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Abstract
Retrieval Augmented Generation (RAG) has enjoyed increased at-
tention in the recent past, yet recent advancements in Large Lan-
guage Models (LLMs) have highlighted the difficulty of ensuring
trustworthiness and factuality. Current RAG methodologies often
modify the internal architecture of pre-trained language models
(PLMs) or rely on textifying knowledge graphs (KGs), which results
in lossy linearization and context saturation. This paper introduces
ConceptFormer, a neuro-symbolic approach to ground LLMs in struc-
tured knowledge from the Web of Data (e.g., Wikidata), without
altering their internal structure or relying on textual input of KGs.
ConceptFormer operates in the LLM embedding vector space, creat-
ing and injecting concept vectors that encapsulate the topological
structure of the KG nodes directly. Trained in conjunction with
a frozen LLM, ConceptFormer generates a comprehensive lookup
table that maps KG nodes to their respective concept vectors. The ap-
proach aims to enhance the factual reliability of LLMs by enabling
them to process these concept vectors natively, thus enriching them
with structured world knowledge in a graph-native manner. Our
experiments demonstrate that the addition of concept vectors to
GPT-2 0.1B substantially increases its factual recall ability (Hit@10)
by up to 272% when tested on sentences from Wikipedia and up to
348% on synthetically generated sentences. Even injecting only a
single concept vector into the prompt increases factual recall ability
(Hit@10) by up to 213% on Wikipedia sentences, significantly out-
performing RAG with graph textification. This demonstrates that
preserving topological structure in latent space is more effective for
factuality than textual linearization, while coincidentally reducing
token consumption by 130x.
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1 Introduction
Large Language Models (LLMs) have demonstrated exceptional
potential in various natural language processing tasks, including
conversational agents, summarization, and information retrieval
(IR). They are typically trained on large-scale, general-purpose
(text) corpora and optimized via self-supervision objectives [21].
Through this pretraining, LLMs acquire substantial amounts of
knowledge, which is implicitly stored within their model weights
[38, 56]. However, such implicit storage can lead to a lack of factual
grounding and risks of outdated, biased, or incomplete information,
posing key obstacles for retrieval-augmented generation (RAG) and
trustworthy AI systems [20, 25, 28].

A common approach to enhance knowledge retention in LLMs is
through corpus curation or expansion, which has shown promise in
reducing hallucinations [13, 46]. But simply improving or enlarging
the training corpus does not always resolve deeper challenges such
as domain-specific knowledge retrieval or real-time updates [14,
43]. Models still frequently hallucinate or omit key facts [29, 35],
especially in specialized domains where domain shifts are inevitable
[47]. Research has shown that growing the parameter count of LLMs
can improve factual recall [18], but even large models like ChatGPT
still struggle to faithfully reproduce structured knowledge, e.g.,
from DBPedia [40, 51].

To address these challenges in knowledge-intensive scenarios,
Knowledge Graphs (KGs) [16, 30] have emerged as a valuable struc-
tured resource. KGs—such as Wikidata [45]—capture accurate, up-
to-date, and domain-rich factual information. Making this graph-
based knowledge accessible to LLMs is a longstanding goal, espe-
cially for retrieval-augmented generation and question answering
[1, 53]. Popular RAG-focused approaches typically rely on “textifi-
cation” of graph edges or nodes [10, 22], concatenating them into
the LLM prompt. While effective, this results in a lossy linearization
of the graph topology and consumes large portions of the model’s
context window [55].

In this paper, we introduceConceptFormer, a novel, neuro-symbolic
way to integrate KGs into any pre-trained LLM without modifying
its internal architecture or retraining its core parameters. Rather
than textifying knowledge, ConceptFormer injects concept vectors
derived from the KG directly into the LLM’s input embedding space.
Figure 1 illustrates how entity recognition links a text mention
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Figure 1: ConceptFormer enhances a prompt by extending the
embedding vectors from the original prompt with learned
concept vectors. It creates a vector embedding for the entity
that is compatible with the LLMs input embedding space. The
resulting concept vector (in green) captures the topological
structure of the entity far better than the original token
embedding vectors.

(“Albert Einstein”) to its corresponding Wikidata node, and Con-
ceptFormer learns to produce a small set of dense concept vectors
that augment or replace the naive token embeddings. These vectors
natively encode themost relevant graph-neighborhood information,
enabling the LLM to integrate structured knowledge with minimal
context overhead.

The contributions of this paper are threefold: (1) We present
ConceptFormer, a flexible mechanism to embed KG nodes into the
LLM prompt space, enabling large-scale or domain-specific factual
grounding without altering the LLM architecture. (2) We intro-
duce new datasets—Tri-REx, T-REx Bite, and T-REx Star—specifically
designed to evaluate next-token and factual-recall tasks. These
datasets facilitate measuring how well LLMs retrieve, re-rank, and
generate entity-level facts. (3) We empirically demonstrate that
ConceptFormer achieves up to 348% improvement in factual recall
(Hit@10) on synthetic sentences, and up to 272% improvement
on Wikipedia-based sentences, compared to a GPT-2 0.1B baseline.
Remarkably, even a single concept vector yields a competitive recall
boost while consuming 130× fewer tokens than text-based RAG.We
make all datasets, our implementation of the model and dataset gen-
erators, as well as pre-trained models [2] freely available for down-
load via https://github.com/joelbarmettlerUZH/ConceptFormer.

Whereas most KG-enhanced LLM research focuses on the text
representation of knowledge [26, 41, 54], we focus on vector-based
injection that compresses graph information directly within the
LLM’s input space. We deliberately chose GPT-2 0.1B [37] for our
experiments due to its comparatively small size and simple architec-
ture. However, the technique extends to larger LMs with minimal
adaptation.

2 Related Work
ConceptFormer intersects several research areas. We situate our
work among (i) retrieval-augmented generation (RAG), (ii) KG-
enhanced LLMs, (iii) latent representation learning, (iv) prompt
tuning, and (v) pseudo-word embeddings for multimodal or special-
ized concepts.

Retrieval-Augmented Generation (RAG). Retrieval-augmented gen-
eration (RAG) [12, 20] enhances LLM-based text generation by re-
trieving relevant external data before or during text generation, thus
grounding model outputs in factual information from structured or
unstructured sources. In conventional IR pipelines, this approach
is reminiscent of query expansion or contextualization: the user
query (or partial text) is augmented with retrieved documents, en-
abling the LLM to generate content that more accurately reflects the
retrieved evidence. A straightforward yet potent variant is graph
textification, wherein a knowledge graph (KG) is linearized into
textual templates [10]. For instance, every subject–predicate–object
triple can be converted into a text phrase and concatenated with the
user query. Works like Brate et al. [7] and Li et al. [22] rely on these
textual expansions to harness structured knowledge in an LLM’s
generation process. While effective, this strategy imposes heavy
token overhead, straining context windows and obscuring the topo-
logical structure of the graph data. By contrast, ConceptFormer
avoids this lossy linearization. Rather than inserting hundreds of
tokens describing a KG neighborhood, it transforms the KG node
(and its adjacency information) into a small set of dense, learned
vectors directly injected into the LLM’s embedding space. This pre-
serves the topological integrity of the evidence while minimizing
context usage.

KG-Enhanced LLMs. Beyond RAG, multiple lines of research aim
to integrate KG information into an LLM’s representation. Early
works frequently required extensive architecture modifications or
additional training heads. For example: DKPLM [54] dynamically
updates language models with knowledge extraction and pseudo-
token injections, altering model layers and unfreezing part of the
network. CoLAKE [41] builds a hybrid word-knowledge graph and
modifies both the embedding and encoder layers of the Transformer,
training an LLM from scratch. K-Bert [26], KnowBert [32], and KP-
PLM [48] each propose new attention or injection layers, partially
or fully overriding a model’s internal architecture. K-Adapter [50]
appends adapters specialized in certain types of knowledge. While
these methods effectively enhance LLMs with structured knowl-
edge, most are tailored to encoder-only models (e.g., BERT) or
require partial fine-tuning of the LLM. This complicates their usage
in RAG deployments, where one may prefer to keep large-scale
pretrained models intact to preserve existing capabilities. Concept-
Former aligns with these methods in its goal — bridging symbolic
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graphs and neural representations — but preserves the fundamental
architecture of a decoder-only LLM by operating strictly at the
input-embedding level. In RAG scenarios with minimal inference
memory or a preference for plug-and-play modules, ConceptFormer
can be combined with a standard LLM in a non-invasive way. Fur-
thermore, its concept vectors can be precomputed and stored for fast
retrieval, eliminating inference overhead of reconstructing graph
neighbors on the fly.

Gist Tuning and Prompt Compression. Gist tuning [31] condenses
lengthy prompts into more compact “gist tokens.” Similar to knowl-
edge textification, large prompt expansions can degrade perfor-
mance or exceed context limits in tasks that rely on extensive
background passages. By training a compressor to produce a short
sequence of learnable tokens, gist tuning reduces the number of
tokens needed, often maintaining high-quality generation. The idea
of encoding complex information into a minimal embedding res-
onates with ConceptFormer, where entire KG neighborhoods are
expressed as a few concept vectors. Instead of elaborating text ex-
pansions, ConceptFormer forms a high-level “gist” of an entity’s
local subgraph.

Prompt Tuning and Continuous Prompts. Prompt tuning approaches
[23, 27, 36] freeze most or all of an LLM’s parameters, introducing
continuous embeddings (“prefix vectors” or “soft prompts”) that
steer the model’s behavior. This differs from typical fine-tuning,
which updates the model’s internal weights and can lead to cata-
strophic forgetting of original capabilities. ConceptFormer extends
this paradigm: rather than encoding a generic style or instruction, it
injects structured, entity-centric knowledge. Each KG node is accom-
panied by one or more learned embedding vectors that store local
relational context. This is akin to “soft prompts” but specifically
aimed at knowledge injection in a RAG setting.

Pseudo-Words for Specialized Concepts. A related vein of research
addresses new concept acquisition in LLMs by inserting “pseudo
words” into the model’s input space. In multimodal or domain-
adaptation contexts, these pseudo tokens can represent, for in-
stance, novel visual concepts [11, 44] or domain-specific terms. The
idea is to attach new semantics to an otherwise unused token em-
bedding, enabling the model to integrate or reference the concept
during generation. ConceptFormer similarly represents new con-
cepts (KG entities) via dense vectors, though it differs by focusing
on subgraph-level knowledge, not just an image or a single domain
label. By mapping an entire entity neighborhood into a few vectors,
it preserves the topological integrity in a compressed embedding.

3 Datasets
Large Language Models generally learn from massive corpora that
blend linguistic and factual content (e.g., Wikipedia), but such cor-
pora alone are often suboptimal when the goal is to infuse new
facts or systematically measure how effectively a model recalls or
generates factual information in a controlled manner. To address
this issue, we introduce three datasets—T-REx Bite, Tri-REx, and
T-REx Star—that build upon the foundation of the T-REx dataset [9].
While T-REx links Wikipedia sentences to Wikidata triples, it was
not designed specifically for next-token prediction. By contrast, our
datasets provide explicit structures that facilitate both knowledge

Dr. Albert Einstein was a theore tical physicist

theoretical physicistoccupationAlbert Einstein

P106Q937 Q19350898

4 19 26 47
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Figure 2: Example datapoint from Tri-REx (Synthetic)
Dataset. The datapoint consists of themain sentence(s), infor-
mation about the mentioned Wikidata triple, and boundary
indications of the entity label locations.

injection and retrieval-based LLM evaluations, addressing key lim-
itations of T-REx and its LAMA-based extensions [33, 34]. These
limitations include the assumption of single-token objects, uneven
coverage of knowledge, and inadequate alignment with the needs
of decoder-only LLMs.

3.1 T-REx Bite
T-REx Bite [3] adapts T-REx to the next-token-prediction paradigm
by ensuring that, in each text snippet, the subject appears before
the object. This alignment mimics real-world scenarios in which a
model sees partial information (the subject and some context) and
must then predict the missing object. To keep snippets manageable
within the limited context windows of smaller language models
(such as GPT-2), each snippet is capped at 512 characters.We further
require that the snippet explicitly mentions both subject and object,
does not start a new sentence at the object, and is linked to the
corresponding subgraph in T-REx Star (see Section 3.3).

By applying these constraints, we obtain about 6.4 million short
“bites” for training, 0.92 million for testing, and 0.75 million for vali-
dation. Each bite is a compact piece of Wikipedia text that retains
the original clarity and diversity of T-REx but is tailored to ensure
a direct subject–object alignment. This structure lets researchers
readily evaluate how well an LLM completes the object token(s)
given the preceding subject. The dataset naturally accommodates
multi-token objects under modern sub-word tokenization, remov-
ing the single-token assumptions of LAMA-like methods.

3.2 Tri-REx
Although T-REx Bite is useful, it still relies on Wikipedia text that
many models may have partially seen during their pretraining
phase. To create a scenario free from such potential contamination,
we introduce Tri-REx [5]. Instead of extracting text fromWikipedia,
Tri-REx synthesizes short subject–predicate–object sentences us-
ing Mistral 7B [17] in a few-shot prompting fashion. For example,
a triple (Albert Einstein, facial hair, walrus moustache) might gen-
erate “Dr. Albert Einstein wore a bushy walrus moustache.” Each
generated sentence is automatically filtered for coherence, correct
mention of both subject and object, and accurate preservation of
the S-P-O relationships, resulting in high-quality synthetic data.
An illustration of a datapoint from Tri-REx is given in Figure 2.

Tri-REx comprises 21.5 million training sentences, 0.9 million
test sentences, and 1.7 million validation sentences, each of which
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is typically under 30 tokens. This collection stands out because it
is intentionally free of pretraining overlap: models cannot simply
rely on memorized Wikipedia text. Instead, they must learn or
leverage newly provided knowledge sources (e.g., concept vectors
from ConceptFormer) to recover the correct object tokens during
next-token prediction. Researchers can thus verify whether a RAG
technique or knowledge-injection approach genuinely grounds a
model in facts, rather than triggering recall of memorized text.

3.3 T-REx Star
While T-REx Bite and Tri-REx focus on textual input, they do not
explicitly embed the wider graph structure that connects subject
entities to their neighbors. T-REx Star [4] fills this gap by providing
star-topology subgraphs fromWikidata for each entity that appears
as a subject in T-REx. Each entity’s local subgraph is represented in
JSON format, includes up to 100 neighbors ranked by PageRank [42],
and stores both node (Q-ID, English label, PageRank) and edge (P-
ID, relation label) metadata. The JSON structure is easily loaded
into tools such as NetworkX [15], enabling further graph-based
processing or embedding.

Crucially, T-REx Star aligns with T-REx Bite and Tri-REx by
using a consistent partitioning scheme. Every entity that serves as
a subject in one of the three datasets appears in exactly one split
(train, validation, or test). Entities may nonetheless appear as objects
in multiple splits if they are neighbors of different subjects. This
consistency is important for fair comparisons of LLM performance
across training and evaluation sets.

4 Method
ConceptFormer is designed to inject structured, graph-native knowl-
edge into a Large LanguageModel (LLM)without altering the LLM’s
internal architecture. By operating purely at the input embedding
level, ConceptFormer seamlessly integrates with most decoder-only
LLMs and can be flexibly applied in retrieval-augmented genera-
tion, entity-centric search, or domain-specific IR pipelines. At a
high level, ConceptFormer can be viewed as a modular knowledge
injector :

(1) Entity Detection and Linking: Given a user query or par-
tial text (e.g., “Albert Einstein was a. . . ”), an off-the-shelf
Named Entity Recognition (NER) and entity linker identifies
“Albert Einstein” and retrieves its corresponding node ID
(Q_ID) in Wikidata or any other KG.

(2) Subgraph Extraction: A star topology subgraph around
the entity is fetched, containing its immediate neighbors and
the edges (predicates) connecting them. In our experiments,
subgraphs are pre-extracted from T-REx Star.

(3) ConceptFormer Vector Generation: The extracted node
and edge embeddings are fed into ConceptFormer, yielding
concept vectors that capture the local neighborhood.

(4) Prompt Extension: These concept vectors are appended
to the existing input embeddings of the subject, forming
a graph-grounded representation that the LLM processes
natively (Figure 3).

This procedure allows an LLM to incorporate structured graph
knowledge with minimal prompt overhead. Unlike text-based RAG
approaches that rely on lossy linearization of graph structures
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<embedding>
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Figure 3: The input of the ConceptFormer are three matrices,
representing the central node, neighbouring nodes, and con-
necting edges. These embeddings can be generated with nu-
merous text-embedding mechanisms. ConceptFormer trains
multiple, parallel, and fully independent concept vector gen-
erator blocks, each implementing an attention mechanism
in which the central node becomes the query Q, the concate-
nated neighbouring nodes and corresponding edges become
the key K, and the neighbouring nodes become the values
V. A shared dense network transforms the output of each
concept vector generator block into the input embedding space
of the LLM.

(sometimes spanning hundreds of tokens), ConceptFormer only
inserts 𝑛 vectors per entity—where 𝑛 is typically far smaller (e.g., 1
to 20 vectors). As a result, it preserves topological integrity while
freeing up tokens for user text or system instructions in real-world
RAG scenarios.

4.1 Architecture of ConceptFormer
ConceptFormer takes as input a star topology subgraph anchored on
a central entity, which we denote as 𝐶 . That entity has𝑚 neigh-
bors 𝑁1, . . . , 𝑁𝑚 and corresponding edge (predicate) embeddings
𝐸1, . . . , 𝐸𝑚 . Formally, each neighbor𝑁𝑖 is a fixed-dimensional vector
(e.g., 768D) representing the neighbor’s label or attributes, and each
edge 𝐸𝑖 is similarly embedded. These embeddings can be derived
using off-the-shelf text embedding models (e.g., GPT-2, Word2Vec)
or specialized methods like TransE [6] or PBG [19]. While our ex-
periments focus on RDF-style triples, this architecture naturally
extends to Property Graphs, where internal node attributes or edge
properties can be encoded into the 𝑁 and 𝐸 vectors before injection.
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In line with Liang et al. [24], we separate (i) the node/edge
embedding step from (ii) the alignment and compression step.
The former yields 𝐶, 𝑁, 𝐸 with dimension dim𝑖 , and the latter is
where ConceptFormer’s trainable parameters reside.

ConceptFormer implements 𝑛 parallel concept vector generator
blocks. Each of these generators learns a Key (𝐾𝑛), Query (𝑄𝑛), Value
(𝑉𝑛), and Output (𝑂𝑛) transformation through linear layers with
weights𝑊𝑄

𝑛 ,𝑊 𝑘
𝑛 ,𝑊𝑉

𝑛 , and𝑊𝑂
𝑛 . The output of each concept atten-

tion layer is an intermediate concept vector (1, dim𝑖 ), see Equations
1-4. Each 𝑂𝑛 is then processed through an output transformation
shared by all concept attention generators to produce the final
concept vectors, see Equation 5. This transformation is critical for
converting concept vectors into a format compatible with the LLM’s
input space, a technique also employed in other papers to bridge
the gap between symbolic graph representations like TransE and
the LLM’s latent space [57]. The output dimension dim𝑜 of this
layer is defined by the input token embedding used by the LLM. Its
hidden dimension is a free parameter, which we set to 1228 in our
experiments.

𝑄𝑛 =𝐶𝑊
𝑄
𝑛 (1)

𝐾𝑛 = 𝑁𝑊 𝐾
𝑛 + 𝐸 (2)

𝑉𝑛 = 𝑁𝑊𝑉
𝑛 (3)

𝑂𝑛 =

(
𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥

(
𝑄𝑛𝐾𝑛

𝑇

√
dim𝑖

)
𝑉𝑛

)
𝑊𝑂
𝑛 (4)

concept vector𝑛 = 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑢 (𝑂𝑛𝑊 𝑃
1 )𝑊 𝑃

2 (5)

ConceptFormer can be fine-tuned to adapt to a new LLM, mak-
ing it a versatile tool that can be integrated with various language
models. The output of ConceptFormer is a set of 𝑛 concept vectors,
forming a matrix of size (𝑛, dim𝑜 ). This matrix represents the trans-
formed knowledge from the input subgraph, ready to be fed into
the LLM for enriched language generation.

4.2 Training Objectives and Stages
We first train ConceptFormer on synthetic sentences from Tri-REx,
which are deliberately unseen by the base LLM. This ensures that
the LLM cannot trivially predict the correct object from memorized
textual patterns. In other words, it must rely on the knowledge
embedded in the concept vectors. For each synthetic sentence of the
form “[Subject] ... [Predicate] ... [Object]”:

(1) We truncate the sentence right before the [Object].
(2) We retrieve the star subgraph of the [Subject] from T-REx

Star, generate 𝑛 concept vectors using ConceptFormer, and
insert them after the original [Subject] text embedding
vectors.

(3) The LLM is taskedwith next-token prediction of the [Object],
minimizing the cross-entropy loss over the ground-truth to-
kens.

Since the LLM is frozen, gradient updates only affect ConceptFormer
parameters. Over repeated batches, ConceptFormer learns to encode
the subgraph in a way that helps the LLM correctly predict the
object tokens, even though the LLM itself has not been fine-tuned
on these unseen facts.

After pre-training, we further refine ConceptFormer using real-
world text from T-Rex Bite, ensuring it transfers from the synthetic
domain to more natural, context-rich sentences. This second stage
is crucial to avoid an over-simplified reliance on “triplet schemas”
alone. Concretely: (1) We apply the same next-token prediction
objective on truncated real sentences from Wikipedia, referencing
the same entity subgraphs. (2) The concept vectors must adapt to
the varied, noisier style of genuine Wikipedia text rather than the
neatly structured synthetic statements.

This two-stage training (synthetic → real text) has proved ef-
fective in our experiments, allowing ConceptFormer to handle both
contrived and authentic RAG use cases—ranging from short fact
queries to more elaborate, context-dependent queries.

4.3 Implementation Details and Training
Hyperparameters

In our experiments, each concept vector generator block uses lin-
ear transformations of dimension dim𝑖 → dim𝑖 , with dim𝑖 typi-
cally 768. The subsequent MLP has one hidden layer of size 1228,
using a LeakyReLU activation. We vary the number of parallel
blocks 𝑛 ∈ {1, 2, 3, 4, 5, 10, 15, 20}, balancing performance and mem-
ory overhead. We adopt AdamW with weight decay of 0.01 and
a constant learning rate, typically 6 × 10−5, determined via grid
or Bayesian hyperparameter search. We freeze all LLM weights,
ensuring stable optimization for ConceptFormer alone.

We batch multiple subgraphs and partial sentences, limiting each
to a maximum token length (e.g., 512) for GPT-2 compatibility. We
early-stop if validation loss does not improve after one full epoch
in either the synthetic or real-data stage, preventing overfitting to
narrower patterns. Once training is complete, ConceptFormer can
be used in two ways: (1) On-the-Fly Generation: For each entity
mention encountered during inference, dynamically retrieve its
subgraph and run it through ConceptFormer to produce concept vec-
tors. This supports real-time updates if the KG changes frequently
but requires additional inference computation. (2) Precomputed
Lookup Table: For static KGs like a fixed snapshot of Wikidata,
generate concept vectors for all entities offline and store them in
a giant key–value map. During inference, simply fetch the rele-
vant concept vectors for each detected entity, incurring near-zero
overhead.

The second approach is often attractive in Web-scale systems
with stable or slow-changing knowledge bases, as it avoids re-
running ConceptFormer repeatedly for the same entities.

5 Experiments
In this section, we investigate how well a Large Language Model
can ground generation in facts from a knowledge graph, with a
particular focus on Wikidata. By isolating knowledge-intensive
tasks, we aim to show how ConceptFormer enables graph-native
knowledge integration without exceeding context budgets or re-
training the LLM.

5.1 Evaluation Paradigm and Metrics
We base our experiments on the Tri-REx and T-REx Bite datasets
introduced in Section 3. Both sets consist of sentences truncated just
before the mention of a target object entity (e.g., “Albert Einstein
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was a. . . ”), and the LLM is tasked with predicting the next tokens
corresponding to the true entity label.

To quantify recall, we adopt the widely used Hit@k metric. For
an object label split into 𝑇 tokens, we record the rank (𝑟𝑡 ) of each
token 𝑡 in the model’s output logits. The sequence rank is taken as
𝑟 =max{𝑟1, . . . , 𝑟𝑇 }, and it counts as a “hit” if 𝑟 ≤ 𝑘 (i.e., all tokens
appear in the top-𝑘 predictions at their respective timesteps). This
approach is robust to multi-token entities, a common challenge in
tasks involving named entities (“New York Times” vs. “NYT”).

Restricting to Hit@1 (top-1 predictions) may understate the
model’s factual knowledge, since many facts can be phrased in mul-
tiple correct ways. Hence we primarily highlight Hit@10, though
we report Hit@1 and Hit@5 for completeness.

5.2 Baseline Evaluation
We begin by establishing baseline performance for six LLMs of
varying sizes and architectures: GPT-2 (0.1B, 0.3B, 0.7B, 1.5B) [37]
and LLaMA-2 (3B, 7B) [43]. Each model is evaluated as is, without
any knowledge injection. We measure Hit@1, Hit@5, and Hit@10
on the test splits of Tri-REx and T-REx Bite.

Table 1 (rows without RAG or CF) shows that larger models con-
sistently outperform their smaller counterparts across both datasets,
reflecting well-known scaling trends [18]. The gap between Tri-REx
and T-REx Bite is particularly striking at Hit@1: performance on
the Wikipedia-based T-REx Bite is often 5–10× higher than on the
synthetic Tri-REx, suggesting that the model leverages memorized
textual patterns from its pretraining corpus. This phenomenon high-
lights a key challenge: grounding generation beyond memorized
facts to new or rare knowledge.

Moreover, LLaMA-2 variants (3B and 7B) display notably better
results than GPT-2 models of even larger parameter counts (e.g.,
GPT-2 1.5B), implying that architecture and training methodology
can greatly influence factual recall in IR tasks.

5.3 Baseline: Linearized Graph RAG
Wenext compareConceptFormer to a text-based retrieval-augmented
generation (RAG) approach. Specifically, for each subject entity, we
retrieve its 1-hop neighbors from Wikidata and linearize them into
a textual passage appended to the LLM prompt [10, 22].

We use a simple template-based approach to convert a graph
neighbourhood to text. The performance varied significantly de-
pending on the injection template used, sometimes leading to over a
100% difference in outcomes, consistent with findings from [27]. We
observed that using a template in the form “Subject ({predicate_1}:
{object_1}, {predicate_2}: {object_2}, ...)” performed particularly bad,
while “Subject, {predicate_1} {object_1}, {predicate_2} {object_2}, ...”,
a template also used by [8], performed best. However, this can easily
span 100–800 tokens for well-known entities, obscuring structural
relationships and consuming a significant portion of the LLM’s
context window.

In Table 1, rows labeled “+ RAG” show large gains relative to the
baseline. For smaller GPT-2 models, these gains can exceed 6× at
Hit@10. This underscores the potential of structured knowledge
for grounding if it is integrated effectively. However, the token
overhead is substantial (on average 130 tokens per subject, but up
to 800 for famous concepts), making it impractical in scenarios

Table 1: Percentage of correctly predicted entities per dataset
of different models using no augmentation, linearized graph
injection, or using different ConceptFormer-n variants.

Tri-REx T-Rex Bite

Model H@1 H@5 H@10 H@1 H@5 H@10

LLaMA-2 7B 4.1% 17.5% 24.5% 39.3% 65.3% 73.0%
LLaMA-2 3B 4.3% 16.4% 22.9% 34.8% 59.5% 67.5%
GPT-2 1.5B 1.7% 8.8% 12.7% 22.9% 43.8% 51.8%
GPT-2 0.7B 1.6% 8.8% 12.4% 19.7% 39.3% 47.1%
GPT-2 0.3B 0.9% 7.0% 10.3% 16.3% 36.2% 44.2%
GPT-2 0.1B 1.3% 5.8% 8.5% 4.7% 14.3% 19.5%

LLaMA-2 7B + RAG 25.6% 61.0% 72.2% 55.3% 85.1% 90.6%
LLaMA-2 3B + RAG 28.4% 61.5% 71.7% 52.0% 82.3% 88.4%
GPT-2 1.5B + RAG 26.0% 54.2% 63.8% 39.6% 70.3% 78.3%
GPT-2 0.7B + RAG 20.9% 48.9% 59.1% 30.9% 60.0% 69.3%
GPT-2 0.3B + RAG 21.5% 50.7% 59.9% 30.5% 62.3% 71.4%
GPT-2 0.1B + RAG 8.3% 32.1% 41.3% 6.6% 23.8% 32.4%

GPT-2 0.1B + CF-20 16.8% 31.2% 36.9% 46.1% 65.6% 70.7%
GPT-2 0.1B + CF-15 16.2% 32.3% 38.2% 46.7% 67.1% 72.5%
GPT-2 0.1B + CF-10 15.7% 31.6% 37.8% 46.4% 67.2% 72.9%
GPT-2 0.1B + CF-5 13.6% 28.6% 35.1% 42.1% 63.3% 69.3%
GPT-2 0.1B + CF-4 12.7% 27.1% 33.7% 40.1% 61.5% 68.0%
GPT-2 0.1B + CF-3 11.9% 26.6% 32.9% 40.4% 61.0% 67.1%
GPT-2 0.1B + CF-2 11.1% 25.3% 31.7% 37.6% 57.8% 64.1%
GPT-2 0.1B + CF-1 10.0% 23.2% 28.8% 33.3% 54.1% 61.1%

where multiple enriched entities appear in a single query. We also
find that performance can degrade for large neighborhoods due to
linearization noise [26], in line with prior findings that excessive
context can overwhelm the model.

5.4 ConceptFormer Evaluation
ConceptFormer takes a graph-native vector-based approach to knowl-
edge integration, drastically reducing the number of extra tokens
needed for an entity’s subgraph. We instantiate ConceptFormer
with GPT-2 0.1B (125M parameters) to test whether a small model’s
lack of knowledge can be compensated by structured prompts in
concept-vector format. We employ the two-stage training scheme
introduced in Section 4:

(1) Pre-training on Tri-REx: We freeze GPT-2 0.1B and op-
timize ConceptFormer to generate the correct next tokens
for synthetic subject-predicate-object sentences. This fosters
reliance on external subgraph data, since the model cannot
simply recall them from memorization.

(2) Fine-tuning on T-REx Bite:We continue training Concept-
Former on real Wikipedia sentences. This step ensures the
approach generalizes to authentic textual contexts, not just
the minimal triplets from the synthetic set.

To explore the trade-off between vector capacity and prompt
overhead, we train ConceptFormer variants with 𝑛 ∈ {1, 2, 3, 4, 5, 10,
15, 20}. Each variant sees the same star subgraphs, but it can produce
more or fewer concept vectors.

Table 1 (rows labeled “GPT-2 0.1B + CF-𝑛”) and Figure 4 illus-
trate that going from 𝑛 = 1 to 𝑛 = 15 markedly improves Hit@1
and Hit@10. Beyond 15, we see diminishing or no returns, suggest-
ing that around 10–15 vectors are enough to cover typical 1-hop
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Figure 4: Hit@10 rate of various basemodels, with or without
graph RAG (G-RAG), compared to GPT-2 0.1B with different
ConceptFormers (CF), after pre-training on Tri-REx.

neighborhoods in Tri-REx. For GPT-2 0.1B, certain CF-𝑛 models
even outperform LLaMA-2 7B, a 50× larger model, in Hit@1—a
striking result indicating that concept vectors can encode essential
knowledge more compactly than the model’s own parameters.

After fine-tuning on real sentences, Table 1 shows the final per-
formance. Notably, CF-15 yields a Hit@1 of 46.7% and Hit@10 of
72.5%—about a 10× gain over baseline GPT-2 0.1B. Even a single
concept vector (𝑛 = 1) outperforms text-based RAG for GPT-2
0.1B at Hit@1 (33.3% vs. 6.6%), while consuming 130× fewer tokens
on average. Figure 5 highlights the trade-off: graph textification
saturates the input context, particularly for well-known subjects,
whereas ConceptFormer retains high accuracy with minimal vector
overhead. This is pivotal for Web-scale scenarios where multiple
enriched entities may appear simultaneously.

Following Liu et al. [26], we partition subjects into:
• Niche Concepts (1–10 neighbors): Often less-known en-
tities. CF-15 significantly outperforms RAG here, likely be-
cause text expansions for these entities are short, but the
LLM still benefits from the learned concept representation.

• Moderately Popular (11–90 neighbors): Mixed results
show consistent improvement for CF-15 over baseline GPT-2,
though RAG also achieves good performance with moderate
amounts of textual expansions.

• Very Famous (90–100 neighbors): Entities like “Albert Ein-
stein” or “Queen Elizabeth II” can produce extremely large
text expansions. RAG’s performance degrades, while CF-15
remains stable, illustrating that ConceptFormer avoids lin-
earization noise issues when dealing with broad subgraphs.

Overall, ConceptFormer maintains high recall across varying entity
degrees, making it attractive for tasks spanning rare to well-known
topics.

5.5 Question Answering on WebQSP
To further validate ConceptFormer in a knowledge-grounded ques-
tion answering context, we evaluate it on the WebQuestions Se-
mantic Parsing (WebQSP) dataset [52]. Since WebQSP originally
references Freebase, we use a Wikidata-linked variant [39]. After
filtering questions with missing or incompatible subgraphs, we
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Figure 5: Hit@10 rate of GPT-2 0.1B + variousConceptFormers
on the Wikipedia based T-Rex Bite Dataset.

form 2,463 question–answer pairs, each labeled with the relevant
entity’s node ID.

We adapt GPT-2 0.1B to a prompt template: “Question: [Q]?
Answer:”, then measure whether the correct entity label emerges
in the top-𝑘 logits. As many questions have multiple valid answers
or synonyms, we adopt a looser Hit@5 threshold: if any correct
label is in the top-5 tokens, we consider it a recall success.

Table 2 compares:
• Baseline GPT-2 0.1B: 0% Hit@1, effectively guessing ran-
domly for these specialized QA prompts.

• + RAG (Graph Textification): Gains up to 1.4% Hit@5 for
GPT-2 0.1B, or 13.0% for GPT-2 1.5B, but still low absolute
performance.

• + ConceptFormer-10 (CF-10): Achieves 7.6% Hit@1 and
28.3% Hit@5, vastly surpassing the LLaMA-2 7B result of
under 1% Hit@1.

While these numbers are modest compared to specialized QA sys-
tems that can reach 75%+ [49], they demonstrate that an off-the-
shelf 0.1B-parameter LLM can become graph-grounded through
ConceptFormer’s vector-based injection. This highlights a path for
using small LLMs in domain-oriented tasks (e.g., specialized KBs)
without re-training a massive model.

5.6 Multi-Hop and Global Alignments
Although our experiments focus on 1-hop subgraphs, Concept-
Former can, in principle, be extended to multi-hop neighborhoods.
Similarly, using globally aligned node embeddings (e.g., fromPBG [19])
conferred no consistent advantage over simpler text-based embed-
dings.We hypothesize thatConceptFormer itself internalizes enough
global structure through repeated 1-hop exposures.

5.7 Summary of Findings
Across a spectrum of evaluation settings:

• Even a single concept vector (𝑛 = 1) can boost GPT-2 0.1B
from near-zero performance to competitive results while
consuming ∼ 100× fewer tokens than linearized graph ex-
pansions.

• 15 concept vectors emerges as an effective upper bound for 1-
hop neighborhoods, pushing recall higher but still remaining
token-efficient.
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Table 2: Percentage of correctly answered questions from the
WebQSP Dataset, comparison of the base models (BM), graph
RAG (G-RAG), and ConceptFormer-10 (CF-10).

BM G-RAG CF-10

Model H@1 H@5 H@1 H@5 H@1 H@5

LLaMA-2 7B 0.9% 13.5% 0.1% 6.1%
LLaMA-2 3B 0.1% 10.3% 0.0% 10.1%
GPT-2 1.5B 0.1% 4.2% 0.2% 13.0%
GPT-2 0.7B 0.0% 3.9% 0.1% 2.4%
GPT-2 0.3B 0.0% 1.5% 0.0% 1.1%
GPT-2 0.1B 0.0% 0.0% 0.2% 1.4% 7.6% 28.3%

• Complex or Large Subgraphs that hamper text-based RAG
due to linearization noise have less impact on ConceptFormer,
which compresses the subgraph into a fixed number of vec-
tors.

• Knowledge-Grounded QA scenarios like WebQSP show
that ConceptFormer can transform a small LLM into a ba-
sic QA engine for domain knowledge queries. Performance,
while not state-of-the-art, underscores the viability of vector-
based knowledge injection.

Overall, our experiments confirm that ConceptFormer provides
robust, scalable means to ground generation in structured knowl-
edge with minimal overhead—a boon for tasks where preserving
topological integrity within tight context windows is critical. We
next conclude by discussing limitations, future work, and broader
implications for retrieval-augmented generation.

6 Conclusion
This paper presented ConceptFormer, a novel approach to ground
Large Language Models in structured knowledge from Knowledge
Graphs without modifying their internal architecture. Our experi-
ments demonstrated that ConceptFormer significantly enhances the
factual reliability of GPT-2 0.1B. This improvement is attributed to
the neuro-symbolic transformation of KG information into com-
pact and informative concept vectors. The method of creating and
injecting concept vectors into the LLM input space offers a powerful
way to enrich LLMs with current and detailed world knowledge
while preserving latent capacity for user queries or other contextual
prompts.

ConceptFormer provides a solution for knowledge-intensive tasks
such as query expansion, entity-centric retrieval, and knowledge-
grounded question answering. By embedding graph information at
the input-embedding level rather than via lossy textual linearization,
ConceptFormer reduces the risk of linearization noise—making it
highly scalable for multi-entity queries often seen in advanced
retrieval workflows. It bridges the gap between neural generation
and symbolic structures, aligning with the broader shift toward
trustworthy neuro-symbolic AI.

Our results show that ConceptFormer achieves superior perfor-
mance compared to raw LLMs and even outperforms template-
based graph RAG methods in most scenarios (cf. Table 3). Notably,
it enhances knowledge recall with aminimal increase in context size,

Table 3: Performance change of GPT-2 0.1B + 15 concept vec-
tors, compared to GPT-2 0.1B base model and GPT-2 0.1B +
graph RAG (G-RAG).

Tri-REx T-Rex Bite

Model H@1 H@5 H@10 H@1 H@5 H@10

GPT-2 0.1B 1121% ↑ 457% ↑ 348% ↑ 894% ↑ 370% ↑ 271% ↑
GPT-2 0.1B + G-RAG 93% ↑ 0% ≈ 8% ↓ 612% ↑ 181% ↑ 123% ↑

providing an efficient pathway for integrating large-scale knowl-
edge bases into modern IR pipelines. The effectiveness of Concept-
Former is especially notable when comparing the input token usage
between ConceptFormer-1 and graph RAG: just one singular concept
vector can outperform graph RAG on the T-Rex Bite dataset by 88%
on Hit@10. Such savings directly benefit tasks that require injecting
relevant knowledge for multiple entities within a single prompt,
including complex queries or conversation-based searches.

Once trained, ConceptFormer can pre-generate a comprehen-
sive lookup table that maps entities to concept vectors. Alterna-
tively, it can be used dynamically, querying the relevant neigh-
borhood from the source graph on the fly and embedding it into
input space–compatible concept vectors, thus offering a streamlined
retrieval-augmentation pipeline. Changes in the online KG are
automatically reflected and made accessible to the LLM, making
ConceptFormer suitable for highly dynamic retrieval scenarios with
fast-changing graphs. Overall, it provides a versatile, graph-native
bridge between the structured world of KGs and the generative
capabilities of LLMs, supporting more robust and up-to-date in-
formation retrieval. ConceptFormer exhibits four key properties:
(1) Topological Fidelity: Unlike text-based RAG which flattens
graphs into sequences, our vector injection preserves the relational
structure of the neighborhood, reducing linearization noise. (2)
Representational Efficiency: Each entity’s neighborhood is com-
pressed into a handful of vectors (≈1–20 “soft tokens”) compared
to hundreds of tokens for text-based RAG, saving crucial context
budget. (3) No Fine-tuning: By remaining purely in the input
space, it allows reusing standard models, which is valuable where
re-training is infeasible or restricted. (4) Property Graph Com-
patibility: The method is agnostic to the embedding technique
and naturally extends to Property Graphs, allowing the integration
of specialized domain knowledge (e.g., medical or legal) with rich
node/edge attributes.

These features underscoreConceptFormer’s suitability for retrieval-
based generation, question answering, or any other task that de-
mands up-to-date factual grounding. By prioritizing representa-
tional efficiency,modularity, and dynamic scalability,ConceptFormer
fills a critical gap in bridging structured graph data with frozen
Large Language Models while minimizing the burden on context
budgets. Ultimately, it unifies structured graph knowledge with
LLM-based generation in a manner that is practical, extensible,
and highly aligned with the requirements of modern information
retrieval systems.
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