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A. Limitations
Storage Usage. As with all Retrieval-Augmented Gen-
eration (RAG) methodologies, the construction and main-
tenance of our multimodal retrieval corpus entail addi-
tional computational resources and human effort. Fur-
thermore, dynamic retrieval inherently imposes computa-
tional and temporal overheads. These challenges moti-
vate us to advocate for a phased implementation of our ap-
proach. Given that the initial content of the Question Pool
is static, retrieval for this segment can be pre-computed and
reused. Consequently, we restrict real-time retrieval opera-
tions solely to questions added subsequently.
The Trade-off in Data Sources. To strictly prevent data
leakage and avoid copyright or ethical disputes, we utilized
the PubMed scientific literature database as our retrieval
corpus. This choice ensures the reliability of our experi-
mental results, the generalizability of the method in real-
world deployments, and the overall safety and legality of
the model. However, this imposes a limitation: application-
level principles, such as fairness and broad ethical consider-
ations, cannot be explicitly enforced at the algorithmic level
during retrieval. Since the vast majority of scientific cap-

tions do not contain sensitive attributes like gender or race,
and inferring such information solely from visual data is
challenging, our continual learning method cannot explic-
itly target these dimensions. Instead, it primarily ensures
the absence of fundamental safety hazards.

B. Ethical Statement

This research strictly adheres to the relevant ethical guide-
lines for medical AI research.
Data Usage and Patient Privacy. All data used in
this study were sourced from publicly available research
publications or scientific datasets. All data were fully
anonymized and de-identified by the original providers
prior to release and contain no Protected Health Informa-
tion (PHI). Our usage strictly complies with the Data Use
Agreement (DUA) for PubMed (consistent with Biomed-
CLIP [29]/BIOMEDICA [14]) and adheres to the DUAs of
all respective open-source classification datasets involved.
Algorithmic Bias. The performance of our model is de-
pendent upon both the backbone and the continual learning
methodology. The data for both components are sourced
from scientific literature available on PubMed. Although it
is generally assumed that a dataset comprising tens of mil-
lions of samples provides sufficient data diversity, it can-
not be guaranteed that undiscovered biases (e.g., in de-
mographic representation across race, age, or sex) are not
present. These biases may subsequently be learned and am-
plified by the model. Future work is required to specifically
quantify and mitigate such biases.

C. Future Work

We will focus on the real-world rollout of PRIMED and
making it easier to deploy.
Data Services. Acknowledging the difficulties associated
with large-scale data management, we will release our re-
trieval database subject to a secondary ethical audit. We
will also establish a cloud service where users can retrieve
information by merely uploading questions. Additionally,
we support data streaming to streamline local deployment
and the augmentation of proprietary retrieval repositories.
Rare Disease Content Enrichment. To mitigate the data
scarcity and heterogeneity of rare diseases, we plan to
augment both the retrieval corpus and the Question Pool,
thereby extending our framework’s generalizability and
value in this challenging domain.



D. Method and Evaluation Details

This section details the data cleaning methodologies em-
ployed to complement the construction of the retrieval cor-
pus. It further elucidates the logic governing the curation
of the benchmark dataset and offers comprehensive supple-
mentary information. Lastly, we provide the disaggregated
performance metrics for HieraMedTransfer, noting that the
aggregated means of these values constitute the results pre-
sented in the main body of the paper.

D.1. Data Cleansing Approaches
Data Acquisition. We adopted the data acquisition method-
ology outlined in BIOMEDICA [14] to collect raw image-
caption pairs. Since BIOMEDICA has already imple-
mented fine-grained unsupervised clustering based on DI-
NOv2 [16], we were able to exclude clinically irrelevant
content—such as charts and natural images—by simply fil-
tering based on the off-the-shelf pseudo-labels.
Multi-Subgraph Decoupling. Scientific literature fre-
quently employs multi-panel figures to serve its illustrative
purposes. However, given that clinical diagnostic images
are predominantly presented in a single-panel format, the
abundance of multi-panel content in reference datasets is
detrimental to Continual Learning.

Drawing inspiration from the work [3] of Baghban-
zadeh et al., we recognize that utilizing object detection
models for multi-subgraph partitioning presents a promis-
ing approach. Given that subfigures in scientific litera-
ture typically consist of content with similar domains or
semantics, we utilized single-panel images from our pre-
viously collected dataset for synthesis. Specifically, we
combined images sharing the same coarse-grained pseudo-
labels to generate synthetic multi-panel figures, resulting
in a batched training dataset with object detection annota-
tions. As depicted in Fig.1, we present a Multi-Subgraph
Capture Model tailored for the medical domain, leveraging
the DAB-DETR [13] architecture.

Ultimately, regular expressions were utilized to identify
subfigure indicators (e.g., (1), (a), A). This facilitated the
segmentation and realignment of captions based on spa-
tial layout, given that scientific literature typically follows
a fixed left-to-right reading sequence.

D.2. Benchamrk Database Construction
We constructed the MGTIL benchmark based on three key
principles:
• There are substantial discrepancies across domains,

which vary significantly in terms of imaging modalities
and spatial resolutions.

• The dataset preserves fine-grained intra-domain varia-
tions, such as diverse spatial regions and varying object
scales, thereby avoiding severe homogeneity.
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Figure 1. Overview of the Multi-Subgraph Capture Model: Train-
ing Methodology and Application Scenarios.

• These challenging datasets typify the common hurdles
in medical classification tasks, being characterized by a
large number of categories, high task complexity, and the
prevalence of few-shot scenarios.

HieraMedTransfer Construction. As detailed in Tab.
1, our experimental evaluation encompasses three distinct
modalities: X-ray, pathological, and fundus images. The
intra-domain datasets exhibit multi-level discrepancies, in-
cluding variations in anatomical regions, resolutions, and
label granularity, which effectively mirrors the complex
data heterogeneity inherent to real-world medical scenario.
MedXtreme Construction. MedXtreme encompasses six
medical datasets across distinct domains, characterized by
large label spaces, high task complexity, and significant do-
main shifts. It is designed to evaluate a model’s capacity for
learning and memory retention on challenging tasks within
a continual fine-tuning setting. Notably, the inclusion of a
substantial number of few-shot classes effectively simulates
the dilemma of diagnosing rare diseases in clinical practice.
Further details on the dataset are provided in Tab.2.
Detailed Performance Analysis. Tab.3 and Tab.4 detail
the results on HieraMedTransfer for Order I and II. Task-
specific metrics follow the ZSCL [30] protocol, with av-
erages listed in the ”Average” column as in the main text.
Notably, we supplement these tables with ”Fine-tune” re-
sults—representing the theoretical upper bound achieved
by fine-tuning solely on the target dataset. As shown,
our method yields the highest average performance among
state-of-the-art competitors and, most notably, performs
comparably to the Fine-tune upper bound.

We visualize the accuracy evolution of selected tasks
from two distinct orders in Fig.2 (a) and (b). In the con-
text of Vision-Language Models (VLMs), an optimal Con-
tinual Learning strategy is characterized by a “mirrored Z-
shaped” curve. This signifies the effective maintenance of
zero-shot capabilities prior to task acquisition and the mit-
igation of forgetting subsequent to learning. As demon-
strated, our method aligns closely with this ideal profile.



Table 1. Visualization of the nine datasets utilized in HieraMedTransfer. We implemented a design for multi-scale transfer across both
in-domain and out-of-domain settings.

Dataset Example Dataset Name Domain Region/Type Number Classes

RANZCR [20] X-ray Blood Vessel 33665 11

CheXchoNet [4] X-ray Chest 71589 4

PD [2] X-ray Lung 4575 3

Breakhis [21] Patho. Breast 7909 2

Chaoyang [31] Patho. Colonic 6160 4

Nucls [8] Patho. Gastric 33284 2

Eyepacs [7] Fundus Diabetes 35126 5

AIROGS [5] Fundus Glaucoma 101442 2

FARFUM-RoP [1] Fundus ROP 1533 3

Table 2. Visualization of the six datasets utilized in MedXtreme. This collection was curated to maximize classification difficulty while
satisfying the data requirements for fine-tuning.

Dataset Example Dataset Name Domain Region/Type Number Classes

AOD [19] Fundus Eye 10000 8

BMC [15] Cell Bone Marrow 171375 21

ISIC2024 [11] Skin Skin 81722 33

NCT100K [9] Patho. Colorectal 100000 9

NIH-Chest-Xray [24] X-ray Chest 112120 15

PITVIS [6] Endo. Pituitary 120024 15

        TASK2:Breakhis                            TASK4:CheXchoNet                       TASK6:FARFUM-RoP                             TASK8:PD
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(a)  Accuracy Changes of  HieraMedTransfer benchmark in Order I.

(b)  Accuracy Changes of  HieraMedTransfer benchmark in Order II.
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Figure 2. Illustration of classification accuracy changes as tasks are learned on the HieraMedTransfer benchmark in two orders. Our
method consistently exhibits a mirrored Z-shaped pattern.



Table 3. Detailed Transfer, Avg., and Last scores (%) of different continue training methods on HieraMedTransfer benchmark in Order I.
Red Background & bold indicate best results.
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Average

Zero-shot 16.44 28.34 52.07 53.88 52.65 57.45 62.28 96.46 56.49 52.90
Fine-tune 53.13 86.55 95.64 97.35 80.91 97.03 78.33 97.55 79.87 85.15

Transfer
Continual FT 7.85 39.22 47.33 54.85 56.50 57.65 91.52 56.49 51.43
l2 baseline 13.09 38.24 51.41 54.49 55.68 64.34 95.40 56.48 53.64
LwF [12] 31.89 43.68 52.51 54.13 56.49 19.96 34.30 56.49 43.68

iCaRL [18] 7.70 32.89 54.49 55.57 60.60 58.26 96.67 56.41 52.82
WiSE-FT [25] 13.33 40.85 49.31 54.37 55.85 60.66 94.51 56.49 53.17

ZSCL [30] 34.88 47.17 51.08 54.41 57.26 64.43 95.68 56.49 57.68
MoE-CL [27] 32.61 51.36 50.14 53.96 56.40 61.72 92.87 55.38 56.81

SND [28] 7.85 40.20 46.95 54.77 58.21 58.65 92.98 56.41 52.00
DIKI [22] 21.87 47.51 51.03 54.96 58.36 63.82 96.65 56.48 56.34
GIFT [26] 15.42 42.57 52.21 55.46 52.27 59.25 93.77 56.49 53.43

PRIMEDuni 27.46 52.40 50.91 54.98 55.77 62.73 96.21 56.49 57.12
PRIMEDdyn 39.09 48.38 51.24 55.58 55.42 63.68 96.72 56.49 58.33

Avg.
Continual FT 31.69 70.13 80.90 75.81 66.16 72.41 59.83 91.84 59.38 67.57
l2 baseline 27.71 76.31 77.25 76.05 66.25 71.94 66.82 95.35 58.94 68.51
LwF [12] 8.55 67.76 68.70 68.84 60.52 70.07 37.36 47.07 59.45 54.26

iCaRL [18] 49.69 77.56 71.53 76.41 64.92 76.00 64.42 96.78 59.09 70.71
WiSE-FT [25] 35.33 74.52 81.38 76.46 66.83 71.93 63.60 94.79 59.45 69.37

ZSCL [30] 43.91 78.98 80.39 72.74 64.74 70.76 67.67 95.90 59.09 70.46
MoE-CL [27] 33.07 80.58 84.92 77.92 65.58 70.87 67.40 96.84 59.43 70.73

SND [28] 25.77 71.23 82.21 75.96 65.88 73.43 60.05 93.50 59.02 67.45
DIKI [22] 41.84 79.50 80.74 75.70 64.81 72.58 67.61 96.28 59.41 70.94
GIFT [26] 42.97 72.68 80.37 75.73 66.92 71.39 63.57 95.95 58.29 69.76

PRIMEDuni 50.49 79.34 83.95 78.41 66.52 72.98 66.63 96.25 59.45 72.67
PRIMEDdyn 50.95 80.83 83.35 79.82 67.71 72.71 67.73 95.61 59.30 73.11

Last
Continual FT 14.49 75.50 90.41 87.10 72.49 85.46 40.84 88.32 82.47 70.79
l2 baseline 15.88 81.04 89.11 87.48 72.98 85.40 63.86 93.57 77.92 74.14
LwF [12] 1.92 75.67 70.59 72.06 64.40 67.56 64.31 86.23 83.12 65.10

iCaRL [18] 48.66 86.23 79.21 73.70 65.05 94.62 75.93 96.12 80.52 77.78
WiSE-FT [25] 24.51 79.94 90.63 88.87 73.79 86.42 55.48 94.28 83.12 75.23

ZSCL [30] 41.75 81.94 87.58 80.91 71.84 84.41 74.08 96.08 79.87 77.61
MoE-CL [27] 38.80 79.57 85.71 82.83 71.94 87.27 67.61 94.27 77.25 76.14

SND [28] 11.95 74.26 91.94 87.10 71.36 86.51 35.29 92.99 79.87 70.14
DIKI [22] 41.29 84.16 91.60 86.11 72.10 84.97 70.64 91.56 74.47 77.43
GIFT [26] 37.18 65.71 84.75 86.22 75.89 92.67 64.82 96.34 72.73 75.15

PRIMEDuni 49.78 84.77 91.94 91.66 74.60 93.30 70.64 95.96 83.12 81.75
PRIMEDdyn 47.07 84.80 92.37 92.92 76.21 92.31 74.74 96.40 81.82 82.07



Table 4. Detailed Transfer, Avg., and Last scores (%) of different continue training methods on HieraMedTransfer benchmark in Order II.
Red Background & bold indicate best results.

Method A
IR

O
G

S
[5

]

B
re

ak
hi

s
[2

1]

C
ha

oy
an

g
[3

1]

C
he

X
ch

oN
et

[4
]

E
ye

pa
cs

[7
]

FA
R

FU
M

-R
oP

[1
]

N
uC

L
S

[8
]

PD
[2

]

R
A

N
Z

C
R

[2
0]

Average

Zero-shot 96.46 53.88 52.65 28.34 62.28 56.49 57.45 52.07 16.44 52.90
Fine-tune 97.55 97.35 80.91 86.55 78.33 79.87 97.03 95.64 53.13 85.15

Transfer
Continual FT 56.01 56.15 28.83 64.18 56.49 55.10 52.63 11.98 47.67
l2 baseline 55.12 55.82 18.58 64.80 56.62 54.15 53.52 7.40 45.75
LwF [12] 57.65 55.82 19.78 61.65 55.19 57.56 52.94 14.42 46.88

iCaRL [18] 53.73 54.69 38.39 68.51 56.49 57.92 48.80 6.57 48.14
WiSE-FT [25] 55.25 55.74 28.09 67.45 56.49 54.44 54.74 14.11 48.29

ZSCL [30] 55.25 55.10 9.42 67.86 51.43 54.31 56.83 11.36 45.20
MoE-CL [27] 52.87 55.50 28.78 63.12 55.93 53.29 53.09 18.25 47.60

SND [28] 56.01 56.40 24.34 64.42 55.84 56.04 46.31 15.96 46.92
DIKI [22] 52.06 55.02 20.54 64.76 55.63 54.77 49.19 20.57 46.57
GIFT [26] 54.36 54.86 18.51 67.72 56.49 55.06 51.36 15.95 46.79

PRIMEDuni 53.98 54.86 18.90 66.23 56.49 53.18 56.92 22.62 47.90
PRIMEDdyn 53.78 56.40 34.66 64.28 56.89 52.09 53.62 16.44 48.52

Avg.
Continual FT 79.46 87.18 71.84 61.17 48.53 67.59 68.67 55.94 16.55 61.88
l2 baseline 94.25 84.67 69.83 62.98 62.75 64.79 67.26 56.77 12.18 63.94
LwF [12] 89.64 72.64 63.22 53.50 63.82 65.87 70.31 59.04 17.45 61.72

iCaRL [18] 96.93 87.81 68.16 70.34 73.58 61.25 70.69 54.01 11.20 66.00
WiSE-FT [25] 92.30 86.91 72.14 64.70 57.51 66.66 66.65 57.98 18.37 64.80

ZSCL [30] 96.70 82.92 69.04 60.61 71.55 56.85 66.86 64.66 15.92 65.01
MoE-CL [27] 95.88 88.51 69.98 63.57 68.41 64.76 65.11 59.62 18.73 66.06

SND [28] 81.36 86.31 71.20 58.23 48.53 63.49 69.46 50.37 20.05 61.00
DIKI [22] 96.95 86.80 69.94 61.02 69.17 62.86 65.44 62.69 16.39 65.70
GIFT [26] 95.44 84.34 72.19 62.61 61.64 65.22 68.37 55.46 19.85 65.01

PRIMEDuni 96.51 88.12 72.08 62.21 69.54 66.74 67.33 60.78 25.81 67.68
PRIMEDdyn 97.00 89.06 72.19 69.06 69.34 67.68 66.46 61.24 20.32 68.04

Last
Continual FT 39.17 86.98 71.20 43.22 17.29 81.17 95.46 40.09 53.09 58.63
l2 baseline 78.62 86.47 66.02 81.80 38.91 66.23 91.59 41.18 50.45 66.81
LwF [12] 59.47 67.89 63.92 40.52 48.05 74.68 95.46 59.69 45.65 61.70

iCaRL [18] 96.79 84.07 64.72 86.23 77.33 62.99 94.82 49.67 48.26 73.88
WiSE-FT [25] 76.65 87.10 74.76 67.10 23.61 81.17 86.00 44.23 52.46 65.90

ZSCL [30] 96.67 84.96 70.71 86.13 74.51 45.45 91.17 89.98 52.33 76.88
MoE-CL [27] 81.34 85.95 70.27 76.56 64.75 71.58 91.47 75.99 50.02 74.21

SND [28] 47.02 87.99 72.33 26.00 9.71 55.19 95.55 33.33 52.76 53.32
DIKI [22] 90.07 85.97 73.11 78.35 68.66 75.32 90.84 80.31 48.03 76.74
GIFT [26] 90.59 84.83 75.08 78.87 41.24 78.57 94.83 46.84 51.04 71.32

PRIMEDuni 96.90 88.37 75.24 78.33 70.66 78.57 96.40 57.12 51.31 76.99
PRIMEDdyn 91.93 89.51 75.73 86.31 68.61 81.17 95.01 91.29 51.31 81.21



E. Ablation Study
To validate the effectiveness of our experimental settings at
all levels, we performed extensive ablation studies involving
four sequences on our two proposed benchmarks. The anal-
ysis is organized as follows: experimental setup, module-
level ablation, hyperparameter and component-level abla-
tion, and Dynamic Retrieval analysis.

E.1. Full Settings
To ensure reproducibility, we detail the key configurations
and experimental settings for training our model as follows:
• Batch Size and Label Smoothing: We employ a batch

size of 64 per GPU and apply label smoothing of 0.2.
Notably, fine-tuning is fixed at 1,000 iterations across all
datasets; for datasets with insufficient samples, the train-
ing data is cycled to meet this requirement.

• Learning Rate: A unified learning rate of 1 × 10−5 is
applied across all regularization, replay, and distillation
methods [12, 18, 25, 26, 28, 30]. For approaches based
on LoRA [27] or Prompt Tuning [22], we strictly adhere
to the hyperparameter settings outlined in their papers.

• Detailed Configurations: In the following sections, we
present a comprehensive ablation study covering all rel-
evant components and hyperparameters. For clarity, the
default settings adopted in our method are highlighted
with a Red Background .

E.2. Modular Level Analysis
As shown in Tab.5, we conducted module-level ablation
studies across all benchmarks and sequences. Encourag-
ingly, the results remain fully consistent with the conclu-
sions presented in the main text. This demonstrates the ex-
ceptional robustness of our method and the synergistic cou-
pling between modules.

E.3. Component and Hyperparameter Analysis
Tab.6 presents the ablation study demonstrating robustness
at both the component and parameter levels, while consis-
tently maintaining superior performance. Notably, under
the challenging task scenarios simulated by MedXtreme,
our retrieval method achieved a significantly larger perfor-
mance margin compared to other approaches. This trend
aligns with the behaviors observed in dynamic recall on uni-
formly distributed reference datasets. This suggests that in
challenging scenarios or complex clinical settings, retrieval
mechanisms with higher quality and finer granularity pos-
sess significant efficacy and potential.

E.4. Dynamic Retrieval Dataset Analysis
The Dynamic Retrieval component is the cornerstone of
PRIMED and constitutes the fundamental difference be-
tween our method and existing approaches. Two specific

aspects warrant further investigation. First, akin to other
methods relying on reference datasets, the size of the dataset
presents a critical trade-off. Insufficient capacity risks com-
promising generalization and diversity, while excessive size
imposes a prohibitive computational and storage overhead.
Since prior studies have demonstrated that performance
tends to plateau beyond a certain threshold, our objective is
to identify this optimal saturation point illustrated in Fig.3.
Next, building on the determined peak number, we investi-
gated the ratios for dynamic retrieval. Operating under the
premise that task weights should exceed domain weights,
which in turn should exceed general weights, we employed
a grid search to identify the optimal ratios. The quantitative
results regarding the dataset capacity saturation are detailed
in Tab. 7, while the outcomes of the grid search for optimal
retrieval ratios are tabulated in Tab. 8.

The experimental results highlight distinct requirements
for recall versus generalization across different tasks.
Specifically, for intra- and cross-domain transfer tasks such
as HieraMedTransfer, enhanced generalization is pivotal for
handling diverse scenarios. Conversely, in high-difficulty
benchmarks like MedXtreme, models require an exten-
sive, potentially iterative review of representative exem-
plars. This is an intriguing finding, as it parallels human
cognitive processes that combine long-term retention with
short-term intensive reinforcement. Indeed, many charac-
teristics of model memory appear to mirror those inherent
to human memory.

F. Backbone Selection and Generalizability

Prior to selecting the specific backbones, we briefly review
the list of candidate models, providing a concise overview
of these contrastive learning-based foundation models.

• BiomedCLIP [29] is a multimodal foundation model pre-
trained on PMC-15M, a large-scale dataset of 15 million
image-text pairs sourced from 4 million scientific articles

• MMKD-CLIP [23] is a generalist biomedical founda-
tion model developed via multi-teacher knowledge distil-
lation, utilizing 19.2 million image-text feature pairs syn-
thesized by 9 expert models from the PMC-OA dataset.

• BMC-CLIP [14] is trained on the large-scale BIOMED-
ICA dataset, which includes over 24M image-text pairs
from over 6M open-access scientific articles.

• UniMed-CLIP [10]: is a unified vision-language model
trained on UniMed, a large-scale open-source dataset of
5.3 million image-text pairs spanning six imaging modal-
ities (X-ray, CT, MRI, Ultrasound, Pathology, Fundus).

• CLIP [17]: is a multimodal foundation model pretrained
on WIT-400M, a large-scale dataset of 400 million image-
text pairs collected from a variety of publicly available
sources on the internet.



Table 5. Ablation study of different modules on HieraMedTransfer and MedXtreme. Red Background indicates the full model.

+CKT +CMC +DFG HieraMedTransfer I HieraMedTransfer II MedXtreme I MedXtreme II

Transfer Avg. Last Transfer Avg. Last ACC AUC BWT ACC AUC BWT

✓ 56.2 71.8 82.6 46.7 67.8 81.0 66.7 87.1 -4.2 65.9 86.3 -5.3
✓ 54.3 68.9 78.9 49.5 67.2 76.4 64.9 85.4 -7.6 60.4 83.7 -13.2

✓ ✓ 56.9 71.6 82.2 48.2 67.9 81.0 66.5 85.9 -4.8 64.9 85.7 -6.8
✓ ✓ 57.2 72.8 82.5 46.8 67.8 80.9 66.7 87.3 -4.3 65.8 86.1 -5.4

✓ ✓ 56.7 70.2 77.1 50.0 67.4 77.2 65.2 85.2 -7.1 60.4 82.8 - 13.3
✓ ✓ ✓ 58.3 73.1 82.1 48.5 68.0 81.2 68.6 87.4 -2.7 68.1 86.3 -3.4

Table 6. Ablation study on different components and hyperparameters. Red Background indicates optimal settings.

Comp./Hparam. HieraMedTransfer I HieraMedTransfer II MedXtreme I MedXtreme II

Aspect Detail Transfer Avg. Last Transfer Avg. Last ACC AUC BWT ACC AUC BWT

Initial CLIP 57.9 70.7 78.2 47.7 66.9 80.1 60.5 80.7 -9.5 60.3 78.9 -11.2
Teacher Last CLIP 58.3 73.1 82.1 48.5 68.0 81.2 68.6 87.4 -2.7 68.1 86.3 -3.4

WISE(0.5) 58.1 71.4 79.1 48.3 67.1 80.5 63.5 83.1 -5.6 62.7 82.0 -8.1

Image-only 57.7 72.4 81.3 47.9 67.6 80.8 67.6 87.0 -3.9 67.0 86.2 -4.5
KD Loss Text-only 58.2 73.0 80.5 49.8 67.9 80.4 65.5 85.8 -6.3 63.2 85.3 -9.2

Contra. 58.3 73.1 82.1 48.5 68.0 81.2 68.6 87.4 -2.7 68.1 86.3 -3.4

α = 0.5 58.3 72.8 81.3 48.7 67.9 80.6 66.5 86.9 -5.1 66.7 85.4 -4.4
CKT Scale α = 1 58.3 73.1 82.1 48.5 68.0 81.2 68.6 87.4 -2.7 68.1 86.3 -3.4

α = 1.5 58.3 73.0 81.9 48.0 67.8 81.0 66.2 87.4 -4.9 66.3 85.6 -5.1

β = 0.0 57.2 72.8 82.5 46.8 67.8 80.9 66.7 87.3 -4.3 65.8 86.1 -5.4
CMC Scale β = 0.25 58.3 73.1 82.1 48.5 68.0 81.2 68.6 87.4 -2.7 68.1 86.3 -3.4

β = 0.5 58.1 72.5 81.4 48.2 67.4 77.3 66.8 85.7 -4.6 64.2 84.8 -7.9

l2 57.2 72.9 81.8 48.2 67.9 81.0 66.5 86.9 -4.8 64.9 86.4 -6.9
Reg. EWC 57.2 71.3 82.1 48.0 66.8 81.4 67.3 87.2 -3.7 67.2 86.9 -3.5

DFG 58.3 73.1 82.1 48.5 68.0 81.2 68.6 87.4 -2.7 68.1 86.3 -3.4

BM25 55.1 72.2 81.8 47.5 67.5 79.4 67.4 86.8 -3.4 64.8 85.5 -6.5
RAG Embedding 56.1 72.5 81.5 47.3 67.2 76.7 66.3 86.9 -4.8 63.9 85.4 -7.5

Hierarchical 58.3 73.1 82.1 48.5 68.0 81.2 68.6 87.4 -2.7 68.1 86.3 -3.4

Table 7. Dynamic Retrieval Analysis in HieraMedTransfer.

Ratio HieraMedTransfer I HieraMedTransfer II

b : c Trans. Avg. Last Trans. Avg. Last

10:90 58.0 72.8 81.7 48.3 67.8 80.8
20:80 58.3 73.0 82.0 48.2 67.9 81.1
30:80 58.3 73.1 82.1 48.5 68.0 81.2
40:80 58.3 73.0 82.0 48.4 67.8 79.8
50:50 58.3 73.0 81.7 48.5 68.0 80.2
60:40 58.2 72.9 82.1 48.0 67.9 80.8
80:20 58.2 73.0 81.4 48.4 68.0 81.2
90:10 58.2 73.1 81.5 48.1 67.6 78.6

F.1. Justification for the BiomedCLIP Backbone

Our choice of BiomedCLIP as the primary backbone is mo-
tivated by several factors, outlined below in descending or-
der of significance. Crucially, we must underscore that this
selection was not predicated solely on performance metrics.

Table 8. Dynamic Retrieval Analysis in MedXtreme.

Ratio MedXtreme I MedXtreme II

b : c ACC AUC BWT ACC AUC BWT

100:100 68.4 87.0 -2.4 67.9 85.9 -3.5
0:100 68.2 86.5 -3.2 67.7 85.7 -3.9
70:70 68.6 86.9 -2.7 68.1 85.7 -3.4
70:90 68.4 87.0 -2.9 67.8 85.8 -3.5

70:100 68.6 87.4 -2.7 68.1 86.3 -3.4
50:100 68.5 87.3 -2.8 68.1 86.3 -3.4
50:75 68.3 87.1 -3.0 67.7 86.0 -4.2

90:100 68.2 86.9 -2.5 67.9 85.7 -3.7

Indeed, considerations such as the guarantee against data
contamination and the maturity of the architectural frame-
work took precedence over raw performance.
Data Security. Admittedly, while all the aforementioned
methods utilize open-source datasets, only BiomedCLIP
and BMC-CLIP feature a comprehensive data acquisition



Table 9. Experimental Results of Continual Learning on Backbones Other than BiomedCLIP

Architecture HieraMedTransfer I HieraMedTransfer II MedXtreme I MedXtreme II

Backbone Method Transfer Avg. Last Transfer Avg. Last ACC AUC BWT ACC AUC BWT

Continual FT 45.8 66.9 79.4 45.7 66.8 79.5 65.7 87.5 -7.1 64.5 85.7 -8.6
WiSE-FT [25] 46.4 67.1 80.2 46.4 67.1 80.0 64.8 87.3 -4.0 62.4 86.0 -6.9

MMKD [23] ZSCL [30] 58.6 69.3 77.8 44.8 65.0 79.8 57.4 81.4 -8.6 56.0 80.9 -10.4
GIFT [26] 49.6 68.3 80.5 49.6 68.3 80.4 69.7 88.2 -1.8 68.4 88.1 -3.1

PRIMEDdyn 50.7 69.4 80.7 50.7 69.4 80.6 70.4 88.3 -1.5 70.5 88.1 -1.3

Continual FT 45.0 66.4 79.8 44.9 66.4 80.0 61.0 83.4 -10.5 58.8 82.6 -13.7
WiSE-FT [25] 44.0 66.5 81.5 44.0 66.5 81.4 57.9 83.2 -9.1 61.6 86.5 -5.4

UniMed [10] ZSCL [30] 44.9 66.5 81.4 42.5 63.8 81.9 63.2 85.0 -6.3 59.9 83.6 -10.2
GIFT [26] 44.2 66.7 82.5 44.2 66.7 82.4 67.1 88.7 -3.6 67.0 87.6 -3.5

PRIMEDdyn 45.0 67.1 83.1 45.1 67.1 83.2 67.4 88.4 -3.3 67.2 88.3 -3.3

Continual FT 34.9 59.1 71.1 34.2 58.6 54.4 61.5 83.7 -17.2 47.3 82.5 -34.1
WiSE-FT [25] 34.8 60.3 70.7 34.9 61.6 72.6 64.2 85.1 -12.4 57.3 84.9 -20.8

CLIP [17] ZSCL [30] 35.7 61.1 78.0 35.5 61.0 78.5 63.0 82.3 -11.0 56.2 82.9 -19.2
GIFT [26] 36.2 61.7 73.9 36.2 62.6 75.5 71.0 87.5 -6.0 70.9 88.7 -5.9

PRIMEDdyn 35.7 62.6 84.6 35.6 62.6 84.0 73.8 89.1 -2.6 73.7 89.4 -2.8
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Figure 3. Peak Performance of Dynamic Retrieval across Datasets

architecture. This distinction fundamentally ensures data
integrity and reproducibility while preventing data contam-
ination. Although MMKD-CLIP exhibits impressive exper-
imental performance, it is derived from multi-model distil-
lation, making it difficult to fully verify its data provenance.
Therefore, establishing a more controllable baseline is of
paramount importance to our work.

Zero-shot performance. Fig.4 presents the zero-shot
results of various models on the HieraMedTransfer and
MedXtreme benchmarks. For HieraMedTransfer, it is es-
sential that the backbone exhibits a reasonable baseline of
zero-shot capability; otherwise, the subsequent transferabil-
ity evaluation would lack validity. BiomedCLIP demon-
strates consistent performance across all datasets without
exhibiting anomalous outlier peaks, establishing it as a
highly robust and reliable candidate. In contrast, all mod-
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Figure 4. The zero-shot capabilities of 5 backbones across Hier-
aMedTransfer and MedXtreme are depicted in radar chart format.

els yield suboptimal performance on MedXtreme. Conse-
quently, absolute performance metrics are of secondary im-
portance compared to the potential risk of data contamina-
tion. In this regard, BiomedCLIP serves as a good choice.
Model Architecture. We favored a mature architecture that
fits our specific demands; specifically, BiomedCLIP fea-
tures a well-developed fine-tuning and post-training ecosys-
tem. Additionally, we aimed to maximize experimental
comparability by aligning with the ViT-B configuration
used in natural image studies (e.g., ZSCL). Therefore, ab-
sent any distinct performance benefits, the ViT-L versions of
BMC-CLIP and UniMed-CLIP were not selected as back-
bones for the main experiments.

F.2. Generalizable SOTA Performance
Although we consider BiomedCLIP to be the most intu-
itively suitable backbone, we also evaluated other ViT-B
based backbones, as shown in Tab.9. Our method consis-
tently achieved superior performance, demonstrating the ef-
fectiveness of our proposed strategy.
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Figure 5. Qualitative comparison with state-of-the-art methods. Our method achieves superior performance in visual correction and
textual precision. By explicitly aligning the hierarchical content within questions with the retrieved data, our method achieves optimal
fine-grained retrieval performance. Furthermore, leveraging visual-level retrieval capabilities allows our approach to prioritize complete
and high-quality images rather than relying solely on textual cues. This capability enhances the dynamic retrieval database’s distillation.

G. Retrieval Visualization

Echoing the main text, we underscore the distinct superi-
ority of our retrieval approach in terms of intuitive visual-
ization. Primarily, the intrinsic mechanism of multimodal
retrieval endows our method with strong semantic disen-
tanglement capabilities. A prime example is in dentistry,
where our model clearly discriminates between OCT scans
and natural images, despite their high textual semantic over-
lap. Furthermore, our approach exhibits enhanced recall
precision, moving beyond the rigid constraints of keyword

matching. Since our data source relies heavily on multi-
subgraph disentanglement, as detailed above, we effectively
filter out cases of failed disentanglement or conceptual am-
biguity—providing a robust guarantee of effectiveness. Ul-
timately, we are encouraged to observe that the retrieved
content demonstrates both generalizability and hierarchical
progression. By moving beyond isolated disease categories
to account for the holistic connections between diseases, le-
sions, and subtypes, we believe this property is pivotal in
improving model memorization.
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