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Abstract. We propose a framework that explicitly links attention in
multiple instance learning (MIL) to a specific direction vector in the
Virchow2 embedding space and trains an embedding-conditioned image
generator to render traversals along this direction. Many conventional
MIL pipelines use ImageNet-pretrained models (e.g., ResNet) for em-
beddings, and their attention is computed as the inner product between
a weight vector and an embedding after a non-linear transformation.
In contrast, our proposed framework extracts patch embeddings using
Virchow2, a pathology foundation model, and then computes the inner
product between the embedding vector h and the weight vector w to
determine attention strength. Since our framework does not involve non-
linear transformations for embedding vectors, the learned direction w
has a clear meaning as an attention-increasing direction in the Virchow2
embedding space. As a result, a linear traversal that increases attention
can be represented in the embedding space for each patch. Our proposed
framework trains a diffusion autoencoder conditioned on embeddings to
render patch sequences along the linear traversal. These sequences pro-
vide a morphology-oriented visualization of changes associated with in-
creasing attention.

Keywords: Attention Geometry · Foundation Model · Multiple Instance
Learning · Diffusion Autoencoder

1 Introduction

Whole slide images (WSIs) provide morphological evidence of cellular tissue for
cancer diagnosis [2]. WSIs are gigapixel-sized images, making accurate and ex-
haustive annotations of lesion regions impractical. Class labels used to construct
a classifier are often available only at the slide level. To train classifiers under
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such situations, multiple instance learning (MIL) [11] is widely adopted. In can-
cer diagnosis, explicitly stating the diagnostic basis through pathology-relevant
factors, such as nuclear morphology and cell-type composition, is crucial.

Attention-based MIL (ABMIL) [8, 11, 12, 19, 20, 26, 27] provides heatmaps
that highlight regions contributing to classification while avoiding annotations
of lesion regions, making it one of the standard methods for WSI analysis. Here,
these heatmaps only indicate which image patches are focused on for classifica-
tion, not why. In other words, heatmaps show where the model focuses, yet do
not reveal which morphological factors contribute to higher attention scores.

In many conventional ABMIL models, patch embedding vectors are non-
linearly transformed to determine attention strength. This non-linear transfor-
mation makes it non-trivial to interpret the factors contributing to the atten-
tion. Many prior works [8,11,12,20,26,27] use ImageNet-pretrained models (e.g.,
ResNet) for patch embeddings, and the non-linear transformation for embedding
vectors yields attention scores suitable for classification.

The emergence of pathology foundation models [4,15,24,28] is transforming
how algorithms for computer-aided pathological diagnosis are designed. Embed-
dings from foundation models for general images, such as natural images, support
strong performance with linear readouts [5, 9, 17]. Similarly, pathology founda-
tion models have begun to support high-accuracy linear readouts for (i) lesion
detection and (ii) subtype classification based on lesion regions [4, 15, 24, 28].
This motivates us to explore whether pathology-relevant factors can be linearly
accessed in such embeddings. Unlike many methods, which extract patch embed-
dings using an encoder trained on general images and then determine attention
useful for pathological diagnosis via a non-linear transformation, our proposed
framework extracts patch embeddings using Virchow2 [28], and then determines
attention via a single linear operation. This allows the learned weight vector to
be interpreted as a geometric direction within the embedding space.

In this paper, we propose a framework that explicitly links MIL attention to
a specific direction vector in the Virchow2 embedding space and renders traver-
sals along this direction with an embedding-conditioned image generator (Fig. 1).
We call our framework, which determines attention strength via the inner prod-
uct of the weight vector and the embedding vector, Linearized Attention MIL
(LAMIL). Since this framework does not involve non-linear transformations for
embedding vectors, the learned weight vector explicitly indicates the direction
that increases attention in the Virchow2 embedding space. In this embedding
space, the linear traversal of each patch embedding vector along the weight
vector yields a sequence with increasing attention scores. By rendering this se-
quence as pathological image patches with a diffusion autoencoder (DiffAE) and
then applying nuclei segmentation and cell-type classification, we characterize
changes in nuclear morphology and cell-type composition along the traversal.
Our experimental results establish an explicit link between MIL attention and
an attention-increasing direction in the Virchow2 embedding space. Our main
contribution is an explicit and traversable geometric formulation of MIL atten-
tion in the Virchow2 embedding space.
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(a) Step 1 : Patch embedding extraction

(b) Step 2 : LAMIL for WSI classification

(c) Step 3 : Training a diffusion autoencoder

(d) Step 4 : Attention-guided embedding traversal

and diffusion autoencoder rendering

Virchow2 ⋯

𝒉1, ⋯ , 𝒉𝑁𝒙1, ⋯ , 𝒙𝑁

Patch images EmbeddingsWSI

Obtain patch images within tissue regions

⋯

𝒉1, ⋯ , 𝒉𝑁

Embeddings

MLP ො𝑦

𝒛

Bag-level representation

Attention pooling : σ𝑖=1
𝑁 𝑎𝑖𝒉𝑖

𝑎1
(pre)

, ⋯ , 𝑎𝑁
(pre)

Softmax

Attention

Mechanism

Weight : 𝒘

𝒘

𝒉 space
(Embedding space)

𝒉

෩𝒉 𝑠

𝑎𝑖
(pre)

≔ 𝒘⊤𝒉𝑖

෥𝒙 𝑠1 ෥𝒙 𝑠2 ෥𝒙 𝑠3
Nuclei segmentation

and cell-type classification

𝒉

𝒙(0)

𝒙

Virchow2

𝒙(𝑇)

Conditional DDIM

maps embedding 𝒉 back to

a pathological patch image 𝒙.

Forward path : 𝒙(0) 𝒙(𝑇)

Backward path : 𝒙(0) 𝒙(𝑇)

𝑎𝑖 =
exp 𝑎𝑖

(pre)

σ𝑗=1
𝑁 exp 𝑎𝑗

(pre)

Slide 

label

Fig. 1. Overview of the proposed framework. (a) Virchow2 produces patch embed-
dings from tissue regions within WSIs. (b) Linearized Attention MIL (LAMIL) per-
forms slide-level prediction from the bag of embeddings. (c) A diffusion autoencoder
(DiffAE) conditioned on embeddings is trained to reconstruct patch images. (d) At in-
ference, LAMIL presents an attention-guided embedding traversal; edited embeddings
are decoded by DiffAE to visualize attention-controlled patch sequences. These se-
quences can be further analyzed with nuclei segmentation and cell-type classification,
providing a morphology-oriented visualization of changes associated with increasing
attention in the rendered sequence.

2 Related Works

MIL has become a standard approach for weakly supervised WSI classification
without requiring lesion annotations, and many works [8, 11, 12, 20, 26, 27] have
improved performance by increasing the capacity of attention or aggregation
mechanisms. Linear-attention-based MIL (Lin-MIL) has been explored to reduce
the computational complexity of transformer self-attention [19]. In contrast, our
goal is neither to increase attention capacity nor to approximate transformer
self-attention. We apply a single linear scoring function directly to Virchow2
embeddings, without an intermediate non-linear attention network, such that
the learned weight vector defines an explicit global editing direction.

Many conventional MIL methods use ImageNet-pretrained models to extract
patch features [8, 11, 12, 20, 26, 27]. Pathology foundation models [4, 15, 24, 28]
have begun to provide patch embeddings that support high performance even
with simple readouts for pathological diagnosis. While sophisticated attention
mechanisms remain valuable for performance, linear operations can become com-
petitive and easier to interpret. Our framework leverages Virchow2 embeddings
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to link MIL attention to a specific direction vector in the embedding space,
thereby enabling explicit traversal of embeddings.

Generative models are extensively explored for controllable generation by
mapping latent representations back to image space. A DiffAE achieves high-
fidelity reconstruction conditioned on representations [18], and some diffusion-
based methods [6, 25] demonstrate that pathological image patches can be re-
constructed from patch representations. We use a DiffAE as a renderer, using
conditional DDIM sampling to reconstruct pathological patches from embed-
dings. This renderer is essential for visualizing patch sequences with increasing
attention scores.

In computational pathology, presenting explanations grounded in morpholog-
ical factors of cellular tissue is preferable to region-level saliency alone [7,21]. Nu-
clei segmentation and cell-type classification enable nuclear-level quantification
[10], achieving interpretation based on nuclear morphology and cell-type com-
position [13,16]. We analyze diffusion-rendered patch sequences along attention-
guided traversals to characterize changes in cell-type composition, complement-
ing region-level heatmaps with a morphology-oriented analysis.

3 Method

3.1 Multiple Instance Learning

Given a WSI, we obtain a set of N tissue patches {xi}Ni=1 and then extract patch
embeddings {hi}Ni=1, where xi ∈ RW×H×C is an input patch and hi ∈ Rd is a
patch embedding. MIL models with an attention mechanism assign a normalized
attention score ai ∈ R to each instance and aggregate patch embeddings into a
bag-level representation z =

∑N
i=1 aihi, which is fed to a classifier to predict a

slide label, where the normalized score ai is obtained using a softmax function
such that

∑N
i=1 ai = 1. In gated-attention ABMIL [11], the logits (i.e., pre-

softmax attention scores) are produced by a non-linear attention network:

a
(pre)
i = w⊤ (tanh(V hi)⊙ σ(Uhi)) , (1)

where w, V and U are learnable parameters, ⊙ denotes element-wise mul-
tiplication, and σ(·) is the sigmoid function. Many subsequent MIL methods
employ other non-linear transformations or higher-capacity aggregation mecha-
nisms [8,12,20,26,27]. In our proposed framework, we instead use a single linear
operation to obtain an explicit editing direction in the embedding space.

3.2 Diffusion Autoencoder

We employ a diffusion autoencoder (DiffAE) [18] as an embedding-conditioned
renderer that maps an embedding h back to an image x (Fig. 1(c)), enabling
visualization of traversal in the embedding space. Given a paired dataset of patch
images and embeddings {(x,h)}, DiffAE learns to reconstruct x conditioned on
h by denoising from Gaussian noise.
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Diffusion models are composed of a forward process and a backward pro-
cess. The forward process can be described as the gradual addition of a small
amount of Gaussian noise to input images over T steps, which results in a se-
ries of noisy images x(1), . . . ,x(T ) [18]. Given a time t, the forward process is
defined as q(x(t) | x(t−1)) = N

(√
1− β(t) x(t−1), β(t)I

)
, where β(t) specifies

the noise variance schedule. The corresponding noisy image of x(0) at time t

can be sampled from a distribution q(x(t) | x(0)) = N
(√

α(t) x(0),
(
1− α(t)

)
I
)
,

where α(t) =
∏t

s=1

(
1− β(s)

)
. Diffusion models are constructed by learning the

backward process, namely the distribution pθ(x
(t−1) | x(t)), where θ are neural

network parameters [18]. In denoising diffusion implicit models (DDIMs) [22],
the forward process is defined as non-Markovian, and the computation for the
corresponding backward process is given as the following update rule:

x(t−1) =
√
α(t−1)

(x(t) −
√
1− α(t)ϵθ(x

(t), t)√
α(t)

)
+

√
1− α(t−1)ϵθ(x

(t), t), (2)

where ϵθ(x
(t), t) is the unconditional noise prediction network.

A DiffAE is constructed as a conditional DDIM decoder ϵθ
(
x(t), t,h

)
and

performs the same DDIM update (Eq. (2)) with conditional noise prediction.
This model is trained by solving the standard denoising objective [18,25]:

min
θ

Et,x(0), ϵ

[∥∥∥ϵ− ϵθ(x
(t), t,h)

∥∥∥2
2

]
, (3)

enabling reconstruction of x(0) from noisy x(t) guided by the embedding h.
We use the DiffAE as a renderer that decodes an embedding into an im-

age by sampling from the backward process conditioned on the embedding. In
our framework, we apply DiffAE not only to the original embedding h but also
to embeddings h̃ obtained by attention-guided traversal (Fig. 1(d)), yielding
pathological patches x̃. These patches form rendered sequences whose appear-
ance changes consistently with the intended embedding edits.

3.3 Proposed Framework

Virchow2 Embeddings. We employ Virchow2 [28] as a frozen embedding
extractor, obtaining patch embeddings hi ∈ R2560 for all tissue patches xi ∈
R224×224×3 (Fig. 1(a)). These embeddings are expected to capture diverse and
transferable pathological factors, providing a strong basis for MIL attention even
with linear readouts.

LAMIL: Linearized Attention MIL. We introduce linearized attention MIL
(LAMIL), where the pre-softmax attention score for the i-th instance is com-
puted by a single linear projection (Fig. 1(b)):

a
(pre)
i = w⊤hi. (4)
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In ABMIL [11], attention is computed after a non-linear transformation of each
patch embedding. In contrast, our framework uses patch embeddings h directly
as keys in a dot-product attention with a single global query vector w, making
the direction of increasing attention explicit and input-independent.

We emphasize that this design is not motivated by simplicity alone. Com-
pared to non-linear attention networks, linearization makes increasing (or de-
creasing) the attention score directly interpretable as a geometric direction within
the embedding space, which is essential for defining an explicit and reproducible
editing procedure when combined with an embedding-conditioned diffusion ren-
derer described in Section 3.2.

Explicit Embedding Editing Rule and Attention-guided Traversal. Let
s ∈ R denote an editing step size. Given a patch embedding h (e.g., selected by
its attention quantile), we define an edited embedding by traversing along the
learned weight vector w:

h̃(s) = h+ s
w

∥w∥
. (5)

Since the pre-softmax attention score in Eq. (4) is linear in h, positive and
negative values of s in Eq. (5) increase and decrease the score, respectively,
enabling a controlled traversal along the learned direction. In practice, we sample
a set of steps {sk}Kk=1 to obtain a sequence of edited embeddings {h̃(sk)}Kk=1.

Rendering and Nuclei-level Analysis. We render each edited embedding
h̃(sk) into a pathological patch using the DiffAE to obtain an attention-controlled
patch sequence {x̃(sk)}Kk=1. We further apply nuclei segmentation and cell-type
classification to each rendered patch and characterize changes in nuclear mor-
phology and cell-type composition using existing pipelines [13].

4 Experiments and Results

4.1 Experimental Setup

Datasets. We evaluate our approach primarily on a malignant lymphoma dataset
consisting of 2,884 WSIs scanned at ×40 magnification. This dataset includes
three diagnostic subtypes: reactive lymphoid hyperplasia (Reactive: 752 cases),
follicular lymphoma (FL: 1,009 cases), and diffuse large B-cell lymphoma (DL-
BCL: 1,123 cases). Subtype labels for all cases are provided by pathologists and
are used as slide-level supervision for MIL training and evaluation.

To compare LAMIL and existing MIL methods on public WSI benchmarks,
we use Camelyon16 [3] and TCGA-NSCLC [1]. Camelyon16 contains 399 sentinel
lymph node WSIs with slide-level metastasis labels. TCGA-NSCLC comprises
two TCGA projects (LUAD and LUSC) and includes 993 diagnostic WSIs (507
LUAD and 486 LUSC), as commonly reported in MIL benchmarks. On these
public datasets, MIL is conducted as a binary classification problem. We follow
the preprocessing protocol of TransMIL [20], performing tissue filtering and non-
overlapping patch extraction at ×20 magnification.
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Table 1. MIL classification viability of linearized attention on public WSI benchmarks
and the malignant lymphoma dataset. All methods use Virchow2 patch embeddings as
a common backbone and are evaluated with 4-fold cross-validation. Their performance
is indicated in the form of (mean)(standard deviation); the comparison focuses on aggre-
gation/attention mechanisms rather than backbone quality or state-of-the-art classifi-
cation performance.

Camelyon16 TCGA-NSCLC Lymphoma
(Public Dataset) (Public Dataset) (In-house Dataset)

Accuracy F1 Accuracy F1 Accuracy Macro-F1
Mean-Pooling 0.679(0.038) 0.583(0.152) 0.916(0.004) 0.917(0.003) 0.888(0.007) 0.891(0.007)

Max-Pooling 0.669(0.050) 0.569(0.104) 0.898(0.003) 0.899(0.004) 0.881(0.007) 0.883(0.007)

ABMIL [11] 0.855(0.058) 0.835(0.048) 0.930(0.019) 0.931(0.019) 0.897(0.007) 0.901(0.006)

TransMIL [20] 0.881(0.045) 0.869(0.037) 0.931(0.017) 0.933(0.015) 0.900(0.002) 0.904(0.002)

DTFD-MIL
(MAS) [26] 0.797(0.050) 0.748(0.033) 0.931(0.017) 0.932(0.017) 0.899(0.003) 0.902(0.003)

DTFD-MIL
(AFS) [26] 0.796(0.034) 0.732(0.017) 0.929(0.020) 0.930(0.019) 0.899(0.004) 0.902(0.003)

ACMIL [27] 0.866(0.034) 0.839(0.024) 0.930(0.014) 0.931(0.014) 0.898(0.004) 0.902(0.003)

SCMIL [12] 0.870(0.026) 0.848(0.013) 0.927(0.019) 0.928(0.019) 0.897(0.007) 0.901(0.006)

LAMIL (Ours) 0.881(0.028) 0.866(0.018) 0.932(0.012) 0.933(0.011) 0.900(0.006) 0.903(0.005)

Implementation Details. For all datasets and all MIL methods, we use Vir-
chow2 patch embeddings as a common backbone to ensure a fair comparison of
aggregation procedures. We perform 4-fold cross-validation and report the mean
evaluation scores across folds. All MIL models are trained using AdamW [14]
with a learning rate of 1.0 × 10−4, a batch size of 128, and 20 training epochs.
These models are evaluated separately within each dataset.

To train a DiffAE, we use 288,000 paired samples of patch images and their
Virchow2 embeddings. The DiffAE is trained using AdamW with a learning rate
1.0× 10−4, a batch size of 40, and 100 training epochs.

4.2 Classification Viability of Linearized Attention.

We assess whether replacing non-linear attention with a single linear projec-
tion causes a substantial degradation in WSI classification performance. The
goal is not to improve classification accuracy, but to verify whether Virchow2
embeddings support an explicit global attention direction while maintaining
performance comparable to established MIL aggregators. Table 1 demonstrates
that LAMIL maintains performance comparable to modern attention-based MIL
baselines despite using a single linear projection for the attention.

We hypothesize that this competitiveness is driven by the expressiveness of
Virchow2 embeddings, which capture diverse and transferable pathological fac-
tors in a high-dimensional space and can be accessed via simple linear readouts.
Importantly, this should not be taken to imply that sophisticated attention mech-
anisms are unnecessary; rather, it suggests that the design trade-off shifts under
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Fig. 2. Attention-guided embedding traversal and cell-type-level interpretation. Left:
a WSI with the LAMIL attention heatmap using min-max normalized pre-softmax at-
tention scores. Top-right: an original patch x selected from a low-attention quantile
and diffusion-rendered patches conditioned on embeddings edited to match four tar-
get attention score quantiles. Bottom: nuclei segmentation and cell-type classification
masks for the original and rendered patches.

transferable representations of Virchow2, enabling a controllable editing direc-
tion while maintaining classification viability. Whether other pathology founda-
tion models support similarly usable global attention directions will be studied
in future work.

4.3 Attention-guided Embedding Traversal and Patch Sequence
Rendering

Fig. 2 illustrates a representative example of the proposed traversal. Starting
from an original patch embedding h selected from a low-attention quantile, we
edit h along Eq. (5) and decode the edited embeddings h̃(s) with DiffAE. Here,
the initial noise for DiffAE is the same in the sequence. We set target attention
levels to match the edited embeddings to prescribed attention score quantiles,
yielding an ordered sequence whose attention increases across the selected quan-
tiles. The rendered patches exhibit morphological transitions across the sequence,
providing a concrete visualization of what increasing attention corresponds to in
pixel space. The analysis in Fig. 2 is limited to a single representative DLBCL
example and the positive attention direction. Therefore, it should be noted that
it does not establish that the observed morphological trend generalizes across
slides, diagnostic classes, cross-validation folds, or both traversal directions.

To interpret these transitions in terms of pathology, we apply nuclei segmen-
tation and cell-type classification [13] to each rendered patch and visualize the
resulting nuclei masks. DLBCL is characterized by the proliferation of large B-
cells [23]. Across the rendered sequence, increasing attention is accompanied by
an increased presence of centroblasts (CB: 1→ 4) and a decreased presence of
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round medium cells (RM: 25→ 11), consistent with the large-cell morphology
characteristic of DLBCL. This result provides a morphology-oriented charac-
terization of a DiffAE-rendered attention traversal. Importantly, w represents a
global attention direction shared across classes rather than a class-specific dis-
criminative direction. Therefore, increasing the pre-softmax attention score along
w does not necessarily imply an increase in the prediction score for DLBCL or
any other specific class. The example in Fig. 2 should therefore be interpreted
as a morphology-oriented characterization of increasing LAMIL attention in a
DLBCL slide, rather than as a traversal toward the DLBCL class. It should
be noted that verifying whether the generated patches faithfully reproduce real
tissue transformations remains an open question.

5 Conclusion

We present a framework that explicitly links MIL attention to a direction vec-
tor in the embedding space and trains an embedding-conditioned image gen-
erator, thereby providing a morphology-oriented visualization of changes along
the learned attention direction. Using Virchow2 embeddings, LAMIL provides a
straightforward editing rule for traversing the learned attention direction, while
DiffAE rendering and nuclei-level analysis characterize the resulting sequence
in terms of nuclear morphology and cell-type composition. Our framework pro-
vides an explicit and traversable geometric formulation of MIL attention in the
Virchow2 embedding space.
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