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Abstract

Vision-Language Pretraining (VLP) for 3D
CT scans is severely constrained by the mas-
sive GPU memory required for high-resolution
volumes and large contrastive batches. We
propose ECT-CLIP, a resource-efficient CT
VLP framework that achieves negative scal-
ing—scaling up both the quantity and qual-
ity of negative samples—under limited com-
putational resources. To scale the quantity,
we exploit the memory asymmetry between
CT and text encoding to decouple the image
and text batch sizes, thereby enlarging the neg-
ative pool. To scale the quality, we design
two complementary strategies: (1) determin-
istically separating false negatives from infor-
mative hard negatives via UMLS concept nor-
malization, and (2) fusing multiple frozen med-
ical text encoders to enrich semantic diversity
without extra training cost. Trained on a single
consumer-grade RTX 4090 GPU, ECT-CLIP
achieves state-of-the-art zero-shot classification
AUCs of 83.4% on CT-RATE and 75.0% on
the external RAD-ChestCT benchmark, outper-
forming prior methods that require 4–8 high-
performance GPUs. Extensive ablation stud-
ies validate the effectiveness of each negative-
scaling component. Our code is available at
https://github.com/W11H08Z/ECT-CLIP.

1 Introduction

Vision-Language Pretraining (VLP) has emerged as
a powerful paradigm for learning transferable CT
representations by leveraging paired radiology re-
ports as supervision. The field’s trajectory reflects a
shift toward increasing granularity: advancing from
global-level alignment of entire volumes (Hamamci
et al., 2026; Lai et al., 2025; Wald et al., 2026), to
organ-level alignment via anatomical decomposi-
tion (Shui et al., 2025; Cao et al., 2025; Zhang et al.,
2026), and recently to item-level alignment (Lyu
et al., 2026) of discrete abnormal findings.

*Corresponding author.

Figure 1: Zero-shot AUC (%) vs the total GPU memory
capacity of the hardware used for training (GB) on CT-
RATE. Colors indicate performance from blue (low) to
red (high). ECT-CLIP (Ours, star) achieves the best
AUC of 83.4% with only 24 GB, outperforming all
baselines that require 48–384 GB.

However, current CT VLP methods are often
hindered by prohibitive GPU memory consump-
tion during training (Figure 1). First, the enormous
voxel scale of 3D CT volumes generates a vast
amount of intermediate activations (Li and Wu,
2026; Zeng et al., 2026), which significantly el-
evates GPU memory consumption. Second, the
efficacy of contrastive learning is highly dependent
on large batch sizes to ensure a sufficient number
of negative samples (Radford et al., 2021; Zhai
et al., 2023), which further intensifies the memory
burden on the GPU. Consequently, these factors
impose a severe hardware constraint, often limiting
the training of high-performance CT VLP models.

To address these challenges, we propose ECT-
CLIP, a resource-efficient CT VLP framework that
achieves negative scaling—systematically expand-
ing the supervision from negative samples along
both quantity and quality dimensions under limited
GPU memory. Specifically, we introduce three core
modules that jointly realize this negative scaling:

To scale the quantity of negative supervision,
we propose Asymmetric Gradient Accumulation.
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Unlike conventional gradient accumulation (Goyal
et al., 2017) or gradient caching (Gao et al., 2021)
which assume symmetric memory costs across
modalities, our method exploits the inherent mem-
ory asymmetry between CT and text encoding. By
freezing the text encoder and pre-computing all
text embeddings offline, we fix the image micro-
batch size to 1 and draw a large number of cached
text negatives per micro-batch. This drastically ex-
pands the negative pool with negligible visual-side
memory increase.

To scale the quality of negative supervision, we
introduce two complementary strategies. First,
UMLS-Guided Negative Mining replaces heuris-
tic embedding-similarity thresholds (Liu et al.,
2023; Li et al., 2025) with a deterministic, ex-
plainable mechanism. By normalizing disease and
anatomical mentions in each abnormal finding to
Unified Medical Language System (Bodenreider,
2004) concepts, we precisely separate false nega-
tives from truly informative hard negatives at the
concept level. Second, Multi-Expert Text Encod-
ing fuses representations from multiple frozen text
encoders trained on distinct corpora. This enriches
the semantic diversity of both positive and nega-
tive pairs, preserving complementary information
without additional training cost.

We conduct extensive experiments on the CT-
RATE and RAD-ChestCT benchmarks. Trained
on a single consumer-grade RTX 4090 GPU, ECT-
CLIP achieves state-of-the-art zero-shot classifica-
tion performance, attaining AUC scores of 83.4%
and 75.0%, respectively, and outperforming prior
methods that require 4–8 high-performance GPUs.
Ablation studies further validate the individual ef-
ficacy of each negative-scaling component. Our
main contributions are as follows.

• We propose ECT-CLIP, a resource-efficient
CT VLP framework that achieves negative
scaling by jointly improving the quantity and
quality of negative supervision, achieving
state-of-the-art zero-shot classification perfor-
mance (83.4% AUC and 75.0% AUC) using
only a single RTX 4090 GPU.

• To scale the quantity of negative supervision,
we exploit the memory asymmetry between
CT and text encoding to enlarge the negative
pool dramatically with negligible visual-side
memory overhead.

• To scale the quality of negative supervision,

we design two complementary strategies: de-
terministically separating false negatives from
informative hard negatives via UMLS con-
cept normalization, and fusing multiple frozen
medical text encoders to enrich semantic di-
versity without extra training cost.

2 Related Work

2.1 3D CT Vision-Language Pretraining

The evolution of 3D CT vision-language pretrain-
ing follows a clear path from coarse-grained to fine-
grained alignment. Early works focus on global-
level alignment, where entire 3D volumes and full
reports are mapped into a shared feature space
for contrastive learning (Hamamci et al., 2026;
Lai et al., 2025; Wald et al., 2026; Blankemeier
et al., 2026; Zhao et al., 2025). Recognizing that
global representations lack fine-grained localiza-
tion, subsequent work shifts to organ-level align-
ment. These methods pre-segment CT scans into
anatomical regions and parse reports into organ-
specific descriptions, explicitly aligning visual rep-
resentations of individual organs with their corre-
sponding text (Shui et al., 2025; Cao et al., 2025;
Zhang et al., 2026; Lin et al., 2025). More re-
cently, item-level alignment pushes granularity fur-
ther by parsing reports into discrete abnormal find-
ings. Employing cross-attention to produce text-
conditioned visual features, these methods dynami-
cally link individual findings to localized evidence
in 3D volumes (Lyu et al., 2026). Our proposed
framework builds upon this item-level paradigm.

2.2 Efficient Contrastive Learning

Contrastive pretraining (Radford et al., 2021; Zhai
et al., 2023) relies on large batch sizes to provide
sufficient in-batch negative samples. While gra-
dient accumulation (Goyal et al., 2017) simulates
large batches in standard supervised learning, it
does not increase the number of effective nega-
tives in contrastive learning. Gradient caching (Gao
et al., 2021) breaks this limit by decoupling rep-
resentation storage from backpropagation, yet ex-
isting methods typically assume symmetric com-
putational costs across modalities. However, in
CT vision-language pretraining, 3D CT encoding
is substantially more memory-intensive than text
encoding. By leveraging this asymmetric mem-
ory cost, we achieve large-scale negative supervi-
sion while avoiding the GPU memory overhead of
caching intermediate representations.

22823



2.3 Semantic-Aware Negative Mining

Existing negative mining methods in medical VLP
can be broadly divided into two categories. (i)
Similarity-based approaches reweight or filter neg-
ative pairs according to text–text or cross-modal
embedding similarity (Li et al., 2025; Liu et al.,
2023). (ii) Knowledge-injected noise suppression
methods incorporate external clinical knowledge
to estimate report-level semantic overlap and sup-
press noisy negatives through loss weighting or
optimal transport (Chen et al., 2023; Cheng et al.,
2025). A common limitation is that they treat se-
mantic similarity as a continuous global score and
rely on heuristic thresholds to decide whether a
pair is “truly” negative. This lacks a deterministic,
threshold-free classification of the relationship be-
tween two abnormal findings. Under our itemized
supervision, where each report is decomposed into
abnormal findings, we instead achieve determinis-
tic and explainable negative classification based on
normalized disease–anatomy concepts.

3 Methodology

3.1 Architecture Overview

As illustrated in Figure 2, we adopt an itemized
text supervision strategy: each radiology report is
parsed into a set of atomic abnormal findings, each
describing a single disease at a single anatomical lo-
cation (see Appendix A.1 for parsing details). For-
mally, for an image-report pair (V (i), T (i)), the re-
port is represented as T (i) = {f (i)

1 , f
(i)
2 , . . . , f

(i)
ni },

where f
(i)
j denotes an abnormal finding and ni is

the number of findings in T (i). As detailed in Sec-
tion 3.3, each finding is further normalized to a
UMLS concept tuple z(i)j to enable semantic-aware
negative mining.

Given an image V (i), the visual encoder EV

extracts a sequence of localized visual features
v(i) = {v(i)1 , v

(i)
2 , . . . , v

(i)
m }. For each abnormal

finding f
(i)
j , the text encoder (Section 3.4) indepen-

dently computes its representation as the [CLS] em-
bedding t

(i)
j . To align visual features with specific

abnormal findings, we compute a text-conditioned
visual representation and its similarity with the cor-
responding abnormal finding. Following Lyu et al.
(2026), we employ multi-head cross-attention to de-
rive a text-conditioned visual representation. How-
ever, unlike their original formulation which com-
putes similarity via cosine similarity, we compute

similarity via an unnormalized dot product:

TCSim(t
(k)
j , v(i)) = t

(k)
j · CA(t

(k)
j , v(i), v(i)) (1)

where CA (cross-attention) uses the abnormal find-
ing representation t

(k)
j as the Query and the visual

feature sequence v(i) as the Key and Value to pro-
duce the text-conditioned visual representation.

To learn vision-language alignment, we employ
a SigLIP objective (Zhai et al., 2023). The goal
is to maximize TCSim(t

(k)
j , v(i)) for positive pairs

(where the j-th abnormal finding of the k-th report
is present in the i-th image) and minimize it for
negative pairs. Formally, the loss for a batch of N
image-report pairs is:

L = − 1

N

∑

i,j,k

log σ (yi,j,k · (τ · si,j,k + b)) (2)

where si,j,k = TCSim(t
(k)
j , v(i)) is the similarity

between the i-th image and the j-th finding of the
k-th report, yi,j,k = 2 · I[i = k] − 1 (where I[·]
is the indicator function that equals 1 if the condi-
tion holds and 0 otherwise), and τ , b are learnable
temperature and bias parameters.

3.2 Asymmetric Gradient Accumulation
To enable large-scale negative sampling under lim-
ited GPU memory, we adopt an asymmetric gra-
dient accumulation strategy. Since the memory
consumption of the visual encoder is substantially
higher than that of the text encoder, we fix the
image-side micro-batch size to 1 and allocate the
remaining memory budget to increase the number
of text samples per optimization step.

Specifically, we first pre-compute and cache text
embeddings for all abnormal findings in the dataset
using the frozen text encoder ET . During training,
for each optimization step, we accumulate gradi-
ents over multiple micro-batches. In each micro-
batch, we forward one CT image V (i) through EV

to obtain v(i), retrieve the cached embeddings of its
corresponding abnormal findings as positives, and
sample a subset of other abnormal findings as neg-
atives (Section 3.3). The SigLIP loss is computed
and back-propagated to accumulate gradients for
the visual encoder. After accumulating gradients
over multiple micro-batches, we perform a single
parameter update and reset the gradients to zero.

By decoupling the image and text batch sizes and
accumulating gradients across micro-batches, our
method enlarges the effective negative pool with
minimal additional image-side memory overhead.
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Figure 2: Overview of the proposed framework. The pipeline is divided into two main stages: (a) Offline Stage: Each
radiology report is parsed into atomic abnormal findings, each representing a single disease at a single anatomical
location. Disease and anatomical entity mentions are extracted and normalized into standard UMLS concept
tuples z(i)j via SapBERT and FAISS. Simultaneously, text embeddings t(i)j for these findings are pre-computed
using a frozen multi-expert text encoder and stored in an offline cache alongside their corresponding concept
tuples. (b) Online Stage: During training, text-conditioned visual features are extracted from the input CT scan via
cross-attention (CrossAttn), using the cached text embeddings as Queries and visual features as Keys/Values. A
UMLS-guided negative mining strategy leverages the pre-computed concept tuples to remove false negatives and
preferentially sample hard negatives. Finally, the model is optimized using a SigLIP loss paired with an asymmetric
gradient accumulation strategy, enabling large-scale negative sampling under limited GPU memory.

3.3 UMLS-Guided Negative Mining

The above accumulation strategy yields a large ef-
fective negative pool, and here we refine its quality
through UMLS-guided mining of false negatives
and hard negatives.

Entity Extraction and Concept Normalization.
We employ DeepSeek-V3 to extract disease and
anatomical entity mentions from each abnormal
finding (see Appendix A.2). These mentions are
normalized into standard UMLS concepts via a
retrieval pipeline. Let C denote the set of candi-
date UMLS concepts for a target semantic type.
Each concept c ∈ C is associated with a syn-
onym set Sc, and the full synonym vocabulary is
S =

⋃
c∈C Sc. Disease concepts are restricted to

semantic types Disease or Syndrome (DSYN) and
Findings (FNDG), while anatomical concepts are
restricted to Body Part, Organ, or Organ Compo-
nent (BPOC).

Each synonym s ∈ S is encoded as es using
SapBERT (Liu et al., 2021) with L2 normalization.
We build a FAISS-based (Johnson et al., 2019) in-
dex over all es. Given a mention m, we encode it
as em and retrieve the top-L nearest synonyms:

NL(m) = {s1, s2, . . . , sL} ⊂ S, (3)

ranked by descending inner product em ·esl (equiv-
alent to cosine similarity after normalization). Let
cui(sl) ∈ C denote the concept associated with
the retrieved synonym sl. The vote count for each
candidate concept is:

v(c) =

L∑

l=1

I
[
cui(sl) = c

]
, (4)

and the normalized concept is selected by voting:

c∗ = argmax
c∈C

v(c). (5)
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In case of a tie, we select the concept with the
smallest average retrieval rank:

c∗ = argmin
c∈C∗

1

v(c)

L∑

l=1

l · I
[
cui(sl) = c

]
, (6)

where C∗ = {c ∈ C : v(c) = maxc′ v(c
′)} is the

set of top-voted concepts.
For each abnormal finding, we apply the above

normalization procedure independently to its dis-
ease mention and anatomical mention. Finally,
each normalized abnormal finding is represented
as a concept tuple:

z
(i)
j =

(
c
(i)
d,j , c

(i)
a,j

)
, (7)

where c
(i)
d,j and c

(i)
a,j denote the normalized disease

and anatomical concepts, respectively.

Negative Pair Definitions. Based on these con-
cept tuples, we define two types of relationships
between any two abnormal findings f and f ′ (with
tuples z = (cd, ca) and z′ = (c′d, c

′
a)):

False Negatives. Findings with identical disease
and anatomical concepts form false-negative pairs:

FN(z, z′) = I
[
cd = c′d ∧ ca = c′a

]
(8)

Hard Negatives. Findings sharing exactly one
concept—same disease at different locations or dif-
ferent diseases at the same location—form hard-
negative pairs:

HN(z, z′) = I
[
(cd = c′d ∧ ca ̸= c′a)

∨ (cd ̸= c′d ∧ ca = c′a)
]
.

(9)

Ordinary Negatives. Findings with distinct
disease and anatomical concepts form ordinary-
negative pairs:

ON(z, z′) = I
[
cd ̸= c′d ∧ ca ̸= c′a

]
(10)

Online Negative Mining. For each image in a
micro-batch, we treat all its associated abnormal
findings as positive samples and construct the can-
didate negative set from the findings of all other
reports. Using the pre-computed concept tuples, we
evaluate the relationship between each candidate
negative and every positive sample, partitioning the
candidate pool into three subsets: the false-negative
set, the hard-negative set, and the ordinary-negative
set. The false-negative set is discarded to avoid se-
mantic collision. We then randomly sample from

the hard-negative and ordinary-negative sets and
mix them to form the final negative set, with the
mixing ratio empirically determined through an
ablation study (Figure 3).

3.4 Multi-Expert Text Encoding

Since different medical text encoders are trained
on distinct corpora and objectives, they often cap-
ture complementary semantic information. Instead
of relying on a single text encoder, we adopt a
multi-encoder fusion strategy that aggregates rep-
resentations from multiple frozen text encoders.

Given an abnormal finding f
(i)
j , we first obtain

text embeddings from E frozen encoders:

t
(i,e)
j = E

(e)
T (f

(i)
j ), (11)

where e ∈ {1, . . . , E} indexes the encoder. The
fused text representation is constructed as:

t
(i)
j =

[
t
(i,1)
j ; t

(i,2)
j ; . . . ; t

(i,E)
j

]
(12)

where [·] denotes the concatenation.

3.5 Zero-Shot Inference

During zero-shot inference, given an image V (i)

and a set of class descriptions q1, q2, . . . , qK , we
first encode them with the visual and text encoders
(multi-expert text encoding; Section 3.4) to obtain
the visual feature sequence v(i) and the text repre-
sentations tq1 , tq2 , . . . , tqK . Our prediction logit for
class k is then simply s

(i)
k = TCSim(tqk , v

(i)). For
multi-label classification, a class-specific thresh-
old is applied to all logits s(i)k of the same class to
determine the presence of each disease.

4 Experiments

4.1 Datasets

We conducted experiments on two public chest CT
datasets: CT-RATE (Hamamci et al., 2026) and
RAD-ChestCT (Draelos et al., 2021). CT-RATE
contains 50,188 chest CT scans collected from
21,304 patients. Following the official data split
protocol (Hamamci et al., 2026), we used 20,000
patients for training and the remaining 1,304 pa-
tients for internal evaluation. To further evalu-
ate the generalization capability of the proposed
method, we additionally adopted RAD-ChestCT
as an external test set. RAD-ChestCT consists of
3,630 chest CT volumes collected from a differ-
ent clinical source. In all experiments, the model
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Table 1: Zero-shot classification on CT-RATE and RAD-ChestCT. Baseline results are taken from Shui et al. (2025)
and the respective original papers. The best result is highlighted in bold, and the second-best is underlined.

Model # GPU GPU Type CT-RATE RAD-ChestCT
AUC ↑ ACC ↑ F1 ↑ Prec ↑ AUC ↑ ACC ↑ F1 ↑ Prec ↑

CT-CLIP (Hamamci et al., 2026) 4 A100 70.4 65.1 69.1 30.6 63.2 59.9 64.8 33.9
CT-VocabFine (Hamamci et al., 2026) 4 A100 75.0 69.2 72.8 34.2 64.9 62.2 66.5 35.9
CT-LiPro (Hamamci et al., 2026) 4 A100 75.1 67.6 71.4 33.1 64.7 62.5 66.8 35.3
BIUD (Cao et al., 2024) 4 A100 71.3 68.1 71.6 33.8 62.9 60.6 65.2 33.7
Merlin (Blankemeier et al., 2026) 1 A6000 72.8 67.2 70.9 33.7 64.4 61.9 66.3 34.8
fVLM (Shui et al., 2025) 4 A100 77.8 71.8 75.1 37.9 68.0 64.7 68.8 37.4
HLIP-RA (Zhao et al., 2025) 4 A40 77.7 71.4 74.7 – 72.3 68.4 72.1 –
HLIP-SA (Zhao et al., 2025) 4 A40 78.7 72.4 75.5 – 71.7 67.7 71.4 –
ViSD-Boost (Cao et al., 2025) 4 A100 79.0 73.1 75.9 38.7 69.4 65.2 69.3 34.2
CA-GCL (Zhang et al., 2026) 4 H100 79.3 72.7 75.7 38.4 69.2 64.7 69.0 35.1
Colipri (Wald et al., 2026) 4 A100 80.5 – – – 73.2 – – –
BrgSA (Lai et al., 2025) 1 A800 82.9 77.0 79.3 43.2 74.2 68.6 72.0 42.2
ItemizedCLIP (Lyu et al., 2026) 8 L40S 83.2 76.5 78.9 – 74.7 69.8 73.2 –

ECT-CLIP (Ours) 1 RTX 4090 83.4 76.7 79.2 43.5 75.0 70.5 73.9 38.9

was trained solely on the CT-RATE training set and
evaluated on both the CT-RATE test set and the
external RAD-ChestCT benchmark.

4.2 Data Preprocessing
Image Preprocessing. We first applied intensity
normalization to all CT volumes using a Hounsfield
Unit (HU) window of [−1150, 350], followed by
min-max normalization into the range [−1, 1]. To
suppress background noise and reduce computa-
tional overhead, we computed a 3D foreground
bounding box based on the organ segmentation
masks provided in Shui et al. (2025), and cropped
the CT volume accordingly. After cropping, all
volumes were zero-padded to a fixed spatial size of
112 × 256 × 352. During training, random crops
of size 96 × 240 × 336 were sampled as model
inputs, while center crops of the same size were
used during evaluation. The same preprocessing
pipeline was applied consistently to both training
and evaluation data.

Text Preprocessing. For the text branch, we used
DeepSeek-V3 (DeepSeek-AI et al., 2025) to extract
all abnormal findings from the original radiology
reports in CT-RATE. The prompt template is pro-
vided in Appendix A.1.

4.3 Implementation Details
We adopted a 3D ResNet-18 (Tran et al., 2018) as
the visual encoder, initialized with publicly avail-
able pre-trained weights1. For the text branch, we
compared four frozen medical text encoders: Rad-
BERT (Yan et al., 2022), BioLORD (Remy et al.,
2024), CXR-BERT (Boecking et al., 2022), and
MedCLIP-TextModel (Wang et al., 2022).

1https://download.pytorch.org/models/r3d_
18-b3b3357e.pth

All experiments were conducted on a single
NVIDIA RTX 4090 GPU. Our model was trained
for 5 epochs using the AdamW optimizer with a
learning rate of 1 × 10−4 and a weight decay of
1× 10−4. The learnable temperature parameter τ
and bias term b were initialized to 3.0 and −10.0,
respectively. The asymmetric gradient accumula-
tion was performed with a fixed accumulation step
of 4. For the UMLS-based concept normalization,
we retrieved the top-L synonyms with L = 10.

4.4 Evaluation Metrics

We evaluated the zero-shot classification perfor-
mance using six commonly adopted metrics, in-
cluding Area Under the ROC Curve (AUC), Accu-
racy (ACC), Specificity (Spec), Sensitivity (Sens),
F1-score (F1), and Precision (Prec).

Following Shui et al. (2025); Cao et al. (2025);
Lyu et al. (2026), we evaluated zero-shot classifi-
cation on 16 disease categories for the CT-RATE
dataset and 14 disease categories for the RAD-
ChestCT dataset. The detailed category lists for
both datasets are provided in Appendix B.1.

For the ablation study only, we employed 13 dif-
ferent prompt templates and report the mean and
standard deviation across them to ensure robust-
ness. For the main experiments, to maintain fair
comparisons with prior methods, we did not use
this averaging strategy but instead used a single
standard prompt template. Detailed prompt tem-
plates are provided in the Appendix B.3.

4.5 Main Results

Table 1 reports the zero-shot classification re-
sults. Our method achieves the best or second-
best performance on all metrics across both bench-
marks, while using only a single RTX 4090 GPU—
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Table 2: Ablation study on text encoder combinations. All results are reported on the CT-RATE test set under the
zero-shot classification protocol. MedCLIP denotes MedCLIP-TextModel for brevity. The best results are in bold.

CXR-BERT BioLORD RadBERT MedCLIP AUC ↑ ACC ↑ Spec ↑ Sens ↑ F1 ↑ Prec ↑

✓ 80.8 ± 0.9 74.4 ± 0.8 74.2 ± 1.0 75.7 ± 1.3 77.2 ± 0.7 40.7 ± 1.0
✓ 81.1 ± 0.9 74.6 ± 1.0 74.3 ± 1.0 76.8 ± 0.9 77.4 ± 0.9 41.3 ± 1.2

✓ 80.3 ± 1.2 74.5 ± 0.8 74.3 ± 0.6 75.4 ± 1.6 77.1 ± 0.7 40.7 ± 1.1
✓ 78.5 ± 0.8 72.1 ± 0.5 71.7 ± 0.6 74.2 ± 1.1 75.4 ± 0.5 38.3 ± 0.5

✓ ✓ 81.1 ± 0.8 74.8 ± 0.9 74.3 ± 1.1 76.6 ± 0.7 77.5 ± 0.8 41.4 ± 0.9
✓ ✓ 80.9 ± 0.7 74.4 ± 0.7 73.9 ± 0.9 76.3 ± 1.0 77.2 ± 0.6 40.5 ± 0.9
✓ ✓ 79.4 ± 1.2 73.4 ± 0.9 73.4 ± 0.9 74.6 ± 1.5 76.2 ± 0.8 39.6 ± 1.2

✓ ✓ ✓ 81.6 ± 0.6 75.1 ± 0.8 74.4 ± 0.9 76.9 ± 0.6 77.8 ± 0.6 41.1 ± 0.9

Table 3: Comparison of different hard negative mining
strategies on the CT-RATE test set. All results are re-
ported under the zero-shot classification protocol. The
best results are in bold.

Strategy AUC ↑ ACC ↑ F1 ↑ Prec ↑

Random 80.2 ± 1.1 73.7 ± 0.9 76.5 ± 0.8 40.0 ± 1.2
TextSim Weighting 80.1 ± 1.1 73.8 ± 1.0 76.6 ± 0.8 39.9 ± 1.4
TextSim Mixing 79.9 ± 1.1 73.8 ± 0.8 76.5 ± 0.8 39.9 ± 1.3
TextSim Filtering 78.9 ± 1.5 73.6 ± 1.2 76.4 ± 1.0 39.6 ± 1.2

UMLS-NM (Ours) 80.8 ± 0.9 74.4 ± 0.8 77.2 ± 0.7 40.7 ± 1.0

substantially fewer resources than competing meth-
ods that require 4–8 high-end GPUs (A100, A40,
L40S, A800). Notably, ECT-CLIP attains state-
of-the-art AUC scores of 83.4% on CT-RATE and
75.0% on RAD-ChestCT, outperforming Itemized-
CLIP (8 L40S, 83.2%) and BrgSA (1 A800, 82.9%)
on the internal test set, and surpassing all base-
lines by a larger margin on the external RAD-
ChestCT benchmark (+0.3% AUC over Itemized-
CLIP and +0.8% over BrgSA). On RAD-ChestCT,
our method also secures the best ACC (70.5%)
and F1 (73.9%), underscoring its strong gener-
alization to out-of-domain clinical data. While
BrgSA achieves marginally higher ACC and F1 on
CT-RATE (+0.2% and +0.1%, respectively), it re-
quires an A800 datacenter GPU and lags behind on
RAD-ChestCT by substantial margins, indicating
weaker cross-institutional transferability. These
results demonstrate that the proposed approach de-
livers superior zero-shot classification capability
and cross-domain robustness with minimal compu-
tational overhead. A detailed per-disease perfor-
mance breakdown is provided in Appendix B.2.

4.6 Ablation Study

Impact of Negative Mining Strategy. Table 3
compares our UMLS-NM against random sampling
and three text-similarity-based variants (see Ap-
pendix B.4 for implementation details). Random
sampling achieves 80.2 AUC and 76.5 F1. TextSim

Figure 3: Average zero-shot AUC (%) on CT-RATE
over 13 prompt templates, versus the number of abnor-
mal findings per CT. FN: False Negatives; HN: Hard
Negatives; ON: Ordinary Negatives. The “Random”
curve denotes standard random sampling (0.9% FN,
15.8% HN). The remaining curves correspond to model
performance with varying HN proportions.

Weighting and Mixing remain on par with the ran-
dom baseline (80.1 and 79.9 AUC, respectively),
while TextSim Filtering results in a noticeable drop
to 78.9 AUC. In contrast, UMLS-NM achieves the
best performance across all metrics, with 80.8 AUC
and 77.2 F1, outperforming all competing strate-
gies. These results demonstrate the effectiveness
of our proposed negative mining strategy.

Impact of Hard Negative Ratio. Figure 3 re-
ports the zero-shot AUC on CT-RATE across vary-
ing numbers of abnormal findings per CT. The
20% HN configuration consistently outperforms
all other strategies across the entire range. Interest-
ingly, the random baseline falls slightly below the
10% HN curve despite naturally containing 15.8%
hard negatives and 0.9% false negatives, suggest-
ing that even a small proportion of false negatives
hampers learning. Moreover, the performance mar-
gin between the 20% HN strategy and the random
baseline is largest under smaller numbers of abnor-
mal findings per CT, indicating that our mined hard
negatives are highly informative and provide dis-
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Table 4: Progressive ablation of key components. AGA: Asymmetric Gradient Accumulation; UMLS-NM: UMLS-
Guided Negative Mining; METE: Multi-Expert Text Encoding. The best results are in bold.

AGA UMLS-NM METE AUC ↑ ACC ↑ Spec ↑ Sens ↑ F1 ↑ Prec ↑

✓ 80.2 ± 1.1 73.7 ± 0.9 73.3 ± 0.9 75.4 ± 1.6 76.5 ± 0.8 40.0 ± 1.2
✓ ✓ 80.8 ± 0.9 74.4 ± 0.8 74.2 ± 1.0 75.7 ± 1.3 77.2 ± 0.7 40.7 ± 1.0
✓ ✓ ✓ 81.6 ± 0.6 75.1 ± 0.8 74.4 ± 0.9 76.9 ± 0.6 77.8 ± 0.6 41.1 ± 0.9

criminative signals. These results demonstrate the
effectiveness of the hard negatives and false nega-
tives identified by our negative mining strategy.

Impact of Text Encoders. Table 2 reports the ab-
lation study on text encoder combinations. Among
single encoders, BioLORD achieves the best AUC
(81.1), while MedCLIP performs the worst (78.5).
Combining multiple encoders consistently im-
proves performance, with the three-encoder ensem-
ble (CXR-BERT, BioLORD, RadBERT) reaching
the highest AUC of 81.6. We exclude MedCLIP
from the final ensemble because it degrades per-
formance in all pairwise combinations (e.g., CXR-
BERT + MedCLIP drops to 79.4 AUC), suggesting
its feature space is less compatible with the other
medical encoders for item-level alignment.

Component-wise Ablation. Table 4 validates the
contribution of each proposed component. The
baseline with only Asymmetric Gradient Accumu-
lation (AGA) achieves an AUC of 80.2. Adding
UMLS-Guided Negative Mining (UMLS-NM) im-
proves AUC by 0.6 points (80.8), demonstrating
that UMLS-based hard negatives provide more in-
formative supervision than random sampling. In-
corporating Multi-Expert Text Encoding (METE)
further boosts AUC by 0.8 points to 81.6, con-
firming that ensemble medical text encoders yield
richer semantic representations for fine-grained
alignment. Each component contributes comple-
mentary gains across all metrics.

Scaling Law and Data Efficiency. Figure 4 com-
pares scaling behavior against CA-GCL (Zhang
et al., 2026) on {1%, 10%, 25%, 50%, 100%} of
CT-RATE training data. AUC scores are averaged
over 13 prompt templates with error bars denoting
standard deviation. Both methods follow a power-
law AUC = αDβ , yet ours achieves a higher inter-
cept (α = 0.734 vs. 0.692) and steeper exponent
(β = 0.0248 vs. 0.0228). At 1% data, we outper-
form CA-GCL by 3.5 points (72.7% vs. 69.2%); at
100% data, the gap increases to 4.5 points (81.6%
vs. 77.0%), demonstrating markedly higher sample

Figure 4: Zero-shot AUC (%) vs. training data percent-
age on CT-RATE. Each marker denotes the mean AUC
across 13 prompt templates, with error bars indicating
standard deviation. Dashed lines show fitted power-law
curves (AUC = αDβ).

efficiency under only 24GB GPU memory.

5 Conclusion

In this work, we introduced ECT-CLIP, an ef-
ficient CT VLP framework that achieves nega-
tive scaling—systematically expanding negative
supervision along both quantity and quality dimen-
sions—under severely limited GPU memory. To
scale the quantity, our asymmetric gradient accumu-
lation strategy leverages modality memory asym-
metry to drastically enlarge the negative pool with
negligible visual-side overhead. To scale the qual-
ity, UMLS-guided negative mining provides deter-
ministic, concept-level separation of false negatives
from hard negatives, while multi-expert text encod-
ing enriches semantic representations by fusing
complementary frozen encoders at no extra train-
ing cost. Trained on a single consumer-grade RTX
4090 GPU, ECT-CLIP achieves state-of-the-art
zero-shot classification on both CT-RATE (83.4%
AUC) and the external RAD-ChestCT benchmark
(75.0% AUC), outperforming methods that rely on
4–8 high-performance GPUs. Extensive ablation
studies confirm the individual contribution of each
negative-scaling component. These results demon-
strate that high-quality medical vision-language
pretraining is achievable under strict resource con-
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straints, paving the way for more accessible and
scalable 3D medical image analysis.

Limitations

Although ECT-CLIP achieves strong performance
under limited computational resources, several lim-
itations remain. First, our framework relies on
itemized abnormal findings extracted by a large lan-
guage model, and the quality of these parsed find-
ings may affect the reliability of both contrastive
supervision and UMLS-guided negative mining.
Second, the current negative mining strategy de-
pends on deterministic concept normalization and
therefore may not fully capture subtle semantic
relationships between clinically related findings
that do not share identical UMLS concepts. Third,
due to hardware constraints, our experiments are
conducted using relatively lightweight visual back-
bones and limited training schedules. Scaling the
proposed framework to larger vision encoders and
larger-scale datasets may further improve represen-
tation quality. Finally, our study focuses primarily
on zero-shot classification for chest CT analysis,
and future work could investigate broader down-
stream applications such as report generation, re-
trieval, and dense lesion localization.
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A Text Processing Details

A.1 Prompt for Abnormal Finding Extraction

We employed DeepSeek-V3 (DeepSeek-AI et al.,
2025) to decompose each radiology report into a set
of atomic abnormal findings. The complete system
prompt, illustrated in Figure 5, instructs the model
to retain only thoracic abnormalities, split complex
descriptions, and preserve key clinical attributes
while discarding normal statements.

A.2 Prompt for Entity Extraction

After obtaining each abnormal finding, we further
extracted disease mentions and anatomical loca-
tion mentions using DeepSeek-V3 with the prompt
shown in Figure 6. The extracted textual spans
were subsequently normalized to UMLS concepts
for deterministic negative mining.

B Experimental Details

B.1 Disease Categories

Table 5 lists the disease categories used for zero-
shot classification on the CT-RATE and RAD-
ChestCT datasets. CT-RATE comprises 16 disease
categories, while RAD-ChestCT covers 14 cate-
gories. Among these, 14 categories are shared
across both datasets, enabling consistent cross-
dataset evaluation. Two categories are exclusive
to CT-RATE (Coronary artery wall calcification
and Arterial wall calcification), and one category
is unique to RAD-ChestCT (Calcification).

B.2 Per-Disease Performance Analysis.

Table 6 breaks down the zero-shot classification
performance of ECT-CLIP across all 16 disease
categories in CT-RATE. The model achieves near-
perfect discrimination on pathologies with distinct
and localized visual signatures, including Pleu-
ral effusion (96.9% AUC), Cardiomegaly (93.7%),
Coronary artery wall calcification (93.6%), and Ar-
terial wall calcification (93.5%). These conditions

Table 5: Disease categories for CT-RATE (16 classes)
and RAD-ChestCT (14 classes).

CT-RATE RAD-ChestCT

Emphysema Emphysema
Atelectasis Atelectasis
Lung nodule Lung nodule
Lung opacity Lung opacity
Pulmonary fibrotic sequela Pulmonary fibrotic sequela
Pleural effusion Pleural effusion
Peribronchial thickening Peribronchial thickening
Consolidation Consolidation
Bronchiectasis Bronchiectasis
Interlobular septal thickening Interlobular septal thickening
Cardiomegaly Cardiomegaly
Pericardial effusion Pericardial effusion
Hiatal hernia Hiatal hernia
Mosaic attenuation pattern Mosaic attenuation pattern
Coronary artery wall calcification –
Arterial wall calcification –
– Calcification

Table 6: Per-disease zero-shot classification perfor-
mance (%) of ECT-CLIP on the CT-RATE test set.

Disease Category AUC ↑ ACC ↑ F1 ↑ Prec ↑

Emphysema 78.7 72.1 74.6 38.5
Atelectasis 74.6 65.9 68.4 37.8
Lung nodule 68.5 64.3 64.4 59.7
Lung opacity 81.5 76.1 76.4 65.4
Pulmonary fibrotic sequela 71.2 66.5 68.0 42.2
Pleural effusion 96.9 94.1 94.5 69.3
Peribronchial thickening 81.8 69.3 74.8 25.0
Consolidation 91.2 82.9 84.2 53.5
Bronchiectasis 75.1 72.9 77.6 23.2
Interlobular septal thickening 86.9 78.3 82.8 24.4
Cardiomegaly 93.7 85.8 87.9 41.8
Pericardial effusion 87.8 82.1 85.9 26.1
Hiatal hernia 73.4 64.3 69.8 23.2
Mosaic attenuation pattern 86.4 78.8 83.2 25.1
Coronary artery wall calcification 93.6 86.7 87.3 67.3
Arterial wall calcification 93.5 87.8 88.1 73.6

Mean 83.4 76.7 79.2 43.5

typically present as large, high-contrast, or anatom-
ically well-defined abnormalities, which naturally
align with the itemized text supervision strategy.
Conversely, performance drops on finer-grained or
more subtle lesions such as Lung nodule (68.5%
AUC), Pulmonary fibrotic sequela (71.2%), and
Hiatal hernia (73.4%), where small lesion sizes,
lower visual contrast, or greater similarity to nor-
mal structures increase classification difficulty. De-
spite these challenging categories, the model main-
tains a mean AUC of 83.4%, indicating balanced
generalization across the full disease spectrum.

B.3 Zero-Shot Prompt Templates

For the ablation study (Section 4.6), we averaged
results over 13 prompt templates to reduce prompt
sensitivity. Each template consists of a negative
prompt (indicating absence of the disease) and a
positive prompt (indicating presence). The tem-
plates are listed in Table 7.
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Convert the following medical imaging report into concise descriptions suitable for image-text contrastive learning, following these rules:

1. Only retain thoracic-related content, including but not limited to: lungs, trachea and bronchi, heart, aorta, pulmonary arteries, pulmonary 
veins, mediastinum, lymph nodes, thymus, superior vena cava, etc.

* Explicitly exclude non-thoracic organs, including but not limited to: liver, gallbladder, pancreas, spleen, kidneys, adrenal glands, stomach, 
intestines, etc. If a sentence contains both thoracic and abdominal organs, keep only the thoracic part.
2. Extract only abnormal or pathological findings; ignore normal statements.

* If there are no abnormal descriptions, simply return an empty list.
3. Split long or complex sentences into shorter ones.
4. Each sentence should describe:

* One organ (or a specific anatomical region)
* One primary abnormality

5. Preserve key medical details whenever possible, including:
* Anatomical location (e.g., "right upper lung", "mediastinum")
* Lesion type (e.g., "nodule", "ground-glass opacity")
* Attributes (e.g., "5 mm", "round", "well-defined")

6. Maintain natural and fluent medical language. 
7. Reduce redundancy, but do not over-simplify into rigid or unnatural phrases.
8. Each sentence should be short and simple. Avoid using commas or complex sentence structures.

* If a sentence contains multiple pieces of information, split it into multiple independent sentences.

Extract anatomical locations and pathological findings from clinical text. Return JSON.

Entity Types:
- Organ locations: Anatomical sites (organs, lobes, segments, positional qualifiers [left/right/upper/lower], fissures)
- Abnormal findings: Pathological changes (nodules, masses, infiltrates, consolidations, calcifications, fibrosis, effusions, lesions, opacities)

Figure 5: System prompt used with DeepSeek-V3 for extracting concise, item-level abnormal findings from
radiology reports.

Convert the following medical imaging report into concise descriptions suitable for image-text contrastive learning, following these rules:

1. Only retain thoracic-related content, including but not limited to: lungs, trachea and bronchi, heart, aorta, pulmonary arteries, pulmonary 
veins, mediastinum, lymph nodes, thymus, superior vena cava, etc.

* Explicitly exclude non-thoracic organs, including but not limited to: liver, gallbladder, pancreas, spleen, kidneys, adrenal glands, stomach, 
intestines, etc. If a sentence contains both thoracic and abdominal organs, keep only the thoracic part.
2. Extract only abnormal or pathological findings; ignore normal statements.

* If there are no abnormal descriptions, simply return an empty list.
3. Split long or complex sentences into shorter ones.
4. Each sentence should describe:

* One organ (or a specific anatomical region)
* One primary abnormality

5. Preserve key medical details whenever possible, including:
* Anatomical location (e.g., "right upper lung", "mediastinum")
* Lesion type (e.g., "nodule", "ground-glass opacity")
* Attributes (e.g., "5 mm", "round", "well-defined")

6. Maintain natural and fluent medical language. 
7. Reduce redundancy, but do not over-simplify into rigid or unnatural phrases.
8. Each sentence should be short and simple. Avoid using commas or complex sentence structures.

* If a sentence contains multiple pieces of information, split it into multiple independent sentences.

Extract anatomical locations and pathological findings from clinical text. Return JSON.

Entity Types:
- Organ locations: Anatomical sites (organs, lobes, segments, positional qualifiers [left/right/upper/lower], fissures)
- Abnormal findings: Pathological changes (nodules, masses, infiltrates, consolidations, calcifications, fibrosis, effusions, lesions, opacities)

Figure 6: System prompt for extracting disease mentions and anatomical location mentions from each abnormal
finding, returning JSON-formatted entity lists.

Table 7: 13 zero-shot prompt templates used in ablation
experiments.

Negative Template Positive Template

Not {disease} {disease}
Ruled out {disease} Confirmed {disease}
No findings of {disease} Findings suggestive of {disease}
Negative for {disease} Positive for {disease}
No evidence of {disease} Findings consistent with {disease}
No sign of {disease} Sign of {disease}
No indication of {disease} Indication of {disease}
{disease} is not present {disease} is present
Absence of {disease} Presence of {disease}
No diagnosis of {disease} Diagnosis of {disease}
No imaging findings of {disease} Imaging findings of {disease}
No features of {disease} Features of {disease}
No manifestation of {disease} Manifestation of {disease}

B.4 Details of Text-Similarity-Based Negative
Mining Variants

In the ablation study on negative mining strate-
gies (Section 4.6), we compared our UMLS-guided
negative mining (UMLS-NM) against three heuris-
tic baselines based on text embedding similarity.
All variants used the CXR-BERT (Boecking et al.,
2022) text encoder. For each image, we construct a
contrastive pool of N = 512 text samples, consist-
ing of all positive abnormal findings of that image
and a set of abnormal findings randomly drawn
from other reports. Let t̄+ denote the mean embed-
ding of all positive text instances associated with
the image. The three strategies modify how the

negatives within this fixed-size pool are utilized.
TextSim Weighting. For each negative embed-

ding t−k , we compute its cosine similarity to t̄+ as
sk = cos(t̄+, t−k ). The logit of the negative pair is
then multiplied by a weight wk = 1 + sk, which
increases the contribution of harder (more similar)
negatives while leaving dissimilar negatives largely
unchanged. No additional normalization is applied,
as the learnable temperature τ in the SigLIP loss
can accommodate the scaling.

TextSim Mixing. Inspired by Kalantidis et al.
(2020), we first identify all negatives with a cosine
similarity greater than 0.9 to t̄+. From this high-
similarity subset, we generate 64 synthetic embed-
dings via random convex combinations of pairs:
t̃ = λt−i + (1 − λ)t−j , where λ ∼ Uniform(0, 1).
These 64 synthetic negatives are added to the
pool, replacing 64 randomly selected original neg-
atives. Consequently, the initial negative count is
512 − npos (with npos positives in the pool), and
after replacement the total pool size remains 512.

TextSim Filtering. Inspired by Liu et al. (2023),
based on the cosine similarity sk, each candidate
negative is relabeled as follows:

• If sk > 0.97, the pair is considered a false-
negative and treated as a positive sample (y =
1).
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Table 8: Cross-template zero-shot comparison on CT-
RATE. We report the mean and standard deviation over
the 13 prompt templates in Table 7. All baselines are
evaluated using their official checkpoints and prepro-
cessing pipelines. The best results are in bold.

Method AUC ↑ ACC ↑ F1 ↑ Prec ↑

Colipri 78.7 ± 1.4 71.4 ± 2.2 74.6 ± 2.3 39.0 ± 0.9
BrgSA 78.9 ± 2.5 73.3 ± 2.0 76.1 ± 1.8 39.1 ± 2.2
ItemizedCLIP 80.1 ± 2.9 73.4 ± 2.4 76.1 ± 2.3 39.2 ± 2.7

ECT-CLIP 81.6 ± 0.6 75.1 ± 0.8 77.8 ± 0.6 41.1 ± 0.9

• If sk < 0.8, the pair is kept as a negative
sample (y = −1).

• If 0.8 ≤ sk ≤ 0.97, the pair is deemed am-
biguous and excluded from the loss computa-
tion (neutral).

This filtering aims to remove likely false negatives
and avoid training on uncertain pairs, relying solely
on embedding-space proximity.

C Additional Analyses

C.1 Cross-Template Zero-Shot Comparison

To verify that the improvements of ECT-CLIP over
the strongest baselines are consistent rather than
prompt-specific, we evaluated Colipri (Wald et al.,
2026), BrgSA (Lai et al., 2025), and Itemized-
CLIP (Lyu et al., 2026) on CT-RATE across all
13 prompt templates (Table 7) using their official
checkpoints and preprocessing pipelines. As shown
in Table 8, ECT-CLIP achieves the highest mean
AUC with the lowest standard deviation (±0.6 vs.
±1.4–2.9), confirming that the improvement is both
consistent and reliable.

C.2 Visual Backbone Ablation

To examine whether our conclusions generalize be-
yond the lightweight 3D ResNet-18 backbone, we
ablate three 3D ResNet variants of increasing depth.
For a fair comparison, all variants are trained from
scratch under identical settings, since pretrained
weights are publicly available only for 3D ResNet-
18. As shown in Table 9, AUC improves modestly
with deeper backbones, suggesting that the gains
of our method are not tied to a specific backbone
depth. 3D ResNet-50, while slightly stronger, in-
curs higher memory and training cost—a trade-off
that depends on the practitioner’s resources. Our
negative scaling strategy is orthogonal to backbone
choice and applicable to any vision encoder.

Table 9: Zero-shot classification performance with dif-
ferent 3D ResNet backbones on CT-RATE. All variants
are trained from scratch under identical settings; results
are averaged over 13 prompt templates.

Backbone AUC ↑ ACC ↑ F1 ↑ Prec ↑

3D ResNet-18 79.3 ± 1.1 73.0 ± 0.9 75.8 ± 0.9 38.6 ± 1.0
3D ResNet-34 79.6 ± 0.8 73.3 ± 0.7 76.2 ± 0.7 39.1 ± 0.8
3D ResNet-50 80.0 ± 0.8 73.8 ± 0.5 76.6 ± 0.5 39.5 ± 0.6

Table 10: Evaluation of LLM-based abnormal find-
ing extraction on CT-RATE, measured against dataset-
provided ground-truth labels.

Model Accuracy Micro F1 Macro F1

DeepSeek-V3 96.87 91.85 91.77
DeepSeek-V4-Flash 97.10 92.44 92.27
DeepSeek-V4-Pro 97.69 94.59 94.04

C.3 Extraction and Normalization Reliability
Extraction Quality of DeepSeek-V3. To quan-
tify the quality of LLM-based finding extraction,
we designed an evaluation protocol: we feed CT re-
ports to the model, ask it to return structured JSON
outputs containing disease labels, parse them, and
compare them against the dataset-provided ground-
truth labels. As shown in Table 10, all three evalu-
ated DeepSeek versions achieve over 96% accuracy
and 91% F1. We note that the ground-truth labels
themselves contain human annotation noise, so the
true extraction quality may be even higher than
these numbers suggest.

Robustness of UMLS Normalization. The re-
liability of our SapBERT+FAISS normalization
pipeline has been independently validated in prior
work. Abdulnazar et al. (2024) report that Sap-
BERT with FAISS retrieval achieves a weighted
F1 of 0.765 for medical concept normalization on
the n2c2 dataset in a fully unsupervised setting;
notably, the Disorder semantic type—the most rel-
evant to radiological findings—achieves the highest
F1 of 0.871. Their error analysis further shows that
normalization failures stem primarily from con-
textual span errors (32.6%) and granularity mis-
matches (14.3%) rather than surface-form variation,
confirming that SapBERT reliably handles diverse
phrasing. In addition, Kartchner et al. (2023) con-
ducted the largest biomedical entity linking com-
parison to date (9 models across 8 datasets) and
concluded that SapBERT was arguably the best-
performing alias matching method.
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