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Abstract guided by toolchain feedback to shape compute, memory, data

The rise of large language models has renewed interest in Al-driven
hardware design and whether high-level synthesis (HLS) still mat-
ters in the agentic era. While we expect mature agentic hardware
systems to leverage both HLS and RTL, we argue that HLS remains
essential. Its faster iteration, portability, and design permutability
make it a natural abstraction layer and golden reference for agen-
tic optimization. We identify key limitations of current HLS tools,
namely inadequate performance feedback, rigid interfaces, and lim-
ited debuggability that agents are uniquely positioned to address.
We also propose a a taxonomy for the symbiotic evolution of agen-
tic HLS, clarifying how responsibility shifts from human design-
ers to Al agents as systems advance from copilots to autonomous
design partners. Across PolyBench and 16K FlashAttention, our
experiments demonstrate more token-efficient HLS search and 2.9%
higher throughput than a human-designed Fused Systolic Attention
baseline.
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sis; « Computing methodologies — Intelligent agents.
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1 Introduction

High-level synthesis (HLS) lifts accelerator design from RTL to high-
level software specification, but achieving high performance still
requires substantial manual, iterative, expertise-driven optimiza-
tion: restructuring code, rewriting kernels, and adding pragmas
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layout, and communication.

The rise of large language models and agentic AI has sparked
renewed interest in automating this process. A natural question
arises: does HLS still matter, or will Al simply generate RTL directly?
We argue that HLS remains not only relevant but essential in the
agentic era. We do not claim that HLS alone or RTL alone solves
agentic hardware design. We expect a mixed workflow where agents
move between high-level intent, HLS source, and RTL, depending
on the task. This paper focuses on the role of HLS in that workflow.

HLS provides an executable high-level specification that serves as
a golden reference for fast simulation. Its highly permutable repre-
sentation lets agents move between design points while preserving
functional semantics, whereas equivalent RTL transformations re-
quire invasive rewrites. Our experiments quantify these benefits.
The experiments also show that RTL agents can exploit testbench
gaps by weakening arithmetic semantics, underscoring the need
for formal verification, which is faster with HLS specifications than
at the RTL level.

RTL remains important when a task requires cycle-accurate
control, custom interfaces, or low-level refinement. Our guardrailed
16K FlashAttention workflow shows how agents extend HLS: an
agent optimizes the compute kernel through HLS and writes an
RTL adaptor to connect its AXI streams to a custom UCle interface
unsupported by HLS. Combining mixed-fidelity feedback, formal
equivalence, workload testing, and RTL interface generation, the
workflow achieves 2.9 higher throughput than a resource-matched
human-designed Fused Systolic Attention baseline.

This work makes the following contributions:

e HLS as a strong abstraction layer for agentic hardware de-
sign. We show how HLS enables faster iteration, portability, and
design permutability beyond pure RTL generation while retaining
an executable specification for verification.

e HLS limitations that agents can address. We identify gaps in
feedback, interfaces, verification, and debugging, then address them
in a guardrailed 16K FlashAttention workflow that generates RTL
for UCle integration and outperforms a resource-matched human
design by 2.9x.

¢ An autonomy-inspired taxonomy for the symbiotic evo-
lution of agentic HLS. We introduce a taxonomy that clarifies
capabilities and shifting human-agent responsibilities.

¢ A controlled comparison of HLS and RTL agents. A controlled
PolyBench study quantifies design quality, search cost, and verifi-
cation behavior, including 5.6x fewer HLS tokens on PolyBench.
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2 Related Work

Agentic RTL Design. Early work established natural language
interaction for RTL design. Chip Chat used a conversational model
to coarchitect an 8 bit processor through tapeout with a hard-
ware engineer [5, 10]. AutoChip closed the loop with compiler and
simulation feedback [32]. Later systems made this feedback more
structured [42]. RTLFixer uses compiler diagnostics for syntax re-
pair [33], while VerilogCoder adds graph based planning and source
level waveform tracing for functional debugging [12]. Spec2RTL
Agent processes complex documents through pseudocode, Python,
and synthesizable C++ before invoking HLS [41]. This progression
shows that effective design agents plan across representations and
revise designs using tool feedback. Our experiments quantify how
HLS and RTL affect search cost and design quality under the same
agent loop.

Agentic HLS Design. HLS gives agents executable source, opti-
mization directives, and structured compiler feedback [9]. HLSPilot
combines application profiling, C/C++ transformation, and pragma
search [20, 37, 40]. RALAD retrieves optimization examples to guide
source edits [38], while C2HLSC and related repair work use tool
feedback to produce synthesizable C/C++ [7, 14, 39]. Recent sys-
tems extend these capabilities into longer workflows. LLM DSE
combines an agent with a learned performance model for parameter
search [8, 35], and ChatHLS uses specialized agents for debugging
and directive tuning [17]. These systems automate generation, re-
pair, and bounded optimization [1]. Our taxonomy organizes these
capabilities by autonomy, while our guardrailed workflow connects
optimization to verification, mixed fidelity feedback, workload test-
ing, and system integration.

High Level Accelerator Design Languages. Accelerator lan-
guages expose architectural choices without requiring RTL. T2S-
Tensor and Spatial separate algorithms from spatial mappings for
parallelism, memory, and communication [11, 15, 30]. Dahlia uses
time sensitive affine types to make resource use predictable [21],
while Filament captures interface timing with timeline types [22].
Allo decouples algorithms from typed customizations and composes
them across function boundaries [6, 24, 36]. These languages expose
useful agentic design structures: separate compute and schedule,
explicit memory and communication, typed timing, and compos-
able interfaces. They motivate tools that recover the same structure
from HLS artifacts while preserving source level context.
Verification and Mixed Fidelity Feedback. Formal methods
can guard transformations at several boundaries in the HLS flow.
Translation validation checks HLS scheduling and other compiler
transformations [16], while PEQC proves equivalence between orig-
inal and optimized HLS programs across substantial loop, storage,
and dataflow changes [25]. Performance tools provide signals at
different costs. LightningSimV2 combines execution traces and HLS
schedules for fast incremental simulation [27], and OmniSim sup-
ports advanced dataflow behavior at near C simulation speed [26].
Multi-fidelity HLS models correlations across HLS, logic synthesis,
and implementation [31], while HLPerf provides approximate sim-
ulation for data dependent dataflow accelerators [43]. Our feedback
agent combines such signals, maps them to source regions, and
records whether each conclusion is exact, approximate, or condi-
tional.

Zhang et al.

3 Why HLS Remains Relevant

Despite advances in Al-driven RTL generation, HLS offers funda-
mental advantages that make it the natural abstraction layer for
agentic hardware design.

Rapid Design Space Exploration. Agentic workflows require many
iterations to test correctness and reach design goals/constraints.
HLS enables rapid design space exploration (DSE) through two
mechanisms. First, it provides an executable high-level software
specification that serves as a golden reference, allowing for fast
software simulation before hardware generation. Second, HLS rep-
resentations are highly permutable: one design point can be easily
transformed into another while preserving functional semantics.
In contrast, direct RTL generation lacks a clear golden reference
and equivalent RTL transformations require invasive rewrites that
are harder to automate and more error-prone. Operating primarily
at RTL also raises the cost of iteration. RTL simulation is slower,
and code and traces are more verbose, which increases the token
cost for agentic loops that depend on repeated inspections and
refinements. Higher abstraction is therefore even more important
when optimization is driven by many agentic iterations.

Portability. The same high-level software specification can serve
as a single source to target different FPGA families, vendors, or
accelerator platforms with minimal modification. Beyond platform
portability, HLS enables constraint portability: the same source can
be synthesized for high throughput, low latency, or low power by
adjusting directives and synthesis settings. For agentic HLS systems,
learned optimizations and design patterns can be transferred across
platforms and constraints, enabling reuse across projects.

Verification and Debugging. HLS improves verification by cen-
tering the workflow around a readable and executable specification.
The high-level source serves as a golden reference for functional
validation and supports fast regression testing before synthesis.
This reduces the burden of debugging in RTL while still allowing
RTL checks when needed.

4 HLS Limitations That Agents Can Address

Despite rapid DSE, portability, and ease of verification being central
to the value proposition of HLS, current tools fall short in all three.
We identify key gaps that agents are uniquely positioned to address.

Performance Feedback Limits DSE. Fast and meaningful perfor-
mance feedback is crucial for effective DSE, yet current HLS tools
fall short. Synthesis reports provide latency estimates, resource
utilization, and scheduling information, but these are often dif-
ficult to interpret and relate back to source code. Worse, many
designs exhibit data-dependent control flow, causing tools to report
unknown or variable cycle counts that provide little actionable guid-
ance. Agents can address this through mixed-fidelity performance
modeling: extracting operation schedule, loop-level information,
and control-flow regions from HLS artifacts to construct perfor-
mance estimates and replayable traces. This enables actionable
feedback even for designs where traditional HLS reports provide
only question-mark estimates, presenting insights at the same ab-
straction level where designers make optimization decisions.
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Table 1: Autonomy-inspired levels for agentic HLS.

Level Name Human Effort AIEffort Key Technology

Lo Manual DSE High Low Standard HLS compilation and reports, with manual code and pragma iteration and
largely human-driven feedback and debugging.

L1 HLS Copilot High Low Explains HLS reports with source attribution, suggests local code and pragma edits,
helps triage failures, and improves RTL readability for follow-up debugging.

L2 Autotuning Agent Medium Medium  Runs closed-loop DSE over pre-defined search space using tool feedback, integrates
HLS IPs using standard interfaces, generates lightweight replayable traces for
performance analysis, and performs basic differential testing.

L3 Guardrailed Agents Medium High Performs multi-step tool use with strong guardrails and leverages verification to
provide strong correctness guarantees, including equivalence checking, assertion
synthesis, and counterexample explanations. Constructs mixed-fidelity performance
models and performs localized failure and bottleneck analysis for DSE.

L4 Domain Architect Low High Handles system-level optimization and integration with customized interfaces, use
complete workloads to drive performance and correctness tests.

L5 Silicon Partner Low High End-to-end autonomy across architectures and tools, with continual learning across

projects and improvements to the HLS stack itself (compiler passes, scheduling
heuristics, codegen, tracing, and verification infrastructure).

Rigid Interface Limits Portability. A major pain point is compos-
ing accelerators with the surrounding system. Tools such as Vitis
HLS [3] support standard interfaces such as AXI, but offer limited
ability to customize or extend these protocols. Integrating HLS-
generated IP with systems built using different frameworks, such
as the LiteX SoC builder [13], requires manual writing interface
adapters and bridge logic. Tools such as Catapult HLS [29] support
more flexible interfaces, but defining protocols remains a complex
task. This composability gap undermines the portability promise of
HLS. Al agents can bridge this gap by understanding both the HLS
design intent and the target system’s interface requirements, then
generating the necessary adapter logic and protocol bridges.

Lack of End-to-End Verification and Debugging. HLS verification
today is still split between high-level software simulation, RTL sim-
ulation, and ad hoc debugging, with limited help connecting failures
back to source intent. Agents can use HLS as a golden reference for
both humans and RTL, enabling differential testing, equivalence
checking, assertion synthesis, and targeted counterexample expla-
nation across abstraction levels. For many workloads, we also want
testbenches written at an even higher level, such as PyTorch models,
to drive software simulation and RTL co-simulation with realistic
inputs and oracle outputs. This integration is not available in cur-
rent flows, but an agent could mediate it by generating adapters,
harnesses, and simulation drivers. Finally, agents can improve the
readability of the generated RTL by refactoring the structure, nam-
ing signals, and adding documentation, which reduces the cost of
debugging when designers must resort to RTL.

5 Levels of Automation

Recent work explores LLM assistance for HLS, including code gen-
eration and guidance [18, 37], QoR prediction [23], automated
repair [39], retrieval-augmented optimization [38], software-to-
hardware bridging [7], and agentic DSE and multi-agent design [28,
35]. These systems span a wide range of autonomy and human in-
volvement. To characterize this spectrum of autonomy and human
involvement, we propose the taxonomy in Table 1. The taxonomy
is useful not just for labeling systems, but for highlighting what

must improve in agentic HLS to enable greater autonomy, espe-
cially actionable performance feedback, flexible interface, improved
verification, and debuggability.

At L0 (Manual DSE), designers iterate manually from HLS re-
ports. L1 (HLS Copilot) assists with report interpretation and
localized edit suggestions, but humans still implement and vali-
date. L2 (Autotuning Agent) runs closed-loop optimization over
a predefined space and automates routine evaluation and integra-
tion. L3 (Guardrailed Agents) performs multi-step tool use with
strong guardrails, with verification and mixed-fidelity feedback
for targeted debugging and DSE. L4 (Domain Architect) shifts
humans to intent definition and review, while agents drive system-
level optimization and workload-level validation within a bounded
domain. Finally, L5 (Silicon Partner) extends autonomy across
architectures and tools, including improving the HLS stack itself.

Current systems operate primarily at L1-L2, with research push-
ing toward L3. Advancing further depends directly on addressing
the composability and feedback limitations discussed in §4.

6 Experimental Results
6.1 HLS versus RTL Agents on PolyBench

Experimental setup. We first ask how the abstraction presented
to an agent affects design-space exploration. In the taxonomy of
Section 5, both flows use L2 (Autotuning Agent) systems for closed-
loop performance optimization within a fixed task and evaluation
harness. We compare HLS-AGENT, which edits C/C++ and HLS di-
rectives, with RTL-AGENT, which edits the Verilog generated by Vi-
tis HLS from the same unoptimized kernel. Both use Claude Opus 5
through the same Claude Code harness. Each round launches a
fresh agent process with read, edit, write, search, and file-discovery
tools, but no shell or direct access to the EDA tools. The harness
compiles, simulates, and synthesizes the candidate, then includes
the measured result and the complete iteration history in the next
prompt. HLS-AGENT can modify only the kernel source and header,
and receives a read-only optimization reference condensed from
the Vitis HLS 2023.2 User Guide (UG1399) 3], covering directives,
scheduling, dependence restructuring, memory banking, buffering,
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Table 2: Performance and search cost after 20 rounds.
Speedup is RTL/HLS cycles.

Valid Tokens Cost Total

Kernel Flow Cycles rounds (M) (USD) time (h)

st RTL 14,544 18 329 68.0 6.0
HLS 14,570 (1.0x) 17 33 213 3.6

bic RTL 14,395 13 198 506 48
& HLS 14,523 (1.0x) 20 38 217 37
cholesky  RTL 2,015 17 309 748 8.1
Y HLS 2,126 (09%) 20 42 286 6.2

) RTL 987 20 163 49.0 5.0
COVarance pyrs 991 (1.0x) 19 35 221 3.8
RTL 9,172 20 202 487 6.2

gemm HLS 5,987 (1.5%) 20 34 245 55
RTL 8,111 20 154 427 47

BESUMMY p1S 8124 (1.0x) 20 26 152 2.9
cobi 1q RIL o84 19 123 569 6.2
Jacobl e Hrs 235 (1.0x) 20 54 319 5.0
cobi 2d4 RTL 16813 19 279 552 107
Jacobl 2t H1s 13,963 (1.2x) 20 32 191 3.7
I RTL 1745 20 208 522 53
HLS 2,013 (0.9x) 19 48 342 5.2

ussingy  RTL 15,289 16 215 620 5.9
HLS 1,970 (7.8x) 20 56 289 5.2

ceidel 24 RTL 3679 20 211 551 6.1
-4 HLS 3,356 (1.1 19 73 505 6.5
RTL 149,285 5 452 883 6.6

symm HLS 5,644 (26.5x) 17 6.0 282 53
— RTL 7,098 17 273 566 63
Y HLS 6,499 (1.1x) 19 39 205 5.4
wisoly | RTL 7.327 17 306 577 5.1
HLS 7,484 (1.0x) 18 87 321 42

. RTL 7,288 20 461 701 6.5
WOMM H1S 5,340 (1.4x) 18 35 284 6.2

and operator binding. RTL-AGENT can modify the generated Verilog
and receives a separate read-only reference condensed from the Vi-
vado UltraFast Design Methodology Guide (UG949) and Synthesis
User Guide (UG901) [2, 4], covering pipelining, timing, resource
inference and sharing, control logic, and FSM optimization. Both
agents optimize the same 15 PolyBench kernels for 20 rounds, target
an AMD Alveo U280 at 300 MHz, and preserve the baseline memory
interface. Every candidate is checked against golden outputs before
its cycle count is measured by simulation and its resources and
timing are measured by Vivado out-of-context synthesis. We retain
only timing-feasible points when constructing each Pareto frontier.
Experimental results. Figure 1 plots representative Pareto fron-
tiers. HLS reaches beyond the RTL frontier on GEMM, Jacobi 1D,
and SYMM, while the two approaches trace similar tradeoffs on
SYR2K. Table 2 reports the lowest-cycle point on each Pareto fron-
tier together with the cost of the complete search. A valid round
produces a correct, measurable candidate. Total time includes both
agent and evaluation wall time. Under the same iteration budget,
HLS finds a faster design on 8 of 15 kernels and achieves a median
speedup of 1.1x over RTL. Its search is also substantially cheaper:
69.2 million tokens and $407.3 in API cost, compared with 388.4
million tokens and $888.1 for RTL. HLS produces 286 valid rounds
versus RTL’s 261.

Zhang et al.

Reward hacking and verification cost. Passing a fixed testbench
did not always preserve the intended floating-point semantics. In
GESUMMYV, the RTL agent exploited the workload’s non-negative
values by removing sign, cancellation, NaN, infinity, and denormal
handling and by truncating multiplier operands. Although unspeci-
fied, this design passed the 107 3-tolerance check and achieved 8,111
cycles with 408 LUTs, 324 FFs, and 2 DSPs. Replacing its arithmetic
with the general Xilinx operators used by HLS raises usage to 640
LUTs, 895 FFs, and 10 DSPs, with nearly unchanged latency (8,121
cycles). Similarly, Trisolv uses a reciprocal specialized to finite, nor-
malized, nonzero inputs. It accounts for approximately 694 of the
807-LUT gap and 531 of the 1,079-FF gap against a matched HLS
architecture.

This reward hacking is difficult to detect at RTL without compre-

hensive corner-case tests or formal equivalence. Figure 2 shows the
cost gap for an int16 matrix multiplier: verification takes 1.83 ms
for HLS versus 9.97 s for RTL at 2x 2 (5,450%), and 325 s versus
3 h 27 min at 256 x256. The search costs above therefore exclude
a potentially dominant verification expense, and the nominal RTL
frontier is not a frontier of fully IEEE 754-compliant implementa-
tions. HLS does not eliminate specification gaming, but source-level
types and operators narrow the semantics an agent can silently
weaken.
Discussion. RTL wins seven kernels, but most HLS losses are
near parity while its largest wins are substantial. With 5.6x fewer
tokens and 2.2x lower API cost, HLS more efficiently converts a
fixed round budget into valid architectural progress, although RTL
remains competitive on cases such as SYR2K.

SYMM illustrates how HLS permutability benefits agentic ex-
ploration. Both agents identified the same opportunity to replace
the triangular computation with a symmetric GEMM. The HLS
agent expressed the transformation directly in the source program,
obtained a functionally correct design in round 1, and refined it
to its fastest point by round 8. The RTL agent attempted the same
restructuring in rounds 7, 11, 15, and 16, but every candidate failed
functional simulation. In generated RTL, operand roles and loop
dependences are distributed across memories, pipeline registers,
and control states. The failed candidates conflated distinct operand
streams while reconstructing the matrix expression. A high level
algorithm description keeps these relationships explicit, allowing
an agent to make large changes to loop order, buffering, and par-
allelism while preserving functional intent. This case shows that
HLS permutability directly improves the effectiveness of agentic
design space exploration.

6.2 Guardrailed Agentic HLS

System design. Moving from fixed-loop autotuning toward L3
autonomy requires agents that can interpret tool feedback, prove
correctness, and adapt designs for their system context. Figure 3
shows the target workflow. The system design combines guarded
optimization, source-attributed feedback, formal equivalence, Py-
Torch ingestion, and Universal Chiplet Interconnect Express (UCle)
integration. An executable Python specification and a JSON inter-
face contract remain immutable, while typed tools let the optimiza-
tion agent edit the HLS kernel, evaluate it, checkpoint accepted
candidates, and roll back failed changes. These components turn
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Figure 2: Equivalence-checking time for int16 output-
stationary systolic matrix multipliers using PEQC for HLS
and single-threaded Cadence Conformal LEC for RTL.

the feedback, verification, and composability gaps identified in
Section 4 into explicit agent roles and promotion gates.

Input and output. The system takes an executable Python pro-
gram that specifies the intended design behavior, with its inputs,
outputs, and intermediate values annotated with data types. A sep-
arate specification defines the design constraints, such as the target
device and available resources, and the optimization objectives,
such as latency and throughput. Rather than returning a single im-
plementation, the system produces a Pareto frontier of functionally
valid design points that trade off the requested objectives while
satisfying the constraints.

Mixed-fidelity performance feedback. The feedback agent com-
bines a fast analytical performance model with accurate simulation
and synthesis feedback. The optimization agent can use first-order
architecture estimates to explore many candidates without gener-
ating or synthesizing each one, then submit promising designs to
the tools for validation. The feedback agent maps reported latency,
initiation interval, schedule violations, and resource use back to
source regions, provides actionable bottleneck diagnoses, and uses
these measurements to refine its analytical model. This loop makes
inexpensive model-guided iteration and accurate tool-guided cor-
rection complementary rather than separate modes. This separation
matters at scale: Table 3 estimates RTL simulation to be 819X-3074%
slower than HLS C simulation. We calibrate XSim separately for
each array shape using a 20,000-cycle active-stream run, measuring
219.5-284.9 simulated cycles per wall second; compilation, elabora-
tion, and simulator startup are excluded. The gap motivates using
analytical feedback and HLS C simulation for exploration while
reserving RTL simulation for validation.

Formal verification and debugging. For transformations within
its supported scope, a verification agent can invoke PEQC [25], an

equivalence between the original HLS C/C++ kernel and the agent-
transformed kernel across loop restructuring, bufferization, and
FIFO-based dataflow changes. With formal verification, a passing
proof becomes a promotion gate rather than a post-hoc check. On
failure, the agent translates the reported semantic difference into
a source-local explanation. When a concrete failing input can be
derived, it also adds that input to the immutable regression suite
before optimization continues. This guardrail directly addresses the
reward hacking observed in the PolyBench study, while exploiting
the lower verification cost available at the HLS level.

UClIe integration and workload-driven testing. An integration
agent separates the compute contract from its physical protocol and
generates a flit-aware die-to-die interface (FDI), the logical UCle
interface. It supports an arbitrary number of AXI-stream inputs and
outputs and either handshake or free-running control. Using a raw-
flit protocol, it packs stream data and control commands such as
start into tagged flits, then specializes an FSM-based RTL wrapper
to the kernel’s FDI RX/TX channels. The agent generates a flit-level
cocotb testbench and runs it with an FDI verifier, which may be
agent-generated, pre-existing, or supplied by a commercial UCle
suite. The artifact validates the mainband adapter in RTL simulation
and records HLS synthesis against the target; implementation and
PHY integration require additional steps. A production flow must
also establish the flit protocol and generate a matching adapter for
the peer chiplet, or align with an existing peer’s protocol.

For workload-driven testing, the agent extracts shapes and data
types from the high-level program, materializes representative in-
puts and oracle outputs, and generates a shared harness for C and
RTL simulation. The current experiment uses the executable Python
FlashAttention specification; the same path can front a PyTorch
model to capture real model inputs and reference outputs. This
connects workload-level intent directly to compute and interface
verification rather than relying on hand-written synthetic tests.
Experiment result. Figure 4 compares the agent-generated de-
signs with the human-designed Fused Systolic Attention (FSA) base-
line [19] using its open-source implementation [34]. FSA augments
a parameterized FP16-multiply/FP32-accumulate systolic array so
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that the QK and PV products and the intervening online-softmax
operations execute within the same array, avoiding transfers to an
external vector unit. Its SystolicAttention schedule overlaps these
operations at element granularity while preserving their floating-
point order. We evaluate all FSA design points, but only the 128 X 4
and 128 X 8 configurations fit within the U280 resource constraints,
exposing the architecture’s inefficient resource scaling on this de-
vice.

We use non-causal FP16 FlashAttention with batch size one, one
head, N = 16,384, and d = d,, = 128 on a U280. Agent designs target
200 MHz, whereas FSA can be clocked at only 50 MHz. The left
panel plots all 13 agent points, spanning 9.2-57.6 Ktoken/s and
296-1,784 ms; the right retains their resource—throughput Pareto
frontier. Resource cost sums LUT, FF, DSP, BRAM, and URAM uti-
lization. At the closest resource-matched points, the agent reaches
17.1 Ktoken/s at 124.1%, versus FSA’s 5.9 Ktoken/s at 118.2%, a 2.9%X
improvement.

The agent explores neighbor-connected arrays with square and
rectangular shapes: 16 X 16, 16 X 32, 32 X 16, and 32 X 32. Each
PE represents a query—key pair and accumulates the 128 feature
products over time. K/V tiles reside in banked URAM, while online
softmax and PV form a separate stage whose parallelism is tuned
independently. FSA instead fixes 128 rows to the head dimension
and equips every PE with flexible FP16/FP32 arithmetic, exponen-
tial, and routing control; increasing query parallelism therefore
replicates LUT-heavy PEs, with the 128 x 8 design consuming 95%
of U280 LUTs. The agent designs distribute work across DSPs and
URAM, use shorter specialized datapaths, and reach 200 MHz. This
4X clock advantage is the primary source of lower latency and

higher throughput, while rectangular tiling and independent PV
sizing improve resource efficiency. Across 35 evaluations, the explo-
ration consumes 16 million model tokens and 9.3 hours of wall time.
In an RTL protocol evaluation, the generated FDI adapter passes all
15 checker tests and all 10 workload tests, preserving byte-identical
transport across seven delivery conditions; PHY integration and
conformance signoff are out of scope.

Discussion. This workflow makes the two-way relationship be-
tween HLS and agents concrete. HLS exposes loops, types, dataflow,
and memory structure so the optimization agent can reshape tiling,
array geometry, and banking rather than merely tune pragmas.
Conversely, specialized agents address the feedback, interface, and
verification limitations identified in Section 4. The feedback agent
fuses analytical, simulation, and synthesis signals into source-level
guidance. Because HLS cannot express the customized UCIe FDI
protocol, the integration agent writes and tests an RTL wrapper
that adapts AXI streams to the flit-level interface. The verification
agent connects the high-level specification, HLS transformations,
workload tests, and RTL interface checks. Independent verification
remains essential: an LLM can exploit weak tests by substituting
fixed-point internal arithmetic, but C simulation and HLS-level
equivalence checking catch this without RTL co-simulation. Thus,
HLS supplies a tractable optimization representation, while agents
supply feedback interpretation, interface adaptation, and cross-level
verification missing from current HLS flows.

7 Conclusion

We argue that HLS will remain a valuable layer in the agentic
era, supporting faster iteration, portability, and design exploration.
We highlight performance feedback, rigid interfaces, and debug-
gability as key gaps in today’s HLS workflows where agents can
help, and propose a taxonomy of automation levels to structure the
space. Mixed-fidelity feedback is especially important because it
lets agents act on incomplete scheduling evidence while preserv-
ing uncertainty and source-level context. We hope that this paper
encourages joint progress between the HLS and Al communities.
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