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Abstract

We study answer set verbalization: generating readable
natural-language descriptions of ASP solver outputs. Unlike
standard data-to-text settings, answer sets often lack an ex-
plicit schema and may involve structured, non-relational rep-
resentations through complex terms rather than flat records.
We propose a modular map–summarize framework that
first maps atoms into predicate-aware textual fragments (via
schema guidance, LLM-based mapping, or deterministic
templates) and then uses a language model primarily for flu-
ent aggregation. We evaluate the framework through a quan-
titative benchmark on structured ASP request, and a human
evaluation of solver-generated explanation graphs. Results
show that predicate-aware structured methods improve faith-
fulness and efficiency over direct LLM prompting.

1 Introduction
Answer Set Programming (ASP) is a well-established
paradigm for symbolic knowledge representation and com-
binatorial problem solving (Baral 2010; Brewka, Eiter, and
Truszczynski 2011). At the same time, the rapid devel-
opment of large language models (LLMs) has renewed in-
terest in natural language interfaces for reasoning systems
(Brown et al. 2020; d’Avila Garcez et al. 2015). Most exist-
ing efforts focus on translating natural language inputs into
formal representations (Santana, Kareem, and Ricca 2024;
Szeider 2025). In contrast, we consider the complementary
challenge of making solver outputs intelligible to humans.

ASP solvers (Alviano et al. 2023; Gebser et al. 2019)
compute answer sets, i.e., finite sets of ground atoms de-
scribing models of a program. While such symbolic inter-
pretations are logically precise and machine-readable, they
are often difficult to inspect directly and unsuitable for
presentation in human-facing settings. This motivates the
task of answer set verbalization: generating short natural-
language descriptions of ASP databases that communicate
solver results in a readable and faithful way.

From a natural language generation perspective, answer
set verbalization can be seen as an instance of data-to-text
generation (Gatt and Krahmer 2018). However, unlike stan-
dard relational settings, answer sets typically lack an ex-
plicit schema and often encode structured objects through
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Figure 1: From solver explanation facts to a short natural-language
explanation. (a) UCOREXPLAIN exports an ASP database encod-
ing a derivation graph. (b) Mapping Phase: In modular strate-
gies, atoms are independently transformed into text fragments via
an interpreter: IL (LLM-based) or IT (Template-based). (c) Sum-
marization Phase: An LLM aggregates these fragments (or raw
atoms via IE , or via IL—in this case with schema descriptions)
into a concise explanation.

complex terms rather than flat records. As a result, pro-
ducing faithful verbalizations requires making predicate-
level semantics explicit, rather than relying on the language
model to infer them implicitly from raw atoms. A particu-
larly demanding instance arises in explainability scenarios.
Recent ASP explanation tools such as XCLINGO (Cabalar
and Muñiz 2024), XASP (Trieu, Son, and Balduccini 2022;
Alviano et al. 2024b), and UCOREXPLAIN (Alviano et al.
2024a) enrich solver outputs with justifications, often in
the form of explanation graphs. For example, in a Sudoku
instance, UCOREXPLAIN may produce atoms of the form
node(A,Truth,Reason) and link(A,B,Rule) describ-
ing how a conclusion such as assign((1,2),2) is sup-
ported or constrained by other atoms and rules. While these
representations capture valuable information, they are typi-
cally too large and low-level to be communicated directly to
users.

In this work, we study a simple map–summarize pipeline
for ASP verbalization. In the mapping phase, atoms are
transformed into predicate-aware textual fragments, either
through deterministic templates or LLM-based predicate
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interpretation. In the summarization phase, a language
model is used primarily to produce a fluent and coher-
ent natural-language description by aggregating the mapped
fragments. This separation enables controllable verbaliza-
tion while using LLMs mainly for linguistic realization.
To make this workflow concrete, we provide an executable
ASP CHEF recipe illustrating how solver-generated atoms
can be mapped into predicate-level fragments and summa-
rized into a short user-facing explanation; the recipe mirrors
Figure 1 and is publicly available at https://asp-chef.netlify.
app/s/KR2026/verbalizing-asp. To sum up, we (i) formalize
a map–summarize framework for answer set verbalization,
(ii) instantiate several concrete mapping strategies, and (iii)
provide an initial empirical comparison highlighting trade-
offs between faithfulness, readability, and efficiency.

2 Preliminaries and Problem Setting
Answer Set Programming. We assume basic familiarity
with the ASP-Core-2 format (Calimeri et al. 2020). Let P
be a finite set of predicate symbols, each with fixed arity.
A ground atom is an expression p(c1, . . . , cn) with p ∈ P .
An ASP database is a finite set D of ground atoms. We
denote by D the set of all databases. For p ∈ P , we de-
note by D|p the restriction of D to facts whose predicate
is p: D|p = {α ∈ D : α = p(c)}. This notation nat-
urally extends to sets of predicates P ⊆ P by defining
D|P =

⋃
p∈P D|p. A program Π may have zero, one, or

multiple answer sets, denoted by AS (Π) ⊆ D. Each answer
set is an ASP database.

Strings and Lists. Let Σ be a finite alphabet. We write Σ∗

for the set of finite strings over Σ, and Σ[∗] for the set of finite
lists of such strings. We write s1 ·s2 for string concatenation,
and L1 ++ L2 for list concatenation. We assume a fixed
encoding function enc : Σ[∗] → Σ∗ that converts a finite
list of strings into a single string (e.g., by joining items with
space or newline separators). In particular, when applied to
a database D, enc(D) denotes a textual serialization of its
facts (e.g., one ground atom per line).

Language Models and Templates. We abstract a large
language model as a function LLM : Σ∗ → Σ∗ map-
ping an input prompt string to an output string. A tem-
plate for a predicate symbol p of arity n is a string τ ∈
Σ∗ containing placeholders of the form {xi}, for 1 ≤
i ≤ n. Given a ground atom p(c1, . . . , cn), we denote
by inst(τ, p(c1, . . . , cn)) ∈ Σ∗ the string obtained from τ
by replacing each placeholder {xi} with the corresponding
constant ci.

Verbalizing ASP Databases. The task considered in this
work is to generate textual descriptions of ASP databases,
typically answer sets produced by declarative reasoning pro-
cesses such as configuration or planning. Accordingly, we
model an ASP verbalization method as a function

f : D → Σ∗

mapping a database D into an output string s ∈ Σ∗ that
communicates the content of D in natural language.

3 A Map–Summarize Framework for ASP
Verbalization

In this section, we formalize the ASP verbalization strate-
gies studied throughout the paper. All approaches share a
common two-phase architecture: (i) a mapping phase that
associates ground facts with textual fragments, and (ii) a
summarization phase that aggregates these fragments into a
coherent description. The strategies differ in how predicate-
level verbalization resources are interpreted.

Predicate Verbalization Resources. A central compo-
nent of our framework is the association of predicate sym-
bols with textual resources used during the mapping phase.
Formally, a predicate verbalization function

V : P → Σ∗

assigns to each predicate symbol p ∈ P a string intended to
guide the verbalization of facts of the form p(c). Intuitively,
V plays the role of an explicit predicate-level schema, mak-
ing the intended meaning of symbols available to the ver-
balizer. We denote by V the set of all predicate verbal-
ization functions. We extend V to predicate sets P ⊆ P:
V (P ) = ·p∈PV (p), i.e., V (P ) is the concatenation of V (p)
for p ∈ P .

Example 1. Consider a predicate assign/2. A predi-
cate verbalization function may associate assign with ei-
ther: (i) an instruction string s =“Describe assignments
assign(cell,value) in plain English.”, or (ii) a template
string τ =“Cell {x1} is assigned value {x2}.”

Interpreters. To abstract over different ways of consum-
ing predicate verbalization resources, we introduce the no-
tion of an interpreter

I : 2P ×D × V → Σ[∗]

that, given a set of predicate symbols P ⊆ P , a database D,
and a predicate verbalization function V , returns a finite list
of strings describing the facts in D|P , called fragments in
the following. We consider three interpreters, a echo inter-
preter IE, a language-model interpreter IL based on LLM
prompting, and a deterministic template interpreter IT:

IE(P,D, V ) = [ enc(D|P ) · V (P ) ]
IL(P,D, V ) = [LLM (enc(D|P ) · V (P )) ]
IT(P,D, V ) = [ inst(V (p), p(c)) : p(c) ∈ D|P ]

Example 2 (Continuing Example 1). Consider a database
D = {p((1, 2), 2), p((2, 1), 3)}, where p = assign, and
let Vs, Vτ be such that V (p) = s and V (p) = τ . We have
IL({p}, D, Vs) = [LLM (“DB: assign((1,2),2).
assign((2,1),3). Describe assignments in plain
English.”)], and IT({p}, D, Vτ ) = [“Cell (1,2) is assigned
value 2.”, “Cell (2,1) is assigned value 3.”].
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Mapping. A mapping strategy is determined by selecting
a collection of predicate groups G ⊆ 2P . Intuitively, each
set P ∈ G specifies a block of predicates that will be in-
terpreted jointly. We refer to the elements P ∈ G as pred-
icate groups. We consider two extreme choices of group-
ing: (i) all-at-once, Gall = {P}; and (ii) predicate-wise,
Gpw = {{p} : p ∈ P}. Given an interpreter I and a group-
ing G, we define the mapping function

MapI,G : D × V → Σ[∗]

D,V 7→ ++P∈G, D|P ̸=∅I(P,D, V )

Thus, MapI,G(D,V ) produces a list of fragments obtained
by interpreting the facts in D group by group.

Example 3 (Continuing Example 2). Let us extend D with
given((2,1),3). Then MapI,Gpw

(D,V ) performs two
interpreter calls: one for predicate assign and one for
predicate given. In contrast, MapI,Gall

(D,V ) invokes the
interpreter once on the entire database.

Summarization. The summarization function aggregates
the finite list of fragments produced in the mapping phase
into a single natural-language text:

Sumσ : Σ[∗] → Σ∗

F 7→ LLM (σ · enc(F ))

where σ ∈ Σ∗ is an instruction string specifying how the
fragments should be combined (e.g., style or level of detail).
The function Sumσ is intended to rewrite and aggregate the
mapped fragments into a more readable description of the
underlying database content.

Example 4. Let F = [“Cell (1,2) is assigned value 2.”,
“Cell (2,1) is assigned value 3.”, “Cell (2,1) contains value
3 (given clue).”]. Then Sumσ(F ) may aggregate these frag-
ments into a single description, such as “Cell (1,2) has value
2, and cell (2,1) is set to 3 (as indicated by the clue).”

Framework Summary. The map–summarize framework
introduced above provides a uniform abstraction for ASP
database verbalization. Given an input database D ∈ D,
a verbalization strategy is determined by: (i) an interpreter
I , specifying how predicate-level resources are consumed,
(ii) a grouping G, controlling the granularity at which pred-
icates are mapped, (iii) a predicate verbalization function
V , encoding domain-specific guidance, and (iv) a summa-
rization instruction σ, specifying how fragments should be
aggregated. Together, these components define a family of
verbalizers:

fI,G,V,σ : D → Σ∗

D 7→ Sumσ

(
MapI,G(D,V )

)
.

In the remainder of the paper, we instantiate this framework
to obtain several concrete verbalization strategies, differing
in their choice of interpreter and mapping granularity, and
assess their behavior on representative ASP outputs.

4 Concrete Verbalization Strategies
We now instantiate the map–summarize framework intro-
duced in the previous section with five concrete ASP ver-
balization strategies. Each strategy corresponds to a partic-
ular choice of interpreter I , predicate grouping G, predicate
verbalization function V , and summarization instruction σ.

S1: Echo + Summarize (Baseline). As a minimal base-
line, we consider a strategy where the mapping phase does
not attempt any predicate-level interpretation, but simply ex-
poses the database facts to the language model. This is
obtained by using the echo interpreter IE together with an
empty predicate verbalization function V∅, i.e., V∅(p) = ϵ
for all p ∈ P . Formally,

fS1(D) = fIE, Gall , V∅, σ(D).

Intuitively, this corresponds to a standard prompting base-
line (zero-shot or few-shot depending on σ), where the
database is serialized and the language model is asked to
produce a textual description. In Section 5, we refer to the
strict zero-shot instance of this baseline (i.e., with no in-
context examples included in σ) as S0.

S2: Echo + Schema + Summarize. The baseline strategy
above does not exploit any predicate-level information. As
a refinement, we consider a schema-guided prompting ap-
proach in which predicate verbalization resources are pro-
vided directly alongside the database. This is obtained by
using the echo interpreter IE together with a non-empty
predicate verbalization function V , so that the mapped frag-
ment contains both the serialized facts and the predicate-
specific guidance strings. Using the all-at-once grouping,
we define:

fS2(D) = fIE, Gall , V, σ(D).

Intuitively, this strategy corresponds to a single-call verbal-
ization setting where the language model is prompted with
both the database content and an explicit description of pred-
icate semantics, and is asked to directly produce a textual
description of D.

S3: All-at-once Map–Summarize. While S1 and S2
expose the database (and optionally predicate guidance)
through the echo interpreter, S3 explicitly delegates the map-
ping phase to an LLM-based interpreter. In this setting, all
predicates are interpreted jointly in a single mapping call,
producing mapped fragments that are subsequently aggre-
gated by the summarization step. Formally, we instantiate
the framework with the LLM interpreter IL and the all-at-
once grouping:

fS3(D) = fIL, Gall , V, σ(D).

Intuitively, this strategy separates fact-to-text rendering from
aggregation in two language-model invocations: one for
mapping and one for summarization.
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Strategy Interpreter Grouping Mapping LLM Calls

S1 IE Gall Prompt 1
S2 IE Gall Schema 1
S3 IL Gall LLM 2
S4 IL Gpw LLM |PD|+ 1
S5 IT Gpw Det. 1

Table 1: Summary of the concrete verbalization strategies (Sec-
tion 4). Mapping types: Prompt = database only; Schema = prompt
with V ; LLM = model-based mapping; Det. = deterministic tem-
plate instantiation. PD = {p ∈ P : D|p ̸= ∅} denotes the set of
predicates occurring in the input database.

S4: Predicate-wise Map–Summarize. The all-at-once
strategy above performs mapping in a single global call,
which may blur predicate-specific semantics. As a refine-
ment, S4 decomposes the mapping phase predicate by pred-
icate, so that each predicate symbol is interpreted indepen-
dently. Formally, we combine the LLM interpreter IL with
the predicate-wise grouping Gpw :

fS4(D) = fIL, Gpw , V, σ(D).

Intuitively, this strategy performs one mapping invocation
per predicate group, followed by a final summarization step
that aggregates the resulting fragments into a single tex-
tual description. Thus, the number of language-model calls
grows with the number of predicates in D.

S5: Deterministic Template Verbalization. The previ-
ous strategies rely on language models already in the map-
ping phase, which may introduce variability at the fact-to-
text level. In contrast, S5 performs mapping symbolically
through deterministic template instantiation, ensuring that
each ground fact is verbalized in a controlled way. Formally,
we instantiate the framework with the template interpreter
IT and the predicate-wise grouping:

fS5(D) = fIT, Gpw , V, σ(D).

Intuitively, this strategy produces deterministic fragments by
applying templates to individual facts, and then invokes the
language model only once to aggregate these fragments into
a readable description.

Discussion. The five strategies above instantiate the pro-
posed framework along three main dimensions: (i) whether
predicate verbalization resources are absent (S0–S1), pro-
vided as prompt-level schema guidance (S2–S4), or instan-
tiated deterministically as templates (S5); (ii) the granular-
ity at which atoms are processed, ranging from all-at-once
grouping (S0–S3) to predicate-wise decomposition (S4–S5);
and (iii) the extent to which language models are involved
in the mapping phase (S3–S4) versus only in the final ag-
gregation step (S0–S2 and S5). Overall, these strategies
correspond to common data-to-text paradigms (from di-
rect prompting to schema-guided and template-based real-
ization) captured uniformly within our map–summarize ab-
straction. In the following sections, we empirically compare

Model BERTScore ROUGEL BLEU chrF Runtime (s)

LLaMA 3 8b 0.902 0.365 0.099 0.543 84.383
LLaMA 4 16x17b 0.921 0.502 0.172 0.622 367.700
Ministral 3 14b 0.913 0.547 0.178 0.629 106.018
Mixtral 8x22b 0.927 0.505 0.194 0.634 2695.087
Deepseek R1 32b 0.927 0.553 0.206 0.643 1845.587
LLaMA 3 70b 0.926 0.521 0.207 0.649 339.017
Qwen 3 32b 0.934 0.588 0.247 0.668 2049.478
Mistral 3 24b 0.937 0.599 0.257 0.670 136.645

Table 2: Semantic preservation (BERTScore) and syntactic overlap
(BLEU, ROUGE-L, chrF) across strategies, averaged by models.

Strategy BERTScore ROUGEL BLEU chrF Runtime (s)

S0 0.918 0.51 0.15 0.61 72.37
S1 0.924 0.47 0.17 0.63 65.05
S2 0.951 0.70 0.34 0.71 64.79
S3 0.925 0.51 0.20 0.65 241.23
S4 0.949 0.70 0.34 0.70 309.34
S5 0.952 0.71 0.35 0.72 67.09

Table 3: Semantic preservation and syntactic overlap, by strategy,
for Mistral 3. Bold: best score; italics: second best.

these instantiations in terms of readability, faithfulness to the
input atoms, and computational cost.

5 Preliminary Evaluations
We evaluate the proposed framework through two comple-
mentary studies: (i) a quantitative benchmark on structured
ASP databases to assess core verbalization performance,
and (ii) a human evaluation of solver-generated explanation
graphs to assess utility for Explainable AI (XAI).

We utilize a dataset of fashion retail assistant requests
where ASP databases are paired with ground-truth natural
language forms. We evaluate strategies S0–S5 across eight
open-weight LLMs; namely, Deepseek R1 32b, LLaMA 3
8b and 70b, LLaMA 4 16x17b, Ministral 3 14b, Mistral 3
24b, Mixtral 8x22b, and Qwen 3 32b. We use four standard
NLP metrics to measure both semantic preservation and syn-
tactic overlap:

1. BERTScore, which measures the semantic agreement be-
tween the ground truth and the verbalized explanation;

2. ROUGEL, which measures sentence-level structural simi-
larity based on the longest common subsequence between
the ground truth and the verbalized explanation;

3. BLEU, which measures the n-gram overlap between the
ground truth and the verbalized text;

4. chrF, which captures morphological variation by evaluat-
ing character-level overlap.
Table 2 shows results on all strategies, aggregated by

models. Mistral 3 emerges as the top-performing model,
surpassing significantly larger architectures (e.g., LLaMA 3
70b) and reasoning-specialized models (e.g., DeepSeek R1
32b and Qwen 3 32b). Table 3 reports the performance of
each strategy with Mistral 3 24b. The results demonstrate
that structured mapping (S2, S5) is essential for faithfulness;
while baselines S0 and S1 capture general intent, they fre-
quently omit critical constants. Notably, S2 and S5 are the

Proceedings of the 23rd International Conference on Principles of Knowledge Representation and Reasoning
KR meets Machine Learning and Explanation

801



Strategy Faithful Truthfulness Clarity Preferred

C U I

S2 0.73 0.82 0.11 0.07 3.41 28%
S5 0.79 0.92 0.06 0.02 3.78 46%

Table 4: Summary of human evaluation for S2 and S5. Truthful-
ness indicates the fraction of correct (C), unclear (U), or incorrect
(I) answers. Clarity is rated on a Likert scale (1–5).

most computationally efficient, offering a 5x speedup over
multi-call strategies like S4.

To test the framework on complex reasoning outputs,
we applied S2 and S5 (using Mistral 3 24b) to solver-
generated explanation graphs for Sudoku. Seven expert ASP
researchers performed a blind, paired comparison of 15 ex-
planation sets, evaluating them for faithfulness (support by
ASP facts), truthfulness (logical correctness), and clarity. As
shown in Table 4, S5 outperformed S2 across all qualitative
dimensions. Experts preferred S5 in 46% of cases, citing its
superior truthfulness (92%) and clarity. These results sug-
gest that while schema-guidance (S2) is effective for sim-
ple data-to-text tasks, deterministic template mapping (S5)
provides the “grounding stability” required for trustworthy
XAI, significantly reducing the risk of semantic drift during
the verbalization of complex derivation steps.

To assess experts’ reliability, we compute Gwet’s AC1 for
categorical metrics (Truthfulness, Faithfulness) and Gwet’s
AC2 (quadratic weights) for the ordinal Likert scale (Clar-
ity). We select Gwet’s metrics because our experts reached
a high level of consensus (82% agreement), creating a high-
prevalence distribution where traditional Kappa is known to
be overly conservative. Results show Excellent agreement
for Truthfulness (AC1=0.803), confirming logical sound-
ness. Agreement for Faithfulness is 0.591, while Clarity
(AC2=0.341) is lower; this is expected as linguistic fluency
is more subjective than logical correctness.

6 Conclusion
We proposed a map-summarize framework for verbalizing
ASP answer sets. Our results show that predicate-aware
strategies (S2, S5) improve faithfulness, allowing a 24B
model to outperform 70B as well as reasoning baselines.
Moreover, human evaluation on solver-generated explana-
tions indicates that deterministic mapping (S5) offers the
grounding stability required for trustworthy XAI, motivat-
ing future work on revising the upstream UCOREXPLAIN
pipeline to produce explanation atoms more targeted for
downstream verbalization.
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