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Abstract. Accurate pulmonary lesion segmentation is vital for clinical
diagnosis, yet conventional single-modal models often struggle to lever-
age the rich semantic priors available in diagnostic reports. While multi-
modal approaches have emerged to bridge this gap, recent research has
transitioned from dense additive fusion to redundancy-reduction strate-
gies such as token pruning. However, existing pruning-based methods
remain suboptimal due to a mismatch in Token Scale—pruning con-
cise text instead of redundant visual tokens—and a Delayed Interaction
paradigm that allows background noise to propagate through the en-
coder. To address these limitations, we propose Text-driven Semantic
Information-sieve (TeSi), an Information Bottleneck (IB)-inspired frame-
work that shifts the focus to early encoder-side sieving. Specifically, to
resolve the scale mismatch, an IB-Sieve mechanism treats text as a se-
mantic filter to rank and hard-select informative visual prototypes; and
to reform the interaction paradigm, our framework performs early visual
sieving in the encoder, followed by an asymmetric decoder with adap-
tive context fusion that selectively refines textual guidance for precise
boundary recovery without re-introducing noise. Extensive experiments
on the QaTa-COV19-v2 and MosMedData+ datasets demonstrate that
TeSi achieves competitive performance compared to current state-of-the-
arts. Moreover, our method provides improved clinical interpretability
through explicit prototype-to-report alignment, validating the effective-
ness of the proposed sieving paradigm.

Keywords: Medical Image Segmentation - Information Bottleneck -
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1 Introduction

Pulmonary diseases represent a significant global health challenge, necessitat-
ing accurate lesion segmentation for diagnosis [1]. While deep learning models
(CNNs [2-5], Transformers [6-8]) have achieved success, they often struggle with
ambiguous boundaries from visual data alone. Clinically, images are paired with
professional reports (e.g., “infection in the lower left lung”) containing rich se-
mantic priors. Integrating textual guidance is thus a promising avenue to enhance
segmentation [9, 10].
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Early multimodal methods [9-11] typically adopt an “additive” paradigm, uti-
lizing dense cross-attention to mix linguistic and visual features. Despite their
effectiveness, they overlook the redundancy mismatch: diagnostic texts are con-
cise and localized, while medical images include vast irrelevant background [12].
Treating all tokens equally incurs computational waste and noise. To mitigate
this, both general computer vision and medical imaging have shifted towards
Token Pruning [13] and Information Sieving to enhance fusion efficiency. For
instance, Grounding DINO [14] demonstrates the efficacy of selecting relevant
tokens for efficient inference in natural images. This design paradigm has recently
been migrated to the medical domain: NMSW [15] introduces differentiable sam-
pling to discard redundant 3D patches for efficient volumetric segmentation,
while ABP [16] pioneers token pruning to remove irrelevant textual information.
Compared to dense interaction, these approaches share a common advantage:
they significantly reduce computational overhead and enhance fusion specificity.

However, applying existing pruning strategies to text-guided medical seg-
mentation remains suboptimal due to two critical mismatches regarding Token
Scale and Interaction Paradigm. First, regarding Token Scale, methods like ABP
primarily focus on pruning textual tokens. In reality, diagnostic reports are inher-
ently concise; the massive redundancy actually lies in the visual modality (e.g.,
irrelevant background areas). Filtering text while leaving high-resolution visual
backgrounds unfiltered fails to target the root source of noise. Second, regarding
the Interaction Paradigm, most existing methods adopt a “late fusion” strategy,
introducing textual guidance only in the decoding stage. This implies that the
encoder operates blindly, processing massive background noise alongside lesion
features. Consequently, redundancy propagates through deep layers, entangling
with semantic features and corrupting the representation before the late-stage
textual guidance can effectively intervene, rendering subsequent cross-modal re-
finements merely “remedial” rather than preventive.

To address these limitations, we propose Text-driven Semantic Information-
sieve (TeSi), an Information Bottleneck (IB)-inspired framework [17] that im-
proves multimodal interaction through early visual redundancy suppression and
stable semantic reconstruction. Our contributions are threefold: (i) To resolve
the Token Scale mismatch, we introduce an IB-Sieve mechanism that operates
on visual prototypes. Instead of pruning text, we use text embeddings to rank
and hard-select informative visual prototypes, explicitly discarding background
noise into a residual token. (ii) To resolve the Interaction Paradigm issue, we
establish a proactive interaction flow comprising early encoder-side sieving and
an Asymmetric Decoder. By suppressing background noise at the source, we
encourage the bottleneck representation to retain task-relevant lesion seman-
tics. Unlike symmetric designs that complicate the visual stream, our decoder
selectively prunes textual tokens based on visual states to guide boundary re-
finement, preventing semantic drift. (iii) Experiments on QaTa-COV19-v2 and
MosMedData+ show that TeSi achieves competitive performance (91.37% Dice)
with interpretable prototype-to-report alignment.
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Fig. 1. 1. Overview of TeSi. 2. Axial Prototype Generator compresses visual features.
3. SPI aligns modalities. 4. IB-Sieve ranks and hard-selects visual prototypes using
text guidance. 5. Asymmetric Decoder with Adaptive Text Fusion ensures stable re-
construction.

2 Methodology

As illustrated in Fig. 1, TeSi follows a streamlined encoder-decoder architec-
ture. Given an input image, the Azial Prototype Generator first compresses
multi-scale features into compact prototypes. These prototypes then interact
with text embeddings via the Semantic Prototype Interaction (SPI) module for
alignment. Crucially, the IB-Sieve Mechanism ranks and selects informative pro-
totypes early in the encoding phase, suppressing visual redundancy. Finally, the
sieved features are reconstructed by an Asymmetric Decoder, which employs
Adaptive Text Fusion to refine boundaries while maintaining semantic stability.

2.1 Visual Prototype Generation

To address computational inefficiency from visual redundancy, we compress high-
resolution feature maps into compact axial prototypes, reducing sequence length
from quadratic H x W to linear H + W.

Let the visual backbone (ConvNeXt [18]) output feature maps at four scales
i€{1,...,4}. We align the channel dimension to a unified D via a 1 x 1 convo-
lution and inject 2D absolute position encodings. A learnable scale embedding

EY  is added to distinguish scales. For a feature map X; € RHEXWixD (j o£ 4),

scale
we generate two sets of axial prototypes. For the last scale (7 x 7), we keep the
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dense feature map to preserve the receptive field:
P = Pooly (X;) € REXP Pl — Pooly(X,;) € RWixP. (1)

Concatenating tokens from all scales yields the visual prototype sequence P,,.

2.2 Semantic Prototype Interaction (SPI)

To align modalities in a shared space efficiently, we propose the Semantic Proto-
type Interaction (SPI) module, avoiding computationally expensive dense cross-
attention. We fuse visual prototypes P, with text embeddings Ej.,: (extracted
via CXR-BERT [19]).

First, following an initial normalization, we project the visual and textual fea-
tures using separate matrices (W%, and W'y 1), and then apply RMSNorm
to the resulting Queries and Keys:

Qimg = RMS(PvWZng)a Ktwt = RMS(EtethIt(zt)v ‘/tmt = EtextW\t/mta (2)

Qtest = RMS(Eteat W™ ), Kimg = RMS(P,W™), Vimg = P,WY™. (3)

We concatenate them to form unified sequences Quni, Kuni, Vuni and perform
Multi-Head Self-Attention (MHSA):

VD

The output Z,,; is split back into visual (Pv) and textual (E'teIt) components.
Both pass through a Weight-Shared Feed-Forward Network (FFN) to enforce
semantic alignment:

KT
Zuni = Softmax <QumK“’“) Vini- (4)

P, =P, + FFN(LN(P,)), FEieat = Ereqt + FFN(LN (Eyery)). (5)

2.3 The IB-Sieve Mechanism

The core IB-Sieve mechanism is inspired by the Information Bottleneck prin-
ciple and operates early in the encoder to filter visual prototypes by textual
relevance. It imposes a structural bottleneck on the visual representation (Z)
derived from multi-scale features (X), suppressing redundant information while
preserving task-relevant semantics for segmentation, rather than explicitly opti-
mizing mutual information objectives.

Relevance Ranking and Hard Selection. We derive the semantic impor-
tance score S € RI™| for each visual prototype by computing the maximal
similarity with any text token. Let A = P, (Etem)T be the affinity matrix, where
Ay, is the similarity between the k-th visual prototype and the j-th text token:

Sk = mjaX(Ak,j)' (6)



Text as the Sieve: Text-Guided Medical Image Segmentation 5

We sort prototypes by S and use a fixed selection ratio (k = 0.5) to form
the high-semantic set Z4.,,. The remaining low-relevance prototypes form the
residual set Pre,m = ZSU \ Zsem and are averaged into a single background token
Dvg to preserve global context:

1
Py =T D, P (7)
|Prem| PEPrem

This token pyq is appended to Zge,.

Spatial Semantic Map Recovery. To inject textual priors and enable opti-
mization of the non-differentiable sieving process, we reconstruct a 2D attention
map from 1D scores via outer product and normalization. For scale i, let SS)
and S‘(/f,) be the importance scores of the height and width prototypes:
(@) :
M(l) _ S(HZ) . (S{(/;/))T M(l) _ Mraw — mln(.)

raw sem

(8)

This map is normalized per-scale and concatenated to the rectified feature map
X, as a spatial prior, providing a direct gradient path for relevance ranking.

max(-) — min(-)’

Semantic Rectification. Finally, refined prototypes are injected back into
their corresponding feature levels. For high-resolution scales, a cross-attention
layer uses sieved tokens [Zsem,pbg] as Keys/Values and original X; as Queries.
For the last scale, a 1 x 1 convolution suffices.

2.4 Asymmetric Decoder with Adaptive Fusion

For reconstruction, we use an asymmetric decoder that treats text as a stable
anchor, bypassing SPI to reuse pristine text embeddings and mitigate semantic
drift from noisy visual feedback.

To match different decoding stages, we propose Adaptive Text Fusion to
condense the token sequence conditioned on the current visual state. Specifically,
we perform cross-attention with the decoder visual features as Queries and text
embeddings as Keys/Values, i.e., Q@ = Xgee and (K, V) = Etepr. Given Xgee €
RHXWXC and Epeqr € REXC| we use the resulting attention weights to estimate
token relevance, retain [CLS], keep the top-K; relevant tokens, and fuse the
rest into one token via attention-weighted aggregation. The compact sequence
(length K; + 2) guides subsequent cross-attention for boundary refinement.

2.5 Objective Function
We use a hybrid loss for training:
‘Ctotal = >\ce£’ce + )\dice‘cdiceu (9)

where L. is Cross-Entropy (pixel-wise classification) and L g;c. is Dice loss (class
imbalance, shape consistency). Following standard practice [4], we empirically
set Ace = Agice = 1.0.
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3 Experiments

3.1 Datasets

We validate TeSi on two public datasets, used under their open-access licenses.
QaTa-COV19-v2 [20] consists of 9,258 X-rays, which we randomly split into
5,716 for training, 1,429 for validation, and 2,113 for testing. MosMedData+ [21]
contains 2,729 CT slices, split into 2,183 training, 273 validation, and 273 testing
images. We follow the same data split protocol as in prior work (e.g., LViT [9]),
and also use the report text annotations provided in those works. We report Dice
and mloU as evaluation metrics.

3.2 Implementation Details

We use PyTorch and MONAI [22] with a single NVIDIA RTX 4090 GPU. We
initialize the image encoder with a pre-trained ConvNeXt-tiny [18] and fine-tune
it, while keeping the text encoder (pre-trained CXR-BERT [19]) frozen. Images
are resized to 224 x 224. The guidance feature dimension is D = 384. In the
IB-Sieve, the selection ratio k is set to halve the prototype length. The decoder
prunes text length hierarchically (24 — 18 — 12). We use the AdamW optimizer
(81 = 0.9,82 = 0.999, weight decay 0.01) with Cosine Annealing. The initial
learning rate is 6 x 1075 for QaTa and 8 x 10~ for MosMed. Batch size is 32.
Automatic Mixed Precision (AMP) and early stopping are employed.

3.3 Comparison with Representative Methods

Table 1 compares TeSi with unimodal baselines and recent multimodal meth-
ods. Quantitatively, TeSi achieves competitive performance on both datasets.
On QaTa-COV19-v2, it reaches 91.37% Dice, consistently outperforming recent
multimodal approaches such as ABP [16] and FMISeg [23]. Notably, FMISeg
depends on bidirectional frequency-domain convolution branches, which add
computational overhead, whereas TeSi attains higher performance by optimiz-
ing cross-modal semantic alignment, highlighting the advantage of our strategy
over visual-branch architectural expansion. Furthermore, on MosMedData+-, de-
spite the limited training data that may constrain attention-based cross-modal
learning in SPI, our method maintains competitive performance (77.96% Dice).
This underscores the motivation behind our multi-scale prototype design: by
capturing both fine-grained lesion details and global anatomical context across
different scales, the IB-Sieve mechanism efficiently filters key features even in
data-scarce scenarios, avoiding the noise overfitting seen in dense fusion meth-
ods (e.g., LViT [9]). Qualitatively, Fig. 2 visually confirms these improvements.
For example, in Row 1, prior methods (e.g., LViT, AT) misinterpret report cues,
generating false positives in the healthy left lung despite the text explicitly spec-
ifying “Unilateral... right lung.” In contrast, TeSi yields precise boundaries with
significantly fewer false positives, corroborating that our early sieving strategy
effectively suppresses task-irrelevant background features at the source before
they corrupt the final prediction.
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Table 1. Quantitative comparison on QaTa-COV19-v2 and MosMedData-. Baseline
results are taken from the original publications, with “~” denoting unavailable entries.
Best and second-best results are shown in bold and underline.

QaTa-COV19-v2 MosMedData-+
Method Modality|Dice (%) mIoU (%)|Dice (%) mIoU (%)
U-Net [2] Image 79.02 69.46 64.60 50.73
U-Net++ [3] | Image | 79.62 70.25 71.75 58.39
nnU-Net [4] Image 80.42 70.81 72.59 60.36
TransUNet [6]| Image 78.63 69.13 71.24 58.44
LViT [9] Img+Txt | 84.92 73.79 74.57 61.33
AT [10] Img+Txt | 89.78 81.45 - -
TGCAM [11] | Img+Txt 90.60 82.81 77.82 63.69
ABP [16] Img+Txt | 91.03 83.53 - -
FMISeg [23] | Img+Txt | 91.21 83.84 79.30 65.71
TeSi (Ours) | Img+Txt | 91.37 84.12 77.96 63.87

Ours

X-Rays Textual Notes ~ Ground Truth UNet LViT AT

Erm
i )

Unilateral
pulmonary
infection, one
infected area,
lower right lung.

Bilateral

pulmonary infection,
three infected areas,
upper lower left
lung and all right
lung.

Fig. 2. Visual comparison with representative methods on QaTa-COV19-v2.

3.4 Ablation Study

We validate our design decisions on QaTa-COV19-v2 (Table 2). First, regard-
ing the Interaction Paradigm, the Asymmetric Decoder (Row 7) outperforms
the Symmetric design (Row 2), validating that controlled interaction prevents
semantic drift. Notably, the Encoder-Only variant (Row 3) already yields com-
petitive results, proving the core gain stems from early sieving. Second, regarding
Token Scale, removing the IB-Sieve mechanism (Row 4) leads to a performance
drop, confirming that simply fusing features allows visual redundancy to over-
whelm text. Finally, replacing SPI with standard MHCA (Row 5) or removing
the Spatial Semantic Map Recovery module (Row 6) results in lower perfor-
mance, confirming that our specific architectural components are essential for
precise alignment and localization.

3.5 Interpretability via Spatial Semantic Maps

To probe how the IB-Sieve aligns textual concepts with visual features, we vi-
sualize the Spatial Semantic Maps in Fig. 3. These maps reflect simultaneous
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Table 2. Ablation analysis. SPI: Semantic Prototype Interaction; Map: Spatial Se-
mantic Map Recovery.

Model Variant Interaction Sieving Decoder Dice (%) mIoU (%)
1. Uni-modal Baseline - - CNN 87.93 78.46
2. Symmetric Design SPI v Symmetric  91.11 83.68
3. Encoder Only SPI v CNN 91.14 83.73
4. w/o Sieving SPI X(+Map) Asym. 91.02 83.52
5. w/ Standard Attn MHCA 4 Asym. 91.19 83.80
6. w/o Spatial Map SPI v (-Map)  Asym. 91.25 83.91
7. TeSi (Full) SPI v Asym. 91.37 84.12
Ground Truth Scale 1 Scale 2 Scale 3 Scale 4

Fig. 3. Recovered Spatial Semantic Maps across four scales, illustrating multi-scale
text—visual alignment.

multi-scale interactions in the SPI module rather than a layer-by-layer filtering
process. At the high-resolution scale (Scale 1, 2), correlations capture broad,
high-frequency edges; at the low-resolution scale (Scale 3, 4), the larger recep-
tive field localizes global lesion boundaries (e.g., “lower right lung”). This contrast
shows that our method leverages multi-scale prototypes: shallow scales for fine
contours and deep scales for global positioning. Our prototype design also en-
ables text-token-level attention analysis, revealing how specific medical terms
trigger spatially distinct activations.

4 Conclusion

In this paper, we identify two key limitations in text-guided medical image seg-
mentation: the Token Scale mismatch and a suboptimal Interaction Paradigm.
Late-stage fusion lets task-irrelevant redundancy propagate and corrupt repre-
sentations. We propose TeSi, a text-guided prototype sieving framework inspired
by the Information Bottleneck principle, which suppresses redundancy early and
stabilizes reconstruction. The IB-Sieve ranks and hard-selects text-relevant vi-
sual prototypes to block background noise at the source, while the Asymmetric
Decoder with Adaptive Text Fusion prevents semantic drift during boundary
refinement. Experiments on QaTa-COV19-v2 and MosMedData+ show compet-
itive performance with improved interpretability. Multi-scale visual-text align-
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ment yields precise localization and fine-grained contours. A limitation is that
our evaluation is restricted to 2D COVID-19 lung datasets, whose homogeneous
backgrounds may not fully reflect other organs, MRI, or 3D volumes.
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