-cost method for identifying a cold element in
SRAM to evict. To circumvent this, we use the running aver-
age of the access counts of all historically promoted entries
as a dynamic admission threshold. A new DRAM candidate is
admitted only if its access count exceeds this average, ensur-
ing new entrants are at least as active as their predecessors
were at the time of admission. However, this historical aver-
age can become a stale barrier. If traffic shifts to a new, less
frequent set of hot flows, this high threshold could prevent
them from ever entering the cache. We add a simple heuristic
to break this deadlock: after three consecutive failed promo-
tion attempts, a thread forcibly promotes its hottest DRAM
candidate. Under rapidly shifting hot sets, however, newly
promoted entries may become cold before enough cache hits
accrue to offset the lookup and cache-swap overheads.

Cache Update Protocol. When a thread identifies a hot
element, it initiates a cache update, as illustrated in Figure 6,
to swap it with an element currently in the State Cache.

e Eviction Phase: The worker thread first selects a victim
entry for eviction from the State Cache using a simple
random selection policy. It then acquires an exclusive lock
on the victim’s corresponding entry in the SRAM-based
Index Table. This lock forces any other threads that subse-
quently look up this index to block. With the lock held, the
worker writes back the victim’s data, including updates
accumulated in SRAM, to its home location in the State
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Figure 6. Vela’s state cache updating protocol.

Store (DRAM), updates the Index Table entry to point to
this DRAM location, and finally releases the lock. Blocked
threads can now proceed and will be correctly directed to
the data in DRAM.

o Insertion Phase: The worker thread then acquires a lock
on the Index Table entry for the new hot element (which
currently points to DRAM). It atomically installs the new
element’s data and logical-index tag in the now-vacant
slot in the State Cache. Finally, it updates the Index Table
to point to this new SRAM location and releases the lock.

A reader may obtain an SRAM mapping just before evic-
tion locks the corresponding Index Table entry and use it
after the cache slot has been reassigned. To detect such stale
accesses, each State Cache slot stores its element’s logical
index alongside its data. The reader retrieves both in a single
atomic read and accepts the data only if the tag matches
the requested logical index; otherwise, it rereads the Index
Table and retries. Writes hold the corresponding Index Table
entry’s lock throughout the access, preventing eviction or in-
sertion from moving the element before the write completes.

6.2 Load Monitoring and Mitigation

While state caching optimizes performance in normal cases,
the runtime also needs a safety mechanism to prevent packet
loss when the NIC becomes computationally overloaded due
to live traffic mismatching the static plan’s assumptions.

Overload Indicator. To trigger reactive measures, the run-
time needs a reliable, low-overhead overload indicator. While
prior approaches often monitor packet processing latency, es-
tablishing effective thresholds can be challenging, as latency
varies significantly with application logic and traffic pat-
terns [34, 43]. Vela instead leverages run-to-completion pro-
cessing on worker threads, which makes the per-thread idle
time a robust, program-agnostic indicator. For each thread, a
timestamp is recorded after it completes processing a packet
(tenq) and before it begins the next (f54r¢). The idle time,
tidle = tstart — tend, 18 a direct measure of available process-
ing cycles. The host-side Monitor periodically reads these
idle time values from shared NIC memory, and if the calcu-
lated average consistently falls below a pre-determined, NIC-
specific threshold T, the system is considered overloaded.

Figure 7. The idle time distribution for different applications.

Figure 7 validates this approach, showing a clear, application-
independent separation between non-overloaded and over-
loaded (marked by packet drops) conditions. The dotted
lines define a "safe operating zone" bounded by the over-
load threshold T and the NIC’s maximum throughput.

Reactive Overload Mitigation. When the Monitor detects
an overload event (average t;g;. < T), it signals the host-side
Orchestrator. The Orchestrator reads the on-NIC sketches to
identify large flows and uses the application’s IR to map them
to state element groups (s, ) (§4.2). For each selected high-
load group, it temporarily redirects all traffic accessing that
group from the SmartNIC to available host/Arm cores. In the
running NATLB example, this includes all flows accessing
the pair {MinLoad[f], MinDip[f]} for the selected server-
group index f = vip_id. Each redirected group is thus served
exclusively by the SmartNIC or the host/Arm, avoiding cross-
device concurrent access and locking. This acts as a safety
valve, reducing the NIC’s workload until its average idle time
recovers to the safe zone. For persistent traffic shifts, a full
recompilation is triggered (Figure 3).

7 Evaluation

Our evaluation investigates Vela’s: (1) end-to-end application
performance (§7.1); (2) compile-time allocation plan adapt-
ability across diverse traffic patterns (§7.2); and (3) runtime
adjustment capability for network dynamics (§7.3).
Testbeds. We evaluated Vela on two SoC SmartNICs: a
40 Gbps Netronome Agilio CX SmartNIC and a 200 Gbps
NVIDIA BlueField 3 DPU. On Agilio testbed, excess traffic is
handled by the host CPU (2x24-core CPU, 128 GB RAM). On
BlueField 3 testbed, we utilize its integrated Arm subsystem
(16 cores, 32 GB RAM) for excess traffic, a common DPU
use case that aims to minimize host CPU consumption. Pro-
grams were developed with vendor SDKs (Netronome NFP
SDK 6.1.0, NVIDIA DOCA FlexIO 24.10) and default to using
the maximum available hardware threads (216 FPC threads
on Agilio, 254 DPA threads on BlueField 3).
Implementation and Workloads. We integrated Vela with
p4c [3]. Its output memory allocation and steering config-
uration guides the generation of MicroC [2] for Agilio and
DPA C [6] for BlueField 3. We used the CIC-IDS2017 network
trace [44], containing 39 M packets across 1.3 M flows, which
we replayed to measure the application throughput. For
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Figure 8. Core usage for Agilio (left) and BlueField 3 (right) SmartNICs across different network applications. 1KB packets
target the SmartNIC’s line rate, while 128B packets target 15 Mpps on Agilio and 30 Mpps on BlueField 3.

McRouter, we generated Memcached traffic using YCSB [13]
with a Workload A read/update mix (50% each), 128-byte
keys, and a Zipf (0.99 skew) request pattern, following [29].

7.1 Application Performance

We accelerated the following applications with Vela:
NATLB [42] implements the functionality described in our
Motivating Example (Figure 1), scaled to simulate 4096 back-
end servers (organized into 256 groups of 16), maintaining
per-group counters to track the minimum load.

McRouter [1] routes Memcached requests using an on-NIC
hash table. To optimize lookups, it leverages pre-computed
key hashes included in packet headers, a technique inspired
by high-performance key-value systems [16, 29]. The hash
identifies a bucket, where a subsequent key comparison finds
the mapping to the correct backend server.

VFP [14] implements flexible VM network policies. Our im-
plementation applies a sequence of NFs including traffic
monitoring, firewalling, and load balancing.

Service Chain inspects Memcached requests on a ToR
switch, sending them to a Count-min sketch for telemetry
while a parallel branch applies NATLB to other traffic.

Baselines. We compare Vela against two intuitive yet subop-
timal baselines, in addition to a software-only DPDK imple-
mentation that establishes a CPU-only performance anchor.
(1) Static Offload models a naive, traffic-aware offloading
strategy by statically offloading all NF states and greedily
placing states with the highest memory-access density (§4.2)
into SRAM until full. Large states are never partitioned; if a
state object exceeds available SRAM, it is placed entirely in
DRAM. This baseline operates under the optimistic assump-
tion that all offloaded operations can run at line rate and
is designed to show how ignoring hardware performance
models leads to packet drops. (2) Hybrid Offload models a
common operational workaround by adding a runtime safety
net to the Static Offload plan. It monitors the NIC’s overall
load and, upon detecting overload, dynamically steers entire
traffic flows back to the CPU/Arm for processing (§6.2). This
baseline is designed to quantify the high CPU cost required
to compensate for a statically suboptimal offload plan.

Experimental Setup and Results. We evaluate a band-
width-intensive test using 1KB packets and a processing-
intensive test using 128B (targets in Figure 8 caption). We use

the number of cores required to meet performance targets
without packet drops as the main metric. We use BlueField
3’s Arm cores, while on Agilio, we utilize up to 8 NUMA-
local CPU cores. For the Service Chain, traffic is distributed
evenly between branches; we explore varied distributions
in §7.2. Figure 8 presents the average core usage for each
application. For baselines that fail to meet the target even
with maximum resources, we report their packet drop rate
in place of a core count. As shown, Vela consistently uses the
fewest cores. To understand the sources of this improvement,
we now take a deeper look at two representative case studies.

7.1.1 Case Study: NATLB. We first detail NATLB’s per-
formance, which is dominated by contention on its shared
load-tracking state. To isolate this effect, we use the default
placement for the ConnTable (DRAM on Agilio, eSwitch on
BlueField 3) without software caching, focusing analysis on
the frequent, synchronized updates to the MinLoad counters
for the 256 server groups. To avoid cross-device locking when
the SmartNIC is overloaded, excess traffic is redirected to
the host/Arm cores at the granularity of these server groups.

DPDK baseline uses RSS for incoming traffic, causing poor
scaling due to lock contention from scattered updates across
host cores to the shared MinLoad counters. Throughput is
limited (BlueField 3: <11 Mpps, Figure 9a; Agilio: 12 Mpps,
Figure 10a) with high core usage (BlueField 3: 7 Arm cores;
Agilio: 8 host cores) and significant packet drops (BlueField
3: 57%/64%; Agilio: 18%, Figure 8).

Static Offload uses hardware steering where possible to
direct packets to FPC/DPA threads for counter updates. The
resulting massive thread contention on popular MinLoad
group locks severely limits throughput (BlueField 3: <10
Mpps, Figure 9a; Agilio: 7 Mpps, Figure 10a), leading to high
packet drop rates as the NIC is easily overwhelmed.

Hybrid Offload combines an initial NIC offload with redi-
recting entire MinLoad groups to the host/Arm upon satura-
tion. This improves locality over DPDK, increasing through-
put (BlueField 3: 25 Mpps, Figure 9a; Agilio: 13 Mpps, Fig-
ure 10a), but still requires substantial host/Arm resources
(3 cores on both platforms) and drops packets under high
load (BlueField 3: 17%; Agilio: 14%, Figure 8). Whole-group
redirection avoids cross-device sharing, but host-side RX
steering spreads each group’s flows across host/Arm cores
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Figure 9. Accelerating NATLB on BlueField 3 and thread usage tuning based on the performance model.
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Figure 11. McRouter on Agilio and BlueField 3.

contending on the same MinLoad lock. The throughput ceil-
ing causes drops under excess load despite spare cores.

Vela uses model-guided thread allocation and packet steer-
ing to manage lock contention on the NIC. On BlueField 3,
it partitions DPA threads into optimally sized groups (pre-
dicted 17, empirical optimum 16, Figure 9c) using RX steering,
drastically reducing lock contention and enabling 20 Mpps
DPA throughput (Figure 9d). Combined with Arm, it reaches
33 Mpps (Figure 9a). On Agilio, which lacks fine-grained
hardware steering, Vela’s compiler generates a software dis-
patcher that steers packets to a dedicated subset of FPC
threads, achieving a similar contention management effect
and improving throughput to 9.5 Mpps (Figure 10a), over
Static Offload’s 7 Mpps. On both platforms, Vela uses fewer
host/Arm cores than Hybrid Offload (Figure 8).

Latency and Thread Tuning. Reduced contention gener-
ally yields lower latency for Vela vs baselines (Figure 9b, 10b).
Figure 9d shows Vela’s efficient DPA thread usage by map-
ping workload carefully based on N, j;icq compared to naive
round-robin assignment ("Vanilla") on BlueField 3. A similar
effect is observed on Agilio with the software dispatcher.

7.1.2 Case Study: McRouter. We next evaluate McRouter,
focusing on the performance impact of state placement as
the hash table size varies (up to 1GB Agilio, 16GB BlueField

3 due to DRAM capability limits). To isolate the impact of
state placement, we use a key hash embedded in the source
UDP port [29] to eliminate lock contention via hardware
steering (on host/BlueField 3) or mitigate it with hardware
atomic engines (on Agilio).

DPDK baseline runs on host/Arm cores using RSS to avoid
atomics. However, performance still degrades as the hash
table size increases. On BlueField 3, it drops 54% of packets
at a 16GB table size vs. the 30 Mpps target (Figure 8 right).

Static Offload offloads the entire hash table to the NIC. Per-
formance drops noticeably on both platforms when the table
exceeds the on-chip SRAM capacity (512MB on BlueField 3,
Figure 11b; 4MB on Agilio, Figure 11a).

Hybrid Offload yields mixed results. On BlueField 3, its
throughput approaches the sum of the DPA and Arm capaci-
ties, but at the cost of more Arm resources (7 cores, Figure 8
right). On Agilio, it underperforms DPDK for large tables; the
mandatory FPC re-processing of host-handled packets cre-
ates a computational bottleneck that outweighs the benefit
of offloading lookups to off-chip DRAM (Figure 11a).

Vela optimizes McRouter per platform based on its perfor-
mance model. On BlueField 3, predicting the DPA window
overhead (red line, Figure 11b), it generates a software cache
to keep hot hash table entries in fast on-chip SRAM, steering
overflow requests to Arm-shared DRAM. This achieves the
highest throughput (37 Mpps at 16GB) with minimal Arm
cores (Figure 8 right). On Agilio, acknowledging the SRAM/-
DRAM performance gap, Vela prioritizes placing hot entries
in scarce SRAM. While its throughput does not beat DPDK
due to the FPC re-processing bottleneck on host interaction
(Figure 11a), Vela’s SRAM-aware placement drastically re-
duces host CPU usage vs. Hybrid Offload (5 fewer cores,
Figure 8 left), showing efficient on-chip resource use.

7.2 Compile-Time Adaptability

We evaluate Vela’s compile-time adaptability on Agilio with
varying constraints and traffic patterns. To quantify plan
effectiveness, we use the offloading ratio: the percentage of
the total computational workload (defined in §4.2) that is suc-
cessfully handled on the SmartNIC. During allocation, Vela
seeks to maximize this ratio by adjusting its static memory
placement for NATLB and Service Chain workloads.
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Figure 13. CDF of performance model’s accuracy.

Impact of fast memory size. Simulating NATLB process-
ing 100K flows with varied SRAM (Figure 12a). With 0 SRAM,
70% of the computation is offloaded to DRAM. As SRAM in-
creases, Vela prioritizes the frequently-accessed MinLoad
counters. Subsequently, as more SRAM becomes available,
Vela allocates it to the ConnTable’s software cache, enabling
more hot NAT entries to be promoted at runtime and achiev-
ing near 100% offload when SRAM sulffices for all states.

Impact of traffic load. Vela adapts allocation to input load
changes (varied via 64B packet ratio, higher ratio implies
higher Mpps). Using its performance model to predict NIC
capacity, Vela reduces the computation offloaded if the es-
timated input load exceeds this limit, preventing overload.
Figure 12b confirms this: the offloading ratio stays high until
the input load surpasses the modeled NIC processing ceiling,
after which it decreases as computation shifts to the host.

Impact of intra-NF traffic distribution. Simulating varied
NATLB execution paths (NAT-only vs. NAT+LB traffic), Vela
adapts SRAM allocation based on the dominant path. As
shown in Figure 12¢, when fewer packets require the LB step,
Vela assigns less SRAM to the MinLoad counters and more
to ConnTable’s software cache. This optimizes SRAM usage
for the prevalent workload and maintains high offloading.

Impact of inter-NF traffic distribution. For the concur-
rent Service Chain, Vela jointly optimizes allocation consid-
ering varying traffic splits between its branches (Figure 12d).
Vela plans optimized for narrow profiles (A: 10% NATLB,
B: 90% NATLB) degrade significantly when splits change.
However, using a broader profile yields Vela’s robust "Vela
Optimal" plan, which balances SRAM allocation between
branches, sustains high offloading across splits, and outper-
forms narrowly optimized plans and Hybrid Offload.

Accuracy of performance model. We evaluated Vela’s per-
formance model by comparing predicted versus measured
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Figure 14. Runtime state caching on Agilio and BlueField 3.

throughput on Agilio and BlueField-3. Tests included the
applications from Figure 8 under randomized traffic (flow
counts, sizes) and synthesized microbenchmarks with di-
verse memory operations (atomic/bulk, read/write, varying
intensity and memory sizes). Figure 13 presents the CDF of
the relative prediction error. The model achieves good accu-
racy, with average relative errors generally below 10% across
NFs and memory operations on both platforms. Accuracy
is slightly higher on Agilio possibly due to its more explicit
memory interface, while BlueField 3 shows slightly higher
error, particularly for operations involving external memory
where caching effects can introduce more variability.

7.3 Runtime Adaptability

We evaluate Vela’s runtime state caching using McRouter
with our skewed Zipf (0.99) request workload. We allocate
all available on-chip SRAM for the software cache (~4MB on
Agilio, ~512MB on BlueField 3) against a much larger total
hash table residing in DRAM (64MB and 2048MB, respec-
tively). We pre-populate all keys and begin the experiment
with a cold cache. Figure 14 shows that the runtime quickly
populates the cache with hot entries, reaching a stable, warm
state in approximately 3 seconds. The final cache hit ratio
reaches 0.83 on Agilio and 0.90 on BlueField 3. With this
fixed allocation, runtime caching improves throughput over
DRAM-only placement (i.e., the Static Offload baseline) by
20.0% on Agilio (from 10.9 Mpps to 13.1 Mpps) and 8.1% on
BlueField 3 (from 21.7 Mpps to 23.5 Mpps).

8 Discussion

Generalizability of the performance model. Vela’s per-
formance model separates memory engines from the mem-
ory resources they access (Figure 2). A new memory type,
such as High Bandwidth Memory (HBM), is incorporated by
profiling its supported engine-resource access paths through
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one-time offline microbenchmarks (§5.2). The resulting
curves capture its latency and throughput characteristics
using the same parameterized model (Equation 2). Replacing
DRAM with HBM therefore changes the hardware-specific
profiles and capacity constraints, but not the Predictor’s
composition method or the Synthesizer’s allocation logic.
We argue that this one-time, upfront modeling effort is a
worthwhile investment. At the scale of modern data centers,
where a single SmartNIC model may be deployed by the mil-
lions, the benefits of predictable performance and optimized
resource allocation justify platform-specific modeling.

Comparison with the state-of-the-art. Existing Smart-
NIC optimization tools are largely complementary to Vela,
as they focus on different architectural components or opti-
mization layers. Frameworks like Pipeleon [54] and Yala [52],
for instance, model P4 pipelines and hardware accelerators.
Vela’s detailed analysis of the general-purpose memory sub-
system and software lock contention can be integrated to
provide a more holistic performance view. Similarly, Vela’s
compile-time analysis can generate an optimal static plan
for runtime schedulers like iPipe [34] to manage.

Vela also complements tools with different optimization
targets. Clara [43], which models latency, could be used
alongside Vela in a co-optimizer to meet both throughput
and latency goals. Alkali [30] optimizes pipeline partition-
ing and state placement across heterogeneous SmartNICs. It
partitions mutable table state by key for lock-free parallel
execution across cores, leaving memory contention and lock-
ing costs outside its performance model. Vela instead models
memory-tier contention and software-lock throughput ceil-
ings to jointly determine state placement and useful thread
parallelism for shared-state processing. Alkali’s high-level
abstractions could serve as inputs to Vela, whose contention-
aware predictions could in turn guide Alkali’s parallelization.

Alternative Synchronization and Execution Models.
Vela models hardware atomics and software spinlocks in a
run-to-completion (RTC) datapath. Read-copy-update (RCU)
permits reads of published versions without reader—writer
locking [31], while seqlocks validate reads and retry on over-
lapping updates [32]. Both reduce reader synchronization
costs, but conditional, multi-instruction updates across vari-
ables, such as NATLB’s {MinLoad, MinDip} block (§4.1), still
require writer coordination.

Queue-based locks and synchronous delegation can re-
duce contention overhead [24, 36], but RTC workers still wait
for lock acquisition or update completion. Benefits depend
on queue placement, polling, notification, and handoff costs.
Agilio FPCs lack private data caches [25], limiting CPU-style
cache-local polling, while queue management competes with
NF logic for limited code-store and local memory [21]. Blue-
Field DPA provides caches and event-driven execution but
requires explicit memory ordering for queue publication and
completion notification [6].

Xi et al.

Asynchronous delegation can let workers finish packets
and process subsequent ones before updates complete [24],
provided update ordering and visibility are preserved. Sup-
porting this in Vela requires validating deferral and manag-
ing buffering, completion tracking, and backpressure.

Coroutines, tasks, and continuation passing instead sus-
pend unfinished packets to process others, extending RTC
with packet-level scheduling and context management. Ag-
ilio switches among a fixed set of hardware threads [21];
multiplexing packets within a thread requires additional soft-
ware scheduling and context storage. DPA supports cooper-
ative rescheduling, but packet contexts need explicit preser-
vation because handler stacks may not survive across invo-
cations [6]. These extensions would require Vela to model
scheduling, context-storage, and synchronization costs.

Handling Workload Pattern Shifts. A significant, persis-
tent workload shift may require a new memory layout, NF
recompilation, and firmware reload. SmartNIC layouts are
fixed at compile time, so old and new plans cannot coexist
on-device. Reloading firmware interrupts the NIC, requiring
temporary traffic redirection to host CPUs or a standby NIC
and thus additional processing capacity. Closed-source ven-
dor compilation and firmware loading take minutes, making
reconfiguration slow and resource-intensive.

Although Vela’s analysis and synthesis generate plans
within seconds, Vela seeks to reduce costly redeployments:
the Synthesizer can optimize over longer-horizon traces or
multiple anticipated workload profiles, trading slight per-
profile optimality for robustness to workload fluctuations.
Our Service Chain evaluation (Figure 12d) shows that a plan
derived from an aggregated profile maintains high efficiency
across widely varying traffic splits. Firmware redeployment
is therefore reserved for sustained shifts outside the plan’s
covered range.

9 Conclusion

This paper presented Vela, a predictive compiler framework
that addresses the challenge of efficiently offloading state-
ful NFs to multi-threaded SoC SmartNICs. At its core is a
novel, state-centric analytical model that composes the per-
formance of primitive operations to estimate the throughput
ceiling of a given resource allocation plan, accounting for
both memory system bottlenecks and software lock con-
tention. Evaluation on two SmartNICs shows that Vela gen-
erates efficient plans that significantly reduce host core con-
sumption compared to traditional approaches.
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