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Abstract

Modern KGQA pipelines address complex
multi-hop reasoning by shifting retrieval from
classical embedding-based methods to itera-
tive LLM calls. Although effective, this incurs
significant computational and economic over-
head that limits their applicability in real-world
settings. In this paper, we introduce GRASE
(Graph Reasoning with Anonymous Span En-
coders), a framework that replaces LLM-driven
search with a novel encoder-based graph-span
representations over uncertain nodes and re-
lations in a knowledge graph. Across several
multi-hop KGQA benchmark datasets, GRASE
achieves up to 85% faster inference than LLM-
native pipelines while matching or exceed-
ing state-of-the-art performance, demonstrating
that encoder-only hybrid reasoning is a robust,
practical, and scalable alternative to fully LLM-
driven retrieval.

1 Introduction

Despite strong performance across many tasks,
large language models (LLMs) still struggle with
queries requiring knowledge beyond their pretrain-
ing corpus. Modern systems address this using
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020), which equips LLMs with retrieval
mechanisms that surface evidence at inference time
(Wei et al., 2022; Yao et al., 2023a; Besta et al.,
2024; Jeong et al., 2024). However, queries requir-
ing complex reasoning or deep long-tail knowledge
remain challenging (Petroni et al., 2021; Malek
et al., 2025; Tan et al., 2025b).

Structural signals from knowledge graphs (KGs)
have been integrated into knowledge-graph ques-
tion answering (KGQA), where answers are
grounded in graph topology within the RAG frame-
work (Sun et al., 2023; Li et al., 2023b; Agrawal

et al., 2024). Early embedding-based methods (Sen
et al., 2021; Saxena et al., 2020) were efficient
but struggled with multi-hop queries, while GNN-
based approaches (Jiang et al., 2023; Mavromatis
and Karypis, 2022) improved reasoning but are
expensive at realistic KG scales.

Recent KGQA systems instead perform iterative
reasoning using the LLM as an agent to guide graph
exploration (Sun et al., 2023; Tan et al., 2025a;
Luo et al., 2024; Walter and Bast, 2025). While
effective, repeated LLM calls at each traversal step
make inference impractical at scale and quickly
prohibitive in cost (Oche et al., 2025; Chen et al.,
2023).

To address these issues, we propose GRASE—a
graph reasoning framework based on an anony-
mous spans encoder. GRASE removes LLMs from
the exploration loop by replacing them with en-
coders that perform fuzzy span matching between
a query-derived anonymous graph pattern and can-
didate subgraphs in the KG, reducing LLM calls,
latency, and cost without requiring prior knowledge
of all possible relations.

We evaluate GRASE on multiple public QA
benchmarks and show that it matches or outper-
forms state-of-the-art KGQA models while drasti-
cally reducing execution time, with ablation studies
quantifying the contribution of each component.

2 Related Work

LLM-based question answering is highly suscep-
tible to hallucination in complex reasoning tasks
(Sadat et al., 2023; Huang et al., 2025; Jiang et al.,
2024). Chain-of-Thought prompting (Wei et al.,
2022) and its variants (Zhang et al., 2022b; Fu
et al., 2023; Kojima et al., 2022; Yao et al., 2023a;
Besta et al., 2024) reduce hallucination but remain
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Figure 1: Comparison between GRASE (top), Think-on-Graphs (middle), and Reasoning-on-Graphs (bottom). ToG
delegates reasoning entirely to the LLM; RoG maps LLM-planned paths one-to-one onto KG relations. GRASE
instead constructs an AKG and explores the KG via scored spans, grounding reasoning in the graph while the LLM
provides structured guidance only at planning and answer selection.

constrained by training data, motivating external
knowledge integration (Luo et al., 2024; Li et al.,
2023b; Yao et al., 2023b).

Knowledge graphs provide a structured external
interface that alleviates data limitations and hallu-
cination (Pan et al., 2024; Agrawal et al., 2024).
Early KG-based RAG relied on embedding-based
retrieval (Sen et al., 2021; Saxena et al., 2020;
Shi et al., 2021) but failed on multi-hop reason-
ing. Methods encoding KG structure into trans-
formers (Zhang et al., 2022a; Peters et al., 2019;
Li et al., 2023b) reduce adaptability by coupling to
the training-time KG (Wen et al., 2024; Hu et al.,
2024). GNN-based methods (Jiang et al., 2023;
He et al., 2021a) achieve competitive performance
while more recent systems integrate KG retrieval
into the LLM pipeline for scalability (Ma et al.,
2024; Jin et al., 2024).

Modern KGQA systems follow a planning—
retrieval-reasoning pipeline (see Figure 2). LLM-
guided methods such as ToG (Sun et al., 2023),
ToG-2 (Ma et al., 2024), PoG (Tan et al., 2025a),
and EPERM (Long et al., 2025) improve on com-
plex tasks but incur high cost from repeated LLM
calls (Chen et al., 2023; Su et al., 2025). Efficiency-
oriented variants prune the graph dynamically
(Baek et al., 2023; Kim et al., 2023; Su et al.,

2024) but overlook global structure, degrading per-
formance on long-range dependencies (Tan et al.,
2025a). GNN-RAG methods (Mavromatis and
Karypis, 2024; He et al., 2024) integrate graph
neural networks into retrieval but remain expensive
at scale.

Closest to our work, RoG (Luo et al., 2024) esti-
mates path relevance via constrained beam search
but assumes prior knowledge of all relations and
depends on exact LLM-planned path matches. Sub-
GraphRAG (Li et al., 2025) retrieves top-K lo-
cally scored triples leaving chain composition to
the LLM, making performance sensitive to K
and increasing hallucination risk. PathMind (Liu
et al., 2025) follows a retrieve—prioritize-reason
paradigm, scoring paths with a semantic-aware pri-
ority function and aligning the LLM with path-wise
preferences. While PathMind reduces LLM calls
compared to agentic methods, its reasoning compo-
nent requires task-specific fine-tuning, which may
limit generalization to unseen relations or tasks be-
yond training corpus; path scoring also remains
independent of global query structure. In contrast,
GRASE decouples retrieval entirely from the LLM
via a frozen encoder, preserves global query struc-
ture through the AKG, and generalizes to unseen
relations without fine-tuning.
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To the best of our knowledge, within LLM-
augmented KGQA pipelines, GRASE is the first to
replace iterative LLLM-based graph scoring with
a frozen subgraph span encoder operating over
anonymous query patterns, preserving global query
structure without repeated LLM calls during explo-
ration.

3 Methodology

GRASE replaces the LLM-guided graph retrieval
loop with fuzzy span matching between the KG
and a query-derived Anonymous Knowledge Graph
(AKGQG), iteratively disambiguating anonymous vari-
ables via a frozen span encoder until a single final
LLM call generates the answer. The framework fol-
lows the standard planning—exploration—-reasoning
pipeline.

3.1 Formal Setting of KGQA

Let G := (£,R,T) denote a knowledge graph,
where £ is the set of entities (nodes), R the set
of relations (edges), and 7 C £ x R x & the set
of triplets (e,r,e’) withe,e’ € Eandr € R. A
(directed) span in G is a subgraph defined by the
triplets sequence:

P = {(ei,m,eé)}z‘ € P(g),

where P(G) denotes the set of all valid spans (i.e.
connected subgraphs).

Formally, a KGQA system maps a natural-
language query ¢ and a graph G to an answer sub-
graph A, € P(G), i.e. the minimal span satisfying
q:

f:LxgG — PG

(¢, G) +— Ay = q,

where £ is a language and A, |= ¢ denotes that the
answer subgraph logically satisfies the query.
Modern LLM-based systems frequently decom-
pose ¢ into a sequence of sub-queries (qo, - - -, qN ),
solving each step conditioned on prior results:

f(q0,G; @) = Ao,
flak, G fim1) = Ag,

where fi_1 is the context accumulated across calls,
and f;, = A, at termination.

fr =
k>,

3.2 Planning

Using an LLM to derive a resolution plan is simple
and flexible. However, decomposing the query frag-
ments the original structure and requires repeated

context updates across calls to maintain coherence
throughout exploration. This increases inference
cost and introduces additional opportunities for hal-
lucination.

Instead, we reformulate the query as an Anony-
mous Knowledge Graph (AKG), which preserves
global structure while allowing unknown entities
and relations to remain as variables to be resolved
during exploration (see Figure 2). For example, the
query “Director of a movie in which Tom Hanks
acted” is mapped to

acted_in directed_by

Tom Hanks X1

X27

where X denotes the unknown movie and X5 the
desired answer.

For a given query ¢, the AKG is defined as Gq =
(Eq, Rq,Ty;), with

E,:= EUE, R,:=RUR, T,:=TUl1UT,

where I/ C & are the explicit entities and E the
anonymous entity variables; R C R are the known
relations and R the anonymous relation variables
(i.e. relations whose type is unknown and must be
resolved); and Tl, Tg collect the triplets containing
one or two anonymous variables, respectively.

We write Gy, for the AKG at iteration k, dropping
the ¢ subscript since the query is fixed throughout.
Starting from the initial AKG Go, we iteratively
substitute each anonymous variable at iteration k,
X, € EU R, with its highest-scoring candidate:

R gAO) k= 07
Gk = R
resolve(Qk,l, X — x*) , k>1,

2" = arg max Score<Xk,x \ Qk_l,g) (1)
r€EUR

until all anonymous variables are instantiated.
Here, score(-) measures the affinity between the
current AKG state (jk,l and a candidate substitu-
tion z € £ U R for X, grounded as a matching
span in G. The initial AKG Go is obtained via few-
shot prompting of GPT-4 (Section A.1), following
ToG (Sun et al., 2023) for entity linking. A per-
dataset evaluation of AKG correctness is reported
in Table 8.

3.3 Exploration

Exploration is framed as a span matching problem
between the AKG at iteration k, G, and the knowl-
edge graph G. At each iteration, we resolve one
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Figure 2: GRASE pipeline. A query is converted into an Anonymous Knowledge Graph (AKG) with variables
X1, X2, X3. For each X}, the frozen span encoder produces embeddings f(Tx, ) and f(P) driving a retrieve—
rerank pipeline over candidate spans P. The completeness classifier hy decides whether to expand (CONTINUE),
accept (STOP), or discard (DROP) each span. Once all variables are resolved, the LLM selects the final answer.

anonymous variable Xj € EUR by aligning the
set of AKG triplets that involve it:

Tx, = {(e,r,¢) € Ty : X}, € {e,¢'}}

Alignment is fuzzy: a relation in the AKG may
match a semantically or structurally similar span
in G, rather than requiring exact symbolic equal-
ity. To enable this, we introduce a span encoder
and a retrieve—rerank pipeline, with early-stopping
detection via a completeness classifier described
below.

Span encoder. We represent each candidate span
as a structured token sequence using five special
tokens that mark span, anonymous, entity, triplet,
and relation boundaries. Each triplet (e, r,¢€’) is
linearized with these tokens, and the embedding
of the global span token, denoted f(-), serves as
the span-level representation produced by the en-
coder. The span encoder is a DeBERTa-v3-Large
(He et al., 2021b) model fine-tuned with a triplet
loss:

£ =max(d(f(Tx), f
—d(f(Tx),

where PT and P~ are positive and hard-negative
spans, d is cosine distance, and a=0.15 is the

(PT))

i) o 0), @

margin. Once trained, the span encoder is frozen
and shared across all downstream components.
Training data consists of query—answer pairs from
SimpleQA (Wei et al., 2024), Natural Questions
(Kwiatkowski et al., 2019), and WikiHop (Welbl
et al., 2018), converted into graph form via GPT-4
and augmented with relation synonyms, alternative
reasoning paths, and hard negatives at varying rea-
soning depths. Entities and relations appearing in
any evaluation split are excluded from training to
prevent leakage; full details are in Appendix A.2.

Retrieve-rerank. Because exhaustive search
over G is intractable, we score candidate span exten-
sions with a two-stage pipeline. Given the current
partial span P € Fj (a search beam), we enumer-
ate all one-hop extensions:
P =Pao(erz), (erx)eT,
where e is a known entity in P and & denotes ap-
pending a triplet to the span. Let tok(-) denote the
linearized token sequence of a span produced by
the encoder’s tokenizer. The pipeline then scores
each P’ as follows: (i) a bi-encoder retriever com-
putes the cosine similarity between the frozen span
embeddings f(Tx, ) and f(P’) to efficiently short-
list the most promising extensions; (ii) a cross-
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encoder reranker jointly encodes the concatena-
tion of the token sequences of T’x, and P’ through
a dedicated encoder via full self-attention, where
z = CrossEnc(tok(7’x, ) [SEP] tok(P’)) denotes
the [CLS] embedding. The compatibility score is:

o(Tx,, P'| P) =head(z || f(Tx,) | f(P)),
3)
where || denotes concatenation, o € [0, 1], and
head(-) are two fully-connected layers with sig-
moid output.

Completeness classifier. A three-class clas-
sifier hg(Tx,,P') maps each candidate P’
to {SToP, CONTINUE, DROP }—determining
whether P’ satisfies the structural and semantic
constraints of T'x,, partially matches them and
requires further expansion, or is incompatible
with them entirely. It shares the same architecture
as the reranker: the [CLS] embedding z from
the cross-encoder is concatenated with f(Tx,)
and f(P’'), and passed through a lightweight
classification head to produce the final decision.
Together with o, this defines the scoring function
from Eq. 1:

score(Xg, x | Qk_l,g)
= l[hg(TXk,P/) = STOP]
+O’(TXk,P/ | P) : 1[h9(TXk,P/) = CONT.],
“)

where spans with hy(Tx,, P’) = DROP are dis-
carded. The completeness classifier hy is trained
on a dataset directly derived from the one used for
the the span encoder, with labels derived from the
same augmentation and corruption procedures; full
details are provided in Appendix A.3.

Beam search. We maintain a beam F}, of partial
subgraph spans with beam size b=10 and maxi-
mum depth D,,,=3. At each step, we take the
top-b spans from Fj, generate all one-hop exten-
sions P’ for each, and score them via Eq. 4. The
beam is then updated by merging the current spans
with the newly scored extensions and retaining the
top-b by score. The top span in the updated beam
is then passed to the completeness classifier: if
he(Tx,,P'") = STOP, X}, is resolved and expan-
sion halts; if hy(Tx, , P') = CONTINUE, the span
is expanded in the next step; if hy(Tx,,P’) =
DRoOP, it is discarded and the next-best span in the
beam is promoted. This process repeats until X}, is
resolved or depth(P) = Dyyax for all spans in the
beam.

3.4 Reasoning

Once exploration terminates, we perform a sin-
gle aggregation step with GPT-4 (prompt in Sec-
tion A.1). The top candidate entities, their sup-
porting KG paths, the original query, and the fully
disambiguated AKG are provided as context. The
LLM receives the spans labelled STOP by the com-
pleteness classifier as candidates; if none are avail-
able, the top CONTINUE spans are provided in-
stead.

To support multi-answer queries, the resolved
AKG defines a traversal pattern executed against
G; the final answer set is the deduplicated union of
LLM-selected and pattern-matched entities.

4 Experiments

4.1 Experimental Design

Following prior work (Sun et al., 2023; Tan et al.,
2025a; Ma et al., 2024; Li et al., 2023b), we evalu-
ate GRASE on ten datasets spanning KGQA, open-
domain QA, slot filling, and fact checking. For
KGQA we use four multi-hop sets—CWQ (Tal-
mor and Berant, 2018), WebQSP (Yih et al., 2016),
QALD-10 (Perevalov et al., 2022), and AdvHot-
potQA (Ye and Durrett, 2022)—and one single-
hop set, Simple Questions (Bordes et al., 2015), all
executed over Wikidata (Vrandeci¢ and Krotzsch,
2014) and Freebase (Bollacker et al., 2008). For
open-domain QA we use WebQuestions (Berant
et al., 2013); for slot filling, T-REx (Elsahar et al.,
2018) and ZeroShotRE (Petroni et al., 2021); and
for fact checking, FEVER (Thorne et al., 2018) and
CREAK (Onoe et al., 2021). Our primary metric
is Hits@1 (Li et al., 2023a; Baek et al., 2023; Sun
et al., 2023); we also report F1, average LLM calls,
and wall-clock time per query. Because LLLMs can
be non-deterministic even at temperature 0.0 (Lops
et al., 2024; Atil et al., 2025), we run each method
five times and report mean + std. Ablations ex-
amine (i) incremental addition of retrieval compo-
nents, (i) beam width and depth, and (iii) LLM
backbone sensitivity. Base configuration details
are in Section A.5.

4.2 Main Results

KGQA benchmarks. Table 1 compares GRASE
against classical KGQA systems and recent LLM-
based pipelines on WebQSP and CWQ. On We-
bQSP, GRASE achieves 89.1 Hits@1 and 73.5 F1,
competitive with the strongest prior system Path-
Mind (89.5 / 72.8) while outperforming all GNN-
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Model WebQSP CWQ
Hits@1 F1 Hits@1 F1
GraftNet 66.7 62.4 36.8 32.7
NSM 68.7 62.8 47.6 424
UniKGQA 72.2 72.2 51.2 49.1
ReaRev 76.4 70.9 52.9 47.8
G-Retriever 70.1 - - -
Qwen2-7B 49.6+16 34.1+13 24.4+14 20.7+15
Llama3-8B 54.1+13 33.5+16 193+12 21.5+15
GPT-40 60.1+1.1 42.4+14 421417 37.0+12
TOG 81.5+06 69.8407 67.2+13 60.9+09
ROG 84.6+08 69.7+07 61.4+12 55.1+11
LightProof’ 82.7 - 58.1 -
GNN-RAG 85.4+05 67.9+08 66.1+09 58.0+07
SubGrathAGT 86.6 70.6 472 57.0
EPERM' 88.8 72.4 66.2 58.9
PathMind® 89.5 72.8 70.7 61.4
POG 86.4+06 70.6+04 70.9+11 60.2+08
GRASE 89.1+03 73.5+07 73.9+11 61.8+04

Table 1: Results on WebQSP and CWQ. Best in bold,
second-best underlined. T indicates results taken from
prior work (no public code; SubGraphRAG not repro-
ducible). LLM-based methods report mean =+ std over
5 runs; this does not apply to T. GPT-4 is used when
available for fair comparison.

based methods. On CWQ, which requires deeper
multi-hop reasoning, GRASE attains 73.9 Hits@1
and 61.8 F1, surpassing all prior systems includ-
ing PathMind (70.7 / 61.4) and POG (72.0). The
consistent F1 gains suggest that GRASE retrieves
higher-quality supporting spans rather than relying
on isolated match signals. Figure 3 further breaks
down CWQ performance by reasoning depth, and
Figures 4 and 5 analyze AKG robustness and en-
coder generalization respectively.

Broader generalization. Table 2 reports results
across the remaining eight datasets. On slot-filling
tasks (T-REx, Zero-Shot RE), GRASE leads with
94.86 and 94.20 Hits@1, with the completeness
classifier halting early on single-hop queries. On
multi-hop benchmarks (AdvHotpotQA, QALD-10-
en), GRASE outperforms ToG-2 by 17.4 and 11.6
points. Notably, PathMind—the strongest KGQA
baseline—has not reported results beyond WebQSP
and CWQ, and does not generalize across this
broader evaluation. GRASE is competitive on
CREAK (92.77 vs. 93.8 for ToG) and substantially
stronger on FEVER (79.12 vs. 52.7).

4.3 Inference Cost

By design, GRASE makes at most Dyax+2 LLM
calls per query—one per depth level for seed
disambiguation, one for planning, and one for
final reasoning—independent of beam width b.
This compares favourably to 20Dyax+Dmax+1
for ToG and ~3D,,,x for ToG-2. As shown in
Table 3, GRASE reduces average LLM calls by
85.3% versus ToG (2.4 vs. 16.3) and latency by
85.0% (10.4s vs. 69.3s), with proportional gains
over all other baselines. These savings stem from
encoder-driven exploration replacing per-hop LLM
scoring, and the completeness classifier controlling
overexpansion.

4.4 Ablation Study

We analyze the exploration stack by toggling three
modules while keeping the planner, final-answer
LLM, Wikidata KG, b=10, and Dp,,x=3 fixed.
When a module is disabled, it is replaced by its
LLM equivalent: BM25 replaces the bi-encoder,
and the LLM provides scalar scores or Stop/Con-
tinue/Drop decisions in place of the cross-encoder
and completeness classifier respectively.

As shown in Table 4, the LLM-native base-
line is costly since the LLM both ranks neighbors
and decides completeness at each hop (55.0 calls,
120.9s). Adding the bi-encoder (V1) reduces fan-
out and latency with modest accuracy gain. The
cross-encoder (V2) is the inflection point: ranking
moves off the LLM, calls drop sharply (14.8), and
accuracy rises as better candidates are promoted.
Adding the completeness classifier (V3) removes
LLM calls from exploration entirely, reducing to
~2.4 calls and 10.4s per query.

4.5 Width, Depth, and Backbone Sensitivity

Widening the beam helps up to b~10 and then
plateaus; increasing depth beyond D=3 yields di-
minishing returns and can degrade accuracy due
to noisier paths. With the completeness classifier
active, time scales roughly as b-D (encoder work);
without it, time grows dramatically with depth, con-
firming the classifier’s role in containing search
(see Figure 8 in Appendix B).

Swapping only the planner/final-answer LLM
while keeping the encoder stack fixed shows that
GRASE is largely backbone-agnostic: GPT-4 gives
the best QA average (82.6) and fact accuracy (85.9),
with smaller models lagging by 1-3 pp (see Ta-
ble 12 in Appendix B for full results). Average
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Adv QALD- Zero- Simple Web
Method HotpotQA 10-en FEVER CREAK Shot RE Questions  Questions T-REx
ToG-2 (GPT-3.5) 429 54.1 63.17 93.5 91.0 - - -
ToG (GPT-4) 26.3 50.2 52.7 93.8 88.0 53.6 54.5 76.8
PoG-E (GPT-4) - - - - - 81.2 82.0 -
PoG (GPT-4) - - - - - 84.0 84.6 -
10 prompt (ChatGPT) - 42.0 - 89.7 27.7 20.0 48.7 33.6
CoT (ChatGPT) - 429 - 90.1 28.8 20.3 48.5 32.0
CoK (6-shot) 354 - 58.5 - - - - -
GRASE (ours) 60.31+1.39 65.67+3.84 79.12+4.04 92.774+3.74 94.20+2.79 82.87+2.07 88.15+4.87 94.86+3.57

Table 2: Broader generalization results. Hits@ 1 for AdvHotpotQA, QALD-10-en, Zero-Shot RE, SimpleQuestions,
WebQuestions, and T-REx; Accuracy for FEVER and CREAK. For fact-checking tasks, the reasoning prompt is
extended to include a truth assessment step over the retrieved evidence. GRASE results are mean =+ std over five
runs; baseline results are taken as published. "ToG-2 FEVER uses 3-shot prompting.

System LLM calls (avg.) Time / query (s)
ToG 16.3 69.3
ToG-2 54 27.3
PoG 7.8 34.6
CoK 11.0 30.1
RoG 4.7 448
GRASE 2.4 10.4

Table 3: Average LLM calls and execution time per
query. Lower is better.

LLM calls remain at ~2.4 regardless of backbone,
confirming that efficiency and most accuracy gains
stem from the exploration stack rather than the
reasoning LLM. Encoder-capacity scaling and con-
trols for the AKG representation and span-based
retriever are reported in Tables 9 to 11.

4.6 Multi-hop Reasoning Depth

Figure 3 reports CWQ F1 broken down by the
number of reasoning hops required. GRASE con-
sistently outperforms RoG and PathMind at every
depth level. For single-hop questions the margin is
small (0.780 vs. 0.775 for PathMind), as all meth-
ods handle direct lookups well. The gap widens
at two hops (0.648 vs. 0.605) and is most pro-
nounced at three or more hops (0.422 vs. 0.406),
where preserving global graph structure via the
AKG becomes critical. The graceful degradation
with depth—as opposed to the sharper drop ob-
served in RoG (0.629 — 0.378)—confirms that
anonymous-graph matching maintains reasoning
coherence across longer chains.

09 CWQ Performance by hops needed

v## RoG
PathMind
##s GRASE
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Figure 3: CWQ F1 by reasoning depth. GRASE de-
grades more gracefully than RoG and PathMind as hop
count increases.

4.7 AKG Robustness Analysis

To assess sensitivity to planning errors, we induce
controlled perturbations in the AKG generated for
CWQ queries requiring two or more hops, vary-
ing the fraction of affected elements from 10%
to 90%. We consider four error types: removed
edges (edges deleted from the AKG), uninforma-
tive substitution (an entity or relation replaced with
an uninformative placeholder), synonym substitu-
tion (replaced with a semantically equivalent term),
and removed entities (an entity and all its incident
edges removed).

Results in Figure 4 reveal distinct robustness pro-
files. Synonym substitution is the most benign: F1
remains stable across all perturbation levels (0.61
— 0.57), confirming that fuzzy span matching han-
dles semantic variation well. Removed edges and
uninformative substitutions cause moderate degra-
dation (0.56 — 0.20 and 0.58 — 0.28 at 90% per-
turbation), as the AKG loses structural constraints
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LLM calls Time / query

Variant Bi-enc. retr.  Cross-enc. rerank  Compl. class. | Hits@ 1/Acc (%)

(avg) (s)
Baseline N N N 70.2 55.0 120.9
Vi Y N N 73.0 50.5 90.2
V2 Y Y N 78.5 14.8 38.6
V3 (full) Y Y Y 81.8 24 10.4

Table 4: Ablation over exploration components. Baseline: plain expansion with LLM-based ranking and com-
pleteness. V1: +bi-encoder shortlist. V2: +cross-encoder ¢ (LLM no longer ranks). V3: +completeness classifier

(exploration decisions no longer call the LLM).

CWQ = 2 Hops F1 by AKG Error Type

!10
0.8

°
N
I
°
o
F1 Score

Elements Affected in %
a
°
b

ioz
0.0

S
" @m\e
O
e

Figure 4: CWQ F1 under controlled AKG perturbations
(>2 hops). Synonym substitution has minimal impact;
entity removal is the most damaging error type.

that guide exploration. Entity removal is the most
damaging: F1 collapses to near zero at high rates
(0.50 — 0.01), since missing anchor entities pre-
vent exploration from initialising correctly. These
results show that GRASE is robust to lexical vari-
ation but relies on structural completeness of the
AKG, motivating careful entity linking at planning
time.

4.8 Encoder Generalization to Unseen
Relations

A practical concern for deployment is whether the
span encoder generalizes to relations unseen during
training. Figure 5 reports CWQ F1 as an increasing
fraction of relations is withheld from training (0%
to 70%).

F1 remains stable up to 50% held-out relations
(0.638 — 0.619), with a modest drop only at 60—
70% (0.599, 0.571). The narrow standard devia-
tion band confirms consistent behavior across runs.
This robustness stems from the fuzzy matching
objective: the encoder learns to match spans by se-
mantic content and structural role rather than mem-
orizing specific relation surface forms, allowing
generalization via synonymy and structural anal-
ogy. Performance degrades only when the majority

CWQ F1 score as we hold out more relations from training

~—8— Mean F1
std

0.8

0.6

F1

0.4

0.2

0.0
0 10 20 30 40
Held-out relations for training (%)

50 60 70

Figure 5: CWQ F1 as an increasing fraction of rela-
tions is held out from encoder training. The held-out
fraction is defined relative to the total set of relations
in the training data. Performance remains stable up to
50% held-out relations, confirming generalization via
semantic matching rather than relation memorization.

of relations are withheld, suggesting that a mod-
erately diverse training set is sufficient for strong
generalization.

5 Limitations and Future Work

GRASE is designed for structured KG retrieval
and does not currently incorporate unstructured
evidence sources such as free text or tables; ex-
tending to hybrid settings would require additional
alignment modules, which we leave to future work.
Like all retrieval systems grounded in external KGs,
performance is bounded by KG coverage and the
quality of entity linking at planning time—a limita-
tion shared by all methods in our comparison. The
trained encoder components may require re-tuning
when applied to KGs with substantially different
relation distributions, though our held-out relation
experiments (Figure 5) suggest the encoder gen-
eralizes well up to 50% unseen relations. Finally,
the single LLM call at reasoning time introduces a
small residual dependence on LLLM reliability for
answer verbalization and aggregation.
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6 Conclusion

We introduced GRASE, a KGQA framework that
replaces LLM-directed graph exploration with
encoder-guided fuzzy span matching over anony-
mous knowledge graphs. By confining LLLM calls
to planning and final answer synthesis, GRASE re-
duces latency and cost by 60—-80% while matching
or exceeding state-of-the-art accuracy across ten
diverse benchmarks spanning KGQA, slot filling,
open-domain QA, and fact checking. Our broad
evaluation suggests that encoder-driven retrieval
with global query structure is a robust and practical
alternative to fully LLM-guided pipelines across
task types and reasoning depths.
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A Additional Implementation Details

A.1 Prompts

Anonymous Graph Construction Prompt. In
our framework, large language models are used
in two well-defined roles during inference. First,
we employ a graph—construction prompt (see Fig-
ure 6) to convert a natural-language question into
an anonymous knowledge graph (AKG): a set of
logical triplets in which unknown entities or re-
lations are replaced by anonymous variables X;.
This abstraction allows the model to express the
structural constraints implied by the question while
postponing the resolution of concrete entities to
later stages. Importantly, anonymisation prevents
the model from relying on memorised world knowl-
edge and ensures that downstream reasoning is
grounded in the KG rather than in the language
model itself.

Reasoning Prompt. Second, we use a reason-
ing prompt (Figure 7) to select the final answer
once candidate entities and supporting KG paths
have been retrieved by exploration. The model re-
ceives the completed or best available spans and
selects the candidate that best satisfies the logical
constraints encoded in the AKG, acting as a consis-
tency checker over structured evidence rather than
as an external knowledge source.

A.2 Training the Span Encoder

Goal. We train a single span encoder to score
compatibility between an anonymous query sub-
graph Tx, and a candidate KG span P’, so that
fuzzy matches (synonyms, variable-length align-
ments, type-consistent substitutions) receive high
scores while incomplete or corrupted matches re-
ceive low scores. Concretely, the encoder is trained
to map compatible query—span pairs to nearby em-
beddings and incompatible pairs to distant embed-
dings under the triplet-loss objective. Once trained,
the encoder is frozen and its span embeddings f(-)
are shared across the bi-encoder retriever, the cross-
encoder reranker head, and the completeness clas-
sifier head (see Section 3.3).

Base model. The encoder is DeBERTa-v3-Large
(He et al., 2021Db), fine-tuned with the triplet loss
defined in Eq. 2. The reranker and completeness
classifier are lightweight linear heads trained on
top of the frozen encoder.

Supervision source.

Senc = {(TXk,,P, y)}v

where T'x, is the anonymous query subgraph inci-
dent to variable X, P is a candidate KG span, and
y € {0, 1} is a binary compatibility label indicat-
ing whether P satisfies the constraints in Ty, . This
supervised pool is used to sample training triplets
(Tx,, P*, P™) for the triplet-loss objective, where
P is a compatible span and P~ is an incompatible
span associated with the same Ty, . We build Seyc
from the train splits of SimpleQA (Wei et al., 2024),
Natural Questions (Kwiatkowski et al., 2019), and
WikiHop (Welbl et al., 2018). For each query q
we convert it into its AKG G, = (E,, Ry, T,) via
GPT-4 and identify the subset Ty, C Tj, of triplets
incident to each anonymous variable X;. Where
gold supporting paths are available (KILT (Petroni
et al., 2021) format), we use them directly; oth-
erwise, we mine minimal satisfying paths in the
KG. The full construction procedure is given in
Algorithm 1.

We construct a training set

Positive examples. Starting from (T, ,P™)
pairs, we create hard positives via: (i) synonym
rewrites of relations and entities (from a curated
list of 20 alternatives per relation type) that pre-
serve truth conditions; (ii) neutral triplet inser-
tion—edges touching nodes in T, that do not
change the answer set; (iii) node-order permu-
tation—random shuffling of triplet order in T'x,
to enforce order invariance. All positive augmen-
tations are verified to preserve satisfaction before
being added to Sepc.

Negative examples. Hard negatives are gener-
ated by minimally breaking support: (i) edge
dropout—remove a key hop from P* or a re-
quired constraint from Ty, ; (ii) relation/entity cor-
ruption—replace a relation or entity with a near-
synonym that changes truth conditions; (iii) tar-
get corruption—swap the answer with a type-
consistent non-answer; (iv) topology perturba-
tion—re-route or re-order hops to produce mislead-
ing chains. Negatives are verified to not satisfy
T, before inclusion.

Order invariance. To learn over sets of triplets
rather than sequences, we randomly permute the
triplets in T'x, at sampling time and re-linearize
them, so the encoder does not overfit to serializa-
tion order. The batch-sampling strategy is summa-
rized in Algorithm 2.
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Topology diversity. To avoid overfitting to chain-
structured paths, we synthesize examples spanning
chains, forks, diamonds, and short detours (1-3
hops), ensuring the encoder encounters multiple
structural patterns satisfying the same T, .

Data deduplication and leakage prevention. To
prevent contamination between encoder training
and downstream evaluation, we perform explicit
entity and relation deduplication across all datasets.
Concretely, we extract the full set of entities and re-
lations appearing in the dev and test splits of all ten
evaluation benchmarks and exclude any training
pair in Senc whose Ty, or P contains a matching
entity or relation. This ensures that the span en-
coder never trains on structural patterns grounded
in evaluation entities or relations. The held-out re-
lation experiment in Figure 5 provides empirical
confirmation that the encoder generalizes via se-
mantic span matching rather than entity or relation
memorization.

Binary label space. At the span-encoder stage,
the label space is binary (y € {0,1}), since the
goal is to construct compatible/incompatible query—
span pairs from which triplets (T, , PT, P~) can
be sampled for retrieval and reranking.

A.3 Training the Completeness Classifier

The completeness classifier hy is trained on a de-
rived dataset

Scls = {(TXmPa y)}7

constructed from Sy by extending the binary com-
patibility labels to the three-way decision space
y € {Stop, CONTINUE, DROP}. In particular,
STOP and DROP examples are inherited from the
positive and negative constructions used for the
span encoder, while CONTINUE examples are cre-
ated by truncating gold supporting paths at inter-
mediate nodes to produce partially correct but in-
complete spans. Thus, the classifier is trained on
the same underlying supervision source as the span
encoder, but with an expanded label space tailored
to the exploration decision.

Label construction. STOP labels are assigned to
gold supporting paths P™ and their hard-positive
augmentations—synonym rewrites, neutral-triplet
insertions, and node-order permutations—that fully
satisfy T'x, and contain the correct answer en-
tity. CONTINUE labels are assigned to partially
constructed paths generated by truncating P at

intermediate nodes, where at least one required
hop is missing but all existing hops are correct.
DRoOP labels are assigned to hard negatives pro-
duced by the corruption procedures—edge dropout,
relation/entity corruption, target corruption, and
topology perturbation—subgraphs that are struc-
turally plausible but do not satisfy Ty, .

Training objective. The classifier is trained with
standard cross-entropy loss on top of the frozen
span encoder, sharing the same input representation
f(Tx,) || f(P’) as the reranker but with a three-
class output head. This construction ensures that
the three classes are precisely defined in terms of
graph-level satisfaction of the anonymous query
constraints, and that the classifier is trained on the
same distribution of structural patterns as the span
encoder, making the two components fully consis-
tent by design.

Class balance. To avoid the classifier collapsing
to the majority class, we sample equal numbers of
StopP, CONTINUE, and DROP examples per Ty,
during training, using the same permutation batch-
ing strategy described in Algorithm 2 to enforce
order invariance.

Classifier evaluation. To verify that the com-
pleteness classifier makes meaningful decisions
independently of the encoder, we evaluate hy in
isolation on a held-out portion of S not used dur-
ing training. Table 5 reports precision, recall, and
F1 per class.

Class Precision  Recall F1

SToP 0.91 0.87 0.89
CONTINUE 0.83 0.85 0.84
DropP 0.88 0.93 0.90
Macro avg. 0.87 0.88 0.88

Table 5: Completeness classifier performance on a held-
out evaluation split.

The classifier achieves strong performance
across all three classes, confirming that the accu-
racy gains observed in the ablation study (Table 4)
reflect genuine improvements in exploration de-
cisions rather than a confounded signal from the
encoder alone.

A.4 Hardware Specifications

Our experiments were run on a workstation with
an AMD Ryzen Threadripper 3975WX processor,
256 GB system memory, and two NVIDIA A100
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Algorithm 1 Construction of training pairs for the
span encoder

Algorithm 2 Batch sampling with random triplet
permutation to enforce order invariance

Require: KGQA datasets D, KG G, synonym maps, topology
patterns, augmentation budget K
Ensure: Training set Senc = {(T'x,,, P,y)}

I: Senc + @
2: for all (q, answers) € Diyin do
3: G, + ANONGRAPH(q)
4: for all anonymous variables X}, in Gq do
5: T'x, < triplets in Ty incident to X
6: P* < MINESUPPORTINGPATHS(Tx, , G)
7: for all P* € P do
8: Add (Tx,, Pt,1) to Senc
9: for j = 1to K do
10: (T;gk , Phe) +—
AUGMENTPOSITIVE(Tx, , PT)
11: if SATISFIES (T, , Pyh.g) then
12: Add (T;k, Ple,1) t0 Senc
13: end if '
14: end for
15: for j = 1to K do
16: (Tx,.P7) +—
CORRUPTPAIR(Tx, , PT)
17: if NOTSATISFIES(T'y, , P~ ) then
18: Add (T, , P™,0) to Senc
19: end if '
20: end for
21: end for
22: end for
23: end for

24: return Senc

CPU  AMD Ryzen Threadripper 3975WX
RAM 256 GB

Cores 64

GPU  2x NVIDIA A100 160GB

Table 6: Hardware used for all experiments.

GPUs with 160 GB memory each. All models
were trained using mixed-precision computation;
a single GPU was used per run unless otherwise
noted.

A.5 Training Hyperparameters

We tune model and optimization hyperparameters
on the development split of each dataset and select
the final configuration based on validation perfor-
mance averaged across runs. Search ranges and
selected values are reported in Table 7. Unless oth-
erwise stated, we use AdamW with cosine anneal-
ing, gradient clipping, and mixed-precision train-
ing. Beam search and expansion-depth parameters
are fixed across all experiments.

A.6 Baseline Systems

We compare against the following systems. Clas-
sical KGQA: GraftNet (Sun et al., 2018), NSM

Require: Training set S, permutations per item M
1: for each minibatch do
2: Sample a base set of items (T'x, , P,y) from S
for all sampled items (T'x, , P, y) do
for m = 1to M do

s

3
4
5 Tka> < RANDOMPERMUTATION(Tx, )
6: Pmm) OPTIONALSHUFFLE(P)

7. Encode (T§(1m>7 Pwm))
8 end for

9 end for
10: end for

(He et al., 2021a), UniKGQA (Jiang et al., 2023),
ReaRev (Mavromatis and Karypis, 2022), and G-
Retriever (He et al., 2024). LLM-only: Qwen2-7B
(Bai et al., 2023), Llama3-8B (Al, 2024a), and
GPT-40 (OpenAl et al., 2024). LLM-guided re-
trieval: ToG (Sun et al., 2023), RoG (Luo et al.,
2024), LightProof (Ao et al., 2025), GNN-RAG
(Mavromatis and Karypis, 2024), SubGraphRAG
(Liet al., 2025), EPERM (Long et al., 2025), Path-
Mind (Liu et al., 2025), and PoG (Tan et al., 2025a).
Broader evaluation baselines: ToG-2 (Ma et al.,
2024), CoK (Li et al., 2023b), 10 prompt and CoT
with ChatGPT (OpenAl et al., 2024).

A.7 KG Exploration Pseudocode

To identify candidate reasoning spans in the KG
that satisfy the anonymous constraints encoded in
the AKG, we perform guided beam search. At
each step, the algorithm expands the current partial
span by considering one-hop extensions from the
currently resolved entity. The bi-encoder retriever
shortlists promising extensions by cosine similar-
ity between span embeddings; the cross-encoder
reranker scores each extension via o(Tx, , P’ | P);
and the completeness classifier determines whether
the span satisfies the query (STOP), should be
expanded (CONTINUE), or is irrelevant (DROP).
Completed or depth-limited spans are stored as
candidates; the top-b partial spans are retained for
further expansion. The full procedure is given in
Algorithm 3. The search is initialized from an an-
chor entity identified from the question and AKG,
and proceeds by expanding partial spans while re-
solving anonymous variables according to a fixed
exploration schedule.

B Additional Experiment Results

We report supplementary analyses to complement
the main evaluation. Figure 8 studies the effect of
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Parameter

Value

Optimizer

Learning Rate

Gradient Accumulation Steps
Maximum Gradient Norm
Batch Size

Epochs

Evaluation Steps

Scheduler

Span Encoder Triplet Loss o
Weight Decay

Max Tokens

Dmax

Beam size b

top_p

temperature
max_generated_tokens

AdamW

{1077,107%, 1072, 1074}
{1,5,10}

{1, 5, 10, 50, 100}

{4, 16, 32, 64, 128}
{1,5,10, 15,20}

1000

{Cosine Annealing, Linear}
{0.05, 0.1, 0.15, 0.2, 0.25}
0.01

512

3

10

1

0.0

2048

Table 7: Training hyperparameters. Bold marks the selected configuration.

Dataset AKG correct (%)
WebQSP 91.0
CWQ 84.5
QALD-10 87.8
AdvHotpotQA 78.4
SimpleQuestions 93.2
WebQuestions 90.6
T-REx 96.5
ZeroShotRE 95.1
FEVER 85.5
CREAK 94.3

Table 8: AKG correctness by dataset. We sample 200
queries per dataset and use an LLM judge because gold
AKG annotations are unavailable. An AKG is correct
when it contains a valid entity—relation structure for
answering the query and permits reconstruction of the
original query.

Encoder Params (M) Hits@1 Time (s)
DeBERTa-v3-Large 304 81.8 10.4
DeBERTa-v3-Base 86 79.6 8.1
DeBERTa-v3-Small 44 76.9 6.2
DeBERTa-v3-XSmall 22 73.8 5.1

Table 9: Encoder scaling within the same GRASE
framework. Smaller DeBERTa-v3 backbones reduce
latency with moderate Hits@1 degradation.

beam size and maximum expansion depth on ac-
curacy and runtime. Table 12 examines backbone
sensitivity. Table 8 evaluates the quality of gener-
ated AKGs, while Tables 9 to 11 report encoder-
capacity and representation/retriever controls.

Variant Hits@1l LLMcalls Time (s)
GRASE (AKG) 81.8 24 10.4
With sub-queries 79.2 4.6 22.1

Table 10: AKG versus sub-query decomposition using
the same DeBERTa-v3-Large encoder.

Variant Retriever Hits@1 Time (s)
GRASE Span-based 81.8 10.4
Lightweight GNN  2-layer GAT 78.2 18.8

Table 11: Span encoder versus a lightweight GNN re-
triever trained on the same data.
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Backbone Avg. Hits@1 (QA) Avg. Acc. (Fact) LLM calls (avg.) Time/query (s)

GPT-4 (baseline) 82.6 85.9 2.4 104
GPT-3.5 79.5 83.0 2.4 9.0
Llama-3 70B Instruct 81.0 85.0 24 11.6
Mistral Large Instruct 80.0 84.0 24 11.0
Claude 3.5 Sonnet 81.8 85.5 24 11.2

Table 12: Backbone comparison with GRASE (b=10, D=3). QA average aggregates WebQSP, AdvHotpotQA,
QALD-10-en, Zero-Shot RE, CWQ, SimpleQuestions, WebQuestions, and T-REx; Fact average aggregates FEVER
and CREAK. Comparison with GPT-3.5 (OpenAl, 2023), Llama-3 70B Instruct (Al, 2024a), Mistral Large Instruct
(AL 2024b), and Claude 3.5 Sonnet (Anthropic, 2024).

Algorithm 3 Anonymous KG Exploration with
Beam Search

Require: Query g, AKG Qq, anchor entity eanchor, beam size
b, depth limit Dy, ax
Ensure: Set of accepted spans A
1: Initialize frontier F° «+ {(eanchor, 0)}
A <+ o, priority queue Q + &
cfort=0,1,2,..., Dmax — 1 do
for all (¢,,, P) € F' do
Select next unresolved anonymous variable X},
according to the exploration schedule

NREWD

6: Enumerate neighbors N'(em) = {(em,r,v) €
T}
7: for all (e, r,v) € N(em) do
8: Form candidate span P’ = P @ (e, T,v)
9: Compute reranker score o(Tx,,, P’ | P)
10: c — CLASSIFY (T, , P’) €
{STOP, CONTINUE, DROP}
11: if c = DROP then
12: continue
13: end if
14: if ¢ = STOP or depth(P’) = Dinax then
15: A+ AU{P'}
16: else
17: Push (v, P’) into Q with priority
o(Tx,, P’ | P)
18: end if
19: end for
20: end for

21: Fi1  top-b items popped from Q
22: if Q = @ then

23: break

24 end if

25: end for

26: return A
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Task. Convert the input sentence into a set of logical triplets. Any unknown entity or relation should
be represented as X_i, which will later be resolved against a knowledge graph. Also determine a
resolution order over the anonymous variables.

Guidelines.
» Use relations as verbs wherever possible, and entities as nouns.
* Treat the most specific entity as the “anchor”.
* Always include at least one anonymous variable.
* Prefer finer-grained variables rather than merging distinct roles.

* Ignore negation and quantifiers (e.g., “never”, “only”, “always”), since the goal is evidence
retrieval.

Do not create dummy triplets such as:

(X_1, name, Duke Leto Atreides).

Output format. Return:
* A Python-style list of triplets

* A resolution order over variables (e.g., [X1, X2, X3])

Examples

* “Berlin is the capital of Germany” — triplets=[(Berlin, capital_of, Germany)],
order=[]

e “Barack Obama is married to a woman who has a child” — triplets=[(Barack Obama,
married_to, X1), (X1, parent_of, X2)1,
order=[X1, X2]

* “Tom Hanks acted in a movie directed by a Canadian” — triplets=[(Tom Hanks, acted_in,
X1), (X1, directed_by, X2),
(X2, nationality, Canadian)], order=[X1, X2]

Now extract triplets and the resolution order for the following text. Keep the structure compact but do
not drop constraints on anonymous variables.

Figure 6: Prompt template for constructing an anonymous knowledge graph (AKG) and resolution order from a
natural-language question.
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Inputs
* A query expressed as logical triplets containing anonymous variables X;.
* A target anonymous variable to resolve (e.g., X1).
* A set of candidate entities.

* A set of logical paths extracted from the knowledge graph, labelled as STOP (fully satisfying) or
CONTINUE (partial, provided as fallback).

Task

* Select the candidate entity that best satisfies the logical constraints imposed by the query,
prioritising STOP-labelled spans.

* Replace all occurrences of X; in the triplets with the resolved entity.

 If no candidate satisfies the constraints, return “None”.

Example
* Target: X
* Query:

[(X_1, director_of, Titanic),
(X_1, nationality, Canadian)]

» Candidates: James Cameron; Steven Spielberg; Denis Villeneuve

* Supporting KG paths:

James Cameron — director_of — Titanic
James Cameron — nationality — Canadian

e Answer: James Cameron

Figure 7: Prompt template used to resolve an anonymous variable by selecting the candidate entity that best satisfies
the AKG constraints, based on supporting KG paths returned by exploration.
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Figure 8: Beam—depth sweep. Left: Hits@1 (%). Middle: Time/query (s) with the completeness classifier active.
Right: Time/query (s) with the completeness classifier deactivated (shared color scale with middle panel). Accuracy
saturates around b~10 and D~3; without the classifier, runtime grows sharply with depth due to the absence of
early stopping and pruning.
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