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Active learning of formal behavior models from program source code is a powerful approach for a wide range
of software analysis, validation, and verification tasks, including understanding system intent, automating
specificationmining, generating test oracles, and checking formal properties. Recent advances in active learning
of symbolic automata, powered by program synthesis and model checking, provide both rich expressiveness
and soundness guarantees for the learned models. However, these techniques often encounter significant
performance bottlenecks, particularly when dealing with reactive programs that expose many program
variables with large value domains.

This work introduces an extended active learning algorithm tailored for reactive programs by incorporating
a novel dynamic symbolic mapper for learning symbolic automata. The mapper abstracts program behavior
using learner-inferred predicates over program variables, encodes each valuation of these variables as a
Boolean vector induced by these predicates (Boolean abstraction), and dynamically refines the abstraction
in response to missing behaviors identified by the teacher. The mapper is granularity-aware: for teaching,
it employs the coarsest predicates sufficient to expose missing behaviors, enabling broad exploration; for
learning, it refines the abstraction only to the finest predicates necessary to resolve the uncovered gaps, trying
to avoid refinements that could otherwise be triggered by coarse abstraction.

We evaluated our approach on 120 benchmarks, including SV-COMP tasks, Simulinkmodel-driven programs,
LeetCode problems, and representative embedded control software. The results show that our method learns 32
more symbolic automata and reduces the average active learning time by 55.6% compared to the state-of-the-art.

CCS Concepts: • Software and its engineering → Model checking; Software reverse engineering; •
Theory of computation→ Automata over infinite objects; Abstraction.
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1 Introduction

Reactive programs [13] interact continuously with their environment: they receive inputs (e.g.,
events, interrupts, messages), update internal states, and produce outputs that may serve, in turn,
as future inputs. Typical examples include device drivers, network protocols, and embedded control
systems that are often safety-critical or mission-critical. Their stateful nature—where the next
output depends on both current inputs and internal states—typically necessitates the use of global
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variables intertwined with complex control and data flows, often forming infinite execution loops.
Gaining a clear understanding of such systems is highly challenging, particularly when formal
models or documentation are absent.
Approaches such as specification mining [6, 27, 49, 51, 53, 54, 64, 67] and model learning [1,

15, 24, 25, 30, 42–44] have tried to address this challenge using techniques ranging from formal
methods to even large language models (LLMs) [54, 64]. Among them, recent state-of-the-art work
by Jeppu et al. [42–44] leverages program synthesis and model checking to learn symbolic automata
directly from program source code. To the best of our knowledge, this work is the most advanced
active learning approach to date—both theoretically sound (guaranteeing that the learned model
encompasses all behaviors of the target program) and directly applicable to source code. This is
especially significant for reactive programs in safety- or mission-critical domains, where formal
documentation is often missing due to legacy development practices or other practical constraints.

However, this approach also faces severe performance bottlenecks when programs expose many
variables with large and diverse domains (Boolean, enumerated, integer, and floating-point). Its
performance is highly sensitive to the number of variables and the size of their domains, which
amplifies the scalability challenges of automata learning and limits practical applicability.
To address this issue, we present an extended active symbolic automata learning algorithm

tailored for reactive programs by introducing a novel dynamic symbolic mapper. The mapper
abstracts program behavior using predicates inferred by the learner and dynamically refines the
abstraction in response to missing behaviors revealed by the teacher. By mapping program variables
with diverse value domains to Boolean variables induced by predicates, the mapper enables the
active learner to operate within a Boolean vector space while preserving both the expressiveness
and soundness of the learned model. This Boolean abstraction is then dynamically refined during
active learning using information revealed by counterexample traces provided by the teacher. Our
mapper is granularity-aware: for teaching, it adopts the coarsest predicates sufficient to expose
missing behaviors, supporting broad exploration; for learning, it refines the abstraction only to the
finest predicates necessary to resolve these missing behaviors, trying to minimize the number of
refinements that could have been triggered by coarse abstraction.

The key novelty of our dynamic symbolic mapper is two-fold: (i) a two-layered trace abstraction,
which first applies program synthesis to generate transition predicates from program execution
traces and then abstracts these traces into Boolean vectors using the synthesized predicates; and
(ii) fully automated granularity-aware abstraction strategies that control the level of abstraction
on demand. Unlike prior methods that assume manually crafted abstractions [25, 30] or rely on
domain-specific abstractions [8, 17, 31], our dynamic symbolic mapper can be fully automated
within the active learning loop, without any predefined abstractions.

We developed an extended active symbolic automata learning tool, called AutoCL, that imple-
ments the proposed dynamic symbolic mapper. We evaluated AutoCL on 120 reactive C programs
derived from SV-COMP benchmarks [12], Simulink models [55], LeetCode-inspired tasks [50], and
representative embedded software [14, 20, 28, 32, 65]. Under a three-hour time limit per program,
AutoCL successfully learned 100 sound symbolic automata, compared with only 68 learned by the
baseline approach [42–44], while reducing the average active learning time by 55.6%.

The major contributions of this paper are summarized as follows:

• We introduce a novel dynamic symbolic mapper that enables active learning of symbolic
automata for reactive programs to operate within a Boolean vector space.

• We propose a granularity-aware extension of a state-of-the-art active symbolic automata
learning algorithm that alternates between coarse-grained abstraction for teaching and
fine-grained abstraction for learning.
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• We develop a prototype tool AutoCL and evaluate it on 120 reactive C programs drawn from
four benchmark suites, demonstrating improved active learning effectiveness and efficiency.

The remainder of this paper is organized as follows: §2 introduces the formal background for
symbolic automata learning and the notation used throughout the paper; §3 presents the dynamic
symbolic mapper, including its abstraction and refinement operations and granularity-aware
strategies; §4 describes the overall workflow and active learning algorithm of AutoCL; §5 evaluates
the effectiveness and efficiency of AutoCL on 120 benchmarks; §6 discusses related work; and §7
concludes with a discussion of limitations and future work.

2 Preliminaries

This section first introduces basic definitions (§2.1) and a running example (§2.2) used throughout
the paper to explain our ideas. We also review the baseline active learner [42–44], outlining its
overall process and technical approach (§2.3), and discuss the limitations of this baseline (§2.4).

2.1 Definitions

Definition 1 (Reactive Programs). A reactive program P is a tuple (𝑄,𝑋𝑖𝑛, 𝑋𝑜𝑢𝑡 , 𝑓 , 𝑞0), where 𝑄
is a set of states, 𝑋𝑖𝑛 and 𝑋𝑜𝑢𝑡 are finite sets of input and output variables, and 𝑓 : 𝑄 × Val(𝑋𝑖𝑛) →
𝑄 ×Val(𝑋𝑜𝑢𝑡 ) is a transition function mapping a current state and an input valuation to a next state
and an output valuation, and 𝑞0 ∈ 𝑄 is the initial state. It allows a feedback loop, i.e., 𝑋𝑖𝑛 ∩𝑋𝑜𝑢𝑡 ≠ ∅.

Here, let 𝐷𝑜𝑚(𝑥) denote the value domain of a variable 𝑥 . For a set of variables 𝑋 , we write
𝑉𝑎𝑙 (𝑋 ) =∏

𝑥∈𝑋 𝐷𝑜𝑚(𝑥) for the set of all valuations over 𝑋 . We refer to 𝑋 = 𝑋𝑖𝑛 ∪ 𝑋𝑜𝑢𝑡 , the set of
input and output variables, as observable variables, enumerate them as 𝑋 = {𝑥1, . . . , 𝑥𝑘 }, and write
𝑋 ′ = {𝑥 ′1, . . . , 𝑥 ′𝑘 } for their updated counterparts after applying the transition function 𝑓 .

We write 𝑋𝑠𝑡 = 𝑋𝑖𝑛 ∩ 𝑋𝑜𝑢𝑡 for the set of observable state variables (e.g., global variables), whose
current values are used in the next iterations via the feedback loop.

An observation 𝑜𝑖 is a valuation over 𝑋 ∪ 𝑋 ′ collected at the 𝑖-th feedback loop iteration, and an
(execution) trace 𝜋 is a finite sequence of such observations, 𝜋 = 𝑜1, 𝑜2, . . . , 𝑜𝑛 .

Definition 2 (Symbolic Finite Automata). A symbolic finite automaton (SFA) M is a tuple
(𝑆,Φ,Δ, 𝑠0) where 𝑆 is a finite set of states, Φ is a set of predicates over 𝑋 ∪𝑋 ′, Δ ⊆ 𝑆 ×Φ× 𝑆 is the
transition relation, and 𝑠0 ∈ 𝑆 is the initial state.

Each (𝑠𝑖 , 𝜙, 𝑠𝑖+1) ∈ Δ represents a transition from the source state 𝑠𝑖 to the target state 𝑠𝑖+1,
where 𝜙 is a transition predicate consisting of variables in 𝑋𝑖𝑛 ⊂ 𝑋 , variables in 𝑋𝑜𝑢𝑡 ⊂ 𝑋 ′, basic
arithmetic operators, logical operators, and constant symbols.

A symbolic path ofM is a finite sequence of transitions 𝜋 = 𝑠0, 𝜙1, 𝑠1, 𝜙2, . . . , 𝑠𝑛−1, 𝜙𝑛, 𝑠𝑛 such that
(𝑠𝑖−1, 𝜙𝑖 , 𝑠𝑖 ) ∈ Δ for all 1 ≤ 𝑖 ≤ 𝑛. The set of concretized traces of 𝜋 is given by: [[𝜙1]] × [[𝜙2]] ×
· · · × [[𝜙𝑛]], where [[𝜙]] denotes the concretization operator mapping a predicate 𝜙 to the set of all
observations that satisfy 𝜙 . The union of all such traces over all paths of M forms the language of
M, denoted L(M). A trace 𝜋 is accepted byM if 𝜋 ∈ L(M).
An SFA M is a sound abstraction of a reactive program P if it accepts the language of P, i.e.,

L(P) ⊆ L(M), where L(P) is the set of all traces obtained by executing P.
In this paper, we consider an SFA M whose states are identified by the value of a designated

variable 𝑠𝑡 ∈ 𝑋𝑠𝑡 , called the primary state variable. We say that each state 𝑠 ∈ 𝑆 represents a value
𝑣 ∈ 𝐷𝑜𝑚(𝑠𝑡) of the primary state variable 𝑠𝑡 , written as 𝑠𝑡 = 𝑣 . Accordingly, the next value of 𝑠𝑡
after applying the transition function 𝑓 determines the target state of each transition. Concretely,
we restrict transitions to the form (𝑠, 𝜑 ∧ 𝑠𝑡 ′ = 𝑣 ′, 𝑠′) ∈ Δ, where 𝜑 is a guard predicate over
𝑋 ∪ 𝑋 ′ \ {𝑠𝑡, 𝑠𝑡 ′}, and 𝑠𝑡 ′ = 𝑣 ′ specifies the next value of the primary state variable.
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2.2 Running Example

1 : while (𝑡𝑟𝑢𝑒 ) {
2 : 𝑤 := 𝑅𝑒𝑎𝑑𝑊𝑎𝑡𝑒𝑟 ( ) ;
3 : 𝑚 := 𝑅𝑒𝑎𝑑𝑀𝑒𝑡ℎ𝑎𝑛𝑒 ( ) ;

4 : if (𝑠𝑡 = Ready) {
5 : ℎ := 0;
6 : if (𝑚 < 600 ∧ 𝑤 ≥ 70) {
7 : 𝑠𝑡 := Pump; }}

8 : else if (𝑠𝑡 = Pump) {
9 : ℎ := ℎ + 1;
10 : if (𝑚 ≥ 600) {
11 : 𝑠𝑡 := Locked; 𝑎 := 𝑡𝑟𝑢𝑒 ; }
12 : else if (𝑤 ≤ 30) {
13 : 𝑠𝑡 := Ready; }
14 : else if (ℎ ≥ 3 ∧ 𝑤 ≤ 50) {
15 : 𝑠𝑡 := Ready; }}

16 : else if (𝑠𝑡 = 𝐿𝑜𝑐𝑘𝑒𝑑 ) {
17 : if (ℎ > 0) {
18 : ℎ := ℎ − 1; }
19 : if (¬𝑎) {
20 : 𝑠𝑡 := 𝑃𝑢𝑚𝑝 ; }
21 : if (𝑚 ≤ 550) {
22 : 𝑎 := 𝑓 𝑎𝑙𝑠𝑒 ; }}
23 : }

Fig. 1. Pseudocode of the mine-pump controller used as a running example.

Fig. 1 shows pseudocode for a mine-pump controller [47]. The controller repeatedly reads water
level𝑤 and methane level𝑚 (lines 2–3) and updates the primary state variable 𝑠𝑡 together with
the alarm 𝑎 and the heat ℎ. In Ready, it switches to Pump when𝑤 is high (lines 4–7); in Pump, it
returns to Ready when𝑤 is low (lines 12–13), or when ℎ becomes high even if𝑤 is only moderate
(lines 14–15), and it moves to Locked when𝑚 is high (lines 10–11). In Locked, once𝑚 becomes safe
again, it turns off 𝑎 and switches back to Pump in the next cycle (lines 16–22).
Following Def. 1, we view the controller in Fig. 1 as a reactive program P that runs a feedback

loop. In this program, we set 𝑋𝑖𝑛 = {𝑤,𝑚, 𝑠𝑡, 𝑎, ℎ} and 𝑋𝑜𝑢𝑡 = {𝑠𝑡, 𝑎, ℎ}, hence 𝑋𝑠𝑡 = {𝑠𝑡, 𝑎, ℎ}. One
loop iteration yields an observation 𝑜 ∈ Val({𝑠𝑡,𝑤,𝑚, 𝑎, ℎ, 𝑎′, ℎ′, 𝑠𝑡 ′}); since 𝑓 updates only 𝑋𝑜𝑢𝑡 ,
𝑤,𝑚 ∈ (𝑋𝑖𝑛 \ 𝑋𝑜𝑢𝑡 ) implies𝑤 ′ =𝑤 and𝑚′ =𝑚, and we omit𝑤 ′ and𝑚′ in the observation set. For
example, 𝑜 := (𝑠𝑡 = Pump ∧𝑤 = 68 ∧𝑚 = 610 ∧ ¬𝑎 ∧ ℎ = 1 ∧ 𝑎′ ∧ ℎ′ = 2 ∧ 𝑠𝑡 ′ = Locked).

2.3 The Baseline Active Learner

Jeppu et al. [42–44] proposed an innovative active learning approach that automatically infers
symbolic automata from program source code. Its novelty lies in combining two techniques: (1)
inductive program synthesis [5, 9], which automatically synthesizes expressive predicates from
input-output examples, and (2) software model checking [19], which ensures the soundness of
the learned automaton. Unlike prior approaches that either rely on simple partitioning schemes
(e.g., decision tree splits [15] or interval-based abstractions [25]) with limited expressiveness or
require user-specified atomic propositions [25]—thereby shifting the burden of expressiveness to
the user—program synthesis enables the automated construction of rich predicates directly over
program variables of heterogeneous types. Similarly, black-box active learning techniques typically
approximate the correctness of the learned SFA using a finite set of test oracles, whereas integrating
software model checking provides a rigorous soundness guarantee for the learned SFA with respect
to the program.
Algorithm 1 illustrates the overall algorithm of the baseline approach.1 Procedure ActiveLearn

takes a target reactive program P, a set of initial traces T obtained by running P with some
program inputs, and a time limit 𝑡𝑙𝑖𝑚𝑖𝑡 as input. Then, the learner infers a candidate SFA M from
T (line 3), while the teacher checks the soundness ofM against P (line 4). If any missing behavior
is detected, the teacher returns counterexamples (CEs) T𝑛𝑒𝑤 ⊂ L(P) \ L(M), after which the
procedure updates the trace set T := T ∪ T𝑛𝑒𝑤 (line 7) and refinesM in the next iteration. This
procedure repeats until M achieves soundness (i.e., L(P) ⊆ L(M)) (line 6). Otherwise, the
procedure returns the best-effort SFA if it exceeds the time limit 𝑡𝑙𝑖𝑚𝑖𝑡 (line 8).

1This algorithm is our interpreted version based on the papers [42–44] and their implementation [41].
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Algorithm 1 Baseline Active Learning Algorithm
1: procedure ActiveLearn(P: reactive program, T: set of

initial traces, 𝑡limit: time limit)
2: while 𝑡elapsed < 𝑡limit do

3: M := Learn(T) ;
4: T𝑛𝑒𝑤 := Teach(M, 𝑃 ) ;
5: if T𝑛𝑒𝑤 = ∅ then

6: return M;
7: T := T ∪ T𝑛𝑒𝑤 ;
8: return M;

9: procedure Learn(T: set of traces)
10: Φ := ∅; // transition predicate set
11: for each 𝑣 ∈ 𝐷𝑜𝑚 (𝑠𝑡 ) do
12: 𝐺𝑣 := Group(T, 𝑣) ;
13: Φ := Φ ∪ Synth(𝐺𝑣 ) ;
14: T𝑠𝑦𝑚 := Symbolic(T,Φ) ;
15: M := DFA(T𝑠𝑦𝑚 ) ;
16: return M;

17: procedure Teach(M: SFA (𝑆,Φ,Δ, 𝑠0 ) , P: reactive pro-
gram)

18: T𝑛𝑒𝑤 := ∅;
19: for each (𝑠, 𝜙, 𝑠′ ) ∈ Δ do

20: T𝑖𝑛𝑓 := ∅;
21: P𝑠 := ( assume(𝜙 ) ;

(𝑞′, 𝑋 ′ ) := 𝑓 (𝑞,𝑋 ) ;
assume(¬𝑜𝑢𝑡 (𝑠′ ) ) ; ) ;

22: while 𝑡𝑟𝑢𝑒 do

23: 𝜏 := Select(L(P𝑠 ) \ T𝑖𝑛𝑓 ) ;
24: if 𝜏 = ⊥ then

25: break;
26: if (Feasible(𝜏, P) ) then
27: T𝑛𝑒𝑤 := T𝑛𝑒𝑤 ∪ {𝜏 };
28: break;
29: else

30: T𝑖𝑛𝑓 := T𝑖𝑛𝑓 ∪ {𝜏 };
31: return T𝑛𝑒𝑤 ;

Given a set of traces T , procedure Learn first groups the observations by the current value of the
state variable 𝑠𝑡 (line 12). For each group, it synthesizes guard predicates that distinguish different
next values of 𝑠𝑡 . Fig. 2a shows a trace 𝜋 = 𝑜1, . . . , 𝑜8 obtained from running the program in Fig. 1; for
illustration, consider the group𝐺Ready = {𝑜1, 𝑜2, 𝑜4} containing the observations whose current state
is Ready. In this group, 𝑜1 is followed by 𝑠𝑡 ′ = Ready, whereas 𝑜2 and 𝑜4 are followed by 𝑠𝑡 ′ = Pump.
Procedure Synth synthesizes a distinguishing guard predicate (e.g., Synth(𝐺Ready) = 𝑤 > 50)
and then forms the corresponding transition predicate 𝑤 > 50 ∧ 𝑠𝑡 ′ = Pump (line 13). Using the
synthesized transition predicates, procedure Symbolic generates a symbolic lifting T𝑠𝑦𝑚 of T (as
shown in Fig. 2b) by replacing each observation 𝑜 with the transition predicate 𝜙 that 𝑜 satisfies, i.e.,
𝑜 ∈ [[𝜙]] (line 14). Finally, procedure DFA applies a deterministic finite automaton (DFA) learning
algorithm [7] that constructs an SFAM in Fig. 2c from T𝑠𝑦𝑚 (line 15).

𝑖 𝑠𝑡 𝑤 𝑚 𝑎 ℎ 𝑎′ ℎ′ 𝑠𝑡 ′

1 Ready 31 548 𝐹 0 𝐹 0 Ready
2 Ready 73 596 𝐹 0 𝐹 0 Pump
3 Pump 28 548 𝐹 0 𝐹 1 Ready
4 Ready 75 588 𝐹 1 𝐹 0 Pump
5 Pump 72 544 𝐹 0 𝐹 1 Pump
6 Pump 68 610 𝐹 1 𝑇 2 Locked
7 Locked 67 550 𝑇 2 𝐹 1 Locked
8 Locked 71 540 𝐹 1 𝐹 0 Pump

(a) Execution trace of Fig. 1

1 : 𝑠𝑡 ′ = Ready
2 : 𝑤 > 50 ∧ 𝑠𝑡 ′ = Pump
3 : 𝑤 ≤ 30 ∧ 𝑠𝑡 ′ = Ready
4 : 𝑤 > 50 ∧ 𝑠𝑡 ′ = Pump
5 : 𝑠𝑡 ′ = Pump
6 :𝑚 > 550 ∧ 𝑠𝑡 ′ = Locked
7 : 𝑠𝑡 ′ = Locked
8 : 𝑤 ≥ 70 ∧ 𝑠𝑡 ′ = Pump

(b) Symbolic lifting of (a)

𝑠0start

𝑠1

𝑠2

𝑠𝑡 ′ = Ready

𝑠𝑡 ′ = Pump

𝑠𝑡 ′ = Pump

𝑤 > 50 ∧
𝑠𝑡 ′ = Pump

𝑚 > 550 ∧
𝑠𝑡 ′ = Pump

𝑤 ≤ 30 ∧
𝑠𝑡 ′ = Ready

𝑤 ≥ 70 ∧
𝑠𝑡 ′ = Pump

(c) Learned SFA from (b)

Fig. 2. An example of symbolic automaton learning from an execution trace.

Procedure Teach iterates over each transition (𝑠, 𝜙, 𝑠′) ∈ Δ of M. It first checks the completeness
of each transition predicate 𝜙 using model checking to determine whether all possible transitions of
the program P with the value pair (𝑠𝑡 = 𝑣, 𝑠𝑡 ′ = 𝑣 ′) can be represented by (𝑠, 𝜙, 𝑠′); concretely, this
is done by creating an annotated copy of P, denoted P𝑠 , that assumes any observations satisfying
𝜙 , executes the transition function 𝑓 , and then applies assume(¬𝑜𝑢𝑡 (𝑠′)), where 𝑜𝑢𝑡 (𝑠′) denotes
the disjunction of all outgoing predicates of the target state 𝑠′ (line 21). By model checking P𝑠 , it
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can either identify a CE 𝜏 or conclude that the transition is complete if 𝜏 = ⊥. Each identified 𝜏 is
subjected to feasibility checking against P (line 26): if feasible, 𝜏 is added to the new trace set T𝑛𝑒𝑤
(line 27); otherwise, it is classified as infeasible and added to the infeasible set T𝑖𝑛𝑓 (line 30) and
excluded from future checks (line 23). Teach returns the accumulated CE set T𝑛𝑒𝑤 (line 31). If 𝜏 = ⊥
holds for all transitions (i.e., T𝑛𝑒𝑤 = ∅),M is proven to be a sound abstraction of P.

2.4 Limitations of the Baseline Approach

The baseline active learner in §2.3 automatically synthesizes expressive transition predicates
and provides soundness guarantees for the learned SFAs; however, these advantages come with
significant inefficiency. Two major sources of inefficiency are (1) the repeated synthesis process and
(2) the repeated feasibility checking process. These bottlenecks become more severe as the number
of observable variables increases and their value domains expand, since each additional variable or
domain value expands the search space for synthesizing candidate predicates and finding feasible
CEs. In Learn, after each teaching step, the learner discards previously synthesized predicates—often
computed at the cost of tens or hundreds of seconds—and recomputes them from scratch, and the
growing number of traces further expands the synthesis search space. In Teach, the same expansion
leads to a combinatorial explosion of candidate CEs that must be checked for feasibility. The nested
loops at lines 19 and 22 iterate over transitions and candidate CEs, invoking model checking at
every iteration and thus significantly increasing the overall cost.

Consequently, the overall performance of active learning for symbolic automata is highly sensitive
to both the number of observable variables and the size of their value domains. In complex pro-
grams with many variables, these factors exacerbate inefficiency issues that the baseline approach
cannot overcome. This limitation highlights the need for an effective abstraction of observable
variables—one that reduces the search space without sacrificing the expressiveness and soundness.

3 Dynamic Symbolic Mapper

Our dynamic symbolic mapper abstracts program behavior represented as predicates over observ-
able variables into Boolean variables (BVs), and dynamically refines the abstraction in response
to missing behaviors revealed by the teacher. The mapper produces abstract traces and abstract
SFAs over the Boolean vector space so that the learner synthesizes transition predicates using only
logical operations, and the teacher checks feasibility over Boolean combinations, thereby reducing
the number of infeasible CEs as well as the complexity of program synthesis.

3.1 Boolean Abstraction in Active Learning

Before presenting our dynamic symbolic mapper in full, we first highlight its key operation: trace
abstraction. At a high level, given a finite set of BVs, trace abstraction maps each observation over
observable variables to a Boolean valuation over BVs by assigning each BV the truth value of its
corresponding predicate on the observation. We formalize this mapping and explain how it works
for active learning.

Definition 3 (Trace Abstraction). Given a finite set of BVs 𝐵 = {𝑏1, . . . , 𝑏𝑘 }, where each 𝑏𝑖
encodes the truth value of a unique predicate𝜓𝑖 over 𝑋 ∪ 𝑋 ′ (i.e., 𝑏𝑖 ⇔ 𝜓𝑖 ), the trace abstraction is
a function 𝛼 : 𝑉𝑎𝑙 (𝑋 ∪ 𝑋 ′) → 𝑉𝑎𝑙 ({𝑠𝑡, 𝑠𝑡 ′} ∪ 𝐵).

Here,𝑉𝑎𝑙 (·) denotes the set of valuations over its argument. For an observation 𝑜 ∈ 𝑉𝑎𝑙 (𝑋 ∪𝑋 ′),
the trace abstraction 𝛼 (𝑜) is the Boolean valuation over 𝐵 induced by𝜓1, . . . ,𝜓𝑘 , i.e., 𝑏𝑖 is true in
𝛼 (𝑜) iff 𝑜 |=𝜓𝑖 . We extend 𝛼 to traces and trace sets as follows. For a trace 𝜋 = 𝑜1 · · ·𝑜𝑛 , we define
𝛼 (𝜋) = 𝛼 (𝑜1) · · ·𝛼 (𝑜𝑛). For a trace set T , we define 𝛼 (T ) = {𝛼 (𝜋) | 𝜋 ∈ T }.
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Trace abstraction enables both learning and teaching to operate in the Boolean vector space
with lower cost. In the active learning workflow, we may first fix a BV set 𝐵 = {𝑏1, . . . , 𝑏𝑘 } and
apply trace abstraction to an initial set of execution traces T to obtain an initial abstract trace
set T̂ = 𝛼 (T ). The learner then infers an abstract SFA M̂ from T̂ , whose guard predicates are
Boolean formulas over 𝐵. The teacher checks M̂ against a target reactive program P and returns
an abstract CE trace 𝜏 over {𝑠𝑡, 𝑠𝑡 ′} ∪ 𝐵.
We further illustrate this with the running example in Fig. 3: We instantiate 𝐵 = {𝑏1, . . . , 𝑏8}

using predicates appearing in the code (Fig. 1), e.g., 𝑏1 corresponds to the condition at line 12.

𝑖 𝑠𝑡 𝑏1 𝑏2 𝑏3 𝑏4 𝑏5 𝑏6 𝑏7 𝑏8 𝑠𝑡 ′

1 𝑅𝑒𝑎𝑑𝑦 𝐹 𝑇 𝐹 𝑇 𝑇 𝐹 𝐹 𝐹 𝑅𝑒𝑎𝑑𝑦

2 𝑅𝑒𝑎𝑑𝑦 𝐹 𝐹 𝑇 𝐹 𝑇 𝐹 𝐹 𝐹 𝑃𝑢𝑚𝑝

3 𝑃𝑢𝑚𝑝 𝑇 𝑇 𝐹 𝑇 𝑇 𝐹 𝑇 𝐹 𝑅𝑒𝑎𝑑𝑦

4 𝑅𝑒𝑎𝑑𝑦 𝐹 𝐹 𝑇 𝐹 𝑇 𝐹 𝐹 𝐹 𝑃𝑢𝑚𝑝

5 𝑃𝑢𝑚𝑝 𝐹 𝐹 𝑇 𝑇 𝑇 𝐹 𝑇 𝐹 𝑃𝑢𝑚𝑝

6 𝑃𝑢𝑚𝑝 𝐹 𝐹 𝐹 𝐹 𝐹 𝐹 𝑇 𝐹 𝐿𝑜𝑐𝑘𝑒𝑑

7 𝐿𝑜𝑐𝑘𝑒𝑑 𝐹 𝐹 𝐹 𝑇 𝑇 𝑇 𝑇 𝐹 𝐿𝑜𝑐𝑘𝑒𝑑

8 𝐿𝑜𝑐𝑘𝑒𝑑 𝐹 𝐹 𝑇 𝑇 𝑇 𝐹 𝐹 𝐹 𝑃𝑢𝑚𝑝

(a) Abstract trace of Fig. 2a

𝑠0start

𝑠1

𝑠2

𝑠𝑡 ′ = 𝑅𝑒𝑎𝑑𝑦

𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

𝑠𝑡 ′ = 𝐿𝑜𝑐𝑘𝑒𝑑

¬𝑏2 ∧
𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

¬𝑏4 ∧
𝑠𝑡 ′ = 𝐿𝑜𝑐𝑘𝑒𝑑

𝑏1 ∧
𝑠𝑡 ′ = 𝑅𝑒𝑎𝑑𝑦

𝑏3 ∧
𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

(b) Abstract SFA learned from (a)

Fig. 3. An example of trace abstraction. Here, 𝑏1 ⇔ (𝑤 ≤ 30), 𝑏2 ⇔ (𝑤 ≤ 50), 𝑏3 ⇔ (𝑤 ≥ 70), 𝑏4 ⇔ (𝑚 ≤
550), 𝑏5 ⇔ (𝑚 < 600), 𝑏6 ⇔ (𝑎 =𝑇 ), 𝑏7 ⇔ (ℎ′ > 0), and 𝑏8 ⇔ (ℎ′ ≥ 3).

Fig. 3a shows an abstract trace 𝛼 (𝜋) obtained by applying the trace abstraction to the execution
trace 𝜋 in Fig. 2a. Each BV specified in the caption of Fig. 3 is evaluated on every observation
in 𝜋 to determine its value. 𝛼 (𝜋) is then passed to the learner, which reasons only about logical
operations over 𝐵 instead of linear arithmetic over integer-valued observations (e.g.,𝑤 ,𝑚, and ℎ),
thus reducing the cost of predicate synthesis and the overall learning cost.
Fig. 3b shows an abstract SFA M̂ obtained by learning from Fig. 3a. This abstract SFA then

enables the teacher to perform feasibility checking over 𝐵 rather than over the observable variables
{𝑤,𝑚, 𝑎, ℎ}. For example, let 𝜏 := (𝑠𝑡 = Pump∧𝑏1∧· · ·∧¬𝑏4∧· · ·∧𝑏8∧𝑠𝑡 ′ = Pump) be a candidate
abstract CE obtained from completeness checking. The teacher then invokes a model checker to
check whether 𝜏 is feasible in the program P. If 𝜏 is feasible, it is added to the existing abstract
trace set for the next learning iteration. Otherwise, 𝜏 is discarded from further checks, excluding
all observations mapped to 𝜏 . In contrast to teaching the SFA in Fig. 2c, the search space for the
teacher is reduced to 2 |𝐵 | from 𝐷𝑜𝑚(𝑤) × 𝐷𝑜𝑚(𝑚) × 𝐷𝑜𝑚(𝑎) × 𝐷𝑜𝑚(ℎ).

It is clear that trace abstraction can reduce the cost of active learning if 2 |𝐵 | is significantly smaller
than 𝐷𝑜𝑚(𝑤) ×𝐷𝑜𝑚(𝑚) ×𝐷𝑜𝑚(𝑎) ×𝐷𝑜𝑚(ℎ). However, it is non-trivial whether there is such a 𝐵
and how we can find it. BVs can be manually crafted by a domain expert or obtained automatically
by analyzing the program code (e.g., by extracting predicates such as branch conditions), but it is
highly likely that the fixed BV set becomes either unnecessarily large or insufficiently small. In
Fig. 3b, {𝑏5, . . . , 𝑏8} do not occur in any transition predicate; nevertheless, they still expand the
search space of candidate CEs, since the number of Boolean combinations grows exponentially as
2 |𝐵 | . Conversely, if 𝐵 is insufficient, it may induce an abstract trace conflict, where two observations
have identical valuations over {𝑠𝑡, 𝑏1, . . . , 𝑏𝑘 } but different 𝑠𝑡 ′. In this situation, the learner cannot
synthesize a distinguishing predicate using only the given 𝐵. We address this issue by introducing
a dynamic mapper that maintains BVs on demand during active learning.
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Fig. 4. Overview of dynamic symbolic mapper.

3.2 The Mapper Operations

We aim to dynamically identify a necessary and sufficient set of BVs for the Boolean abstraction at
each active learning iteration. To this end, we need the following operations in addition to trace
abstraction: (i)model abstraction to identify necessary BVs from a learned SFA, and (ii) concretization
and BV refinement to identify missing BVs from abstract CEs generated by the teacher. Fig. 4 outlines
the workflow of our dynamic symbolic mapper, which provides four operations: model abstraction,
concretization, BV refinement, and trace abstraction.

The mapper starts with an empty BV set 𝐵 = ∅, so the learner first infers an SFAM directly from
the initial trace set T . The model abstraction operation then extracts guard predicates fromM to
initialize 𝐵 and rewritesM’s guard predicates into Boolean expressions over 𝐵, yielding an abstract
SFA M̂. The mapper passes M̂ to the teacher and receives an abstract CE 𝜏 ; the concretization
operation then produces a concretized CE 𝜏 ∈ [[𝜏]]. If 𝜏 exposes an abstract trace conflict, the
mapper applies the BV refinement operation: it (i) collects a conflict group 𝑂𝜏 sharing the same
Boolean valuation as 𝜏 (thus 𝜏 ∈ 𝑂𝜏 ), (ii) synthesizes a predicate over 𝑋 ∪ 𝑋 ′ that distinguishes 𝑂𝜏 ,
and (iii) introduces this predicate as a new BV. With the refined BV set 𝐵′, the mapper applies the
trace abstraction operation to the extended trace set T := T ∪ {𝜏}, producing T̂ , so the learner
can infer a refined SFA using only logical operations over 𝐵′ without any abstract trace conflicts.
The model abstraction operation also prunes any BVs that no longer appear in the refined SFA,
updating 𝐵′ accordingly for the next teaching round.
We now formalize the dynamic symbolic mapper. It keeps a separate BV set 𝐵𝑣 for each value

𝑣 ∈ 𝐷𝑜𝑚(𝑠𝑡), enabling active learning to adapt to different regions of the Boolean vector space.

Definition 4 (Dynamic Symbolic Mapper). A dynamic symbolic mapper is a tuple A =

(B, 𝛼, 𝛼−1,Rewrite,Refine), where
• B = {𝐵𝑣}𝑣∈𝐷𝑜𝑚 (𝑠𝑡 ) is a family of BV sets, where each 𝐵𝑣 is the finite set of BVs indexed by 𝑣
(so 𝐵𝑣 may differ across 𝑣). We write 𝐵 =

⋃
𝑣∈𝐷𝑜𝑚 (𝑠𝑡 ) 𝐵𝑣 to represent the global BV set.

• 𝛼 : 𝑉𝑎𝑙 (𝑋 ∪ 𝑋 ′) → 𝑉𝑎𝑙 ({𝑠𝑡, 𝑠𝑡 ′} ∪ 𝐵) is the trace abstraction function.
• 𝛼−1 : 𝑉𝑎𝑙 ({𝑠𝑡, 𝑠𝑡 ′} ∪ 𝐵) ⇀ 2𝑉𝑎𝑙 (𝑋∪𝑋 ′ ) is the concretization function,
where 𝛼−1 (𝑜) = { 𝑜 ∈ 𝑉𝑎𝑙 (𝑋 ∪ 𝑋 ′) | 𝛼 (𝑜) = 𝑜 } (and 𝛼−1 (𝑜) = ∅ if 𝑜 is infeasible).

• Rewrite : M → B′ × M̂ is the model abstraction function.
• Refine : T𝑛𝑒𝑤 → B′ is the BV refinement function.

Trace Abstraction and Concretization. Given an observation 𝑜 ∈ 𝑉𝑎𝑙 (𝑋 ∪ 𝑋 ′), let 𝑜 (𝑥)
denote the value of an observable variable 𝑥 in 𝑜 . Then, the trace abstraction of the observation
𝛼 (𝑜) ∈ 𝑉𝑎𝑙 ({𝑠𝑡, 𝑠𝑡 ′} ∪ 𝐵𝑜 (𝑠𝑡 ) ) is obtained by assigning each BV 𝑏 ∈ 𝐵𝑜 (𝑠𝑡 ) the truth value of
𝑏’s corresponding predicate evaluated on 𝑜 . We extend 𝛼 to traces and trace sets as in Def. 3.
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The concretization function 𝛼−1 is extended symmetrically, mapping abstract traces back to their
corresponding concrete ones.
Model Abstraction. Given a learned SFA M = (𝑆,Φ,Δ, 𝑠0), for each value 𝑣 ∈ 𝐷𝑜𝑚(𝑠𝑡) let

Φ𝑣 = {𝜑 | (𝑠, 𝜑 ∧ 𝑠𝑡 ′ = 𝑣 ′, 𝑠′) ∈ Δ and 𝑠 represents 𝑠𝑡 = 𝑣} be the subset of guard predicates in
Φ. Then, Rewrite(M) produces a family of BV sets B = {𝐵𝑣}𝑣∈𝐷𝑜𝑚 (𝑠𝑡 ) and an abstract SFA M̂:
it constructs each 𝐵𝑣 = {(𝑏𝜓 ⇔ 𝜓 ) | 𝜓 ∈ 𝑆𝑢𝑏 (Φ𝑣)}, where 𝑆𝑢𝑏 (·) is the set of all subformulas
occurring in its argument. It then obtains the abstract SFA M̂ by rewriting each guard predicate
𝜑 ∈ Φ𝑣 into a Boolean expression 𝐸𝑥𝑝𝑟 (𝐵𝑣) via syntactic substitution—replacing every occurrence
of each such subformula𝜓 in 𝜑 with its corresponding BV 𝑏𝜓 ∈ 𝐵𝑣 .
For example, if 𝐵𝑣 consists of 𝑏2 ⇔ (𝑤 ≤ 50) and 𝑏4 ⇔ (𝑚 ≤ 550), then a guard predicate

𝜑 = (𝑤 ≤ 50) ∧ (𝑚 > 550) is rewritten as 𝑏2 ∧ ¬𝑏4.
BV Refinement. Given a set of new abstract CEs T𝑛𝑒𝑤 , Refine(T𝑛𝑒𝑤) produces a refined family

of BV sets B′ = {𝐵′
𝑣}𝑣∈𝐷𝑜𝑚 (𝑠𝑡 ) where each 𝐵′

𝑣 is the refined set of BVs. 𝐵′
𝑣 is introduced as follows:

For each concretized CE 𝜏 ∈ 𝛼−1 (𝜏) with 𝑣 = 𝜏 (𝑠𝑡), (i) a conflict group 𝑂𝜏 = { 𝑜 | 𝛼 (𝑜) =

𝜏 except for the value of 𝑠𝑡 ′} is collected; (ii) a distinguishing predicate𝜓 is synthesized by applying
Synth(𝑂𝜏 ), which is the same procedure used in Algorithm 1 at line 13; and (iii) a refined set of BVs
𝐵′
𝑣 = 𝐵𝑣 ∪ {(𝑏𝜓 ⇔ 𝜓 ) | 𝜓 ∈ 𝑆𝑢𝑏 (Synth(𝑂𝜏 ))} is introduced, where 𝐵𝑣 is the set of existing BVs.

𝐺Pump 𝑠𝑡 𝑏1 𝑏4 𝑠𝑡 ′

𝛼 (𝑜3 ) Pump 𝑇 𝑇 Ready
𝛼 (𝑜5 ) Pump 𝐹 𝑇 Pump
𝛼 (𝑜6 ) Pump 𝐹 𝐹 Locked
𝜏 Pump 𝐹 𝐹 Pump

(a)𝐺Pump after teaching

𝑂𝜏 𝑠𝑡 𝑤 𝑚 𝑎 ℎ 𝑎′ ℎ′ 𝑠𝑡 ′

𝑜6 Pump 68 610 𝐹 1 𝑇 2 Locked
𝜏 Pump 68 599 𝐹 1 𝐹 2 Pump

(b) Conflict group𝑂𝜏 satisfying ¬𝑏1 ∧ ¬𝑏4

𝐺Pump 𝑠𝑡 𝑏1 𝑏4 𝑏5 𝑠𝑡 ′

𝛼 (𝑜3 ) Pump 𝑇 𝑇 𝑇 Ready
𝛼 (𝑜5 ) Pump 𝐹 𝑇 𝑇 Pump
𝛼 (𝑜6 ) Pump 𝐹 𝐹 𝐹 Locked
𝜏 Pump 𝐹 𝐹 𝑇 Pump

(c) Refined𝐺Pump by adding 𝑏5

Fig. 5. Synthesis of a new BV 𝑏5 to resolve the abstract trace conflict in (a) by synthesizing a predicate from

the conflict group in (b). The refined abstract observation group 𝐺Pump after refining 𝐵Pump is shown in (c).

Running Example.We use the same running example in Fig. 1 to walk through the dynamic
mapper step by step, showing how it dynamically updates the BV sets.
Suppose that the learner is given the execution trace in Fig. 2a and infers the initial SFA M1

as shown in Fig. 2c. From M1 we have ΦReady = {(𝑤 > 50)}, ΦPump = {(𝑤 ≤ 30), (𝑚 > 550)},
and ΦLocked = {(𝑤 ≥ 70)}. ΦReady includes the guard (𝑤 > 50) because the initial state 𝑠0 repre-
sents Ready, and M1 contains an outgoing transition of 𝑠0: (𝑠0,𝑤 > 50 ∧ 𝑠𝑡 ′ = Pump, 𝑠1) ∈ Δ.
Starting from B = ∅, applying the model abstraction Rewrite(M1) yields (B, M̂1), where
B = {𝐵Ready, 𝐵Pump, 𝐵Locked}, with 𝐵Ready = {𝑏2 ⇔ (𝑤 ≤ 50)}, 𝐵Pump = {𝑏1 ⇔ (𝑤 ≤ 30), 𝑏4 ⇔ (𝑚 ≤
550)}, and 𝐵Locked = {𝑏3 ⇔ (𝑤 ≥ 70)}. The resulting abstract SFA M̂1 is shown in Fig. 3b.

Suppose the teacher returns new CEs T𝑛𝑒𝑤 from M̂1. For simplicity, we assume that the teacher
checked only one transition (𝑠0,¬𝑏2 ∧ 𝑠𝑡 ′ = Pump, 𝑠1); thus T𝑛𝑒𝑤 = {𝜏}, where 𝜏 := (𝑠𝑡 = Pump ∧
¬𝑏1 ∧ ¬𝑏4 ∧ 𝑠𝑡 ′ = Pump). Fig. 5a shows an abstract observation group obtained by applying the
trace abstraction using 𝐵Pump after teaching, 𝐺Pump = {𝛼 (𝑜3), 𝛼 (𝑜5), 𝛼 (𝑜6), 𝜏}. This group exhibits
an abstract trace conflict: 𝜏 shares the same valuation ¬𝑏1 ∧ ¬𝑏4 as 𝛼 (𝑜6) but with a different value
of 𝑠𝑡 ′, indicating that 𝐵Pump = {𝑏1, 𝑏4} is insufficient. To resolve this conflict, we apply the BV
refinement Refine(T𝑛𝑒𝑤) as follows. The mapper (i) concretizes 𝜏 into an observation 𝜏 ∈ 𝛼−1 (𝜏),
e.g., 𝜏 := (𝑠𝑡 = Pump ∧ 𝑤 = 68 ∧𝑚 = 599 ∧ ¬𝑎 ∧ ℎ = 1 ∧ ¬𝑎′ ∧ ℎ′ = 2 ∧ 𝑠𝑡 ′ = Pump); (ii)
constructs a conflict group 𝑂𝜏 as shown in Fig. 5b; and (iii) synthesizes a distinguishing predicate
𝑚 < 600 by Synth(𝑂𝜏 ) and introduces it as a new BV 𝑏5, yielding 𝐵′

Pump = {𝑏1, 𝑏4, 𝑏5} and the
refined observation group in Fig. 5c.
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In the same way, after teaching the remaining six transitions, we can extend the CE set
T𝑛𝑒𝑤 = {𝜏1, . . . , 𝜏7}. Applying Refine(T𝑛𝑒𝑤) then refines the BV sets to 𝐵Ready = {𝑏2, 𝑏5}, 𝐵Pump =

{𝑏1, 𝑏4, 𝑏5, 𝑏8}, and 𝐵Locked = {𝑏3, 𝑏7}. After abstracting the extended trace set T := T ∪ 𝛼−1 (T𝑛𝑒𝑤)
with these refined BV sets, the learner infers the second SFA M2, as shown in Fig. 6a. The mapper
then applies the model abstraction operation Rewrite(M2) again to prune unnecessary BVs that,
due to newly introduced BVs, no longer appear in any transition predicate inM2. As a result, we
obtain 𝐵Ready = {𝑏2, 𝑏5}, 𝐵Pump = {𝑏1, 𝑏5, 𝑏8}, and 𝐵Locked = {𝑏7}.

3.3 Granularity-Aware Strategies

We further extend the dynamic symbolic mapper with granularity strategies, which control the
granularity at which predicates are encoded into BVs: they either introduce one BV for a composite
predicate as a whole or introduce multiple BVs for its atomic predicates.

Definition 5 (Granularity-Aware Dynamic Symbolic Mapper). A granularity-aware dynamic
symbolic mapper is an extension of the dynamic mapper A (Def. 4), where the two functions

Rewrite : M ×𝐺 → B′ × M̂ and Refine : T𝑛𝑒𝑤 ×𝐺 → B′

are extended to incorporate a granularity strategy 𝐺 , which specifies how BVs should be composed
or split. Here, we explain the two basic granularity strategies: split-to-atoms and never-split:
Split-to-Atoms. All newly introduced BVs encode atomic predicates, i.e., we introduce one

BV per atomic predicate. Let 𝐴𝑡𝑜𝑚(Φ𝑣) = {𝜓 | 𝜓 is an atomic formula of some 𝜑 ∈ Φ𝑣}. Then,
Rewrite(M, "split-to-atoms") rewrites each 𝜑 ∈ Φ𝑣 by syntactic substitution, replacing every𝜓 ∈
𝐴𝑡𝑜𝑚(Φ𝑣) in 𝜑 with 𝑏𝜓 for 𝐵𝑣 = {𝑏𝜓 | 𝜓 ∈ 𝐴𝑡𝑜𝑚(Φ𝑣)}. Likewise, Refine(T𝑛𝑒𝑤, "split-to-atoms")
refines 𝐵𝑣 to 𝐵′

𝑣 = 𝐵𝑣 ∪ {𝑏𝜓 | 𝜓 ∈ 𝐴𝑡𝑜𝑚(Synth(𝑂𝜏 ))}.
Never-Split. All newly introduced BVs encode whole predicates, without decomposing them

into atomic predicates. In this case, Rewrite(M, "never-split") rewrites each guard predicate 𝜑 ∈ Φ𝑣

as 𝑏𝜑 , and Refine(T𝑛𝑒𝑤, "never-split") refines 𝐵𝑣 to 𝐵′
𝑣 = 𝐵𝑣 ∪ {𝑏𝜓 | 𝜓 = Synth(𝑂𝜏 )}.

𝑠0start

𝑠1

𝑠2

𝑠𝑡 ′ = 𝑅𝑒𝑎𝑑𝑦

𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

𝑠𝑡 ′ = 𝐿𝑜𝑐𝑘𝑒𝑑

(¬𝑏2 ∧ 𝑏5 ) ∧
𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

¬𝑏5 ∧
𝑠𝑡 ′ = 𝐿𝑜𝑐𝑘𝑒𝑑

(𝑏1 ∨ 𝑏8 ) ∧
𝑠𝑡 ′ = 𝑅𝑒𝑎𝑑𝑦

𝑏7 ∧
𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

(a) M̂ (Fine-grained)
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𝑠𝑡 ′ = 𝑅𝑒𝑎𝑑𝑦

𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

𝑠𝑡 ′ = 𝐿𝑜𝑐𝑘𝑒𝑑

𝑏25 ∧
𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

¬𝑏5 ∧
𝑠𝑡 ′ = 𝐿𝑜𝑐𝑘𝑒𝑑

𝑏18 ∧
𝑠𝑡 ′ = 𝑅𝑒𝑎𝑑𝑦

𝑏7 ∧
𝑠𝑡 ′ = 𝑃𝑢𝑚𝑝

(b) M̂ (Coarse-grained)

𝑏5 𝑏1 𝑏8 𝑠𝑡 ′

𝑇 𝑇 𝐹 Ready
𝑇 𝐹 𝐹 Pump
𝐹 𝐹 𝐹 Locked
𝑇 𝐹 𝐹 Pump
T F T Ready
T F T Pump

(c)𝐺Pump (Fine-grained)

𝑏5 𝑏18 𝑠𝑡 ′

T T Ready
𝑇 𝐹 Pump
𝐹 𝐹 Locked
𝑇 𝐹 Pump
T T Ready
T T Pump

(d)𝐺Pump (Coarse-grained)

Fig. 6. Abstraction results under two BV granularity strategies. Here, 𝑏18 ⇔ (𝑏1 ∨ 𝑏8) and 𝑏25 ⇔ (¬𝑏2 ∧ 𝑏5).

As defined in Def. 5, we support four combinations of granularity strategies. Among these,
two fixed strategies are straightforward: applying never-split for both teaching and learning (i.e.,
coarse-grained strategy), or split-to-atoms for both (i.e., fine-grained strategy).
Fig. 6 compares the two fixed granularity strategies. In the coarse-grained one, the mapper

applies Rewrite(M, "never-split"), introducing BVs such as 𝑏18 ⇔ (𝑏1 ∨ 𝑏8) and 𝑏25 ⇔ (¬𝑏2 ∧ 𝑏5);
this yields B = {𝐵Ready, 𝐵Pump, 𝐵Locked} with 𝐵Ready = {𝑏25}, 𝐵Pump = {𝑏5, 𝑏18}, and 𝐵Locked = {𝑏7},
and the resulting abstract SFA M̂ is shown in Fig. 6b. The teacher then searches for abstract CEs
involving only𝑏25 when 𝑠𝑡 = Ready. If, instead, the teacher worked directly with𝑏2 and𝑏5 under the
fine-grained strategy, i.e., applying Rewrite(M, "split-to-atoms"), whose result is shown in Fig. 6a,
it would need to consider four Boolean combinations, requiring additional feasibility checks.
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Suppose that the two abstract observation groups 𝐺Pump in Fig. 6c and Fig. 6d are constructed
from the same concrete observations under the fine- and coarse-grained strategies, respectively.
Both strategies expose abstract trace conflicts, highlighted in bold, but the resulting conflict groups
differ in size. Under the fine-grained strategy, only two observations satisfying (𝑏5 ∧ ¬𝑏1 ∧ 𝑏8) are
required for BV refinement. Under the coarse-grained strategy, however, the BV 𝑏18 ⇔ (𝑏1 ∨ 𝑏8)
merges the three valuations (𝑏1 ∧ 𝑏8), (¬𝑏1 ∧ 𝑏8), and (𝑏1 ∧ ¬𝑏8), so an additional observation
satisfying (𝑏5 ∧ 𝑏1 ∧ ¬𝑏8) is also required. Consequently, the coarse-grained strategy may increase
both the synthesis search space and the BV refinement cost.
Overall, these fixed strategies expose different bottlenecks, while offering complementary

strengths. This motivates us to alternate between coarse- and fine-grained abstractions to combine
their benefits, maintaining BVs more adaptively.

4 AutoCL: An Extended Active Learner

Fig. 7. Overall workflow of AutoCL.

In this section, we introduce AutoCL, an extended active symbolic automata learner designed
for reactive programs with the aid of the dynamic symbolic mapper. The core idea is an alternating
granularity strategy. For teaching, AutoCL applies the never-split strategy: BVs are kept as coarse
predicates that are still sufficient to reveal missing behaviors, enabling broad exploration. For
learning, it switches to the split-to-atoms strategy: BVs are split into the finest predicates so that
refinement is restricted to only the observations necessary to resolve the exposed missing behavior,
thereby minimizing the number of observations involved in BV refinement that would otherwise
be included due to the coarse-grained abstraction.
Fig. 7 illustrates the workflow of AutoCL. Initially, we collect initial traces T by executing a

reactive program P, and the learner infers an initial SFA M. The mapper then initializes a BV
family B by extracting guard predicates fromM and constructs an initial abstract SFA M̂ using
the never-split strategy, which keeps B as coarse-grained BVs (coarse-grained model abstraction).
The teacher then checks M̂ against P and returns a set of abstract CEs T𝑛𝑒𝑤 expressed over these
coarse-grained BVs, which is sent back to the mapper. Upon receiving T𝑛𝑒𝑤 , the mapper switches to
the split-to-atoms strategy and produces fine-grained BVs by splitting B, which reduces the sizes of
conflict groups used for BV refinement. Accordingly, the mapper refines B to B′ by synthesizing
new predicates that resolve abstract trace conflicts for each abstract CE 𝜏 ∈ T𝑛𝑒𝑤 . The mapper then
abstracts the traces T into the abstract traces T̂ with B′ (fine-grained trace abstraction). After that,
the learner re-learns M using T̂ expressed over fine-grained BVs. Finally, the mapper reconstructs
M̂ by switching to the never-split strategy for the next teaching round.
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4.1 Algorithm

Algorithm 2 describes the active learning procedure of AutoCL. The algorithm takes as input a
target reactive program P, an initial set of traces T , and a time limit 𝑡limit; it outputs a learned SFA
M and terminates if it does not find any more CEs or the time limit is reached. In more detail:

Algorithm 2 AutoCL’s Active Learning Algorithm
1: procedure AutoCL(P: target reactive program, T: set of initial traces, 𝑡limit: time limit)
2: A := (B, 𝛼, 𝛼−1,Rewrite,Refine) ; // initialize mapper with empty BV family (B := ∅)
3: M := Learn(T) ; // learn initial SFA
4: while 𝑡elapsed < 𝑡limit do

5: A.B, M̂ := A.Rewrite(M, "never-split") ; // switch to coarse-grained BVs and generate abstract SFA
6: T𝑛𝑒𝑤 := Teach(M̂, P) ; // teach SFA
7: if T𝑛𝑒𝑤 = ∅ then

8: return M;
9: A.B, _ := A.Rewrite(M, "split-to-atoms") ; // switch to fine-grained BVs
10: for each 𝜏 ∈ T𝑛𝑒𝑤 do

11: T := T ∪ {𝜏 ∈ A.𝛼−1 (𝜏 ) }; // concretize the abstract CE
12: A.B := A.Refine(T𝑛𝑒𝑤 , "split-to-atoms") ; // synthesize new BVs
13: T̂ := A.𝛼 (T) ; // generate abstract traces
14: M := Learn( T̂ ) ; // re-learn SFA
15: return M; // return best-effort SFA

(1) Initialization (lines 2–3): The mapper A starts with the empty family B = ∅, and the learner
infers an initial SFAM derived from the initial trace set T .

(2) Coarse-grained model abstraction for teaching (lines 5–6): Applying the never-split strategy, the
mapper creates coarse-grained BVs from the given SFAM and abstracts it into the abstract
SFA M̂. The teacher then returns a set of abstract CEs T𝑛𝑒𝑤 .

(3) Fine-grained trace abstraction for learning (lines 9–14): Switching to the split-to-atoms strategy,
the mapper utilizes the fine-grained BVs. For each abstract CE 𝜏 ∈ T𝑛𝑒𝑤 , it synthesizes new
BVs that resolve an abstract trace conflict. After that, using the refined BV family B, it
generates the new abstract traces T̂ . The learner then takes T̂ and re-learns the SFAM.

(4) Termination (lines 7–8 and 15): The algorithm terminates when one of two conditions is met:
(i) no new CEs are found, or (ii) the time limit 𝑡limit is reached, in which case the current
best-effort SFA is returned.

Soundness Proof (Sketch).We informally argue that Algorithm 2 returns a sound SFA when
Teach(M̂,P) returns no abstract CEs, under the assumption that the baseline approach (Algo-
rithm 1) produces a sound SFA. Suppose that the baseline produces a sequence of SFAs during the
iterations of Algorithm 1 and terminates at the 𝑛𝑡ℎ iteration without any CEs: L(M1) ⊆ L(M2) ⊆
· · · ⊆ L(M𝑛) and L(P) ⊆ L(M𝑛). At any iteration 1 ≤ 𝑖 ≤ 𝑛 − 1 where the teacher returns a
CE 𝜏 , by definition we have 𝜏 ∈ L(P) \ L(M𝑖 ), and the subsequent Learn yields a new SFA that
subsumes this CE, i.e., 𝜏 ∈ L(M𝑖+1). We now show that Algorithm 2 produces an abstract SFA M̂𝑖

for the 𝑖-th iteration that satisfies L(M𝑖 ) ⊆ L(M̂𝑖 ) as follows: Initially, lines 2–3 of Algorithm 2
create the same initial SFA as that of the baseline; Rewrite operations at lines 5 and 9 rewrite a
guard predicate 𝜑 as a Boolean expression 𝐸𝑥𝑝𝑟 (𝐵𝑣) that is syntactically (and thus semantically)
equivalent to 𝜑 for any transition (𝑠, 𝜑 ∧ 𝑠𝑡 ′ = 𝑣 ′, 𝑠′) ∈ Δ, where 𝑠 represents 𝑠𝑡 = 𝑣 ; for any
observation 𝑜 with 𝑜 (𝑠𝑡) = 𝑣 , we have 𝑜 |= 𝜑 ⇔ 𝛼 (𝑜) |= 𝐸𝑥𝑝𝑟 (𝐵𝑣).

Base Case. If Teach returns an empty set at line 6 in the first iteration, the SFA returned at line 8
is the same as that of the baseline. Therefore, L(P) ⊆ L(M1) ⊆ L(M̂1) holds.
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Inductive Hypothesis. Suppose that L(M𝑖 ) ⊆ L(M̂𝑖 ) after the 𝑖-th iteration.
Inductive Step. If Teach returns an empty set at line 6 in the (𝑖 + 1)-th iteration, the baseline

can only return an empty set due to the inductive hypothesis. Otherwise, suppose that a CE
𝜏 ∈ L(M𝑖+1) \ L(M𝑖 ) such that 𝜏 ̸ |= 𝜑 is identified from (𝑖 + 1)-th teaching process using
the baseline algorithm. We note that 𝜏 ̸ |= 𝜑 implies 𝜏 ̸ |= 𝐸𝑥𝑝𝑟 (𝐵) and 𝜏 ̸ |= 𝐸𝑥𝑝𝑟 (𝐵), where
𝜏 = 𝛼 (𝜏) ∉ L(M̂𝑖 ), by construction, as 𝛼 is a Boolean abstraction of 𝜏 and 𝐸𝑥𝑝𝑟 (𝐵) is a simple
syntactic rewrite of 𝜑 . As such 𝜏 exists, Teach returns a non-empty set at line 6 the (𝑖 + 1)-th
iteration. 𝜏 ̸ |= 𝐸𝑥𝑝𝑟 (𝐵′) also holds after 𝐵 is refined into 𝐵′ after line 9 because the rewriting does
not change the semantics of the Boolean expression. Therefore, we see that ∀𝜏 ∈ L(M𝑖+1) \L(M𝑖 ),
∃𝜏 = 𝛼 (𝜏) ∈ L(M̂𝑖+1) \ L(M̂𝑖 ). Together with the inductive hypothesis L(M𝑖 ) ⊆ L(M̂𝑖 ), this
proves that L(M𝑖+1) ⊆ L(M̂𝑖+1) for all 𝑖; ifM𝑛 is a sound abstraction of P, so is M̂𝑛 .

4.2 Implementation

We implemented our approach AutoCL in Java, building on Trace2Model [44] for learning sym-
bolic automata, an SMT solver, CVC5 (v1.1.2) [9] for synthesizing predicates, and a bounded model
checker, CBMC (v5.43) [19] for checking model completeness and the feasibility of CEs during
teaching. Concretization is also performed by CBMC as it automatically generates concrete wit-
nesses for each feasibility check of candidate abstract CEs. We also implemented an automated
instrumentation tool to identify feedback loops and to trace the values of observable variables. The
tool is written in C++, performing static analysis with Clang. Given a primary state variable 𝑠𝑡 , it
analyzes control and data dependencies of all assignment statements to 𝑠𝑡 , allowing us to prune
irrelevant observable variables that do not affect any update of 𝑠𝑡 . A more detailed description of
this component is omitted due to space constraints and lies outside the scope of this paper.

5 Evaluation

To evaluate our approach, we assess its performance with three research questions:
RQ1: AutoCL vs. Baseline. Does AutoCL improve the efficiency and effectiveness of active

learning compared to the baseline [43]? We evaluate the active learning completion rate within the
given time budget and the correctness of the learned SFAs.

RQ2: Dynamic vs. Static Symbolic Mappers. How much overhead does the dynamic mapper
introduce through its operations during active learning? To quantify this overhead, we perform an
ablation study by implementing a static symbolic mapper that performs only trace abstraction with
a fixed BV set (as defined in §3.1).
RQ3: Coarse- vs. Fine-grained AutoCL Variants. How effective is AutoCL’s alternating

granularity strategy? To assess its impact, we perform an ablation study with two AutoCL variants,
AutoCL-Coarse and AutoCL-Fine, which implement the two fixed granularity strategies in §3.3.

5.1 Benchmarks

We constructed four benchmark sets consisting of a total of 120 reactive C programs. The benchmark
sets are organized as follows: Simulink (45), SV-COMP (25), LeetCode (25), and Embedded (25).
Simulink Benchmarks. We use 45 benchmark programs from the baseline approach [43],

derived from Simulink Stateflow examples [55], to check the correctness of the AutoCL implemen-
tation in comparison with the baseline approach.

SV-COMP Benchmarks. We randomly selected 25 programs from seven SV-COMP [12] bench-
mark categories that are inherently reactive or stateful: (1) ntdrivers-simplified, (2) product-lines, (3)
systemc, (4) seq-mthreaded, (5) eca-rers2012, (6) psyco, and (7) openssl-simplified. For example, systemc
(SystemC) [60] is a modeling language for embedded systems; these systems are naturally reactive;
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eca-rers2012 originates from the Rigorous Examination of Reactive Systems (RERS) Challenge [38];
psyco includes benchmarks generated by PSYCO [37], an active learner for symbolic interfaces
from software components; and openssl-simplified is derived from OpenSSL [59], a stateful network
protocol implementation.

LeetCode Benchmarks.We generated 25 programs from programming assignment descriptions
in LeetCode [50] by prompting ChatGPT (GPT-4o) [58] to confirm the general applicability of
AutoCL. Most LeetCode problems are designed to implement a single function that produces an
output based on given inputs, and thus are not inherently reactive. Therefore, we instructed GPT-4o
to transform these problems into reactive programs.

Embedded Software Benchmarks. We selected 25 embedded control benchmarks, comprising
two groups. The first group consists of five representative reactive controllers: (1) a garbage-
collector robot [14], (2) a collision-avoidance controller2, (3) an elevator controller [20], (4) an
automotive object-following controller [32], and (5) an automotive window-lift controller [65]. The
second group consists of 20 benchmarks drawn from TACLeBench [28], which notably includes
satellite on-board software (e.g., DEBIE) and UAV autopilot control software (e.g., PapaBench).
Since many TACLeBench programs are multi-tasking, we learn an SFA for each task separately,
treating variables updated by other tasks as input variables. Overall, these programs represent
typical reactive and stateful control logic in embedded systems, where external events (e.g., button
presses or sensor inputs) trigger different state transitions depending on various conditions.

Table 1 shows the summary: from left to right, it shows the number of programs (|𝑃 |); the number
of programs containing nested loops (# Nest); per-program averages of lines of code (LoC), domain
size of the primary state variable (|𝐷𝑜𝑚(𝑠𝑡) |), and the number of observable variables (|𝑋 |) and their
type distribution—the numbers of Boolean (# Bool), enumerated (# Enum), and numeric (integer or
floating-point) (# Num) variables.

Table 1. Summary of the benchmark sets.

Benchmark |𝑃 | # Nest LoC |𝐷𝑜𝑚 (𝑠𝑡 ) | |𝑋 | # Bool # Enum # Num

Simulink 45 5 236 3.7 7.0 1.2 4.3 1.4
SV-COMP 25 5 1,526 4.6 34.8 1.6 11.0 22.2
LeetCode 25 17 187 5.2 25.8 4.4 1.5 19.9
Embedded 25 16 1,242 5.0 19.1 1.3 3.5 14.3

Avg. 704 4.5 19.2 2.0 5.0 12.3

5.2 Experimental Setup

All experiments were conducted on an AMD Ryzen Threadripper PRO 7995WX CPU (96 cores,
2.5 GHz) with 256 GB of RAM, running Ubuntu 22.04. The following are the details:

• Selection of primary state variables: We prompted GPT-4o on each program to obtain a list of
the most important variables of interest, from which we selected one as the primary variable.

• Generation of initial traces: We generated initial traces by running each program with a
grey-box fuzzer AFL++ [29] for 600 seconds.

• Options for bounded model checking: We set the bound 𝑘 (i.e., the maximum number of
feedback-loop iterations explored by CBMC) per benchmark. Starting from an initial value

2It was originally provided as one of the mini-projects for the course at https://www.it.uu.se/edu/course/homepage/
modbasutv/, but the page is no longer accessible.
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(e.g., 𝑘 = 10), we increased 𝑘 stepwise in preliminary runs until the model structure (i.e., the
set of states and transitions) no longer changed.

• Options for predicate synthesis: We adopted the default grammar provided in Trace2Model
(with linear integer arithmetic theory) for transition predicate synthesis. Additionally, all
constant values used in each program were extracted and supplied to CVC5.

• Measurement and time limit for active learning: We set a 3-hour wall-clock timeout per
benchmark. For each run, we separately measured the time spent on Learn (SFA inference,
trace abstraction, and BV refinement) and on Teach (model abstraction and concretization).
We report average times over all benchmarks, counting timed-out runs as 3 hours.

5.3 RQ1: AutoCL vs. Baseline

Overall Results. Aggregated over all runs, AutoCL spent 2,184 seconds per benchmark on average
(1,896 teaching + 288 learning), while the baseline spent 4,915 seconds (4,587 + 328). Thus, AutoCL
reduced the average time by 55.6%, with most of the reduction coming from the teaching phase.
Notably, AutoCL executed more active learning iterations in total (2,998 vs. 979), yet each iteration
was substantially cheaper: the learning cost decreased from 40.2 seconds to 11.5 seconds per
iteration (3.5×) and the teaching cost decreased from 562.2 seconds to 75.9 seconds (7.4×).

Fig. 8. (a) Number of completed benchmarks and (b) specification pass rate across benchmark sets.

Fig. 8a indicates the number of completions over benchmark sets (i.e., the number of benchmarks
on which active learning succeeded within the 3-hour time limit). AutoCL consistently completed
more benchmarks than the baseline: AutoCL succeeded in 100 out of 120 benchmarks, while
the baseline completed only 68. On the Simulink set, which was used in the baseline’s original
evaluation, both approaches completed almost all benchmarks (44/45 vs. 43/45). However, on the
remaining benchmarks, the baseline’s performance dropped significantly: it succeeded in only 9 +
8 + 8 = 25 out of 75 (33.3%), compared to 21 + 18 + 17 = 56 (74.7%) for AutoCL.

Table 2. Comparison between completed vs. incomplete cases by AutoCL.

Benchmark |𝑃 | # Nest LoC |𝐷𝑜𝑚 (𝑠𝑡 ) | |𝑋 | # Bool # Enum # Num # Iter Learn Teach |𝑆 | |Δ |

Completed 100 27 527 4.1 11.6 2.3 4.2 5.2 15.4 49s 412s 5.3 10.9
Incomplete 20 16 1,591 6.3 57.1 0.5 8.8 47.9 72.7 1,485s 9,314s 8.1 23.2

Table 2 presents a comparison between the benchmarks that AutoCL successfully completed
and those it did not. The columns up to the number of numeric variables (# Num) are the same
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categories as in Table 1. The remaining columns report the average outcomes, namely the number
of active learning iterations (# Iter), the time spent in learning and teaching (in seconds), and
the resulting model size in terms of the number of states |𝑆 | and transitions |Δ|. Across all these
dimensions, the incomplete benchmarks exhibit substantially higher cost and complexity than the
completed ones. A more detailed analysis is provided in §7.
Correctness. While completion results demonstrate the effectiveness of AutoCL, they do not

reveal whether the learned SFAs are correct. We therefore assessed correctness by checking, with
CBMC, transition relations and invariants extracted from each SFA on the target program. Each
transition relation has the form assert((𝑠𝑡 = 𝑣 ∧ 𝜑) → (𝑠𝑡 ′ = 𝑣 ′)), where 𝑠𝑡 is the primary state
variable, 𝑣 and 𝑣 ′ are its current and next values, and 𝜑 is the corresponding guard predicate.
Transition invariants are formulated in the form assert(¬(𝑠𝑡 = 𝑣 ∧ 𝑠𝑡 ′ = 𝑣 ′)) where 𝑣, 𝑣 ′ ∈ 𝐷𝑜𝑚(𝑠𝑡)
and there is no transition from 𝑣 to 𝑣 ′ in the SFA. On average, we generated 23.8 specifications per
SFA on Embedded, 36.8 on LeetCode, 27.5 on SV-COMP, and 8.8 on Simulink; for the incomplete
runs (timeouts), we used the best-effort SFA.

Fig. 8b shows the average pass rate of these specifications. On the Simulink set, both approaches
showed nearly the same result (AutoCL at 100% and the baseline at 98.9%). However, when
considering the remaining 75 benchmarks, the baseline pass rate dropped to 69.6%, whereas
AutoCL maintained 89.5%. To further assess the quality of the learned SFAs, we aggregated the
pass rates of all 100 completed SFAs, all of which achieved 100% pass rates. For the 20 incomplete
SFAs, the average pass rate was 58.7%.

5.4 RQ2: Dynamic vs. Static Symbolic Mappers

Table 3. Ablation study of dynamic and static mappers over all benchmarks, excluding trace-conflict cases
†
.

Mapper # Conflicts Completed # BV (L/T) # Iter Learn Teach 𝛼 (T) Rewrite Refine Overhead

Dynamic – 87 6.4/1.5 17.9 110s 1,548s 3.8s 8.4s 18.8s 31.0s
Static 21 63 34.4 2.5 4s 3,989s 0.2s – – 0.2s

† Excluding 21 trace-conflict cases, we report statistics on the remaining 99 benchmarks for both mappers.

Table 3 reports an ablation study of dynamic (AutoCL) and static mappers over all benchmarks,
excluding trace-conflict cases exposed by the static mapper. We omit the definitions of the columns
already introduced in the previous tables and focus on the additional columns. # Conflicts reports
the number of trace-conflict benchmarks observed in the static mapper. # BV denotes the size of
the BV set used by each mapper. For the dynamic mapper, it defines the average of |𝐵𝑣 | over all
𝑣 ∈ 𝐷𝑜𝑚(𝑠𝑡) for each active learning iteration. # BV (L) and # BV (T) are measured during the
learning and teaching phases, respectively. For the static mapper, # BV simply denotes the size of its
fixed BV set |𝐵 |. 𝛼 (T ), Rewrite, and Refine report, on average, the time spent in trace abstraction,
model abstraction, and BV refinement, respectively; Overhead is their sum.

We implemented the static mapper by statically collecting predicates over the observable variables
𝑋 appearing in conditional and loop statements, introducing one BV for each collected atomic
predicate, and fixing the resulting BV set 𝐵 throughout active learning. The static mapper exhibited
21 trace-conflict cases (# Conflicts), so the aggregated statistics in Table 3 exclude these cases. On
the remaining benchmarks, the static mapper completed 63, while the dynamic mapper completed
87 out of 99. The static mapper spent substantially more time in teaching than the dynamic mapper
(3,989 vs. 1,548 seconds), which is consistent with the BV set size (# BV: 34.4 vs. 6.4/1.5). While the
static mapper has nearly no mapper overhead (0.2 seconds) and small learning time (4 seconds),
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the large fixed BV set makes teaching dominate the overall cost. In contrast, the dynamic mapper
reduces teaching time by maintaining the BV sets compact, at the price of additional mapper
operations: its average overhead is 31.0 seconds per benchmark, consisting of 𝛼 (T ) (3.8), Rewrite
(8.4), and Refine (18.8), which is negligible compared to the cost reduction obtained in teaching.

5.5 RQ3: Coarse- vs. Fine-Grained AutoCL Variants

Table 4. Ablation study of granularity variants (AutoCL, AutoCL-Coarse, AutoCL-Fine) over all benchmarks.

Variant Completed # BV (L/T) # Iter Learn Teach Refine (#/time) |𝑂𝜏 | (%) | T𝑖𝑛𝑓 |

AutoCL 100 7.6/1.7 25.0 288s 1,896s 13.5/65s 15.2% 31.2
AutoCL-Coarse 96 2.7/1.7 20.2 856s 1,589s 19.0/702s 49.9% 27.3
AutoCL-Fine 95 8.8/8.5 19.9 289s 2,410s 10.1/86s 17.5% 616.7

Table 4 reports an ablation study on the three granularity strategies: AutoCL, AutoCL-Coarse,
and AutoCL-Fine. We omit the trace and model abstraction costs because they are almost the same
across the three variants. Refine (#/time) reports the number of BV refinements and the total time
spent on refinement per benchmark. |𝑂𝜏 | (%) denotes the average ratio of observations used for BV
refinements to the total number of collected observations. |T𝑖𝑛𝑓 | reports the average number of
infeasible CEs.
Coarse-grained Strategy. AutoCL-Coarse spent, on average, 568 seconds more on learning

than AutoCL, and most of this time was consumed by Refine (82.0%, 702/856). The main reason
is that AutoCL-Coarse maintains fewer BVs (# BVs), which increases the ratio of observations
included in resolving an abstract-trace conflict (|𝑂𝜏 | (%)); this, in turn, suggests a higher predicate
synthesis burden. In contrast, AutoCL completed 4 more benchmarks and spent 65 seconds on
refinement (22.6% of learning), averaging 4.8 seconds per refinement. Moreover, AutoCL invoked
Refine in only 13.5 out of 25 iterations on average, meaning that the remaining iterations proceeded
without any conflicts and thus required no Refine.

Fine-grained Strategy. AutoCL-Fine spent 514 seconds more on teaching than AutoCL on
average, which largely accounts for its higher overall cost. The main reason is the increase in
infeasible CEs (|T𝑖𝑛𝑓 |) during teaching: AutoCL-Fine maintains a much larger number of BVs
in teaching (# BV (T); 8.5 vs. 1.7), which produces far more infeasible CEs (616.7 vs. 31.2) and
thus increases the teaching burden. As a result, AutoCL completed five more benchmarks than
AutoCL-Fine and reduced the average time by 19.1%.

Overall, these results indicate that AutoCL’s alternating strategy maintains BVs adaptively
across learning and teaching, making it more effective than either fixed-granularity variant.

5.6 Threats to Validity

5.6.1 External Validity. Our benchmark coverage is constrained primarily by the external backends
that AutoCL relies on (CBMC and CVC5). Because these tools do not robustly support certain
C features, AutoCL currently cannot handle programs with dynamic memory allocation, inline
assembly, function pointers, or multi-threading, which may limit the representativeness of our
benchmark set; these limitations could be mitigated by (i) adopting a program synthesizer that can
reason about dynamic heap operations, (ii) translating inline assembly into semantically equivalent
C code so that CBMC can analyze such blocks, and (iii) considering model checkers specialized
for multi-threading (e.g., [66]). In addition, since CVC5 with linear integer arithmetic (LIA) theory
assumes unbounded integers when synthesizing predicates, it cannot capture overflows/underflows,
and its limited floating-point precision may lead to loss of precision.
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5.6.2 Internal Validity. First, the use of CBMC as a teacher may produce unsound SFAs if an
insufficient bound 𝑘 is used (e.g., with 𝑘 = 2 for the code in Fig. 1, an unsound SFA that contains
no transition into 𝑠𝑡 = Locked will be inferred). For this, we selected 𝑘 for each benchmark via
extensive preliminary active learning runs, tuning it to avoid any missing states or transitions.
Second, the number of conflicts exposed by the static mapper may depend on how its BV set is
constructed, which can affect the comparison. Finally, implementation errors in our tool cannot be
entirely ruled out; at least for the Simulink set, we manually confirmed that the SFAs learned by
the baseline and AutoCL are semantically equivalent.

6 Related Work

6.1 Abstraction Mapper

The role of a mapper is to abstract a (possibly infinite) set of concrete alphabets into a small,
finite set of abstract alphabets, which can be viewed as trace abstraction. While active automata
learning frameworks such as LearnLib [40], RALib [24], and AALpy [57] support a variety of
learning algorithms and automata classes, the mapper is typically implemented manually by
users [22, 36, 61, 63], making abstraction design time-consuming and error-prone; when the
abstraction turns out to be inadequate, users must refine it and restart the learning process. Several
domain-specific approaches ease or automate this effort by leveraging domain knowledge—e.g.,
for web applications [8, 10, 62], mobile apps [17], and network protocols [23, 31]—by predefining
domain-specific keywords or analyzing domain-specific patterns (e.g., event sequences, packets,
and interaction behavior) to define abstract symbols or merge states in automata. In contrast, our
approach fully automates trace abstraction and its refinement for active learning over observable
variables in reactive C programs, without application-domain assumptions.

Our closest line of work is the general-purpose, automated refinement of mappers [1, 2, 39].
These techniques can be viewed as a CEGAR approach [18], where CEs trigger the refinement
of the trace abstraction. These approaches refine the abstraction in a coarse-to-fine manner by
progressively splitting abstract symbols (making the partition of the concrete alphabet finer) using
simple (in)equalities, and are primarily tailored to learning classical automata over a finite abstract
alphabet. Our approach follows the CEGAR approach in principle, but it refines a predicate-based
Boolean abstraction for symbolic automata learning by synthesizing new predicates, rather than
simply splitting symbols by (in)equalities. Aarts et al. [2] were the first to define a symbolic mapper
for symbolic automata; however, they provided only a manual example of abstraction, leaving the
automated initialization and refinement of symbolic mappers as an open problem.

6.2 Symbolic Automata Learning

The key advantage of symbolic automata over classical automata is their ability to map concrete
alphabets—valuations over observable variables—into symbolic alphabets defined by predicates.
Although predicates can be highly expressive in principle, existing approaches [15, 16, 25, 26, 30]
typically support only simple partitioning rules (e.g., (in)equality, intervals, or a restricted fragment
of linear arithmetic such as simple additions), thereby limiting expressiveness. Alternatively, users
may manually supply expressive predicates, which learners can then combine logically. However,
this imposes a burden on the user, who may need to provide additional predicates to ensure the
correct learning of symbolic automata. This is closely related to the static mapper, which relies
on a fixed set of BVs. The baseline approach of Jeppu et al. [42–44] instead employs program
synthesis [5, 9, 35] to automatically infer expressive predicates directly from program variables
of diverse types. However, our evaluation showed that this approach is inefficient and incurs
a high computational cost. In contrast, our approach takes a two-layered approach that first
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synthesizes predicates from traces over observable variables and then abstracts them into BVs, and
also dynamically refines them, achieving both expressiveness and efficiency without manual effort.

6.3 Specification Mining

Automata learning can be a powerful means for automated specification mining, which has been
actively investigated [6, 11, 15, 24, 25, 30, 45, 49, 52, 53]. The works in [6, 11, 43, 45, 49, 52, 53]
use execution traces whose observations are API-call names or event symbols, which typically
results in learning a finite-state machine (FSM) over such symbols. Specifications extracted from
these FSMs capture temporal aspects of system-level behavior (e.g., API ordering constraints), but
abstract away the program’s internal conditions and relations over program variables. By contrast,
our approach uses execution traces whose observations are valuations of observable variables and
learns symbolic automata; the resulting specifications can describe functional relations among
inputs, internal states, and outputs, making them more suitable for deriving system-level functional
properties.
Several works [15, 24, 30, 42, 43] also take execution traces whose observations are valuations

over variables and construct symbolic automata, often referred to as extended finite-state machines
(EFSMs) or register automata. Since they learn automata whose transitions are guarded by predicates
over variables, their extracted specifications are similar to those of our approach. However, except
for the baseline [42, 43], these techniques do not provide formal correctness guarantees; most
operate in a black-box setting and employ conformance testing [3, 4, 15, 34] to approximate the
correctness of the learned models. By contrast, our approach theoretically guarantees the learning
of sound automata, ensuring that the specifications extracted from them are likewise correct.
Other lines of work for specification mining include invariant inference [21, 27, 48, 54, 64]

and LTL specification mining [51, 67]. Daikon [27] and its successors [21, 48] mine invariants
from program states (i.e., valuations over variables), but these invariants are typically scoped to
unit level rather than system level. More recently, AutoSpec [64] and SpecGen [54] use LLMs to
propose candidate invariants that are validated and refined by a verifier; however, such approaches
do not generally provide a convergence guarantee for the refinement loop and typically capture
method-level behavior. In contrast, our approach aims to generate correct specifications that capture
system-level behavior of the reactive program. We also note that LTL specification mining can be
achieved via automata learning, since LTL specifications can be derived from the learned automata.

7 Discussion

We introduced a novel dynamic symbolic mapper for active symbolic automata learning from
reactive programs. Our dynamic symbolic mapper abstracts observable variables over diverse
domains into BVs, and dynamically and iteratively refines this abstraction using CEs identified by
the teacher. The use of the dynamic mapper improves both efficiency and effectiveness of active
learning by reducing the search space from numeric vector space to Boolean vector space and by
applying predicate-to-Boolean mapping on demand, introducing only the necessary and sufficient
number of BVs for each active learning iteration. This strategy is essential and unavoidable as
identifying necessary and sufficient BVs up-front is very difficult, if not impossible. As shown in
Table 3, the use of a static mapper often results in trace conflicts or inefficient/incomplete automata
learning. Our alternating-granularity strategy, which adopts coarse-grained abstraction for teaching
and fine-grained abstraction for learning, also helps improve the performance of symbolic automata
learning by maintaining BVs more adaptively. The dynamic mapper with an alternating-granularity
strategy is implemented in our active learner AutoCL, which outperforms the baseline active
learner by successfully learning 32 more sound symbolic automata within the 3-hour time limit
and by reducing the average active learning time by 55.6%.
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7.1 Practical Value

7.1.1 System Understanding. Our approach learns formal behavioral models for the reactive system
as a whole, at the system level. Even when the learned model is incomplete due to scalability
limitations, it still provides a useful means of understanding the system’s overall behavior. We can
also generate multiple models from the same source code with varying choices of primary state
variables, with each model highlighting a distinct aspect of the system. This enables both a focused
understanding of specific components and an integrated view of complex interrelations through
the composition of models. Such behavior models can serve as a starting point for reverse system
documentation, supplemented by manual validation.

7.1.2 Functional Specification Mining. Among the various use cases of formal behavioral models,
automated specification mining is particularly valuable for systematic software verification. As
mentioned in §5.3, we generated functional specifications from the learned models in the form of
transition relations and transition invariants, and employed them in model checking to confirm
that the generated models are faithful representations of their corresponding reactive programs.
These functional properties can further serve not only for formal verification but also as test oracles
for systematic testing of target programs under evolution.

7.2 Limitations

Despite encouraging results, our approach still suffers from the issues that naturally come with the
use of formal approaches such as program synthesis and model checking.

(1) Bounded model checking. The use of bounded model checking as a teacher may produce
unsound automata if an insufficient bound 𝑘 is used.

(2) Inefficient handling of programs with many observable variables. Our BV refinement operation
requires synthesizing new BVs as predicates over the observable variables; when their number
is large, this process can become costly and may degrade the efficiency.

(3) Inefficient handling of large domains of primary state variables. Large domains of primary
state variables (𝐷𝑜𝑚(𝑠𝑡)) greatly deteriorate the efficiency and effectiveness of both learning
and teaching due to the increase in the number of transitions to be learned and taught.

7.3 Future Work

We plan to extend our approach in a couple of directions. First, to mitigate the limitation of bounded
model checking, we are investigating stronger verification back-ends for feasibility checking, such
as 𝑘-induction [33] or interpolation-based reasoning [56]. Second, we plan to improve the efficiency
of learning symbolic automata for programs with a large number of observable variables by pruning
irrelevant variables before BV refinement in each iteration. Third, we will investigate automatic
abstraction of the value domain 𝐷𝑜𝑚(𝑠𝑡) to enable state merging. Lastly, but most importantly, we
aim to explore automated compositional learning that infers each component of reactive programs,
such as a thread or a task, individually, and formally composes them at the system level.

Data Availability

Our reproduction package (the Docker image of AutoCL) is available at [46].
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