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Abstract

Automatic loop invariant generation remains
a challenging problem in program verification,
particularly for memory-manipulating programs
where shape invariants are required to charac-
terize heap-allocated structures and memory lay-
outs. While existing approaches succeed on nu-
merical invariants, they achieve limited accuracy
on shape invariants. We hypothesize that this
stems from the need to reason about memory state
evolution—information that remains implicit in
source code. To address this, we ground LLM rea-
soning in symbolic execution traces that explic-
itly capture such transitions. We propose Mal-
ice, a two-stage framework incorporating these
traces: (1) guided multi-step reasoning that pre-
dicts invariants via chain-of-thought analysis of
traces, and (2) agentic iterative refinement that
corrects candidates through verification tool feed-
back. Evaluated on LIG-MM+, a benchmark fea-
turing common operations on typical memory
structures, Malice substantially outperforms ex-
isting approaches.

1. Introduction
Program verification is the cornerstone of modern software
infrastructure, playing a significant role in safety-critical do-
mains including operating systems, compilers, and financial
systems. It has also attracted increasing attention in the con-
text of trustworthy LLM code generation. Many traditional
verification approaches utilize assertions to describe critical
program states, reducing program correctness to assertion
entailment. However, traditional methods often struggle to
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scale with the sophisticated memory management patterns
and complex data structures prevalent in contemporary soft-
ware applications. Central to this verification paradigm are
loop invariants—conditions that hold true before and af-
ter each iteration of a loop. These invariants serve as es-
sential checkpoints, capturing fundamental properties pre-
served throughout execution.

Specifically, verifying memory-manipulating programs re-
quires reasoning over two primary types of invariants:

• Data Invariants: Ranging from simple numerical re-
lations to more complex constraints over different data
types.

• Shape Invariants: Characterizing the structural prop-
erties of heap-allocated data (e.g., list segments) to en-
sure memory safety.

While verifying functional correctness requires the integra-
tion of both, generating valid shape invariants remains the
primary bottleneck. Unlike data invariants, shape invari-
ants must capture complex heap-allocated memory struc-
tures, which requires a profound understanding of the pro-
gram’s memory layout and logical dependencies. Without
solving the challenge of shape analysis, ensuring functional
correctness for memory-manipulating programs is impossi-
ble. Consequently, automating the generation of shape in-
variants has become a critical prerequisite for scalable veri-
fication.

Current research on loop invariant generation primarily falls
into three categories: traditional symbolic reasoning (Padhi
et al., 2016; Echenim et al., 2019), learning-based tech-
niques (Garg et al., 2016; Si et al., 2018b), and Large Lan-
guage Model (LLM) adaptations (Wen et al., 2024; Cao
et al., 2025). Traditional symbolic approaches and learning-
based techniques attempt to automate invariant inference
with predefined patterns. LLM-based approaches treat the
LLM as a proposer and employ verification tools to check
the correctness of the generated invariant.

However, most of these works share a common limitation:
they are predominantly designed for and evaluated on nu-
merical benchmarks (e.g., HOLA (Dillig et al., 2011), SV-
COMP (Beyer, 2012)). They fail to capture the struc-
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tural properties of heap-allocated data structures, such as
linked lists and arrays, leaving a significant gap in verify-
ing memory-manipulating programs. While leading LLM-
based frameworks (Liu et al., 2024) have begun to address
memory manipulation, they still struggle to synthesize pre-
cise shape invariants involving separation logic predicates,
yielding a low accuracy of 41.92%, which is insufficient for
the demands of real-world system software.

We propose Malice1, a novel framework designed to auto-
mate the generation of shape invariants. Instead of infer-
ring memory states solely from static source code—where
memory evolution remains implicit—we ground the LLM’s
reasoning in symbolic execution (SE) traces. Here, sym-
bolic execution traces are logical descriptions of program
state sequences generated by symbolically executing the pro-
gram. These traces naturally encode logical dependencies
and memory layouts. Moreover, we incorporate natural lan-
guage understanding into the analysis of SE traces. By in-
tegrating these traces into the LLM’s context, we enable
the model to understand how memory states evolve, signifi-
cantly improving its ability to reason about structure. Lastly,
to address the challenge where a single inference pass of-
ten fails to capture precise memory separation logic, we re-
frame the generation process from a static prediction task
to a dynamic, agentic workflow. The workflow proceeds as
follows:

• Prediction: We convert C programs into symbolic ex-
ecution traces using QCP (Wu et al., 2026), a symbolic
execution tool for program verification. We format the
loop information with these traces to build prompts
that enable the LLM to generate candidate invari-
ants. This generation task is divided into three compo-
nents: Natural Language Reduction (code understand-
ing), Memory Assertions (separation logic for struc-
ture), and Non-Spatial Conditions (arithmetic proper-
ties).

• Refinement: We employ QCP to validate the synthe-
sized invariants. If validation fails, the LLM first ana-
lyzes the error log to explain the underlying reason in
natural language, and then provides a concrete revision
based on the explanation and error log. The revised
invariant is fed back for subsequent refinement if it re-
mains incorrect. This cycle continues until verification
succeeds or a limit is reached.

To better evaluate our results, we extend the LIG-MM
benchmark (Liu et al., 2024) to LIG-MM+. Our experimen-
tal results confirm the effectiveness of our method, showing
that Malice improves the generation of precise invariants for
complex memory-manipulating programs.

1Code available at https://github.com/sensuschung/
MALICE

2. Preliminaries
2.1. Hoare Logic and Symbolic Execution

Hoare Logic (Hoare, 1969) is an axiomatic system designed
to prove the partial correctness of programs. The basic for-
mulas of this logic are Hoare triples, denoted as {P}C{Q}.
This signifies that if the execution of codeC begins in a state
satisfying the precondition P and subsequently terminates,
any state reached upon completion will satisfy the postcon-
dition Q.

To automate the verification of such triples via forward anal-
ysis, the Strongest Postcondition (SP) is utilized. The term
sp(P,C) characterizes the set of all possible states reach-
able by the program C starting from any initial state satisfy-
ing P , adhering to the following property:

|= {P}C{Q} ⇐⇒ sp(P,C) =⇒ Q

For loop-free programs, the computation of sp is defined
by structural recursion. For instance, the rule for sequential
composition is sp(P, S1;S2) = sp(sp(P, S1), S2).

In practice, Symbolic Execution implements this logic
along execution paths. Conceptually, it systematically ex-
plores possible execution paths by executing the program
on symbolic inputs rather than concrete ones. For a spe-
cific path τ , the execution engine dynamically accumulates
constraints to compute a symbolic state that encodes the
strongest postcondition sp(P, τ). Accordingly, the valida-
tion of the triple {P}τ{Q} reduces to checking the entail-
ment sp(P, τ) =⇒ Q, which is termed Verification Con-
dition (VC). A constraint solver is then employed to check
the satisfiability of its negation.

Figure 1 illustrates this process. Starting from an initial
state S0, the symbolic state evolves via strongest postcon-
ditions (e.g., S1 := sp(S0, C1)). At branching points, the
execution splits, and each path independently accumulates
the corresponding branch condition. Although the control
flow merges at the end, engines typically analyze each path
independently.

We formally define the linear history of state evolution along
a single path as a symbolic execution trace:

{S0}C1{S1}C2{S2} . . . Cn{Sn}

Here, each Ci is an execution unit. In different scenarios of
program verification and program analysis, theseCi can rep-
resent program units at varying levels of granularity. For ex-
ample, for fine-grained program analysis, each Ci would be
a single assignment command, and such a symbolic execu-
tion trace describes the program states after executing every
single command. In loop analysis, Ci can represent an en-
tire loop body, which allows traces to capture state changes
across each complete loop as well.
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S0 := Pre

S1 := sp(S0, C1)

S2_2 := S1∧¬BS2_1 := S1∧B

S3_2 := sp(S2_2, C3)S3_1 := sp(S2_1, C2)

S4 := S3_1∨ S3_2

Figure 1. An illustrative example of symbolic execution on a Con-
trol Flow Graph.

Formally, program correctness is established by verifying
that the final state Sn of each such trace entails the desired
postcondition Q.

However, applying symbolic execution to unbounded loops
is often infeasible due to path explosion. This necessitates
the use of loop invariants—assertions that characterize the
loop’s behavior and remain valid before and after each iter-
ation. Formally, for a program segment comprising a loop
while B do S followed by a program suffix S1, the infer-
ence rule is given by:

(1) P =⇒ Inv (2) {Inv ∧B} S {Inv}
(3) {Inv ∧ ¬B} S1 {Q}
{P} while B do S;S1 {Q}

Consequently, establishing both the correctness of the triple
and the validity of the invariant reduces to checking these
three conditions: (1) Initialization: P =⇒ Inv (2) Preser-
vation: {Inv ∧B}S{Inv} (3) Exit: {Inv ∧ ¬B}S1{Q}

2.2. Verification based on Separation Logic

Separation Logic (Reynolds, 2009) extends classical Hoare
logic to reason about programs with mutable data structures.
Central to this extension is the separating conjunction oper-
ator *, which enforces that no memory location is shared be-
tween subcomponents of the heap. The assertion P ∗Q de-
notes that the memory state can be partitioned into two dis-
joint parts, satisfying P and Q respectively. Crucially, this
enforces strict resource ownership: unlike classical logic
where P ∧ P ⇐⇒ P , the formula P ∗ P is unsatisfiable
for non-empty heaps, as it implies conflicting ownership of
the same memory address.

Usually, separation logic assertions are represented in the
symbolic heap normal form:

∃−→x . (P1 ∧ P2 ∧ · · · ∧ Pn) ∧ (Q1 ∗Q2 ∗ · · · ∗Qm),

where the pure component (the Pi) captures logical con-
straints over variables independent of the heap, and the spa-
tial component (theQj) consists of a separating conjunction
of heap-related predicates.

To operationalize the generation and verification of such
memory-safety assertions, we adopt the Qualified C Pro-
gramming (QCP) framework (Wu et al., 2026). We se-
lected QCP specifically because its verification engine is na-
tively grounded in the separation logic framework described
above. It performs symbolic execution to verify C programs,
generating traces of symbolic state evolution and other as-
sociated outputs. In these traces, heap structures are rep-
resented using spatial predicates like data_at for memory
cells and lseg or listrep for linked lists.

3. Methodology
This section presents our methodology for automatically
generating memory-aware loop invariants. The main idea
is to leverage both the LLM’s comprehension of C program
behavior and the symbolic tool QCP’s capability to provide
precise feedback. Subsequently, a refinement mechanism
is introduced to correct subtle errors that the LLM might
produce.

The discussion initially centers on the framework in the con-
text of single-loop scenarios, elucidating the design details,
and subsequently extends this approach to handle functions
containing multiple loops that therefore require multiple in-
variants.

Figure 2. Workflow of the single-loop invariant generation frame-
work.
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3.1. Core Framework Overview

Figure 2 shows the core workflow of loop invariant genera-
tion for single-loop programs. It comprises two main com-
ponents:

Prediction. This process aims to synthesize candidate loop
invariants by formulating a task-specific context. Using the
prediction context, which comprises the predicate selection
plan, memory assertions, and pure properties, the system ex-
ecutes a chain of three LLM interactions. The model first an-
alyzes code semantics to infer memory permissions and se-
lect representative predicates. Second, leveraging these cho-
sen predicates and symbolic traces, the model performs as-
sertion analysis and reduction to synthesize memory asser-
tions. Finally, it derives non-spatial constraints (e.g., arith-
metic constraints), which are conjoined with the memory
assertions to constitute the final candidate invariant.

Refinement. This stage aims to refine candidate loop invari-
ants that may miss one or two critical terms. The process is
implemented in two steps. The LLM is first asked to briefly
interpret the lengthy execution feedback in natural language
to diagnose the root cause. Subsequently, it utilizes both
the interpretation and execution feedback to revise the in-
variant.

Once the Prediction phase synthesizes a candidate invari-
ant, it is injected into the program and subjected to formal
verification by QCP. If this verification passes, the process
completes successfully. Conversely, if verification fails, the
system initiates the refinement phase, where it iteratively re-
fines the previous incorrect candidate until a valid invariant
is found or the maximum retry limit is reached.

In designing this workflow, we observe that naive prompting
strategies frequently struggle to capture complex topologies
directly from source code or ensure the spatial disjointness
required by separation logic, often leading to redundant or
omitted memory regions. To mitigate these structural errors
during the Prediction and Refinement phases, we construct
two artifacts derived from symbolic execution: symbolic ex-
ecution traces and loop unrolling information.

Fine-grained Symbolic Information. This information
denotes the fine-grained traces described in Section 2.1,
which capture the step-by-step state evolution between sim-
ple statements within the QCP engine. In loop analysis,
it typically refers to state transitions within the loop body.
During the Refinement phase, these traces enable the model
to traverse the execution history and pinpoint the exact state
immediately preceding a verification failure. By investigat-
ing why the symbolic state failed to satisfy the expected
safety properties, the agent can effectively interpret the root
cause of the error and deduce the necessary amendments to
the invariant.

Loop Unrolling Information. To explicitly capture the
state evolution across loop iterations, we unroll the loop and
utilize the resulting loop execution traces to inform the pre-
diction phase. Formally, for a loop while(B)C, we define
the single iteration step as T ≜ assume(B);C. By un-
rolling this step for K iterations, we generate the sequential
trace {S0} T {S1} . . . T {SK}. Here, S0 denotes the loop
entry state, and Si represents the symbolic state after the
i-th execution of T . We posit that analyzing these explicit
state transitions enables LLMs to discern the loop’s regu-
larity, allowing them to infer the inductive logic that char-
acterizes its infinite behavior. In practice, the engine gener-
ates this trace by modeling the unrolled loop as a sequence
of if(B)C blocks and yielding the states S0, . . . , SK , as
shown in Figure 3.
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struct list{
    struct list* next;
};

void iter(struct list* l)
/*@
    Require listrep(l)
    Ensure listrep(l)
*/
{
    struct list* p = l;
    /*@ Unroll Inv emp with K */
    while(p){
        p = p->next;
    }
}

data_at ( (&p) , struct list* , l@pre ) * 
data_at ( (&l) , struct list* , l@pre ) * 
listrep (l@pre)

exists y_68 ,
(l@pre !=  0 ) && 
data_at ( field_addr(l@pre, list, next) , struct list* , y_68 ) * 
listrep (y_68) * 
data_at ( (&p) , struct list* , y_68 ) * 
data_at ( (&l) , struct list* , l@pre )

exists y_68 y_72 ,
(y_68 !=  0 ) && 
(l@pre !=  0 ) &&  
data_at ( field_addr(l@pre, list, next) , struct list* , y_68 ) *
data_at ( field_addr(y_68, list, next) , struct list* , y_72 ) *
listrep (y_72) * 
data_at ( (&p) , struct list* , y_72 ) * 
data_at ( (&l) , struct list* , l@pre )

p

p

p

P0

P1

P2

PK

...
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//P0
if(p){ 
    p = p->next;
    //P1
    if(p){
        p = p->next;

//P2
        if(p){
            p = p->next;
            ...
        }
    }
}

preprocessed code

loop unrolling 
information

Figure 3. Unrolling information of singly-linked list traversal.

3.2. Trace-Based Generation

This subsection outlines the three stages of the generation
process, all of which are implemented via In-Context Learn-
ing (ICL).

3.2.1. Abstract Reduction Guidance

Although direct invariant generation may yield inaccuracies,
LLMs’ extensive pre-training on C corpora grants them a ro-
bust understanding of code semantics and logic. Given this
capability, we hypothesize that first having the LLM gener-
ate an abstract reduction guidance to steer the analysis of
the reduction materials is more tractable than directly gen-
erating invariants from these materials alone.

To operationalize this, we design a Chain-of-Thought (CoT)
prompt comprising four stages:

1. summarize the loop’s high-level functionality and ex-
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plicitly reason about read/write permissions.
2. exhaustively enumerate all active variables and heap

structures to construct a complete snapshot of the cur-
rent memory state.

3. dynamically partition the accessed memory state into
distinct logical regions to capture the structural evolu-
tion inherent in loop traversals (e.g., splitting a list into
”traversed” and ”untraversed” segments).

4. map the identified regions to specific abstract predi-
cates and explicitly define boundaries.

This reasoning chain ultimately forms a structured interme-
diate plan. For instance, the predicate selection plan for the
traversed region is illustrated below:

Snippet: Predicate Selection Plan

Traversed Region (l → p):
• Shape: Sequence of nodes traversed from head l.
• Boundary: Excludes current cursor p.
• Predicate: Maps to lseg.

Figure 4. Snippet of the structured intermediate plan for singly-
linked list traversal function: mapping a memory region to a for-
mal predicate.

3.2.2. Two Strategies for Memory Analysis

Based on reduction guidance and loop unrolling, we pro-
pose two strategies to guide LLMs in generating memory
predicates:

The first strategy, Reduction on Single Assertion, is moti-
vated by the insight that assertions derived from deeper loop
unrolling information often exhibit more discernible recur-
sive patterns. In particular, for memory assertions, the in-
cremental differences between iterations are explicitly man-
ifested in the trace.

Considering P3 in Fig. 3, the two nodes already traversed
by pointer p are clearly manifested as two consecutive
data_at predicates. Guided by the predicate plan in Fig-
ure 4, we reduce these predicates to lseg(l@pre, y_72),
denoting the list segment from l to p. By folding such con-
crete heap segments into recursive predicates within the as-
sertion, we effectively abstract away the specific unrolling
depth, thereby directly yielding a general loop invariant.

Additionally, limiting analysis to a single assertion reserves
sufficient prompt capacity for the LLM to scrutinize mem-
ory boundaries, thereby facilitating precise parameter infer-
ence and enabling predicate correction.

The second strategy is Generalization on State Traces, op-
erating on the principle that every reachable state implies
the loop invariant. In contrast to the first method, which
prunes a state to adapt to a target, this approach aligns mul-
tiple state instances to discover their shared structure.

Guided by a mapping from memory to predicates, we verify

whether a spatial shape persists across all aligned instances
simultaneously. Continuing to use Fig. 3 and Fig. 4 as our
example, the guidance in Fig. 4 directs the abstraction of
the region from l to p into a list segment. Corresponding
concrete segments are identified in Fig. 3 across P0 to P2–
manifesting as an empty heap, a single-node permission,
and two-node permissions, respectively. Since the spatial
shape holds despite these size differences, we successfully
reduce the region to the generalization lseg(l, p).

A test case passes if either of the two strategies works for
that case.

3.2.3. Inference of Pure Properties

We employ a hypothesize-and-verify strategy to derive pure
properties. The process starts by proposing candidate log-
ical relations, such as numerical bounds, pointer validity,
or variable relationships. These candidates are then sub-
jected to trace-based verification, where they are checked
against concrete traces. Only properties that consistently
hold across all observed traces are retained to complement
the spatial invariant.

3.3. Two-step Refinement

The refinement phase optimizes loop invariants by leverag-
ing runtime feedback from the symbolic execution engine.
The feedback contains the following ingredients:

• basic information such as the error type and error loca-
tion

• the program state immediately preceding the failure,
which indicates the most direct cause of failure.

• the entire symbolic execution trace
• possibly disproved verification gaps. For example, in

the case of ”Entailment Check Failed”, it reports the
unproven entailment together with a natural-language
explanation.

To begin with, the framework is implemented through few-
shot prompting, where we manually design a prompt tem-
plate. In the Explanation step, it mainly follows the steps of
identifying the error type, locating the error position, and ex-
plaining why the failed entailment cannot be automatically
proven by analyzing the detailed memory topology. In the
Correction step, the LLM is prompted to restate and thereby
comprehend the explanation from the previous step and pro-
duce a concrete revised loop invariant. As few-shot exam-
ples, we case study several incorrect loop invariants for a
function that appends two doubly-linked lists and a function
that copies an array to another address, and we manually
write case analyses for them following the prompt template
above.

These cases cover several common error types, mainly con-
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sisting of Syntax Errors, Entailment Check Failures, and
Numerical Overflow Errors.

Moreover, we discovered that the Refinement task is highly
amenable to synthesizing both unsupervised and supervised
training data, since generating incorrect candidates is essen-
tially free and their advisory revisions can be distilled via
the aforementioned ICL process. This creates opportunities
for Supervised Fine-Tuning (SFT) and reinforcement learn-
ing algorithms such as DPO or GRPO on smaller models.
We choose SFT in this work, but similar idea extends to
DPO. To rival the ICL capabilities of teacher models, we
implement a data filtration strategy: if an iterative refine-
ment process passes at iteration K, then we regard the inter-
mediate corrections made at iterations 1 through K − 1 as
preferred data and discard all others. Experimental results
are discussed in the Experiments section.

3.4. Hierarchical Organization of Loop Invariants

When a function contains multiple loops, generating their
invariants demands a structured approach. Since obtaining
unrolling information for a specific loop depends on valid
symbolic execution of the preceding code, loops must be
organized according to symbolic execution flows. Specif-
ically, cascaded loops are processed in linear order, while
nested structures require the inner loop to be resolved prior
to the outer loop. To enforce this order, we index loops by
their occurrence, organize them into a hierarchical tree as
detailed in Algorithm 1, and generate the final execution se-
quence via a post-order traversal.

Algorithm 1 Loop Dependency Tree Construction
1: Input: Ordered events E from code (Loops and Scope

Delimiters)
2: Output: Dependency Tree Root Troot
3: Initialize Troot and active node mapMwithM[−1]←
Troot

4: Initialize current depth d← 0
5: for each event e ∈ E do
6: if e is a Scope Delimiter ({, }) then
7: Update depth d (increase on {, decrease on })
8: else if e is a Loop Header then
9: Create node n

10: n.parent←M[d− 1]
11: n.parent.addChild(n)
12: M[d]← n
13: end if
14: end for
15: return Troot

4. Experiments
In this section, we evaluate our proposed framework on
LIG-MM+, a benchmark we build by extending the previ-

ous LIG-MM benchmark (Liu et al., 2024) to evaluate loop
invariant generation for memory-aware real-world C pro-
grams.

4.1. LIG-MM+ Benchmark

The previous benchmark LIG-MM (Liu et al., 2024) col-
lects C functions on various data structures from several
real-world sources. However, we noticed that LIG-MM
does not cover typical array operations, which are ubiqui-
tous in real-world system software and require reasoning
over contiguous memory addresses, making them funda-
mentally different from pointer-based structures. There-
fore, we propose LIG-MM+, which adds array manipulation
programs (e.g., array_max, array_sum, array_copy) to
LIG-MM.

Table 1 summarizes the statistics of LIG-MM+ by category,
including the number of programs, source repositories or
benchmarks, and covered data structures.

Table 1. Statistics of the LIG-MM+ benchmark

Category # Programs
Average

Code Lines Data Structures
DLL 133 36 Doubly linked list
SLL 96 30 Singly linked list
Array 8 21 Array
Others 23 35 Tree, hash table
Overall 260 35 (omitted)

We emphasize that all programs in our dataset involve at
least one data structure and at least one loop, and sometimes
two loops. None of the programs is purely numerical, which
means the specification of each program requires memory
safety and correctness.

4.2. Experimental Setup

We compare our framework against the following baselines:

• AutoSpec (Wen et al., 2024): An LLM-based specifi-
cation generation tool.

• SLING (Le et al., 2019): A traditional SMT-based ap-
proach to inferring loop invariants in separation logic.

• LIG-SE: A loop invariant generation method based on
LLM and symbolic execution.

We choose DeepSeek-V3.2 as our default backbone LLM,
except when comparing backbone models in the ablation
study. For the two memory analysis strategies introduced in
Section 3.2.2, the final set of passed test cases is the union
of the passed sets produced by both strategies. We set the
loop unrolling depth to 4 and the maximum number of re-
finement iterations to 10.
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4.3. Main Results

Table 2 presents the comparison of our approach with the
baselines.
Table 2. Comparison of Loop Invariant Generation Performance
(Pass Rate@8)

Method Overall Pass Rate

AutoSpec 0.00%
SLING 26.15%
LIG-SE 41.92%

MALICE (ours, ICL) 82.69%
MALICE (ours, SFT) 86.15%

MALICE(ICL) refers to implementing the Refinement stage
via in-context learning (ICL), while MALICE(SFT) refers
to implementing the Refinement stage via supervised fine-
tuning (SFT). A more detailed discussion of SFT is pro-
vided in Section 4.5.

The experimental results show that our method surpasses
all baselines.

We remark that AutoSpec cannot handle memory-aware pro-
gram verification because it was designed for numerical
programs. LIG-SE does not support non-inductive data
structures such as arrays because its self-supervised learn-
ing stage requires inductive expansion of predicates for the
data structure. SLING does not support continuous address
offsets when designing predicates for array structures. In
contrast, MALICE reaches 100% on the Array category.

Specifically, for several multi-loop programs in our dataset,
our method reaches 100% accuracy in the pass@8 test.

4.4. Ablation Study

We conducted an ablation study to evaluate the impact of
different components of our prompt and pipeline. The vari-
ants considered are:

• Vanilla: We minimally prompt the model, asking for
loop invariants given the code and a tutorial on the
QCP tool as domain knowledge.

• Backbone LLM: We compare the performance of our
framework with various backbone LLMs, including
DeepSeek-V3.2, Qwen3-Max, and DeepSeek-V3.2-
Thinking, covering both instruction and reasoning
models.

• w/o Prediction: We replace the entire Prediction stage
in our framework with the same minimal prompt used
in the Vanilla setting, followed by the Refinement
stage.

• w/o Refinement: We disable the iterative refinement
loop and rely solely on the first-pass generation.

• Binary Feedback Only: We examine how important

the symbolic trace and QCP feedback are during the
Refinement stage compared with the iterative frame-
work itself. In this experiment, each refinement itera-
tion is provided with only the pass/fail status, without
the error position or type from QCP, the symbolic ex-
ecution trace, or detailed error analysis. The iteration
depth (K = 10) and pass@8 evaluation are kept the
same as in the full pipeline.

• Zero Shot: We remove the few-shot examples pro-
vided in the prompt.

4.4.1. Backbone LLMs

The performance comparison of our framework with vari-
ous backbone LLMs is summarized in Table 3.
Table 3. Performance Comparison of Various Backbone LLMs
(Pass Rate@8)

Model Overall Pass Rate

DeepSeek-V3.2 82.69%
Qwen3-Max 75.00%

DeepSeek-V3.2-Thinking 82.69%

From the results, our method demonstrates general ap-
plicability across various state-of-the-art backbone LLMs,
from instruction models to reasoning models. We choose
DeepSeek-V3.2 as our backbone LLM because it achieves
top performance while maintaining token efficiency.

4.4.2. Ablation Study of Involved Stages

Table 4 summarizes the rest of the ablation study.
Table 4. Ablation Study Results (Pass Rate@8)

Method Overall Pass Rate

Full Pipeline (DeepSeek-V3.2) 82.31%

Vanilla 15.77%
w/o Prediction 66.15%
w/o Refinement 34.62%

w/o Refinement (even pass@150) 47.31%
Binary Feedback Only 36.15%

Zero Shot 41.15%

According to the experimental results, the pass rate of Full
Pipeline considerably surpasses Vanilla, indicating that
our framework indeed improves the LLM’s performance
on program verification tasks through nontrivial prompt
engineering and workflow design. Moreover, comparing
Full Pipeline, w/o Prediction, and w/o Refinement (even
pass@150), we conclude that the Refinement stage is more
important than the Prediction stage, and that Refinement
does not simply work since it outputs 10 times more to-
kens. Furthermore, comparing Binary Feedback Only and
w/o Refinement, keeping only the iterative framework with
pass/fail binary feedback during the Refinement stage per-
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forms only marginally better than having no Refinement
stage; both dramatically underperform the full pipeline.
This shows that symbolic traces and feedback provide sub-
stantial benefits. Finally, comparing Full Pipeline and
Zero Shot, we conclude that few-shot prompting is vital in
the Prediction and Refinement stages.

4.5. Refinement with SFT

In this section, we implement the Refinement stage us-
ing SFT instead of ICL. The SFT corpus is distilled from
ICL refinement trajectories generated by MALICE, where
DeepSeek-V3.2 serves as the teacher model. We retain only
trajectories that eventually lead to successful invariants to
maintain high-quality data. For each program that succeeds
at refinement iteration K, we extract iterations 1–(K−1) as
training examples. This process yields 9,698 training sam-
ples in total. The input-output pair of each sample is the
same as in the ICL refinement stage: the source code, the
previous incorrect invariant, and the QCP feedback serve
as input, and the target output is a natural-language expla-
nation that diagnoses the root cause of the failure, followed
by a concrete correction containing the revised invariant.

We use Meta-Llama-3.1-8B-Instruct as the base model and
fine-tune it with LoRA implemented in LLaMA Factory.
More training configuration details are provided in the ap-
pendix. To avoid high variance in the intrinsic verification
difficulty of different programs and prevent data leakage,
we adopt k-fold cross-validation with k set to 5. Specifi-
cally, we group all programs into five folds and gather all
refinement trajectories of each program into its correspond-
ing fold. We then evaluate each fold on the model trained
with data from the other four folds. Training takes about 18
hours on one NVIDIA RTX 5090 GPU per fold.

The experimental results are summarized in Table 5.
Table 5. Performance of SFT (Pass Rate@8)

Method Overall Pass Rate

SFT 86.15%

ICL 82.69%

In the experimental results, the performance of SFT on the
8B Llama-3.1 model surpasses that of ICL on the 685B
DeepSeek-V3.2 model. This shows the great potential of
training models on the Refinement task to enhance program
verification performance.

4.6. Fairness Concern

Model Scale We further analyze whether MALICE’s ad-
vantage mainly comes from using a larger backbone model
than other LLM-based baseline methods such as LIG-SE.
As shown in Table 4, under the same 685B DeepSeek-V3.2

backbone, the Vanilla setting achieves only 15.77%, which
is still far below LIG-SE’s 41.92% with CodeGen-350M. In
contrast, MALICE (ICL) reaches 82.69%, giving a 66.92
percentage-point improvement over Vanilla. This compar-
ison isolates the effect of our prediction-and-refinement
framework under the same model scale.

We further conduct a new Full-8B experiment to remove
the dependency on large models entirely. In this setting,
the Prediction stage uses Qwen3-8B with in-context learn-
ing, while the Refinement stage uses the fine-tuned Llama-
3.1-8B model presented in Section 4.5. As shown in Ta-
ble 6, Full-8B achieves 81.54%, substantially outperform-
ing LIG-SE and approaching the performance of MALICE
with DeepSeek-V3.2. Moreover, MALICE (SFT) already
uses an 8B model for Refinement and achieves 86.15%, sur-
passing the 685B ICL variant. These results indicate that
MALICE’s effectiveness is not merely a consequence of us-
ing a larger backbone model.

Table 6. Model-scale analysis (Pass Rate@8)
Method Prediction Refinement Pass Rate
LIG-SE CodeGen-350M (SFT) – 41.92%
Full-8B (New) Qwen3-8B (ICL) Llama-3.1-8B (SFT) 81.54%
MALICE (SFT) DeepSeek-V3.2 Llama-3.1-8B (SFT) 86.15%
MALICE (ICL) DeepSeek-V3.2 DeepSeek-V3.2 82.69%

Model Query Times The full MALICE pipeline calls the
LLM 3 times in the Prediction stage and up to 10 times in the
Refinement stage during each run. With pass@8 evaluation,
it queries the LLM up to 8 × (3 + 10) = 104 times. We
ask whether the MALICE workflow can surpass the base-
line under the same LLM query budget. Toward this, we
further conduct a pass@1 experiment where we decrease
MALICE’s maximum refinement depth to 5, thus querying
the LLM 8 times overall. Table 7 compares this experiment
with the baseline pass@8 LIG-SE setting under the same
8-call budget.

Table 7. Comparison under explicit model-query budgets
Method Pass@ Times Per-Run Behavior Pass Rate
LIG-SE 8 LLM + SE feedback loop 41.92%
MALICE w/o Refinement (even pass@150) 150 3 LLM calls (prediction only) 47.31%
MALICE (1×8 calls, New) 1 3 pred. + 5 refine. = 8 total calls 59.62%
MALICE Full 8 3 pred. + up to 10 refine. 82.69%

The single-run MALICE setting with the same total num-
ber of eight LLM calls already surpasses pass@8 LIG-SE,
showing that MALICE’s gain does not come merely from
repeating independent samples. Conversely, MALICE w/o
Refinement with pass@150 reaches only 47.31%, barely ex-
ceeding LIG-SE and underperforming 1×8 calls MALICE.
These results indicate that the workflow, especially the re-
finement stage, rather than brute-force repetition, is essen-
tial to the final performance.
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5. Related Work
Traditional Approaches. Traditional methods for loop
invariant generation often rely on symbolic analysis and
program synthesis. Tools like LoopInvGen (Padhi et al.,
2016) and Llinva (Echenim et al., 2019) use precondition
inference and SMT-based condition strengthening, respec-
tively. (Yang & Sergey, 2025) extends the inductive logic
programming tool Popper (Cropper & Morel, 2021) to uti-
lize negative examples for invariant search. While effective
for numerical invariants, these approaches generally strug-
gle to handle the structural complexities of heap memory.
Although SLING (Le et al., 2019) attempts to address this
by applying dynamic analysis to infer inductive shape prop-
erties, it incorporates hard-coded algorithms tailored to spe-
cific data structures and is therefore not flexible enough for
more general problems.

Learning-based Approaches. Learning-based ap-
proaches have drawn more attention recently due to their
flexibility and substantial performance. ICE-DT (Garg
et al., 2016), CODE2INV (Si et al., 2018a), and its exten-
sions (Yao et al., 2020; Ryan et al., 2020) utilize decision
trees, reinforcement learning, and neural networks to infer
invariants, but they generally target numeric programs with
scalar variables and often struggle to capture the struc-
tural memory semantics required for heap-manipulating
programs.

LLM Adaptations. With the rise of Large Language
Models (LLMs), researchers have begun exploring their
potential for invariant generation. AutoSpec (Wen et al.,
2024) introduces a framework that synergizes LLMs
with static analysis and program verification, decompos-
ing the program to guide the synthesis of specifications.
Clause2Inv (Cao et al., 2025) explores the usage of LLMs’
in-context learning capabilities to synthesize loop invariants
without the need for fine-tuning. Despite these advance-
ments, these methods are often constrained by the models’
shallow grasp of the underlying reasoning principles associ-
ated with complex memory separation logic. Taking a dif-
ferent approach, LIG-MM (Liu et al., 2024) proposes a self-
supervised fine-tuning paradigm that contributes a valuable
dataset and establishes a baseline. However, this approach
potentially underutilizes the LLMs’ inherent pre-trained ca-
pabilities in comprehending C program behavior.

6. Conclusion and Limitations
Conclusion This paper introduces MALICE, a frame-
work that incorporates symbolic execution traces to auto-
mate the generation of shape loop invariants. We designed
distributed task prompts that guide LLMs to analyze these
traces using natural language, and integrated an iterative

refinement mechanism to continuously correct candidates.
Furthermore, we derived the LIG-MM+ benchmark from
existing datasets, summarizing typical data structure behav-
iors to enable more comprehensive evaluation. Our evalu-
ation on this benchmark validates the robust capability of
Malice in synthesizing complex shape invariants.

Limitations Despite these encouraging results, MALICE
still has several limitations. First, generalizing shape prop-
erties from symbolic execution traces remains challenging:
traces expose heap configurations only after a finite number
of loop unrollings, and the LLM must infer an inductive ab-
straction from them. This difficulty is amplified when pro-
grams manipulate complicated data structures or combine
several data-structure idioms. Moreover, to better general-
ize the method to a broader range of real-world programs
and evaluate its effectiveness more comprehensively, the
benchmark needs to include richer data structures and more
diverse loop patterns. Although LIG-MM+ extends the pre-
vious LIG-MM benchmark in this respect, its current scale
and diversity are still insufficient to fully reflect the com-
plexity of real-world verification tasks due to huge human
labor cost of labelling each program’s formal specification.
Finally, MALICE is set to call up to 10 sequential iterative
refinement steps in each run. The time and resource con-
sumption is fairly large. We therefore seek mechanisms to
parallelize the procedure or decrease LLM calls while pre-
serving performance.

Impact Statement
This paper presents work whose goal is to combine formal
methods with machine learning to provide trustworthy code
generation. There are many potential societal consequences
of our work, none of which we feel must be specifically high-
lighted here.
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A. Prompt Construction
A.1. Prompt for Prediction Stage

Due to the complexity and length of the prompts required for the Prediction stage, we present it in a structured format rather
than as raw text. Specifically, we decompose the prompt into the following reusable functional components:

Introductory Documentation This component provides a formal introduction to the QCP framework. It details the
program state representation based on separation logic and defines the rigorous syntax specifications required by QCP.

Task Instructions This part outlines the fundamental task objectives, enforces a structured CoT workflow, and prescribes
a strict output template. Additionally, it provides detailed analytical principles to guide specific steps of the reasoning
process.

Predicate Definitions This segment formally defines the QCP-specific separation logic predicates. It covers primitive
memory assertions (e.g., data_at) and specifications for recursive data structures, including both complete lists and seg-
ments for singly and doubly linked lists. Each entry details the predicate’s semantics, parameter roles, and the precise
memory layout required for verification.

Symbolic Execution Materials For a detailed introduction, please refer to Section 3.2.

Illustrative Examples This component presents an illustrative example corresponding to the specific task, serving as a
few-shot demonstration to guide the model’s output generation.

Target Source Code This part presents the specific C source code function to be verified, serving as the primary input
for the reasoning process.

Table 8 summarizes the prompt composition utilized across the three sub-phases of the generation process.
Table 8. Composition of prompt components utilized across the generation phase (

√
denotes inclusion).

Phase Intro Task Pred Symb Exmpl Code

Abstract Red.
√ √ √ √ √

Mem. Assert.
√ √ √ √ √ √

Pure Prop.
√ √ √ √ √ √

B. End-to-End Example for Appendix
This section presents an end-to-end example of MALICE on the benchmark array_max. The input program contains a
missing loop invariant before the for loop.

B.1. Input Program
#include "verification_stdlib.h"
#include "verification_list.h"
#include "int_array_def.h"
#include "sll_shape_def.h"

int array_max(int *a, int n)
/*@ Require 0 <= n && n < INT_MAX && IntArray::full_shape(a, n)

Ensure IntArray::full_shape(a, n)
*/
{

int i;
int max = -1;
/*@ Inv

TO INFILL LOOP INVARIANT HERE
*/
for (i = 0; i < n; ++i) {

if (a[i] > max) {
max = a[i];

}
}

11
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return max;
}

B.2. Loop Unrolling Information

Given the input program, the symbolic execution tool produces loop-head assertions for bounded loop unrollings. At each
unrolling depth, symbolic execution may produce multiple branch-specific states because the loop body contains a condi-
tional statement. For readability, we show only one representative state at each depth below. MALICE uses the full set of
generated states when abstracting memory assertions and validating pure constraints.

P0:
(0 <= n@pre) &&
(n@pre < INT_MAX) &&
data_at((&max), int, -1) *
data_at((&i), int, 0) *
data_at((&n), int, n@pre) *
data_at((&a), int*, a@pre) *
IntArray.full_shape(a@pre, n@pre)

P1:
∃ x_111,
(x_111 <= -1) &&
(0 < n@pre) &&
(0 <= n@pre) &&
(n@pre < INT_MAX) &&
data_at((&max), int, -1) *
data_at((&i), int, 0 + 1) *
data_at((&n), int, n@pre) *
data_at((&a), int*, a@pre) *
IntArray.full_shape(a@pre, n@pre)

P2:
∃ x_114 x_120,
(x_120 <= x_114) &&
((0 + 1) < n@pre) &&
(0 < n@pre) &&
(0 <= n@pre) &&
(n@pre < INT_MAX) &&
data_at((&max), int, x_114) *
data_at((&i), int, (0 + 1) + 1) *
data_at((&n), int, n@pre) *
data_at((&a), int*, a@pre) *
IntArray.full_shape(a@pre, n@pre)

P3:
∃ x_126 x_138,
(x_138 <= x_126) &&
(((0 + 1) + 1) < n@pre) &&
((0 + 1) < n@pre) &&
(0 < n@pre) &&
(0 <= n@pre) &&
(n@pre < INT_MAX) &&
data_at((&max), int, x_126) *
data_at((&i), int, ((0 + 1) + 1) + 1) *
data_at((&n), int, n@pre) *
data_at((&a), int*, a@pre) *
IntArray.full_shape(a@pre, n@pre)

P4:
∃ x_144 x_168 x_192,
(x_168 > x_144) &&
((((0 + 1) + 1) + 1) < n@pre) &&
(((0 + 1) + 1) < n@pre) &&
((0 + 1) < n@pre) &&
(0 < n@pre) &&
(0 <= n@pre) &&
(n@pre < INT_MAX) &&
data_at((&max), int, x_192) *
data_at((&i), int, (((0 + 1) + 1) + 1) + 1) *
data_at((&n), int, n@pre) *
data_at((&a), int*, a@pre) *
IntArray.full_shape(a@pre, n@pre)

12
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B.3. Prediction

MALICE decomposes the invariant prediction task into three subgoals: predicate selection, memory assertion abstraction,
and pure constraint generation.

B.3.1. Step 1: Abstract Reduction (Predicate Selection)

Input. This step takes the source program, the loop-invariant hole, and the available predicate definitions. The relevant
source fragment is the for loop in array_max, and the relevant precondition is IntArray::full_shape(a, n).

Analysis Chain. MALICE first identifies the target loop:
for (i = 0; i < n; ++i) {

if (a[i] > max) {
max = a[i];

}
}

It then analyzes the memory accesses in the loop body. The test a[i] > max reads the array element a[i] and the scalar
variable max. If the branch is taken, the assignment max = a[i] reads the same array element again and writes the scalar
variable max. The loop update ++i writes the scalar variable i. Therefore, a loop-head invariant must preserve permissions
for the scalar variables i and max, and it must also preserve enough array permission to justify the access to a[i].

MALICE then compares the loop structure with the precondition. The precondition gives a single full-array predicate:
IntArray::full_shape(a, n)

This predicate is sufficient at function entry, but it does not expose the moving boundary created by the loop index. At a
loop head, i separates the array into two regions:

• a processed prefix containing indices 0 through i - 1;
• an unprocessed suffix containing indices i through n - 1.

This boundary is important because the current array access a[i] belongs to the unprocessed suffix, while previously visited
elements belong to the processed prefix.

Output. The generated output of Step 1 is a mapping from memory components to abstraction predicates:

• Use data_at to abstract variables i and max. This part contains the permissions of variables i and max, and does not
contain array permission.

• Use IntArray::ceil_shape to abstract the processed array segment. This part contains the permissions of array
elements with indices from 0 to i - 1.

• Use IntArray::ceil_shape to abstract the unprocessed array segment. This part contains the permissions of array
elements with indices from i to n - 1.

B.3.2. Step 2: Memory Assertion Abstraction

Input. This step takes three inputs: the predicate-selection result from Step 1 ,the loop-unrolling information and predi-
cate usage document. The predicate-selection result specifies three reduction targets: scalar variables, the processed array
segment, and the unprocessed array segment.

Analysis Chain. MALICE inspects the loop-head assertions generated by bounded symbolic execution. Across P0-P4, the
concrete value of i changes from 0 to a longer arithmetic expression, and the value of max may differ across branch-specific
states. However, the memory skeleton is stable: each representative assertion contains permissions for max, i, n, and a,
together with the full array predicate IntArray.full_shape(a@pre, n@pre).

MALICE selects a later loop-head assertion to perform abstraction because it exposes the general shape after several itera-
tions. The selected assertion has the following memory part:
data_at(&max, int, x_192) *
data_at(&i, int, ((((0 + 1) + 1) + 1) + 1)) *
data_at(&n, int, n@pre) *
data_at(&a, int*, a@pre) *
IntArray::full_shape(a@pre, n@pre)
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According to Step 1, this assertion is reduced using three targets.

For the scalar-variable target, the permissions of max and i are kept as scalar cells:
data_at(&max, int, x_192) *
data_at(&i, int, ((((0 + 1) + 1) + 1) + 1))

The permissions of parameters n and a are also preserved:
data_at(&n, int, n@pre) *
data_at(&a, int*, a@pre)

For the processed-array target, MALICE abstracts the prefix from index 0 to the current loop index. This segment contains
the already visited elements and excludes the current index:
IntArray::ceil_shape(a@pre, 0, i)

For the unprocessed-array target, MALICE abstracts the suffix from the current loop index to the original array length. This
segment contains the current element a[i] and the elements that may be visited in later iterations:
IntArray::ceil_shape(a@pre, i, n@pre)

Thus the full-array predicate is reduced as follows:
IntArray::ceil_shape(a@pre, 0, i) *
IntArray::ceil_shape(a@pre, i, n@pre)

Combining the three targets gives the following intermediate memory assertion:
data_at(&max, int, x_192) *
data_at(&i, int, ((((0 + 1) + 1) + 1) + 1)) *
data_at(&n, int, n@pre) *
data_at(&a, int*, a@pre) *
IntArray::ceil_shape(a@pre, 0, i) *
IntArray::ceil_shape(a@pre, i, n@pre)

This intermediate assertion still contains iteration-specific values. To make it usable as a loop invariant, MALICE gen-
eralizes these values into stable logical variables. The scalar value stored in max is represented by max_v, and the scalar
value stored in i is represented by i_v. After this normalization, all array segment boundaries are expressed using the same
loop-index abstraction i_v.

MALICE also checks whether any program-variable permission should be removed or converted to undef_data_at. In
this example, no permission is removed: max is initialized before the loop, i is initialized in the loop header by i = 0, and
a and n are function parameters.

Output. The generated memory assertion passed to Step 3 is:
data_at(&max, int, max_v) *
data_at(&i, int, i_v) *
data_at(&n, int, n@pre) *
data_at(&a, int*, a@pre) *
IntArray::ceil_shape(a@pre, 0, i_v) *
IntArray::ceil_shape(a@pre, i_v, n@pre)

B.3.3. Step 3: Pure Constraint Generation

Input. This step takes the memory assertion from Step 2 and the full set of loop-head assertions produced by bounded
unrolling. Although only one representative state at each depth is displayed above, validation is performed against all
branch-specific states generated at the checked depths.

Analysis Chain. MALICE generates candidate pure constraints and then validates them on the loop-unrolling information.
A candidate is retained only if it holds in every checked loop-head state and contains only allowed pure-logic constructs.

The first candidate concerns the loop index:
0 <= i_v && i_v <= n@pre
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This candidate is suggested by the loop initialization i = 0, the update ++i, and the guard i < n. It is also required
by the memory assertion, because IntArray::ceil_shape(a@pre, 0, i_v) and IntArray::ceil_shape(a@pre,
i_v, n@pre) are meaningful only when the split point lies between the two array boundaries. The loop-unrolling informa-
tion validates the candidate: P0 has i = 0; P1, P2, P3, and P4 show the successive values 0 + 1, (0 + 1) + 1, ((0 +
1) + 1) + 1, and (((0 + 1) + 1) + 1) + 1, together with the corresponding guards such as 0 < n@pre, (0 + 1)
< n@pre, and so on. The upper bound is non-strict because the invariant must also hold when the loop exits, where the
index may equal n@pre.

The second candidate preserves the precondition on the array length:
0 <= n@pre && n@pre < INT_MAX

This candidate is directly present in P0 and remains present in all checked loop-head assertions. Since the loop does not
modify n, the precondition-derived bounds on n@pre are stable.

The third candidate concerns the scalar variable max:
max_v >= -1

This candidate is suggested by the initialization max = -1 and by the guarded update if (a[i] > max) max = a[i].
The loop-unrolling information validates the candidate across branch-specific states. At P0, max is exactly -1. At later
depths, each state either keeps the previous value of max under a condition such as x_111 <= -1, or updates max under a
condition such as x_111 > -1 or x_168 > x_144. Thus the generated states support the lower bound max_v >= -1.

After validating the candidates, MALICE combines them with the memory assertion from Step 2.

Output. The generated complete loop invariant is:
/*@ Inv
∃ max_v i_v,
0 <= n@pre && n@pre < INT_MAX &&
0 <= i_v && i_v <= n@pre &&
max_v >= -1 &&
data_at(&max, int, max_v) *
data_at(&i, int, i_v) *
data_at(&n, int, n@pre) *
data_at(&a, int*, a@pre) *
IntArray::ceil_shape(a@pre, 0, i_v) *
IntArray::ceil_shape(a@pre, i_v, n@pre)
*/

This output is inserted into the invariant hole of the input program. The example illustrates that MALICE’s intermediate
analysis chains are also generated outputs: Step 1 outputs the predicate-target mapping, Step 2 outputs the reduction chain
and memory assertion, and Step 3 outputs the candidate validation chain and the final invariant.

B.4. Refinement

For simplicity, we only show one iteration of the refinement stage.

B.4.1. Input

The input consists of the following parts:

• The source program with the candidate invariant.
• The feedback from the symbolic engine. Here,

fatal error: Entailment Check Failed:29:3
.....(omitted).....
13: /*@ Inv Assert
14: ∃ max_v i_v,
15: 0 <= i_v && i_v <= n@pre &&
16: 0 <= n@pre && n@pre < INT_MAX &&
17: max_v >= -1 &&
18: data_at(&max, int, max_v) *
19: data_at(&i, int, i_v) *
20: data_at(&n, int, n@pre) *
21: data_at(&a, int*, a@pre) *
22: IntArray::ceil_shape(a@pre, 0, i_v) *
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23: IntArray::ceil_shape(a@pre, i_v, n@pre)
24: */
25: for (i = 0; i < n; ++i) {
26: if (a[i] > max) {
27: max = a[i];
28: }

>>> 29: }
^~~~ ERROR HERE

30: return max;
31: }

Interpret to error position:
Current Assertions:

@nrm
unnamed:
-------Assertion begin---------
branch name : NULL
next branch name : NULL
spec name : NULL
∃ max_v_90 i_v_91 v1_96 v1_100 ,
(v1_96 > max_v_90) &&
(i_v_91 < n@pre) &&
( 0 <= i_v_91) &&
(i_v_91 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
IntArray.ceil_shape (a@pre, i_v_91, n@pre) *
data_at ( (&max) , signed int , v1_100 ) *
data_at ( (&i) , signed int , i_v_91 ) *
data_at ( (&n) , signed int , n@pre ) *
data_at ( (&a) , signed int* , a@pre ) *
IntArray.ceil_shape (a@pre, 0 , i_v_91)
-------Assertion end ----------

@brk
NULL

@cnt
NULL

@ret
NULL

• The symbolic execution trace leading to the failure, given by the symbolic engine. Here, (for simplicity only a few tail
states are shown)

==== Symbolic Execution into function array_max ====
...(omitted)...

-------Assertion begin---------
branch name : NULL
next branch name : NULL
spec name : NULL
∃ max_v_90 i_v_91 v1_96 ,
(v1_96 <= max_v_90) &&
(i_v_91 < n@pre) &&
( 0 <= i_v_91) &&
(i_v_91 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
(max_v_90 >= (- 1 )) &&
IntArray.ceil_shape (a@pre, i_v_91, n@pre) *
data_at ( (&max) , signed int , max_v_90 ) *
data_at ( (&i) , signed int , i_v_91 ) *
data_at ( (&n) , signed int , n@pre ) *
data_at ( (&a) , signed int* , a@pre ) *
IntArray.ceil_shape (a@pre, 0 , i_v_91)
-------Assertion end ----------
},
"Assertion break": {
},
"Assertion continue": {
}
</Asrt Tuple>

<Code Content>
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}
</Code Content>

<Asrt Tuple>
"Assertion normal": {
-------Assertion begin---------
branch name : NULL
next branch name : NULL
spec name : NULL
∃ max_v_90 i_v_91 v1_96 v1_100 ,
(v1_96 > max_v_90) &&
(i_v_91 < n@pre) &&
( 0 <= i_v_91) &&
(i_v_91 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
IntArray.ceil_shape (a@pre, i_v_91, n@pre) *
data_at ( (&max) , signed int , v1_100 ) *
data_at ( (&i) , signed int , i_v_91 ) *
data_at ( (&n) , signed int , n@pre ) *
data_at ( (&a) , signed int* , a@pre ) *
IntArray.ceil_shape (a@pre, 0 , i_v_91)
-------Assertion end ----------
-------Assertion begin---------
branch name : NULL
next branch name : NULL
spec name : NULL
∃ max_v_90 i_v_91 v1_96 ,
(v1_96 <= max_v_90) &&
(i_v_91 < n@pre) &&
( 0 <= i_v_91) &&
(i_v_91 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
(max_v_90 >= (- 1 )) &&
IntArray.ceil_shape (a@pre, i_v_91, n@pre) *
data_at ( (&max) , signed int , max_v_90 ) *
data_at ( (&i) , signed int , i_v_91 ) *
data_at ( (&n) , signed int , n@pre ) *
data_at ( (&a) , signed int* , a@pre ) *
IntArray.ceil_shape (a@pre, 0 , i_v_91)
-------Assertion end ----------
},
"Assertion break": {
},
"Assertion continue": {
}
</Asrt Tuple>
Check <for> loop invariant here.
---------------Entailment----------------------------
Pre:
-------Assertion begin---------
branch name : NULL
next branch name : NULL
spec name : NULL
∃ max_v_90 i_v_91 v1_96 ,
(v1_96 <= max_v_90) &&
(i_v_91 < n@pre) &&
( 0 <= i_v_91) &&
(i_v_91 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
(max_v_90 >= (- 1 )) &&
IntArray.ceil_shape (a@pre, i_v_91, n@pre) *
data_at ( (&max) , signed int , max_v_90 ) *
data_at ( (&i) , signed int , (i_v_91 + 1 ) ) *
data_at ( (&n) , signed int , n@pre ) *
data_at ( (&a) , signed int* , a@pre ) *
IntArray.ceil_shape (a@pre, 0 , i_v_91)
-------Assertion end ----------
-------Assertion begin---------
branch name : NULL
next branch name : NULL
spec name : NULL
∃ max_v_90 i_v_91 v1_96 v1_100 ,
(v1_96 > max_v_90) &&
(i_v_91 < n@pre) &&
( 0 <= i_v_91) &&
(i_v_91 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
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IntArray.ceil_shape (a@pre, i_v_91, n@pre) *
data_at ( (&max) , signed int , v1_100 ) *
data_at ( (&i) , signed int , (i_v_91 + 1 ) ) *
data_at ( (&n) , signed int , n@pre ) *
data_at ( (&a) , signed int* , a@pre ) *
IntArray.ceil_shape (a@pre, 0 , i_v_91)
-------Assertion end ----------
→
Post:
-------Assertion begin---------
branch name : NULL
next branch name : NULL
spec name : NULL
∃ max_v_88 i_v_89 ,
( 0 <= i_v_89) &&
(i_v_89 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
(max_v_88 >= (- 1 )) &&
data_at ( (&max) , signed int , max_v_88 ) *
data_at ( (&i) , signed int , i_v_89 ) *
data_at ( (&n) , signed int , n@pre ) *
data_at ( (&a) , signed int* , a@pre ) *
IntArray.ceil_shape (a@pre, 0 , i_v_89) *
IntArray.ceil_shape (a@pre, i_v_89, n@pre)
-------Assertion end ----------
-----------------------------------------------------
Branch 1 result : Prop List can not be entailed
Res Prop:
(v1_100 >= (- 1 ))
Failed Entailment:
branch name : NULL
next branch name : NULL
spec name : NULL
∃ max_v_90 i_v_91 v1_96 ,
(v1_96 > max_v_90) &&
(i_v_91 < n@pre) &&
( 0 <= i_v_91) &&
(i_v_91 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
IntArray.ceil_shape (a@pre, i_v_91, n@pre) *
IntArray.ceil_shape (a@pre, 0 , i_v_91)

==>
branch name : NULL
next branch name : NULL
spec name : NULL
∃ i_v_91 ,
( 0 <= (i_v_91 + 1 )) &&
((i_v_91 + 1 ) <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
IntArray.ceil_shape (a@pre, 0 , (i_v_91 + 1 )) *
IntArray.ceil_shape (a@pre, (i_v_91 + 1 ), n@pre)

Res Prop:
(v1_100 >= (- 1 ))

FAILED
=============================================================================================

• Few-shot examples of how to first, interpret the error message and diagnose the failure, then, propose a refined invariant.
For simplicity, we omit here and the full version is available in our code.

B.4.2. Output

We show a brief representative refinement output. The model first interprets the verification failure and then proposes a
revised invariant.

Error Interpretation and Diagnosis Step
stderr.txt���Entailment Check Failed���ERROR HERE�����for������'}'����������
**����� => �����������������**
������������������������

���������stdout.txt�������������������������entailment����������������
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�stdout.txt������
```
Failed Entailment:
exists max_v_90 i_v_91 v1_96,
(v1_96 > max_v_90) &&
(i_v_91 < n@pre) &&
( 0 <= i_v_91) &&
(i_v_91 <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
IntArray.ceil_shape (a@pre, i_v_91, n@pre) *
IntArray.ceil_shape (a@pre, 0, i_v_91)

==>
exists i_v_91,
( 0 <= (i_v_91 + 1 )) &&
((i_v_91 + 1 ) <= n@pre) &&
( 0 <= n@pre) &&
(n@pre < INT_MAX) &&
IntArray.ceil_shape (a@pre, 0, (i_v_91 + 1 )) *
IntArray.ceil_shape (a@pre, (i_v_91 + 1 ), n@pre)

Res Prop:
(v1_100 >= (- 1 ))
```

����������������������������
1. `IntArray::ceil_shape(a@pre, i_v_91, n@pre)` - ����a�i_v_91�n@pre-1���
2. `IntArray::ceil_shape(a@pre, 0, i_v_91)` - ����a�0�i_v_91-1���

�����
1. `IntArray::ceil_shape(a@pre, 0, i_v_91 + 1)` - ����a�0�i_v_91���
2. `IntArray::ceil_shape(a@pre, i_v_91 + 1, n@pre)` - ����a�i_v_91+1�n@pre-1���

����������`ceil_shape`������������������`ceil_shape(a@pre, 0, i_v_91 + 1)`������`ceil_shape`����`ceil_shape(a, start, end)`����a�start�end-1����

�������`IntArray::ceil_shape(a@pre, i_v_91, n@pre)`��`IntArray::ceil_shape(a@pre, 0, i_v_91)`�����`IntArray::ceil_shape(a@pre, 0, n@pre)`����`IntArray::ceil_shape(a@pre, 0, i_v_91 + 1)`�

��������
```c
IntArray::ceil_shape(a@pre, 0, i_v) *
IntArray::ceil_shape(a@pre, i_v, n@pre)
```

��������`IntArray::ceil_shape(a@pre, i_v, n@pre)`���i_v�n@pre-1�������`ceil_shape`���������i_v�n@pre-1����������������������������0�i_v-1����������i_v�n@pre-1��

����`IntArray::full_shape(a@pre, n@pre)`������`IntArray::ceil_shape(a@pre, 0, i_v)`�`IntArray::ceil_shape(a@pre, i_v, n@pre)`����������`IntArray::ceil_shape(a@pre, i_v, n@pre)`���i_v�n@pre-1�����`IntArray::ceil_shape(a@pre, 0, i_v)`���0�i_v-1��������������������

�������i_v = n@pre��`IntArray::ceil_shape(a@pre, i_v, n@pre)`���n@pre�n@pre-1�������������������i_v < n@pre����������������`IntArray::ceil_shape(a@pre, 0, n@pre)`�

�������������`IntArray::ceil_shape(a@pre, 0, i_v)`��������`IntArray::ceil_shape(a@pre, i_v, n@pre)`���������������������`IntArray::ceil_shape(a@pre, 0, i_v) * IntArray::ceil_shape(a@pre, i_v, n@pre)`�����`IntArray::full_shape(a@pre, n@pre)`�

��������������������������������������������������

Refined Invariant Proposal Step

������������������������������������������������������

������������
1. `IntArray::ceil_shape(a@pre, 0, i_v)` - ������0�i_v-1�
2. `IntArray::ceil_shape(a@pre, i_v, n@pre)` - ������i_v�n@pre-1�

�����������������������������������������������`IntArray::full_shape(a@pre, n@pre)`���������������

���������������
```c
IntArray::full_shape(a@pre, n@pre)
```

������������������������������������������������

����`IntArray::full_shape(a@pre, n@pre)`������
```c
IntArray::ceil_shape(a@pre, 0, i_v) * IntArray::ceil_shape(a@pre, i_v, n@pre)
```

������������������������������������������

����������array_copy1����������`IntArray::ceil_shape`���������������������`IntArray::ceil_shape`������
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�����������������`IntArray::ceil_shape(a@pre, i_v, n@pre)`����������`ceil_shape`��������

��������`IntArray::ceil_shape(a, start, end)`����a�start�end-1�������
- `IntArray::ceil_shape(a@pre, 0, i_v)` ���0�i_v-1���
- `IntArray::ceil_shape(a@pre, i_v, n@pre)` ���i_v�n@pre-1���

������������������������������

���������������������������������������
```c
IntArray::full_shape(a@pre, n@pre)
```

�������������������������`IntArray::full_shape(a@pre, n@pre)`����������������

���������������
```c
IntArray::full_shape(a@pre, n@pre) &&
0 <= i_v && i_v <= n@pre
```

�����������������������

������������
```c
IntArray::full_shape(a@pre, n@pre) &&
0 <= i_v && i_v <= n@pre
```

�����������������������������

### ������
```c
#include "verification_stdlib.h"
#include "verification_list.h"
#include "int_array_def.h"
#include "sll_shape_def.h"

int array_max(int *a, int n)
/*@ Require 0 <= n && n < INT_MAX && IntArray::full_shape(a, n)

Ensure IntArray::full_shape(a, n)
*/
{

int i;
int max = -1;
/*@ Inv Assert

exists max_v i_v,
0 <= i_v && i_v <= n@pre &&
0 <= n@pre && n@pre < INT_MAX &&
max_v >= -1 &&
data_at(&max, int, max_v) *
data_at(&i, int, i_v) *
data_at(&n, int, n@pre) *
data_at(&a, int*, a@pre) *
IntArray::full_shape(a@pre, n@pre)
*/

for (i = 0; i < n; ++i) {
if (a[i] > max) {

max = a[i];
}

}
return max;

}
```

C. Configuration of SFT
Our main SFT configuration is as follows:

• model_name_or_path: unsloth/Meta-Llama-3.1-8B-Instruct
• stage: sft
• do_train: true
• finetuning_type: lora
• lora_rank: 16
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• lora_target: all
• per_device_train_batch_size: 1
• gradient_accumulation_steps: 8
• learning_rate: 2e-4
• weight_decay: 0.01
• num_train_epochs: 3.0
• lr_scheduler_type: cosine
• warmup_ratio: 0.1
• bf16: true
• ddp_timeout: 180000000
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