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Abstract

Large language models (LLMs) achieve strong
results across NLP tasks, but they often strug-
gle to exploit structured domain knowledge
in specialized settings such as clinical text,
where medical concepts are linked by sparse
conditional dependencies semantically. To
address this challenge, we present GRIAN
(Graph-Regularized and Injected Adaptation
Network), which treats the existence of a
sparse concept dependency graph as an ex-
plicit prior during LLM adaptation. Rather
than learning a graph separately, GRIAN in-
tegrates graph recovery into training by aug-
menting the large language modeling objective
with a nonparanormal matrix-normal graphical-
model loss that jointly estimates sparse preci-
sion matrices while optimizing the LLM. The
graph-structured term regularizes the model
toward parsimonious conditional dependen-
cies, and is further complemented by a Lapla-
cian smoothness regularizer that aligns con-
cept embedding geometry with the emerging
structure via parameter-efficient LoORA updates.
For downstream prediction, we encode query-
conditional induced subgraphs with a graph
attention network. Then we inject graph ev-
idence into Transformer attention, enabling
structure-grounded and more interpretable rea-
soning over clinical text. Experiments on a
Chinese knee-joint electronic medical record
dataset and a medical abstract dataset show
consistent improvements over LLM baselines,
highlighting the benefits of jointly regularized
graph-structure adaptation for reliable and in-
terpretable clinical text modeling.

1 Introduction

Large language models (LLMs) have achieved
strong performance across diverse NLP tasks, yet
they often struggle to exploit structured domain
knowledge in specialized settings such as clinical
text. Clinical narratives mention symptoms, ex-
aminations, and pathologies in free-form language,
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Figure 1: Concept graph for clinical text. Clinical text
(e.g., outpatient notes and MRI reports) is mapped to a
sparse concept subgraph to support downstream clinical
tasks.

but the underlying concepts are linked by sparse
and conditional dependencies semantically rather
than spurious co-occurrences. When such struc-
ture is not captured and employed, models may
not provide logical and explainable evidence on
the decision. Recent work also shows that clinical
deployment of large language models requires not
only high accuracy, but also reliable and traceable
evidence (Singhal et al., 2023a,b; Liu et al., 2025a).

Figure 1 illustrates why we impose a sparse
graph prior during adaptation and why we fur-
ther inject graph evidence for downstream clini-
cal prediction. Clinical records often provide frag-
mented cues across sections (e.g., outpatient notes
vs. imaging reports). A graph prior encourages
the model to explain decisions through conditional
concept dependencies, rather than relying on spuri-
ous co-occurrence. At inference stage, injecting a
query-conditioned subgraph makes the structural
evidence explicit and traceable, providing a com-
pact set of concept relations that the model can
attend to when making clinical predictions.

LLMs are often augmented with external mem-



ory like RAG (Lewis et al., 2020; Ye et al., 2024)
and kNN-LM (Khandelwal et al., 2020) or injected
with Knowledge Graphs via input augmentation
and adapter-style modules (Liu et al., 2020; Wang
et al., 2021). Recent graph—LLLLM systems further
explore tighter fusion between graph structure and
neural reasoning (Ma et al., 2024; Hong et al., 2024;
Jin et al., 2024; Tian et al., 2024; Sun et al., 2023;
Rezaei et al., 2025; Guo et al., 2025). Other studies
have also explored schemes for automatically gen-
erating knowledge graphs or hypergraph structures
from corpora to enhance LLMs (Masoudifard et al.,
2024; Dou et al., 2025). However, most of these
approaches assume access to existed or pre-defined
graphs, and their behavior is ultimately constrained
by knowledge graph coverage and noise.

In contrast, we adapt LLMs under an explicit
sparse graph prior without relying on any external
knowledge graph, by enforcing conditional depen-
dencies among domain concepts during training.
In clinical text, correlation graphs can be mislead-
ing due to comorbidities and documentation bias,
whereas precision matrices capture conditional in-
dependence and better disentangle confounded sig-
nals. Sparse inverse covariance estimation (Graphi-
cal Lasso) enables such recovery for normally dis-
tributed random vectors (Friedman et al., 2008).
Matrix normal graphical models extend these ideas
to matrix-valued observations with row/column pre-
cision matrices (Yin and Li, 2012; Lai and Yin,
2024). On the other hand, the nonparanormal
model improves robustness to non-Gaussian set-
tings (Liu et al., 2009; Ning and Liu, 2013). These
results provide the foundation to combine structure
learning and representation learning when adapting
LLMs to clinical corpora.

Our approach. We propose GRIAN (Graph-
Regularized and Injected Adaptation Network),
which adapts an LLM under an explicit sparse
precision-graph prior over domain concepts. Un-
like prior graph-enhanced LLMs that inject a fixed
or correlation-based graph, GRIAN is the first
framework that learns a sparse precision graph
jointly with LLM adaptation and uses it as an
explicit training-stage prior, rather than as an ex-
ternal knowledge source. In Stage I, we couple
LoRA fine-tuning with a nonparanormal MNGM
objective (Ning and Liu, 2013) to recover sparse
row/column precision matrices (A, B), while a
Laplacian smoothness term encourages graph-
consistent concept embeddings (Wan et al., 2023).
In Stage II, we encode query-induced subgraphs

with a Graph Attention Network (GAT) (Veli¢kovié
et al., 2018) and inject the resulting graph evidence
into Transformer attention, making the supporting
concept relations traceable.

Contributions. (1) We propose GRIAN, a
two-stage framework that learns a sparse con-
cept dependency graph from domain-specific clini-
cal/biomedical text and injects query-conditioned
subgraph evidence into an LLM. Rather than us-
ing a knowledge graph to enhance an LLM, we
learn a sparse precision graph as an explicit prior
during training, so that concept relations are en-
coded as conditional dependencies (instead of co-
occurrence) and remain interpretable via the sup-
port of the precision matrix. (2) We introduce a
nonparanormal MNGM-based graph recovery ob-
jective that estimates sparse precision matrices to
capture conditional concept dependencies, and in-
tegrate it into LLM adaptation via an alternating
optimization scheme that decouples the graph step
and the embedding step. In graph step, we estimate
(A, B) given the concept embeddings, while in em-
bedding step, we update LoRA parameters under a
Laplacian smoothness regularizer induced by the
last round precision graph A(B is nuisance here,
but it can have effect on the sparsity level of A). (3)
Empirically, we show that when no task-specific
knowledge graph is available, GRIAN can recover
a meaningful concept dependency graph directly
from data in an unsupervised manner. This learned
graph not only improves performance on both the
Chinese knee-joint EMR diagnosis task and the
medical abstracts text classification task, but also
enables interpretable causal-type graph visualiza-
tions that expose the conditional-dependency neigh-
borhoods underlying model predictions.

2 Method

In this section, we first introduce the nonparanor-
mal Matrix Normal Graphical Model (MNGM) for
learning the keyword adjacency matrix, and subse-
quently present the GRIAN framework for integrat-
ing structured knowledge into LLMs.

2.1 Nonparanormal MNGM

To recover a sparse concept dependency graph from
neural embeddings, we model the concept embed-
ding matrix as a matrix-valued observation under a
matrix normal graphical model (MNGM) (Yin and
Li, 2012). Let F' € RP*? denote the embedding
matrix of p concepts (rows) with embedding dimen-



sion ¢ (columns). MNGM assumes vec(F’) follows
a Gaussian distribution with Kronecker-structured
covariance, implying two precision matrices: a
row precision A € RP*P that encodes conditional
dependencies among concepts, and a column pre-
cision B € R?*? that captures correlations across
embedding dimensions. Here B models correla-
tions across embedding dimensions, which helps
absorb dimension-wise dependence and prevents
such effects from being spuriously attributed to the
row precision A.

We estimate (A, B) by minimizing a sparsity-
regularized negative log-likelihood:
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where || - ||10¢ denotes the ¢; norm of off-
diagonal entries, encouraging sparse conditional
edges. The learned concept graph is then obtained
from the support of A (i.e., a;; # 0 indicates a
conditional dependency between concepts 7 and 7).
Neural embeddings produced by LLMs often de-
viate from Gaussian marginals, especially in clini-
cal corpora. To improve robustness, we adopt the
nonparanormal (semiparametric) extension (Ning
and Liu, 2013), which assumes that each column
of F'is generated from a monotonic transformation
of a latent Gaussian variable. In practice, we apply
a rank-based Gaussianization transform column-
wise to obtain a transformed embedding matrix F.
This procedure is equivalent to estimating a rank-
based correlation matrix R (e.g., via Spearman’s p
or Kendall’s 7) and replacing the quadratic term in
Eq. 1 with Tr ((B ® A)R) under the nonparanor-

mal model.
We therefore implement the nonparanormal
MNGM by optimizing the equivalent objective

based on I:

énp(A, B; F) = —qlog|A| — plog |B|
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This formulation preserves the conditional-
independence interpretation of precision matrices
while improving robustness to non-Gaussian em-
bedding distributions. In practice, (A, B) are up-

dated by alternating minimization with F' treated

as a fixed observation, and the resulting sparse row
precision matrix A serves as the learned concept
dependency graph that is jointly optimized with the
LLM in GRIAN (Section 2.2).

2.2  GRIAN: Graph-Regularized and Injected
Adaptation Network

GRIAN aims to (i) recover a sparse conditional-
dependency graph among domain concepts directly
from in-domain text, and (ii) inject compact graph
evidence into the LLM in a parameter-efficient way.
The framework consists of two coupled stages:
(1) graph-regularized adaptation that learns a la-
tent precision-graph prior while fine-tuning the
LLM; and (2) query-conditioned graph injection
that supplies task-relevant structural signals at in-
ference/training stage.

Concept representations. Let K =
{ki1,...,kp} denote the concept vocabulary
(keywords/phrases). For each concept k;, we
obtain a concept embedding by averaging its
constituent token embeddings from the LLM input
embedding matrix. Stacking these vectors yields
F € RP*4, where ¢ is the embedding dimension.
To model non-Gaussian marginals commonly
observed in neural embeddings, we apply a
rank-based Gaussianization (nonparanormal)
transform 7 (-) to each column of F', producing

F=T(F).

Stage I: Alternating graph recovery and graph-
regularized LoRA adaptation. Stage I learns
a sparse concept dependency graph while adapt-
ing the LLM via LoRA, using an alternating op-
timization scheme with gradient decoupling. Let
Fy € RP*1 denote the concept embedding matrix
induced by the current LLM parameters 6 (after
LoRA updates), where each row corresponds to a
domain concept.

Graph step. Given a snapshot of concept em-
beddings induced by the current LLM parameters,
we first apply the rank-based Gaussianization de-
scribed in Section 2.1 to obtain F() = T (Fy)).
We then update the graph parameters by solving
the nonparanormal MNGM objective:

(t+1) pR+1)y _ : . ()

(A ,B ) = arg A}I&lg}() Gnp (A, B, F ) ,
) (3)
where () is treated as a fixed observation and gra-
dients are not propagated to the LLM parameters.

The resulting row precision matrix A(+1) defines a



sparse conditional-dependency graph, from which
we construct the Laplacian L(t+1 for the subse-
quent embedding update.

Embedding step. With the graph structure fixed,
we update the LLM parameters 6 by minimizing
the large language modeling loss regularized by the
Laplacian smoothness term:

D) « arg Inein Lrm(0)+8 T1“<Fg—r L+ Fg) )

“4)
where gradients are propagated only through
Fy (via LoRA), while the Laplacian L(+1) is
held fixed. This form follows classical graph-
regularized Non-negative Matrix Factorization
(NMF) style objectives that minimize Tr(F " LF)
to encourage graph-smooth representations (Yin
et al., 2016; Wan et al., 2023).

Overall objective. The above alternating proce-
dure can be viewed as optimizing the following
unified regularized objective:

EStageI = ELLM(Q) + o ¢np(Aa B; T(FG))

+ BT (F) LaFy).

4)
where ¢np(-) is the nonparanormal matrix-
normal graphical-model loss encouraging sparsity
in (A, B), and the Laplacian term enforces smooth-
ness of LoRA-updated concept embeddings over
the learned graph. In practice, we implement
Eq. (5) via the decoupled updates in Eq. (3)—(4),
i.e., updating (A, B) with F' stop-grad, and updat-

ing 6 with L stop-grad.

This scheme ensures that the learned graph cap-
tures conditional dependencies among concepts
given the current LLM representations, while the
embedding update simultaneously performs the
LoRA language modeling adaptation and enforces
graph-consistent geometry.

Stage I1: Traceable Graph Evidence Injection
at Inference. Stage II serves to expose the
sparse conditional-dependency structure learned
in Stage I as an explicit and traceable evidence
signal during prediction. Building upon the graph-
enhanced question answering framework (Zhang
et al., 2024), Stage II does not introduce a new
graph—Transformer architecture; instead, it pro-
vides a lightweight interface that makes the learned
precision graph accessible to the LLM at inference
time.

Let G = (V, E) denote the concept dependency
graph recovered in Stage I, where nodes correspond
to concepts in K and an edge (v;,v;) € E exists
if the estimated row precision matrix has a;; # 0.
Given an input instance X (e.g., an EMR record
or a medical abstract), we first identify a set of
mentioned concepts Ly C K and construct the
induced subgraph Gx = (Vx, Ex) with Vx =
{UZ‘ ev ‘ k; € ]Cx} and Fx = {(vi,vj) e FE ’
v;,vj € Vx}. This subgraph reflects conditional
concept dependencies rather than surface-level co-
occurrence.

We summarize Gx using a lightweight Graph
Attention Network (GAT). Node features are ini-
tialized with the concept embeddings learned by
the LLM (i.e., rows of Fy), and a graph-level rep-
resentation is obtained via global mean pooling on
the final node representations, yielding O9 € R

The resulting graph summary is injected into
the Transformer as additional key—value memory.
Using the LLM’s native projection matrices, we
compute

K9 = O09Wk, VI =0IWy, ©6)
and concatenate them with the original key—value
pairs:

K*¢ =K, KY], @)
Ve = [V, V9], ®)

The graph-augmented attention is then defined as

aug\ T
Attention®®h — Softmax(cQ(K)> yaue,
Vd
)

where () denotes the query vectors and d is the
attention dimension.

Because the injected memory is derived directly
from the sparse precision graph, each prediction
can be traced back to the specific concepts and
conditional dependencies (non-zero a;;) involved
in Gg.

3 Experiments

3.1 Electronic Medical Record Dataset

We collected Chinese electronic medical records
from 5,825 patients diagnosed with knee disorders
at the Sports Medicine Department of Peking Uni-
versity Third Hospital. Each record comprises three
components text: outpatient notes, MRI reports,
and physical examination findings.
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Figure 2: Overview of the GRIAN framework: Stage I learns sparse conditional dependencies among clinical
concepts via graph-regularized LoRA adaptation, inducing a concept graph from in-domain text. Stage II injects
query-conditioned subgraphs into the LLM decoder through graph-aware attention, making structural evidence

explicit for downstream clinical tasks.

Based on expert knowledge, regular expression
patterns, and term frequency analysis of the corpus,
we identified 876 diagnostic keyword concepts that
are both frequent and clinically pertinent to knee-
joint diagnoses.

The task is formulated as an 8-label multi-label
classification problem, in which each patient’s
record is analyzed to determine the presence of spe-
cific orthopedic pathologies. The target conditions
are defined as follows: rupture of the anterior cru-
ciate ligament (ACL), rupture of the posterior cru-
ciate ligament (PCL), injury to the medial meniscus
(MM), injury to the lateral meniscus (LM), injury
to the medial collateral ligament (MCL), injury to
the lateral collateral ligament (LCL), patellar dis-
location (PD), and patellar chondromalacia (PC).

Formally, for patient i, let the ground-truth label
vector be Y; € {0, 1}® and the input text data T}
consist of the three aforementioned record com-
ponents. We aim to learn a mapping f : T; —
Y; € [0,1]® that predicts the probability of each
pathology being present.

3.2 Medical Abstracts Dataset

To complement our in-house Chinese knee-joint
EMR corpus, we further evaluate on a public med-
ical text classification benchmark, Medical Ab-

stracts, following the processed version introduced
by Schopf et al. (2022). The corpus was origi-
nally collected from Kaggle and contains medi-
cal abstracts associated with five patient-condition
categories. The processed dataset keeps only la-
beled abstracts, maps numerical labels to descrip-
tive class names, and provides a standard train/test
split. Specifically, it contains 11,550 training ab-
stracts and 2,888 test abstracts, totaling 14,438 la-
beled instances across five classes: Neoplasms, Di-
gestive system diseases, Nervous system diseases,
Cardiovascular diseases, and General pathological
conditions. We construct the concept vocabulary by
directly prompting a Qwen2-7B to extract domain
concepts from the training split abstracts only.

Formally, for each abstract ¢, we denote the input
text as X; and the label as y; € 1,...,5. The task
is to learn a classifier g(X;) — ¢; for 5-way medi-
cal topic/condition classification. Compared with
our EMR diagnosis setting, Medical Abstracts fea-
tures shorter, more standardized biomedical writ-
ing, enabling us to test whether the proposed graph-
prior adaptation generalizes beyond clinical narra-
tives to medical scientific abstracts.



Table 1: Performance on the Electronic Medical Record (EMR) diagnosis dataset

Model Acc.(label- Macro- Macro- Macro-F1 Micro-F1 Acc.(sample-
level)(%) Pre.(%) Rec.(%) level)(%)
Qwen2-7B 93.99 84.94 80.40 81.01 83.97 66.60
GRIAN-Qwen2 95.51 88.71 81.91 85.03 87.16 73.75
DeepSeek-7B 94.36 87.34 78.49 82.36 83.86 66.60
GRIAN-DeepSeek  95.61 90.03 83.22 86.42 87.06 74.00
Llama2-7B 94.25 86.33 82.01 83.70 83.97 65.77
GRIAN-Llama2 95.17 86.54 84.55 85.28 86.37 71.81
Table 2: Ablation on the EMR dataset: effect of graph construction for Qwen2-7B.
Model Acc.(label- Macro- Macro- Macro-F1 Micro-F1
level)(%) Pre.(%) Rec.(%)
Qwen2 (No Graph) 93.99 84.94 80.40 81.01 83.97
GRIAN-Qwen2 (Random Graph) 95.46 87.95 82.02 84.85 86.98
GRIAN-Qwen2 (Correlation Graph) 95.46 88.38 81.46 84.73 86.38
GRIAN-Qwen?2 (Conditional Dependency Graph)  95.51 88.72 81.91 85.03 87.16

4 Results

In this section, we compare the proposed GRIAN-
based method with several baseline models on Elec-
tronic Medical Record Dataset, and the public Med-
ical Abstracts dataset. Notably, stage I learns the
concept graph using only the training split in an
unsupervised manner.

The evaluated models include three pure large
language models, Qwen-2-7B-Instruct(Qwen2-
7B), DeepSeek-llm-7B(DeepSeek-7B), and Llama-
2-7B(Llama2-7B)—as well as our graph-enhanced
variant, GRIAN. Experimental results demon-
strate that the incorporation of graph structure via
GRIAN leads to superior performance in accuracy,
recall, and F1-score.

4.1 Evaluation on Electronic Medical Record
Dataset

To evaluate the effectiveness of the proposed graph-
based knowledge injection, we conducted an abla-
tion experiment by comparing the baseline LLMs
with their graph-augmented variants (GRIAN) on
the internal EMR dataset.

Figure 4 reports the per-class F1-scores across
the eight orthopedic pathologies. Overall, most
diagnostic labels benefit from graph-regularized
adaptation, suggesting that the learned dependency
structure provides broadly useful inductive bias
rather than label-specific tuning.

The EMR diagnosis task is challenging due to co-
occurring pathologies that require jointly consistent
predictions. Accordingly, beyond label-level met-
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Figure 3: Sample-level accuracy comparison across
backbones. Sample-level accuracy measures the frac-
tion of test cases for which all diagnostic labels are cor-
rectly predicted. Across all backbones, GRIAN consis-
tently improves sample-level accuracy, indicating more
holistic and structurally consistent clinical predictions.

rics, we emphasize sample-level accuracy, which
requires all labels for a patient to be correctly pre-
dicted and better reflects holistic clinical decision
quality.

As shown in Table 1, while both baseline and
GRIAN models achieve comparably high label-
level accuracy (predominantly above 0.95), signifi-
cant performance differences emerge in the more
nuanced metrics of macro-averaged F1-score and
sample-level accuracy. GRIAN-Qwen2 shows a
clear improvement in macro-F1 (from 81.01 to
85.03), indicating a better balance between preci-
sion and recall across diagnostic classes. More im-
portantly, all GRIAN variants consistently improve
sample-level accuracy, demonstrating more holistic
clinical reasoning compared to backbone LL.Ms, as
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Figure 4: Per-label F1 (%) on the EMR dataset across model variants.

shown in Figure 3. These gains suggest that enforc-
ing a sparse conditional-dependency prior helps
the model reason over interrelated diagnoses rather
than predicting labels independently.

To isolate the impact of graph quality, we com-
pare GRIAN-Qwen2 with three variants: (i) no
graph injected, (ii) a random graph with matched
sparsity, and (iii) a correlation-based graph con-
structed from marginal embedding correlations.
Table 2 compares different graph constructions
under the same GRIAN framework. While in-
troducing any graph structure already improves
over the no-graph baseline, both the random graph
and the correlation-based graph yield similar per-
formance, suggesting that naive or marginal as-
sociation graphs provide limited additional bene-
fit. In contrast, the conditional-dependency graph
delivers the most consistent gains, indicating that
GRIAN’s benefit comes not just from graph in-
jection itself, but also from learning a principled
precision graph that captures conditional—rather
than marginal—relationships.

4.2 Evaluation on Medical Abstracts Dataset

We further assess cross-domain robustness on the
Medical Abstracts dataset, which differs substan-
tially from our in-house EMR diagnosis corpus
in both writing style and label semantics. While
EMRs exhibit noisy, patient-specific narratives
with implicit concept dependencies, Medical Ab-
stracts are concise biomedical summaries orga-
nized around broad condition categories. This
setting tests whether injecting a sparse concept-
dependency prior during adaptation yields benefits
beyond clinical notes.

Table 3 reports performance under a unified
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Figure 5: A qualitative visualization of the concept de-
pendency graph learned from the Medical Abstracts
corpus. We show an induced subgraph around represen-
tative medical concepts, where nodes denote concepts
and edges indicate non-zero off-diagonal entries in the
estimated precision matrix (i.e., conditional dependen-
cies).

single-label classification setting. Across all back-
bones, GRIAN consistently improves micro-F1
over the corresponding LLM baselines, indicat-
ing better balanced performance across disease
categories. Although absolute gains are smaller
than those observed on EMRs, the improvements
are consistent, suggesting that the proposed graph-
regularized adaptation generalizes beyond patient-
level clinical records.

Table 4 reports basic statistics of the concept
dependency graph learned from the Medical Ab-
stracts corpus. To illustrate the interpretability of
the learned structural prior, Figure 5 visualizes a
small region of the concept dependency graph in-
duced from the Medical Abstracts dataset. The
resulting structure is sparse and locally clustered,



Table 3: Performance on the Medical Abstracts dataset. All results are evaluated under a unified single-label
multi-class setting with standard argmax inference. Results for unsupervised and zero-shot methods are directly
reported from (Schopf et al., 2022), where micro-averaged Precision, Recall, and F1 are equal by definition. Results
for BERT-base and DistilBERT are reported from (Liu et al., 2025b) and correspond to cross-entropy training

without tuned decision thresholds.

Model Acc.(sample-  Macro- Macro- Macro-F1 Micro-F1
level) (%) Pre.(%) Rec.(%)

Unsupervised / Zero-shot baselines

SimCSE (unsup.) - - - - 34.94

SBERT (MiniLM, unsup.) - - - - 46.53

SBERT (MPNet, unsup.) - - - - 46.34

Lbl2TransformerVec (unsup.) - - - - 56.46

Zero-shot Entailment (DeBERTa) — - - - 57.28

Supervised Transformer baselines

BERT-base (CE, argmax) 64.51 - - 63.85 62.12

DistilBERT (CE, argmax) 64.61 - - 64.38 63.25

Large language models

Qwen2-7B 63.40 62.44 65.84 63.74 63.50

DeepSeek-7B 65.41 64.58 68.47 65.99 65.40

Llama2-7B 65.89 64.69 68.23 65.55 65.89

Proposed method

GRIAN-Qwen2 63.75 62.73 66.33 64.13 63.85

GRIAN-DeepSeek 65.81 64.58 67.77 65.81 65.71

GRIAN-Llama2 66.66 65.52 69.73 67.07 66.65

Table 4: Statistics of the learned concept dependency
graph on the Medical Abstracts dataset.

Statistic Value
Number of concepts (|V]) 983

Number of edges (| E|) 13211
Graph density 2.74%

forming coherent modules that align with disease-
related themes, which supports the motivation of
treating a sparse concept graph as a prior during
training.

Overall, the consistent micro-F1 improvements
across backbones suggest that GRIAN can adap-
tively recover domain-appropriate concept depen-
dencies and leverage them for improved reasoning
in medical abstract text.

5 Conclusion

We presented GRIAN, a graph-regularized and
injected adaptation framework that treats the ex-
istence of a sparse concept dependency graph as
an explicit prior when adapting large language
models to specialized domains such as clinical
text. Unlike pipelines that learn a graph sepa-
rately or rely on existed knowledge graphs, GRIAN
integrates graph recovery into the training objec-
tive via a nonparanormal matrix-normal graphical-
model loss, jointly estimating sparse precision ma-

trices while optimizing the LLM. A complementary
Laplacian smoothness regularizer further aligns
concept embedding geometry with the emerging
structure through parameter-efficient LoRA up-
dates. For downstream prediction, we encode
query-conditioned induced subgraphs with a GAT
and inject compact graph evidence into Trans-
former attention as additional key—value memories,
enabling structure-grounded and more interpretable
reasoning. Experiments on a Chinese knee-joint
EMR diagnosis task and the Medical Abstracts
benchmark show consistent improvements across
multiple LLMs, supporting the benefit of jointly
regularized graph-prior adaptation for reliable clin-
ical and biomedical text modeling.

Limitations

Our framework depends on the quality of the con-
cept vocabulary and concept-to-token mapping;
missing or noisy concepts can degrade graph re-
covery. In addition, we evaluate on a real-world
EMR dataset that cannot be publicly released due to
patient privacy and institutional restrictions, which
limits full reproducibility on the same cohort; to
partially mitigate this, we will release anonymized
examples, the concept vocabulary and extraction
rules, and code for graph learning/adaptation.
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A Experiment Details

A.1 Dataset Partition

For the EMR dataset, a total of 5,825 samples
are divided as follows: 4,563 samples for training,
777 samples for validation (from which the best-
performing model is selected), and 485 samples for
testing.

For the Medical Abstract dataset, we follow the
data partitioning protocol established by Schopf
et al. (2022). The dataset is divided into a train-
ing set, consisting of 11,550 samples, and a test
set, containing 2,888 samples. Each sample in
this dataset is associated with a single class label,
meaning it exclusively belongs to one diagnostic
category.

A.2 Hyperparameter Settings

All hyperparameters can be divided based on train-
ing stage: Stage I and Stage II.
Stage I hyperparameters.
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Table 5: Dataset partition for EMR dataset (counts per
label). Counts are label-positive counts; totals exceed
sample counts due to multi-label.

Diagnosis Train Validation ~ Test Total
ACL 891 265 170 1326
PCL 89 29 14 132
MM 813 256 166 1235
LM 536 203 150 889
MCL 246 121 62 429
LCL 199 79 53 331
PD 135 52 24 211
CP 1801 102 65 1968
Total 4710 1107 704 6521

Table 6: Dataset partition for Medical Abstracts (MA)
(counts per class).

Class name Train  Test  Total
Neoplasms 2530 633 3163
Digestive system diseases 1195 299 1494
Nervous system diseases 1540 385 1925
Cardiovascular diseases 2441 610 3051
General pathological conditions 3844 961 4805
Total 11550 2888 14438

Stage I jointly optimizes the language modeling
objective and the graph-related regularizers (non-
paranormal MNGM loss + Laplacian smoothness)
under LoRA adaptation. Table 7 summarizes all
Stage 1 hyperparameters used in our implemen-
tation. For Laplacian construction, we convert
the estimated precision matrix A into a nonneg-
ative weighted adjacency W by setting W;; =
laij|1(Ja;;| > 1 x 107°) (and W;; = 0), and
then form the graph Laplacian L = D — W with
Dii = Z j Wij.

Stage II hyperparameters

The hyperparameters configured for Stage II are
categorized into two groups: those for the baseline
benchmark model and those specific to the GRIAN
model. The baseline settings include the learning
rate, total training epochs, batch size, and LoRA
configuration (rank r, dropout rate, and scaling fac-
tor o). The GRIAN-specific parameters introduce
structural components, including the number of
Graph Attention Network (GAT) layers, the spe-
cific layers into which graph knowledge is injected
into the Large Language Model (LLM), and a graph
signal threshold 7, which determines the strength
of the node signal required to establish an edge in
the constructed graph. The detailed hyperparame-
ter settings are summarized in Table 8 and Table 9.
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Table 7: Stage I hyperparameters (graph-regularized

adaptation).
Symbol / Item Setting
A 2.5 ( £y sparsity penalty on
row precision A )
vy 3.0 ( ¢y sparsity penalty on
column precision B )
« 0.001 ( weight of
nonparanormal MNGM loss
¢np )
Jé] 1 x 10~ ( Laplacian
smoothness weight )
Ly Unnormalized Laplacian

constructed from A
(edges retained if
lai;] > 1 x1075%)

Training epochs (Stage 1)
Batch size

Learning rate

LoRA rank r

LoRA scaling factor
LoRA dropout

LoRA target modules

50
6
1x107*
4
16
0.05
g_proj, k_proj, v_proj,
embed_tokens

Table 8: Hyperparameter settings for baseline models.

Hyperparameter Qwen-7B Llama-7B DeepSeek-
7B

Learning le-4 le-4 le-4

rate

Total train- 10 10 10

ing epochs

Batch size 10 10 10

LoRA rank 16 8 8

(r)

LoRA 0.05 0.05 0.05

dropout

LoRA scal- 32 32 32

ing factor

Table 9: Hyperparameter settings for GRIAN models.

Hyperparameter GRIAN- GRIAN- GRIAN-
Qwen2 Llama DeepSeek

Learning le-4 le-4 le-4

rate

Total train- 15 15 15

ing epochs

Batch size 10 10 5

Number of 5 5 5

GAT layers

Graph injec- [3, 4, 5] [3,4,5] [3,4,5]

tion layers

Graph sig- {le-3,5e-4, {le-3,5e-4, {le-3,5e-4,

nal thresh- le-4} le-4} le-4}

old ()
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A.3 Performance Details

Table 10 reports per-label F1 scores on the EMR di-
agnosis task. Overall, the improvements introduced
by GRIAN are label-dependent, which is expected
in a multi-label clinical setting where some condi-
tions are near ceiling while others are rarer or more
ambiguous.

Across backbones, GRIAN consistently im-
proves labels such as MCL, LCL, PD, and PC.
These conditions often require jointly reason-
ing over symptoms, physical examinations, and
imaging findings, and thus benefit from a sparse
conditional-dependency prior. For easier labels
such as ACL, baseline models already achieve
high F1 scores, and GRIAN largely preserves near-
ceiling performance.

Some rare labels (e.g., PCL) exhibit smaller
or mixed changes, likely due to limited sample
size and threshold sensitivity. Overall, these per-
label results complement the main-text findings on
macro-F1 and sample-level accuracy, indicating
that GRIAN improves balanced, case-level clinical
reasoning rather than optimizing individual labels
in isolation.



Table 10: Per-label F1 (%) on the EMR diagnosis dataset.

Model ACL PCL MM LM MCL LCL PD PC

Qwen2-7B 91.18 66.67 85.55 83.28 74.55 88.70 88.37 69.80
GRIAN-Qwen2 91.68 62.75 87.50 83.74 83.48 93.42 96.00 81.68
DeepSeek-7B 89.70 72.00 85.29 77.86 83.08 93.20 86.36 71.43
GRIAN-DeepSeek  88.33 73.08 89.82 81.82 85.47 91.39 95.15 79.58
Llama2-7B 90.15 85.63 82.93 88.89 75.00 72.99 95.41 78.57
GRIAN-Llama2 88.89 75.47 89.66 83.20 87.50 91.50 96.15 78.95
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