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Abstract

Recently, Knowledge Graphs (KGs) have been successfully
coupled with Large Language Models (LLMs) to mitigate
their hallucinations and enhance their reasoning capabil-
ity, e.g., KG-based retrieval-augmented framework. However,
current KG-LLM frameworks lack rigorous uncertainty es-
timation, limiting their reliable deployment in high-stakes
applications Directly incorporating uncertainty quantifica-
tion into KG-LLM frameworks presents challenges due to
their complex architectures and the intricate interactions
between the knowledge graph and language model com-
ponents. To address this crucial gap, we propose a new
trustworthy KG-LLM framework, UAG (Uncertainty Aware
Knowledge-Graph Reasoning), which incorporates uncer-
tainty quantification into the KG-LLM framework. We de-
sign an uncertainty-aware multi-step reasoning framework
that leverages conformal prediction to provide a theoretical
guarantee on the prediction set. To manage the error rate of
the multi-step process, we additionally introduce an error rate
control module to adjust the error rate within the individ-
ual components. Extensive experiments show that UAG can
achieve any pre-defined coverage rate while reducing the pre-
diction set/interval size by 40% on average over the baselines.

Introduction

Large Language Models (LLMs) have recently achieved im-
pressive performance in question-answering tasks due to
their unprecedented capability of understanding complex
linguistic patterns and generating coherent responses (Ope-
nAl et al. 2024; Huang and Chang 2022). However, LLM’s
frequent hallucination (Huang et al. 2023b; Miindler et al.
2024) and lack of reasoning capability (Lin, Hilton, and
Evans 2021; Fu et al. 2023) still limit their practical usage
when facing domain-specific or complex questions.

To address the challenges, recently knowledge graphs
(KGs) have been coupled with LLMs to provide factual
data and contextual grounding, enhancing the reliability and
accuracy of their responses. Knowledge graphs, as a form
of structural knowledge representation consisting of factual
triplets, provide two unique advantages to overcome the
aforementioned challenges of LLMs. First, the additional
information retrieved from KGs is directly extracted from
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Figure 1: An illustration of uncertainty quantification in the
context of knowledge graph question answering. By quan-
tifying a confidence boundary (dashed lines), UQ methods
can capture more correct answers (red circles) when facing
uncertainties under different scenarios.

(e

reliable external sources, ensuring the currency and faithful-
ness of the additional context upon which LLMs generate
answers. Second, KGs are typically represented as triplets
where entities are connected by heterogeneous relations,
providing explicit logic to enable reasoning and fulfilling
complex tasks. To effectively leverage the above two advan-
tages of KGs to enhance LLMs, two representative methods
have been developed: LLM-based Structural Query and KG-
based Retrieval-augmented Generation (KG-RAG). Struc-
tural Query relies on LLMs to generate structural queries
such as SPARQL (Jiang et al. 2023) or traverse the KG via
beam search (Sun et al. 2023; Wang et al. 2024). KG-RAG
works by deriving factually correct and context-relevant
content from KG to augment the generation of LLMs (Luo
et al. 2024; Li et al. 2023; Xie et al. 2022; Baek, Aji, and
Saffari 2023; Yang et al. 2023; Wang et al. 2023a).

Despite KG-RAG and Structural Queries’ effectiveness in
various real-world applications, there is no systematic in-
vestigation into the uncertainty quantification (UQ) aspect
of KG-LLM systems, and therefore, their deployment re-
mains limited in high-stakes scenarios (e.g., medical analy-
sis, financial decision-making, etc.) where the cost-of-errors
is significant. As illustrated in Figure 1, without proper un-



certainty quantification, existing approaches fail to generate
answers that accurately reflect output confidence. Recently,
several methods have been proposed to model uncertainty
for LLMs (Ye et al. 2024; Lin, Trivedi, and Sun 2023).

One popular technique for uncertainty quantification is
conformal prediction (CP) (Angelopoulos and Bates 2021).
Given a user-specified error rate o, CP produces a predic-
tion set that guarantees a coverage rate 1 — « by calibrating
the model prediction on a hold-out calibration set. Despite
the model agnostic, distribution free characteristics of CP,
directly applying it to LLMs is challenging because of the
unbounded output space. To address it, Ye et al. and Kumar
et al. used the logits generated by the contemporary causal
language models as the prediction probability; Su et al. and
Lin, Trivedi, and Sun considered the commercial black-box
language models and sampled the responses to approximate
the confidence; Most recently, Quach et al. extended the gen-
eral risk control framework to enable conformal prediction
in large language models (Quach et al. 2023).

Despite the numerous methods that have utilized confor-
mal prediction (CP) to model the uncertainty of large lan-
guage models (LLMs), no previous work has focused on
equipping knowledge graph-language models (KG-LLMs)
with uncertainty quantification. This task presents sev-
eral unique challenges. First, the complexity of knowledge
graphs (KGs), characterized by multiple hops connecting
queries to solutions, makes it difficult to accurately calibrate
the graph reasoning process. Second, the high-dimensional
output distribution of the underlying language models fur-
ther complicates the calibration process. In KG-LLM ap-
plications, there are often multiple valid solutions to a sin-
gle query, making the coverage of these solutions criti-
cally important. Thus, the uncontrolled high-dimensional
output poses a significant challenge because it complicates
the process of identifying and validating the correct solu-
tions among many possibilities. This lack of control can
lead to the propagation of errors and reduced reliability in
the model’s predictions. To address these challenges, novel
techniques specifically tailored for knowledge graph ques-
tion answering (KGQA) need to be developed.

Therefore, to fill this gap, in this paper, we introduce UAG
(Uncertainty Aware Knowledge-Graph Reasoning), a novel
uncertainty-aware knowledge graph reasoning framework
that takes advantage of both the structural knowledge repre-
sentation and the reasoning capability of LLM. Specifically,
instead of relying on LLM to generate the answers from the
open domain, we retrieve an initial set of uncertainty aware
answers through beam searching the knowledge graph. We
guide the beam search process with conformal prediction to
achieve the theoretically guaranteed coverage rate. In order
to facilitate more faithful reasoning in LLM, we also retrieve
reasoning paths through a planning-retrieval module (Luo
et al. 2024). Then, we leverage the LLM to generate the
answer with the retrieved reasoning paths. To combine the
power of generation and the fidelity of the retrieved candi-
dates, we additionally calibrate the similarity measurements
between the retrieved candidates and the generated answers.
One challenge of the multi-step framework is the propaga-
tion of the error rates. In order to adjust the error rate aggre-
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gation across multiple components, we leverage the Learn
Then Test (LTT) framework (Angelopoulos et al. 2021) to
control the error rate in the individual components.

We perform experiments on two widely used multi-hop
knowledge graph QA datasets and demonstrate that UAG is
able to satisfy the uncertainty constraint while maintaining
a reasonable size of prediction.

In summary, our contributions are summarized as follows:

* We propose a novel framework, UAG, for uncertainty
quantification with LLM-based KGQA, addressing a sig-
nificant gap in the existing literature.

We extend the learn-then-test paradigm to KGQA by
modeling the distribution of the error propagation, im-
proving the reliability of the model outputs.

Extensive experiments demonstrate the effectiveness of
our framework on two multi-hop knowledge graph QA
benchmarks, outperforming baseline methods in terms of
both coverage and robustness under uncertainty.

The rest of the paper is organized as follows: Section 2
provides the preliminaries; Section 3 introduces our UAG
in detail; experiments and ablation studies in Sections 4 and
5; related work in Section 6; lastly, conclusions and future
work are presented in Sections 7 and 8.

Preliminiaries
Conformal Prediction

Conformal prediction (CP) is a distribution-free model-
agnostic approach for uncertainty quantification. By cali-
brating the model prediction on a held-out calibration set,
CP produces sets of predicted intervals that contain the
ground-truth labels with a user-specified error rate o (An-
gelopoulos and Bates 2021; Shafer and Vovk 2008).

Without loss of generality, considering the i sample
(24,y;) with x; being the input feature and y; being the
corresponding ground-truth output, we denote the calibra-
tion set as D! = {(z;,y;)}™ ;. Conformal Prediction (CP)
guarantees the error rate of the prediction set with the fol-
lowing steps.

Define non-conformal score: A heuristic-based uncer-
tainty estimation function S : X x J — R is defined to
calculate the non-conformal score s; = S(x;,y;), which
measures the uncertainty of the prediction y; given the in-
put x; with larger score indicating worse agreement be-
tween x; and y;.

Compute the quantile: CP then calculates the non-
conformal score for every input-output pair in the calibra-

tion set to obtain S = {s;}" ; and further compute the
conformal score ¢5-P<! as the W quantile of the

calibration scores S
5P = Quant({S(2,y) | (,y) € Deat},
[(n+ 1)1 —0a)] )

n
Prediction set: the final prediction set satisfying the « er-
ror rate with respect to the calibration set D, would be

O(Xte“) = {y|y SN S(Xtestay) < q(f’D“'}.

(1)



Learn Then Test (LTT)

Recently, the Learn Then Test (LTT) framework (An-
gelopoulos et al. 2021) was introduced that extends confor-
mal prediction to manage the expectation of any loss func-
tions. Specifically, it is achieved by approaching the hyper-
parameter selection as a multiple-hypothesis testing prob-
lem. Next, we formally introduce the LTT framework.
Formally, let Ly : YV x )> — R be any loss function with
a hyperparameter configuration A € A. Notably, A could be
multi-dimensional. Let o € R be the user-defined error rate
for Ly (i.e., E(Ly) < ). Using the calibration set D!, LTT
then computes a set of valid configurations Ayyq € A that

satisfies
g

where J represents the desired confidence level on the se-
lection of configurations. Intuitively, § is the probability that
the valid configurations we identify will truly meet our error
guarantee. To calibrate the configurations on D.,, we de-
fine the null hypothesis Hy : E[Ly] > o for each A € A and
calculate a super-uniform p-value p, using concentration in-
equalities. Then we can leverage any family-wise error rate
(FWER) controlling algorithms to identify the non-rejected
configurations Ayig.

Theorem 1 (Learn Then Test (Angelopoulos et al. 2021)).
Suppose py is super-uniform under H3VA € A. Let T be
any FWER-controlling algorithm at level 4. Then A, 44 sat-
isfies Eq. (2).

sup E )

(L[ Den] < a) >1-5
AEAyaiia

Problem Definition

Given a knowledge graph G = (£, R), where £ is the set of
entities and R is the set of relations. The edges in the knowl-
edge graph are represented as triplets (i.e., (es,7,¢,) € G)
with e € £ being the head entity, » € R being the relation,
and e, € & being the tail entity. For the rest of this paper,
without further specification, we denote the calligraphic font
as sets (such as X', ))) and capital letters as functions (such
as S, F, for score functions and loss functions, respectively).

Definition 1 (Uncertainty quantification for multi-hop
knowledge graph question answering). Given a question g
in natural language with the ground-truth answer set being
Veest C &, assuming the user specified error rates as « and 4,
the task here is to derive a algorithm C'\ hyper-parametrized
by A, which takes the input X,y and predicts the output set
C)(Xieqt) that satisfies:

[P([P (é S yleshVé S C)\(Xtest) | Dcal) >1- Oé) >1-— )

3)
Remark 1. The error rate § controls the probability that
the inner probabilistic guarantee holds. Specifically, it en-
sures that with at least (1 — 0) confidence, the prediction set
Cx(Xest) will contain the correct answers with a probability
of at least (1 — «).
Intuition: Consider « as a measure of how tolerant we are
to errors in individual predictions. The parameter d, on the
other hand, controls our overall confidence in this process.
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Figure 2: An illustration of our UAG framework.

Method

UAG is a multi-hop knowledge graph reasoning framework
that incorporates uncertainty quantification (UQ) into its
reasoning process. It consists of three components: UQ-
aware candidate retriever, UQ-aware candidate evaluator,
and Global Error Rate Controller, as shown in Figure 2.
Given a user-specified query, the UQ-aware Candidate Re-
triever selectively retrieves neighboring nodes and formu-
lates reasoning paths to ensure a pre-defined error rate. The
UQ-aware Candidate Evaluator then reasons over the re-
trieved candidates and reasoning paths to produce the final
answer set. Subsequently, to avoid overly conservative pre-
dictions, the Global Error Rate Controller adjusts individ-
ual error rates by calibrating them using the LTT framework
introduced in the previous section.

UQ-aware Candidate Retriever

The first component of our UAG framework is the candidate
retriever, which retrieves candidate entities from the knowl-
edge graph based on the question or current paths. Previous
research shows that multi-hop graph traversal frameworks
improve LLM reasoning and answer faithfulness (Wang
et al. 2024; Sun et al. 2023). However, these frameworks
typically use heuristics like Top- K candidate selection based
on textual similarity, which lack a theoretical basis and can-
not ensure a consistent error rate, making them unreliable for
high-stakes scenarios. To address this, we incorporate uncer-
tainty quantification into graph traversal, replacing heuris-
tic selection with error-bounded selection. Specifically, we
apply conform prediction to two steps: retrieving candidate
paths and candidate neighbors.

Retrieving Candidate Path Formally, for each traversed
path currently ending at node v, we update the breadth-first-
search tree queue by following:

bo@

{s]s €N, 8 (QIUIZr) 7)) < aSP



where \(v) is the neighborhood set of v, Q||(|[2Z,7:) are
the concatenated(]|) relations traversed so far in the path with
starting passages being (), r; is the current relation between
the entities v and s, and S7 is the uncertainty estimation
score for the candidate retriever. In our context, we choose
S1 to be the textual similarity between two textual passages.
Note that the graph traversal starts with a provided entity/n-
ode v = eg and the initial relation is chosen by calculating
the similarity between the question and the relations of eg. In
other words, for the initial step, we are calculating S7(Q, rj)
as in Eq. (4).

Retrieving Candidate Neighbor While traversing the
graph, we also want to determine if the current node should
be added into the candidate set. As a result, we add the fol-
lowing set to the prediction set while visiting node v:

{5 s € N (@), 81(QuIgr) < a5}

Eq. (4) differs from Eq. (5) in their focus during the traver-
sal process. Eq. (4) focuses on identifying the likely answer
paths by assessing the similarity between the traversed path
and the current relation. In contrast, Eq. (5) evaluates if the
entire path up to the current relation sufficiently answers the
query by comparing it to the initial query. This distinction
allows for dynamic adjustment of the traversal process and
candidate set based on the evolving query context and en-
countered relations.

&)

UQ-aware Candidate Evaluator

The second component of UAG is an uncertainty-aware can-
didate evaluator based on large language models (LLMs).
Directly prompting the language model has demonstrated
significant advantages in knowledge graph question answer-
ing (KGQA) tasks, particularly due to its ability to gener-
ate diverse and contextually relevant answers. However, this
open-ended generation approach lacks any theoretical guar-
antees on the correctness of the answers, which can lead to
unreliable outputs. Conversely, the retrieved candidates are
constrained by a predefined error rate, ensuring the reliabil-
ity of the prediction set. However, this constraint often re-
sults in overestimating the prediction set size, encompassing
a broader range of potential answers than necessary.

Thus, to harness the strengths of both approaches, we in-
troduce a calibration process that optimizes the balance be-
tween them. By aligning the similarity between the LLM-
generated candidates and the retrieved set, we aim to refine
the prediction set size while maintaining a bounded error
rate. This ensures that the final output is not only theoreti-
cally sound but also practically effective.

To calculate the final answer set, we define the non-
conformal score for the evaluator by taking the similarity
between the retrieved answers and the generated answers.
Formally, given a set of candidates C and retrieved reason-
ing paths P, let ® be the LLM generation function. Then,
the final answer set is defined as follows:

{a €C | Si(a, ®(P)) < 51D

Qim

(6
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Global Error Rate Controller

Since UAG involves multiple components, directly apply-
ing the user-defined error rate a to Egs. (4)-(6) may not
achieve the desired error rate. Errors from the knowledge
graph traversal can propagate to the inference stage, poten-
tially exceeding the user-specified tolerance unless errors
across components are perfectly correlated.

To address this issue, we leverage the LTT framework
(Section 2) to find the best error rate for each component
by treating their error rates as hyper parameters. Let A =
(a1,a2,a3) € (0,1]3 be the individual error rates for each
component. The finite search space A can be represented as
the Cartesian product of these sets for a1, ag, and a3:

A ={(a1,a2,0a3) | a1, 00,03 € {h,2h,...,1}}

where h is the hyper parameter to control the size of the
search space, bounded by 0 and 1. For each A € A, we com-
pute a valid p-value py for the null hypothesis Hy : E[Ly] >
a by computing the concentration inequality on the calibra-
tion dataset D.,;.

Theorem 2 (Binomial tail bound p-values (Quach et al.
2023)). Let Binom(n, ) denote a binomial random vari-
able with sample size n and success probability «. Then
px = P(Binom(n,a) < 37, Ly is a valid p-value for
H} - E[L)] > a.

In our context, we define the loss function F' as the error
rate in the system. Let 7 be a FWER-controlling algorithm!
T : (P,R) — P’ where P denotes a family of p-values
that we want to control based on a given error rate. Then we
can identify a set of configurations A,4;;¢4 C A that satisfies
Eq. (2) by taking 7 ({px | A € A}, 6) as Ayatia-

Theorem 3 (Coverage Guarantee of UAG). If A € Ayqid,
then Eq. (3) is satisfied.

Proof. From Eq. (2), VA € Ayaiid,
P(E[L) | Dea] <) 21—
In the context of KGQA,
Ly=1{fe € C\(X) : & € Euns}

Note that,

E[Lx | Dea] = E[1{# € CA(X): € € Euns}|Dea]

=P (fe € O\(X): é € Eans|Dear)
Substitute E[Ly | Dcy] in eq. 2, then we have

P(P(fe € O\(X): € € Euns|Deat) <) >1-6

This is equivalent to

P (P (& € &Eums; Ve € CA(Xiest) | Deat) > 1 —a) >1-6
(7)
O

In addition, to minimize the returned set size to make the
prediction most useful to the users, we use the validation
set to select the configuration A € A, ;4 With the smallest
average set size.

"FWER-controlling algorithms take a set of null hypothesis and
ensures the type-I error rate is controlled by a pre-defined value .



Extracted KG Subgraphs

Datasets | #Train #Test /%7, #]’\‘}’éges 4 Bdaes
WebQSP| 2,826 1,628 2 1,374 2,909
CWQ |27,639 3,531 4 1,256 2,615

Table 1: Statistics of KGQA datasets.

Experiments

In this section, we conduct extensive experiments on two
widely used multi-hop KGQA datasets (Luo et al. 2024; Sun
et al. 2023; Lan et al. 2022). Our experiments are designed
to rigorously evaluate the uncertainty quantification perfor-
mance of UAG, employing standard UQ metrics to assess
its effectiveness against state-of-the-art baselines. We pro-
vide detailed analysis to identify key strengths and poten-
tial areas of improvement. This includes a case study and
ablation studies beyond our primary experiments, such as .
Additional experiments include comparing UAG to standard
KGQA methods are further detailed in the ablation studies.

Datasets

We evaluate UAG with two widely used benchmark dataset
for KGQA: WebQuestionSP (WebQSP) (Yih et al. 2016)
and Complex WebQuestions (CWQ) (Talmor and Berant
2018). WebQSP contains up to 2 hop questions, and CWQ
contains up to 4 hop questions. Additionally, Freebase (Bol-
lacker et al. 2008) is used as the underlying knowledge graph
for both datasets. The dataset statistics are presented in Table
??. Note that for calibration, we use the training partition.

Evaluation Metrics

Compared to traditional KGQA tasks that typically rely on
evaluation metrics such as hits@1 (Luo et al. 2024), our ap-
proach focuses on measuring the uncertainty quantification
of the methods. To this end, we use empirical coverage rate
and average prediction set size as the key metrics to measure
the accuracy and efficiency of the models, respectively (An-
gelopoulos and Bates 2021). We aim to provide insights into
how well the various methods balance accuracy with the ef-
ficiency of its predictions. The details of these metrics are
the following:

¢ ECR (Empirical Coverage Rate): This measures how
well the uncertainty quantification model satisfies the er-
ror rate. For knowledge graphs, we consider the accuracy
of the prediction set.

APSS (Average Prediction Set Size): This evaluates
the effectiveness of the uncertainty quantification model,
with smaller average prediction set sizes indicating
greater efficiency in selecting the most likely answers.

Baselines

We compare UAG with the following uncertainty quan-
tification baselines. Because there has been no existing
work considering uncertainty quantification in the KG-
LLM paradigm, we include the previously proposed existing
LLM-based uncertainty quantification methods as baselines.
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* Top-K: Non-CP method without coverage guarantee. It
includes responses with the K highest probabilities for
each question in the test set (Huang et al. 2023a).

Standard Split Conformal Prediction (SplitCP). Stan-
dard conformal prediction (Shafer and Vovk 2008) where
we follow the framework outlined in previous work for
its application on language models (Ye et al. 2024).

Conformal Language Modeling (CLM) A logit-based
CP method that utilizes the general risk control frame-
work directly on the output of the large language mod-
els (Quach et al. 2023).

Logit-free Conformal Prediction for LLMs
(LoFreeCP). A state-of-the-art CP method that de-
signs specific techniques for handling low-frequency
events in language models (Su et al. 2024).

Implementation Details

For the implementation, we set d to be 0.05, and use Llama3-
8b as our backbone large language model. For the encoder
g, we use the SentenceTransformer model and pre-train it
on our training data. Other implementation details are fur-
ther documented in the appendix and our code is publicly
available?.

Primary Results

The experimental results are presented in Figure 3. For clar-
ity and conciseness, we provide the most relevant graphs in
the main paper and include the detailed tabular results in
the supplementary material. In Figure 3(a), we first plot the
Empirical Coverage Rate (ECR) against the risk level. The
region above the diagonal dashed line, represents the accept-
able coverage rate given the specified risk tolerance level. As
anticipated, all CP-based methods satisfy the error guarantee
within this boundary. However, we observe that the baseline
methods fail to achieve error rates below 0.35, as their gen-
eration components alone cannot produce results better than
this threshold. In contrast, our proposed UAG, which inte-
grates both retrieval and generation, consistently achieves
the desired error rates across a wider range of risk levels.

In Figure 3(b) (i.e., the second column), we plot the pre-
diction set size against the risk level. As expected, with an
increase in risk level, there is a corresponding decrease in
prediction set size, reflecting the trade-off between risk and
prediction confidence. This trend is observed as the model
becomes less conservative at higher risk levels, thereby re-
ducing the number of elements in the prediction set.

Finally, we compare the zoomed-in view of prediction set
sizes across different methods in Figure 3(c). Despite the
performance at the 0.6 level in CWQ, our proposed UAG
consistently outperforms or performs competitively with the
baseline methods, demonstrating its ability to maintain high
accuracy while reducing uncertainty in predictions. This ad-
vantage can be attributed to the expressive power of the tra-
versed reasoning paths, which effectively guide the retrieval
process, as well as the robust combination of retrieval and
generation that enhances the precision of the prediction set.

*https://github.com/Arstanley/UAG
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Figure 3: Uncertainty quantification results for UAG and the baselines.

Question:
Ground Truth:

What religions are practiced in Indonesia?

Catholicism, Hinduism, Protestantism, Islam

Predicted Answers:

ROG (Luo et al. 2024) Islam
UaG

Catholicism, Hinduism, Protestantism,
The Religion of Java, Islam,
The Language of the Gods

Table 2: Case Study on Sample Question from WebQSP.

Case Study

We demonstrate the real-life implications and usefulness of
UAG through a detailed case study. Specifically, we select
an instance among the samples where existing KGQA meth-
ods produce mispredicted or incomplete answers and ana-
lyze how UAG overcomes these challenges.

As shown in Table 2, the ground truth to the question
What are the religions practiced in Indonesia? includes four
distinct answers, showcasing the diversity of religious prac-
tices in the country. However, directly prompting the ques-
tion to the language models results in only a single an-
swer—Islam—even when using the state-of-the-art KGQA
model. This outcome poses a significant threat to fairness
and may introduce bias, as it fails to capture the full spec-
trum of religious diversity in Indonesia. UAG addresses this
challenge by incorporating risk level control, which allows
for a more comprehensive and balanced prediction.

The prediction set is constructed by setting the risk tol-
erance level to 0.2. While the resulting set includes several
additional related answers—The Religion of Java, a refer-
ence to a popular book by anthropologist Clifford Geertz
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focused on the religion of Java (an island of Indonesia), and
The Language of the Gods, an alias for Sanskrit, the ancient
classical language of Hinduism—it successfully covers all
four ground truth answers. This ensures a more accurate and
inclusive representation of the answer to the given question,
thereby reducing the risk of bias and enhancing the trustwor-
thiness of the predictions.

Ablation Studies

We conduct ablation studies on UAG to comprehensively
evaluate its effectiveness and robustness. Specifically, we
first examine how UAG compares to state-of-the-art KGQA
methods, as robust performance on standard KGQA tasks
is critical in daily uses. Additionally, we investigate the ef-
fects of pre-training and different similarity measures on the
model performance.

Comparing to KGQA Methods Here we compare our
method to state of the art KGQA methods (Luo et al. 2024)
by selecting the top responses from UAG given a fixed er-
ror rate . We select « = 0.2 for the purpose of testing.
Our result is shown in Table ??. Overall, the table highlights
that our model attains performance on par with current state-
of-the-art for the traditional benchmark KGQA tasks (that
utilize Hits@1 for evaluation). This underscores the robust
reasoning capabilities of the UAG and the efficiency of the
candidate retrieval process.

Effects of LM Pre-Training As shown in Figure 4(a),
pre-training the sentence transformers (specifically for graph
traversal) significantly reduces the size of the prediction set.
This improvement is likely because fine-tuning at this stage
enhances the quality of the initial traversal on the knowl-
edge graph, leading to more accurate retrieval of answers.
This process is analogous to better indexing in the context
of Retrieval-Augmented Generation (RAG). However, when



Category  Method Hits@1
TIARA (Shu et al. 2022) 75.2

Fine-tuned DeCAF (Yu et al. 2023) 82.1
RoG (Luo et al. 2024) 85.7
COT (Wei et al. 2022) 39.1
ToG (Sun et al. 2023) 57.4

Prompting  KD-CoT (Wang et al. 2023b) 63.7
StructGPT (Jiang et al. 2023) 72.6
UAG-Top-1 66.8
UAG-Top-3 73.4

Table 3: KGQA Results on WebQSP.

we pre-trained the large language model backbone, we did
not observe a substantial improvement. This outcome aligns
with previous findings suggesting that fine-tuning large lan-
guage models can increase model uncertainty (Ye et al.
2024).

Alternative Similarity Measures We also experimented
with alternative methods for measuring textual similarity,
specifically Sy as defined in Eq. 4. As shown in Figure 4(b),
we found that using cosine similarity significantly improves
prediction efficiency while maintaining the user-defined er-
ror rate compared to L1 similarity. This improvement can be
attributed to cosine similarity’s focus on the angle between
vectors, which makes it less sensitive to variations in vector
magnitudes. This is particularly helpful in high-dimensional
spaces, as it allows cosine similarity to more effectively cap-
ture semantic relationships between text representations.

Ablation Studies Discussion Overall, UAG demonstrates
strong performance compared to existing KGQA methods
even though it was not specifically designed for the tradi-
tional setting. Through the ablation studies, we observed
that while UAG benefits significantly from fine-tuning sen-
tence transformers for graph traversal, the pre-training of
large language models does not yield substantial gains,
which we leave further investigation on finding improve-
ments with fine-tuning LLMs as one future work in this di-
rection. Lastly, through a case study we were able to more
deeply understand the benefits of the proposed trustworthy
knowledge graph reasoning framework.

Related Work

Knowledge Graph Reasoning. Knowledge graph reason-
ing enables effective inference by leveraging structured in-
formation for tasks like question answering, entity predic-
tion, and link prediction (Chen, Jia, and Xiang 2019; Liang
etal. 2022; Chen et al. 2020; He et al. 2021; Xie et al. 2022).
Recent methods, such as MINES (Liang et al. 2024), en-
hance inductive reasoning by utilizing neighbor-enhanced
sub-graph structures, improving embedding adaptability.
Moreover, to leverage the powerful capabilities of LLMs
with structured data, researchers have developed RAG-based
approaches that combine symbolic and neural reasoning
methods to produce more accurate and contextually rele-
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Figure 4: Ablation Studies where (a) shows the benefits of
pre-training the sentence transformer used in graph traversal
and (b) shows a comparison when using L1 similarity as
opposed to cosine similarity within UAG.

vant answers. For example, Luo et al. fine-tuned LLMs to
jointly generate relation plans and answers (Luo et al. 2024),
while Sun et al. and Wang et al. proposed LLM-guided graph
traversal methods for efficient retrieval (Sun et al. 2023;
Wang et al. 2024). This integration of has shown promis-
ing results in complex reasoning tasks, offering improved
performance across many domains.

LLM Uncertainty Quantification. Uncertainty quantifi-
cation has emerged as a critical research area for develop-
ing trustworthy Al systems, especially in contexts where
decision-making involves significant risks. Recently, grow-
ing attention has been directed towards modeling uncer-
tainty in large language models (LLMs). Researchers have
extended the general risk control framework to text genera-
tion and robot planning (Quach et al. 2023; Ren et al. 2023).
LofreeCP further extended conformal prediction to black-
box language models by approximating the non-conformity
score with repeated prompting, thereby improving the re-
liability of LLM outputs (Su et al. 2024). Additionally, re-
searchers have proposed novel approaches to quantify uncer-
tainty in retrieval-augmented generation by calibrating un-
certainty across both the retrieval and generation processes
with parameter tuning (Rouzrokh et al. 2024; Li et al. 2024).

Conclusion

In this paper, we tackle the challenge of uncertainty quan-
tification in knowledge graph question answering by inte-
grating conformal prediction with KG-LLM models. Our
architecture leverages the Learn Then Test (LTT) frame-
work for multi-step calibration, delivering reliable results
with pre-defined error rates and practical prediction set sizes.
Extensive experiments demonstrate our method’s effective-
ness in balancing accuracy and uncertainty, making it suit-
able for real-world applications. While focused on knowl-
edge graphs, this approach could extend to open-domain
QA, though challenges persist due to the lack of structured
graph properties. Future work can explore these adaptations
to ensure robust uncertainty quantification across tasks.
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