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Abstract

Existing low-resource in-context learning-
based knowledge graph question answering
(KGQA) methods rely heavily on large lan-
guage models (LLMs) to convert the natural
language question into its corresponding log-
ical form (LF), such as SPARQL, KoPL, etc.
Recently, a few alignment techniques have been
introduced that enable instruction-based fine-
tuning of language models. They provide ex-
plicit negative signals and comparative objec-
tives to learn how to avoid negative signals us-
ing preference optimization methods. Explor-
ing such fine-tuning techniques with LLMs be-
comes very challenging due to the high compu-
tational resource requirements associated with
them. Due to this, the focus has been shifted to-
wards Small Language Models (SLMs), which
offer advantages such as ease of (i) deployment
for practical applications and (ii) instruction
fine-tuning for specialized tasks. Motivated by
this, in this work, we propose PO-KGQA1: An
SLM-based preference optimization framework
for the complex KGQA task in a low-resource
setting. Our extensive experiments demonstrate
how PO-KGQA outperforms other fine-tuning
alignment techniques on complex benchmarks
such as KQA Pro by approximately 9% (avg).

1 Introduction

Due to the dearth of annotated data and recent
advancements in large language models (LLMs),
research has moved towards LLM-based low-
resource Knowledge Graph Question Answering
(KGQA) (Gu et al., 2023; Zhang et al., 2024b).
KGQA aims to answer a natural language ques-
tion (NLQ) by producing a logical form such as
SPARQL, KoPL, etc. that is executed on the KG to
retrieve the answer(s) (Yu et al., 2023; Fang et al.,

*P. Agarwal is an employee at IBM Research. This work
was carried out as part of PhD research at IIT Delhi

1Data and Codebase: https://github.com/data-iitd/
PO-KGQA

2024). Most LLM-based methods (Agarwal et al.,
2024, 2025; Li et al., 2024b) take advantage of in-
context learning (ICL) (Brown et al., 2020) with
few-shot examples to generate the logical form.

Language Models have limited success rates on
complex KGQA benchmarks. They possess limited
pre-trained knowledge about the grammar and se-
mantics of the the logical forms (SPARQL, KoPL,
etc.). This leads to hallucinations and incorrect
logical form generation. Hence, some works have
aligned the language models to generate the desired
output using supervised fine-tuning (SFT) (Luo
et al., 2024; Niu et al., 2023; Fang et al., 2024; Feng
and He, 2025). Alignment methods involve fine-
tuning the pre-trained model using SFT or using
preference alignment methods such as direct pref-
erence optimization (DPO) (Rafailov et al., 2023).
Preference alignment methods enable instruction-
based fine-tuning with explicit preferred and dis-
preferred data pairs and comparative objectives to
learn how to minimize dispreferred output through
optimization. It has proven to provide gains com-
pared to SFT alone for various tasks (Thakkar et al.,
2024; Gisserot-Boukhlef et al., 2024; Zhang et al.,
2025).

LLMs have high operational costs associated
with them. The high computational cost of LLMs
hinders: (i) fine-tuning, and (ii) their deployment
on resource-constrained devices. Due to this, the
focus has shifted towards Small Language Mod-
els (SLMs)2 that offer advantages such as ease of:
(i) deployment for practical applications; (ii) fine-
tuning for a specialized task that offer similar ca-
pabilities at reduced cost. This motivates us to
benchmark the preference optimization to fine-tune
the SLMs for the complex KGQA task.

Complex questions require joint compositional
and numerical reasoning. This demands decom-

2Language Models with < 10B parameters are considered
as SLMs in this work
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Figure 1: The PO-KGQA framework, consisting of 2 main steps: (a) Dynamic preference data Gi generation
using self-feedback; (b) Iterative RPO (loss modified to eliminate the dependency on ground truth answer ygt)

position of the question and solving it in a step-
by-step manner. This can be achieved with the
symbolic form of chain-of-thought (CoT) (Liang
et al., 2023), i.e., chain-of-symbol (CoS) prompt-
ing (Hu et al., 2024). It is one of the key factors
in improving the complex reasoning capability of
Language Models (Wei et al., 2023). CoS decom-
poses complex problems into intermediate sym-
bolic reasoning steps, improving performance and
interpretability. KoPL (Knowledge-Oriented Pro-
gramming Language) (Cao et al., 2022) is a sym-
bolic logical form for KGQA that defines various
operations in KG to account for various complex-
ities. Each KoPL step becomes a CoS reasoning
step (see Figure 1). This makes it suitable for com-
plex compositional and numerical reasoning, while
being interpretable. Hence, in this work, we choose
KoPL as the logical form. The transformation of
the logical form generation task as code generation
can further provide gains (Nie et al., 2024; Agarwal
et al., 2025). Inspired by this, we generate KoPL
as Python program steps.

One of the challenges in adopting preference
optimization for KGQA is to obtain the preference
data. To the best of our knowledge, none of the
KGQA benchmarks provides preference data of
any form. Most of the work uses closed-source
GPT models (ope, 2024) or LLMs (with ≥70B
parameters) (Touvron et al., 2023) to obtain the
preference data (Wu et al., 2024; Ko et al., 2024;
Zheng et al., 2025; Li et al., 2025) for the KG
fact summarization task. None of the work has
focused on generating CoS reasoning steps like
preference data for KGQA. Therefore, we propose
a novel method to dynamically generate preference

data using low-resource data i.e., not more than
1000 data points. Preference data is generated for
KoPL Python steps cost-effectively, eliminating the
dependency on any teacher LLM.

Given the rapidly growing number of preference
optimization methods, we choose the one that opti-
mizes the preference between the correct vs. incor-
rect CoS reasoning steps. Hence, we adopt Iterative
Reasoning Preference Optimization (RPO) (Pang
et al., 2024) for our work. We modify the RPO loss
to focus on generating correct CoS reasoning steps
during the fine-tuning process (see Section 3.3).

Parameter-efficient training (PEFT) methods,
such as Low-Rank Adaptation (LoRA) (Hu et al.,
2022) can achieve performance comparable to that
of full fine-tuning of language models at a much
lower cost. Therefore, in this work, instead of full
fine-tuning, we build a lightweight adapter using
LoRA with SLM so that it can be used with any
pre-existing deployment of an SLM. We selected
LoRA as the PEFT method for our experiments
because of its relatively small performance degra-
dation over massive compute savings.

In summary, the contributions of our work are:
1. We propose PO-KGQA: An SLM-based pref-

erence optimization framework for the Complex
KGQA task in a low-resource setting i.e., not more
than 1000 data points.

2. We propose a novel method to dynamically
generate preference data for KoPL Python steps
with self-feedback.

3. We propose a modified Iterative RPO loss fo-
cusing on CoS reasoning steps during fine-tuning.

4. We experiment with different SLMs and
datasets to demonstrate the robustness and flexi-
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bility of our framework.
Our framework builds a light-weight adapter using
the PEFT method, i.e., LoRA, that can be used
with any pre-existing deployment of an SLM. To
the best of our knowledge, our work is the first to
explore preference alignment of the logical form
generation for the complex KGQA task. Our ex-
tensive experiments demonstrate that PO-KGQA
outperforms all other alignment techniques, setting
a new benchmark.

2 Related Work

2.1 LLM-based KGQA techniques

Most of the state-of-the-art LLM-based KGQA
techniques leverage the reasoning capabilities
of LLM to generate the logical forms such as
SPARQL and S-expression for a given NLQ. Pangu
(Gu et al., 2023) and KB_BINDER (Li et al., 2023)
leverage the discriminative ability of LLMs and
constrained decoding, respectively, to incremen-
tally generate S-expression. FlexKBQA (Li et al.,
2024b) uses LLMs to sample SPARQL queries
converted to NLQ for training. Some of the recent
works have also transformed the logical form gen-
eration into a code generation task. KB-Coder (Nie
et al., 2024) performs code-style S-expression gen-
eration by retrieving a similar relation and passing
it to the LLM prompt. CodeAlignKGQA (Agarwal
et al., 2025) performs code-style KoPL generation.
They provide constraints of the logical form and rel-
evant instructions in the LLM prompt. These meth-
ods have shown gains compared to their respec-
tive counterparts, i.e., FlexKBQA and SymKGQA
(Agarwal et al., 2024). However, these techniques
suffer massively when used with SLMs for prac-
tical applications. ChatKBQA (Luo et al., 2024)
and (Niu et al., 2023) fine-tune SLMs with (NLQ,
logical form) pairs in a fully-supervised manner
and do not work in a low-resource setting.

2.2 Preference Optimization for KGQA task

EFSum (Ko et al., 2024) uses GPT-3.5 Turbo3 as
the teacher model to generate preference data for
KG fact summarization. This data is then used to
fine-tune a student model, Llama-7B, using DPO.
KnowPAT (Zhang et al., 2024a) builds a prefer-
ence dataset by retrieving relevant KG triples and
generating answers using ChatGPT4, ChatGLM-

3https://platform.openai.com/docs/models/
gpt-3.5-turbo

4https://chat.openai.com

6B5, and Vicuna-7B6, ranked in descending or-
der of preference. The base model, Atom-7B7, is
then fine-tuned to disfavor less preferred responses.
PAQAF (Wu et al., 2024) addresses knowledge
rewriting (i.e., KG fact summarization) by incorpo-
rating interleaved CoT reasoning steps. ChatGPT
is first used for SFT of the knowledge rewriter, af-
ter which preference pairs are created and 7B-scale
models are fine-tuned using DPO.

The goal of our work is different. Our goal is to
generate CoS reasoning steps like preference data
of logical form for KGQA, which, to the best of
our knowledge, none of the work provides.

2.3 Self-learning in Language Models
This work focuses on fine-tuning the language mod-
els by self-generation of the training data for differ-
ent tasks. STaR (Zelikman et al., 2022) generates
rationales and then applies SFT using the rationales,
which leads to the correct answer. Self-rewarding
LLMs (Yuan et al., 2024) use iterative DPO to pro-
vide rewards on their own during training. ST-DPO
(Wang et al., 2024) uses DPO to generate pseudo-
labels for SFT. SPO (Li et al., 2024a) constructs a
self-supervised preference degree loss combined
with the alignment loss. CPO (Xu et al., 2024)
uses triplet preference data, i.e., (reference, posi-
tive, negative) for machine translation.

None of the above methods is designed for the
KGQA task. Motivated by this, we perform self-
training with iterative RPO for the KGQA task.

3 PO-KGQA Framework

We first briefly define the problem statement and
then introduce the details of the PO-KGQA frame-
work shown in Figure 1, which consists of 2 stages:

1. Generation of dynamic preference data.
2. Alignment using modified Iterative RPO loss.

3.1 Problem Statement
The goal of PO-KGQA is twofold:

1. Generate the pairs of preference data (Gi)
dynamically with preferred and dispreferred KoPL
Python steps using SLM (Mi) for each iteration i.

2. Fine-tune Mi+1 using Gi with modified iter-
ative RPO loss to generate KoPL Python steps.
Here, KG K ⊂ E×R× (E∪L∪C), where C, E,
L and R is the set of concepts8, entities, attributes

5https://huggingface.co/THUDM/chatglm-6b
6https://ollama.com/library/vicuna:7b
7https://huggingface.co/FlagAlpha/Atom-7B
8A concept is an abstraction of a set of entities
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Figure 2: Example of preference data pair for a question

(literals) and binary relations, respectively.

3.2 Preference Data Generation
As shown in Figure 1, the low-resource training
dataset D consists of (NLQ, KoPL Python steps,
answer) tuples. We use the answer yd for all d ∈
D only for verification (see Verifier in Figure 1),
unlike other methods (Pang et al., 2024) that use
yd for fine-tuning.
Prompt: As shown in Figure 1, we build the
prompt P with instructions and KoPL function def-
initions to generate KoPL Python steps. We also
add an example in P to demonstrate the desired
output format of KoPL Python steps. This example
remains constant for a dataset (see Appendix A.1
for details of P ).
Generation: For each iteration i ∈ [1, ..,T] of
RPO, for a given training data point d ∈ D, and
prompt P , the SLM (Mi) is expected to generate
the KoPL Python steps. The NLQ qd of d is ap-
pended with P to form Pd. The KoPL Python steps
kpd are then generated using Mi using greedy de-
coding as follows:

kpd = argmax[Mi(Pd)], ∀d ∈ D. (1)

The binary reward rd is then calculated based on
the correctness of the final answer (ypd) that kpd pro-
duces upon its execution (by the Verifier):

rd =

{
1 if ypd = yd,

0 if ypd ̸= yd.
(2)

Here, yd is the ground truth answer for d.
The preference pair dataset Gi (initialized as

Gi = {}) is then constructed dynamically using
data points d ∈ D for which rd = 0 (see Reward r
in Figure 1) as the self-feedback, as follows:

Gi = Gi∪{qd, (kgtd , kpd)}, ∀d ∈ D, iff rd = 0.
(3)

Here, kgtd is the ground truth KoPL Python steps
of d (treated as preferred data) and kpd is treated
as dispreferred data. Note that this self-feedback
will change in every iteration, and therefore Gi

is dynamic, while D remains constant. Thus, the
diversity of G is determined by the model’s ability
to adapt to the failure cases over time. An example
of preference data pair is shown in Figure 2.

We restrict the preference pair construction to
failure cases for three main reasons:

1. Successful generations are already aligned
with the gold programs. Including them would cre-
ate near-duplicate positive pairs, providing limited
additional gradient signal.

2. The strongest optimization signal comes from
incorrect reasoning trajectories. By focusing on
failure cases, we maximize the learning signal and
improve discrimination between correct and incor-
rect programs.

3. Model-generated programs that accidentally
produce the correct answer may still be logically
incorrect (spurious programs). Using such pro-
grams in preference pair construction could intro-
duce noise into training. Restricting pairs to failure
cases helps mitigate this issue.

3.3 Fine-tuning using proposed RPO loss

The model is fine-tuned in an iterative manner, i.e.,
M1,...., MT where each successive iteration i+ 1
uses preference data pairs in Gi created by the ith
model (see Figure 1).
Initial Model M0: As shown in Figure 1, we first
perform SFT on the base model Mb to obtain the
initial seed model M0. It can then be used to gen-
erate KoPL Python steps. The SFT is performed
using the following loss function:

LSFT = E(Pd,k
gt
d )∼Pd

[
−

|kgtd |∑

j=1

logM0

(
kgtdj | Pd, k

gt
d1:j−1

)
]
,

∀d ∈ D.
(4)

where, kgtdj is the jth token in kgtd and |kgtd | is the
length of the KoPL Python code. Note that yd is
not used in this step.
Iterative training: The parameters of Mi+1 are
initialized from model Mi. They are updated with
the RPO loss function that combines DPO and neg-
ative log-likelihood (NLL) loss for learning over
the preferred KoPL Python steps from each pair in
Gi, i.e., kgtd .
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Modified RPO for Intermediate Reasoning Cor-
rectness: Unlike existing approaches that primar-
ily optimize for the target answer yd, our method
decouples the fine-tuning process from it. This
is a significant conceptual shift because yd is in-
herently unstable and subject to change as KGs
evolve. We shift the objective to the generation of
accurate KoPL Python steps and prioritize inter-
mediate reasoning correctness over output match-
ing. This design inherently enhances the model’s
robustness and generalizability, particularly for out-
of-distribution (OOD) questions where existing
answer-centric models would fail. Hence, the pro-
posed RPO loss corresponding to each preference
pair in Gi is as follows:

LDPO+NLL = LDPO(k
gt
w , kpw/Pw) + αLNLL(k

gt
w /Pw)

= − log σ

(
β log

Mi+1(k
gt
w /Pw)

Mi(k
gt
w /Pw)

− β log
Mi+1(k

p
w/Pw)

Mi(k
p
w/Pw)

)

− α log
Mi+1(k

gt
w /Pw)

|kpw|
, ∀w ∈ Gi.

(5)

Here, qw is appended with P to form Pw. M(x)
denotes the probability of sequence x under the
model M , and σ is the sigmoid function. Mi is
used as the reference model for LDPO. NLL term
is normalized by the total length of the generated
KoPL Python code. The hyperparameter α bal-
ances the DPO and NLL loss. After training with
LDPO+NLL, Mi+1 is obtained, which will be used
to create Gi+1 for the subsequent iteration. The
iterative training is continued till T iterations.
Zero-shot KoPL Python steps generation: The
fine-tuned model MT thus obtained is now ex-
pected to generate the KoPL Python steps for a
given NLQ q in a zero-shot manner using greedy
decoding as follows:

kpq = argmax[MT (Pq)]. (6)

where, q is appended with P to form Pq.

3.4 Verifier
The generated KoPL python steps kpq can still re-
quire grounding of textual input due to halluci-
nations. Therefore, based on the input datatype
(entities, relations, attributes, etc.), the generated
KoPL Python steps are grounded via the Verifier
(as shown in Figure 1) as follows:

• Entities and concepts present in the generated
KoPL Python steps are grounded using the entity
and concept linker. We use Named Entity Recog-
nition (NER) for this purpose; however, any stan-
dard linker such as (Gu et al., 2023; Mohammed
et al., 2018) or POS tags can also be used.

• For relations and attributes present in each
KoPL Python step:

– For each generated input, we retrieve the
top-10 most similar KG elements based on
datatype. The search is performed over the
KG schema (i.e., relations, attributes, and en-
tity types), rather than the full triple store.
We use a BERT-based semantic similarity
retriever (all-distilroberta-v19) to per-
form this retrieval.

– The fine-tuned SLM (MT ) serves a purely dis-
criminative role: Given a question q, it ranks
the top-10 candidates and selects the most rel-
evant one. It does not perform generation,
avoiding error compounding, and ensures KG
grounding is both question and model-aware.
An example prompt is shown in Figure 3.

Figure 3: KG Grounding Prompt

Note: Verifier grounding errors do not bias learn-
ing, since the ground truth program remains the
fixed preferred reference. False negatives may re-
duce training efficiency, but do not promote incor-
rect reasoning, while false positives are excluded
from training and, therefore, have no effect.
Execution: The grounded KoPL Python steps are
parsed based on the generated expression depen-
dency and converted into the standard KoPL format.
The transformed KoPL steps are then executed on
the KG according to the default KoPL executor
provided by (Cao et al., 2022) to obtain yq.

9https://huggingface.co/sentence-transformers/
all-distilroberta-v1
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Dataset KG Train Val Test

KQA Pro Wikidata 94,376 11,797 11,797
WebQSP Freebase 2,998 100 1,639

Table 1: Statistics of the Datasets used

4 Experiments

Our experiments answer the following research
questions:

1. How does PO-KGQA compare with other
alignment baselines in a low-resource setting?

2. How does the performance of PO-KGQA
vary with different SLMs and datasets?

3. What are the contributions of each PO-KGQA
component?

4.1 Datasets

We experiment with 2 datasets having different: (a)
question complexities; (b) underlying KG; and (c)
number of inference hops required (see Table 1).

1. KQA Pro (Cao et al., 2022): It contains
much harder and more complex QA pairs with
numerical quantities, concepts, and entities for
multi-hop compositional and numerical reasoning.
It contains questions that require up to 10-hops
answerable through enriched Wikidata KG.

2. WebQSP (Yih et al., 2016): This dataset is
based on Freebase KG and contains questions up
to 2-hops from Google query logs. It exhibits
more complex structures, i.e., isomorphisms (ISO-
4), compared to other datasets (Gu et al., 2021).
We discuss why we believe that further evalua-
tion on datasets such as GrailQA, LC-Quad 2.0,
etc. would not add new scientific insights into PO-
KGQA’s overall utility in the Appendix A.2.

4.2 Models

We select 7B Code SLMs, as they offer a strong
trade-off between performance and efficiency, be-
ing lightweight enough for single-GPU deploy-
ment while maintaining reasonable accuracy. After
evaluating several SLMs including Qwen2.5-Coder
(Hui et al., 2024), DeepSeek-R1-Distill (DeepSeek-
AI et al., 2025), and StarCoder2 (Lozhkov et al.,
2024), we selected the following top-performing
models for our experiments:

1. CodeLlama Instruct (7B) (Rozière et al.,
2023): A code-focused SLM built upon Llama 2.
It can follow programming instructions for various
programming tasks.

2. DeepSeek-Coder Instruct (6.7B) (DSC Ins.)
(Guo et al., 2024): This model is re-trained on a
high-quality project-level code corpus to enhance
code generation capabilities.

4.3 Baselines

We select the following 3 categories of baselines:
• Fully Supervised: We compare with fully

supervised state-of-the-art techniques for each
dataset. It includes KVMemNet (Miller et al.,
2016), EmbedKGQA (Saxena et al., 2020), Sub-
graph Retrieval (Zhang et al., 2022) for all datasets,
and:

1. KQA Pro: SRN, RGCN (Schlichtkrull et al.,
2018), BART + KoPL (Cao et al., 2022),
GraphQ IR (Nie et al., 2022).

2. WebQSP: DecAF (Yu et al., 2023).
• Few-Shot: We compare with few-shot tech-

niques that have shown state-of-the-art for each
dataset. It includes FlexKBQA (Li et al.,
2024b), SymKGQA (Agarwal et al., 2024),
CodeAlignKGQA10 (Agarwal et al., 2025) for all
datasets, and:

1. KQA Pro: LLM-ICL (SPARQL)11.
2. WebQSP: KB_BINDER (Li et al., 2023), KB-

Coder (Nie et al., 2024) and Pangu (Gu et al.,
2023). We use KB_BINDER(1) and KB-
Coder(1) settings for a fair comparison.

• Alignment: We compare with the following
state-of-the-art language model alignment tech-
niques, i.e. preference optimization and SFT, for
each dataset under the same experimental setting
(including Verifier and data sampling):
1. SFT (using Eq. 4).
2. STaR† (Zelikman et al., 2022).
3. Self-rewarding LLM† (Yuan et al., 2024).
4. Self-rewarding LLM† (Yuan et al., 2024).
5. ST-DPO† (Wang et al., 2024).
6. ChatKBQA (Luo et al., 2024) (for WebQSP).
Note that SPO and CPO are not applicable in our
setting; hence, they are not considered as baselines.

We also compare with the zero-shot setting of:
1. FlexKBQA (Li et al., 2024b);
2. KoPL generation with prompt P ;
3. InteractiveKBQA (Xiong et al., 2024) for

KQA Pro and KAPING (Baek et al., 2023) for
WebQSP.

10w/o code-correction for a fair comparison
11Alternative to Pangu for evaluation
†implemented for KGQA task and eliminated yd during

fine-tuning for a fair comparison
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Model Acc

fully supervised models

KVMemNet - 6.90
EmbedKGQA - 20.27

SRN - 11.84
RGCN - 29.12

Subgraph Retrieval (SE) - 22.82
BART + KoPL - 83.28

GraphQ IR - 79.13

few-shot models (100-shots)

FlexKBQA GPT-3.5 Turbo 42.68
LLM-ICL (SPARQL) GPT-3.5 Turbo 27.75
SymKGQA (KoPL) CodeLlama Ins. (34B) 51.10

CodeAlignKGQA (KoPL) CodeLlama Ins. (34B) 55.16
DSC Ins. (33B) 48.72

zero-shot models

KoPL generation CodeLlama Ins. (7B) 12.09
DSC Ins. (6.7B) 11.14

FlexKBQA GPT-3.5 Turbo 28.48
InteractiveKBQA GPT-4 Turbo 25.25

Alignment Techniques (low-resource fine-tuning)

SFT CodeLlama Ins. (7B) 52.5
DSC Ins. (7B) 43.85

Self-rewarding† CodeLlama Ins. (7B) 36.07
DSC Ins. (6.7B) 33.06

STaR† CodeLlama Ins. (7B) 18.13
DSC Ins. (6.7B) 10.32

ST-DPO† CodeLlama Ins. (7B) 33.06
DSC Ins. (6.7B) 42.28

PO-KGQA CodeLlama Ins. (7B) 61.07
DSC Ins. (6.7B) 45.4

-SFT CodeLlama Ins. (7B) 33.76
DSC Ins. (6.7B) 20.04

-Verifier CodeLlama Ins. (7B) 54.64
DSC Ins. (6.7B) 38.78

Table 2: PO-KGQA Results for KQA Pro on dev set.
Bold and underline denote best and second best perfor-
mance among alignment techniques. dagger(†) de-
notes re-implementation of baselines for KGQA task.

Refer to Appendix A.3 for more details on the tech-
niques adopted by each baseline.

4.4 Implementation and Hyper-parameters

SFT is performed on pre-trained SLM using LoRA
on low-resource data |D| = 1000. We use Structure-
Aware Logarithmic Stratified Sampling (Cohen
et al., 2011) to sample D from the train set. The
details are provided in Appendix A.4. The model
is fine-tuned over 3 epochs with a learning rate of
2e − 5. The LoRA rank is 32, the LoRA alpha is
32, and the LoRA dropout is 0.05. For RPO, the
values of α and β are 1 and 0.1 respectively, fine-
tuned with a learning rate of 2e− 5. The number
of iterations for RPO is T = 3. All experiments
were carried out on a server equipped with 2 V100
GPUs, each with 32GB of RAM. Pytorch12 and
Hugging Face13 are used to implement PO-KGQA.

12https://pytorch.org/
13https://huggingface.co/

Model Acc%

ChatGPT 24.96
Davinci-003 31.02

GPT-4 37.43
PO-KGQA 61.07

Table 3: Direct QA performance on KQA Pro

We use accuracy14 for KQA Pro and the F1 score
for WebQSP as evaluation metrics.

5 Results and Analysis

The results for each dataset are discussed in detail
in the following. While fully supervised, few-shot,
and zero-shot settings are not directly comparable
due to different levels of supervision, we include
them to provide an overall performance contrast.

5.1 Results on KQA Pro
The results of PO-KGQA for KQA Pro compared
to different baselines are shown in Table 2. As
shown, PO-KGQA with the CodeLlama Instruct
model outperforms all alignment techniques and
achieves a new state-of-the-art in low-resource
preference alignment techniques for KQA Pro.
Specifically, it beats Self-rewarding, STaR, and
ST-DPO by 25%, 43%, 28%, respectively. PO-
KGQA with CodeLlama performs 15% superior to
DSC Ins. The gain observed w.r.t. the base model
(see KoPL generation in zero-shot models in Ta-
ble 2) is 49% and 34% for CodeLlama and DSC
Ins, respectively. It outperforms all few-shot base-
lines that use strong LLMs as well. Specifically, it
outperforms CodeAlignKGQA by 6%, SymKGQA
by 10%, FlexKBQA by 18.4%, and LLM-ICL by
33.3% using CodeLlama Instruct. With DSC Ins,
it outperforms FlexKBQA and LLM-ICL while
it lags behind CodeAlignKGQA (DSC Ins.) and
SymKGQA by approx. 3% and 6% only.

The comparison with state-of-the-art LLMs is
shown in Table 3. As shown, even the state-of-
the-art LLMs are incapable of handling complex
natural language questions. PO-KGQA, on the
other hand, enhances the reasoning capability of
language models by optimizing them with CoS-like
preference data for correct logical form generation.
This demonstrates that SLMs that otherwise per-
form poorly for practical applications can now per-
form complex reasoning better than most existing
techniques by tuning them with preferred reasoning

14Each question in KQA Pro has only one answer; hence,
Hits@1 and Accuracy values will be the same.
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Figure 4: PO-KGQA performance over different itera-
tions with DeepSeekCoder-Instruct on KQA Pro

steps while explicitly avoiding dispreferred reason-
ing steps.

We present evidence of the model’s steady per-
formance improvement across iterations. Figure 4
shows the performance of DeepSeekCoder-Instruct
on KQA Pro over successive training iterations. As
shown, the performance improves significantly dur-
ing the first few iterations, reaches a plateau around
Iterations 3–5, and then gradually decreases as the
number of iterations increases further. This also in-
dicates that the self-feedback loop converges early,
and excessive iterations may lead to performance
degradation.

5.2 Results on WebQSP

The results of PO-KGQA for WebQSP compared to
different baselines are shown in Table 4. As shown,
PO-KGQA with the CodeLlama Instruct model
outperforms all alignment techniques and achieves
a new state-of-the-art in low-resource preference
alignment techniques for WebQSP. Specifically, it
beats Self-rewarding, STaR, and ST-DPO by 13%,
15.6%, 15%, respectively using CodeLlama. PO-
KGQA with CodeLlama performs 3.4% superior
to DSC Ins.

The gain observed w.r.t the base model (see
KoPL generation in zero-shot models) is 19.4%
and 20.8% for CodeLlama and DSC Ins, respec-
tively. It outperforms all few-shot baselines that
use strong LLMs as well. Specifically, it outper-
forms CodeAlignKGQA by 6%, 2.5%; FlexKBQA
by 14.5%, 10% using CodeLlama and DSC Ins,
respectively. It outperforms SymKGQA using
CodeLlama by 3.5% and performs nearly same us-
ing DSC Ins. PO-KGQA beats ChatKBQA under
similar resource setting by 4%.

Model F1

fully supervised models

KVMemNet - 46.7
EmbedKGQA - 66.6

DecAF - 78.8
Subgraph Retrieval - 66.7

few-shot models (100-shots)

FlexKBQA GPT-3.5 Turbo 60.6
KB_BINDER (1) Codex 52.5

KB-Coder (1) GPT-3.5 Turbo 55.7
Pangu Codex 54.5

SymKGQA (KoPL) CodeLlama Ins. (34B) 70.6
CodeAlignKGQA (KoPL) CodeLlama Ins. (34B) 68.12

zero-shot models

KoPL generation CodeLlama Ins. (7B) 54.66
DSC Ins. (6.7B) 49.84

FlexKBQA GPT-3.5 Turbo 46.2
KAPING T5-11B 24.91

Alignment Techniques (low-resource fine-tuning)

ChatKBQA Llama-2-7B 70.00

SFT CodeLlama Ins. (7B) 69.00
DSC Ins. (7B) 64.73

Self-rewarding† CodeLlama Ins. (7B) 61.31
DSC Ins. (6.7B) 38.63

STaR† CodeLlama Ins. (7B) 58.45
DSC Ins. (6.7B) 63.95

ST-DPO† CodeLlama Ins. (7B) 58.23
DSC Ins. (6.7B) 60.23

PO-KGQA CodeLlama Ins. (7B) 74.06
DSC Ins. (6.7B) 70.65

-SFT CodeLlama Ins. (7B) 55.33
DSC Ins. (6.7B) 59.9

-Verifier CodeLlama Ins. (7B) 21.9
DSC Ins. (6.7B) 15.21

Table 4: PO-KGQA Results for WebQSP

5.3 Ablation Study

We ablate the following core components of PO-
KGQA: (1) SFT initialization; (2) NLL loss term
in RPO; (3) KG Grounding in Verifier.

1. SFT initialization: We omit the ‘Initial
Model’ step and directly fine-tune the base model
Mb using the proposed RPO loss. As shown in
Table 2 (-SFT configuration), for KQA Pro, per-
formance decreases by 27.3% and 25.36%. For
WebQSP, as shown in Table 4, the performance
decreases by 18.7% and 14.16% with CodeLlama
and DSC Ins, respectively.

2. NLL loss term in RPO: We omit the NLL loss
term i.e., LNLL in LRPO to observe the perfor-
mance of PO-KGQA. Note that this is equivalent
to Self-rewarding baseline. As shown in Table
2 (Self-rewarding baseline), for KQA Pro, the
performance decreases by 25% and 12.34%. For
WebQSP, as shown in Table 4, the performance de-
creases by 12.75% and 32% with CodeLlama and
DSC Ins, respectively. This shows the importance
of LNLL as it focuses on learning the KoPL Python
steps closer to the ground truth.

3. KG Grounding in Verifier: We omit KG
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grounding in Verifier to observe the performance
of PO-KGQA. In replacement, the generated KoPL
Python steps are translated directly to the standard
KoPL format and executed on the KG to obtain the
answers. As shown in Table 2 (-Verifier configu-
ration), for KQA Pro, performance decreases by
7% and 6.6%. For WebQSP, as shown in Table 4,
the performance decreases by 52.16% and 55.44%
with CodeLlama and DSC Ins, respectively.
Note that, WebQSP relies on Freebase, which uti-
lizes more semantically complex relation identifiers
compared to the more intuitive and standardized
naming conventions of Wikidata on which KQA
Pro is based on. Therefore, a huge drop in the per-
formance is observed for WebQSP as compared
to KQA Pro as models struggle to correctly map
natural language to Freebase identifiers.

5.4 Observations
• On KQA Pro, 77.58% (CodeLlama) and

84.33% (DSC Ins) of correct answers were gen-
erated by programs that differed from the ground-
truth programs but were still valid. Similarly, on
WebQSP, the corresponding numbers are 70.81%
and 80.31%. These results highlight the importance
of incorporating KoPL steps during fine-tuning,
rather than relying solely on final answers as in
prior work.

• Structural metrics (e.g., tree-based edit dis-
tance) measure syntactic similarity but fail to cap-
ture semantic correctness. Programs that are struc-
turally similar can still produce incorrect results,
while semantically equivalent programs may differ
in structure. Since KGQA tasks often admit multi-
ple valid reasoning programs, such metrics can be
misleading. The results above further suggest that
structural metrics may underestimate true correct-
ness, and are therefore not used in evaluation.

• KQA Pro consists of: multi-hop, comparison,
logical, count, verify, zero-shot, and qualifier ques-
tions. The zero-shot category is OOD, with PO-
KGQA performing 72.38%.

• Statistical Significance: We conducted a
paired t-test against the closest baseline (SFT) on
1000 test samples over 100 random runs. A p-value
of 0.0315 (< 0.05) was obtained indicating that the
improvements are statistically significant.

• PO-KGQA can be used across a spectrum
of resource settings, from low to high. However,
we focus on the challenging low-resource setting,
where it demonstrates strong performance, high-
lighting its robustness and practical value.

• PO-KGQA applies to logical forms such as
SPARQL, S-expression by transforming them into
KoPL15.

5.5 Error Analysis

We analyze the following sources of error:
1. Entity Linking: The verifier’s incorrect link-

ing of entities and concepts is observed only in
KQA Pro, for 1.43% of the questions. No such
issues are observed in WebQSP.

2. Syntax Errors: After fine-tuning the syntax
errors in the KoPL python steps generated are seen
only for KQA Pro, for 15% of questions. No such
errors are seen for MetaQA and WebQSP

3. Incorrect KG Grounding by Verifier: The
wrong answers obtained due to incorrect grounding
of KG components (other than entities and con-
cepts) by the Verifier are observed in KQA Pro, for
11% and WebQSP, for 13% of the questions.

5.6 Compute Resources Utilized

To reiterate, we used 2 NVIDIA V100 GPU with 32
GB RAM for training and inference. On average,
it consumes the following GPU hours:

1. Training: 1 hours for each iteration; Inferenc-
ing: 4.2s for each KQA Pro question.

2. Training: 40 min for each iteration; Inferenc-
ing: 3.5s for each question of WebQSP.

6 Conclusion

We propose a novel framework, PO-KGQA: An
SLM-based preference optimization framework to
align preferences of logical form generation for
the complex KGQA task. We generate dynamic
preference data pairs of CoS-like reasoning steps
in each iteration without depending on any teacher
LLM. We modify the iterative RPO loss to gen-
erate preferred KoPL as Python code by eliminat-
ing dependency on the final answer. Our exten-
sive experiments on complex benchmarks such as
KQA Pro demonstrate that PO-KGQA surpasses
all other alignment and few-shot techniques. It
even surpasses most of the fully supervised state-
of-the-art baselines, setting a new benchmark for
various complex KGQA datasets. To the best of
our knowledge, our work is the first to optimize
SLMs to generate a preferred logical form for the
KGQA task. Our approach is interpretable and ap-
plicable to any symbolic logical form, independent
of underlying LLM knowledge about logical forms.

15https://github.com/Flitternie/GraphQ_Trans
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7 Limitations

There exist various alignment techniques, such as
Identity Preference Optimization (IPO) (Azar et al.,
2023) and Kahneman-Tversky Optimization (KTO)
(Ethayarajh et al., 2024) that are designed for classi-
fication or ranking tasks. On the other hand, KGQA
requires structured output generation (KoPL log-
ical form), which these methods are not readily
equipped to handle. One of the limitations of our
work is that we did not explore how IPO and KTO
can be used for KoPL logical form generation. An-
other limitation is that we use binary rewards while
creating preference pairs. Instead, we could de-
fine a reward based on the number of correct vs.
incorrect steps in a KoPL Python code and create
multiple preferred data points.

8 Risks

Our work does not have obvious risks that we are
aware of.
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A Appendix

A.1 Prompt used for PO-KGQA

The prompt used in PO-KGQA and all alignment
baselines is shown below. It consists of set of in-
structions followed by python equivalent function
definitions of KoPL functions.
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A.2 Dataset Comparison
A.2.1 Comparison with GrailQA

• Structural Analysis reveals that KQA Pro
is harder and well-rounded with questions
requiring upto 10-hops of reasoning, while
GrailQA is biased towards 1-hop queries. The
stats (in %) in Table 5 are based on (Cao et al.,
2022; Dutt et al., 2023).

Num hops GrailQA KQA Pro

1 77.9 26.3
2 21.5 23.8
3 0.6 38.8

4-10 0 11.2

Table 5: Structural Analysis

• Complexity Dimensions: The stats (in %) in
Table 6 are shown on additional complexity
dimensions based on (Dutt et al., 2023).

Dimension GrailQA KQA Pro

NRQ 16.2 45.1
Canonical logical form 4330 45563

Struct 22 135

Table 6: Complexity Dimensions

Where, NRQ - Numerical Reasoning Ques-
tions;
Canonical logical form - Number of distinct
SPARQL templates;
Struct - Number of distinct skeleton SPARQL
structures

• KG analysis: KQA Pro is based on a much
larger, widely used Wikidata while GrailQA
is based on Freebase. Our results on WebQSP,
also Freebase-based with up to 2-hop ques-
tions, indicate similarities between GrailQA
and WebQSP, except in scale. Notably, We-
bQSP exhibits a more complex structure, ISO-
4 (Isomorphisms). Stats (in %) in Table 7 are
from (Dutt et al., 2023).

Iso-Code GrailQA WebQSP

ISO-0 77.9 43.2
ISO-1 15.5 31.2
ISO-2 3.8 1.1
ISO-3 0.5 0.5
ISO-4 1.7 24

Table 7: KG analysis

A.2.2 Comparison with LC-Quad2.0
We chose KQA Pro over LC-Quad2.0 dataset for
our experimentation because of the following rea-
sons:

• The questions in this dataset are template-
based. Whereas, the questions in other
datasets such as KQA Pro and WebQSP are
not templatized and resemble more real-world
complex questions.

• Most of the questions in LC-Quad2.0 do not
involve complexities such as KG concepts,
literals, etc. Whereas most of the questions
in KQA Pro involve most of the KG com-
plexities that demand joint compositional and
numerical reasoning.

• The number of questions in test/val set of LC-
Quad2.0 is almost 4 times less than the num-
ber of questions in test/val set of KQA Pro.

Therefore, to demonstrate the robustness of our
approach on harder and larger complex benchmarks
we chose KQA Pro over LC-Quad2.0.

A.3 Baselines

• KVMemNet (Miller et al., 2016) performs
QA by first storing facts in a key-value struc-
tured memory before reasoning on them in
order to predict an answer. At each reason-
ing step, the collected information from the
memory is cumulatively added to the original
query to build context for the next reasoning
iteration.

• SRN (Qiu et al., 2020) model starts from the
question entity and uses a path search tech-
nique to predict the relation path sequence to
reach the target entity.

• RGCN (Schlichtkrull et al., 2018) uses a
graph convolution network-based technique to
encode the KG into graph form and perform
QA.

• EmbedKGQA (Saxena et al., 2020) uses KG
embeddings to perform multi-hop reasoning
using a RoBERTa-based question encoder.

• Subgraph Retrieval (Zhang et al., 2022) use
a dual-encoder that provides better retrieval
as compared to the existing retrieval methods.
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• BART + KoPL (Cao et al., 2022) is an end-to-
end generation model that directly produces
the corresponding KoPL program steps given
a question. It is worth noting that the pre-
trained BART model is forced to have the ca-
pability to memorize the relations and entities
present in the KG.

• GraphQ IR (Nie et al., 2022) proposes a
unified intermediate representation for graph
query languages, named GraphQ IR. It has a
natural-language-like expression that bridges
the semantic gap and formally defined syntax
that maintains the graph structure. A neu-
ral semantic parser is used to convert user
queries into GraphQ IR, which can be later
losslessly compiled into various downstream
graph query languages such as SPARQL,
Lambda DCS, etc.

• FlexKBQA (Li et al., 2024b) utilizing Large
Language Models (LLMs) as program trans-
lators. It leverages automated algorithms to
sample diverse programs, such as SPARQL
queries, from the knowledge base, which are
subsequently converted into natural language
questions via LLMs. They use this synthetic
dataset to facilitate training of a specialized
lightweight model for a KG.

• Pangu (Gu et al., 2023) is a recent state-of-
the-art KGQA model. It uses LLMs for dis-
crimination rather than generation for ground-
ing the generated draft. It incrementally con-
structs plans in a step-wise fashion to handle
large search spaces.

• KB_BINDER (Li et al., 2023) enables few-
shot learning for KBQA using LLMs through
two key stages: Draft Generation, where given
a question, an LLM generates a preliminary
“draft” logical form using few-shot examples;
and Knowledge Base Binding, where entities
and relations in the draft are grounded to the
target KG using string matching and similarity
search.

• LLM-ICL is an in-context learning-based
baseline we implement for KQA Pro using
GPT-3.5 Turbo. As there are no experimental
results of Pangu and KB_BINDER on KQA
Pro, we use LLM-ICL as an alternative. The
original implementation is using Codex model.
Codex model is now deprecated. Since KQA

Pro models do not include an entity linking
stage, LLM-ICL directly generates SPARQL
queries without further grounding stage, en-
suring a fair comparison.

• DecAF (Yu et al., 2023) jointly generates both
logical forms and direct answers and then
combines the merits of them to get the final an-
swers. They treat logical forms as regular text
strings just like answers during generation,
reducing efforts of hand-crafted engineering.
DecAF linearizes KG into text documents and
leverages free-text retrieval methods to locate
relevant sub-graphs.

• ChatKBQA (Luo et al., 2024) propose
generate-then-retrieve KBQA framework built
on fine-tuning open-source LLMs such as
Llama-2, ChatGLM2 and Baichuan2. It gen-
erates the logical form with fine-tuned LLMs
first, then retrieve and replace entities and
relations through an unsupervised retrieval
method.

• SymKGQA (Agarwal et al., 2024) propose
a Chain of Symbol (CoS) based promting
method with KoPL logical form. They use
open-source LLMs such as CodeLlama In-
struct, PaLM 2 and Llama 2 models to achieve
state-of-the-art performance in a few-shot set-
ting. They rely on underlying LLM for KG
structure inference for KoPL draft generation
and hence, suffers from high syntax error rate.

• KB-Coder (Nie et al., 2024) performs code-
style S-expression generation. It retrieves sim-
ilar relation for a given question and add it in
the prompt during logical form generation.

• CodeAlignKGQA (Agarwal et al., 2025) per-
forms code-style KoPL generation. It re-
trieves abstract facts relevant to the question
in an unsupervised manner. These facts are
then used to generate few-shot KoPL genera-
tion. Dynamic code-correction performs code-
correction based on program similarity for any
incorrect generation.

• InteractiveKBQA (Xiong et al., 2024) gen-
erates logical forms through direct interaction
with KG. They use examples to guide LLMs
through the reasoning processes. They decon-
struct the question into sub-query triples but,
this step is manual and hence, not scalable.

41990



• KAPING (Baek et al., 2023) Knowledge Aug-
mented language model PromptING (KAP-
ING) framework first retrieves the top-K simi-
lar triples to the question with the knowledge
retriever, and then augments them as the form
of the prompt.

• SFT performs vanilla fine-tuning using LoRA
with Prompt P appended with input ques-
tion and output as KoPL python steps. This
baseline is implemented with same hyper-
parameters as used for PO-KGQA.

• Self-rewarding LLMs (Yuan et al., 2024)
performs Iterative DPO fine-tuning to opti-
mize the final answer to match with the pre-
ferred answer. This baseline is implemented
with same hyper-parameters as used for PO-
KGQA.

• STaR (Zelikman et al., 2022) first perform
rationale generation. Rationales are then fil-
tered using ground truth answers. Fine-tuning
is then performed on the filtered rationales us-
ing SFT. This process is repeated for T itera-
tions. This baseline is implemented with same
hyper-parameters as used for PO-KGQA.

• ST-DPO (Wang et al., 2024) first performs
SFT on the generated preference data. Then
an alternate of DPO and SFT loss is applied
to update the model in an iterative manner.
This baseline is implemented with same hyper-
parameters as used for PO-KGQA.

A.4 Structure-Aware Logarithmic Stratified
Sampling

1. Sequence Extraction & Counting
Let P = {pi}Mi=1 be the ordered KoPL func-
tion sequences for each QA pair. For each
unique sequence s, compute its frequency

fs = |{ i : pi = s}| .

2. Logarithmic Weight Computation
Define a normalized weight for each se-
quence:

ws =
ln(fs + 1)∑
t∈S ln(ft + 1)

where, S is the set of all unique sequences.
Allocate an initial sample count via

as =
⌈
wsN

⌉
, N = 1000.

N = 1000 is chosen as a practical balance be-
tween the diversity of samples and the cost of
the verifier. Experiments with smaller/larger
values showed the same trends, confirming
that performance is not tied to a single num-
ber.

3. Total Alignment
Let,

T =
∑

s∈S
as.

• If T > N , decrement the largest
as (while maintaining as ≥ 1) until∑

s as = N .
• If T < N , increment the largest as until∑

s as = N .

4. Stratified Random Sampling
For each sequence s, uniformly sample as
distinct QA pairs from the set of all examples
with sequence s.

Guarantees

• Coverage: Ensures as ≥ 1 for all s, so every
structure is represented.

• Balance: Logarithmic scaling prevents very
frequent sequences from dominating.
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'''
You are a helpful and faithful python code generator that always follows the below specified rules:

- Please use the functions defined below to generate the expression corresponding to the question
step by step.↪→

- Use the training examples to understand the step generation process and stick only to the output
format provided in the training examples. Do not generate any explanation text.↪→

- Do not use entities and concepts outside of the list provided in each test question. If None is
mentioned in concept in question then it means that their is no concept present in the test
question and you can't generate any concept related function.

↪→
↪→
- Use Verify Functions as the last step of the program before STOP function.
- The datatypes are as follows:

- entities: list of entity type
- value: value of an attribute
- qvalue: value of a qualifier
- boolean: True or False
- relation: relation name
- facts: knowledge graph fact of the form (entity, predicate, object)

'''
def START():

'''
Initialize the expression
Parameters: None
Returns:

expression (any): initialize expression
'''
return 'START()'

def FIND(entity: str, expression: any) -> entities:
'''
Return all entities having the input entity as name in the knowledge graph
Parameters:

entity (str): input entity name
expression (any): the expression on which it will be executed

Returns:
expression (entities): evaluated expression of type entities

'''
assert isinstance(expression, any) == True
return 'FIND({}, {})'.format(entity, expression)

def FINDALL(expression: any) -> entities:
'''
Return all entities in the knowledge graph
Parameters:

expression (any): the expression on which it will be executed
Returns:

expression (entities): evaluated expression of type entities
'''
assert isinstance(expression, any) == True
return 'FINDALL({})'.format(expression)

def FILTERCONCEPT(concept: str, expression: entities) -> entities:
'''
Return entities that belongs to the input concept in the knowledge graph
Parameters:

concept (str): input concept name
expression (entities): functional input from the expression

Returns:
expression (entities): evaluated expression of type entities

'''
assert isinstance(expression, entities) == True
return 'FILTERCONCEPT({}, {})'.format(concept, expression)
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def FILTERSTR(attribute: str, value: str, expression: entities) -> tuple[entities, facts]:
'''
Return entities with the input attribute and value of string type in the knowledge graph
Parameters:

attribute (str): input attribute name
value (str): input attribute value of type string
expression (entities): functional input from the expression of type entities

Returns:
expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]

'''
assert isinstance(expression, entities) == True
return 'FILTERSTR({}, {}, {})'.format(attribute, value, expression)

def FILTERNUM(attribute: str, value: int, op: str, expression: entities) -> tuple[entities, facts]:
'''
Return entities with the input attribute and value of integer type and op in the knowledge graph
Parameters:

attribute (str): input attribute name
value (int): input attribute value of type integer
op (str): operator to be applied
expression (entities): functional input from the expression of type entities

Returns:
expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]

'''
assert isinstance(expression, entities) == True
return 'FILTERNUM({}, {}, {}, {})'.format(attribute, value, op, expression)

def FILTERYEAR(attribute: str, value: year, op: str, expression: entities) -> tuple[entities, facts]:
'''
Return entities with the input attribute and value of year and op in the knowledge graph
Parameters:

attribute (str): input attribute name
value (year): input attribute value of type year
op (str): operator to be applied
expression (entities): functional input from the expression of type entities

Returns:
expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]

'''
assert isinstance(expression, entities) == True
return 'FILTERYEAR({}, {}, {}, {})'.format(attribute, value, op, expression)

def FILTERDATE(attribute: str, value: date, op: str, expression: entities) -> tuple[entities, facts]:
'''
Return entities with the input attribute and value of date and op in the knowledge graph
Parameters:

attribute (str): input attribute name
value (date): input attribute value of type date
op (str): operator to be applied
expression (entities): functional input from the expression of type entities

Returns:
expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]

'''
assert isinstance(expression, entities) == True
return 'FILTERDATE({}, {}, {}, {})'.format(attribute, value, op, expression)

def QFILTERSTR(qualifier: str, qvalue: str, expression: tuple[entities, facts]) -> tuple[entities,
facts]:↪→
'''
Return entities with the input qualifier and qualifier value of string type in the knowledge graph
Parameters:

qualifier (str): input qualifier name
qvalue (str): input qualifier value of type string
expression (tuple[entities, facts]): functional input from the expression of type

tuple[entities, facts]↪→
Returns:

expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]
'''
assert isinstance(expression, tuple[entities, facts]) == True
return 'QFILTERSTR({}, {}, {})'.format(qualifier, qvalue, expression)
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def QFILTERNUM(qualifier: str, qvalue: int, op: str, expression: tuple[entities, facts]) ->
tuple[entities, facts]:↪→
'''
Return entities with the input qualifier and qualifier value of integer type and op in the

knowledge graph↪→
Parameters:

qualifier (str): input qualifier name
qvalue (int): input qualifier value of type integer
op (str): operator to be applied
expression (tuple[entities, facts]): functional input from the expression of type

tuple[entities, facts]↪→
Returns:

expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]
'''
assert isinstance(expression, tuple[entities, facts]) == True
return `QFILTERNUM({}, {}, {}, {})'.format(qualifier, qvalue, op, expression)

def QFILTERYEAR(qualifier: str, qvalue: year, op: str, expression: tuple[entities, facts]) ->
tuple[entities, facts]:↪→
'''
Return entities with the input qualifier and qualifier value of year and op in the knowledge graph
Parameters:

qualifier (str): input qualifier name
qvalue (int): input qualifier value of type year
op (str): operator to be applied
expression (tuple[entities, facts]): functional input from the expression of type

tuple[entities, facts]↪→
Returns:

expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]
'''
assert isinstance(expression, tuple[entities, facts]) == True
return 'QFILTERYEAR({}, {}, {}, {})'.format(qualifier, qvalue, op, expression), entities

def QFILTERDATE(qualifier: str, qvalue: date, op: str, expression: tuple[entities, facts]) ->
tuple[entities, facts]:↪→
'''
Return entities with the input qualifier and qualifier value of date and op in the knowledge graph
Parameters:

qualifier (str): input qualifier name
qvalue (int): input qualifier value of date
op (str): operator to be applied
expression (tuple[entities, facts]): functional input from the expression of type

tuple[entities, facts]↪→
Returns:

expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]
'''
assert isinstance(expression, tuple[entities, facts]) == True
return 'QFILTERDATE({}, {}, {}, {})'.format(qualifier, qvalue, op, expression)

def RELATE(relation: str, expression: entities) -> tuple[entities, facts]:
'''
Return entities that have the input relation with the given entity in the knowledge graph
Parameters:

relation (str): input relation name
expression (entities): functional input from the expression of type entities

Returns:
expression (tuple[entities, facts]): evaluated expression of type tuple[entities, facts]

'''
assert isinstance(expression, entities) == True
return 'RELATE({}, {})'.format(relation, expression)
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def QUERYATTR(attribute: str, expression: entities) -> value:
'''
Return the attribute value of the entity in the knowledge graph
Parameters:

attribute (str): input attribute name
expression (entities): functional input from the expression of type entities

Returns:
expression (value): evaluated expression of type value

'''
assert isinstance(expression, entities) == True
return 'QUERYATTR({}, {})'.format(attribute, expression)

def QUERYATTRQUALIFIER(attribute: str, value: str, key: str, expression: entities) -> qvalue:
'''
Return the qualifier value of the fact (Entity, Key, Value) in the knowledge graph
Parameters:

attribute (str): input attribute name
value (str): input value of type string
key (str): input key of type string
expression (entities): functional input from the expression of type entities

Returns:
expression (qvalue): evaluated expression of type qvalue

'''
assert isinstance(expression, entities) == True
return 'QUERYATTRQUALIFIER({}, {}, {}, {})'.format(attribute, value, key, expression)

def QUERYRELATION(expression_1: entities, expression_2: entities) -> relation:
'''
Return the relation between two entities in the knowledge graph
Parameters:

expression_1 (entities): functional input from the expression of type entities
expression_2 (entities): functional input from another expression of type entities.

expression_1 and expression_2 should be different.↪→
Returns:

expression (relation): evaluated expression of type relation
'''
assert isinstance(expression_1, entities) == True
assert isinstance(expression_2, entities) == True
return 'QUERYRELATION({}, {})'.format(expression_1, expression_2)

def QUERYRELATIONQUALIFIER(relation: str, qualifier: str, expression_1: entities, expression_2:
entities) -> qvalue:↪→
'''
Return the qualifier value of the fact in expressions from the knowledge graph
Parameters:

relation (str): input relation name
qualifier (str): input qualifier name
expression_1 (entities): functional input from the expression of type entities
expression_2 (entities): functional input from another expression of type entities.

expression_1 and expression_2 should be different.↪→
Returns:

expression (qvalue): evaluated expression of type qvalue
'''
assert isinstance(expression_1, entities) == True
assert isinstance(expression_2, entities) == True
return 'QUERYRELATIONQUALIFIER({}, {}, {}, {})'.format(relation, qualifier, expression_1,

expression_2)↪→
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def SELECTBETWEEN(attribute: str, op: str, expression_1: entities, expression_2: entities) -> str:
'''
From the two entities, find the one whose attribute value is greater or less and return its name

in the knowledge graph↪→
Parameters:

attribute (str): input attribute name
op (str): operator to be applied
expression_1 (entities): functional input from the expression of type entities
expression_2 (entities): functional input from another expression of type entities.

expression_1 and expression_2 should be different.↪→
Returns:

expression (str): evaluated expression of type string
'''
assert isinstance(expression_1, entities) == True
assert isinstance(expression_2, entities) == True
return 'SELECTBETWEEN({}, {}, {}, {})'.format(attribute, op, expression_1, expression_2)

def SELECTAMONG(attribute: str, op: str, expression: entities) -> str:
'''
From the entity set, find the one whose attribute value is the largest or smallest in the

knowledge graph↪→
Parameters:

attribute (str): input attribute name
op (str): operator to be applied
expression (entities): functional input from the expression of type entities

Returns:
expression (str): evaluated expression of type string

'''
assert isinstance(expression, entities) == True
return 'SELECTAMONG({}, {}, {}, {})'.format(attribute, op, expression)

def QUERYATTRUNDERCONDITION(attribute: str, qualifier: str, value: str, expression: entities) ->
value:↪→
'''
Return the attribute value whose corresponding fact should satisfy the qualifier key in the

knowledge graph↪→
Parameters:

attribute (str): input attribute name
qualifier (str): input qualifier name
value (str): input value of type string
expression (entities): functional input from the expression of type entities

Returns:
expression (value): evaluated expression of type value

'''
assert isinstance(expression, entities) == True
return 'QUERYATTRUNDERCONDITION({}, {}, {}, {})'.format(attribute, qualifier, value, expression)

def VERIFYSTR(value: str, expression: value) -> boolean:
'''
Return whether the value is equal as string with the expression
Parameters:

value (str): input value of type string
expression (value): functional input from the expression of type value

Returns:
expression (boolean): evaluated expression of type boolean

'''
assert isinstance(expression, value) == True
return 'VERIFYSTR({}, {})'.format(value, expression)

def VERIFYNUM(value: int, op: str, expression: value) -> boolean:
'''
Return whether the value satisfies the op condtion as integer with the expression
Parameters:

value (str): input value of type integer
op (str): operator to be applied
expression (value): functional input from the expression of type value

Returns:
expression (boolean): evaluated expression of type boolean

'''
assert isinstance(expression, value) == True
return 'VERIFYNUM({}, {}, {})'.format(value, op, expression)41996



def VERIFYYEAR(value: year, op: str, expression: value) -> boolean:
'''
Return whether the value satisfies the op condtion as year with the expression
Parameters:

value (str): input value of type year
op (str): operator to be applied
expression (value): functional input from the expression of type value

Returns:
expression (boolean): evaluated expression of type boolean

'''
assert isinstance(expression, value) == True
return 'VERIFYYEAR({}, {}, {})'.format(value, op, expression)

def VERIFYDATE(value: date, op: str, expression: value) -> boolean:
'''
Return whether the value satisfy the op condition as date with the expression
Parameters:

value (str): input value of type integer
op (str): operator to be applied
expression (value): functional input from the expression of type value

Returns:
expression (boolean): evaluated expression of type boolean

'''
assert isinstance(expression, value) == True
return 'VERIFYYEAR({}, {}, {})'.format(value, op, expression)

def AND(expression_1: entities, expression_2: entities) -> entities:
'''
Return the intersection of the input expressions
Parameters:

expression_1 (entities): functional input from the expression of type entities
expression_2 (entities): functional input from another expression of type entities.

expression_1 and expression_2 should be different.↪→
Returns:

expression (entities): evaluated expression of type entities
'''
assert isinstance(expression_1, entities) == True
assert isinstance(expression_2, entities) == True
return '(AND {}, {})'.format(expression_1, expression_2)

def OR(expression_1: entities, expression_2: entities) -> entities:
'''
Return the union of the input expressions
Parameters:

expression_1 (entities): functional input from the expression of type entities
expression_2 (entities): functional input from another expression of type entities.

expression_1 and expression_2 should be different.↪→
Returns:

expression (entities): evaluated expression of type entities
'''
assert isinstance(expression_1, entities) == True
assert isinstance(expression_2, entities) == True
return '(OR {}, {})'.format(expression_1, expression_2)

def COUNT(expression: entities) -> int:
'''
Return the count of elements
Parameters:

expression (entities): functional input from the expression of type entities
Returns:

expression (int): evaluated expression of type integer
'''
assert isinstance(expression, entities) == True
return '(COUNT {})'.format(expression)

def STOP(expression: any):
'''
Stop and return the expression
'''
return expression
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