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Abstract—Multimodal medication recommendation leverages
diverse medical concepts in Electronic Health Records (EHRs),
modeling patient health conditions to support treatment decision-
making. However, most existing approaches assign each medical
concept an independent continuous embedding, resulting in
limited parameter and memory efficiency. Although recent ad-
vances in vector quantization are promising for medical concept
representation learning, semantic-only quantization often fails
to distinguish clinically distinct concepts with similar textual
descriptions, leading to code collision. To this end, we pro-
pose SCQMed, a structure-enhanced multimodal medical concept
quantization framework that integrates complementary struc-
tural information from medical knowledge graphs. By learning
compact and clinically discriminative quantized representations,
SCQMed enables effective aggregation of multimodal patient
longitudinal histories for medication recommendation. Exper-
iments on two real-world EHR datasets show that SCQMed
significantly improves medication recommendation effectiveness
while reducing memory overhead and alleviating code collision.

Index Terms—Multimodal Medication Recommendation, Mul-
timodal Medical Concepts, Residual Vector Quantization

I. INTRODUCTION

Multimodal medication recommendation aims to assist clin-
icians in making appropriate treatment decisions based on a
patient’s longitudinal Electronic Health Records (EHRs) [1]–
[3]. These EHRs typically consist of various multimodal med-
ical concepts (e.g., diagnoses, procedures, and medications).
Effectively modeling multimodal medical concepts across pa-
tient visits is essential for understanding patient health states
and enabling accurate medication recommendations.

Conventional medication recommendation approaches rep-
resent medical concepts using continuous embedding vectors,
assigning each concept an independent embedding [4], [5].
This representation design treats medical concepts as isolated
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entities and fails to explicitly exploit the inherent shared clini-
cal information, which leads to redundant parameterization and
memory usage [6], [7]. Recently, Vector Quantization (VQ)
has emerged as a powerful technique for representation learn-
ing [8], [9]. By mapping continuous features to a fixed-size
set of discrete codes, VQ introduces a compact bottleneck that
constrains representation capacity and facilitates the modeling
of shared semantic patterns. Building upon VQ, Residual-
Quantized Variational AutoEncoder (RQ-VAE) [10] employs
multi-level codebooks to hierarchically encode residual infor-
mation, enabling more expressive discrete representations.

Despite their strong potential, directly applying RQ-VAE-
based methods to the medication recommendation domain
presents notable limitations. These methods primarily rely
on semantic similarity derived from textual descriptions to
optimize codebooks, which can cause clinically distinct con-
cepts with similar textual descriptions to be assigned to the
same discrete codes (i.e., “code collisions”) [11], [12]. For
example, the diagnoses Bacterial Pneumonia, Unspecified and
Viral Pneumonia, Unspecified are described using closely
overlapping terms, yet correspond to fundamentally different
etiologies and treatment pathways. Relying solely on tex-
tual semantics for quantization fails to capture such fine-
grained clinical distinctions, thereby degrading the discrimi-
native power of learned representations and the accuracy of
medication recommendations.

To address this challenge, we propose a Structure-enhanced
multimodal medical Concept Quantization framework for
Medication recommendation (SCQMed). Rather than relying
purely on a semantic view for quantization, SCQMed incor-
porates a complementary structural view based on medical
Knowledge Graphs (KGs) to learn compact yet clinically dis-
criminative quantized medical concept representations. Based
on the resulting quantized embeddings, SCQMed further ag-
gregates multimodal patient longitudinal histories across visits
to support medication recommendations.

Extensive experiments on two EHR datasets demonstrate
that SCQMed consistently improves the effectiveness of med-



ication recommendation (e.g., achieving an average perfor-
mance gain of 3.48% in Jaccard over the best baseline),
while significantly reducing code collision rate compared with
semantic-only quantization (e.g., up to 49.09% reduction rela-
tive to the standard RQ-VAE). Qualitative case studies further
highlight that SCQMed mitigates code collision by integrat-
ing structural information from KGs to distinguish clinically
distinct medical concepts with similar textual descriptions.

II. RELATED WORK

A. Multimodal Medication Recommendation

Multimodal medication recommendation utilizes heteroge-
neous medical concepts to provide accurate and safe pre-
scriptions [1], [3], [13]. Based on their patient information
modeling strategies, existing methods can be broadly divided
into two categories: instance-based and longitudinal. Instance-
based methods [14], [15] characterize a patient’s clinical
status using structured features from a single visit to generate
medication recommendations. In contrast, longitudinal ap-
proaches [2], [4], [12] explicitly model temporal dependencies
across multiple visits to capture long-term disease progression.
Within such frameworks, SafeDrug [4] integrated molecular
structure embeddings to reduce drug-drug interaction risks and
improve recommendation safety. DEPOT [5] decomposed drug
molecules into semantic motif-trees to capture collaborative
interactions among sub-structures. Despite their effectiveness,
most methods represent multimodal medical concepts using
massive independent continuous embeddings, resulting in sub-
stantial memory overhead and limited parameter efficiency.

B. Vector Quantization-based Methods

VQ has emerged as an effective paradigm for learning com-
pact discrete representations by mapping continuous latent fea-
tures to a finite set of codes [9], [10]. For example, CF-aug [8]
introduced a group-wise VQ to discretize latent features for
counterfactual feature generation, alleviating overfitting and
bias under data scarcity. To mitigate quantization error and
limited representation precision in standard VQ, RQ-VAE is
introduced to hierarchically encode residual information using
multi-level codebooks [6], [11]. Based on RQ-VAE, MME-
SID [7] leveraged multimodal residual quantization to mitigate
embedding collapse across textual, visual, and collaborative
signals. UDC [12] applied RQ-VAE with condition-aware and
task-aware calibration to align textual knowledge with co-
occurrence signals for healthcare prediction. However, these
methods mainly rely on intrinsic semantic similarity during
quantization, leading to code collision between clinically dis-
tinct concepts and limiting their effectiveness.

III. METHODOLOGY

A. Notation and Problem Definition

Given a patient’s longitudinal EHR data consisting of a visit
sequence, each associated with a set of multimodal medical
concepts (e.g., diagnoses, procedures, and medications), the

goal is to recommend an accurate and safe medication com-
bination for the patient’s current visit. We provide a detailed
overview of the SCQMed framework in Fig. 1.

Formally, a patient’s EHRs are represented as a sequence of
visits V = {v1, v2, . . . , vt}, where t denotes the total number
of visits. Each visit vt = (dt,pt,mt−1) contains various
medical concepts, where dt ∈ {0, 1}|Md|, pt ∈ {0, 1}|Mp|,
and mt−1 ∈ {0, 1}|Mm| are multi-hot vectors indicating the
presence of diagnosis, procedure, and historical medication
concepts in the visit, respectively. |Md|, |Mp|, and |Mm|
denote the sizes of the diagnosis, procedure, and medication
sets. Since historical medication information in the first visit
v1 is unavailable, m0 is initialized as a zero vector.

For any medical concept c ∈ C = M{d,p,m}, we associate it
with two complementary view information c = (cSem, cStr),
where cSem is the textual description of concept, and cStr =
(E ,R) is a medical KG derived from the Unified Medical
Language System (UMLS) [16]. E denotes the set of medical
entities in the KG and R denotes the relations between them.

B. Structure-enhanced Medical Concept Quantization

In Fig. 1, Stage 1 of SCQMed designs a Structure-Enhanced
Residual-Quantized Variational AutoEncoder (SE-RQVAE),
which integrates semantic and structural quantization to yield
compact and discriminative medical concept embeddings.

1) Standard RQ-VAE: For each medical concept c, we uti-
lize a pre-trained BioBERT [17] to encode its textual descrip-
tion cSem (e.g., Viral Pneumonia, Unspecified), generating the
semantic embedding cSem. This embedding is then fed into a
semantic encoder ESem(·) to produce a latent representation
zSem ∈ R1×dim. Next, the RQ-VAE discretizes zSem into a
sequence of codes via L-level residual quantization codebooks,
where L denotes the code sequence length.

Specifically, at the l-th level, given the previous-level se-
mantic residual rSem

l−1 , the quantizer selects the closest code
index ql from the l-th codebook BSem

l = {eSem
l,k }Nk=1. The

residual is then updated by subtracting the selected code
embedding eSem

ql
as follows:

ql = argmin
k

∥rSem
l−1 − eSem

l,k ∥2, rSem
l = rSem

l−1 − eSem
ql

, (1)

where N denotes the codebook size, eSem
l,k ∈ R1×dim is a

learnable code embedding, and the initial residual is set as
rSem
0 = zSem. The final quantized semantic representation

is obtained by summing all selected code embeddings, i.e.,
qSem
c =

∑L
l=1 e

Sem
ql

. The semantic decoder DSem(·) subse-
quently reconstructs the original semantic embedding cSem

from qSem
c , yielding c̃Sem. The semantic RQ-VAE is trained

by minimizing a reconstruction loss together with a standard
vector quantization commitment loss as follows:
LSem

RQ−V AE = LSem
Recon + LSem

Commit,

LSem
Recon = ∥cSem − c̃Sem∥2,

LSem
Commit =

L∑
l=1

∥sg[rSem
l−1 ]− eSem

ql ∥2 + α∥rSem
l−1 − sg[eSem

ql ]∥2,

(2)
where sg[·] is the stop-gradient operator, and α controls the
balance between optimizing code embeddings and the encoder.
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Fig. 1. Overview of our proposed SCQMed framework. In Stage 1, SCQMed performs structure-enhanced medical concept quantization using an SE-RQVAE,
where semantic and structural views are discretized separately and then aligned. In Stage 2, the resulting quantized multimodal medical concept embeddings
are used for medication recommendation.

2) Structure-enhanced RQ-VAE: As discussed in Section I,
semantic-only quantization using a standard RQ-VAE may
lead to code collisions among medical concepts. To alleviate
this issue, we propose an SE-RQVAE that explicitly incorpo-
rates an additional structural view derived from medical KGs
into the quantization process. Particularly, we obtain the struc-
tural embedding of each medical concept cStr through a KG
encoder KGIN [18], which can effectively filter out irrelevant
signals and capture informative structural semantics of medical
concepts in the UMLS graph cStr = (E ,R). Following a
similar quantization procedure as in the standard RQ-VAE,
the structural embedding cStr is encoded and mapped to the
corresponding quantized structural representation qStr

c . The
structural RQ-VAE is optimized by minimizing the objective
LStr
RQ-V AE = LStr

Recon + LStr
Commit.

To encourage consistency between semantic and structural
quantized representations while preserving their complemen-
tary information, we introduce a cross-view alignment loss:
LAlign = LSem→Str + LStr→Sem,

LSem→Str = − 1

|Cb|
∑
c∈Cb

log
exp(sim(qSem

c , qStr
c )/τ)∑

k∈Cb
exp(sim(qSem

c , qStr
k )/τ)

,

LStr→Sem = − 1

|Cb|
∑
c∈Cb

log
exp(sim(qStr

c , qSem
c )/τ)∑

k∈Cb
exp(sim(qStr

c , qSem
k )/τ)

,

(3)
where Cb is the medical concept set in a mini-batch, sim(·, ·)
is cosine similarity, and τ is a temperature hyperparameter.
Finally, the overall training objective of SE-RQVAE is:
LSE−RQV AE = LSem

RQ−V AE + LStr
RQ−V AE + βLAlign, (4)

where β balances the contribution of cross-view alignment.

C. Multimodal Medication Recommendation

With compact and discriminative quantized representations
of medical concepts learned in Stage 1, Stage 2 enables accu-

rate and efficient multimodal medication recommendation.
1) Quantized Multimodal Medical Concept Representation:

We retrieve the quantized embedding of each medical concept
c from both semantic and structural views using the trained
SE-RQVAE. The final quantized embedding of concept c
is constructed by concatenating the two view-specific repre-
sentations qc = [qSem

c ∥qStr
c ] ∈ R1×2dim. Accordingly, we

obtain the quantized embeddings qd, qp, and qm for diagnosis,
procedure, and medication concepts, respectively.

2) Medication Recommendation: Given a patient’s current
visit vt = (dt,pt,mt−1), we first construct visit-level rep-
resentations by aggregating the quantized multimodal embed-
dings of diagnoses, procedures, and historical medications:

vt
d = dtqd,v

t
p = ptqp,v

t−1
m = mt−1qm. (5)

To capture temporal dependencies across visits, we adopt three
modality-specific GRUs to encode longitudinal patient histo-
ries, i.e., ht

d = GRUd({vk
d}tk=1), h

t
p = GRUp({vk

p}tk=1), and
ht−1
m = GRUm({vk

m}t−1
k=1). The obtained modality-aware hid-

den states are concatenated to form the comprehensive patient
representation xt = [ht

d∥ht
p∥ht−1

m ] ∈ R1×3dim. Furthermore,
medication prediction for the current visit is performed as:
M̂ t = MLP(xt), where MLP : R1×3dim → R1×|Mm| is a
multi-layer perceptron. Following prior studies [2], [4], [5],
we train our SCQMed with three loss functions:

LBCE = −
|Mm|∑
i=1

[M t
i log M̂

t
i + (1−M t

i ) log(1− M̂ t
i )],

LMulti =
∑

{i|Mt
i=1}

∑
{j|Mt

j=0}

max{1− (M̂ t
i − M̂ t

j ), 0}
|Mm| ,

LDDI =

|Mm|∑
i=1

|Mm|∑
j=1

Aij · M̂ t
i

(
M̂ t

j

)⊤
,

(6)



TABLE I
STATISTICS OF THE DATASETS USED IN OUR EXPERIMENTS.

Dataset MIMIC-III MIMIC-IV
# patients / # visits 6350 / 15031 61264 / 163877
# diag. / # proc. / # med. 1903 / 1409 / 131 2000 / 11056 / 131
Avg. / Max # visits 2.3671 / 29 2.6749 / 70
Avg. / Max # diag. per visit 10.2266 / 127 8.2343 / 270
Avg. / Max # proc. per visit 3.8244 / 50 2.3579 / 95
Avg. / Max # med. per visit 11.4361 / 65 6.5055 / 72
DDI Rate 0.0815 0.0793

where M t ∈ {0, 1}|Mm| denotes the ground-truth medication
set for the patient at the t-th visit, and A is a symmetric binary
Drug-Drug Interaction (DDI) adjacency matrix. Notably, the
multi-label margin loss LMulti ensures that true labels have
at least 1 margin larger than others, leading to more stable
predictions. To further balance effectiveness and safety, we
employ a dynamic weighting strategy inspired by [2], [5] and
the final training objective is formulated as:

LRec = γLPred + (1− γ)LDDI , (7)
where the prediction loss LPred = λLBCE + (1− λ)LMulti.
The weight γ is adaptively adjusted based on the current DDI
rate. When the DDI rate exceeds a predefined safety threshold
ϵ, γ = min{tanh(ε ϵ

DDI rate−ϵ ), 1}. Otherwise, γ = 1 prioritizes
prediction accuracy. λ and ε are tunable hyperparameters.

IV. EXPERIMENTS

In this section, we evaluate our SCQMed on two EHR
datasets by addressing the following four core research ques-
tions: RQ1: How does SCQMed compare with state-of-the-
art baselines on medication recommendation? RQ2: What are
the respective contributions of SCQMed’s components to effi-
ciency and effectiveness? RQ3: How do the key hyperparame-
ters affect recommendation performance, and how should they
be selected? RQ4: Does SE-RQVAE mitigate code collisions
in semantic-only RQ-VAE for medication recommendation?

A. Experimental Settings

1) Datasets and Evaluation Protocols: To verify the effec-
tiveness of SCQMed, we utilize two real-world EHR datasets:
MIMIC-III [20] and MIMIC-IV [21]. Both datasets are fully
anonymized and carefully sanitized before our access. Follow-
ing [2], [4], [5], we chose patients who made at least two visits
for both datasets and the ATC third-level code1 as the target
label. The statistics are summarized in Table I. For evaluation
metrics, we use Jaccard Similarity Score (Jaccard), Average
F1 Score (F1), Precision Recall AUC (PRAUC), Drug-Drug
Interaction Rate (DDI), and Average Number of Medications
(# Med.), highlighting how well the model aligns with real-
world prescribing patterns, which are consistent with [2], [5].

2) Methods for Comparison: To comprehensively assess
our SCQMed, we employ 10 representative state-of-the-art
baselines across two categories: (1) instance-based methods:
LR [15] and ECC [14]; (2) longitudinal-based methods:
RETAIN [22], LEAP [13], GAMENet [3], MICRON [1],
SafeDrug [4], MoleRec [2], DEPOT [5], and UDC [12].

1https://www.who.int/tools/atc-ddd-toolkit/atc-classification

3) Implementation Details: We split training, validation,
and test sets by 4:1:1, consistent with [2], [4], [5]. For Stage
1, the semantic and structural embeddings of medical concepts
are obtained using BioBERT2 and KGIN, with embedding
dimensions of 768 and 256, respectively. We employ a 3-
layer MLP with GELU activations as both the encoder and
decoder in SE-RQVAE for the two views. We use L = 4
residual quantization levels with a code embedding dimension
of dim = 64 for both semantic and structural views. The
codebook size is set to N = 256 for diagnoses and procedures,
and N = 32 for medications. All codebooks are initialized
using K-Means clustering. Following [11], [23], the key loss
hyperparameters are set to α = 1 and β = 0.01.

For Stage 2, the SE-RQVAE is frozen and used to gener-
ate discrete code indices for medical concepts. These codes
are mapped to learnable embedding tables, which are opti-
mized jointly with the downstream medication recommenda-
tion model. We employ three modality-specific single-layer
GRUs, each with a hidden dimension of 128. The key loss
hyperparameters are set to λ = 0.95, ε = 0.08, and ϵ = 0.06.
All experiments are performed with two NVIDIA GTX 3090
Ti GPUs. The full code for this work is available3.

B. Overall Performance Comparison (RQ1)
We present a comprehensive evaluation of the proposed

SCQMed against 10 representative baselines on MIMIC-III
and MIMIC-IV. As shown in Table II, SCQMed consistently
outperforms all baselines across all accuracy metrics (i.e.,
Jaccard, F1, and PRAUC), achieving improvement ranging
from 2.10% in F1 on MIMIC-III to 3.89% in Jaccard on
MIMIC-IV. These results demonstrate that SCQMed effectively
learns compact and clinically discriminative medical concept
representations with structure-enhanced multimodal quanti-
zation, enabling more accurate aggregation of longitudinal
patient information for medication recommendation.
Compared with instance-based methods. Instance-based
approaches, such as LR and ECC, characterize patient status
using information from a single visit and fail to capture tem-
poral dependencies. Compared with these methods, SCQMed
achieves improvements of up to 18.23% in Jaccard on MIMIC-
III. These results highlight the importance of leveraging lon-
gitudinal patient histories and multimodal clinical information
for accurate medication recommendations.
Compared with longitudinal methods. Among longitudinal
approaches, DEPOT and UDC represent the most competitive
baselines in terms of accuracy. Compared with DEPOT, which
relies on continuous medical concept embeddings, SCQMed
achieves an average accuracy improvement of 3.15% across
the two datasets, indicating the advantage of discrete medical
concept representations for modeling longitudinal EHR data.
Additionally, unlike UDC, which relies solely on textual
semantics, SCQMed incorporates structural knowledge into
discrete representation learning, leading to more effective and
reliable quantization of medical concepts.

2https://huggingface.co/dmis-lab/biobert-base-cased-v1.2
3https://github.com/lvhangkenn/SCQMed



TABLE II
EXPERIMENTAL RESULTS (%) ON TWO EHR DATASETS. THE BEST PERFORMANCES ARE HIGHLIGHTED IN BOLDFACE , INDICATING STATISTICALLY

SIGNIFICANT IMPROVEMENTS ACCORDING TO THE WILCOXON SIGNED-RANK TEST [19], WHILE THE SECOND-BEST RESULTS ARE UNDERLINED .
GROUND-TRUTH # MED. ON THE TEST SETS IS 19.79 FOR MIMIC-III AND 11.98 FOR MIMIC-IV, RESPECTIVELY.

Dataset MIMIC-III MIMIC-IV

Method Jaccard ↑ F1 ↑ PRAUC ↑ DDI ↓ # Med. Jaccard ↑ F1 ↑ PRAUC ↑ DDI ↓ # Med.

LR 46.47±0.12 62.65±0.18 74.72±0.13 8.09±0.09 15.85 41.01±0.13 55.89±0.15 67.17±0.19 7.76±0.07 10.03
ECC 45.56±0.16 61.67±0.14 71.92±0.19 8.18±0.12 15.48 39.27±0.18 53.74±0.13 66.91±0.18 7.83±0.07 7.89

RETAIN 45.37±0.13 61.74±0.16 72.19±0.12 8.46±0.07 19.96 41.64±0.12 56.87±0.20 67.12±0.13 8.09±0.09 10.53
LEAP 43.28±0.13 59.86±0.18 64.65±0.13 7.61±0.06 17.82 38.98±0.17 54.05±0.13 54.36±0.18 7.28±0.07 9.78
GAMENet 47.83±0.15 63.79±0.17 72.48±0.13 8.52±0.06 24.25 42.19±0.19 57.45±0.14 66.29±0.18 8.17±0.08 15.54
MICRON 48.19±0.12 64.03±0.18 72.97±0.14 7.54±0.10 18.71 42.77±0.13 57.68±0.19 67.33±0.13 7.19±0.09 11.70
SafeDrug 48.32±0.18 64.34±0.12 72.61±0.19 6.91±0.04 18.01 43.57±0.19 58.73±0.14 65.43±0.19 6.63±0.04 10.85
MoleRec 53.03±0.13 68.47±0.20 77.75±0.14 7.34±0.04 20.93 46.74±0.13 61.94±0.17 70.67±0.19 6.94±0.02 11.85

DEPOT 53.31±0.15 68.68±0.13 78.20±0.18 7.22±0.04 20.37 47.09±0.12 62.23±0.19 71.11±0.11 7.02±0.09 12.07

UDC 52.21±0.21 67.74±0.14 78.24±0.11 7.29±0.05 20.05 47.81±0.16 63.11±0.12 71.45±0.15 7.12±0.07 12.15

SCQMed 54.94±0.15 70.12±0.13 79.29±0.16 7.13±0.05 20.83 49.67±0.19 64.64±0.12 73.26±0.12 7.22±0.04 13.57
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Fig. 2. Ablation studies of SCQMed on MIMIC-III and MIMIC-IV.

Regarding medication safety, compared with the safety-
oriented baseline SafeDrug, SCQMed achieves accuracy gains
of up to 13.70% in Jaccard on MIMIC-III while incurring
only a marginal average increase of 0.0282 in DDI rate.
Notably, the DDI rates of SCQMed on both datasets remain
lower than those in the ground-truth prescriptions (0.0713 vs.
0.0815 on MIMIC-III and 0.0722 vs. 0.0793 on MIMIC-IV).
These results demonstrate a well-controlled trade-off between
effectiveness and safety, indicating that SCQMed effectively
balances recommendation accuracy and clinical risk.

C. Ablation Studies (RQ2)

Fig. 2 compares SCQMed with two ablation variants:
SCQMed w/o. SE removes the structure-enhanced quantiza-
tion module (i.e., SE-RQVAE) and performs semantic-only
residual quantization; SCQMed w/o. RQ-VAE replaces the dis-
crete quantized representations with traditional independently
learned continuous embedding tables. Across both datasets,
SCQMed achieves the highest Jaccard accuracy while requiring
lower memory overhead and faster training. Compared with
SCQMed w/o. SE, although introducing additional medical
concept memory to incorporate structural views, SCQMed
significantly reduces code collision across all medical con-
cepts by an average of 31.47% on both EHR datasets. Here,
following [6], [11], the code collision rate is defined as the
proportion of medical concepts mapped to non-unique discrete
codes. This indicates that integrating structural information
enables more distinguishable medical concept representations
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Fig. 3. Hyperparameter studies (%) of SCQMed with λ and ε on MIMIC-III.

for accurate medication recommendation. Moreover, SCQMed
reduces storage overhead by up to 5.19× on MIMIC-IV and
converges faster during training than the w/o. RQ-VAE variant.
These efficiency gains become more evident as the number of
medical concepts increases, showing the scalability of compact
quantized representations in large-scale clinical datasets.

D. Hyperparameter Studies (RQ3)

We analyze the impact of two key hyperparameters in the
recommendation loss on MIMIC-III, i.e., λ and ε, which
control the trade-off between effectiveness and safety.
Impact of λ. The hyperparameter λ balances the BCE loss and
the multi-label margin loss. As shown in Fig. 3(a), an exces-
sively large λ diminishes the contribution of the margin loss,
resulting in overly conservative recommendations, whereas a
too small value leads to unstable training. Following [2], [4],
[5], λ = 0.95 yields the best and most stable performance.
Impact of ε. The hyperparameter ε controls the nonlinearity of
the dynamic weighting between prediction loss and DDI con-
straint. A smaller ε yields a steeper penalty curve emphasizing
medication safety, while a larger value produces a smoother
curve with less focus on DDI minimization. Fig. 3(b) shows
ε = 0.08 achieves the best accuracy-safety balance.

E. Case Studies (RQ4)

To highlight the advantages of SCQMed in mitigating code
collisions and capturing fine-grained clinical distinctions, we
provide a case study in Fig. 4. We compare SCQMed with
SCQMed w/o. SE, which removes SE-RQVAE and adopts
residual quantization based solely on semantic similarity.



(a) SCQMed w/o. SE Code Collision!

Visit 1 Visit 2 (Current Visit)
585.9, … 585.9, 584.9, …
C03, … C03, B05, … (Ground-Truth)

Diagnosis
585.9 Chronic Kidney Disease, Unspecified
584.9 Acute Kidney Failure, Unspecified

Medication
C03 Diuretics 
B05 Blood Substitutes and Perfusion Solutions

RQ-VAE
Text

585.9
584.9

[246, 235, 93, 5]
[246, 235, 93, 5]

Semantic-only 
Quantization

C03

Visit 2’s
Prediction

Medical 
Concept Codes

(b) SCQMed Discriminative!

SE-RQVAE

585.9
584.9 [246, 235, 93, 5]

[111, 188, 252, 197] 
[246, 235, 93, 5]
[4, 41, 39, 114] 

Structure-enhanced 
Quantization

Visit 2’s
Prediction

Medical Concept Codes

＋

Text

KG
C03
B05

584.9

585.9

Fluid 
Resuscitation

Simplified KG

Long-term 
Renal 

Management

Fig. 4. A case study illustrating how structure-enhanced multimodal medical concept quantization (i.e., the SE-RQVAE in SCQMed) mitigates code collisions
inherent in the semantic-only RQ-VAE, thereby improving medication recommendation.

When the patient’s diagnosis evolves from Chronic Kidney
Disease, Unspecified (585.9) to Acute Kidney Failure, Un-
specified (584.9), this acute deterioration typically necessitates
timely treatment adjustment (e.g., fluid management) [24].
However, relying only on textual descriptions, SCQMed w/o.
SE assigns identical discrete codes to the two diagnoses, re-
sulting in a code collision that prevents distinguishing the acute
event from the chronic condition. Consequently, the clinically
appropriate medication B05 is missed in the prediction (shown
in Fig. 4(a)). In contrast, Fig. 4(b) illustrates that SCQMed
incorporates structural information from the medical KG into
quantization. As shown in the simplified KG, 585.9 and 584.9
have distinct neighboring clinical concepts, corresponding
to Long-term Renal Management and Fluid Resuscitation,
respectively. By encoding this topological distinction into the
structural view, SE-RQVAE assigns different structural-view
codes to the two diagnoses, enabling SCQMed to correctly
capture the acute progression and recommend C03 and B05.

V. CONCLUSION

In this paper, we propose SCQMed, a framework for med-
ication recommendation with structure-enhanced multimodal
medical concept quantization. By incorporating structural in-
formation into residual vector quantization, SCQMed learns
compact and clinically discriminative concept representations,
effectively alleviating code collision caused by semantic-
only quantization. Extensive experiments demonstrate that
SCQMed consistently improves medication recommendation
performance while significantly reducing memory overhead.
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