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High-level specifications of code are inherently ambiguous, and prior systems have explored interactive
techniques to help users clarify their intent and resolve such ambiguities. However, most existing approaches
elicit supervision through labeled examples, which are often error-prone and may fail to capture user intent.
This paper introduces a new active learning paradigm for program disambiguation based on multiple-choice
queries. In this paradigm, the system presents a small set of high-level behaviors as multiple-choice options,
and the user simply selects the intended one. Technically, each answer option corresponds to a Hoare triple
that characterizes a cluster of semantically similar candidate programs. This formulation enables formal
reasoning about the informativeness and interpretability of queries, and supports systematic construction
of optimal queries. Building on this insight, we develop a new active learning algorithm and implement it
in a tool called SocraTEs, which automatically synthesizes informative multiple-choice queries for program
disambiguation. We evaluate SOCRATEs across four domains spanning both symbolic and neurosymbolic
settings and show that it produces intuitive, easy-to-answer queries and achieves efficient convergence. Most
importantly, SOCRATEs identifies the intended program more reliably than existing methods, while maintaining
competitive runtime performance.
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1 Introduction

Recent advances in program synthesis and large language models have made it increasingly prac-
tical to generate code from high-level intent. Yet such intent is often underspecified or open to
interpretation, giving rise to multiple plausible solutions that are semantically distinct. To address
this ambiguity, prior work has explored active learning strategies that identify the desired program
through targeted queries posed to the user [4, 24, 33, 34, 38]. These approaches, however, predomi-
nantly rely on users to label concrete inputs, which has two key limitations. First, manual input
labeling can be cumbersome and error-prone in structure-rich domains, such as those involving
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large tables or nested data structures. Second, most existing methods assume a fixed set of inputs
over which the synthesized program will be evaluated and only guarantee correctness over those.
This paper presents a new approach to active

learning for code generation, where users answer Query: If the input table contains multi-
high-level multiple-choice questions instead of la- ple rows for the same user, the program
beling specific inputs. As shown in Figure 1, these should return:

questions let users choose among distinct behavioral (a) one row per user

patterns: for example, whether the program should (b) one row per (user, date) pair
return one row per user, one per user—date combina- (c) one row per original record

tion, or one per original record. By replacing tedious
example annotation with intuitive questions about
high-level behavior, this approach allows users to
express semantic intent more directly, while also guiding the synthesizer to reason over broader
behaviors. Furthermore, this approach offers stronger correctness guarantees than most prior
methods [4, 33, 34] and yields more accurate user responses in practice.

At the heart of our approach is a method for partitioning the program space into a small number
of semantic equivalence classes. Each class is defined by a shared precondition ¢ and a unique
postcondition i, yielding a structured query Q = (@, Y1, . . ., k). Here, ¢ describes a class of inputs
(e.g., table containing multiple rows for the same user), whereas each i/; specifies a possible property

Fig. 1. Example multiple-choice query.

of the corresponding output (e.g., returning one row per user). This structure naturally induces a
multiple-choice question: the precondition sets up the scenario under which the program’s behavior
should be evaluated, and the postconditions become the candidate answers. Thus, answering the
multiple-choice query reduces to selecting which of several Hoare-style specifications {¢} P {i/;}
represents the user’s intent.

The key challenge is selecting structured queries that are both informative (i.e., best disambiguate
programs) and interpretable (i.e., easily understood by users). To address this challenge, our method
first identifies a region of the input space where a maximal number of candidate programs exhibit
different behavior. This region is summarized as a precondition that strikes a good balance between
discriminative power and simplicity. Once a precondition ¢ is fixed, our method clusters programs
based on their semantic behavior under ¢, ensuring that the clusters are as even as possible so
that any user answer eliminates a large fraction of programs. Finally, each cluster’s behavior is
summarized by a concise postcondition that separates each group from all of the others. This yields
a complete and mutually exclusive partition of candidate programs and can be directly translated
into a multiple-choice query posed in natural language.

We implemented our approach in a new tool called SOCRATES and evaluated it on four domains:
table transformations, JSON transformations, batch image editing, and image search. In our experi-
ments, SOCRATES achieved perfect accuracy across all tasks, whereas prior active learning methods
failed on up to 36% of benchmarks. Furthermore, it posed questions that users answered 38% more
accurately, and achieved comparable or better efficiency than existing approaches in terms of query
selection efficiency, user response time, and interaction rounds.

To summarize, this paper makes the following key contributions:

e New paradigm for interactive synthesis. We introduce a new interactive synthesis framework
in which users answer multiple-choice questions about high-level program behavior, rather than
labeling concrete inputs. Each question expresses a logical relation between inputs and outputs,
allowing users to communicate intent at a semantic level (Section 3).
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(a) Photo with Alice and friends. (b) Labeled output. (c) Alice among many people.

Fig. 2. Input-output demonstration (a,b) and a scenario (c) with high annotation burden.

o Principled query synthesis algorithm. We design a query synthesis algorithm that formulates
user queries as an optimization problem over informativeness and interpretability, solved through
a combination of semantic reasoning, clustering, and interpolation (Section 4).

e End-to-end implementation and evaluation. We realize these ideas in a new tool called
SocrATESs (Section 5), and demonstrate its effectiveness across four diverse domains. Our evalua-
tion shows that SOCcRATEs achieves perfect accuracy and consistently improves user response
correctness, while maintaining comparable or better efficiency compared to example-based
approaches (Section 6).

2 Motivating Scenario & Overview

This section illustrates our approach through a simple example inspired by IMAGEEYE, a system for
programmatic image manipulation from prior work [5]. IMAGEEYE learns image editing programs
from labeled examples, where each input is an original image and the output is its edited counterpart.

To illustrate the limitations of relying on labeled examples, consider a user, Alice, who wants to
apply a privacy-preserving transformation to her photo collection: blur the faces of all people except
herself. In IMAGEEYE, this task can be achieved by a program that detects all faces, compares each
against the target, and applies the Blur operator to non-matching faces (Program 1 in Figure 3a).
Now, suppose Alice provides the input-output example in Figures 2a-2b, where her face remains
clear while the others are blurred. Although this example captures her intent, it is ambiguous:
several other programs, such as blurring all non-smiling faces or those with non-blonde hair, would
produce the same output and therefore remain viable in the hypothesis space (shown in Figure 3a).

Existing methods. Prior approaches address such ambiguity in two main ways. The first is to
present a candidate program to the user, who must inspect its source code or outputs and iteratively
provide additional examples. This paradigm is both effort-intensive and prone to error. The second
employs active learning to select the most informative example for labeling [4, 33, 34]. Although this
strategy makes the interaction more systematic, it can select examples that are difficult to annotate,
such as images containing many people with diverse attributes (e.g., Figure 2c), increasing both
annotation time and the likelihood of mistakes. Moreover, because these methods only reason over
a fixed set of inputs, their correctness guarantees are limited to that dataset and do not ensure that
the resulting program reflects the user’s intent on new data.

Our approach. Instead of asking users to label concrete examples, our method poses a multiple-
choice question that highlights key differences among candidate programs. For the running example,
Figure 3b describes a hypothetical image that contains people with different attributes (i.e., hair
color, position, and expression), and asks which faces should remain unblurred. Each answer reflects
a distinct interpretation of the user’s intent and is designed to eliminate a corresponding subset of
programs from the hypothesis space.
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Hypothesis space H Query. Imagine a photo containing:

Program 1:

o Alice: (unblurred face in example) blonde,
Is(Face) A —FaceMatch(Alice) — Blur

smiling, and not leftmost;

e Person X: not blonde, smiling, and is the
leftmost person;

e Person Y: blonde, not smiling, and not

Program 2:
Is(Face) A =Smiling — Blur

S the leftmost person.
Is(Face) A
—HasAttribute(HairColor=blonde) — Blur Which people should remain unblurred?
Program 4: (a) Only Alice.

Is(Face) A (b) Alice and Person X.
—HasAttribute(Location=1leftmost) — (c) Alice and Person Y.
Blur (d) None of the above.

... and many other programs...

(a) Hypothesis space. (b) Multiple-choice query for running example

Fig. 3. Programs consistent with user’s example (a) and the generated multiple-choice query (b)

To generate such a query, SOCRATEs constructs a text description of a hypothetical image that
makes candidate programs disagree. It first identifies distinguishing predicates, or interpretable
conditions on object attributes where two programs produce different results. For example, for the
first two programs in Figure 3a, a distinguishing predicate might state that “Alice is not smiling,
but someone else is” From this set of predicates ®, SOCRATES synthesizes a concise precondition ¢
that separates as many program pairs as possible while remaining easy to interpret. In our example,
¢ corresponds to the scene in Figure 3b, which depicts Alice and two others with attributes chosen
to maximally differentiate the remaining candidates.

Given the discriminating scene ¢, SOCRATES symbolically executes each program in H and
groups those that produce the same result. Each group represents a distinct outcome under ¢ and
serves as the basis for a multiple-choice answer. To keep the query concise, SOCRATES merges
these groups into at most four balanced clusters so that any user selection eliminates a roughly
equal share of the remaining candidates. Each cluster is then summarized by a separator, a logical
condition distinguishing it from the others, which is rendered in natural language (using an LLM)
to form the answer choices, as shown in Figure 3b.

3 Problem Formulation

In this section, we formalize the problem addressed in the rest of this paper.

3.1 Query Space

Given a finite hypothesis space H of candidate programs consistent with the user’s initial specifi-
cation, the goal is to identify the intended program P* € H through structured logical queries:

Q=(d Y1, Vi),

where ¢ is a precondition describing a family of inputs, and ¢/; is a postcondition describing a
distinct program behavior for that input family. The pair (¢, ¢;) is called a scenario. When the user
selects option i, all programs inconsistent with i; are eliminated, thereby refining H.
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For a query to be meaningful, its scenarios must partition the hypothesis space H relative to ¢.
That is, each program in H should fall into exactly one scenario, ensuring that the user’s answer
can be used to unambiguously refine . We capture this requirement as follows.

Definition 3.1. (Valid query). Given hypothesis space H, a query Q = (¢, Y1, ..., Yx) is valid if

(Mutual exclusion) VP e H.Vi# j.=(E{}P{yi} A E{$}P{y;}).
(Coverage) VP e H.3i. E{¢}P{ys}.

Mutual exclusion ensures that no program in H can satisfy two different scenarios with the
same precondition, so the answer is unambiguous. Coverage ensures that every program in H is
consistent with at least one scenario, ensuring that one of the answers is correct. Now, given query
Q= (¢, 1,...,Yx), for each i, define Hy; = {P € H | {¢} P{;} } to be the programs in H that
satisfy (¢, ;). By Definition 3.1, {H,;}* , is a complete partition of H (i.e., they are disjoint and
cover H). If the user selects answer ;, we can refine H to H ;.

3.2 Query Selection Problem

At a high level, the query selection problem is to choose a query Q that balances two goals. The first
is disambiguation power: each possible answer should eliminate a large portion of the hypothesis
space. The second is interpretability: the pre- and postconditions should form a question that users
can easily understand and answer.

To formalize the problem, we assume two predicate universes: a precondition universe U~
and a postcondition universe U*. Each universe defines a finite set of atomic predicates that can
be combined to form candidate pre- and postconditions, and we assume that these universes are
literal-closed (i.e., Ya € U, we also have —a € U). To keep queries interpretable, we restrict both
pre- and postconditions to be cubes, that is, conjunctions of atoms drawn from their respective
universes. Then, the query space is

Q={0=(¢,Y1,.-..¥x) | ¢ € CuBE(U™), ¢; € CuBE(U™), Q is valid},

where validity is as in Definition 3.1 and CUBE() is the space of cubes over predicate universe U.
Next, disambiguation power captures the efficacy of a query Q at pruning the hypothesis space.

Definition 3.2 (Disambiguation power). Let Q = (¢, Y1, ..., ¥x) be a query, and let H;; denote
the set of programs in H that satisfy y; under ¢. Then the disambiguation power of Q is defined as:
i |Hy 51 [Hp,i]

(Q) = min =7 ( ) T )

Intuitively, for any answer provided by the user, we can eliminate at least DP(Q) fraction of

programs from the hypothesis space. Thus, we want to select a query that maximizes disambiguation

power. However, we also want to ensure the query is interpretable. We define the complexity C(Q)

of a query Q based on the syntactic complexity of ¢ and the ¢;’s (e.g., the number of atoms in these
logical formulas), reflecting how difficult the query is to interpret. Now, we have:

Definition 3.3. (Query selection problem) Given U™, U*, H, and a hyperparameter 1 > 0
balancing disambiguation power and complexity, the query selection problem is to compute

Q" = argmaxg g [DP(Q) -1 -C(Q)].

3.3 Decomposed Problem Formulation

Directly solving the query selection problem from Section 3.2 is computationally challenging since
it requires jointly optimizing over pre- and postconditions. This combined search space is too large
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Algorithm 1 Main Active Learning Loop

Require: Initial hypothesis space H; predicate universes U™, U*
Ensure: A semantically unique program P* € H
1: while true do
2 if NumUnique(#H) = 1 then return P* € H
3: for all distinct pairs (P;, P;) € H X H do
4 ®(i, j) < GETDISTINGUISHING(P;, P;, U ™)
¢ < GETBESTPRECONDITION(®)
if § = L then U~ «— REFINEPREDICATES(H, U™ ); continue
Q < GENERATEQUERY(), H, U™")
8: Y < QUERYUSER(Q)
9 H—{PeH[{s}P{y}}

. w»

N

for exhaustive evaluation to be feasible. Furthermore, optimizing interpretability at the level of
the entire query makes it difficult to isolate and control the complexity of individual conditions.
To address these challenges, we adopt a decomposed formulation. We first select a satisfiable
precondition ¢ that captures semantically meaningful behavioral distinctions while remaining
interpretable. Then, we construct postconditions ¢/; conditioned on ¢. To formalize this decomposed
problem, we first define the disambiguation power of a precondition ¢ in isolation as the number of
(unordered) program pairs in the hypothesis space # that it distinguishes:

DPpyre(¢) = {(P1,Py) | P, Py € H AVx.$(x) = Pi(x) # Pa(x)}.

Definition 3.4 (Decomposed Query Selection Problem). Given U™, U*, H, and hyperparam-
eters Apre and Apost, the Decomposed Query Selection Problem is to compute

¢* € argmax . cype(u-) [DPpre($) = Apre - C(9)] &
k

W1,....Yp) € Argmax ;e Cups(Ut)k DP(¢", Y1, .., Yik) = Apost - Z Ci)| - (2)
i=1

We note that this decomposed formulation is not equivalent to the joint objective in Definition 3.3:
fixing the precondition before optimizing postconditions may exclude queries that would score
higher under simultaneous optimization. However, the decomposition offers two practical advan-
tages that justify this trade-off. First, it makes the optimization tractable by replacing a single search
over the combined space of all (¢, ¢, ..., ¥x) tuples with two smaller, sequential subproblems.
Second, it allows interpretability to be controlled at the level of individual conditions, since the
complexity of the precondition and postconditions can be penalized independently. Intuitively, a
precondition ¢ that distinguishes many candidate programs naturally enables informative queries:
when ¢ induces diverse program behaviors, it becomes easier to construct postconditions that
divide the hypothesis space evenly, leading to high disambiguation power.

4 Active Learning Algorithm

Algorithm 1 presents our top-level procedure for solving the decomposed query selection problem.
Given an initial hypothesis space H and predicate universes U~ and U™, the algorithm iteratively
interacts with the user until all remaining programs in H are semantically equivalent. Each
iteration begins by identifying preconditions under which pairs of programs P;, P; € H exhibit
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Algorithm 2 GETDISTINGUISHING(Py, Po, U~)  Algorithm 3 REFINEPREDICATES(H, U ™)

Require: Programs Pp, P2; universe U™ Require: Hypothesis space H; universe U~
Ensure: Set C of distinguishing cubes over U~ Ensure: Expanded universe U~
1: @ « WeakestPre(assert(Py(x) # Py(x)) 1: for all distinct pairs (P, P2) € H X H do
2: D < DNF(¢); C «— @ 2: @ «— WeakestPre(assert(Py(x) # Py(x))
3: for all clause d € D do 3: for all o € Atoms(¢) do
4: C « C U FInDIMPLYINGCUBES(d, U ™) 4: if ApmrssIBLE() then U~ «— U~ U{a}
5: return C 5: return U~

Fig. 4. Auxiliary procedures for finding distinguishing predicates and refining predicate universe. The Abmis-
sIBLE procedure subjects each atom to an application-specific admissibility test and may exclude predicates
based on syntactic or semantic complexity.

different behaviors (line 4). Concretely, it computes a set of distinguishing predicates ®(i, j) over
U™, where each ¢ € ®(i, j) is a sufficient condition for the outputs of P; and P; to differ — that is,
Vx. p(x) = P;(x) # Pj(x). This ensures that ¢ captures an entire region where the two programs
are semantically incompatible, so any input satisfying ¢ witnesses their disagreement. To obtain
these predicates, the algorithm first derives the weakest precondition under which P; and P; differ,
then extracts its prime implicants [45] over U ~. This subroutine is summarized in Algorithm 2.

Next, Algorithm 1 invokes GETBESTPRECONDITION to compute a symbolic precondition ¢ that
maximizes the objective in Eq. (1) from Definition 3.4. If no predicate in U~ satisfies this objective,
GETBESTPRECONDITION returns L, triggering REFINEPREDICATES (Algorithm 3) to extend ¢~ with
new atoms and restart the iteration (line 6). Once a valid precondition ¢ is obtained, the algorithm
calls GENERATEQUERY to synthesize postconditions that jointly optimize Eq. (2) in Definition 3.4.
The resulting query Q = (¢, Y1, .. ., ¥«) is then translated into natural language using an LLM and
presented to the user (line 8). If the user selects answer j, their intended program P must satisfy
the Hoare triple {¢}P{y/;}, and all programs violating this triple are removed from H (line 9).
The process repeats until all remaining programs in H are semantically equivalent (line 2). The
following subsections describe precondition synthesis and query generation in more detail.

Algorithm 1 satisfies two key guarantees. The first says that the query selected at each step
solves the Decomposed Query Selection Problem (Definition 3.4); the second says that, assuming
the user responds correctly, the algorithm converges to the correct program.'

THEOREM 4.1. (OPTIMALITY OF QUERY SELECTION). At each iteration, the query (¢, Y, ..., i) gener-
ated by Algorithm 1 solves the Decomposed Query Selection Problem in Definition 3.4.

THEOREM 4.2. (CORRECTNESS OF ACTIVE LEARNING). Given a finite hypothesis space H containing
the ground-truth program, Algorithm 1 always terminates and returns a program P* € H that is
semantically equivalent to the user’s intended program (under the assumption that the user provides
correct answers to each query).

4.1 Precondition Synthesis

We now explain the GETBESTPRECONDITION procedure for finding a single predicate ¢ that optimizes
the first objective (Eq. 1) in Definition 3.4. Recall that our goal is to find a conjunction of predicates
over U~ that will differentiate as many program pairs as possible, but with a complexity penalty.
To find such a precondition, our method utilizes the distinguishing predicates ® precomputed

1Proofs of all theorems are provided in the Appendix of the extended version of the paper [8].
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Given

U ={Ay,....,Ap}and O(i, j) = (CID}j, R @5’7) is an ordered list of distinguishing predicates
for program pair P;, P;.

Decision Variables

e Atom selectors a; € 0,1 for t € [n], where each a; = 1 indicates that atom A; is selected.

e Predicate selectors dl(‘j € {0,1} for i < j and k € [K;;], where dllfj = 1 indicates that
predicate fDi.“j is selected for pair (P;, P;).

e Distinguished-pair flags p;; € {0,1} for i < j, where p;; = 1 indicates that pair (P;, P;) is

distinguished.
OP) pye=\/d @A) di= A a ©GAT) o= a4
k=1 tEatoms(Cij)

Objective Synthesized Precondition

px) = [\ Aulx), (3)

t:a;=1

Fig. 5. Optimization modulo theory formulation of GETBESTPRECONDITION

for each program pair in Algorithm 1. Specifically, rather than performing a blind search over
all cubes in U™, we leverage ® to restrict attention to conjunctions that are known to be useful.
Each distinguishing predicate in ®(i, j) guarantees that P; and P; behave differently on this input
region and thereby specifies exactly which atoms of ¢~ must be included for the precondition
to distinguish this pair. Because each predicate in ®(i, j) is a sufficient condition for P; and P; to
differ, the semantic reasoning is already handled in Algorithm 1. The remaining task, addressed in
GETBESTPRECONDITION, is to find a consistent subset of these witnesses and combine their atoms
into a single global precondition.

We encode GETBESTPRECONDITION as an Optimization Modulo Theory (OMT) problem in
Figure 5. Our formulation introduces three families of variables: atom selectors a;, which determine
which atomic predicates from U~ are included in the final conjunction; predicate selectors dll.‘j,
which track which distinguishing predicate is used as a witness for program pair (P;, P;); and pair
flags p;j, which indicate whether the pair (P;, P;) is successfully distinguished. Constraints (DP)-
(SAT) tie these variables together. First, (DP) ensures that a pair is marked as distinguished iff at
least one distinguishing predicate for that pair is selected. Next, (IA) enforces that if a predicate @i?j
is chosen (meaning dl]Fj is assigned to true), then all atoms that occur in it are also selected. Finally,
(SAT) ties the atom-selection variables to their corresponding predicates by asserting a; = A; for
every atom A; € U™. These implications define the synthesized precondition ¢(x) = A;.;,=1 As(x),
with the hard constraints collectively ensuring that ¢ is always satisfiable.
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The objective function (shown under Objective in Figure 5) trades off disambiguation power
and complexity: the first term (sum over all p;;’s) rewards maximizing coverage by distinguishing
as many pairs as possible, while the second term (sum over a,’s) penalizes the number of atoms
selected to bias the solution toward simpler and more interpretable preconditions. After solving
this OMT instance, we obtain the precondition ¢ by conjoining exactly those atoms A; whose
corresponding indicator a; is true.

THEOREM 4.3 (CORRECTNESS OF GETBESTPRECONDITION). GETBESTPRECONDITION solves Eq. (1)
in Definition 3.4; i.e., letting ¢(x) be as in Eq. (3) and C(¢/) be the number of conjuncts in /, then

(]5 € argmaX‘//chBE(«u—) [DPpre([ﬁ) - Apre : C(lﬁ)]
Example 4.4. Consider the following hypothesis space of IMAGEEYE programs:
P; := Is(Face) A HasAttribute(HairColor=brown) — Brighten

Py := Is(Face) A Smiling — Brighten
P3 := Find(Is(Face), Is(Guitar), Above) — Brighten
Here, P; brightens all faces with brown hair, P, brightens all smiling faces, and P5 brightens all

faces that are above guitars. Assuming the input image contains two objects {x;, x,}, suppose that
GETDISTINGUISHING generates the following constraints for each pair of programs:

Dy = {HasLabel(xl, face) A HasHairColor(x;, brown) A —HasExpression(x;, smiling),

HasLabel(x;, face) A HasHairColor(x;, blonde) A HasExpression(xi, smiling),}

b3 = {HasLabel(xl, face) A HasHairColor(x;, brown) A —HasLabel(xz, guitar),

HasLabel(x;, face) A HasHairColor(x;, blonde) A HasLabel(x;, guitar) A Above(xi, xz)}

Dy3 = {HasLabel(xI, face) A HasExpression(xj, smiling) A —HasLabel(x,, guitar),

HasLabel (x;, face) A —HasExpression(x;, smiling) A HaslLabel(x,, guitar) A Above(xi, xz)}

Here, choosing the red or the blue constraints maximizes distinguished program pairs. Since the
red constraints contain fewer unique atoms, they will be selected to generate the precondition:

HasLabel(x;, face) A HasHairColor(x;, brown) A
—HasExpression(x;, smiling) A —HasLabel(xy, guitar)
This precondition means that the image contains two objects: the first is a face with brown hair
that is not smiling, and the second is an object that is not a guitar.

4.2 Overview of Multiple-Choice Answer Generation

Now that we have computed the optimal precondition ¢, we need to generate optimal answer
choices for ¢. At a high level, the precondition ¢ identifies the region of the input space on which
the programs in H exhibit qualitatively different behaviors, and the answer choices should group
these behaviors into a small set of mutually exclusive, collectively exhaustive scenarios that the
user can reliably distinguish. Algorithm 4 summarizes how we generate these answer choices.

To start with, Algorithm 4 calls GRourPBYSP to partition the programs in H based on their output
behavior under ¢ (line 2), producing equivalence classes

C; = {P € H | StrongestPost(P, ¢) = y;} (Vie {1,..,N}).

Here, StrongestPost denotes the strongest postcondition; thus, each C; consists of all programs
in H whose output behaviors are indistinguishable under ¢. In principle, we could now directly
translate each equivalence class C; into an answer choice based on y;. However, this approach is
undesirable for two reasons: (1) the number of distinct clusters N may be too large, resulting in an
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Algorithm 4 GENERATEQUERY

Require: Precondition ¢, hypothesis space H, postcondition universe U*

Ensure: Query (@, ¥1,..., k)
1: while true do

2: {C1,...,Cn} <« GROUPBYSP(H, ¢)

3: (B, ..., Br) « MERGECLUSTERS({C;}, k, §)

4: fori=1,...,kdo

5 ; < CONSTRUCTSEPARATOR(B;, {B;} jxi, U")
if 3ie{1,...,k} with¢; = L then

7 U — Ut U REFINEPOSTPREDICATES (H, ¢, U™)
8 else return (¢, Y1, ..., Yx)

@

9: procedure REFINEPOSTPREDICATES(H, ¢, U*)
10: return | Jpc4{ a € Atoms(StrongestPost(P, ¢)) | Admissible(a) }

impractically long list of answer choices, and (2) the postconditions y; are typically more complex
than needed.

To address these challenges, Algorithm 4 then invokes MERGECLUSTERS to coarsen the initial fine-
grained partition {Cy, ...,Cn} into at most k disjoint bins By, ..., B¢, where k is a small constant
(typically 3 or 4). Each bin B; corresponds to answer choice i in the final multiple-choice query, such
that selecting option i retains only the programs in B; and eliminates all others. MERGECLUSTERS
seeks to produce bins of roughly equal size so that each answer removes a comparable portion of
the hypothesis space. Next, Algorithm 4 calls CONSTRUCTSEPARATOR (line 5) to convert each bin
B; into a symbolic postcondition i; over the predicate universe U™, ensuring that ¢/; is consistent
with the behaviors in B; and excludes all programs in other bins. If no such postconditions can be
synthesized (meaning CONSTRUCTSEPARATOR returns L for at least one cluster), the algorithm calls
REFINEPOSTPREDICATES (defined in lines 9-10) to extend U* with new atomic predicates derived
from the strongest postcondition.

We next describe the MERGECLUSTERS and CONSTRUCTSEPARATOR procedures in more detail.
We start with CONSTRUCTSEPARATOR because it is internally used by MERGECLUSTERS to evaluate
the cost of candidate merges.

4.3 Separator Construction

The goal of CONSTRUCTSEPARATOR (summarized in Algorithm 5) is to synthesize a postcondition
that captures the behavior of programs in the target bin while excluding all others. Specifically, it
takes as input the target bin B, the negative bins {Bjy, . . ., B}, and the atom universe U*, and aims
to find a postcondition ¢ that (1) holds for all behaviors represented by B, (2) rules out behaviors
from every other bin B;, (3) is a cube ¥ € Cubes(U™), and (4) contains as few atoms as possible.
The first two conditions ensure that  is correct (i.e., it separates B from the other bins), and the
last two conditions ensure that it is interpretable (i.e., the answer choices are understandable).

Algorithm 5 starts by constructing the positive specification ®* = \/p.g StrongestPost(P, ¢) for
the target bin B and, a negative specification ¢; = \/Pij StrongestPost(P, ¢) for every other B;. If
O* A ¢; is satisfiable for any j, then the behaviors of B and B; overlap on at least one input. In this
case, no separator  can distinguish B and B; because i/ needs to hold for all B behaviors but reject
all B; behaviors. Thus, in this case, the procedure terminates with L to indicate failure.
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Algorithm 5 CONSTRUCTSEPARATOR(B, {By, ..., Br}, U*)

1: &+ « \/pcp StrongestPost(P, §) > Positive spec for target bin
2 ¢j < Vpes, StrongestPost(P, ¢) > Negative specs for each B;
3: if Jj. SAT(®* A ¢;) then return L

4 A« {ae U | UNSAT(®" A —a) } > All atoms implied by ®*

5 S {sg|aec A} > Indicators s, denoting that atom a is chosen
6 C—0 > Counterexamples
7: while true do

8 Y < MAXSAT({-s, |a€ A}, C) »Returnsy = Ns,=1 @ with as few atoms as possible
9: if y = 1L then return L

10: if Vj. UNSAT(¢; A ) then return ¢

11: Choose j,m with m |= (¢; A )

12: C<—CU{ \/ Sa}

ac€A, m=-a

Otherwise, the algorithm proceeds to construct a separator ¢ that satisfies the four conditions
mentioned earlier. Here, satisfying conditions (1) and (2) is straightforward: since the check on
line 3 guarantees that ®* A (\/; ¢;) is unsatisfiable, the entailment ®* = —(\/; ¢;) holds, and
we can take / to be a Craig interpolant for this entailment - that is, ®* = ¢y and ¢ = =(V/; ¢;).
Then, ¥ satisfies (1) since ®* = ¢ by definition, and (2) since y = (\/; ¢;) implies that i A ¢; is
unsatisfiable for every j. In other words, any Craig interpolant satisfies the first two conditions,
but we must ensure that the interpolant is also a cube and contains as few atoms as possible to
satisfy conditions (3) and (4).

Hence, rather than using an off-the-shelf inter-

polation tool, our method searches for a minimum Query: Suppose you have an input ta-
cube interpolant using a custom algorithm based on | ble with 2 rows and 2 columns. If the
counterexample-guided inductive synthesis (CEGIS). | value in cell (1, 1) is —1 and the value
Specifically, it treats each atom in U* as a candi- | incell (2,1) is 0, which of the following
date building block, and incrementally constructs is true of your output table?:

the interpolant by alternating between an optimiza- (a) The table has 2 rows

tion phase and a wverification step. Given a set of (b) The table has 1 row, and the value
counterexamples C, the algorithm first attempts to in cell (1,1) is 0.

solve an optimization problem subject to C and then (c) The table has 1 row, and the value
checks whether the resulting solution is indeed a in cell (1,1) is —1.

valid interpolant. If not, it strengthens the specifica-
tion C and solves a more constrained optimization
problem. Because each step preserves optimality subject to an over-approximation of the true
specification, the first solution found is guaranteed to be the optimal interpolant.

In more detail, line 3 of Algorithm 5 first restricts the search space to atoms A = {a € U* |
UNSAT(®* A —a) } that are already entailed by the positive specification. This is valid because
any cube interpolant must consist only of atoms implied by ®*. Then the CEGIS loop (lines 7-12)
alternates between using MAXSAT to compute the optimal solution consistent with C (line 8) and
searching for counterexamples (line 10). The MAXSAT problem is over the Boolean variables s,
defined on line 5, where s, indicates whether atom a € A isin / (i.e., { is defined as A _; a). Then,
the optimization problem is to minimize the number of atoms in ¢ subject to C (line 6).

Fig. 6. Generated query.
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If the computed y successfully separates the positive and negative specifications (i.e., A ¢; is
unsatisfiable for all j), then it is returned as the solution (line 10). Otherwise, the solver produces a
model m | (¢; A ) for some j, from which a new blocking clause \ ;¢ # mp=-q Sa is derived. This
clause enforces that any solution must include at least one atom that contradicts the counterexample
m, thereby eliminating 1 and other cubes that fail for the same reason. Finally, this clause is added
to the set of constraints (line 12) and the CEGIS loop continues.

THEOREM 4.5 (CORRECTNESS OF CONSTRUCTSEPARATOR). CONSTRUCTSEPARATOR returns the
smallest cube y € Cubes(U™) such that ®* =  andVj. UNSAT (Y A @;), or L if no such cube exists.

Example 4.6. Consider the following hypothesis space of three R programs:
Py :=Mutate(sum := Col(1) + Col(2))
Py :=Filter(Col(1) < @) |> Mutate(sum := Col(1) + Col(2))
P3 :=Filter(Col(1) = @) |> Mutate(sum := Col(1) + Col(2))

Given an input table, P; computes a new column containing the sum of columns 1 and 2. P,
(resp. P3) performs the same mutation, but first removes all rows where the value in column 1 is
less than 0 (resp. equal to 0). Since there are only three programs, each program is placed in its own
bin B;. Under precondition ¢ := celly; = —1 A celly; = 0 (where cell;; corresponds to the value
in the ith row and jth column), and assuming that the input table contains 2 rows and 2 columns,
the strongest postconditions are as follows:

StrongestPost(Py, ¢) = num_rows = 2 A num_columns = 3 A output_cell;; = cell;; Aoutput_cell;, =celljp A---
StrongestPost(P;, ¢) = num_rows = 1 A num_columns = 3 A output_cell;; = celly; Aoutput_cell;, =cellzp A---

StrongestPost(P3, ¢) = num_rows = 1 A num_columns = 3 A output_cell;; = celly; Aoutput_cell;, =celljz A---

These postconditions constrain the shapes of the output tables and the values therein. Suppose
our atom universe U* contains all of the atoms in the postconditions. To construct a separator
for By, we must select interpolants that rule out B; and Bs. In this case, both B, and B; may be
ruled out by the single atom num_rows = 2, since both P, and P; are guaranteed to filter a row.
For B,, we need to find the simplest constraint that rules out both By and Bs, while capturing the
behavior of B;. Selecting num_rows = 1 A output_cell,; = cell,; as the separator satisfies
both constraints and is the simplest such predicate. Finally, for Bs, the simplest such predicate is
num_rows = 1 A output_cell;; = celly;. Thus, for this example, our method would pose the
multiple-choice query shown in Figure 6.

4.4 Merging Clusters

We now discuss the MERGECLUSTERS procedure (Algorithm 6) for producing a partition of the
hypothesis space into k clusters. This algorithm takes as input the initial fine-grained partition
Cy,...,Cn (induced by the strongest postconditions y;) and produces coarse-grained partition
{Bi,...,Bx} for a fixed k, which we represent by a partition mapping & : [N] — [k], where
¥ (i) = j indicates that cluster C; is included in bin B;. For a fixed precondition and hypothesis
space, any partition mapping # naturally induces a multiple-choice query, defined as follows:

Definition 4.7 (Induced query). Given hypothesis space H, precondition ¢, and partition mapping
¥, the query induced by (7, ¢*) is (¢, Y1(F), ...,k (F)), where

Pi(F)={heH|3i.F)=j A heC}. N,~(?')={N,

r# 0o Ne=\ ci}

;j(F) = CONSTRUCTSEPARATOR(P; (F), N;(F), U*).
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Algorithm 6 MERGECLUSTERS

Require: Clusters Cy,...,Cn, number of answers k, precondition ¢
Ensure: EVALUATEOBJECTIVE(T, @) > Opin, or F is optimal

1: function MERGECLUSTERS({C; }Y ,, k. ¢)
2 F « LeParTITION({C;}Y,, k)
3: Ohmnit < EVALUATEOBJECTIVE(F, ¢)
4 (F, Obest) < BRANCHANDBOUND({C;}Y,, @, Oinit, §)
5 return

6: function LBPARTITION(({Ci}II.i k)

7 fori=1to N do

8: ; <— CONSTRUCTSEPARATOR(C;, {U;C;}, UY)

9 w; — |C,| +/1C(lﬁl)

10: return LB-BINPACK-SOLVER({W,—}?:’ v K

Intuitively, each bin B; is represented by a separator i/; that distinguishes it from all others. Our
goal is to generate an informative and interpretable query, which corresponds to generating a
partition mapping that results in balanced clusters and interpretable separators, respectively.

The key challenge is that evaluating the quality of a partition requires computing its separators,
but this makes the optimization problem computationally intractable: the space of possible partitions
is exponential in N, and each candidate partition requires invoking CONSTRUCTSEPARATOR, which
is already solving an NP-hard problem. We address this challenge using a two-phase approach. In
the first phase (LBPARTITION), we optimize a proxy objective that approximates the true objective,
resulting in a proxy partition that is far more efficient to compute since it does not require explicitly
constructing separators. Then, the second phase performs a branch-and-bound search starting
from the proxy partition. Intuitively, since the proxy partition is a high-quality starting point, the
branch-and-bound procedure can efficiently prune the search space.

The first phase is based on the insight that the quality of a partition can be estimated without
computing all pairwise separators. Instead, we approximate the true objective by constructing, for
each initial fine-grained cluster, a one-vs-all separator that distinguishes it from the union of all
other clusters. This strategy provides a good signal about how easily each cluster can be separated
from the rest, allowing us to estimate the cost of potential merges. Specifically, we formulate a
proxy objective that takes into account both (1) how balanced a partition is, and (2) its estimated
separator complexity cost, obtained by aggregating the one-vs-all separator costs.

In more detail, we formulate this proxy optimization problem as a load-balanced bin-packing
task, where the goal is to distribute items of varying weights into a fixed number of bins so that no
bin becomes disproportionately heavy. In our setting, each fine-grained cluster C; plays the role of
an item, and each answer option corresponds to a bin. The “weight” of each item reflects both the
number of programs it contains and the complexity of its separator:

w; = |G|+ AC(y;), where t; = CONSTRUCTSEPARATOR(Cy, {U;C;}, UT)

Here, |C;| penalizes clusters that contain many candidates and C(y/;) is the syntactic complexity
of the one-vs-all separator distinguishing C; from all other clusters. The optimization seeks a
mapping of clusters to k bins that minimizes the load of the heaviest bin, thereby achieving two
desirable properties: (i) no single answer option dominates the hypothesis space, and (ii) each
option corresponds to clusters that can be separated using simple conditions. We let # denote the
proxy partition mapping constructed by LBPARTITION.
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In the second phase, our algorithm performs branch-and-bound search over the space of partition
mappings with 7 as the starting point. First, the EVALUATEOBJECTIVE procedure in line 3 computes
the induced query for #, and then computes its true objective value Oj;; according to Definition 3.4.
The branch-and-bound implementation is standard. It organizes the search space as a tree, where
each internal node corresponds to a partial assignment of fine-grained clusters to bins, and each
leaf represents a complete partition. It uses an admissible heuristic on the best achievable objective;
for efficiency, it does not need to call CONSTRUCTSEPARATOR. We provide details the Appendix of
the extended version of the paper [8].

5 Implementation

We have implemented the proposed active learning technique as a new tool called SOCRATEs,
written in Python. SOCRATEs uses the Z3 SMT solver [19] for checking satisfiability and solving
optimization problems.

Translating queries to natural language. Our implementation leverages gpt-4o to translate
logical queries into natural language (NL) descriptions. We utilize few-shot prompting [9], providing
the LLM with a query along with a small set of in-context examples. Because this translation is not
formally verified, a mistranslation could in principle cause the user to select an incorrect answer. In
practice, however, we find this risk to be negligible because the queries are expressed in first-order
logic over a small, well-typed predicate set — this is a setting where LLMs are highly reliable [6].

Instantiating in new domains. The design of SOCRATES is domain-agnostic and can be in-
stantiated for different synthesis settings by providing three components: (1) a synthesizer for
generating the initial hypothesis space, (2) an analysis engine for computing pre- and postcondi-
tions, and (3) the initial universes of pre- and postcondition predicates. Depending on the domain,
the analysis engine may either apply standard invariant-generation techniques to reason about
iterative or higher-order constructs (e.g., fold), or unroll these constructs to a fixed bound and
compute pre- and postconditions on the resulting loop- and recursion-free programs. In the latter
case, SOCRATES guarantees semantic equivalence only up to the chosen unrolling depth. For the
domains used in our evaluation, we adopt this bounded-unrolling strategy and manually verify
the correctness of the final synthesized program. The construction of the predicate universes is
straightforward. Precondition predicates in U~ follow the shape of predicates already exposed
by the DSL, while postcondition predicates in U* encode possible effects of the program on the
input. For example, in the image editing domain, U~ includes predicates such as HasLabel(obj,
Person) and HasRelation(obj_1, obj_2, NextTo), whereas U* includes predicates such as
Blurred(obj) and Cropped(obj) that describe observable output behavior. More generally, U~
captures properties of inputs that may appear in synthesized preconditions, while U* captures
properties of outputs or input-output relationships that may appear in answer choices.

Approximating the objective. While the algorithms described in Section 4 compute the optimal
query as defined in Definition 3.4, our implementation employs two practical approximations to
ensure tractability. First, following prior work [4, 34], we uniformly sample a subset of programs
from the hypothesis space each round and compute queries that are optimal with respect to this
subset, rather than over the full hypothesis space. Second, our implementation of MERGECLUSTERS
invokes branch-and-bound search only when the solution produced by LBPARTITION exhibits
complexity exceeding a threshold. These approximations preserve the intent of optimal query
selection while keeping the computation efficient in practice.
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6 Evaluation

In this section, we describe the results of our experimental evaluation, which aims to answer the
following research questions:

e RQ1: Accuracy. How does SOCRATEs compare against state-of-the-art active learning baselines
in terms of accuracy?

e RQ2: Interpretability. How do users perform when answering the multiple-choice queries
posed by SOCRATEs compared to traditional input-output labeling questions?

o RQ3: Efficiency. How does SOCRATES compare against baselines in terms of efficiency (e.g.,
number of interaction rounds, query generation time)?

e RQ4: Ablations. How important are our key algorithmic ingredients in reducing active learning
runtime and generating simple queries?

6.1 Application Domains

To address our research questions, we evaluate SOCRATEs and all baselines on 157 tasks drawn from
four domains studied in prior work: data wrangling [23], JSON transformations [15], batch image
editing [5], and image search [6]. All of these domains involve rich input types, namely tables,
trees, and images, and therefore provide a meaningful basis of evaluation for our approach. We
describe each domain in more detail below.

Table transformations. Our first application domain, WRANGLE, consists of 80 challenging data
wrangling tasks considered in prior work [22, 23]. Each task involves transforming one or more
input tables into a target table using a DSL that is inspired by R’s dplyr and tidyr libraries. Typical
transformations include reshaping data between “wide” and “long” formats, consolidating multiple
tables, and performing grouped aggregations or joins.

JSON transformations. Our second application domain, Json, consists of 15 JSON transformation
tasks from prior work [15]. Each benchmark involves converting hierarchical input trees into
structurally distinct outputs using a domain-specific language that supports node creation, filtering,
and restructuring through declarative tree combinators. These transformations capture a range of
structural manipulations, such as field extraction, flattening, and conditional reorganization.

Batch image editing. Our third application domain, IMAGEEDIT, involves image editing tasks
considered in prior work [4, 5]. Unlike the two previous domains, these tasks are neurosymbolic
and require synthesizing programs in a DSL that involves neural networks for image classification
and segmentation. Each task specifies a high-level edit (e.g., “brighten faces of bride and groom”
“crop all people playing guitar”) that must be realized by composing various neural components
with symbolic operators. These benchmarks come with collections of real-world images.

Image search. Our fourth and final application domain, IMAGESEARCH, involves image search
tasks from prior work [4, 6] where the goal is to filter a subset of images that have a certain property,
such as “contain a dog and a cat next to each other,” or “contain a person riding a bike while wearing
a helmet” Similar to the previous domain, these tasks require synthesis in a neurosymbolic DSL
that has neural constructs for image segmentation and object classification.

6.2 Baselines

To meaningfully evaluate our proposed approach, we compare SOCRATES against state-of-the-art
active learning techniques from recent work. Because no single prior method applies uniformly
across both symbolic and neurosymbolic domains, our evaluation considers two groups of baselines.
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Purely symbolic domains. For purely symbolic domains (WRANGLE and JsON), we compare against
SAMPLESY [34] and LEARNSY [33]. SAMPLESY selects the input whose worst-case label would
eliminate the largest fraction of the hypothesis space, while LEARNSY generalizes this strategy by
introducing a probabilistic model of program equivalence that estimates the expected information
gain from labeling a particular input.

Neurosymbolic domains. For neurosymbolic domains (IMAGEEDIT and IMAGESEARCH), we compare
SoCRATEs against SMARTLABEL [4], which is the only prior technique that provides formal guaran-
tees against eliminating the intended program in the presence of neural uncertainty. SMARTLABEL
extends SAMPLESY’s objective to neurosymbolic settings by incorporating conformal prediction [1],
producing set-valued outputs that bound the true label with high confidence.

6.3 Experimental Setup and Methodology

We evaluate SOCRATES, along with all baselines and ablations, using the following methodology. We
begin by generating two initial input-output examples and constructing a hypothesis space H of
programs consistent with the examples, using either an enumerative synthesizer or an LLM-based
agent. The hypothesis space always includes the ground-truth program P*; however, it also includes
many other programs that conform to the initial examples, but semantically differ from the ground
truth. Once such a hypothesis space H is constructed, we perform active learning over H, using
an oracle that provides correct responses to each query. To account for potential variability from
the initial random I/O examples, we repeat all experiments five times, each with a different seed,
and report the mean and standard deviation of the outcomes.

Table 1 summarizes key statistics for our

benchmark domains, including the number Table 1. Details about (1) the number of tasks, (2) average

. input space size, (3) initial hypothesis space size, (4) average
of tasks, average program size, and average . o

T o | program size, and (5) the percentage of program pairs in
cardinality of the initial hypothesis space. the initial hypothesis space that are semantically distin-
While SocrATEs does not require access to guishable.

a predefined set of inputs on which the tar-
get program is evaluated, all of the baseline  pomain # |Inputs| |H| ASTsize % Pairs Dist.
methods do. In particular, these baselines

WRANGLE 80 750  50.0 14.6 58.1%
are parameterized by a finite input space 5oy 15 3750 956 117 86.4%
from which candidate queries are drawn. ImaceEpir 37 2717 10964 157 87.3%
Thus, Table 1 also shows the size of the in- IMAGESEARcH 25 2574 31838 16.0 92.9%
put space used for evaluating the baselines.  gverall 157 2448  390.2 14.5 73.2%

Specifically, for the IMAGEEDIT and IMAGE-
SEARCH domains, we adopt the same input spaces used in prior work [4]. In contrast, for the
WRANGLE and JsoN domains, no standard input dataset is available; we construct synthetic input
spaces by sampling schema-compatible inputs that satisfy the grammar of each domain.’

To further characterize the complexity of query generation, Table 1 also reports the fraction of
program pairs in the initial hypothesis space that are semantically distinguishable. This metric
captures how easily the hypothesis space can be pruned by informative queries: when many
pairs are distinguishable, the system can more readily construct queries that expose behavioral
differences among candidates, whereas greater semantic overlap means that many candidates

2To make the comparison fair and meaningful, we must choose the size of the input space carefully: including too few
inputs hurts accuracy, while including too many increases the time needed to compute each query. Following findings from
the HCI literature on user tolerance for interactive wait times [40], we select the largest input space for which all methods
complete query generation within 10 seconds, which has been reported as the upper bound of acceptable response latency
for sustained user engagement.
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Table 2. Experimental results comparing accuracy of Table 3. Experimental results comparing accuracy of

active learning techniques in symbolic domains. active learning techniques in neurosymbolic domains.
Domain SOCRATES SAMPLESY LEARNSY Domain SOCRATES SMARTLABEL
WRANGLE  100.0% + 0% 80.3% + 4.3% 78.5% * 5.4% IMAGEEDIT 100% + 0%  84.9% + 2.4%
Json 100.0% + 0% 62.7% + 7.6% 64.0% + 6.0% IMAGESEARCH  100% + 0%  86.4% + 8.3%
Overall 100.0% + 0% 77.5% + 2.5% 76.2% + 3.8% Overall 100% + 0% 85.5% + 2.3%

behave identically on large parts of the input space and are therefore harder to separate. Overall,
73.2% of program pairs are distinguishable, although this fraction varies across domains, with tasks
in the WRANGLE domain having the lowest distinguishability rate (58.1%).

All experiments are executed on a 2022 MacBook Pro with an 8-core M2 processor and 8 GB of
RAM, using a timeout limit of 300 seconds per task.

6.4 Evaluation of Accuracy

Our first research question investigates whether SOCRATES improves the accuracy of interactive
program synthesis compared to existing active learning techniques. For each method, we measure
the percentage of benchmarks for which the synthesized program is semantically equivalent to
the ground-truth program P*. A benchmark counts as solved only if the synthesized program is
manually verified to behave identically to P* on all possible inputs. Tables 2 and 3 report these
results for the symbolic (WRANGLE, JsoN) and neurosymbolic (IMAGEEDIT, IMAGESEARCH) domains.
Across all domains, SOCRATES solves 100% of benchmarks. For the WRANGLE and JsoN domains,
SAMPLESY and LEARNSY solve 77.5% and 76.2% benchmarks, respectively, and for the neurosymbolic
domains, SMARTLABEL solves 85.5% of the benchmarks.

Failure analysis for baselines. Most baseline failures stem from their reliance on a fixed input set
for checking equivalence. These methods iteratively refine the hypothesis space until all remaining
candidates are observationally indistinguishable on that set and then return one randomly sampled
program. However, observational equivalence on a finite input set does not imply true semantic
equivalence, and the selected program may therefore diverge from the ground truth. As discussed
in Section 5, the equivalence guarantee provided by SOCRATEs is also not universal, due to the
bounded unrolling used to compute pre- and postconditions. Despite this practical limitation, all
programs synthesized by SOCRATEs were manually verified to be semantically equivalent to the
ground truth. In contrast, the baselines frequently produce programs that match the ground truth
on all observed examples but behave differently on unseen inputs — an inherent limitation of any
active-learning approach restricted to a fixed input set. Finally, SMARTLABEL sometimes fails for a
distinct reason: although its conformal predictor provides statistical coverage guarantees, there
remains a small probability that the ground-truth label falls outside the predicted confidence set. In
the neurosymbolic domains, a small fraction of failures can be attributed to this cause.

Result for RQ1: SOCRATES converges to the ground-truth program in all experimental
benchmarks, while the baselines fail to find the intended program for roughly 25% of the
programs in the symbolic domains and 15% in the neurosymbolic domains.

6.5 Evaluation of Interpretability

To answer our second research question, we conducted a user study to evaluate interpretability.
This study measures how easily users can understand and answer multiple choice (MC) queries
compared to the input—output (I/O) queries produced by existing active learning techniques.
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Setup. We recruited 18 participants, each of whom completed two active learning tasks per
application domain: one using SOCRATES and one using a representative active learning baseline
(SAMPLESY for WRANGLE and JsoN, and SMARTLABEL for IMAGEEDIT and IMAGESEARCH). Participants
were undergraduate and graduate students in computer science, all with prior programming
experience but no familiarity with the evaluated systems.

To keep the total session length under 45 minutes and reduce cognitive fatigue, each participant
was assigned tasks from three of the four domains. Each task was randomly drawn from a pool of
five benchmarks, and both the order of domains and the assignment of tools were randomized to
mitigate ordering effects. For each task, participants were first shown a short textual description
and an I/O example, followed by a two-minute familiarization period during which they could
review the materials and ask clarifying questions. They then answered all queries issued by the
corresponding active learning tool. We recorded both the time to answer each query and whether
the answer matched the ground truth.

Results. Table 4 summarizes the results of our Table 4. User study comparing the interpretabil-
user study. Across all domains, users answered MC ity of multiple-choice (MC) and I/O queries.
questions slightly faster and 38% more accurately
than I/O questions. The overall accuracy improve- Domain Time (s)  Accuracy (%)
ment is statistically significant (p = 4.35 x 107>, MC 1O MC 10
paired-sample t-test). Using the same test, response

time diff tatistically sienificant onlv i WRANGLE 60.5 988 938 867
ime differences were statistically significant only in Json 509 705 778 541
the WRANGLE domain (p = 0.043), where users an- IMAGEEDIT 455 386 882  57.9
swered MC questions 38 seconds faster on average. IMAGESEARCH ~ 25.6 21.2 923 5738
This difference likely reflects the additional over- OVERALL 48.2 559 885 641

head of manually typing tables for I/O questions,
which was considerably more time-consuming than selecting a multiple-choice answer. In the
JsoN domain, users answered MC questions 44% more accurately and 10 seconds faster than I/O
questions, suggesting that the structured presentation of MC queries helped users reason about
hierarchical data more effectively. In the IMAGEEDIT and IMAGESEARCH domains, MC questions
yielded 52% and 60% higher accuracy, respectively, despite slightly longer response times. For these
domains, I/O questions required users to inspect images and identify objects, leading to frequent
misidentifications or omissions. In contrast, MC questions provided textual descriptions and a
small set of candidate options, which seems to have reduced ambiguity and human error. The
Appendix of the extended version of the paper [8] illustrates representative errors users make
when answering queries.

Result for RQ2: Users answered multiple-choice queries significantly more accurately
than the input-output queries, while maintaining comparable response times.

6.6 Evaluation of Efficiency

Having established that SocraTEs improves both synthesis and query accuracy, we next examine
whether this improvement comes at the cost of efficiency. We measure efficiency along two dimen-
sions: (1) the number of interaction rounds required to converge, and (2) the average time needed
to generate each query. Table 5 summarizes these results.

Across all domains, SOCRATEs is competitive in terms of efficiency. In the WRANGLE domain, it
converges in roughly the same number of rounds as LEARNSY and fewer than SAMPLESY, while
maintaining lower average query-generation time. In the neurosymbolic domains (IMAGEEDIT and
IMAGESEARCH), SOCRATES matches or outperforms SMARTLABEL in runtime and requires roughly
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the same number of interaction rounds despite its stronger semantic guarantees. The only setting
where SOCRATES is less efficient is the Json domain. However, this is explained by the fact that the
baselines have the lowest accuracy in this domain: while they take approximately 3 fewer rounds
of user interaction, their accuracy is less than 65% (compared to 100% of SOCRATES).

Our runtime measurements indicate that SOCRATES’s computational cost is dominated by LLM
inference (using gpt-40), which is used to translate logical queries into natural language. To isolate
this effect, Table 5 also reports results for SOCRATES-INSTANTLLM, which omits LLM processing
time. This configuration is consistently faster than all baselines across every domain. Although a few
WRANGLE benchmarks exhibit outliers that inflate the mean, the median query-generation time for
SOCRATES-INSTANTLLM remains under two seconds. It is worth noting that the cost of LLM inference
primarily reflects model throughput and network variability, and it can be substantially reduced
through improved deployment infrastructure [58] (e.g., provisioned throughput or specialized
inference accelerators) without any modification to SOCRATES’s core technique.

Impact of different components on runtime. Another interesting empirical question is where
SocrATES spends the majority of its query-generation time in practice. As noted above, LLM
inference for translating queries into natural language accounts for a significant portion of runtime
(roughly 42%), but this cost is not a fundamental algorithmic bottleneck. Figure 7 shows how the
remaining components contribute to query-generation time.

Across all domains, computing distinguishing predicates ac-

Other Generate

Postconditions

counts for 70.6% of runtime, precondition synthesis accounts
for 11.5%, and postcondition generation accounts for 13.0%.
This breakdown varies by domain. In the WRANGLE domain,
computing distinguishing predicates dominates runtime (81%).
In the IMAGEEDIT and IMAGESEARCH domains, precondition
synthesis becomes the primary cost, accounting for 60-66%
of runtime. In the Json domain, query generation time is dis-
tributed more evenly across the three components.

4.9%
11.5%

Generate

13.0% Precondition

70.6%

Generate
Distinguishing
Predicates

This trend reflects the greater symbolic reasoning burden
in the WRANGLE domain, where programs compose multiple
table transformations and exhibit the lowest semantic distin-

Fig. 7. Breakdown of active learn-
ing runtime, excluding LLM inference
time.

guishability (58.1%, Table 1). Furthermore, weakest precondition size is largest in this domain.

Result for RQ3: SOcRATES achieves stronger semantic guarantees with only a marginal
increase in rounds of user interaction and comparable or faster query computation time.

6.7 Ablation Studies

To quantify the contribution of each major algorithmic component in SOCRATES, we conduct ablation
studies that remove or modify one component at a time while keeping others fixed. Specifically, we
evaluate the following three variants:

o SOCRATES-SIMPLEPRE, which selects any distinguishing constraint between two non-equivalent
programs as the precondition. This ablation isolates the impact of GETBESTPRECONDITION.

e SOCRATES-SIMPLESEP, which computes a separator by taking the disjunction of the strongest
postconditions within each cluster and then simplifying the resulting formula [20]. This ablation
isolates the impact of CONSTRUCTSEPARATOR.

o SOCRATES-RANDCLUSTER, which constructs roughly equal-sized clusters by assigning each
program to a randomly chosen cluster. After forming the clusters, it constructs a multiple-choice
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Table 5. Experimental results comparing SOCRATES against active learning baselines. For each technique, we
report the averages of (1) number of interaction rounds, (2) time per round, and (3) total tool runtime.

Domain Technique # Rounds Time per Round (s) Total Tool Time (s)
SOCRATES 44 +0.1 7.8 £04 345+23
WRANGLE SOCRATES-INSTANTLLM 4.4 + 0.1 57+04 252+ 1.8
SAMPLESY 51+0.3 9.6 +0.3 48.4 + 2.0
LEARNSY 4.2 £0.1 8.5+ 0.2 358+ 1.9
SOCRATES 5.6 £0.2 59+05 334+£25
Json SOCRATES-INSTANTLLM 5.6 + 0.2 0.9 +0.0 51+0.3
SAMPLESY 2.6 +0.1 9.5+ 0.8 252+ 2.6
LEARNSY 34+0.3 4.8 +0.2 16.3 £ 1.3
IMAGEEDIT SOCRATES 4.1+0.6 3.1+0.2 129+ 23
SOCRATES-INSTANTLLM 4.1 £ 0.6 0.9 +0.2 38+0.9
SMARTLABEL 3.7+0.5 55+ 0.6 20.6 + 6.5
IMAGESEARCH SOCRATES 4.0 £ 0.6 29+0.2 11.7 £ 2.9
SOCRATES-INSTANTLLM 4.0 + 0.6 0.7 +0.1 29+0.7
SMARTLABEL 4.5+ 0.8 6.3 + 2.2 274 +73

Table 6. Summary of ablation study results.

Variant Key impact

Increases the number of rounds by about 2X, while modestly

SOCRATES-SIMPLEPRE . . L .
improving query generation time and query complexity.

Nearly triples postcondition complexity, with minimal effect on

SOCRATES-SIMPLESEP .
other metrics.

Almost doubles the number of rounds and increases postcondi-

SOCRATES-RANDCLUSTER . .
tion complexity by more than 2.5X.

Table 7. Detailed ablation study results. The first row reports absolute values for SOCRATEs. Remaining rows
report percentage change relative to SOCRATES.

Variant # Rounds Time/Round(s) Precond. Postcond.
SOCRATES 44+0.1 3.6+03 214 +0.1 6.9 £0.0
SOCRATES-SIMPLEPRE +102% T -61% | -33% ] -39% |
SOCRATES-SIMPLESEP -2% +11% +0% +191% T
SOCRATES-RANDCLUSTER +84% 1 +17% +4% +154% T

question by calling CONSTRUCTSEPARATOR, merging clusters as needed if a separator does not
exist. This ablation isolates the impact of our MERGECLUSTERS procedure.

Tables 6 and 7 report the results of this ablation study. Specifically, Table 6 summarizes the
key impact of disabling a given component, and Table 7 provides more detailed statistics about
the averages of (1) the number of interaction rounds, (2) query generation time (excluding LLM
processing time), (3) precondition complexity, and (4) postcondition complexity (measured by AST
size). As we can see, disabling any component of SOCRATEs degrades performance along at least one
dimension relative to the full configuration. SOCRATEs-SIMPLEPRE generates simpler queries quickly,
but doubles the number of interaction rounds. This suggests that our OMT-based precondition
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generation method plays an important role in reducing user effort. SOCRATES-SIMPLESEP leaves
tool runtime essentially unchanged, but substantially increases postcondition complexity. This
indicates that separator construction is important for keeping answer choices easy to understand.
Finally, SOCRATES-RANDCLUSTER increases both the number of rounds and the complexity of the
postconditions, showing that our clustering strategy helps form bins that are balanced and admit
clean separators.

Result for RQ4: Our key algorithmic ingredients collectively improve the trade-off
between query complexity, interaction rounds, and query-generation time.

7 Related Work

Active learning for program synthesis. Active learning refers to a class of techniques that
strategically select data in order to maximize information gain. Originally developed in the context
of machine learning [10, 11, 18, 48-50], active learning has recently been applied to interactive
program synthesis, where it is used to disambiguate candidate programs. In this setting, the active
learner typically queries the user to label an input from a pre-defined input space. For example,
FlashProg [38] asks the user to label inputs on which candidate programs produce different outputs.
Subsequent approaches [4, 12, 30, 33, 34] generalize this idea by formulating query selection as an
optimization problem wherein the goal is to minimize the number of rounds of user interaction.
For example, SampleSy and SmartLabel both employ greedy minimax algorithms, selecting the
question whose worst answer will prune the greatest portion of programs. These methods iterate
until all remaining programs agree on all queries in the input space. However, as demonstrated in
Section 6.4, these methods may fail to identify the ground-truth program due to their restricted
notion of equivalence.

An alternative line of work explores symbolic program disambiguation, where the active learner
reasons over logical constraints rather than concrete inputs. In this setting, the system constructs a
formula characterizing inputs on which candidate programs produce different outputs and invokes
an SMT solver to find an input satisfying that formula. Several prior approaches [24, 32, 54] follow
this pattern, using the resulting input as a new query for the user. Ramos et al. [47] extend this
idea by formulating program disambiguation as a MaxSAT optimization problem that selects an
input distinguishing the largest number of program pairs. However, their formulation assumes
that program semantics can be fully captured in propositional logic. More broadly, while these
kinds of input generation techniques work well for programs over simple data types like integers
or strings, extending them to richer data (e.g., JSON documents or images) remains challenging:
constructing a concrete input that satisfies a symbolic constraint is an open problem, especially
when constraints involve complex structural or perceptual features. For example, generating an
image that satisfies a logical predicate would require constraint-conditioned image synthesis, for
which efficient and reliable methods do not yet exist [52].

User interaction models for program synthesis. Since providing input-output examples in
the traditional programming-by-example (PBE) setting is often challenging [35, 39], prior work
has proposed alternative interaction models that make it easier for users to specify their intent.
Several approaches [42, 57] propose interfaces that visualize clusters of data in the input space, as
an aid for selecting new input-output examples. Singh and Solar-Lezama [51] propose a method
that allows users to specify their task using control-flow diagrams. Other interfaces [43, 44] present
a candidate program, and let users annotate sub-expressions that should or should not be present in
the solution. Drachsler-Cohen et al. [21] present an interactive synthesis system that communicates
with the user through abstract examples — i.e., symbolic input—output pairs describing potentially
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unbounded sets of examples. The user can either accept an abstract example or provide a concrete
counterexample that invalidates it. While this design offers formal guarantees once the accepted
abstractions cover the input space, it expects users to reason about symbolic patterns and to submit
concrete instances that contradict them.

Natural language interaction in synthesis. In recent years, there has been much interest
in leveraging large language models (LLMs) in synthesis systems. Many prior works allow users
to specify their intent with natural language (NL) queries that are processed by an LLM [2, 13,
16, 29, 41, 53]. Since NL is inherently imprecise, some approaches combine NL specifications with
other modalities, such as input-output examples [6, 14, 26, 31, 46] or demonstrations [36, 37]. While
writing NL queries is often convenient, these approaches offer no guarantee that the synthesized
code is correct across all inputs. In our work, we generate simple natural language queries that are
designed to clarify ambiguities in the user’s intent.

Predicate abstraction in program synthesis. Predicate abstraction is a classical technique
for approximating program behavior within a finite domain of logical predicates [3, 25, 27]. In
verification, frameworks such as CEGAR [17] iteratively refine these abstractions to rule out
spurious counterexamples, and similar ideas have been applied to program synthesis [28, 55, 56].
In our setting, predicate abstraction serves a different role: it is used to synthesize structured,
human-interpretable queries that can be formulated as multiple-choice questions.

8 Conclusion

This paper introduced a new paradigm for interactive program disambiguation based on multiple-
choice queries, where users choose from a list of high-level behaviors instead of labeling concrete
inputs. By formulating each question as a structured logical query over pre- and postconditions, our
approach enables more direct communication of semantic intent and enables stronger correctness
guarantees. We presented a principled algorithm that decomposes query selection into precondition
synthesis and answer generation, realized through a combination of SMT-based optimization,
clustering, and separator construction. Our implementation, SOCRATES, demonstrates that this
paradigm leads to substantially higher synthesis accuracy and user response accuracy across both
symbolic and neurosymbolic domains, while maintaining competitive efficiency. More broadly,
this work highlights that replacing low-level annotation with structured semantic queries can
make program disambiguation more practical both for users and synthesis systems. Looking
ahead, as large language models are increasingly used for code generation, integrating structured
disambiguation mechanisms like ours offers a promising direction for improving the reliability and
interpretability of LLM-driven synthesis.

9 Data-Availability Statement

The artifact for this paper is available on Zenodo [7].
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