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ABSTRACT

In this paper, we examine the use of Conformal Language Modelling (CLM)
alongside Answer Set Programming (ASP) to enhance the performance of stan-
dard open-weight LLMs on complex multi-step reasoning tasks. Using the
StepGame dataset, which requires spatial reasoning, we apply CLM to generate
sets of ASP programs from an LLM, providing statistical guarantees on the cor-
rectness of the outputs. Experimental results show that CLM significantly outper-
forms baseline models that use standard sampling methods, achieving substantial
accuracy improvements across different levels of reasoning complexity. Addi-
tionally, the LLM-as-Judge metric enhances CLM’s performance, especially in
assessing structurally and logically correct ASP outputs. However, calibrating
CLM with diverse calibration sets did not improve generalisability for tasks re-
quiring many more reasoning steps, indicating limitations in handling more com-
plex tasks. 1

1 INTRODUCTION

Building automated reasoning systems is one of the cornerstone goals of research in artificial intel-
ligence, with wide-reaching applications in a variety of domains. LLMs have demonstrated remark-
able capabilities in various natural language processing tasks Min et al. (2021), yet exhibit critical
limitations in a variety of reasoning-related tasks, particularly in multistep and spatially complex
scenarios Yang et al. (2023); Li et al. (2024). Although these models process and generate natural
language with unprecedented fluency, their reasoning capabilities are still limited by several key
constraints.

Most LLMs frequently struggle with verifiable, robust and interpretable reasoning. Experimental
studies have shown significant variability in LLM responses to identical reasoning related ques-
tions which highlights inherent instability Mirzaee & Kordjamshidi (2023). For instance, sampling
from an LLM’s responses to reasoning-based queries can produce widely varying answers with sig-
nificantly divergent reasoning traces. This lack of robustness undermines their reliability in critical
decision-making contexts Ji et al. (2023). Moreover, tasks that require multiple sequential reasoning
steps, such as complex spatial reasoning, often expose fundamental weaknesses in LLM’s systematic
reasoning capabilities Shi et al. (2022).

1We thank Microsoft Research - Accelerating Foundation Models Research program, for the provision of
Azure resources to access OpenAI models. AGC also acknowledges partial support from the Economic and
Social Research Council (ESRC) under grant ES/W003473/1.
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Recent research has increasingly focused on neural-symbolic approaches that combine the strengths
of LLMs in learning from data and rigorous reasoning capabilities of symbolic systems Mao et al.
(2019); Yu et al. (2024). Specifically, Answer Set Programming (ASP), a type of declarative logic
programming, has emerged as a promising candidate for enhancing LLMs’ reasoning capabilities
(Yang et al., 2023). Recent studies have explored integrating LLMs with ASP to transform natu-
ral language into logical representations, particularly for spatial reasoning tasks (Yang et al., 2023;
Li et al., 2024).

However, existing approaches face significant challenges in generating reliable intermediate scaf-
folds: the logical representations that bridge natural language inputs and systematic symbolic rea-
soning systems. The translation of natural language into formal logic programs introduces substan-
tial uncertainty, as LLMs can produce inconsistent or semantically incorrect translations Li et al.
(2024). This variability may become a significant weakness in this reasoning pipeline, potentially
compromising the reliability of downstream reasoning tasks Mirzaee & Kordjamshidi (2023).

In this paper, we present an approach that exploits the recently proposed Conformal Language Mod-
elling (CLM) Quach et al. (2024) to systematically address these scaffold generation challenges.
Conformal prediction (CP), the foundational framework for CLM, offers unique advantages in un-
certainty quantification Vovk et al. (2005); Angelopoulos et al. (2022). CLM has been applied to
natural language generation tasks like summarisation and question-answering Quach et al. (2024).
Although recent advances in conformal prediction for language generation show promise, signifi-
cant questions remain regarding the scalability, generalisability and robustness of these approaches
across reasoning domains Campos et al. (2024). In this paper, we present a thorough analysis of
these open challenges through an empirical lens. We assess how calibration in CP affects gener-
alisability on multi-hop reasoning tasks and evaluate the efficacy of adapting metrics for formal
language generation (ASP). Additionally, we identify common error types in the ASP scaffolded
LLM based reasoning pipelines and examine how these propagate. Our findings demonstrate the
reliability and performance of neuro-symbolic reasoning systems, contributing to the development
of more robust and interpretable reasoning frameworks.

2 BACKGROUND

In this section we introduce the main components used in our work: conformal prediction, conformal
language modelling and answer set programming.

Conformal Prediction is a statistical framework introduced by Vovk et al. (2005) that provides a
method for constructing prediction regions with finite-sample guarantees under minimal assump-
tions. CP can be described as a sampling method which, under certain mild assumptions, guarantees
that samples taken from any distribution using this method will be ‘correct’ with a controlled prob-
ability. This theory has been well-received in machine learning, where providing guarantees on
the correctness of predictions helps improve performance, in particular since inference using neu-
ral networks involves sampling from theoretically unknown distributions Campos et al. (2024). CP
has already proven its utility and efficacy in various domains, such as in computer vision tasks
Hechtlinger et al. (2018) and drug discovery Cortés-Ciriano & Bender (2019).

Conformal Language Modelling (CLM), developed in Quach et al. (2024), is a recent generalisation
of CP which allows conformal sampling of language models. CLM proposes a conformal approach
to generating sets of responses with language models, allowing for statistical guarantees in the vast
and complex output space of natural language generation. The main contribution of CLM is an al-
gorithm that can control a specific risk: the expected indicator loss that the generated set contains
at least one acceptable response according to a predefined admission function—while simultane-
ously maximising other quantities of interest such as quality, diversity, and confidence. However, it
remains unclear how CLM affects generalisability, particularly because it has been primarily tested
on natural language generation tasks like summarisation, and report generation, where verifying the
accuracy of models is not always straightforward Campos et al. (2024). Applying CLM to domains
with rigorous notions of correctness, such as formal language generation, can provide better insights
into its handling of generalisability and potential limitations.

Answer set programming is a type of declarative programming which is commonly used in formal
representations of knowledge, constraint satisfaction tasks, and formal common-sense reasoning.

2
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Answer set programs consist of finite sets of facts and rules that are used to generate answer sets
under stable model semantics, which allows for efficient encoding of complex problems, notably in
domains like graph search and combinatorial optimization Lifschitz (2019). ASP’s utility extends to
various industrial applications due to its expressive power and computational efficiency, for instance,
in e-tourism Ricca et al. (2010), high-performance computing scheduling Gamblin et al. (2022),
configuration management, diagnosis, and planning Erdem et al. (2016). Further, ASP has been
used to bolster spatial reasoning in LLMs through neural-symbolic integration Yang et al. (2023).

In the following section, we present a more formal introduction to Conformal Language Modelling
(Section 3), which we then adapt to our purposes in Section 4. With the adapted CLM, we set up an
experiment in Section 5 executed on a reasoning task in Section 6 where we present and analyse the
results. The main conclusions are presented in section 7 where we also discuss future directions.

3 FORMAL INTRODUCTION TO CLM

As mentioned in Section 2, CLM extends the statistical guarantees of CP to the domain of language
modelling Quach et al. (2024). CP provides statistical guarantees of sampling procedures while
being agnostic to the underlying distribution, making its adaptation to LLMs a significant feat. We
briefly summarise the mechanics of CLM below, setting the stage for the adaptations we make for
formal language modelling in our experiments.

At its core, CLM functions as a calibrated rejection sampling algorithm, allowing one to form con-
formal sets of samples, C(X), from an LLM, given a prompt X , such that the expected loss of
C(X) is guaranteed to be within a chosen bound. Concretely, for a given loss function L and error
tolerance δ ∈ (0, 1), CLM ensures there exists a risk tolerance ε ∈ (0, 1) such that for any prompt
X , the conformal set C(X) satisfies the Equation 1 with probability at least 1− δ:

P(E[L(C(X))] ≤ ε) ≥ 1− δ. (1)

This leads to the important question: How is the conformal set C(X) defined? In Quach et al. (2024),
the authors define C(X) using a rejection sampling algorithm that incorporates three key metrics:
a) quality of samples: Q, which measures how good each sample is; b) diversity of samples: S,
which ensures that the samples are sufficiently diverse; and c) confidence of the set of samples: F ,
which evaluates the overall confidence in the correctness of the sample set.

Before considering these metrics however, one requires a method to filter out ‘unacceptable’ sam-
ples. This is achieved using an admission function, A, which maps samples to {0, 1}, effectively
discarding samples that do not meet certain criteria. The choice of admission function can be tai-
lored to specific tasks while still maintaining the coverage from Equation 1. Indeed, in Quach et al.
(2024) we are presented with a range of instances of A. For instance,for the summarisation task
ROUGEL Lin (2004) scores were used, which focuses on measuring the longest common subse-
quence between two samples. This is used to compare sample summaries y to the references X
being summarised (concretely, A(y) = 1 if ROUGEL(X, y) > 0.35 and 0 otherwise).

The construction of a conformal set C(X) in the context of language modelling given a prompt
X is done recursively using the chosen metrics, Q,S,F along with associated constraints λ =
(λ1, λ2, λ3) ∈ R

3, which we learn in advance from the calibration process, explained in the follow-
ing section.

The recursive construction of C(X) involves repeatedly sampling the LLM and rejecting samples
which do not meet the constraints established by the admission function and the quality, diversity
and confidence measurements Q,S,F introduced above. Concretely, we define a chain of sets
C0(X) ⊆ C1(X) ⊆ · · · ⊆ Ck(X), where k is the sampling budget. For each i = 1, . . . , k the set
Ci(X) is defined according to Algorithm 1 in Quach et al. (2024), which we simplify below. We
will take yi to denote the ith sample of the LLM with prompt X , given that yi is admissible, i.e.
A(yi) = 12. The initial set, assuming A(y0) = 1, is C0(X) = {y0}. For each i = 1, . . . , k the set
Ci(X) is defined as Ci−1 ∪ {yi} if the two conditions below are met:

1. yi is of high enough quality, i.e. Q(yi|X) ≥ λ1

2Note that it is indeed possible for none of the samples to be admissible, i.e. A(yi) = 0 for all samples yi.
This simply means the conformal set is empty.
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2. yi is diverse enough, i.e. S(yi, yj) ≤ λ2 for 0 ≤ j < i.

Finally, after testing quality and diversity, we test whether the confidence of the set is sufficient:
F(Ci(X)) ≥ λ3. If this is true, we break the loop and return Ci(X) as the conformal set. If not, we
repeat the loop for the next set Ci+1(X). Next, we present the calibration procedure of Quach et al.
(2024) to explain how to find appropriate constraints λ in the first place.

3.1 CALIBRATION

First of all one identifies a calibration set Dcal, often a subset of validation or training data. This
data is used to calibrate the values of λ to ensure one’s samples conform to a desired standard.
The calibration procedure in Quach et al. (2024) is an adaptation of the Learn Then Test (LTT)
procedure of Angelopoulos et al. (2022). The calibration procedure is basically a search over a
space of weighted configurations λ = (λ1, λ2, λ3)

3. Given the set of all possible configurations
Λ = {0, 0.01, . . . , 0.99, 1}3, we consider for each λ ∈ Λ and each possible risk-tolerance ε ∈
{0, 0.01, 0.02, . . . , 0.99, 1} one calculates the binomial tail bound p-value under the null-hypothesis
Hλ : E[L(λ)] > ε. This gives us a p-value pλ,ε = pλ:

pλ := P(Bin(n, ε) ≤ nR̂n(λ)),

where R̂n(λ) is the empirical risk, taken to be:

R̂n(λ) :=
1

n

n
∑

i=1

Li(λ)

and Li(λ) is the loss:
Li(λ) := 1{6 ∃y ∈ Cλ(Xi) | A(y) = 1}.

Following this lengthy sequence of calculations of p-values, one applies a family-wise error rate
controlling algorithm to the set of p-values to return the set of valid parametersΛvalid. In Quach et al.
(2024) this is implemented using the ‘Bonferroni correction’:

Λvalid =

{

λ | pλ ≤
δ

|Λ|

}

.

Finally, we identify the configurationλ ∈ Λvalid that minimises the below combination of conformal
set size and number of samples needed to predict the correct label over the calibration set Dcal:

1

|Dcal|

∑

(X,Y )∈Dcal

(

ρ1|Cλ(X)|+ ρ2
[Sλ(X)− S∗(X)]+

Sλ(X)

)

where Sλ(Xi) is the total number of samples made before rejecting (e.g. 20), S∗(Xi) is the index
of the first correct sample, and [·]+ = max(·, 0). The numerator [Sλ(X)−S∗(X)]+ quantifies how
quickly the LLM generates a correct sample. Since samples are generated sequentially, we ideally
want to minimise superfluous generations which is done by minimising this number. We take ρ1, ρ2
to be 0.5, as done by Quach et al. (2024) where the reader can find further detail.

4 METHODOLOGY

In this work, we are specifically interested in exploring the application of CLM to improve the per-
formance of mid-range open-weight language models of modest size on complex reasoning tasks.
Specifically, we focus on the StepGame dataset of Li et al. (2024), which is a correction of the orig-
inal dataset developed in Shi et al. (2022), which presents spatial reasoning challenges requiring
multiple steps of logical deduction. Unlike previous approaches that leverage larger, more computa-
tionally intensive LLMs with extensive prompt engineering, our methodology emphasises improv-
ing the capabilities of a mid-range LLM through the integration of ASP and conformal prediction
techniques. The goal here is to empirically validate the utility of CLM especially for ensuring that

3In general, there is a value of λ for each metric, meaning that the configuration-tuple λ can be of arbitrary
length.
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the generated ASPs indeed maintain highly useful outputs with highly accurate answer sets and to
carefully conduct experiments investigating the generalisability across different calibration settings.

The core construct of ASP is the logic rule, formulated as:

a1 | . . . | an : − b1, . . . , bk ; not bk+1, . . . , not bm

Here, ai and bi are atoms or positive literals, and not bj are negative literals. Informally, this rule
states that at least one of the ai must be true if all bi are true and all bj are false. A rule with no
bi,not bj is called a fact. ASP programs consist of sets of such rules and facts, which collectively
define the problem space and constraints. ASP is particularly well-suited for multistep reasoning
tasks due to its ability to model complex constraints and perform efficient search procedures to find
solutions that satisfy all conditions.

In our approach, CLM is employed to ASP programs sampled from the LLM such that the generated
programs are not only syntactically valid but also, the answer sets are likely to contain the correct
solution when processed by the clingo ASP solver Gebser et al. (2018). We investigate how
different types of calibration sets—ranging from those containing single-step reasoning examples to
those with multiple-step reasoning examples—affect the performance and generalisability of CLM.
This focus allows us to understand the importance of sample diversity in the calibration phase and
its impact on the model’s ability to generalise across varied reasoning tasks.

Our core methodology involves translating natural language inputs from the StepGame dataset into
ASP programs using the LLM. To facilitate the translation of natural language task descriptions
into Answer Set Programming (ASP) code, we employ In-Context Learning (ICL). ICL exploits the
inherent ability of large language models (LLMs) to discern patterns and structures from provided
examples within the input prompt, enabling them to generate contextually appropriate outputs with-
out explicit parameter fine-tuning. The entire ASP program is then sampled using CLM, producing
a conformal set of programs. These ASP programs are then processed by clingo to derive answer
sets.

Note that the CLM process itself is carried out in two main stages with the first stage associated with
learning λ using the calibration set (see Calibration in Section 3). After the initial calibration, we
employ a separate validation set to fine-tune the parameters further. This validation set consists of
additional StepGame tasks not included in the calibration phase, providing an unbiased dataset to
evaluate the performance of different λ configurations and optimal ε values. This helps us identify
the optimal λ and ε settings that maximise the accuracy and reliability of the generated ASP pro-
grams. Once the best λ and ε values are determined, they are fixed and used to evaluate the model’s
performance on an independent test set, ensuring that the selected parameters generalise well to
unseen data. We next provide the exact experimental setup and details of our empirical analysis.

5 EXPERIMENTAL SETUP

5.1 DATASET

All our empirical results are based on the StepGame dataset. The StepGame dataset of Li et al.
(2024), consisting of story-query-answer tuples of the form 〈d, q, a〉 where d is a list of natural
language descriptions of edges of a graph. These edges are in one of nine configurations: right,
top-right, top, top-left, left, bottom-left, bottom, bottom-right, and overlap which are present in d
using a variety of synonyms. q is a natural language query of the relation between two nodes in the
graph, and a is the answer. The entries in d differ in the number descriptions of the graph, between
1 and 24, corresponding to the number of hops.

Stepgame dataset has been used to test the spatial reasoning abilities of LLMs, where the multiple
steps of reasoning are necessary to induce the relation between the two given nodes in each query
as the answer is not directly retrievable in the description alone. Further variants of this dataset are
available in Shi et al. (2022) where noise in several different forms is added to the descriptions in
the test set. We do not consider these noisy variations here, but leave it for future work.

For our experiments we generated a dataset of 465,975 datapoints split into 341,284 for training,
11,350 for validation and 113,341 for testing. Within each of these sets there is a distribution of

5
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different numbers of hops. The generation was performed using the asp-solution.py script4

written for the data-generation in Li et al. (2024).

The first experiment was performed on 6 × 200 = 1200 from the StepGame test set, where we
randomly sampled 200 entries of 1, 2, 3, 4, 5 and 15 hops respectively. The second experiment only
on the entries with 1, 2 and 3 hops.

5.2 ADMISSION

We designed an admission function to filter out non-programs from the samples generated by the
LLM, done using an ASP syntax-check. Formally, this admission function, Asyntax say, is defined
on samples y as:

Asyntax =

{

1 if clingo parses y as a valid program

0 if clingo cannot parse y

The theory proving the inequality in Equation 1 requires the admission function to return values
in {0, 1}, leaving us the freedom to use Asyntax. Enforcing syntactic correctness ensures that only
syntactically valid ASPs are admitted into the conformal set. This offers a significant advantage over
similarity based admission functions, such as ROUGE scores commonly used in NLG tasks like
summarisation (used in Quach et al. (2024)). While ROUGE metrics measure the overlap between
generated text and reference summaries, they do not guarantee the functional or structural integrity
of the output. In contrast, syntactic correctness provides an objective and reliable estimate of a
sample’s utility.

5.3 METRICS AND MEASURES

In our first experiment, we adopted the same evaluation metrics used in the text summarisation
study by Quach et al. (2024). Specifically, we used the quality metric Q to be the average transition
score of the output and for the confidence function F ; we then take the maximum of the transition
scores of the output of the LLM. For the diversity metric we used S = ROUGEL. However,
since ROUGEL measures sentence-level similarity, it may not be ideal for our formal language-
generation, as textually similar strings may still have formal syntactic differences giving rise to
unrelated answer sets. Despite this limitation, we justify the adoption of these metrics due to the
conceptual similarity between our task and summarisation, as both involve condensing information
into a structured format, albeit in different languages.

For the second experiment, we implement an LLM-as-Judge metric, inspired by recent method-
ologies that leverage language models for evaluating and comparing generated outputs Liu et al.
(2023); Zheng et al. (2023). This approach uses a fine-tuned language model to assess the quality
of generated ASP samples by computing the difference in average log probabilities between pairs
of samples. Specifically, we fine-tuned the llama3.1-8B-Instruct model on approximately
one-third of the training set. This subset includes a representative distribution of reasoning steps
ranging from 1 to 24, ensuring that the model is exposed to diverse reasoning complexities during
fine-tuning. The fine-tuning process was conducted using the LoRa adapter from the LlamaFac-
tory repository Zheng et al. (2024), allowing efficient adaptation of the model with minimal com-
putational overhead. Notably, the fine-tuned model achieves 100% accuracy on the task, ensuring
reliable evaluation performance.

The implementation of the LLM-as-Judge metric involves calculating the difference in average log
probabilities assigned by the fine-tuned model to two ASP samples. Formally, taking the samples
of the fine-tuned language model to be (yi)i=1,...,n and (zj)j=1,...,m, the LLM-as-judge metric is
evaluated on the pair ((yi), (zj)) as:

1

n

n
∑

i=1

log p(yi|LLM)−
1

m

m
∑

j=1

log p(zj|LLM).

4https://github.com/Fangjun-Li/SpatialLM-StepGame/blob/main/asp solution.py
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5.4 CALIBRATION

To evaluate the impact of calibration set composition on the generalisability of Conformal Lan-
guage Modelling (CLM), we used two distinct calibration sets. The first calibration set comprises
StepGame entries where the number of reasoning steps ranges from 1 to 5, encompassing a diverse
array of reasoning complexities. The second calibration set is restricted to entries with a only 1
reasoning step. Both calibration sets were extracted from the validation subset and consist of 500
entries each, ensuring a balanced and sufficient sample size for reliable calibration.

The mixed calibration set (1-5 hops) mirrors the distribution of number of reasoning steps present
in the test set, thereby maintaining consistency between calibration and evaluation phases. We are
interested here in assessing the constraints CLM has on its generalisation capabilities in different
constrained scenarios. We are interested in determining the extent to which the diversity of calibra-
tion data influences the model’s ability to generalise to more complex and varied reasoning tasks.

5.5 IN CONTEXT LEARNING

We designed two ICL prompts, each containing two exemplar pairs from the StepGame dataset.
These prompts are comprehensively detailed in Appendix B. The first ICL prompt includes examples
with 2 and 4 reasoning steps respectively, representing intermediate levels of reasoning complexity.
The second ICL prompt consists of two 1-hop examples, focusing on single-step reasoning tasks.
The selection of prompts is directly aligned with the calibration sets: the prompt containing 2 and
4-hop examples is used when calibrating with the mixed set (1-5 hops), while the prompt with 1
reasoning step is employed when calibrating with the single-length set. This distinction is repeated
in the baseline experiments too, to give a fairer comparison to the CLM results.

5.6 LANGUAGE MODELS

For our experiments, we used Meta’s llama3.1-8b-Instruct model Llama (2024) as the
foundational language model around which our CLM framework is constructed. This model rep-
resents the smallest yet highly performant open-weight language model available at the time of
our study, achieving competitive results on standard language model benchmarks Srivastava et al.
(2022). The selection of llama3.1-8b-Instruct is primarily motivated by our focus on en-
hancing the capabilities of less complex models through CLM. Using a smaller model will help us
test rigourously the capability of CLM in enhancing the reasoning capabilities of LLMs without
relying on extensive parametrisation or specialised training procedures.

6 EXPERIMENTS AND RESULTS

6.1 EXPERIMENT 1

In this experiment, we evaluated the effectiveness of CLM in generating accurate ASPs for
StepGame dataset. Specifically we employ the following list of metrics and functions througout
this experiment. We use confidence Q as in Quach et al. (2024), ROUGEL Lin (2004) as our
diversity-metric S, and the maximum logprob over the set as our confidence function F5. We also
instantiate the admission function A using clingo to test the syntactic correctness of the sample6.

We tested the two different calibration settings on six portions of the test-set, split according to
multi-step reasoning including 1, 2, 3, 4, 5 and 15-steps to test the efficacy of calibration on both in
and out-of-distribution data.

The baseline experiments were instantiated using the same LLM, where we provided the same ICL
prompts as for the CLM sampling but then only sampled once, greedily, maintaining all other hy-
perparameters. The LLM-output is post-processed and then fed to clingo to generate answer sets.

5That is F(C(X)) = max{−log(p(y|X)) | y ∈ C(X)}
6We employ some minor post-processing to the samples. We found the LLM tended to repeat lines of code

which would be cut off by the max-token limit, causing syntactic errors. Hence we remove any incomplete lines
of code produced by the LLM. In early experiments we identified a short list of tokens which caused syntactic
errors, which we used as stopping-tokens at inference time.
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# hops → 1 2 3 4 5 15

Calib. 1 − 5 80.0 72.5 70.5 70.0 65.0 0.5
Calib. 1 71.5 65.5 55.5 54.0 50.0 -

Basel. 2 + 4 45.0 39.5 36.5 30.0 28.5 0
Basel. 1 42.0 28.5 27.5 19.5 13.5 0

Table 1: CLM results (accuracies in %) on StepGame task, using the ASP-parser as the admis-
sion function. Calib. refers to Calibration Length, where 1-5 refers to calibration on 1 to 5-hop
StepGame entries, and 1 to calibration on single-hop entries. Basel. refers to Baseline and 2 + 4

and 1 refer to the type of ICL prompt used, see Section 5 for further detail.

Note that we consider a sample program correct iff there is only a single answer set generated by
clingo and it contains only one answer-predicate and that answer predicate is the correct one.

The results of this experiment are presented in Table 1, where we observe firstly that CLM sig-
nificantly improved accuracy across all test sets by at least 20 percentage points in comparison to
the baseline results. The calibration set consisting of 1 to 5-hop examples (‘Calib. 1 - 5’) con-
sistently outperformed the calibration set limited to single hop (‘Calib. 1’). This trend is evident
across all test segments, with differences becoming more pronounced as the number of reasoning
steps increased. This highlights the importance of diverse calibration data in enabling the model to
generalise effectively to more complex scenarios.

One notable aspect of the experiment is the evaluation on the 15-hop test set, which falls outside
the range of both calibration settings. Here, the performance drops significantly and the generated
answer sets are either null or mostly incorrect. This result underscores the inherent challenge of gen-
eralising to significantly longer sequences without specific calibration data. It suggests that, while
CLM with diverse calibration improves generalisation, there are still considerable difficulties in han-
dling sequences that require substantially more reasoning steps than those seen during calibration.
Finally, the improvements in performance with CLM underscore the capability of ASP to effectively
capture and reason through complex logical relationships.

6.2 EXPERIMENT 2

In our second experiment, we evaluated the effectiveness of the purpose-built LLM-as-Judge metric,
as introduced in Section 5. This new metric was designed to overcome some of the inherent limita-
tions of conventional metrics, such as the ROUGE-L score, when applied to formal language tasks
like ASP generation. The remaining metrics, admission functions, and hyperparameters were kept
identical to those in Experiment 1 to allow for a direct comparison of performance outcomes. The
results are presented in Table 2.

# hops → 1 2 3

Calib. 1 − 5
LLM as Judge 80.0 72.5 72.0
ROUGE − L score 80.0 72.5 70.5

Calib.1
LLM as Judge 76.5 68.5 60.5
ROUGE − L score 71.5 65.5 55.5

Table 2: Results (accuracies in %) from using LLM-as-judge as a similarity metric in the CLM and
calibration procedures.

We observe that the LLM-as-Judge metric provided a consistent improvement over the ROUGE-L
score across the calibration settings, especially for the more complex descriptions (lengths 2 and
3). This performance closely matches or slightly outperforms the ROUGEL metric for each cor-
responding number of reasoning steps. This improvement suggests that LLM-as-Judge is better at
assessing the quality of complex reasoning samples by capturing the nuances of logical structure that
are essential for ASP correctness. For single-length calibration set, LLM-as-Judge metric demon-
strated a marked improvement over the ROUGE-L score across all numbers of reasoning steps.

8



Accepted at SCI-FM workshop at ICLR 2025

This experiment demonstrates the primary limitation of the ROUGE-L metric, as observed in these
experiments, lies in its focus on n-gram similarity, which is less suitable for evaluating formal lan-
guages like ASP. ROUGE-L does not adequately capture structural or functional correctness, leading
to the acceptance of syntactically incorrect or logically inconsistent samples.

6.3 ERROR ANALYSIS

We found there are five type of errors that are made by the LLM while generating answer set pro-
grams. We list them below in decreasing order of prevalence. The most prominent error is when
clingo returns ‘empty’. This is because clingo failed to execute the ASP program successfully.
This might be because: (i) The LLM generated a wrong fact corresponding to an instruction; for
example, for a given instruction ‘L is at F’s 9 o’ clock’, the LLM may generate at (”L”, ”F”, 9)
which is none of the nine possible configurations in Section 5. (ii) The rules have typos in them,
for example: is (A, down right , B):− down right(B) (iii) The LLM generates gibberish at the end
of a correct ASP program This makes clingo raise a parse error (iv) Instead of generating a valid
ASP program, the LLM generates natural language text which is read as gibberish by clingo.

The second most prominent kind of error is when clingo returns one answer set missing any
answer7. Such answer sets are not empty, as answer may contain facts it has been given or other
inferred facts. This could be due to at least one of the ASP facts corresponding to an instruction being
wrong. The third most common type of error is when clingo returns one answer set containing
multiple answers. This could be due to wrong rule being generated by LLM such as:

i s (A, d o w n l e f t , B) : − d o w n l e f t (A, B ) .
i s (A, d o w n r i g h t , B) : − d o w n l e f t (A, B ) .

When this rule is fired, it would lead to two answers for a given query.

The fourth most common type of error is when clingo returns one answer set containing one
answer but the answer is incorrect. The most common reason is that translation done by the LLM
from NLP to ASP facts is wrong. For example:

% U i s p o s i t i o n e d above N and t o t h e r i g h t .
t o p ( ”U” , ”N ” ) .

In the above instruction, the correct answer generated by the LLM should have been
top-right(”U”, ”N”).

The final type of error is when clingo returns multiple answer sets for a given input instruction.
In principle, there are plenty of reasons for ASP programs to have such answer sets, but in this case
this is due to the LLM generating multiple facts corresponding to one NLP instruction in a single
row separated by commas, for example:

% F i s on t h e r i g h t s i d e and below X.
r i g h t ( ” F ” , ”X” ) , down ( ” F ” , ”X ” ) .

The comma in the two facts acts as disjunction, meaning that clingo may use either of the two
facts, resulting in two answer sets for the same program.

7 CONCLUSIONS

In this study, we explored the application of CLM to enhance the performance of a mid-range open-
weight language model on complex reasoning tasks, specifically using the StepGame dataset. The
CLM integration significantly improved accuracy on the StepGame task. When compared to base-
line models that relied on standard sampling methods, CLM consistently outperformed across all
tested segments. We also observe that the LLM-as-Judge metric further improved the performance
of CLM, in particular on multi-step reasoning. We observed that the diversity of samples is an im-
portant consideration for the calibration set. However, we also observed that calibrating CLM on a
diverse set of examples (1 to 5 reasoning steps) did not enhance generalisability to tasks requiring

7The answer in this case is a fact of the form answer(R), where R is one of the nine relations.
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significantly more reasoning steps (e.g. 15-hop). These results underscore the potential of CLM
in augmenting the reasoning capabilities of standard language models, particularly when comple-
mented by advanced evaluation metrics like LLM-as-Judge. However, the diminished performance
on higher-complexity tasks shows the potential limitations of CLM. Future work could focus on a
thorough examination of the statistics related to conformal set sizes, such as their distribution and
relationship with task complexity. This could inform more effective sampling strategies and con-
straint settings within the CLM framework. Repeating the experiments multiple times to enable
the calculation of error bars would also be desirable. Finally, a further baseline could be provided
consisting of the LLM alone, without recourse to the external ASP reasoner.
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A APPENDIX

B IN-CONTEXT LEARNING PROMPTS

We prepend the following ICL prompts to the test-entries in the experiments in section 6. The %-
character is a comment-character in clingo, and the #-character denotes the beginning of a new
example.

B.1 INSTRUCTION LENGTH 1

You a r e an t e x t t o Answer S e t Program (ASP ) t r a n s l a t o r .
Use r s w i l l a sk you q u e s t i o n s i n E n g l i s h and you w i l l g e n e r a t e a
ASP program b ased on t h e p r o v i d e d i n p u t .
Example 1 :
### I n s t r u c t i o n :
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G e n e r a t e t h e Answer S e t Program (ASP ) f o r t h e g i v e n i n p u t prob lem .
Each numbered p o i n t i n t h e i n p u t w i l l have one c o r r e s p o n d i n g ASP
f a c t a s o u t p u t . A d d i t i o n a l l y , i n c l u d e some g e n e r i c ASP r u l e s t h a t
w i l l h e l p t h e u s e r i n s o l v i n g t h e prob lem . 1 X i s t o t h e l e f t o f K
and i s on t h e same h o r i z o n t a l p l a n e .
2 What i s t h e r e l a t i o n o f t h e a g e n t X t o t h e a g e n t K?

### Response :
% we g e n e r a t e one f a c t f o r each i n p u t s e n t e n c e :

% 1 X i s t o t h e l e f t o f K and i s on t h e same h o r i z o n t a l p l a n e .
l e f t ( ”X” , ”K ” ) .

% 2 What i s t h e r e l a t i o n o f t h e a g e n t X t o t h e a g e n t K?
q u e ry ( ”X” , ”K ” ) .

% Now we c o n s i d e r t h e answer s e t r u l e s t h a t w i l l h e l p us a r r i v e
a t t h e f i n a l answer :

% assume t h e 2nd q u e r i e d o b j e c t i s a t l o c a t i o n ( 0 , 0 )
l o c a t i o n (Q2 , 0 , 0 ) : − q u e ry ( , Q2 ) .

% e x t r a c t answer r e l a t i o n R such t h a t t h e o f f s e t (Ox , Oy ) o f R i s i n
t h e same d i r e c t i o n o f (X,Y)
answer (R) : − q u e ry (Q1 , ) , l o c a t i o n (Q1 , X, Y) , o f f s e t (R , Ox , Oy ) ,
Ox= −1: X$<$0 ; Ox=0 : X=0 ; Ox=1 : X$>$0 ; Oy= −1: Y$<$0 ; Oy=0 : Y=0 ;
Oy=1 : Y$>$0 .

% g e n e r a l f o r m a t t r a n s l a t i o n , which can a l s o be e a s i l y done i n
% p y th o n s c r i p t ( t h i s i s n o t needed i f we d i r e c t l y e x t r a c t t h e
% g e n e r a l form i n t h e b e g i n n i n g as i n bAbI t a s k 4 )
i s (A, top , B) : − t o p (A, B ) .
i s (A, top , B) : − up (A, B ) .
i s (A, down , B) : − down (A, B ) .
i s (A, l e f t , B) : − l e f t (A, B ) .
i s (A, r i g h t , B) : − r i g h t (A, B ) .
i s (A, t o p l e f t , B) : − t o p l e f t (A, B ) .
i s (A, t o p r i g h t , B) : − t o p r i g h t (A, B ) .
i s (A, d o w n l e f t , B) : − d o w n l e f t (A, B ) .
i s (A, d o w n r i g h t , B) : − d o w n r i g h t (A, B ) .
i s (A, e a s t , B) : − e a s t (A, B ) .
i s (A, west , B) : − west (A, B ) .
i s (A, so u th , B) : − s o u t h (A, B ) .
i s (A, n o r t h , B) : − n o r t h (A, B ) .

% synonyms
synonyms ( n o r t h , n o r t h O f ; so u th , so u th Of ; west , westOf ; e a s t ,
e a s t O f ; top , n o r t h O f ; down , so u th Of ; l e f t , westOf ; r i g h t ,
e a s t O f ) .
synonyms (A, B) : − synonyms (B , A ) .
synonyms (A, C) : − synonyms (A, B) , synonyms (B , C) , A!=C .

% d e f i n e t h e o f f s e t s o f 8 s p a c i a l r e l a t i o n s
o f f s e t ( o v e r l a p , 0 , 0 ; top , 0 , 1 ; down , 0 , − 1 ; l e f t , − 1 , 0 ; r i g h t , 1 , 0 ;
t o p l e f t , − 1 , 1 ; t o p r i g h t , 1 , 1 ; d o w n l e f t , −1 , −1 ; d o w n r i g h t , 1 , − 1 ) .

% d e r i v e t h e k in d o f s p a c i a l r e l a t i o n from synonyms and o f f s e t
i s (A, R1 , B) : − i s (A, R2 , B ) , synonyms ( R1 , R2 ) .
i s (A, R1 , B) : − i s (B , R2 , A) , o f f s e t ( R2 , X,Y) , o f f s e t ( R1 , −X, −Y ) .

% d e r i v e t h e l o c a t i o n o f e v e r y o b j e c t
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% t h e s e a r c h s p a c e o f X o r Y c o o r d i n a t e i s w i t h i n −100 and 100
( t o a v o i d i n f i n i t e lo o p i n c l i n g o when d a t a h as e r r o r )
nums ( − 1 0 0 . . 1 0 0 ) .

l o c a t i o n (A, Xa , Ya ) : − l o c a t i o n (B , Xb , Yb ) , nums ( Xa ) , nums ( Ya ) ,
i s (A, Kind , B) , o f f s e t ( Kind , Dx , Dy ) , Xa−Xb=Dx , Ya−Yb=Dy .

l o c a t i o n (B , Xb , Yb ) : − l o c a t i o n (A, Xa , Ya ) , nums (Xb ) , nums (Yb ) ,
i s (A, Kind , B) , o f f s e t ( Kind , Dx , Dy ) , Xa−Xb=Dx , Ya−Yb=Dy .
Example 2 : ### I n s t r u c t i o n :
G e n e r a t e t h e Answer S e t Program (ASP ) f o r t h e g i v e n i n p u t prob lem .
Each numbered p o i n t i n t h e i n p u t w i l l have one c o r r e s p o n d i n g ASP
f a c t a s o u t p u t . A d d i t i o n a l l y , i n c l u d e some g e n e r i c ASP r u l e s
t h a t w i l l h e l p t h e u s e r i n s o l v i n g t h e prob lem . 1 G i s a t t h e 6 o
’ c l o c k p o s i t i o n r e l a t i v e t o R .
2 What i s t h e r e l a t i o n o f t h e a g e n t G t o t h e a g e n t R?

### Response :
% we g e n e r a t e one f a c t f o r each i n p u t s e n t e n c e :
% 1 G i s a t t h e 6 o ’ c l o c k p o s i t i o n r e l a t i v e t o R .
down ( ”G” , ”R ” ) .

% 2 What i s t h e r e l a t i o n o f t h e a g e n t G t o t h e a g e n t R?
q u e ry ( ”G” , ”R ” ) .

% Now we c o n s i d e r t h e answer s e t r u l e s t h a t w i l l h e l p us a r r i v e
a t t h e f i n a l answer :

% assume t h e 2nd q u e r i e d o b j e c t i s a t l o c a t i o n ( 0 , 0 )
l o c a t i o n (Q2 , 0 , 0 ) : − q u e ry ( , Q2 ) .

% e x t r a c t answer r e l a t i o n R such t h a t t h e o f f s e t (Ox , Oy ) o f R i s
% i n t h e same d i r e c t i o n o f (X,Y)
answer (R) : − q u e ry (Q1 , ) , l o c a t i o n (Q1 , X, Y) , o f f s e t (R , Ox , Oy ) ,
Ox= −1: X$<$0 ; Ox=0 : X=0 ; Ox=1 : X$>$0 ; Oy= −1: Y$<$0 ; Oy=0 : Y=0 ;
Oy=1 : Y$>$0 .

% g e n e r a l f o r m a t t r a n s l a t i o n , which can a l s o be e a s i l y done i n
p y th o n s c r i p t
% ( t h i s i s n o t needed i f we d i r e c t l y e x t r a c t t h e g e n e r a l form i n
t h e b e g i n n i n g as i n bAbI t a s k 4 )
i s (A, top , B) : − t o p (A, B ) .
i s (A, top , B) : − up (A, B ) .
i s (A, down , B) : − down (A, B ) .
i s (A, l e f t , B) : − l e f t (A, B ) .
i s (A, r i g h t :% s / , B) : − r i g h t (A, B ) .
i s (A, t o p l e f t , B) : − t o p l e f t (A, B ) .
i s (A, t o p r i g h t , B) : − t o p r i g h t (A, B ) .
i s (A, d o w n l e f t , B) : − d o w n l e f t (A, B ) .
i s (A, d o w n r i g h t , B) : − d o w n r i g h t (A, B ) .
i s (A, e a s t , B) : − e a s t (A, B ) .
i s (A, west , B) : − west (A, B ) .
i s (A, so u th , B) : − s o u t h (A, B ) .
i s (A, n o r t h , B) : − n o r t h (A, B ) .

% synonyms
synonyms ( n o r t h , n o r t h O f ; so u th , so u th Of ; west , westOf ; e a s t ,
e a s t O f ; top , n o r t h O f ; down , so u th Of ; l e f t , westOf ; r i g h t ,
e a s t O f ) .
synonyms (A, B) : − synonyms (B , A ) .
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synonyms (A, C) : − synonyms (A, B) , synonyms (B , C) , A!=C .

% d e f i n e t h e o f f s e t s o f 8 s p a c i a l r e l a t i o n s
o f f s e t ( o v e r l a p , 0 , 0 ; top , 0 , 1 ; down , 0 , − 1 ; l e f t , − 1 , 0 ; r i g h t , 1 , 0 ;
t o p l e f t , − 1 , 1 ; t o p r i g h t , 1 , 1 ; d o w n l e f t , −1 , −1 ; d o w n r i g h t , 1 , − 1 ) .

% d e r i v e t h e k in d o f s p a c i a l r e l a t i o n from synonyms and o f f s e t
i s (A, R1 , B) : − i s (A, R2 , B ) , synonyms ( R1 , R2 ) .
i s (A, R1 , B) : − i s (B , R2 , A) , o f f s e t ( R2 , X,Y) , o f f s e t ( R1 , −X, −Y ) .

% d e r i v e t h e l o c a t i o n o f e v e r y o b j e c t
% t h e s e a r c h s p a c e o f X o r Y c o o r d i n a t e i s w i t h i n −100 and 100
( t o a v o i d i n f i n i t e lo o p i n c l i n g o when d a t a h as e r r o r )
nums ( − 1 0 0 . . 1 0 0 ) .

l o c a t i o n (A, Xa , Ya ) : − l o c a t i o n (B , Xb , Yb ) , nums ( Xa ) , nums ( Ya ) ,
i s (A, Kind , B) , o f f s e t ( Kind , Dx , Dy ) , Xa−Xb=Dx , Ya−Yb=Dy .

l o c a t i o n (B , Xb , Yb ) : − l o c a t i o n (A, Xa , Ya ) , nums (Xb ) , nums (Yb ) ,
i s (A, Kind , B) , o f f s e t ( Kind , Dx , Dy ) , Xa−Xb=Dx , Ya−Yb=Dy .
Example 3 :
### I n s t r u c t i o n :

B.2 INSTRUCTION LENGTH 2+4

You a r e an t e x t t o Answer S e t Program (ASP ) t r a n s l a t o r . Use r s w i l l
a sk you q u e s t i o n s i n E n g l i s h and you w i l l g e n e r a t e a ASP program
b ased on t h e p r o v i d e d i n p u t .
Example 1 :
### I n s t r u c t i o n :
G e n e r a t e t h e Answer S e t Program (ASP ) f o r t h e g i v e n i n p u t prob lem .
Each numbered p o i n t i n t h e i n p u t w i l l have one c o r r e s p o n d i n g ASP
f a c t a s o u t p u t . A d d i t i o n a l l y , i n c l u d e some g e n e r i c ASP r u l e s t h a t
w i l l h e l p t h e u s e r i n s o l v i n g t h e prob lem . 1 F and T a r e n e x t t o
each o t h e r wi th F on t h e l e f t and T on t h e r i g h t .
2 U and F a r e p a r a l l e l , and U i s on t o p o f F .
3 What i s t h e r e l a t i o n o f t h e a g e n t U t o t h e a g e n t F?

### Response :
% we g e n e r a t e one f a c t f o r each i n p u t s e n t e n c e :
% 1 F and T a r e n e x t t o each o t h e r wi th F on t h e l e f t and T on t h e
% r i g h t .
r i g h t ( ”T” , ”F ” ) .

% 2 U and F a r e p a r a l l e l , and U i s on t o p o f F .
t o p ( ”U” , ”F ” ) .

% 3 What i s t h e r e l a t i o n o f t h e a g e n t U t o t h e a g e n t F?
q u e ry ( ”U” , ”F ” ) .

% Now we c o n s i d e r t h e answer s e t r u l e s t h a t w i l l h e l p us a r r i v e a t
% t h e f i n a l answer :
% assume t h e 2nd q u e r i e d o b j e c t i s a t l o c a t i o n ( 0 , 0 )
l o c a t i o n (Q2 , 0 , 0 ) : − q u e ry ( , Q2 ) .

% e x t r a c t answer r e l a t i o n R such t h a t t h e o f f s e t (Ox , Oy ) o f R i s i n
% t h e same d i r e c t i o n o f (X,Y)
answer (R) : − q u e ry (Q1 , ) , l o c a t i o n (Q1 , X, Y) , o f f s e t (R , Ox , Oy ) ,
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Ox= −1: X$<$0 ; Ox=0 : X=0 ; Ox=1 : X$>$0 ; Oy= −1: Y$<$0 ; Oy=0 : Y=0 ;
Oy=1 : Y$>$0 .

% g e n e r a l f o r m a t t r a n s l a t i o n , which can a l s o be e a s i l y done i n
%p y th o n s c r i p t ( t h i s i s n o t needed i f we d i r e c t l y e x t r a c t t h e
% g e n e r a l form i n t h e b e g i n n i n g as i n bAbI t a s k 4 )
i s (A, top , B) : − t o p (A, B ) .
i s (A, top , B) : − up (A, B ) .
i s (A, down , B) : − down (A, B ) .
i s (A, l e f t , B) : − l e f t (A, B ) .
i s (A, r i g h t , B) : − r i g h t (A, B ) .
i s (A, t o p l e f t , B) : − t o p l e f t (A, B ) .
i s (A, t o p r i g h t , B) : − t o p r i g h t (A, B ) .
i s (A, d o w n l e f t , B) : − d o w n l e f t (A, B ) .
i s (A, d o w n r i g h t , B) : − d o w n r i g h t (A, B ) .
i s (A, e a s t , B) : − e a s t (A, B ) .
i s (A, west , B) : − west (A, B ) .
i s (A, so u th , B) : − s o u t h (A, B ) .
i s (A, n o r t h , B) : − n o r t h (A, B ) .

% synonyms
synonyms ( n o r t h , n o r t h O f ; so u th , so u th Of ; west , westOf ; e a s t ,
e a s t O f ; top , n o r t h O f ; down , so u th Of ; l e f t , westOf ; r i g h t ,
e a s t O f ) .
synonyms (A, B) : − synonyms (B , A ) .
synonyms (A, C) : − synonyms (A, B) , synonyms (B , C) , A!=C .

% d e f i n e t h e o f f s e t s o f 8 s p a c i a l r e l a t i o n s
o f f s e t ( o v e r l a p , 0 , 0 ; top , 0 , 1 ; down , 0 , − 1 ; l e f t , − 1 , 0 ; r i g h t , 1 , 0 ;
t o p l e f t , − 1 , 1 ; t o p r i g h t , 1 , 1 ; d o w n l e f t , −1 , −1 ; d o w n r i g h t , 1 , − 1 ) .

% d e r i v e t h e k in d o f s p a c i a l r e l a t i o n from synonyms and o f f s e t
i s (A, R1 , B) : − i s (A, R2 , B ) , synonyms ( R1 , R2 ) .
i s (A, R1 , B) : − i s (B , R2 , A) , o f f s e t ( R2 , X,Y) , o f f s e t ( R1 , −X, −Y ) .

% d e r i v e t h e l o c a t i o n o f e v e r y o b j e c t
% t h e s e a r c h s p a c e o f X o r Y c o o r d i n a t e i s w i t h i n −100 and 100
% ( t o a v o i d i n f i n i t e lo o p i n c l i n g o when d a t a h as e r r o r )
nums ( − 1 0 0 . . 1 0 0 ) .

l o c a t i o n (A, Xa , Ya ) : − l o c a t i o n (B , Xb , Yb ) , nums ( Xa ) , nums ( Ya ) ,
i s (A, Kind , B) , o f f s e t ( Kind , Dx , Dy ) , Xa−Xb=Dx , Ya−Yb=Dy .

l o c a t i o n (B , Xb , Yb ) : − l o c a t i o n (A, Xa , Ya ) , nums (Xb ) , nums (Yb ) ,
i s (A, Kind , B) , o f f s e t ( Kind , Dx , Dy ) , Xa−Xb=Dx , Ya−Yb=Dy .
Example 2 :
### I n s t r u c t i o n :
G e n e r a t e t h e Answer S e t Program (ASP ) f o r t h e g i v e n i n p u t prob lem .
Each numbered p o i n t i n t h e i n p u t w i l l have one c o r r e s p o n d i n g ASP
f a c t a s o u t p u t . A d d i t i o n a l l y , i n c l u d e some g e n e r i c ASP r u l e s t h a t
w i l l h e l p t h e u s e r i n s o l v i n g t h e prob lem .
1 C and M a r e b o th t h e r e wi th t h e o b j e c t C above t h e o b j e c t M.
2 Z i s a t t h e bo t tom and Y i s on t h e t o p .
3 Z i s a t a 45 d e g r e e a n g l e t o M, i n t h e u p p e r l e f t h a n d c o r n e r .
4 Y i s p l a c e d a t t h e lo wer l e f t o f G .
5 What i s t h e r e l a t i o n o f t h e a g e n t Z t o t h e a g e n t C?
### Response :
% we g e n e r a t e one f a c t f o r each i n p u t s e n t e n c e :
% 1 C and M a r e b o th t h e r e wi th t h e o b j e c t C above t h e o b j e c t M.
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t o p ( ”C” , ”M” ) .

% 2 Z i s a t t h e bo t tom and Y i s on t h e t o p .
down ( ”Z” , ”Y ” ) .

% 3 Z i s a t a 45 d e g r e e a n g l e t o M, i n t h e u p p e r l e f t h a n d c o r n e r .
t o p l e f t ( ” Z” , ”M” ) .

% 4 Y i s p l a c e d a t t h e lo wer l e f t o f G.
d o w n l e f t ( ”Y” , ”G ” ) .

% 5 What i s t h e r e l a t i o n o f t h e a g e n t Z t o t h e a g e n t C?
q u e ry ( ”Z” , ”C ” ) .

% Now we c o n s i d e r t h e answer s e t r u l e s t h a t w i l l h e l p us a r r i v e
% a t t h e f i n a l answer :
% assume t h e 2nd q u e r i e d o b j e c t i s a t l o c a t i o n ( 0 , 0 )
l o c a t i o n (Q2 , 0 , 0 ) : − q u e ry ( , Q2 ) .

% e x t r a c t answer r e l a t i o n R such t h a t t h e o f f s e t (Ox , Oy ) o f R i s
% i n t h e same d i r e c t i o n o f (X,Y)
answer (R) : − q u e ry (Q1 , ) , l o c a t i o n (Q1 , X, Y) , o f f s e t (R , Ox , Oy ) ,
Ox= −1: X$<$0 ; Ox=0 : X=0 ; Ox=1 : X$>$0 ; Oy= −1: Y$<$0 ; Oy=0 : Y=0 ;
Oy=1 : Y$>$0 .

% g e n e r a l f o r m a t t r a n s l a t i o n , which can a l s o be e a s i l y done i n
% p y th o n s c r i p t ( t h i s i s n o t needed i f we d i r e c t l y e x t r a c t t h e
% g e n e r a l form i n t h e b e g i n n i n g as i n bAbI t a s k 4 )
i s (A, top , B) : − t o p (A, B ) .
i s (A, top , B) : − up (A, B ) .
i s (A, down , B) : − down (A, B ) .
i s (A, l e f t , B) : − l e f t (A, B ) .
i s (A, r i g h t , B) : − r i g h t (A, B ) .
i s (A, t o p l e f t , B) : − t o p l e f t (A, B ) .
i s (A, t o p r i g h t , B) : − t o p r i g h t (A, B ) .
i s (A, d o w n l e f t , B) : − d o w n l e f t (A, B ) .
i s (A, d o w n r i g h t , B) : − d o w n r i g h t (A, B ) .
i s (A, e a s t , B) : − e a s t (A, B ) .
i s (A, west , B) : − west (A, B ) .
i s (A, so u th , B) : − s o u t h (A, B ) .
i s (A, n o r t h , B) : − n o r t h (A, B ) .

% synonyms
synonyms ( n o r t h , n o r t h O f ; so u th , so u th Of ; west , westOf ; e a s t ,
e a s t O f ; top , n o r t h O f ; down , so u th Of ; l e f t , westOf ; r i g h t ,
e a s t O f ) .
synonyms (A, B) : − synonyms (B , A ) .
synonyms (A, C) : − synonyms (A, B) , synonyms (B , C) , A!=C .

% d e f i n e t h e o f f s e t s o f 8 s p a c i a l r e l a t i o n s
o f f s e t ( o v e r l a p , 0 , 0 ; top , 0 , 1 ; down , 0 , − 1 ; l e f t , − 1 , 0 ; r i g h t , 1 , 0 ;
t o p l e f t , − 1 , 1 ; t o p r i g h t , 1 , 1 ; d o w n l e f t , −1 , −1 ; d o w n r i g h t , 1 , − 1 ) .

% d e r i v e t h e k in d o f s p a c i a l r e l a t i o n from synonyms and o f f s e t
i s (A, R1 , B) : − i s (A, R2 , B ) , synonyms ( R1 , R2 ) .
i s (A, R1 , B) : − i s (B , R2 , A) , o f f s e t ( R2 , X,Y) , o f f s e t ( R1 , −X, −Y ) .

% d e r i v e t h e l o c a t i o n o f e v e r y o b j e c t
% t h e s e a r c h s p a c e o f X o r Y c o o r d i n a t e i s w i t h i n −100 and 100
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% ( t o a v o i d i n f i n i t e lo o p i n c l i n g o when d a t a h as e r r o r )
nums ( − 1 0 0 . . 1 0 0 ) .

l o c a t i o n (A, Xa , Ya ) : − l o c a t i o n (B , Xb , Yb ) , nums ( Xa ) , nums ( Ya ) ,
i s (A, Kind , B) , o f f s e t ( Kind , Dx , Dy ) , Xa−Xb=Dx , Ya−Yb=Dy .

l o c a t i o n (B , Xb , Yb ) : − l o c a t i o n (A, Xa , Ya ) , nums (Xb ) , nums (Yb ) ,
i s (A, Kind , B) , o f f s e t ( Kind , Dx , Dy ) , Xa−Xb=Dx , Ya−Yb=Dy .
Example 3 :
### I n s t r u c t i o n :
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