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Abstract—Program induction is a typical approach that helps
Large Language Models (LLMs) in complex knowledge-intensive
question answering over knowledge bases (KBs) to alleviate the
hallucination of LLMs. However, accurate program induction
requires extensive high-quality parallel data for a specific KB,
which is scarce for low-resource KBs. Moreover, the heterogeneity
of questions and KB schemas limits the transferability of models
trained on a single dataset. To this end, we propose REPANA,
a reasoning path navigated program induction framework that
enables LLMs to reason over heterogeneous KBs. We decouple
the program induction into perceiving the KB and mapping
questions to program sketches. Accordingly, our framework
consists of (1) an LLM-based navigator, which retrieves reasoning
paths of the input question from the given KB; (2) and a
KB-agnostic parser trained on multiple heterogeneous datasets,
which takes the retrieved paths and the question as input and
generates the corresponding program. Experiments show that
REPANA exhibits strong generalization and transferability. It
can directly perform inference on datasets not seen during train-
ing, outperforming other state-of-the-art low-resource methods,
even approaching the performance of supervised methods.

Index Terms—Knowledge base Question Answering, Low-
Resource NLP, Parameter-Efficient Fine-Tuning

I. INTRODUCTION

Recently, incorporating knowledge bases (KBs) as external
knowledge to augment large language models (LLMs) [1] in
knowledge-intensive question answering has become a typical
approach [2]-[4] to address the challenge of hallucination [5],
which describes the tendency that LLMs often confidently
make up that is factually incorrect content.

To leverage KBs for question answering, there are two
typical methods. The first is program induction (PI) [6] that
translates a given question into an interpretable logical form,
such as KoPL [7] or SPARQL [8], which is executable against
the KB to obtain the answer. To generate more accurate
programs, some approaches [9] retrieve relevant information
from the KB before generation, others [10] introduce ques-
tion—program pairs as demonstrations, or employ instruction
tuning [11] to train the model. these works typically require

Corresponding author: houlei@tsinghua.edu.cn

training on a single KB with a large number of question-
program pairs, whose collection demands substantial human
labor. The second is the agent-based method [2], [12], [13] that
uses LLMs to dynamically explore the knowledge graph step
by step with predefined reasoning actions and tools that can
interact with KBs. However, these methods may be restricted
by the incompleteness of the action space, unable to answer
questions that require complex reasoning operations. Although
[14] defines a comprehensive toolbox, learning to use complex
tools still relies on large amounts of training data. More
importantly, agent-based methods struggle with questions that
lack a topic entity, since these questions offer no starting point
for the LLM to initiate graph search.

In this paper, we propose REPANA, a reasoning path
navigated PI framework that enables LLMs to reason over
heterogeneous KBs, aiming to improve data efficiency and
cross-KB generalization while retaining the interpretability
and execution efficiency of symbolic programs. Inspired by
recent studies [15], we hypothesize that general reasoning
ability—i.e., mapping a question to a composition of program
functions—is transferable across KBs. Unlike existing PI
models that jointly learn the KB schema and the question-
to-program mapping from parallel data, our approach decou-
ples the reasoning process on KB into two stages, which
corresponds to two key modules in the framework. The first
is the LLM-based KB navigator that locates the reasoning
path corresponding to the input question. The reasoning path
provides the necessary program arguments, such as relation
labels, allowing the system to capture the local schema of
the KB. The second is the KB-agnostic parser trained on
rich-resource KB, which primarily learns program syntax and
grammar as well as how to map questions to program sketches
with the guidance of the extracted reasoning path.

Through this novel two-stage design, we ensure retrieval ef-
ficiency and accuracy, reducing noise while enabling reasoning
on low-resource KBs without additional training. Specifically,
in the first stage, we design an LLM-based KB-walk search
strategy similar to beam search. We first select a root based
on the topic entity or concept in the question. Starting from



the root, the navigator selects the most relevant relations in
each walking step and returns the most viable path through
backtracking. In the second stage, to prevent the parser from
memorizing the KB schema and increase the diversity of
training data, we expand the rich-resource KB into more
diverse training data through paraphrasing. Then we perform
instruction tuning on these data, which takes both the question
and the retrieved reasoning path as input, selects the necessary
elements from the reasoning path as arguments, and generate
the final program. The LLM-based KB navigator is training-
free and the KB-agnostic parser is trained once on a resource-
rich KB, therefore REPANA effectively addresses the chal-
lenge of transferring to new, unseen low-resource KBs.
Extensive experiments demonstrate that REPANA outper-
forms state-of-the-art(SoTA) low-resource PI methods with up
to 20 times smaller backbone model, even approaching the
performance of supervised methods. Our contributions in this
paper include: (1) proposing REPANA, a novel reasoning
path navigated program induction framework for heteroge-
neous low-resource datasets; (2) designing a novel two-stage
generation strategy that utilizes a retrieved reasoning path from
KB to train a KB-agnostic parser for program induction; (3)
demonstrating the effectiveness of our decoupled two-stage
generation strategy through extensive experiments.

II. RELATED WORK
A. Knowledge Base Question Answering

Knowledge Base Question Answering (KBQA) aims to
answer natural language questions based on fact triples stored
in the KB, such as Wikidata [16] and Freebase [17]. Typical
methods for solving KBQA can be broadly divided into
two groups: (1) program induction-based method, which con-
verts questions to executable logical forms called program.
The programs are usually generated by step-by-step graph
search [2], [6], [18] or by sequence-to-sequence model trained
with parallel data [9], [15], [19]; (2) information retrieval-
based method, which usually outputs the answer by retrieving
triples and subgraphs related to the question from KB or
embedded memory [20]-[22]. Recent works [12], [18] that
leverage LLMs as agents to explore the KB also belong to
this group. They search the KB by prompting the LLMs step
by step for the next action. However, they can only handle a
limited range of questions with their pre-defined actions, and
cannot easily adapt between different KBs.

B. Low-resource Program Induction

One line of work is utilizing the in-context-learning ability
of LLMs to perform few-shot program generation [10], [13],
[23], but their performance usually is limited by the context
window. They also face challenges in distinguishing similar
schema items in the KB, causing models to overly rely on post-
processing steps like relation linking. A variation [24] is using
LLMs to few-shot generate question given the program, then
training a smaller model with the generated pseudo pairs. But
their programs either come from existing datasets or templates,
leading to insufficient diversity and scalability.

The other line is program transfer method, which leverages
the annotation from rich-resource KB to aid program induction
for low-resource KB. ProgramTransfer [15] proposes a two-
stage parsing framework that first generates the program
sketch, then fills in the rest arguments by searching the KB.
However, due to the heterogeneity, it performs poorly without
fine-tuning using annotated data from low-resource KB. KB-
plugin [25] proposes a plug-and-play framework that encodes
the KB schema into the parameters of a LoRA [26] module.
But parameterizing the KB may introduce additional errors
and result in a loss of interpretability.

We follow the second line of work, aiming to address the
challenge of transferability, interpretability, and accuracy at
the same time.

III. PRELIMINARY

In this section, we introduce the formal definition of the
knowledge base and then formulate our task.
Knowledge Base (KB). A knowledge base can be formally
described by G = {£,C, R, T}, where £, C, R and T denote
the set of entities, concepts, relations and triples, respectively.
Each entity e € £ is assigned a unique ID and belongs to
one or more concepts ¢ € C. The relation set R contains the
special relation r. =“instanceOf”, r. = “subClassOf”
and the general relation set R, = {r;}. Given &£, C and R, T
can be divided into three subsets: (1) “instanceOf” triple
set Te = {(e,7e,c)le € E,c € C} 5 (2) “subClassOL” triple
set T = {(¢i, e, ¢5)|ci, ¢; € C}s (3) general relation set 7; =
{(es,m1,€j)|es, e5 € E}.
Program. In this work, we choose KoPL [7] as the
program language, for it is well modularized and LLM-
friendly [27]. KoPL is composed of symbolic functions
with arguments arranged in tree structure. Each function
defines a fundamental operation in KB. This tree y =
(filargr),---, filargs),---, fiy/(argp,|)) can be serialized
with post-order traversal, where f; € F,arg; € EUCUR,U{D}

IV. METHOD

In this section, we introduce the main components of
REPANA framework and how they work together.

The key challenge in transferable reasoning is that parsers
trained on a certain KB tend to overfit to the underlying
schema, which hinders their generalization to unseen KBs. To
mitigate this issue, we design two independent modules for
KB awareness and logical form generation, forming a two-
stage retrieval-generation paradigm, as shown in Fig. 1.

The framework generally follows the retrieve-and-generate
paradigm. In the training phase of the KB-agnostic parser, we
first employ the KB navigator module to extract the reasoning
path pg of the input question ¢g from the source KB. To
increase the diversity of training data, we apply n rounds of
paraphrasing to both the questions and the schema items in the
source KB (see Section IV-B1). This results in n versions of
the dataset, Q° = {Q°1,Q%2,--- , Q% }, each paired with its
corresponding reasoning path pg, extracted from the expanded
KBs KB® = {KB% KB, ... /KB%}. We then merge
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Fig. 1: An illustration of the training

these variants to construct an instruction training set D% =
{(g,p,0)}. After instruction tuning the KB-agnostic parser on
this mixed dataset, the model is ready to perform inference on
the target low-resource KB K B”'. In the inference phase, the
framework first retrieves the reasoning path pr from the target
KBT. 1t then feeds the input question ¢r and the retrieved
path pr, along with instructions, into the parser, which finally
generates an executable program for K BT

In the following sections, we present the implementation de-
tails of the main components of our framework: KB Navigator
(Section IV-A) and KB-agnostic parser (Section IV-B).

A. KB Navigator

Given a question, the KB navigator leverages its underlying
KB to identify the corresponding reasoning paths. We design
a KB-walk search strategy based on two observations: (1)
despite schema differences, all KBs share a graph-structured
organization, enabling a unified graph-walk algorithm; and
(2) LLMs effectively select question-relevant relations from
candidate sets without additional fine-tuning, making them
suitable for unsupervised navigation.

1) Root Entity Selection: For methods that leverage LLMs
to explore and reason on the knowledge graph step by step, it
is necessary to select one or more root entities as the starting
points. For question that contains topic entities, we directly use
them as the root entities the same as previous methods. such
as “Mt.Blanc” in question “How high is Mt. Blanc”. However,
this simple solution are unable to handle questions that do not
contain a topic entity.

For questions without explicit topic entities, we sample root
entities from those associated with the concept mentioned in
the question. For example, for “Which mountain is the highest
in the world?”, entities under the concept mountain (e.g.,
Mount Fuji) can serve as pseudo-topic entities for exploration.
This is based on the observation that conceptually similar
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and inference of REPANA framework.

entities tend to share relations. Since our framework focuses
on retrieving relation names for the reasoning path—rather
than identifying intermediate entities or the final answer—we
can use a pseudo-topic entity as the root. In practice, given a
concept ¢, we sample the entity e, from {e | (e,7¢,c)} that
maximizes coverage of relations.

2) Reasoning Path Construction: We first summarize com-
mon characteristics of most knowledge bases (KBs). Follow-
ing the formalization in Section III, we define three basic
knowledge elements in a KB: entities, concepts, and relations.
These elements largely follow their standard semantics, except
that we use the term “relation” in a broader sense to cover
both inter-entity relations (e.g., part of) and attribute—value
associations (e.g., population), which we uniformly treat as
relations throughout this paper.

We use entities e and relations 7 to form the core structure
of a reasoning path. A reasoning path is denoted as p, =
ler, (start),ry,- -+ , 7], where e, is the root entity and k is
the walk length. Depending on the question, a concept ¢ may
be appended to p, to facilitate parsing. When multiple root
entities e,;~; exist, the KB navigator returns a set of paths
P = p., one per root entity. These paths may partially overlap,
and all are passed to the parser in the next stage.

3) KB-walk Search Process: The KB-walk process consists
of four steps: initialize, filter relations, filter entities, and
backtrack & rank. Steps 2 and 3 are iterated for up to k
rounds, where k is the maximum walk length. The process
may terminate early if the same relation is repeatedly selected.
Initialize. The KB navigator initializes the root entities
{e,}"_, as described in Section IV-A1l. These roots are ob-
tained from topic entities or concepts provided by the dataset.
While off-the-shelf named entity recognition models can be
used, entity extraction is not the focus of this work.

Filter relations. This step explores candidate relations for
advancing the walk. In the ¢-th round, the start entities are



denoted as F; = {e1;,...,¢ep,}, where b = m when i = 1 and
otherwise equals the beam size. We query the KB to retrieve
all incoming and outgoing relations associated with each entity
in E;, forming a candidate relation set R;. Given the question
and E;, the LLM selects up to b relations (or returns no
answer), yielding a filtered set F;. In Fig 1, E; = {France},
R; = {(highest point, part of, head of state, country)}, and
F; = {highest point, country}.

Filter entities. This step advances the walk along the selected
relations Fj. Starting from FE;, we query the KB to obtain
candidate target entities for each relation in Fj, forming
buckets of entities £. One entity is selected from each bucket
to construct F;y; for the next round. To reduce inference
cost, we can randomly select entities instead of using LLMs,
assuming entities reached by the same relation share similar
types and relational patterns. This simplification is effective
since intermediate entities are not explicitly included in the
reasoning path. In Fig 1, the £ = {(Mt. Blanc),(Louvre,
Aiguille du Midi)} and E;; = {Mt. Blanc, - -- }.
Backtrack & rank. Finally, we backtrack from the leaf
nodes to the root entities to collect reasoning paths of varying
lengths. All candidate paths are then ranked by the LLM
according to their relevance to the question. Relation directions
are preserved and explicitly tagged in each path.

B. KB-agnostic Parser

1) Training Data Expansion: To increase training
diversity, we expand the dataset into n paraphrased
variants. Both the input questions and the schema items
in the output programs are paraphrased. Given a data
triple (g, p, 0)—for example, ¢ = “Height of Mt. Blanc?”,
p = [Mt. Blanc, (start), elevation above sea], and o =
Find(Mt. Blanc).QueryAttribution(elevation above sea)—we
first prompt the LLM to paraphrase relation names and record
the mappings between original and paraphrased relations
(e.g., “elevation above sea” — “altitude”). We then replace
the original relations in both p and o, yielding p’ and o', and
paraphrase the question to obtain a new triple (¢’,p’, o).

In this way, we expand the original KB into n variations
KBS = {KB® KB*%,... KB®'} along with dataset Q°.
By performing instruction tuning on these data, the parser is
encouraged to focus on the program sketches (i.e., function
names and their composition) rather than memorizing specific
schema items from the source KB.

2) Navigation-Guided Instruction Tuning: To mitigate
schema overfitting and improve cross-KB transferability, we
employ a navigation-guided instruction tuning strategy in
which reasoning paths are explicitly provided as part of the
input. Although these paths may contain noise, the training
objective encourages the parser to denoise and recover the
correct executable program.

As described above, we collect n paraphrased variants of
each question together with their corresponding reasoning
paths from paraphrased KBs, forming the dataset D° =
{(g,p,0)}. For instruction tuning, entity identifiers (e.g.,
m.0£819c) are converted into human-readable names (e.g.,

France). All samples are then normalized into a unified
format, where ¢ and p are placed in the input field and
o in the output field, as illustrated in Fig. 1. The instruction
prompt is kept consistent across training and evaluation.

3) Parameter Efficient Fine-tuning: We adopt parameter-
efficient fine-tuning using LoRA [26], which introduces a
small number of trainable parameters via low-rank adaptation
modules. Specifically, for a weight matrix W; € R™*™ in
the backbone LLM, LoRA modifies the forward computation
from h = Wz to h = (W; + A;B;)x, where A; € R™*"
and B; € R™" with r <« min(m,n). During training,
W, is frozen and only A; and B; are updated. This design
substantially reduces training cost while enabling the use of
larger backbone models.

4) Inference: During inference, we apply a post-verification
step consisting of direction and relation checks. This module
validates the generated program against both the reasoning
path and the target KB, correcting two common error cases:
(1) incorrect relation directions despite correct cues in the rea-
soning path, and (ii) semantically similar but invalid relation
labels produced when the true schema item is absent from the
path. In the latter case, the generated label is replaced with
the closest matching relation in the KB. This lightweight rule-
based verification significantly improves final accuracy.

V. EXPERIMENTS
A. Datasets

Rich-resource Dataset. KQA Pro [7] is a widely used, well-
annotated KBQA benchmark built on Wikidata. We sample
from it to construct a 60K training set consisting of questions
that require 2—4 relational steps (i.e., multi-hop reasoning).
Low-resource Datasets. In addition to KQA Pro, we adopt
GrailQA [6], WebQuestions Semantic Parses (WebQSP) [28],
ComplexWebQuestions (ComplexWQ) [29], and MetaQA [30]
as low-resource target datasets. The first three are built
on Freebase, a general-domain KB, while MetaQA is built
on WikiMovies, a domain-specific KB focused on movies.
MetaQA is further divided into subsets by reasoning hops,
enabling fine-grained evaluation under single-hop and multi-
hop settings. Since most relations in MetaQA overlap with
those in KQA Pro, we remove overlapping schema items from
the KQA Pro training set to avoid leakage. We use the KQA
Pro test set to evaluate generalization under mixed training
data, and the test sets of the remaining datasets to assess cross-
KB and cross-domain transferability.

For evaluation, following prior work [7], [25], we report
F1 scores on GrailQA, WebQSP, and ComplexWQ, as these
datasets may contain multiple correct answers. For MetaQA
and KQA Pro, we use Hit@1.

B. Baselines

We compare our method with representative KBQA ap-
proaches, grouped into supervised and low-resource methods.
Supervised methods train models using labeled ques-
tion—program pairs from the target KB. These include RnG-



KBQA [9], RoG [31], SubgraphRAG [32], UniKGQA [18],
ChatKBQA [11], and KG-Agent [14].
Low-resource methods aim to reduce or eliminate reliance on
labeled data from the target KB, including few-shot, transfer,
and training-free approaches. We consider KB-Binder [10],
StructGPT [2], Pangu [13], ToG [12], PoG [33], Program-
Trans [15], and KB-Plugin [25].

To ensure fairness, we report results either from the original
papers or from our own reimplementations using backbone
models with comparable parameter scales.

C. Implementation

In experiments, we use LLaMA-3-8B-Instruct [34], and
Qwen2.5-7B-Instruct [35] as backbone LLMs for training
the parser. We use PEFT [36] framework for parameter-
efficient model training. The parameter of LoRA is set to
r = 8,a = 32. With respect to the KB navigator, we use
GPT-40 [1] as the navigation LLM and set the beam size to
5 and walk range to 3. We utilize 4xA100 GPUs to train
the parser for 5 epochs with learning rate le — 4, batch size
64, gradient accumulation 2 and weight decay 0.01, with total
time cost of about 20 gpu hours.

VI. RESULTS
A. Main Results

We primarily compare REPANA with low-resource meth-
ods. Results are reported in Tables I and II.

In Table I, the three datasets are all unseen during training.
On GrailQA and WebQSP, REPANA outperforms other low-
resource methods by a large margin, despite models like
StructGPT and Pangu using much larger backbone models, and
is even comparable to some supervised methods. This indicates
that REPANA performs excellently on questions with fewer
inference hops in WebQSP. We believe this is because our
framework can accurately provide paths in the target KB that
include the correct relations for the parser to select from,
thus generating correct programs. It is worth noting that when
reproducing StructGPT, ToG, PoG on GrailQA, as expected,
we observe that their performance is significantly affected by
questions with no topic entity.

On the more difficult ComplexWQ dataset that involves
longer reasoning chains, our method only outperforms PoG
by 1.5%. In our observations, we found that it is probably due
to the error accumulation in longer paths.

Regarding MetaQA, since its KB is relatively small, most
recent low-resource methods have achieved or even surpassed
supervised methods, and REPANA also reaches state-of-the-
art performance. We noticed that all methods perform bad on
1-hop set compared to 2-hop sets. For REPANA, it is because
the 1-hop set contains queries with attribute-based entity
lookup, which is currently not supported by our framework.

Table II presents the result on the dev set of KQA Pro.
We use the dev set so that we can exclude questions that
have schema overlap with the training set, so it can actually
be regarded as zero-shot on unseen KB schema items, but
we still put REPANA into the supervised group. The results

indicate that our performance on KQA Pro is comparable to
supervised SoTA. Considering the fact that we did not use the
complete training set, we can safely conclude that, REPANA
generalizes well on the paraphrased heterogeneous training set.

B. Ablation Study

1) Reasoning Path Effectiveness Evaluation: To validate
the importance of the structure of reasoning path as part of
the input, we compare parsers that trained with three input of
KB information: (1) gold program and reasoning path; (2) gold
program and lists of schema items (entity, relation, concept)
(3) gold program only with no KB information.

Results in Table III indicate that, in addition to providing
the correct schema item names from the target KB, the struc-
tural information contained in the reasoning paths is crucial
for transfer performance. When the input includes only the
relevant schema items but omits their structural relationships,
the model struggles to organize them correctly, leading to a
significant performance drop. Furthermore, a parser trained
solely on program-question pairs from the training set fails to
generalize to heterogeneous KBs. Notably, this performance
is even lower than directly prompting an LLM for the an-
swer, further highlighting the challenge of transferring across
knowledge bases in KBQA.

2) Data Expansion Effectiveness Evaluation: To evaluate
the effectiveness of our data expansion strategy with para-
phrase, we compare REPANA models trained on the original
KQA Pro dataset and on its variants containing different
numbers of paraphrased versions, using Qwen-2.5-7B-Instruct
as the backbone parser model.

The results in Table IV show that REPANA, without data
expansion, achieves performance on WebQSP comparable to
other low-resource methods such as KB-Plugin and Pangu,
relying solely on the input reasoning path. In contrast, incor-
porating expanded data consistently improves transfer perfor-
mance on heterogeneous datasets. Adding three expanded ver-
sions yields about a 6% improvement over the original KQA
Pro. These results suggest that integrating more heterogeneous
training data from additional KBs could further enhance the
model’s transferability.

3) Intermediate Entity Selection and Post-Verification: We
evaluate two components of our framework using Qwen-
2.5-7B-Instruct: intermediate entity selection during reasoning
path retrieval (described in Section IV-A3) and the post-
verification module after program generation (Section IV-B4).
For entity selection, we compare LLM-guided selection with
random selction, while post-verification applies rule-based
checks on relation directions and relation names.

Table V shows that LLM-guided entity selection (LES)
has only a marginal effect on performance while introducing
additional overhead. This suggests that, for reasoning path
retrieval, LLMs are not particularly effective at identifying
relevant intermediate entities, which is reasonable since these
entities may have little semantic connection to the question.
Consequently, we adopt random entity selction in the main
experiments. In contrast, the post-verification (PV) module



TABLE I: Fl1 results on GrailQA, WebQSP and ComplexWQ. Hits@1 results on MetaQA. PV means the post-verification
step. Most results are copied from original paper. For StructGPT, ToG, PoG, we reproduce part of results on GPT-4o.

Model GrailQA  WebQSP  ComplexwQ |, MPROA
Supervised

RnG-KBQA 76.9 75.6 - - - -
RoG 73.2 70.8 56.2 - - -
SubgraphRAG 72.7 70.6 47.2 - - -
UniKGQA - 722 49.0 98.0 99.9 99.9
ChatKBQA 80.6 79.8 77.8 97.2 98.4 97.1
KG-Agent 86.1 81.0 69.8 97.1 98.0 92.1
Low-resource

KB-Binder 56.0 532 - 93.5 99.6 96.4
Pangu(Codex, 100 shots) 62.7 54.5 - - - -
StructGPT 53.2 69.6 50.5 97.1 97.3 87.0
ToG 524 66.5 51.8 - - -
PoG 54.6 69.3 53.2 - - -
ProgramTrans - 53.8 459 - - -
KB-Plugin 65.0 61.1 - 97.1 100.0 99.3
ours(Llama3-8B) 78.1 75.2 54.7 97.3 100.0 97.5
ours(Qwen2.5-7B) 80.1 76.1 54.2 97.5 100.0 97.8

TABLE II: Performance on the KQA Pro dataset, comparing
our method with both supervised and low-resource baselines.

| Model | Accuracy

RGCN [37] 35.1

Supervised BART+KoPL [7] 90.6
CFQ IR [38] 89.0

GraphQ IR [39] 91.7

KG-Agent 92.2
Ours(Llama2-7B) 90.2
Ours(Qwen2.5-7B) 90.7

Fine-tuning 22.5

Low-resource LLM-ICL 31.8
FlexKBQA [24] 46.9

TABLE III: Ablation on the form of reasoning path input.
none, list, and ,q¢p, denote using no KB information, a list of
candidate relations, and the full reasoning path, respectively.

Model | WebQSP  ComplexWQ
REPANA 10ne 19.2 6.7
REPANA ;. 416 253
REPANA pu¢n 76.1 542

substantially improves program correctness, which means that
LLMs still hallucinate sometimes even given the reasoning
path, highlighting its crucial role in ensuring accurate relation
directions and names.

4) Ablation on Reasoning Chain Length: This ablation
study is to examine how performance and retrieval latency
vary with the length of the reasoning path. Retrieval latency
includes both LLM inference time and KB querying time. We
sample questions from WebQSP and ComplexWQ to construct
a 100-example test set, evenly distributed across 1-, 2-, 3-, and
4-hop questions. Each experiment is repeated three times.

As shown in Fig. 2, retrieval latency increases steadily
with the number of reasoning hops as expected. Neverthe-

TABLE IV: Ablation of data expansion. kqa-pro: trained on
KQA Pro only; exp-n: trained on KQA Pro and n expanded
datasets.

Model | WebQSP  ComplexWQ
REPANA rgapro | 702 48.7
REPANA cyp1 73.7 51.8
REPANA c;p2 75.2 53.6
REPANA czp-3 76.1 54.2

TABLE V: Ablation on intermediate entity selection and
post-verification. Base uses random entity selection without
post-verification; LES indicates LLM-based entity selection;
PV indicates post-verification.

Model Variant \ WebQSP  ComplexWQ

Base 65.6 40.7
Base + LES 65.8 41.1
Base + PV 76.1 54.2
Base + LES + PV 76.2 54.1

less, the overall latency remains moderate and acceptable for
most questions, indicating that the proposed framework scales
reasonably with reasoning depth. In terms of performance,
we observe a consistent degradation as the reasoning length
increases, which aligns with observations from prior work.
Despite this decline, REPANA maintains strong performance
on 3-hop questions and achieves acceptable results on 4-
hop questions, comparing to prior low-resource methods.
These results suggest that while long reasoning chains remain
challenging, the proposed navigation-guided framework is
relatively robust to increasing reasoning depth.

VII. CONCLUSION

In this paper, we propose REPANA, a reasoning path
navigated program induction framework that enables LLMs
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Fig. 2: Performance and retrieval latency under different

reasoning hop lengths.

to universally perform reasoning on low-resource datasets by
providing the KB-agnostic parser with the reasoning paths in
target KBs with the help of the novel KB navigator. REPANA
achieves better performance on the four heterogeneous target
datasets even when our backbone models is much smaller,
and can perform on par with some supervised methods.
The ablation studies further validate the effectiveness of our
proposed KB-walk retrieving strategy and mixed instruction
tuning in low-resource scenarios.
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