This MICC/
by the M

ided
led

version, except for the format and this wate

M ICCAI final published version is available on SpringerLink

1ark
K,

Learning Where to Look: Pathologist-Inspired
Multi-Field-of-View Evidence Retrieval for Cell
Type Classification in H&E

Ruizhi Yuan', Chongyue Zhao?, Tianhao Liu?3, Qian Wang?*, Zeqiu Yu®, Lu
Tang', Heng Huang®, and Wei Chen':2™

! Department of Biostatistics and Health Data Science, University of Pittsburgh,
Pittsburgh, PA, USA
wei.chen@pitt.edu

2 Department of Pediatrics, University of Pittsburgh, Pittsburgh, PA, USA
3 Tsinghua Medicine, Tsinghua University, Beijing, China
4 Department of Pathology, UPMC Children’s Hospital of Pittsburgh, Pittsburgh,
PA, USA
5 Department of Electrical and Computer Engineering, University of Virginia, VA,
USA
6 Department of Computer Science, University of Maryland, College Park, MD, USA

Abstract. Accurate classification of cell types in H&E whole-slide im-
ages requires integrating evidence across scales, from cell morphology to
the local micro-environment and a broader tissue context. However, ex-
isting models rely on a fixed field-of-view that frequently misses decisive
out-of-view evidence or dilutes local evidence with irrelevant surround-
ings. We therefore propose a mixture-of-experts (MoE) framework that
retrieves multi-field-of-view evidence via query-guided attention pooling,
allowing the model to select the right visual cues across views for cell type
classification. To ensure that experts effectively collaborate, we deploy an
uncertainty-aware router and train the model with a responsibility-driven
objective, assigning per-sample credit based on ground truth support
to drive complementary specialization across the experts. We validate
on public and in-house spatial-transcriptomic-derived datasets of over
400k cell-centered patches, covering lung and skin tissues and diverse
cell types, where our method outperforms strong baselines. Finally, the
learned pooling weights provide intuitive evidence maps; a small pilot re-
view by a practicing pathologist suggests that these highlighted regions
show qualitative agreement with human pathological reasoning.

Keywords: Cell type classification - Digital pathology - Interpretable
Deep Learning.
1 Introduction

Cell typing in H&E whole-slide images (WSIs) is now fundamental infrastruc-
ture in digital pathology, supporting tasks from tumor microenvironment pro-
filing and spatial statistics to slide-level decision support. With strong nuclei



2 R. Yuan et al.

segmentation baselines (e.g., HoVer-Net and StarDist)[1, 2], large cell-annotated
datasets (e.g., PanNuke and Lizard)[3, 4], and modern morphology encoders[5],
it is now routine to train models for per-cell classification. Spatial transcrip-
tomics (e.g., Xenium, Visium HD)[6, 7| further scales supervision by providing
large quantities of cell labels aligned to H&E, enabling data-efficient training
across tissues and cohorts. However, more labels do not automatically resolve
the core challenge: choosing the right visual evidence for each cell. Most models
still classify cells from a fixed field-of-view (FOV) around each cell. Even vision-
transformer(ViT) based pathology foundation models typically encode WSIs as
fixed-size tiles (e.g., 224x224 for Virchow, 256x256 for Prov-GigaPath) and
leave downstream cell typing to these spatially restricted representations[8-10],
which can fail when decisive cues for classification lie outside the chosen FOV.

Fundamentally, if a model is forced to predict from incomplete or irrelevant
evidence, even sophisticated architectures will fail. A fixed FOV turns cell typ-
ing into a closed-book exam: the model must answer even when the decisive
cue lies just outside the window. Pathologists do not work this way—they it-
eratively consult multiple magnifications, using low power to establish tissue
architecture and locate relevant regions, and high power to confirm cellular mor-
phology[11]. Viewport-tracking studies further suggest that such zooming and
navigation behaviors are measurable components of real diagnostic workflow[12].
This matters because discriminative evidence for cell typing is inherently multi-
FOV and class-dependent: some labels are resolved by cell-intrinsic morphology,
while others depend on microenvironmental patterns or broader tissue compart-
ment. Naively enlarging the FOV can introduce irrelevant context and dilute
evidence. The WSI literature offers a useful analogy: selective evidence alloca-
tion via attention-based aggregation and differentiable zooming can better match
diagnostic workflow than uniform processing[13, 14]. Taken together, these ob-
servations suggest that the missing piece is not “another scale,” but a mechanism
that decides when to consult broader context and where to look within each view.

We therefore cast cell typing as multi-FOV evidence retrieval and propose
TRACE, a mixture-of-experts framework for Token Retrieval And Cooperative
Experts. In this study, we instantiate TRACE with three experts over nested,
cell-centered views: a polygon-masked cell view (in the local crop), a local neigh-
borhood view, and a broader tissue-context view. TRACE leverages pretrained
ViT backbones to extract expressive token representations. Unlike recent multi-
scale baselines[15], which use view-level representations, our local and context
experts perform token-level retrieval: the target cell embedding queries patch to-
kens via attention to select discriminative regions rather than averaging views.
A router uses expert representations and uncertainty cues to produce mixture
weights, and fuses expert predictions in probability space. We optimize TRACE
with a responsibility-driven objective that aligns routing weights with each ex-
pert’s posterior support for the ground-truth class, encouraging complemen-
tary specialization while discouraging routing collapse. We evaluate TRACE on
public and in-house H&E WSIs with cell labels derived from spatial transcrip-
tomics. Unlike conventional H&E annotations that are often limited to fixed-
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view patches, spatial transcriptomics provides position-resolved cell-type labels
at scale, allowing us to anchor local and context crops at each labeled cell and
test instance-specific evidence retrieval across fields of view. On lung and skin
cohorts, results show consistent improvements over strong baselines across key
cell-typing metrics, with the largest gains on context-dependent and morpholog-
ically challenging cases. Finally, a small pilot qualitative review by a practicing
pathologist suggests that the retrieved evidence regions are broadly consistent
with human pathological reasoning.

2 Method

2.1 Problem setup: multi-FOV evidence for a target cell

Given a detected cell ¢ in a WSI with a polygon P; and a center c;, we pre-
dict a cell-type label y; € {1,...,C} for each cell. To capture both cell-intrinsic
morphology and contextual cues from the surrounding microenvironment and
tissue compartment, we extract two crops centered at c;: a 224x224 local crop
and a 1024x1024 context crop. We use 224 x 224 for the local crop, the standard
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Fig. 1. An overview of TRACE. TRACE retrieves token-level evidence from cell, local,
and context views and fuses three expert predictions with an uncertainty-aware router,
trained with a responsibility-driven objective.
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input size for most pathology encoders, enabling fair comparison and stable
feature extraction, and 1024x1024 for the context crop to capture tissue orga-
nization while remaining computationally feasible. Our model treats cell typing
as instance-specific evidence selection and aggregation across these views.

2.2 Token retrieval and cooperative experts

As illustrated in Fig. 1, TRACE is a MoE framework that, in this study, uses
three experts (cell, local, and context) to retrieve token-level evidence from
nested views and fuse their predictions via an uncertainty-aware router. We use
UNI2h [10], a ViT-based pathology foundation model pretrained on histopathol-
ogy, to encode the local crop into patch tokens {ui’j};-vz“l with u; ; € RP« for
capturing fine-grained cellular morphology; and use DINOv3 [16], a large-scale
self-supervised ViT pretrained on diverse natural images, to encode the context
crop into {v; ; }5\7:1 with v; ; € RPv for capturing broader tissue structure and
long-range organization. Here, N,, and N, denote the numbers of local and con-
text tokens, and D, and D, denote their feature dimensions. We retain patch
tokens rather than a single pooled embedding, since discriminative evidence in
H&E is often sparse and can be diluted by global averaging.

Expert 1 (cell expert): polygon-masked pooling. Cell-intrinsic mor-
phology is often the fundamental evidence, but naive pooling over a local crop
can mix in stroma, lumen, or whitespace and corrupt the cell representation. We
therefore enforce a simple constraint for the cell expert: compute the embedding
only from tokens that fall inside the target cell. Using the provided cell instance
polygon P; (typically a nucleus boundary in H&E), we rasterize it in the local-
crop frame and map it onto the UNI token layout, obtaining a binary token mask
M; = {m; };V:“l with m, ; € {0,1}. We then pool only masked tokens:

N,
U U
ein = Z?Vfl 2,0 7] ERD“. (1>
Zj:ﬂ mij +¢€

This yields a background-free cell embedding that serves as a stable seed for
downstream evidence retrieval.

Expert 2 (local expert): A local crop can contain helpful cues (e.g., imme-
diate neighbors) or substantial irrelevant noise; uniformly pooling the entire view
can dilute the few regions that disambiguate the target instance. We therefore
aggregate the local view by retrieval: a query derived from the target instance
selects informative tokens from the local token set. Let s; o denote the query
source for the local expert; by default s; 2 = €; 1.

We compute query-based cosine attention over UNI2h tokens. We use cosine
attention[17] to make token matching scale-invariant and stable across varying
feature norms. We first project the query source and tokens into a shared d-
dimensional space:

¢ = WiV LN(s;2), k{7 = Wi" LN(uy), (2)
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then obtain temperature-scaled attention weights and pool the original UNI
tokens:

T
Ok N,

_ @,
2)|| , €2 = Zam Ui (3)

2
72 1652 l1gf et

(2 _

a;; = softmax;

Using backbone tokens as values (no value projection) makes the attention
weights an interpretable evidence trace while preserving the pretrained token
space; we learn only query/key matching.

Expert 3 (context expert) We apply the same cosine-attention retrieval to
the context tokens {v; ; }évzl derived from DINOv3, using s; 3 = e; 2 by default (or
(

optionally e; 1), producing e; 3 and attention weights ai?’). This is implemented

by reusing Egs. (2)—(3) with (v; ;, VV3(q)7 ?Sk)77'3).
We project each expert embedding to a shared dimension, é; , = W,Ep ) LN(e; k),
for routing and classification, and use a small MLP to produce logits z; € RC.

2.3 Uncertainty-aware routing and probability-space fusion

We fuse expert outputs in probability space to keep training and inference
identical and to avoid scale/calibration issues that arise when mixing logits.
Let p; r, = softmax(z; ). The router predicts mixture weights a; and we form
pRix = Zzzl o k Pik- To let the router weight experts by their instance-wise
reliability, we augment each expert with simple confidence signals:

¢ix = [H(pix), margin(p; ), max(p;x) ]| € R?, (4)

where H is entropy and margin is the gap between the top-1 and top-2 proba-
bilities. Finally, the router conditions on projected expert embeddings and un-
certainty cues to produce mixture weights:

g = [6i1,8i2,6i3, i1, Bi2 D3], a; = softmax(MLP,(gi")) € A%. (5)

2.4 Responsibility-driven cooperative training

Which view is decisive varies by instance: some labels are resolved by nucleus
morphology, while others require neighborhood or tissue context. Training the
router only through the fused prediction provides no explicit credit assignment,
which can hinder expert specialization and lead to unstable routing. We therefore
use responsibility-driven training: we compute per-sample responsibilities from
each expert’s support for the ground-truth class, align router weights to these
responsibilities, and update experts proportionally.

Fused loss. Let p* = 22:1 o 1 Pi,k- We supervise the mixture by neg-
ative log-likelihood (with class weights and label smoothing if used): Lyix =
—log(p{"™[ys] + ).
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Posterior responsibilities. Let p; x[y;] denote expert k’s probability as-
signed to the ground-truth class. We define posterior responsibilities as

3
ri,k? — Stopgrad( 5 Oéz,kpz,k[y’b] ) , Zri,k — 1_ (6)
k=1

> e g piglyil + €

where stopgrad(-) prevents gradients from flowing through the responsibility
targets.

Gate alignment and expert updates. We align the router distribution
a; to r; via KL(r;||a;) and train each expert in proportion to its responsibility:

B 3
Lnte — 1 Z Zr <log rik +¢e) —log(or + 6)) (7)

z:l k=1

experts = Z Z Tik CE, smooth(zz k> yz) (8)

1=1 k=1
Regularization and final objective. To prevent routing collapse (i.e., one
expert dominating), we add a standard load-balancing penalty that encourages
the batch-average routing to remain close to uniform: a; = % Zil o, and

Ly, = Zk 1 (ak ) The overall objective is
L = Lmix + AgateLgate + AexpLexperts + )\lble- (9)

3 Experiments and Results

3.1 Datasets and implementation details

Our evaluation is conducted on 10 H&E WSIs from skin and lung tissue with
cell labels derived from aligned spatial transcriptomics: public 10x Xenium|[20,
21] and in-house 10x Visium HD. We derive cell-type labels following the official
10x Genomics analysis guides[18, 19]. Across slides there are >400k labeled cells
and their paired multi-FOV crops (local/context) centered at cell centroids. We
use one in-house WSI and 20% of patch pairs from a held-out contiguous region
of the public WSI for validation, and use the remaining data for training.

Experiments are implemented in PyTorch and trained on an NVIDIA H100
GPU. We train TRACE using AdamW with a learning rate of 3e-4, a batch size
of 512, mixed-precision training, and early stopping based on validation loss,
with a maximum budget of 100 epochs. The UNI2h and DINOv3 backbones
are frozen, and only the lightweight query/key projections, expert classifiers,
and routing network are optimized jointly. For baselines, we use the official im-
plementations and default hyperparameters, while keeping data splits, prepro-
cessing, and evaluation metrics identical across methods. Code is available at
https://github.com/yrzzz/ TRACE. Computationally, TRACE avoids full back-
bone fine-tuning but incurs higher inference cost than fixed-FOV baselines be-
cause each target cell requires both local and context-view feature extraction,
with DINOv3 encoding of the larger context crop as the main bottleneck.
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Table 1. Per-class F1 on lung and skin datasets. We report F1 scores for each cell type
across SOTA baselines and TRACE, with the best result per row in bold.

Models
Organ Cell type
NuClass[15] UNI[10] CellViT[5] HoVer-Net[l] TRACE
Airway Epi. 0.90 0.88 0.73 0.68 0.91
Fibroblast 0.07 0.30 0.27 0.22 0.42
Lung Immune . 0.70 0.63 0.63 0.60 0.71
Malign. Epi. 0.83 0.83 0.86 0.75 0.90
Normal Epi. 0.02 0.33 0.32 0.31 0.40
Vasculature 0.57 0.45 0.43 0.42 0.61
Endothelial 0.31 0.43 0.33 0.29 0.44
Fibroblast 0.67 0.66 0.49 0.44 0.69
Skin  Immune 0.74 0.62 0.61 0.48 0.72
Keratinocyte 0.95 0.92 0.72 0.67 0.98
Malign. Melan. 0.86 0.86 0.80 0.75 0.90
3.2 Results

Quantitative Results and Comparative Analysis. Table 1 summarizes per-
cell-type F1 on the lung and skin cohorts. We report per-class F1 because cell-
type distributions are imbalanced and F1 jointly penalizes false positives and
false negatives, making class-specific failures more visible than accuracy alone.
Overall, TRACE achieves the best performance among the compared baselines
and is notably more robust on morphologically ambiguous, context-dependent
cell types. Single-FOV classifiers (UNI[10] with a classifier) attain strong F1
on visually distinctive classes such as Keratinocytes (up to 0.92) and Malignant
Epithelium (up to 0.83), but their performance drops substantially on stromal or
spindle-shaped categories. For example, on lung Fibroblasts, UNT and CellViT[5]
reach 0.30 and 0.27, respectively, and on Vasculature they reach 0.45 and 0.43.

By explicitly retrieving multi-FOV evidence at the token level, our method
improves these challenging categories to 0.42 on lung Fibroblasts (+0.12 abso-
lute F1 over UNI) and to 0.61 on Vasculature (+0.18 absolute F1 over CellViT).
Compared with the view-level multi-scale baseline NuClass[15], which underper-
forms sharply on several hard lung classes (e.g., 0.07 on Fibroblasts and 0.02 on
Normal Epithelium), our respounsibility-driven training maintains discriminative
performance (0.42 and 0.40, respectively) without collapsing to majority pre-
dictions. The only exception is Skin Immune, where NuClass is slightly higher
(0.74 vs. 0.72). Overall, these results support our motivation that adaptive ev-
idence selection across fields of view is particularly important for difficult and
context-dependent cell types.

Ablation Study. Table 2 isolates the contributions of token-level retrieval,
responsibility-based credit assignment, and uncertainty cues within our frame-
work. Due to class imbalance, accuracy is dominated by frequent classes; we
therefore emphasize macro-F1 (mF1). Adding responsibility and uncertainty
cues without retrieval slightly improves lung mF1 and maintains skin mF1
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Table 2. Comprehensive ablation study of TRACE. We report overall Accuracy and
Macro-F1 to highlight the impact of specific modules

Proposed Modules Lung Skin
MoE Retrieval Resp. Uncert. Acc mF1 Acc mF1

v - - - 0.65 0.62 0.76 0.68
v - v v 064 063 0.73 0.68
v v - v 0.66 059 0.75 0.67
v v v - 064 0.64 0.77 0.70
v v v v 0.65 0.66 0.77 0.71

(e.g., 0.62— 0.63 on lung and 0.68 — 0.68 on skin), suggesting that these rout-
ing/training cues provide limited benefit without token-level evidence retrieval.
In contrast, enabling retrieval without responsibility does not improve mF1 (and
can reduce it on lung), indicating that retrieval alone can introduce unstable or
noisy expert behavior without explicit credit assignment. The strongest gains
occur when retrieval is paired with responsibility, yielding mF1 improvements
on both datasets (lung: 0.62 — 0.64, skin: 0.68 — 0.70). Incorporating uncer-
tainty cues in the router provides additional, consistent improvements (lung:
0.64 — 0.66, skin: 0.70 — 0.71), supporting our design choice of combining evi-
dence retrieval with uncertainty-aware fusion and responsibility-driven training.

Fibroblast Immun Cell Keratinocyte Malignant Epithelial Airway Epithelial

@ ¢

R &
y 2 ﬂ
| 3 1

Fig. 2. Evidence maps for five cell types: left /right show local/context views; top shows
original crops and bottom evidence maps highlighting regions influential for prediction.

Pilot expert review of evidence maps. TRACE generates evidence maps
by reshaping the token-level attention weights from the local and context experts
and upsampling them to the crop resolution. We conducted a small pilot review
of evidence maps with one practicing pathologist and one medical student on
dozens of randomly sampled lung and skin cells. For each cell, we visualized the
local and context evidence maps produced by our model (Fig. 2). Both review-
ers reported frequent qualitative agreement between highlighted regions and the
cues used for cell-type determination, noting that the maps often emphasized
cell-intrinsic morphology when sufficient and highlighted broader tissue patterns
when additional context was needed. We use this pilot review for evidence au-
diting and error analysis, rather than as a clinical or causal validation.



Learning Where to Look 9

4 Discussion

We propose TRACE, a mixture-of-experts multi-FOV framework for H&E cell
classification. TRACE casts cell typing as evidence retrieval: a cell expert forms
a polygon-masked seed representation, while local and context experts retrieve
token-level evidence. On lung and skin cohorts, TRACE improves performance
over baselines, especially on context-dependent and ambiguous cell types. A lim-
itation is that evaluation is restricted to lung and skin tissues, so multi-organ
generalization remains to be established. In addition, spatial-transcriptomics-
derived labels may contain technical noise and should be interpreted as scalable
reference labels rather than exhaustive manual ground truth. Future work should
evaluate TRACE on larger multi-organ and multi-institutional cohorts to bet-
ter assess generalizability across diverse histological patterns, incorporate more
comprehensive results such as precision-recall analysis and confidence intervals,
and develop more efficient context retrieval to reduce compute while preserving
evidence quality.
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