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ABSTRACT

Compiler diagnostics are crucial in coding agent workflows. However, there are no systematic
approaches to evaluate compiler diagnostics for Al coding agents. This thesis proposes the CA-
NARY method: a temperature sweep which leverages the power of language models to evaluate
compiler diagnostics for Al coding agents automatically. CANARY evaluates compiler diagnostics
on two axes: descriptiveness (explaining what is wrong) and prescriptiveness (how to fix it). I
apply CANARY to compiler auto-vectorization diagnostics. First, I show that coding agents suc-
ceed 2.8x more often when they have compiler auto-vectorization diagnostics. Second, I use data
from CANARY experiments to improve auto-vectorization compiler diagnostics in Clang. This the-
sis shows that it is possible to evaluate compiler diagnostics for Al coding agents automatically,

paving the way for language-model-based approaches to improving them.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

Modern Al coding agents operate in tight feedback loops with their tools. Prior work shows that
tool calling is essential for Al agents’ task performance [1, 2]. Based on this fact, coding agent
harnesses like Claude Code, Codex, and Copilot expose tools for large language models to compile
code, lint programs, run tests, or execute arbitrary shell commands. This feedback loop between
Al coding agents and tools is indispensable for writing code [2].

Coding agents use compilers specifically to get immediate feedback on what code they gener-
ated. Prior work for code generation puts compiler feedback in iterative agent workflows to im-
prove LLM-generated code [3, 4, 5]. Compiler feedback is crucial. It grounds inherently stochastic
language models in deterministic static analysis, preventing them from indulging in semantic hal-
lucinations or prematurely declaring success in tasks [6].

Even though coding agents will continue consuming more and more compiler diagnostics while
generating code, we lack a method to evaluate the quality of compiler diagnostics in the context
of Al coding agents. Prior works like Barik et al. [7] and Becker et al. [8] provide frameworks to
evaluate compiler diagnostics for human software engineers which might not work for Al coding
agents. Whether a diagnostic has a complete argument structure [7], or is concise and uses simple
language [8] might not matter to a coding agent that behaves in a fundamentally different way from
a human software engineer. First, the way a diagnostic is worded does not relate to whether the
diagnostic is correct or incorrect. Second, whether a diagnostic is readable or concise for humans
might not be relevant for an Al agent. After all, Al agents are different from human engineers.
They are capable of quickly parsing vast amounts of diagnostic text in a fraction of the time it
would take a human in some situations, but make surprisingly basic mistakes in others.

To fill this gap, this thesis introduces the CANARY method. CANARY is a ‘temperature sweep’:

it uses the behavior of language models at different temperatures to inform diagnostic design for



Al coding agents. Models that are trained for instruction-following listen to suggestions in the
prompt very closely at low temperatures, whereas models at higher temperatures are more ‘cre-
ative’, deriving necessary actions from the problem description provided by a diagnostic.

I apply CANARY to automatic vectorization diagnostics. The auto-vectorizer is an optimiza-
tion pass in a compiler that takes independent iterations in a loop that use scalar instructions and
replaces them with vector instructions that process multiple iterations simultaneously using spe-
cialized hardware. The challenge lies in transforming loops written in C to fit patterns that com-
pilers can automatically vectorize. For instance, the compiler can automatically vectorize the code
snippet in Figure 1.1 because no iterations in the loop touch overlapping memory locations. In
this case, the compiler will emit an auto-vectorization diagnostic indicating that it successfully
vectorized the loop. However, there are more difficult cases, like in Figure 1.2, where there is
a data dependence between the read from a [i+1] in the ith iteration and the write to a[i] in
the ¢ + 1th iteration. An Al coding agent could break this dependence by making a temporary
copy of a[i1+1] before Line 8, as depicted in Figure 1.3. Because of these challenges, automatic
vectorization is frequently used in academic literature to evaluate coding agents in the context of

performance engineering with compiler assistance [3, 6, 5, 4, 9, 10].

float a[LEN_1D]; 1| Pass: loop-vectorize
float L[LEN_1D]; 2| Name : Vectorized
float c[LEN_1D]; 3| DebugLoc: File: tsvc.c, Line: 3344,
| Column: 9
float vtvtv () { 5| Function: vtvtv
for (int i = 0; i < LEN_1D; i++) 6| Args: vectorized loop
ali] = al[i] %= b[i] *» c[i]; 7 (vectorization width: 8,
return 0.; 8 interleaved count: 4)
}

Figure 1.1: The vtvtv TSVC kernel & the corresponding Clang vectorization remark. Clang
automatically vectorizes the loop because no iterations touch overlapping memory locations. Iter-
ation i only touches a[i], b[i], and c[i]. Iteration i+1 only touches a[i+1], b[i+1], and c[i+1], so on
and so forth.

This thesis argues that:
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{
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Args:

loop-vectorize

UnsafeDep

File: tsvc.c, Line: 838,
Column: 21

5212

loop not vectorized: unsafe
dependent memory operations
in loop. Use #pragma clang
loop distribute (enable) to
allow loop distribution to
attempt to isolate the
offending operations into a
separate loop’ Backward loop
carried data dependence."
Memory location is the same
as accessed at tsvc.c:837:13.

Figure 1.2: The s212 TSVC kernel. There is a data dependence between the read from a [1+1]
in the ith iteration and the write to a [1] in the ¢ + 1th iteration. An Al coding agent could break
this dependence by making a temporary copy of a [i+1] before Line 8.

float a[LEN_1D];
float b[LEN_1D];
float c[LEN_1D];
float d[LEN_1D];

float s212() {
for (int i = 0; 1 < LEN_1D - 1;
float temp_a = al[i + 1];
af[i] *= c[i];
b[i] += temp_a * d[i];
}
return O.;

}

i++)

{

Pass:
Name:

DebugLoc:

Function:

Args:

loop-vectorize

Vectorized

File: tsvc.c, Line: 836,
Column: 9

s212

vectorized loop (vectorization
width: 8, interleaved count: 2)

Figure 1.3: The s212 TSVC kernel with a temporary copy of a[i + 1] on Line 8. This breaks
the data dependence in Figure 1.2.

The temperature sweep provides a signal for the quality of compiler auto-vectorization
diagnostics, and diagnostics designed with this signal in mind can improve coding agent

success rates on tasks to enable auto-vectorization.

This thesis requires answering two separate questions.

First, Al coding agents might not benefit from compiler auto-vectorization diagnostics. Perhaps

the large language models are so powerful that they can enable auto-vectorization of a loop without

a compiler’s assistance. This raises the following research question:




Do coding agent success rates on enabling auto-vectorization significantly increase when

coding agents have access to compiler auto-vectorization diagnostics?

I answer this question with a resounding yes in Chapter 2. I show that Al coding agents’ task
success rate shows a statistically significant improvement when they are given compiler diagnos-
tics.

Second, I must determine whether it is possible to use the signal from a temperature sweep to

improve compiler auto-vectorization diagnostics.

Does the temperature sweep provide a signal for evaluating the quality of compiler
auto-vectorization diagnostics that can be used to design diagnostics to improve coding

agent success rates on enabling auto-vectorization?

I apply the CANARY method to evaluate compiler auto-vectorization diagnostics. With this
information, I improve an auto-vectorization diagnostic and show the improvement helps coding
agents.

The remainder of this thesis is organized as follows. Chapter 2 explains the motivation for
improving compiler diagnostics for Al coding agents. Chapter 3 describes what descriptiveness
and prescriptiveness are by example. Chapter 4 then explains CANARY and evaluates existing
compiler auto-vectorization diagnostics using the technique. Chapter 5 improves compiler auto-
vectorization diagnostics using CANARY. Chapter 6 discusses the limits and the promises of CA-

NARY. Chapter 7 discusses the method in relation to prior work. Chapter 8 concludes.



CHAPTER 2
AI CODING AGENTS NEED BETTER COMPILER DIAGNOSTICS

I begin by showing why improving compiler diagnostics helps Al coding agents succeed more
often. First, I review some prior work that shows compiler diagnostics improve code generation.
Second, I show that compiler diagnostics significantly increase how often Al coding agents succeed

on automated performance engineering tasks.

2.1 Prior Work

Deo et al. [6] show that the bottleneck for Al coding agents’ task performance is not model ca-
pability, but diagnostic quality. Their method evaluates an Al coding agent on transforming code
to enable compiler auto-vectorization, and finds that compiler diagnostics improve agent perfor-
mance on both Intel and Clang C compilers. The agent achieves a 3.3x success rate with Clang’s
diagnostics and 2.9x with Intel’s compared to an agent without diagnostics.

However, the effects of individual diagnostics are not uniform. Each has a different effect
and they vary across temperatures. For instance, Intel’s ‘Output Dependence’ compiler diagnostic
achieved a 26% improvement at 7' = 0.8 and Intel’s ‘Multiple Exits’ compiler diagnostic achieved
a 22% improvement at 7' = 0.2.

There are two limitations to prior work. First, it only uses an older model (Qwen2.5-Coder-
7B). Second, it does not demonstrate that compiler diagnostics lead to a statistically significant

performance difference. I build on prior work in the next section.

2.2 Compiler Diagnostics Make a Significant Difference

I extend these experiments to a newer model (Qwen3-Coder-30B-A3B) and show that compiler

diagnostics do lead to a significant difference in the agent’s performance.



Experiment setup: In one trial, I tell an Al coding agent to perform a source-to-source trans-
formation of a C kernel in the TSVC benchmark [11]. There are 100 total trials. The agent is model
Qwen3-Coder-30B-A3B set at temperature 7' = 0.8. The prompts used are in Appendix, List-
ing A.2. The compiler is Clang 21.1.8, with ~-O3 -march=native -fsave-optimization-record.
' I run this experiment where the prompt has compiler auto-vectorization diagnostics, and where
the prompt does not have diagnostics. The coding agent succeeds if the modified TSVC kernel
triggers compiler automatic vectorization.

Quantitative results: Without diagnostics, the coding agent’s overall success rate is 5.48%.
With diagnostics, the coding agent’s success rate increases to 15.15% (2.8x success rate). I apply
a paired t-test in Table 2.1 to show a significant change in success rate. Each pair compares a
function’s success rate with and without a diagnostic. I find a p-value of p = 0.0032. I can

claim that Al coding agents succeed significantly more often when compiler diagnostics are in the

prompt.
Paired t-test Sign test
Kernels (n) 62 Diagnostic helps 10
Mean delta  4-0.0966 Diagnostic hurts 4
t 3.07 No change 48
D 0.0032 p (two-sided) 0.18

Table 2.1: A paired t-test and sign test. The paired t-test shows a statistically significant improve-
ment from introducing compiler diagnostics, and the sign test shows the breakdown of gains from
introducing compiler diagnostics. The reason the two tests disagree on significance is because the
number of ties underpowers the sign test.

I also applied a sign test in Table 2.1. 10 functions succeed more with compiler diagnostics, 4
succeed less, and 48 are ties. The sign test is not statistically significant because it is underpowered.
After all, there are 48 ties. This shows that the effect of compiler diagnostics is not uniform - 10
functions benefit from compiler diagnostics, and 4 regress.

Qualitative analysis: Next, I investigate exactly how different diagnostics can affect coding

I'There is one change. There are several different optimization remark infrastructures in Clang, like Rpass and
structured YAML output. In one case, Rpass recommends #pragma clang loop vectorize (enable). I
append these recommendations to the YAML output.

10



agents’ success rates. Certain diagnostics are clearly helpful for the coding agent. On 3 out of
10 functions that had a positive difference with compiler diagnostics in TSVC, the compiler emit-
ted the optimization remark CantReorderFPOps. This optimization remark indicates that different
floating-point operations cannot be reordered, because floating-point operations are not associative.
This optimization remark explicitly recommends inserting ‘#pragma clang loop vectorize(enable)’
above a loop header in order to signal that these operations can be safely reordered. In the ker-
nels where this diagnostic was emitted, the coding agent frequently inserted this pragma, which
resolved the vectorization blocker.

However, some diagnostics are actively detrimental to coding agents. 2 functions that succeed
less with diagnostics emit a diagnostic named ‘NonReductionValueUsedOutsideLoop’ because of
an induction variable in the loop. Clang fails to compute a closed form expression for the induction
variable, so it cannot automatically vectorize the loop. In these cases, the diagnostic does not
describe the problem at all.

For example, in Figure 2.1, the induction variable im1 has a closed form expression: (LEN_1D
+ 1 - 1) % LEN_1D. In this case, the diagnostic worsens performance because it misleads the
coding agent towards solutions that construct a reduction pattern or motivates it to be more conser-
vative by merely inserting the compiler hint #pragma clang loop vectorize (enable)

above a loop instead of computing the closed form expression of the induction variable.

float s291 (args_t xfunc_args) { 1| Pass: loop-vectorize
int iml; 2| Name : NonReductionValueUsedOutsideLoop
iml = LEN_1D - 1; 3| DebugLoc: File: tsvc.c,
for (int i = 0; i < LEN_1D; i++) { 4 Line: 1841, Column: 9
ali] = (b[i] + b[iml]) = (float).5; 5| Function: s291
iml = 1i; 6| Args: loop not vectorized: value that
} 7 could not be identified as
return O0.; 8 reduction is used outside the
} 9 loop

Figure 2.1: The s291 C kernel in TSVC and the corresponding Clang analysis remark explaining
why it was not vectorized.

Compiler diagnostics increase Al coding agents’ task performance, but they must be designed
properly, otherwise they are actively detrimental. The remainder of this thesis explores how we

should evaluate and improve compiler diagnostics.

11




CHAPTER 3
DESCRIPTIVENESS AND PRESCRIPTIVENESS BY EXAMPLE

3.1 Descriptiveness and prescriptiveness

CANARY measures a descriptiveness flag and a prescriptiveness score for compiler diagnostics.
The prescriptiveness score represents how much a diagnostic improves an Al coding agent’s suc-
cess rate at a low temperature. The descriptiveness flag indicates whether a diagnostic improves
the agent’s success rate more at a higher temperature than at the low temperature. This information
can help compiler engineers refine their diagnostics to be more helpful for Al coding agents who
will consume their tool’s diagnostics more and more in the coming years.

I will now give an informal description of the notion of descriptiveness and prescriptiveness to
help the reader understand what the CANARY method results mean for diagnostic design decisions.
Informally, prescriptiveness is how much a diagnostic suggests a solution, and descriptiveness is
how much actionable insight is exposed by the diagnostic that is not suggested as a solution. It
requires some additional creativity to act on some descriptive content in a diagnostic, whereas
prescriptive diagnostics can be acted on algorithmically. In this chapter, I give an understand-
ing of descriptiveness and prescriptiveness by inspecting examples of compiler auto-vectorization

diagnostics.

3.2 Example: UnsafeDep Diagnostic

The UnsafeDep auto-vectorization diagnostic says that a dependence between one memory
instruction and another memory instruction in a loop makes it unsafe to execute multiple iterations
of the loop in parallel using vector instructions. It also suggests inserting #pragma clang
loop distribute (enable) before the loop.

UnsafeDep has bad prescriptive messaging but good descriptive messaging. At first glance,

12



float a[LEN_1D]; 1| Pass: loop-vectorize
float L[LEN_1D]; 2| Name: UnsafeDep
float c[LEN_1D]; 3| DebugLoc: File: tsvc.c, Line: 1065, Column: 27
float d[LEN_1D]; 4| Function: s241
5| Args: loop not vectorized: unsafe dependent
float s241 (args_t *func_args) { 6 memory operations in loop. Use #pragma
for (int i1 = 0; 1 < LEN_1D - 1; i++) { 7 clang loop distribute (enable) to allow
ali] = b[i] * c[i] = d[i]; 8 loop distribution to attempt to isolate
b[i] = a[i] * a[i + 1] = d[i]; 9 the offending operations into a separate
} 10 loop Backward loop carried data
return O.; 11 dependence. Memory location is the same
} 12 as accessed at tsvc.c:1064:13.

Figure 3.1: The s241 TSVC kernel & the corresponding Clang vectorization remark.

you might think that UnsafeDep is highly prescriptive because it contains an explicit suggestion:
Use #pragma clang loop distribute (enable) to allow loop distribution. However,
#pragma clang loop distribute (enable) fails to automatically perform loop distri-
bution on s241 and every other loop in TSVC !. Put concretely, this prescription is misleading.
UnsafeDep is highly descriptive of the problem in loop s241. The issue blocking automatic
loop vectorization in Figure 3.1 is a backward write-after-read dependence. On Line 9 in Fig-
ure 3.1, there isaread from a[i + 1]. On Line 8 in Figure 3.1, there is a write to a [1]. There
is a data dependence that requires the read from a[1 + 1] to execute before the write to a[1],
which means the ith iteration must execute before the ¢ + 1th iteration of the loop. Equipped with
this insight into the problem, a creative coding agent might propose a valid solution. The most
effective repair is to make a temporary of a[1 + 1] before Line 8, which would break the back-
ward dependence. This repair is depicted in Figure 3.2. This is a well-known technique to break

false data dependencies like write-after-write or write-after-read dependencies called privatization.

3.3 Example: CantReorderFPOps Diagnostic

The CantReorderFPOps diagnostic in Figure 3.3 states that the loop cannot be vectorized be-
cause floating-point operations cannot be safely reordered by default. The underlying reason is

that floating-point arithmetic is not associative. The diagnostic also suggests inserting #pragma

'The compiler says loop distribution is wunsafe when 1 insert #pragma clang loop
distribute (enable) on any loop in TSVC compiled with Clang 21.1.8 with compiler options —03
-march=native.

13




I | float a[LEN_1D];
2 | float b[LEN_1D];
3 | float c[LEN_1D];
4 | float d[LEN_1D];

5 | float s241 (args_t xfunc_args) {

6 for (int i = 0; i < LEN_1D - 1; i++) {
7 float temp_a = al[i + 1];

8 ali] = b[i] = c[i] = d[i];

9 b[i] = a[i] * temp_a » d[i];
10 }

1 return 0.;

I
12 |}

Figure 3.2: The repaired s241 TSVC kernel.

float a[LEN_1D]; 1| Pass: loop-vectorize
2| Name: CantReorderFPOps
float vsumr (args_t =*func_args) { 3| DebugLoc: File: tsvc.c, Line: 3366,
float sum; 4 Column: 17
sum = 0.; 5| Function: vsumr
for (int i = 0; 1 < LEN_1D; i++) { 6| Args: loop not vectorized: cannot
sum += af[il; 7 prove it is safe to reorder
} 8 floating-point operations;
9 allow reordering by specifying
return sum; 10 "#pragma clang loop
} 11 vectorize (enable)’ before the
12 loop or by providing the
13 compiler option ’-ffast-math’

Figure 3.3: The vsumr TSVC kernel & the corresponding Clang vectorization remark.

clang loop vectorize (enable) before the loop, or by providing the compiler option
—-ffast-math which relaxes the restriction on floating point arithmetic.

The CantReorderFPOps diagnostic has good descriptive messaging and good prescriptive mes-
saging. Itis descriptive because it diagnoses the exact vectorization blocker in the vsumr kernel in
Figure 3.3: floating-point operations in a reduction operation cannot be reordered. It is prescriptive
since the diagnostic also proposes two correct solutions to the issue. Such actionable feedback can

be directly applied by instruction-following models.

3.4 Example: NonReductionValueUsedOutsideLoop Diagnostic

The NonReductionValueUsedOutsideLoop diagnostic (see Figure 2.1) says that there is a variable
in a loop that does not fit a standard reduction pattern, so the compiler cannot automatically vec-
torize it. While technically correct, the diagnostic provides very limited insight into the problem

blocking vectorization. The NonReductionValueUsedOutsideLoop diagnostic is not descriptive or

14



prescriptive.

3.5 Example: WritesInEarlyExit Diagnostic

float a[LEN_1D]; 1| Pass: loop-vectorize
float bL[LEN_1D]; 2| Name: WritesInEarlyExitLoop
float c[LEN_1D]; 3| DebugLoc: File: tsvc.c, Line: 2939,
float d[LEN_1D]; } Column: 9
5| Function: s481
float s481 (args_t *func_args) { 6| Args: loop not vectorized: Cannot
for (int i = 0; 1 < LEN_1D; i++) { 7 vectorize early exit loop
if (d[i] < (float)O0.) { 8 with writes to memory

exit (0);

afi]l += bli]l * c[i];
}

return 0.;

Figure 3.4: The s481 TSVC kernel & the corresponding Clang vectorization remark.

The WritesInEarlyExitLoop diagnostic explains that the compiler cannot vectorize a loop that
might exit if that loop also has writes to memory. This provides extremely clear insight into
the problem blocking vectorization. Any coding agent could easily distribute the conditional exit
and the arithmetic operations into two separate loops to enable compiler auto-vectorization like
in Figure 3.5 . This diagnostic has good prescriptive messaging because of how actionable the
diagnostic is. Note that a diagnostic can have prescriptive messaging even if there is not an explicit

suggestion in the text of the diagnostic.

| | float a[LEN_1D]
2 | float b[LEN_1D]
3 | float c[LEN_1D]
4 | float d[LEN_1D]

’
2
’

2

6 | float s481 (args_t xfunc_args) {

7 for (int i = 0; 1 < LEN_1D; i++) {
8 if (d[i] < (float)0.) {

9 exit (0);

10 }

11 }

12 for (int i = 0; i < LEN_1D; i++) {
13 afi] += b[i] * c[i];

14 }

15 return O0.;

Figure 3.5: The repaired s481 TSVC kernel.
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CHAPTER 4
THE CANARY METHOD

Now that we have an understanding of descriptiveness and prescriptiveness, I introduce a procedure
to evaluate these properties in compiler diagnostics. This thesis proposes CANARY: a temperature
sweep to investigate the descriptiveness and prescriptiveness of a compiler diagnostic. First, |
define what a temperature sweep is in general, beyond this individual compiler auto-vectorization
case study. Second, I discuss how to deploy the CANARY method to investigate compiler auto-
vectorization diagnostics. Third, I evaluate existing compiler auto-vectorization diagnostics using

this technique.

4.1 What does temperature have to do with descriptiveness and prescriptiveness?

A large language model’s output is a series of logits. This series of logits is put through a softmax
to convert it into a distribution over the next token. Temperature 7" > 0 is a parameter that divides
a language model’s logits before the softmax. Lower 7" makes the next-token distribution sharper

(or more deterministic), and higher 7" makes it flatter (more random).

exp(zi/T)

= T\ 4.1
S exp(5/T) @D

Di

Temperature is a rough proxy for ‘creativity’. Increasing the randomness of sampling from
a token distribution also broadens the diversity of a language model’s responses. Higher tem-
peratures let the model explore beyond its single most likely next token, which can surface less
run-of-the-mill solutions [12].

If a diagnostic has explicit prescriptions in it, then a model at a low temperature is very likely
to select next tokens that follow that prescriptive messaging. It requires further exploration of the

solution space for an Al agent to surface solutions from descriptive messaging. That is more likely
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to happen at higher temperatures.

4.2 CANARY Temperature Sweeps

C/C++ Program

Diagnostic

\:[Agent @HSuccess/Fail]

ABLATE? YES OR NO.

N times

N times

(1) (2)

Success Count
(With Diagnostic)

Success Count
(Ablate Diagnostic)

\

—

a—

(3

A Success Count

DESCRIPTIVE +

'
. '
/ .

(4)

PRESCRIPTIVE ----
< >
Lo Temperature Hi

Figure 4.1: A temperature sweep. In the ablation study, an agent is given a C program (and
sometimes a diagnostic), and the agent can either succeed or fail. This workflow is run 100 times.
We count successes with the diagnostic and successes without the diagnostic. A success rate delta
between the number of successes with the diagnostic and
without. Using this information, we compute a prescriptiveness score and a descriptiveness flag.

is computed by taking the difference

A temperature sweep is a method for isolating the effect of a diagnostic on a language model’s

task performance, and observing its effect across different language model temperatures. It has

four steps depicted in Figure 4.1. (1)

It measures the number of successes of an Al agent with a
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compiler diagnostic across different temperatures. (2) It measures the number of successes of an
Al agent without a compiler diagnostic across different temperatures. (3) It generates a success
rate delta for a diagnostic, by subtracting the number of successes without the diagnostic from the
number of successes with the diagnostic. (4) We do steps 1-3 over different temperatures, find the
success rate at the low temperature, and the temperature 7" where we achieve the maximum success
rate.

The success rate delta at the low temperature is what I refer to as a prescriptiveness score. If
the temperature 7' where we achieve the maximum success rate is not the lowest temperature, then

the descriptiveness flag is set to true.

4.3 Applying CANARY to compiler auto-vectorization diagnostics

C/C++ Program —P[Compiler]—b Exec. —P[Validate] Final Draft L|nter |

 S——1 T/T

[ Errors Warnings || Remarks Agent?v}}—b Draft

u 1 + Feedback generation

"\ Compiler feedback Code modification

Figure 4.2: One trial in a temperature sweep. An agent is given some C program, and optionally
some diagnostic information. It is supposed to generate a new draft of the program. If the new
draft emits a diagnostic indicating the auto-vectorizer succeeded, then the agent succeeded.

CANARY applies the temperature sweep method to compiler auto-vectorization diagnostics. To

apply CANARY, we need to specify what success means in this context:

A C kernel has a loop that was not automatically vectorized. An Al coding agent
applied a transformation to the C kernel to enable auto-vectorization. If the Al agent
fails a syntax check, it gets to retry generating syntactically valid code 3 times. If the
new draft of the C kernel enables automatic vectorization while passing tests, then that

counts as a success.
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4.4 Applying CANARY to the TSVC benchmark to Analyze Compiler Auto-Vectorization

Diagnostics

Iapply CANARY to compiler auto-vectorization diagnostics to evaluate them for coding agents. For

each loop in TSVC, I run the CANARY workflow that I described in previous sections. I use Clang

21.1.8, with compiler options ~03 —-march=native. The model is Qwen3-Coder-30B-A3B. |

vary across 3 temperatures (1" = 0.2, 7= 0.8, and T" = 1.2).

0.10

o o o
<} =} =}
= =3 =}

success-rate A

=4
o
N}

0.00

temperature
mm T=02

T=08
. T=12

Diagnostic Presc. | Desc.
ArrayBounds 0 Set
CantReorderFPOps | 0.066 Set
NonReductionValue | -0.003 | Not Set
UnsafeDep -0.013 Set
UncountableL.oop 0 Set
EarlyExit 0.05 | Not Set

Figure 4.3: CANARY results for compiler auto-vectorization diagnostics on TSVC. The graph
shows the success-rate delta (with vs. without diagnostic) across temperatures; the table summa-
rizes the prescriptiveness score and descriptiveness flag for each diagnostic.

float s1161() {
for (int i = 0; i < LEN_1D - 1;
(

if (c[i] < (float)0.) {
goto L20;
}
ali] = c[i] + d[i] = e[i];
goto L10;
L20:
bli] = al[i] + d[i] * dI[i];
L10:;
}
return O.;

}

++1)

{

Pass:
Name:

DebugLoc:

Function:

Args:

loop-vectorize
CantIdentifyArrayBounds

File: tsvc.c, Line: O,
Column: O
sll6l

loop not vectorized: cannot

identify array bounds

Figure 4.4: The Clang Cantldentify ArrayBounds diagnostic.

CantldentifyArrayBounds (Figure 4.4): CANARY results for this diagnostic tell us that there

is no prescriptive messaging present (prescriptiveness score of 0), but there is some descriptive
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float s311(args_t *func_args) { 1| Pass: loop-vectorize
float sum; 2| Name : CantReorderFPOps
sum = (float)o0.; 3| DebugLoc: File: tsvc.c, Line: 1970,
for (int i = 0; 1 < LEN_1D; i++) { 4 Column: 17
sum += aflil; 5| Function: s311
} 6| Args: loop not vectorized: cannot
return sum; 7 prove it is safe to reorder
} 8 floating-point operations;

W

allow reordering by specifying
"$pragma clang loop

vectorize (enable)’ before the
loop or by providing the
compiler option ’-ffast-math’

Figure 4.5: The Clang CantReorderFPOps diagnostic.

float s291 (args_t =xfunc_args) { || Pass: loop-vectorize
int iml; 2| Name: NonReductionValueUsedOutsideLoop
iml = LEN_1D - 1; 3| DebugLoc: File: tsvc.c,
for (int i = 0; i < LEN_1D; i++) { 4 Line: 1841, Column: 9
ali] = (b[i] + b[iml]) = (float).5; 5| Function: s291
iml = i; 6| Args: loop not vectorized: value that

}

return 0.;

could not be identified as
reduction is used outside the
loop

Figure 4.6: The Clang NonReductionValueUsedOutsideL.oop diagnostic.

messaging present (the descriptiveness flag is set). Perhaps at the higher temperatures, the coding
agent is able to discern that ’cannot identify array bounds’ implies that the compiler does not know
when the loop will stop traversing the arrays a or b.

CantReorderFPOps (Figure 4.5): CANARY results for this diagnostic tell us that there is good
prescriptive messaging present (0.066), and there is good descriptive messaging present as well.
That means some of the prescriptions are very high quality. In the workflow, the compiler options
are fixed. This means that the #pragma clang loop vectorize (enable) suggestion
is very helpful to the Al agent. I verified this by manually inspecting trials: I discovered that
when the suggestion is present, 100 times out of 100 trials, the Al agent will insert a #pragma
clang loop vectorize (enable) above the loop. According to CANARY, this diagnostic
is highly descriptive as well. But in this case, since the diagnostic induces the Al agent to always
attach a pragma, any regression in success rate without the diagnostic is attributable to increasing
randomness due to high sampling temperature.

NonReductionValueUsedOutsideLoop (Figure 4.6): Results tell us that this diagnostic has

no prescriptive or descriptive content. This diagnostic has a prescriptiveness score of -0.003, and
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float a[LEN_1D]; 1| Pass: loop-vectorize
float L[LEN_1D]; 2| Name: UnsafeDep
float c[LEN_1D]; 3| DebugLoc: File: tsvc.c, Line: 838,
float d[LEN_1D]; 4 Column: 21
5| Function: s212
float s212() { 6| Args: loop not vectorized: unsafe
for (int i1 = 0; 1 < LEN_1D - 1; i++) { 7 dependent memory operations
ali] x= c[i]; 8 in loop. Use #pragma clang
b[i] += a[i + 1] * d[i]; 9 loop distribute (enable) to

0 allow loop distribution to

1
return 0.; 11 attempt to isolate the
} 12 offending operations into a
13 separate loop’ Backward loop
14 carried data dependence."
15 Memory location is the same
16 as accessed at tsvc.c:837:13.
Figure 4.7: The Clang UnsafeDep diagnostic.
float s482 () { 1| Pass: loop-vectorize
for (int i = 0; i < LEN_1D; i++) { 2| Name: UnsupportedUncountableLoop
afi] += b[i] * c[i]; 3| DebugLoc: File: tsvc.c, Line: 2961,
if (cl[i] > b[i]) 4 Column: 9
break; 5| Function: s482
} 6| Args: loop not vectorized:
return 0.; 7 Cannot vectorize uncountable
} 8 loop

Figure 4.8: The Clang UnsupportedUncountableLoop diagnostic.

does not have its descriptiveness flag set.

UnsafeDep (Figure 4.7): CANARY results indicate that the UnsafeDep diagnostic has a bad
prescription (prescriptiveness score of -0.013), and good descriptive messaging (descriptiveness
flag is set, because T' = 0.8 is the best performing temperature). This means that the prescription
in the diagnostic is actively misleading '. But the fact that the descriptiveness flag is set implies
that there is still good insight into the problem blocking vectorization. In the next section, I will
explore fixing the negative prescription, and improving descriptive insights of this diagnostic.

UnsupportedUncountableLoop (Figure 4.8): Results show a prescriptiveness score of 0, and
the descriptiveness flag is set. This tells us that this diagnostic does not have any prescriptive
content but there is some insight into the problem present in the diagnostic.

WritesInEarlyExitLoop (Figure 4.9): Results tell us that this diagnostic is highly prescriptive
(prescriptiveness score of 0.05), and that there is no more descriptive insight that is not exposed as

prescriptive messaging. This is an interesting case where a diagnostic can be highly prescriptive

I'This turns out to be true: attaching #pragma clang loop distribute (enable) doesnot automatically
distribute any loop in TSVC.
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float s481 (args_t *func_args)
for (int i1 = 0; 1 < LEN_1D;
if (d[i] < (float)0.) {
exit (0);

afi] += b[i] * c[i];
}
return 0.;

}

{

i++)

{

Pass:
Name:

3| DebugLoc:

Function:

Args:

loop-vectorize
WritesInEarlyExitLoop

File: tsvc.c, Line: 2939,
Column: 9

5481

loop not vectorized: Cannot
vectorize early exit loop
with writes to memory

Figure 4.9: The Clang WritesInEarlyEXxit diagnostic.

even without an explicit suggestion in the diagnostic. The diagnostic is so clear about the nature

of the problem that agents at low temperatures know exactly what transformation would resolve

the vectorization blocker. In practice, the agent frequently lands on the correct solution (loop

distribution) to resolve the vectorization blocker.

In the next section, I leverage these insights to improve compiler auto-vectorization diagnostics

for Al coding agents.
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CHAPTER §
IMPROVING COMPILER AUTO-VECTORIZATION DIAGNOSTICS WITH CANARY

In the prior chapter, I collected insights into the quality of compiler auto-vectorization diagnostics
for Al coding agents. In this chapter, I leverage these insights to improve these diagnostics for
Al coding agents. First, I discuss how to interpret a CANARY diagram to figure out the next step
to improve a diagnostic. Second, I apply this procedure to the UnsafeDep diagnostic. Finally,
I evaluate the improved diagnostic to show that this data-driven exercise can lead to significant

improvements.

5.1 Improving Compiler Auto-Vectorization Diagnostics using the Canary Method

From the results of the CANARY method, we collect prescriptiveness scores and descriptiveness
flags for diagnostics. This section describes how we use those metrics. Figure 5.1 describes the
improvement process of a diagnostic. The goal is to move from Diagnostic 0 to Diagnostic 3.
Diagnostic 0 has a detrimental prescription. We should remove the detrimental prescription from
Diagnostic 0, which transforms it into Diagnostic 1. Diagnostic 1 lacks descriptive messaging and
has little prescriptive messaging. Here, we aim to transform Diagnostic 1 into Diagnostic 2 by
exposing more compiler analyses to make the diagnostic more descriptive. Diagnostic 2 is not
very prescriptive. In this situation, we aim to convert the descriptive messaging in the diagnostic
into explicit prescriptions. That produces Diagnostic 3.

From our results, we found that UnsafeDep has the highest ceiling for improvement. There
are two reasons. First, it has a negative prescription. Removing negative prescriptive messag-
ing is simple. Second, it has good descriptive messaging, and we might consider translating this
descriptive messaging into something more prescriptive.

As we discussed earlier, the prescription in UnsafeDep Figure 4.7 is actively misleading.

#pragma clang loop distribute (enable) does not automatically distribute a loop in
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TSVC with our compiler options.

Based on this information, I remove the negative prescription, and second, I make the problem

more precise to substitute for the bad pragma suggestion by supplementing data dependence type

information. The new diagnostic text looks like Listing 5.1.

Pass:
Name:

3| DebugLoc:

Function:

Args:

loop-vectorize

UnsafeDep

File: tsvc.c, Line: 838,

Column: 21

s212

loop not vectorized: unsafe dependent memory operations in loop.

Attempt loop splitting to isolate the offending operations in another loop
Backward write-after-read data dependence. Memory location is the same as
accessed at tsvc.c:837:13

Listing 5.1: Improved UnsafeDep diagnostic with dependence-type information

5.2 Evaluating Improved Diagnostic

After the intervention, I re-ran CANARY on the improved UnsafeDep diagnostic. UnsafeDep’s

prescriptiveness score rose from —0.013 to 0.141 (Figure 5.2). This change matches our prediction:

we removed a broken prescription and made the descriptive messaging more precise to augment

prescriptiveness. That not only led to a jump in prescriptiveness, it also flattened the temperature

curve.
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Figure 5.1: This describes how to improve a diagnostic. Diagnostic 0 has an actively misleading
prescription. Removing the prescription transforms Diagnostic O into Diagnostic 1. Here, Diag-
nostic 1 is not prescriptive since it does not have a high success rate delta at low temperature and
it is not descriptive either since it has a very flat slope. Diagnostic 2 is more descriptive because it
has a steeper slope. Diagnostic 3 is highly prescriptive because it has a high success rate delta at
a low temperature. A compiler engineer should have three goals: first, fix negative prescriptions
(Diagnostic 0 to Diagnostic 1). Second, take diagnostics that lack description and prescription,
and make them more descriptive (Diagnostic 1 to Diagnostic 2). Third, take diagnostics that are
descriptive, and translate its descriptive messaging into prescriptive messaging (Diagnostic 2 to
Diagnostic 3).
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Figure 5.2: CANARY diagram after improving the UnsafeDep diagnostic. We observe a drastic
improvement in the prescriptiveness score of the UnsafeDep diagnostic.
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CHAPTER 6
DISCUSSION

6.1 Discussing Limits of the CANARY Method

There are limits to this approach. The descriptiveness flag might be set for the wrong reason, and

the approach requires a lot of compute and time.

6.1.1 Descriptiveness Flag

First, the descriptiveness flag can be set for the wrong reason. There are two reasons that a diag-
nostic might have a higher success rate delta at higher model temperature. One, the diagnostic has
descriptive messaging. It helps a model at higher temperatures. Two, language models regress at
higher temperatures. More random sampling of tokens leads the model away from good solutions
that might be explicit in the diagnostic.

One case stands out in my data to illustrate this: CantReorderFPOps. With the Cant ReorderFPOps
diagnostic, the agent modifies the TSVC kernel by inserting #pragma clang loop vectorize (enable)
in every single trial across every temperature. Without the diagnostic, the agent’s performance re-
gresses as temperature increases. In this case, a higher success rate delta at a higher temperature

does not signal a strength of the diagnostic, it signals model degradation at higher temperatures.

6.1.2 CANARY is expensive

CANARY requires a large corpus of tasks to analyze diagnostics. If someone wanted to apply
the method to their own tools, they would need a corpus to emit their diagnostics in a variety of
situations. This was one constraint in these experiments. Clang fails to automatically vectorize
only 62 loops in TSVC, so the corpus of loops that this thesis runs experiments with is small.

Moreover, CANARY is computationally expensive. I ran these experiments with 2 NVIDIA
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A40s, serving Qwen3-Coder-30B-A3B with the vLLM inference engine. Collecting enough data

to generate one of the CANARY diagrams above takes approximately 8 hours.

6.2 Next Steps for the CANARY method

A method to automatically evaluate compiler diagnostics for Al coding agents paves the way for
automatically improving compiler diagnostics as well. If a model knows the prescriptiveness score
and the descriptiveness flag of a diagnostic, then it can automatically refine compiler outputs to
improve the diagnostic following a simple decision tree. If a diagnostic has an actively misleading
prescription, an Al coding agent should remove or change the prescription. If a diagnostic is not
descriptive, an Al coding agent should expose more analyses from the compiler. If a diagnostic is

descriptive, an Al coding agent should turn descriptions into solutions or fixes.
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CHAPTER 7
RELATED WORK

No prior work has investigated a mechanism to evaluate and improve compiler diagnostics for
Al coding agents. But there are several other approaches that sit at the intersection of compilers,

diagnostics, the loop vectorizer, and large language models.

7.1 Evaluating Compiler Diagnostics

Prior work has identified that compiler diagnostics are crucial in software engineering workflows
and developed techniques to evaluate compiler diagnostics. Sun et al. compared GCC and Clang
compiler implementations and used discrepancies in compiler warnings to report bugs in both
compilers [13]. Barik et al. developed a framework for improving compiler error notifications
emitted by IDEs [14]. Becker et al. proposes a qualitative method for assessing the readability
of error messages focused on message length, message tone, and use of jargon [8]. Barik et al.
propose a model to decompose compiler diagnostics into their constituent parts: claim, warrant,
grounds, backing, qualifier, rebuttal, and resolution. [7]. Lastly, FeedbackEval evaluates how good
large language models are at interpreting feedback from compilers, tools, tests, and humans. [15].
Deo et al. emphasized the importance of compiler diagnostics in this feedback loop between Al

coding agents and the compiler [6].

7.2 Enhancing Al with Compilers

Prior works have utilized compilers to improve agent workflows for writing high-performance
code. Several use compiler diagnostics in their agent workflows, but all of them treat the compiler
diagnostic interface as fixed instead of evaluating and improving it. These prior works fall into

three categories.
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Inference-time techniques: CompilerGPT designs an agent workflow to transform C kernels
in 3 parts: (1) interpret an optimization report, (2) analyze the code, and (3) improve the code’s
performance [16]. LOOPRAG uses static analysis on C loops to inform retrieval augmented gener-
ation of prompt examples from a dataset [9]. VecTrans departs from prior work and proposes that
LLMs should perform source-to-source transformations of C kernels instead of emitting vector
intrinsics [4].

Training: LLM-VeriOpt focuses on increasing model capability instead of modifying the agent
workflow: it applies reinforcement learning techniques to large language models to improve their
performance on optimization tasks instead of using out of the box LLMs [10].

Validation: LLM-Vectorizer engineered an agent workflow to transform C kernels into kernels
containing vector intrinsics, and developed a 3-part framework to validate the agent’s code trans-
formations [3]. Compiler-Runtime Cooperative Chain of Verification employs runtime verification

checks in addition to ahead of time techniques to validate Al code transformations [5].

7.3 Enhancing Compilers with AI

Some works suggested putting Al in the compiler. Many suggest using machine learning models
to replace hand-crafted heuristics in the compiler. NeuroVectorizer decides on vectorization and
interleaving factors based on machine learning models [17]. Other works take a much bolder ap-
proach; they suggest utilizing large language models to orchestrate entire transformation passes.
IntOpt uses large language models to structure a plan ahead of time, and uses large language
models to conduct individual transformations with the aid of compilers’ static analysis and opti-
mization pass lists [18]. ACCLAIM interleaves LLM calls with the traditional layers of a compiler
- the front-end lowering, middle-end optimization passes, and the back-end lowering [19]. Some

suggest using large language models as a wholesale replacement for the compiler [20].
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CHAPTER 8
CONCLUSION

Compiler diagnostics are the bottleneck for coding agent performance, and compiler engineers
lack a method to evaluate and improve their tool’s diagnostics. This thesis attempts to remedy this
issue by introducing CANARY: an experiment that observes large language model behavior across
different temperatures to evaluate compiler diagnostics for coding agents. I applied the CANARY
method to a compiler auto-vectorization diagnostic in Clang, improved it based on insight collected
from CANARY, and showed that it improves coding agent performance. This work paves the way

for evaluating and improving compiler diagnostics for Al, using Al
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APPENDIX A
CANARY PROMPTS

You are a C programmer. Fix the syntax error in the function below.

3 ## Source Code

ANR YR

S

{{ kernel }}

ANR YR

#4# Compiler Error

{{ linter_output }}

## Rules

- Fix only the syntax error. Do not change logic, structure, or comments!

3 — Do not add or remove includes!

— Do not change the function signature!

## Output
Return only the change as a SEARCH/REPLACE block. SEARCH must match the

existing source exactly, including whitespace and indentation:

<< SEARCH

// exact lines to replace

// corrected lines

>>>>>>> REPLACE

Listing A.1: Repair Syntax Prompt

You are a performance engineer. Your task is to modify a C/C++ function so



that the compiler will successfully auto-vectorize it, while preserving

exact semantic behavior.

3 ## Source Code

29

ANR YR

©

{{ kernel }}

ANAURY

## Compiler Remarks

{{ remarks }}

## Your Task
Identify why vectorization failed from the remarks above and apply the minimal

source—-level change that fixes it.

## Allowed Changes
- ‘#pragma‘ loop directives placed on the line immediately above the loop
header

— Loop restructuring (distribution, peeling, scalar expansion)

## Prohibited Changes
— Do not change loop bounds or iteration count
- Do not add OpenMP or SIMD intrinsics

— Do not change the function signature

3 ## Available Pragmas

- ‘“#pragma clang loop vectorize (enable) ‘' - force vectorization attempt
- ‘#pragma clang loop vectorize (assume_safety) ' - disable dependency check (
only if iterations are provably independent)

\

— ‘“#pragma clang loop vectorize_width (N)

7 — “pragma clang loop interleave (enable)

- ‘“#pragma clang loop distribute (enable)



0 ## Output
31 Return only the change as a SEARCH/REPLACE block. SEARCH must match the

existing source exactly, including whitespace and indentation:

]

33 <K<K SEARCH

4 // exact lines from the source to replace

36 // modified lines

37 >>>>>>> REPLACE

Listing A.2: Optimize Prompt
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