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Abstract. The adoption of large language models (LLMs) in hardware
design automation poses correctness risks for safety-critical applications.
We systematically evaluate LLMs against Satisfiability Modulo Theo-
ries (SMT) solvers across three hardware synthesis tasks, revealing that
LLMs achieve lower levels of functional correctness compared to SMT
approaches in our benchmarks. Our findings reveal a crucial distinction:
whilst SMT solvers can excel at direct synthesis and can exhaustively val-
idate LLM outputs, their counterexample feedback fails to improve LLM
performance. This demonstrates that effective validation does not trans-
late to effective improvement guidance for LLMs, establishing formal
methods as essential for direct synthesis and a need for better iterative
refinement methods in reliable AI-assisted hardware design.

Keywords: Synthesis · Satisfiability Modulo Theories · Electronic De-
sign Automation · Large Language Models · Artificial Intelligence · For-
mal Verification.

1 Introduction

Large language models (LLMs) promise to revolutionise hardware design au-
tomation, yet evidence suggests their reliability remains concerning [70]. De-
spite impressive capabilities in generating designs from natural language specifi-
cations, studies indicate that LLMs frequently produce subtle functional errors
that can trigger catastrophic system failures [42, 69]. Such errors may evade
initial testing yet emerge later as critical failures in production hardware.

Hardware design demands high reliability [28, 11], as functional errors can
incur devastating costs. Silicon respins (re-designing and re-fabricating chips to
fix errors) entail millions of dollars and months of delay [9, 61]. Though recent
work has explored enhancing traditional formal synthesis methods like [6] with
LLMs [35], current LLM-based approaches typically trade correctness guarantees



for natural language convenience [70, 66, 7]. Context window limitations further
compound these challenges when handling larger, complex systems [21, 36, 58].
As a consequence, this reliability gap motivates systematic evaluation against
established formal methods such as SMT (Satisfiability Modulo Theories) [12].

SMT solvers extend Boolean satisfiability (SAT) with theories including in-
teger arithmetic, bit-vectors, arrays, and uninterpreted functions [12]. This evo-
lution from pure Boolean SAT was partially driven by hardware verification
requirements to more conveniently reason about higher-order structures such as
integers and bit-vectors [30]. Through decades of research, modern solvers such
as z3 [43], cvc5 [10], Bitwuzla [46], MathSAT [15], and Yices [19] have matured
to find extensive application in hardware verification, software verification, and
synthesis. In contemporary hardware contexts, these solvers have been effective
for bounded model checking, equivalence checking, and synthesis [20, 30].

Our evaluation methodology differs from specification synthesis work by as-
suming designers provide both natural-language descriptions and formal spec-
ifications - enabling rigorous comparative evaluation of synthesis approaches.
This reflects realistic industrial scenarios where designers specify formal correct-
ness criteria but need implementation assistance. Natural-language descriptions
guide LLM synthesis by capturing architectural constraints, optimisation prefer-
ences, and design patterns that resist formal specification. Formal specifications
enable rigorous verification of LLM-generated implementations. This dual-input
methodology aligns with intended requirements whilst delivering exhaustive cor-
rectness guarantees unavailable in existing LLM-based hardware synthesis ap-
proaches, as detailed in our related work comparison in Section 2.

On our benchmarks, SMT solvers [12] demonstrate distinct capabilities in two
roles: as direct synthesis engines and as exhaustive validators of LLM outputs.
However, our experiments reveal that validation does not equate to improvement
- despite providing concrete counterexamples, SMT feedback failed to improve
LLM correctness. Our evaluation encompasses three synthesis challenges: Arith-
metic Logic Unit (ALU) microcode generation, Field-Programmable Gate Array
(FPGA) function mapping, and protocol converter design. Results demonstrate
that, on these benchmarks, formal encoding and contract-driven synthesis ap-
proaches [13, 24] outperform both direct LLM generation and iterative LLM
refinement, suggesting that formal methods could be used for direct synthesis
rather than as merely feedback sources to LLMs.

2 Related Work

LLMs have been recently used in various tasks including RTL code summarisa-
tion, generation, evaluation, debugging, and test vector generation [66, 7]. Speci-
fication synthesis, creating a formal specification from natural language or other
stimuli, is another recent trend in applying LLMs in hardware design [48, 39].

On the other hand, classical design space exploration (DSE) methods involve
systematically exploring numerous design options to identify optimal configura-
tions [67, 55, 64]. These approaches typically evaluate trade-offs across multiple
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objectives such as power, area, performance, and timing constraints. DSE meth-
ods can employ exhaustive enumeration, heuristic search algorithms, or machine
learning-guided optimisation to navigate the exponentially large space of possi-
ble design choices. Optimisation-based methods use mathematical approaches to
iteratively refine design decisions [38, 18]. While these classical approaches are
considered more mature, recent LLM-based techniques face more fundamental
challenges in correctness assurance.

Recent work on LLM-based hardware generation focuses on improving LLM
performance through iterative refinement, but lacks rigorous comparison against
established formal synthesis methods. Current verification approaches demon-
strate significant limitations. Tang et al. [60] verify LLM-generated RTL us-
ing simulation-based testbenches, testing only 10–20 example inputs that cover
merely 7.8% of the possible 256 input combinations in our 8-bit benchmarks.
Such partial verification misses systematic errors: in our Mux function case study
(Section 4.1), incorrect LLM solutions produce correct outputs for roughly 30%
of inputs purely by coincidence whilst failing on the remaining 70%. Akyash
et al. [4] rely solely on syntactic verification through Yosys compilation, which
cannot detect functional errors like our ALU case study (Section 4.2) where
syntactically valid microcode computes f(x) = x − 1 instead of the required
f(x) = x(x− 1).

Nonetheless, many current approaches assume that iterative feedback can
compensate for these verification gaps. Despite the demonstrated inadequacy
of current verification methods, the field operates under the assumption that
feedback-driven approaches can reliably improve LLM synthesis performance.
This assumption drives much current research effort. [51] develops discriminative
guidance mechanisms for iterative Verilog refinement, whilst [68] proposes com-
prehensive multi-agent frameworks that employ feedback loops for automated
processor design. Similarly, [23] integrates human-in-the-loop verification with
agentic AI systems, assuming that iterative feedback enhances design quality.
Related efforts extend this feedback paradigm to specialised domains: [22] eval-
uates LLM-generated designs for security vulnerabilities with the goal of im-
proving LLM security awareness, [56] explores LLM potential for formal speci-
fication generation through iterative refinement, and [5] surveys feedback-based
approaches across various hardware design applications.

A survey of over 360 papers by Abdollahi et al. [2] reveals that iterative,
feedback-driven prompting - rather than re-training or fine-tuning - is the domi-
nant approach for applying LLMs to hardware design and verification. Yet, across
the 70 directly relevant works covered, the core assumption that prompting an
LLM with error-based feedback improves its output is treated as conventional
wisdom rather than an empirically tested hypothesis. Verification, where it ex-
ists, relies primarily on simulations that sample only a fraction of possible inputs.

To address this unanswered question, our work provides one of the first head-
to-head comparisons of LLMs versus SMT solvers on identical synthesis tasks,
offering both a new empirical vantage point and resolution of this fundamental
assumption. We discover a fundamental limitation: whilst SMT provides exhaus-
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tive validation of LLM outputs, SMT counterexample feedback fails to improve
LLM performance (0% success in Function Mapping, 1.25% in ALU tasks). This
validation-improvement distinction reveals that effective correctness checking
does not translate to effective iterative refinement: a finding that challenges
the purely-LLM feedback-driven approaches dominating current research. Our
results work towards establishing empirical design principles for when to use for-
mal methods directly versus as LLM assistance tools, addressing a core question
that existing literature sidesteps.

In contrast to approaches relying on partial validation, our study employs
SMT-based [12] formal encodings which provide mathematical assurances of
functional correctness. SMT exhaustively checks all possible inputs simulta-
neously (for instance, all 256 possible 8-bit input combinations) rather than
sampling subsets. This complete coverage reveals systematic errors that partial
testing misses: whilst simulation might test 20 cases and miss failures on the
remaining 236, SMT either finds a provably correct solution or proves no solu-
tion exists within the given constraints. However, our experiments reveal a key
limitation: whilst SMT excels at validation (determining correctness), this does
not translate to effective improvement guidance for LLMs, which cannot map
concrete counterexamples to parameter corrections.

3 LLM and Prompting Methodology

Our prompt engineering approach is guided by two principles: clarity and repro-
ducibility. We ensured that each prompt contained all the information a com-
petent human designer would require and maintained consistency of prompts
across experimental runs and case studies to enable unbiased comparisons. All
prompts were pre-recorded, and the OpenAI API was used deterministically to
guarantee reproducibility.

We did not employ chain-of-thought [63], self-consistency sampling [63], or
majority voting [3] in our approach; these remain opportunities for future work.

3.1 Hyperparameters and Configuration

All LLM queries used OpenAI’s gpt-4o-2024-11-20 without fine-tuning. Whilst
newer models have emerged since our November 2024 experiments, we maintain
our original results to ensure reproducibility and as our findings demonstrate sys-
tematic challenges that likely persist across model versions. We used the text

response format, no temperature adjustment (temperature=1, top p=1), maxi-
mum token count of 16384, and no penalty adjustments (frequency penalty=0,
presence penalty=0).

3.2 Prompt Development and Templates

Our prompt development process required significant manual effort, with 10-20
hours per case study. This involved iterative testing typically across 10-20 trial
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runs. This extensive effort focused on formulating clear, comprehensive English-
language descriptions tailored for a designer-level audience, ensuring the LLM
properly understood both the design context and specific requirements for each
synthesis task.

The prompts follow a structured two-part design to maintain consistency
whilst enabling flexibility. We hand-crafted a system prompt [45] in Markdown,
offering a comprehensive description of the system and problem for a human
designer. Specific task instructions (also in Markdown) were placed in the user
prompt, with each description containing a placeholder6 replaced at runtime with
the precise objective as needed. This separation allows for consistent system-level
context whilst enabling flexible task-specific customisation.

To illustrate this approach, we provide key excerpts from the Generalised
ALU case study below:

System prompt excerpt:

We are designing microcode to compute one-input functions `y =

f(x)` for an 8-bit, 2 register ALU [...]↪→

* You may use AT MOST 7 instructions, as that is the size of this

ALU's instruction space.↪→

* Provide ONLY lines in the above format.

* Do NOT provide any explanations.

User prompt excerpt:

Your task is to implement the floored square root function `f(x) =

floor(sqrt(x))`. We should make it INSERT_OBJECTIVE_HERE.↪→

3.3 In-Context Learning

We used in-context learning [50] to improve LLM performance. For our design
tasks, three key components were provided: a system/architecture description,
the target function, and an example architecture mapping. The example architec-
ture mapping is to illustrate the functioning of the system and is not necessarily
example solutions to specific tasks being attempted.

For example, for the Function Mapping task in Section 4.1, we provide an
example architecture mapping:

lut0_0 = 65511; lut0_1 = 45168
lut0_2 = 28416; lut0_3 = 512

lut0_4 = 45629; lut1_0 = 15391

lut1_1 = 15391; lutF = 2

We also provide multiple input-output examples of the target function. For
instance, these examples illustrate a comparator function that checks whether
the first input is greater than or equal to the second input:

6 INSERT OBJECTIVE HERE
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* `input1 = 5` (0101), `input0 = 0` => `output = 1`
* `input1 = 5` (0101), `input0 = 1` => `output = 0`

* `input1 = 5` (0101), `input0 = 2` => `output = 1`

* `input1 = 15` (1111), `input0 = 3` => `output = 1`

3.4 Iteration, Feedback, and Tool Use

We use an iterative refinement process where each LLM-generated solution un-
dergoes verification, and the verification results guide subsequent iterations. The
process operates as follows: (1) present the LLM with the initial prompt, (2) ob-
tain a candidate solution, (3) verify the solution using an appropriate verification
tool (SMT, Chisel testbench, and/or Yosys), (4) provide specific feedback from
the verification tool to the LLM, and (5) repeat until either a correct solution is
found or 20 iterations are reached.

We limited experiments to 20 iterations per test case, as LLMs beyond this
point produced redundant candidates or increasingly complex solutions without
meaningful progress.

For the SMT-based experiments (Function Mapping and Generalised ALU),
the verification feedback includes:

– Correctness status: Whether the solution is functionally correct
– Counterexamples: When incorrect, specific input values that produce wrong

outputs
– Size/formatting errors: When bit-widths or value ranges are violated

The raw output of the verification tool replaced the TOOL FEEDBACK HERE

placeholder.

This module is not INSERT_OBJECTIVE_HERE. Please do better.

Tool feedback:

TOOL_FEEDBACK_HERE

For experiments without tool feedback, the “Tool feedback” section is omit-
ted.

3.5 SMT as Validator vs. Improvement Mechanism

Our experiments reveal a critical distinction between SMT’s dual roles in hard-
ware synthesis:

SMT as Direct Synthesiser: SMT solvers achieve reasonable success in
our benchmarks, either finding provably correct solutions or proving infeasibility
(UNSAT) within reasonable runtime constraints.

SMT as Validator in LLM Feedback Loop: Despite providing exhaus-
tive counter-example feedback to LLMs, the SMT-provided information yielded
near-zero improvement rates: 0% (0/120) in Function Mapping tasks and 1.25%
(2/160) in ALU tasks.
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This stark disparity reveals that validation - determining whether a solution
is correct - differs from improvement guidance (helping an LLM correct its er-
rors). LLMs may possibly lack the constraint propagation mechanisms necessary
to map concrete counterexamples (e.g., “input (5,2) produces wrong output”)
back to abstract configuration corrections (e.g., “modify LUT values X, Y, Z”).
Whilst SMT can exhaustively verify all possible inputs and identify failures, this
validation feedback proves ineffective for direct generative improvement.

4 Evaluation

We compare LLMs and SMT solvers on the Generalised ALU and Function Map-
ping tasks, where SMT achieves guaranteed correctness while LLMs consistently
fail (Sections 4.1 and 4.2). Section 4.3 shows that LLMs can perform better with
extensive guidance and verification, but still need substantial support.

Our evaluation focuses on the synthesis stages of the HDL-to-circuit compi-
lation flow - from architectural configuration and microcode generation through
logic synthesis - rather than backend physical implementation stages such as
place-and-route.

Unless otherwise stated, all experiments were conducted on an Intel i7-1270P
machine with 32GB RAM, along with a 20-minute timeout. The timeout strikes
a practical balance, allowing sufficient time for solvers to make progress on hard
synthesis problems whilst keeping experiment duration reasonable.

We used cvc5 [10]7 amongst modern SMT solvers (including z3 [43], Bitwu-
zla [46], and MathSAT [15]) due to its comprehensive support for quantifier-free
theories relevant to hardware synthesis: fixed-size bit-vectors, arrays, and unin-
terpreted functions. The ALL logic configuration enables cvc5’s full theory com-
bination capabilities, essential for encoding our synthesis constraints that mix
Boolean logic with bit-vector arithmetic [12, 10].

Where RTL is present, we use Chisel [8] for RTL compilation and elabora-
tion, the Mill build tool [34] for builds, ChiselTest [54] for throughput testbench
simulation, and Yosys [65] for post-synthesis gate counts.

4.1 Function Mapping

In this case study, we evaluate whether LLMs can synthesise correct configu-
rations for an FPGA/CGRA-like device that computes 4-bit functions using a
layered lookup table (LUT) architecture.

Intuition: The device comprises programmable LUTs (truth tables) chained
through a fixed two-layer topology. This architectural constraint renders certain
functions implementable whilst others remain fundamentally unrealisable, irre-
spective of LUT programming. The synthesis task requires either: (1) determin-
ing LUT configurations that implement a target function, or (2) proving the
architecture cannot express it.

7 Version 1.0.8-git (revision cef9d27)
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LUT Semantics: Each LUT is a programmable truth table indexed by
input value. An LUT with value v implements f(i) = bit i of v. For example,
LUT value 5 (binary 0101) implements f(0)=1, f(1)=0, f(2)=1, f(3)=0. The fixed
interconnect topology between LUTs constrains which composite functions the
circuit can express.

Device Specification: The device accepts two 4-bit inputs (input0, input1)
and produces a single 1-bit output. LUTs are 4-bit (16-entry) tables programmed
via 16-bit unsigned integers. For instance, LUT value 514 (binary 0000001000000010)
encodes a specific input-output mapping.

We combine input0 and input1 into a single input 8-bit bit-vector as
{input1, input0} (concatenation), or expressed otherwise: input[3:0] = input0

(bits 3 through 0) and input[7:4] = input1 (bits 7 through 4).
We then have a first layer of LUTs as outlined below:

– LUT lut0 0 implements f(input[3 : 0]) = imm0[0]
– LUT lut0 1 implements f(input[4 : 1]) = imm0[1]
– LUT lut0 2 implements f(input[5 : 2]) = imm0[2]
– LUT lut0 3 implements f(input[6 : 3]) = imm0[3]
– LUT lut0 4 implements f(input[7 : 4]) = imm0[4]

Following this, we have a second layer of LUTs:

– LUT lut1 0 implements f(imm0[3 : 0]) = imm1[0]
– LUT lut1 1 implements f(imm0[4 : 1]) = imm1[1]

Finally, a single 2-bit LUT:

– LUT lutF implements f(imm1[1 : 0]) = output

Each LUT is defined by the following LUT relationship lutRelation(lut,

input, output):8:

output = (lutValue << concat(zero, input))[0:0]

The device function is defined as circuitRelation(input0, input1, output),
shown in Figure 1.

Finally, we assert that the LUT values chosen are correct for some desired
function f(x, y) as follows:

∀x ∈ BN ,∀y ∈ BN , circuitRelation(x, y, f(x, y))

This encoding leverages SMT’s ability to reason directly about bit-vectors
and their operations, avoiding the manual Boolean encoding required by pure
SAT approaches [12].

To synthesise, we query the solver for LUT values that satisfy these con-
straints. To validate a candidate LLM solution, we add assertions of the form
lutK = LK , where LK is the LLM’s answer for the K LUT, converting the
synthesis problem into a verification query.

8 zero is an appropriately sized bit-vector whose value is 0; x[0:0] takes the least
significant bit; << marks the left shift operator; concat denotes concatenation of two
bit-vectors.
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input = input1 || input0

lutRelation(lut0_0, input[3:0], imm0[0]) &&

lutRelation(lut0_1, input[4:1], imm0[1]) &&

[...]

lutRelation(lut0_4, input[7:4], imm0[4]) &&

lutRelation(lut1_0, imm0[3:0], imm1[0]) &&

lutRelation(lut1_1, imm0[4:1], imm1[1]) &&

lutRelation(lutF, imm1[1:0], output)

Fig. 1. The definition of circuitRelation.

4.1.1 Results We evaluate whether six different functions can be imple-
mented using our layered LUT architecture. SMT finds working LUT config-
urations for three functions but shows that the remaining three cannot be im-
plemented.

– Comparator: f(x, y) = x >= y
– Mux: f(x, y) = (x >> y)&1 (select the yth bit of x)
– BitInversion: f(x, y) = (x ==∼ y)
– Equality: f(x, y) = x == y
– Subset: f(x, y) = (x|y) == y&1 (if x is a bit-set subset of y)
– UnsignedOverflow: f(x, y) = ((x+ y) > 15) (if x+ y will overflow)

Testcase SMT run-
time (ms)

SMT res. Correct
solns. (of
20)

Size errs. (of
20)

Logic errs.
(of 20)

Comparator 257 UNSAT 0 2 18
Mux 179 SAT 0 1 19
BitInversion 127 SAT 0 4 16
Equality 127 SAT 0 2 18
Subset 310 UNSAT 0 1 19
Unsigned
Overflow

257 UNSAT 0 1 19

Table 1. Function mapping case study results. SMT columns show synthesis runtime
and feasibility. LLM columns show the number of attempts (out of 20 iterations per test
case) that resulted in correct solutions, bit-width/formatting violations, or functional
logic errors, respectively.

Table 1 shows that across 20 iterative refinement attempts per test case,
the LLM failed to produce any correct function mappings. The SMT results
column indicates synthesis feasibility: SAT means the SMT solver found a valid
implementation, whilst UNSAT means the solver mathematically proved9 that no

9 Strictly speaking, formal proof certificates (e.g., DRAT proofs [26]) would be required
to verify unsatisfiability claims, but we treat solver UNSAT results as reliable for our
evaluation purposes.
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implementation exists within the given architectural constraints. Unlike incom-
plete search methods that might simply fail to find a solution, UNSAT represents
an exhaustive mathematical proof of impossibility for the specific architecture.
Out of 120 total attempts across all test cases, the LLM generated zero func-
tionally correct solutions.

Interpretation and Patterns: Despite receiving specific counter-examples
showing exactly which inputs produced wrong outputs, LLMs achieved 0% cor-
rectness across all test cases. The iterative feedback mechanism proved entirely
ineffective: across 120 total refinement attempts (6 test cases Ö 20 iterations),
not a single LLM-generated solution achieved functional correctness. This fail-
ure persisted despite SMT providing concrete counterexamples - for instance,
informing the LLM that “input0=0, input1=3 produces output=1 instead of
the required output=0”. In contrast, SMT solvers either found correct solutions
within milliseconds or mathematically proved that no solution exists within the
architectural constraints. This stark difference reveals that LLMs fundamentally
struggle with constraint propagation: they cannot translate specific input-output
mismatches into the systematic LUT value adjustments required for correction.

Limitations: This evaluation covers six functions, limiting broader conclu-
sions. Different prompting strategies or tool-assisted approaches might yield bet-
ter results, though our setup produced uniformly incorrect outputs.

Qualitative Illustration: Here we present examples demonstrating the con-
trast between SMT-generated correct mappings and LLM-generated incorrect
mappings for the Mux function:

1. Correct SMT-generated LUT mapping for Mux:

lut0_0 = 38233; lut0_1 = 43645; lut0_2 = 51967; lut0_3 = 252;

lut0_4 = 13↪→

lut1_0 = 16226; lut1_1 = 45774

lutF = 6

2. Syntactically invalid LLM-generated LUT mapping for Mux: This
mapping violates bit-width constraints as lut0 0 is assigned a value of 69905,
which exceeds the 16-bit limit (maximum value 65535).

lut0_0 = 69905; lut0_1 = 54016; lut0_2 = 36880; lut0_3 = 20496;

lut0_4 = 8208↪→

lut1_0 = 65280; lut1_1 = 65280

lutF = 1

3. Syntactically valid but functionally incorrect LLM-generated
LUT mapping for Mux: Whilst this mapping adheres to bit-width constraints,
SMT verification reveals it produces incorrect outputs. Recall that Mux should
implement f(x, y) = (x >> y)&1, which selects the yth bit of x. The LLM-
generated mapping fails to implement this logic correctly in multiple ways. For
example, when input0=0 (i.e., x = 0), all bits of x are zero, so the function
should return 0 regardless of the bit position selected by y (i.e., input1). How-
ever, this mapping incorrectly produces an output of 1 when input0=0 and
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input1=3, contradicting the expected behaviour. Conversely, when input0=15
(i.e., x = 15 = 11112), all four bits are set to 1, so selecting any bit posi-
tion should yield 1. Yet this mapping incorrectly produces an output of 0 for
input0=15 when input1∈ {1, 2}, failing to recognise that bits 1 and 2 of the
value 15 are both set to 1. These systematic errors demonstrate the LLM’s inabil-
ity to correctly implement the bit-selection logic required by the Mux function.

lut0_0 = 42405; lut0_1 = 33825; lut0_2 = 25245; lut0_3 = 16665;

lut0_4 = 8070↪→

lut1_0 = 65280; lut1_1 = 65280

lutF = 1

4.2 Generalised ALU

In this case study, we are tasked with designing microcode to compute one-input
functions y = f(x) for an 8-bit, 2-register ALU for low-power, embedded, Digital
Signal Processing (DSP) applications. An Arithmetic Logic Unit (ALU) performs
basic arithmetic and logical operations. Our 2-register design constrains compu-
tation to two working values (r0, r1) to minimise area in embedded applications.
The two registers are r0 and r1. We represent the state as a pair (a, b), which
means r0 = a ∧ r1 = b. We consider microcode up to 7 instructions long.

Here are the available instructions:

– INSTR NOOP - does nothing. (a, b) → (a, b)
– INSTR SWAP - swaps the two values of the registers. (a, b) → (b, a)
– INSTR ADD - adds the two values of the registers and stores the result in r0.

(a, b) → (a+ b, b)
– INSTR SUB - subtracts r1 from r0 and stores the result in r0. (a, b) → (a−b, b)
– INSTR MUL - multiplies the two values of the registers and stores the result

in r0. (a, b) → (a× b, b)
– INSTR NEG - negates the value in r0. (a, b) → (−a, b)
– INSTR INCR - increments the value in r0. (a, b) → (a+ 1, b)
– INSTR DOUBLE - doubles the value in r0. (a, b) → (2a, b)

The program is initialised such that x, the input, is in r0, while r1 is set to
0.

We create an SMT encoding for this problem as follows.
First, we alias each instruction to an integer, e.g., INSTR NOOP= 0, INSTR SWAP

= 1, INSTR ADD = 2, etc.
Then, we define small-step semantics relating the state of each instruction to

the next:

1: function InstrRelation(instr, input, output):
2: if (instr = INSTR NOOP) then output = (input.r0, input.r1)
3: else if (instr = INSTR SWAP) then output = (input.r1, input.r0)
4: else if (instr = INSTR ADD) then output = (input.r0 + input.r1,

input.r1)
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5: else if . . . ▷ additional instructions
6: else return false ▷ if the instruction is illegal

Then, we define a whole-program relation as follows, by defining intermediate
states and chaining the small-step semantics:

1: function FullRelation(input, output):
2: InstrRelation(instr0, (input, 0), s0)
3: and InstrRelation(instr1, s0, s1)
4: and InstrRelation(instr2, s1, s2)
5: . . . ▷ additional instructions
6: and InstrRelation(instrN, s(N-1), sN)
7: and output = sN.r0

Finally, we assert that the set of instructions chosen is correct for some desired
function f(x) as follows:

∀x ∈ BN : FullRelation(x, f(x))

This formulation exemplifies SMT’s ability to encode program synthesis as
constraint satisfaction [6, 1]. The solver systematically explores the combinato-
rial space of instruction sequences to find valid implementations. To synthesise,
we query this constraint system directly. To validate LLM solutions, we add
constraints fixing the instruction values to the LLM’s choices.

4.2.1 Results We define eight functions spanning from basic arithmetic to
complex operations like factorial and square root to test synthesis across di-
verse problem domains. Using SMT, we find valid LUT configurations for four
functions whilst proving no implementations exist within the architectural con-
straints for four others.

– abs: f(x) = |x|
– bitinversion: f(x) =∼ x (bit inversion)
– cubing: f(x) = x3

– factorial: f(x) = x!
– picktwo: f(x) = P (x, 2) = x(x− 1) (2-permutations of x, or the number of

ways to pick 2 objects from x)
– rrot: f(x) = x[0] || x[7 : 1] (rotate rightwards by one bit)
– sqrt: f(x) = ⌊

√
x⌋

– squaring: f(x) = x2

We summarise the results of this case study in Table 2.
Interpretation and Patterns: LLMs produced syntactically valid microcode

without hallucinating instructions, but consistently failed to implement target
functions correctly. Across 160 attempts (8 test cases, 20 iterations), only 2 so-
lutions achieved correctness (both for the squaring function) - yielding 1.25%
success despite iterative SMT feedback.10 The feedback mechanism proved inef-
fective: whilst SMT identified that a program computed x−1 instead of x(x−1)

10 The two successful LLM solutions required more instructions than SMT’s optimal
sequences.
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Testcase SMT run-
time (min)

SMT re-
sult

Correct
solns. (of
20)

Syntactic
errs. (of 20)

Logic errs.
(of 20)

abs 5 UNSAT 0 0 20

bitinversion <1 SAT 0 0 20

cubing <1 SAT 0 0 20

factorial 1.5 UNSAT 0 0 20

picktwo <1 SAT 0 0 20

rrot 3 UNSAT 0 0 20

sqrt 4 UNSAT 0 0 20

squaring <1 SAT 2 0 18
Table 2. A variety of functions to implement on the ALU and their respective synthesis
results and SMT runtimes (in minutes for readability; cf. Table 1 which uses millisec-
onds for sub-second runtimes). LLM columns show the number of attempts (out of
20 iterations per test case) that resulted in correct solutions, syntactic violations, or
functional logic errors, respectively.

for picktwo, LLMs could not translate functional discrepancies into corrective
instruction modifications. Failures included off-by-one errors and operand con-
fusion, demonstrating that gpt-4o in our experiments lacks symbolic reasoning
to map functional errors to instruction adjustments. Conversely, SMT consis-
tently found correct implementations or proved impossibility (UNSAT) within
minutes.

Limitations: We tested only 8 ALU functions, limiting statistical signifi-
cance. Better prompting, task selection, or intermediate verification might im-
prove outcomes, though LLMs showed both creativity and unreliability.

Qualitative Illustration: Here are example programs generated in this test
case:

– Correct LLM-generated squaring program: INSTR SWAP, INSTR ADD, INSTR SWAP,

INSTR MUL

– Correct SMT-generated squaring program: INSTR SWAP, INSTR ADD, INSTR MUL

It is noteworthy that SMT coincidentally found a shorter program whereas
the LLM-generated program is longer, even though it is also correct.

– Correct SMT-generated picktwo program: INSTR SWAP, INSTR ADD, INSTR MUL,

INSTR SUB

– Incorrect LLM-generated picktwo program: INSTR SWAP, INSTR INCR, INSTR SWAP,

INSTR SUB, INSTR SWAP, INSTR MUL

The SMT-generated program is correct-by-construction due to synthesis [20,
40, 53, 49]. To demonstrate this concretely, we now analyse both the correct
SMT solution and the incorrect LLM solution for the picktwo function, which
computes f(x) = x(x− 1) (the number of 2-permutations of x objects).

SMT-generated solution (correct): Walking through each instruction

step-by-step: (x, 0)
SWAP−−−−→ (0, x)

ADD−−−→ (x, x)
MUL−−−→ (x2, x)

SUB−−−→ (x2 − x, x).
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Since the final result is stored in r0, we obtain x2 − x = x(x − 1), which is
correct.

LLM-generated solution (incorrect): Walking through the LLM’s in-

struction sequence step-by-step: (x, 0)
SWAP−−−−→ (0, x)

INCR−−−−→ (1, x)
SWAP−−−−→ (x, 1)

SUB−−−→
(x − 1, 1)

SWAP−−−−→ (1, x − 1)
MUL−−−→ (1 × (x − 1), x − 1). The final result in r0 is

1× (x− 1) = x− 1, which is incorrect. The LLM obtained x− 1 instead of the
required x(x− 1), demonstrating its failure to maintain the correct relationship
between operands throughout the computation.

4.3 Protocol Converter

We now explore a case study comparing direct vs modular LLM approaches. The
task involves designing a protocol converter connecting a core’s 128-bit input
bus to two peripherals, each consuming 128-bit messages via 32-bit buses. All
ports use ready-valid/decoupled protocols [27, 17], comparable to “read/write
blocking” dataflow process networks (DPNs) [32]11.

The protocol converter should route messages to output port 0 or 1 based
on the message’s least significant bit (LSB), incorporate FIFOs to prevent input
blocking, and consider area/power/throughput trade-offs.

The converter uses three component types to achieve message routing and
format conversion:

– Demuxer: This is a combinational demuxer which routes the input message
to the particular output port depending on its LSB. If LSB=0, route to port
0; otherwise, if LSB=1, route to port 1.

– FIFO: A FIFO queue buffers data to prevent blocking upon data receipt from
the input. The trade-off is that enlarging the FIFO will result in less input
blocking and higher throughput, but increased area and power consumption.

– Serializer: Divides a 128-bit message into 32-bit segments. It sends out 32
bits per cycle. For an input to be fully processed, all four parts of the output
must be consumed.

4.3.1 SMT Scalability Boundary Unlike our SMT-tractable case studies
- Function Mapping (8-bit inputs, 256 combinations) and ALU (7 bounded in-
structions, ∼50K configurations) - the Protocol Converter crosses a scalability
boundary:

– Scale: 128-bit inputs (2128 possible values) versus 8-bit inputs (256 values)
– State complexity: Multi-cycle stateful execution with FIFO queues and

ready-valid handshaking creates ∼ 2200+ possible states [30]
– Non-determinism: Ready-valid protocols introduce combinatorial explo-

sion in handshake interleavings

11 Classical Kahn DPNs are write non-blocking as they assume infinitely large queues
which is unrealistic for hardware.
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This could exceed current solver capabilities [52, 14, 30]. We employ industry-
standard simulation-based verification to confirm correctness in tested scenarios.
Potential formal verification approaches are discussed in Section 6.2.

Optimisation
Goal

ApproachTool
Feed-
back?

Best
Gate
Count

Best
Cycle
Count

Size Modular No 545 24
Size Modular Yes 1086 24
Size Raw RTL No N/A N/A
Size Raw RTL Yes 475* 24
Throughput Modular No 1690 16
Throughput Modular Yes 1690 16
Throughput Raw RTL No N/A N/A
Throughput Raw RTL Yes 384 25

Table 3. LLM synthesis results for the protocol converter

We tested LLMs under varying conditions: optimisation objectives (size vs.
throughput), synthesis approaches (modular vs. raw RTL), and tool feedback
availability. We elaborated generated Chisel [8] designs to Verilog, tested func-
tionality via testbench simulation, and synthesised using Yosys for gate counts.
For this case study, we verified correct routing logic through a simulation-based
testbench rather than exhaustive formal validation, checking that messages were
properly demultiplexed based on their LSB and transmitted through the appro-
priate serialisers. We excluded SMT baselines due to scalability limitations for
complex RTL circuits [30, 12, 31], focusing instead on LLM-testbench compar-
isons, with formal verification extensions discussed in Section 6.2.

Table 3 shows that modular approaches outperformed raw RTL, with the
latter failing to produce compilable designs in two scenarios (marked “N/A”).12

Tool feedback proved essential for raw RTL success whilst showing minimal
impact on modular approaches. Importantly, LLMs successfully distinguished
between optimisation objectives, producing designs tailored for size or through-
put.

For illustration, the correct modular approach produced clean component
instantiation and connectivity:

val demuxer = Module(new Demuxer(width=128))
val fifo0 = Module(new FIFO(width=128, entries=8))

val fifo1 = Module(new FIFO(width=128, entries=8))

val serializer0 = Module(new Serializer(inputWidth=128,

outputWidth=32))↪→

12 One instance where raw RTL achieved a smaller gate count may reflect a fortuitous
initial guess requiring additional verification.
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val serializer1 = Module(new Serializer(inputWidth=128,

outputWidth=32))↪→

input <> demuxer.in

demuxer.out0 <> fifo0.in

demuxer.out1 <> fifo1.in

fifo0.out <> serializer0.input

fifo1.out <> serializer1.input

serializer0.output <> output0

serializer1.output <> output1

In contrast, the failed raw RTL approach exhibited fundamental syntax errors
and misconceptions:

// Split input into four 32-bit chunks
val chunks = VecInit(Seq(

input.bits(31, 0), input.bits(63, 32), input.bits(95, 64),

input.bits(127, 96)↪→

))

// FIFOs for buffering output data

val fifo0 = Module(new Queue(UInt(32.W), 16))

val fifo1 = Module(new Queue(UInt(32.W), 16))

// Track which chunk index is currently being processed

val chunkCounter = RegInit(0.U(2.W))

// Determine the output port based on the LSB of the message

val targetFifo = if (input.bits(0) === 1.U) fifo1 else fifo0

// Determine if input should be accepted for processing

val canQueueAllChunks = fifo0.io.enq.ready && fifo1.io.enq.ready

input.ready := canQueueAllChunks

when(input.valid.ready)

5 Discussion

Our experimental results reveal a performance gap between LLMs and SMT
solvers in hardware synthesis tasks. LLM failures were systematic across all test
cases, with successes remaining superficial, improving syntactic correctness with-
out achieving functional goals. Despite prompt engineering (10-20 hours per case
study, Section 3) and iterative tool feedback (up to 20 iterations, Section 3.4),
LLMs achieved 0% correctness in Function Mapping and 1.25% in ALU tasks (2
of 160 attempts).

Crucially, SMT-based counterexample feedback (providing specific failing
input-output pairs) failed to improve LLM performance, revealing that exhaus-
tive validation does not equate to effective improvement guidance. SMT solvers,
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conversely, consistently produced correct, verifiable solutions within reasonable
runtime when used for direct synthesis. Primary LLM failure modes were: (1)
incorrect logic despite counterexample feedback, (2) inability to propagate con-
straints from concrete failures to parameter corrections, and (3) invalid syntax
(wrong bit-widths, invalid Chisel syntax).

These patterns suggest a fundamental mismatch between gpt-4o’s natural-
language training and the constraint propagation required for digital design syn-
thesis in our tasks. Whilst LLMs parse counterexamples and understand that
”input (5,2) produces wrong output”, they lack explicit mechanisms to map con-
crete failures to parameter corrections. This explains why the naive LLM-SMT
feedback loops in our evaluation prove ineffective: validation identifies errors but
cannot guide correction without explicit constraint propagation.

SMT solvers, by contrast, leverage decades of progress in constraint solv-
ing [12] to provide systematic exploration of the solution space with mathemat-
ical guarantees. Their practicality is already demonstrated through deployment
in industrial processor verification workflows [30]. For safety-critical applications,
our results suggest using SMT for direct synthesis rather than purely as itera-
tive LLM refinement, as validation capabilities do not necessarily translate to
improvement effectiveness.

Rather than precluding LLM involvement entirely, these complementary strengths
suggest hybrid methodologies using both approaches. Future work might improve
LLM-SMT integration by: (1) using LLMs for high-level architectural decisions
whilst delegating low-level constraint satisfaction to SMT, or (2) fine-tuning
LLMs on counter-example-to-correction mappings to develop constraint prop-
agation capabilities. Such methods could address two major EDA challenges:
heuristic complexity and verification difficulty. LLMs excel in heuristics and
natural language understanding but lack correctness guarantees, whilst formal
methods ensure correctness but struggle with heuristic exploration. Incorpo-
rating formal specifications could avoid many correctness issues in LLM ap-
plications [42], leveraging natural language capabilities whilst ensuring formal
guarantees, provided constraint propagation limitations are addressed.

However, realising such hybrid approaches introduces significant practical
challenges. They require explicit natural-language descriptions and formal spec-
ifications of system modules, plus models to evaluate design costs (power, area,
and cell count). Previous works such as Clover [57] and [35] suggest using agents
to automatically generate natural-language descriptions for multi-agent integra-
tion. Approaches like [33] could offer efficient initial cost evaluation without full
EDA tool execution. Future hybrid approaches must balance designer accessi-
bility (formal specifications demand greater expertise than natural language)
against correctness guarantees. Moreover, correctness checking and cost evalua-
tion [61, 62] impose substantial computational overhead.

These implementation challenges notwithstanding, our evaluation establishes
principles for reliable AI-assisted hardware design. Beyond the specific validation-
improvement gap identified earlier, understanding when traditional heuristic ap-
proaches underperform remains crucial for effective deployment [29]. Our focus
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on synthesis stages leaves backend implementation challenges like place-and-
route optimisation unaddressed, where physical constraints and timing closure
introduce additional complexity that merits separate investigation. Whilst hy-
brid methods cannot address all synthesis challenges - particularly those with
significant abstraction gaps between high-level specifications and low-level imple-
mentations [59] - our systematic evaluation provides empirical guidance for prac-
titioners: leverage LLMs for architectural exploration and natural language in-
terpretation, but rely on formal methods for correctness-critical synthesis rather
than iterative refinement.

6 Future Work

6.1 Proposed Case Study: LLM-Advantaged Tasks

Whilst our current evaluation examines domains where SMT excels (Boolean
logic synthesis, instruction mapping), we acknowledge that the presented bench-
marks do not showcase scenarios where LLMs might demonstrate advantages.
Within the scope of this study, we prioritised establishing a rigorous baseline
evaluation in domains amenable to formal verification, leaving LLM-advantaged
case studies for future work where equivalent verification methodologies can be
developed. To address this gap, we propose some future case studies which might
lend themselves to LLMs in areas where SMT-based approaches face significant
challenges.

Unbounded-Loop Microcode Generation:Unlike the bounded 7-instruction
ALU sequences in our current evaluation, generating microcode for algorithms
requiring unbounded iteration presents challenges for SMT-based approaches.
Whilst SMT excels at bounded problems, unbounded verification requires either
explicit loop unrolling (limiting completeness) or inductive invariant synthe-
sis (computationally expensive) [31, 52]. This limitation suggests investigating
whether LLMs’ pattern recognition from training on iterative algorithms could
complement SMT’s verification capabilities [41].

Architecture Extraction from Narrative Specifications: Consider “De-
sign a memory hierarchy for a mobile graphics processor prioritising power ef-
ficiency, supporting texture streaming for 4K displays, and degrading grace-
fully under thermal constraints”. Such specifications contain implicit trade-offs
and domain terminology that resist formalisation. LLMs’ natural language un-
derstanding enables parsing these narratives, identifying architectural compo-
nents (cache hierarchies, power management, thermal throttling), and proposing
system-level configurations - capabilities that SMT solvers lack, as they require
explicit mathematical constraints and cannot handle semantic ambiguity.

6.2 Formal Verification of Complex RTL Designs

As detailed in Section 4.3.1, the Protocol Converter represents a fundamen-
tal scalability boundary where current SMT techniques face limitations due to
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state explosion from 128-bit inputs, stateful multi-cycle execution, and non-
deterministic ready-valid handshaking.

Future work could investigate compositional verification and abstraction tech-
niques. Word-level model checking using the BTOR2 format [47] offers a promis-
ing direction. SMT-based bounded model checking tools like Pono [37] and
CBMC [16] could verify bounded executions of protocol converters, whilst abstraction-
refinement techniques could handle larger state spaces [30]. Additionally, modu-
lar SMT encodings that verify individual components before composition could
scale better than monolithic approaches, following assume-guarantee reasoning
patterns established in hardware verification [13].

6.3 Other Directions

Future work could expand support for additional agents, such as testbenches
and fuzzers, to enhance testing robustness and versatility. The framework could
generate not only architecture instances but also generators themselves, offering
greater design adaptability. Another promising direction involves integrating for-
mal verification collateral generation, as suggested by existing research [44, 25],
to ensure rigorous validation and reliability.

Further exploration could focus on domain-specific design, including clock
gating, power gating, and dynamic voltage and frequency scaling (DVFS), with
custom agents and optimisers. Developing new building blocks and abstractions
will enhance modularity and expand application scope. Additionally, traditional
heuristic optimisation engines guided by LLMs could yield novel insights and
improved efficiency.

Extending our synthesis-focused evaluation to consider backend steps such
as place-and-route would provide a more complete assessment of LLM capabili-
ties across the full implementation flow. Such integration could leverage LLMs’
pattern recognition for floorplanning heuristics whilst maintaining formal verifi-
cation for timing closure validation.

6.4 Artefact Availability

A public artefact available at https://zenodo.org/records/19326189 con-
tains machine-readable prompt templates and SMT-LIB benchmarks.

For further reproducibility and completeness, we plan to provide an extended
technical report on arXiv including additional prompt documentation and de-
tailed experimental setup.
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