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Abstract. Histopathology serves as the gold standard in cancer diag-
nosis, with clinical reports being vital in interpreting and understanding
this process, guiding cancer treatment and patient care. The automa-
tion of histopathology report generation with deep learning stands to
significantly enhance clinical efficiency and lessen the labor-intensive,
time-consuming burden on pathologists in report writing. In pursuit of
this advancement, we introduce HistGen, a multiple instance learning-
empowered framework for histopathology report generation together with
the first benchmark dataset for evaluation. Inspired by diagnostic and
report-writing workflows, HistGen features two delicately designed mod-
ules, aiming to boost report generation by aligning whole slide images
(WSIs) and diagnostic reports at both local and global granularities. To
achieve this, a local-global hierarchical encoder is developed for efficient
visual feature aggregation from a region-to-slide perspective. Meanwhile,
a cross-modal context module is proposed to explicitly facilitate align-
ment and interaction between distinct modalities, effectively bridging the
gap between the extensive visual sequences of WSIs and corresponding
highly summarized reports. Experimental results on WSI report genera-
tion show the proposed model outperforms state-of-the-art (SOTA) mod-
els by a large margin. Moreover, the results of fine-tuning our model on
cancer subtyping and survival analysis tasks further demonstrate supe-
rior performance compared to SOTA methods, showcasing strong trans-
fer learning capability. Dataset and code are available here,
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1 Introduction

Histopathology tissue analysis reveals critical details about tumor characteristics
and is considered the gold standard in cancer diagnosis and prognosis [18]. In the
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last decade, the increasing availability of digital WSIs has given rise to computa-
tional pathology (CPath), promoting diagnostics with computer-assisted tools.
The recent success of deep learning has notably advanced this field, outper-
forming experienced pathologists on specific tasks [BI33126]. However, pathol-
ogists are still required to compile findings and craft reports for each WSI, a
task that is labor-intensive, time-consuming, and error-prone. Thus, the auto-
mated generation of pathology reports holds immense potential in facilitating
the report-writing process and alleviating the heavy workloads for pathologists.
Additionally, these automated reports can underscore abnormalities and offer
diagnostic rationales, aiding pathologists in their analyses.

Contrasting with the field of radiology report generation [8[722], WSI report
generation faces unique challenges. A primary obstacle is the lack of recognized
benchmark datasets; existing datasets predominantly focus on patch-level im-
ages and captions [I3JI5I21], neglecting comprehensive, global descriptions of
entire WSIs. Additionally, the gigapixel size of WSIs poses unique challenges for
the visual encoding stage of report generation and hinders the direct adoption of
existing report generation methods. Moreover, the contrast between enormous
informative WSI patches of dense visual signals and succinctly summarized di-
agnostic reports of discrete textual tokens underscores the need for cross-modal
interactions. Further, prevalent WSI analysis methods rely on multiple instance
learning (MIL), necessitating pre-trained feature extractors, which we identify as
a critical bottleneck, impeding optimal performance in WSI report generation.

Related Work:

Multiple instance learning in CPath. Given the gigapixel size of WSIs and GPU
memory limitations [2], MIL framework is prevalently used for WSI analysis.
This framework tiles a WSI into patches, uses a pre-trained feature extractor to
convert them into feature vectors, and then aggregates these vectors into a WSI-
level representation for prediction [BIT2IT6I26ITIN33]. Several works [I205] used
max-pooling to locate the most suspicious instances for slide-level prediction.
To engage information of all patches, a side network was employed in [16] to
compute attention score of each patch and use it as the weight for aggregation.
Li et al. [19] utilized cosine distance between instances as the weighting factor
for aggregation. Shao et al. [26] further adopted transformer layers to explore the
long-range instance correlations. However, recent studies in MIL mainly focus
on WSI-level prediction tasks, with WSI report generation under-explored along
this research direction, which is the focus of this work.

Image captioning and report generation. Image captioning [30/TI289] and radi-
ology report generation [8I7] are the most relevant fields to this work. These
tasks require models to generate descriptive captions or diagnostic reports for
input natural or radiology images. Various studies [30JI] adopted the CNN-RNN
framework for image encoding and caption decoding. Recent advent of Trans-
former [28] enabled capturing long-range dependencies, with further explorations
proposed to bridge encoding and decoding stages [9]. This concept is similarly
applied in radiology report generation [8l[7]. However, the gigapixel size of WSIs
requires immense computational capacity, making the direct application of these
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methods to WSI data impractical. Pioneering efforts in WSI report generation
have been made [25/14/6], yet they mainly involve simple combinations of existing
MIL and captioning models (e.g., Chen et al. [6] combined TransMIL [26] with
a transformer decoder), neglecting the connections between visual and textual
modalities along with their distinct characteristics.

Contribution:

Building on the success of image captioning [30/II9J3T] and radiology report
generation [8[722], and addressing unique challenges in WSI data, we present
HistGen, a MIL-based histopathology report generation framework, designed
to address WSI report generation from a cross-modal interaction perspective by
aligning WSIs and diagnostic reports across local and global granularity. Our
primary contributions are summarized as follows:

e We curate a benchmark WSI-report dataset of around 7,800 pairs by building
a report collection and cleaning pipeline based on the TCGA platform [27].

e A local-global hierarchical visual encoder is proposed for effective encoding
and aggregation of extensive WSI patch features in a region-to-slide manner.

e We develop a cross-modal context module to enable interactions between
visual encoding and textual decoding, leveraging cross-modal information.

e Further, we pre-train a general-purpose MIL feature extractor on over 55,000
WSIs to boost MIL feature encoding.

e With extensive experimental validation, our framework outperforms SOTA
methods on WSI report generation by a large margin. Moreover, experiment
results on cancer subtyping and survival analysis tasks exhibit superior trans-
fer learning capability of HistGen, with it achieving SOTA on both tasks.

2 Method

2.1 WSI-Report Dataset Curation

Differing from the well-established benchmarks in radiology report generation
[I7J10], there is a lack of accessible WSI-report datasets, hindering the advance-
ment of this field. In light of this, our goal is to curate a publicly available WSI-
report dataset to serve as an evaluation benchmark. Based on uncurated report
data from the TCGA platform [27], we build a dataset curation pipeline detailed
as follows. We begin by downloading diagnostic report PDFs from TCGA and
extracting raw texts from them. Since raw texts are still noisy and cluttered
with redundant information, we utilize GPT-4 for further cleaning and summa-
rization. By matching the case IDs from the reports with corresponding WSIs,
we form a WSI-report dataset with 7,753 pairs, encompassing various diseases
from different primary sites (see Supplementary Materials for more details).

2.2 HistGen for Automated WSI Report Generation

Overview. Fig.[T]shows the overview of our HistGen framework. Fig. [Th denotes
the local-global hierarchical visual encoder, which firstly extracts patch features
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Fig. 1. Overview of the proposed HistGen framework: (a) local-global hierarchical en-
coder module, (b) cross-modal context module, (¢) decoder module, (d) transfer learn-
ing strategy for cancer diagnosis and prognosis.

with our pre-trained backbone and then efficiently encodes them under a local-
to-global manner. After that, the visual features are fed into the decoder module
(shown in Fig. [If) for report generation. Fig. [Ib corresponds to the cross-modal
context-aware learning module, designed to bridge different modalities and store
the knowledge from previous iterations for the model to refer to. Further, Fig. [Id
highlights our strategy for fine-tuning the model to WSI-level prediction tasks.
Pre-training feature extractor. To boost the MIL feature encoding process,
we collect over 55,000 WSIs from public datasets (see Supplementary Mate-
rials) to develop a general-purpose feature extractor that offers informative and
robust patch embeddings. After tissue segmentation and patch tiling, we lever-
age around 200 million patches to pre-train a ViT-L model f(-;6) with DINOv2
strategy [23], which is then used for feature extraction, as depicted in Fig. .

Local-global hierarchical encoder (LGH). Efficiently leveraging the infor-
mation and correlations among WSIs’ extensive patch sequence is a vital prob-
lem. Given that pathology reports typically contain both region-level details and
overall WSI diagnoses, we deduce that the visual encoder should process visual
features from a local-to-global perspective to effectively capture this granularity.
In this work, we propose the local-global hierarchical encoder (Fig. ) for region-
aware representation learning. Specifically, we first segment the WSI into N
regions X; = {x;1,%i2,%; 5}, = 1,---,N with the region size S. Besides,
we additionally add a region token z; g1 at the end of each region sequence
to learn a region-level representation. After that, we employ f(:;60) to obtain
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patch embeddings and add positional encoding (PE) to each region sequence.
Consequently, we design a region-level encoder Ej(-;0;) to process X! to enable
intra-region interactions:

Xi={a}1, 21} = B (f(xi1;0) +ein, -, f(wis41:0) +eisi1;00) -

Moreover, to capture inter-region information and long-range dependencies among
patches from various regions, we introduce PE to each region-level representa-
tion token SULS_H, followed by processing through a WSI-level encoder E,(+;6,)
for global interactions. Subsequently, these global-aware region tokens are reor-
ganized to infuse global information into original regions with Fj(-;6). Finally,
we obtain region-level representations X! by attentive pooling on each region:

X!" = Pooling ({x;’h e ,x;js+1}) = Pooling (El(x;,l, e ,:%SH; 91))

= POOling (El(x;,b T ﬂ$2,57 Eg(xll,SJrh x/2,S+17 T ﬂm'?V,SJrl; eg)i; 91)) )

and then input region representations {X7{, X4, ---, X%} into the decoder (see
Fig. ) for report generation. Moreover, to prove that our model learns diagnosis-
related information during report generation, we further design a transfer learn-
ing mechanism (see Fig. ) by pooling the region-level representations X/’ into
a WSI-level representation X" for downstream diagnosis and prognosis tasks.
Cross-modal context module (CMC). Given that report generation is an
image-to-text task involving the transformation between distinct modalities,
bridging the gap between pixel-based visual inputs and token-based textual out-
puts is crucial. Meanwhile, leveraging the model’s accumulated knowledge and
memory from previous iterations is expected to significantly enhance this task.
The CMC module (Fig. ) is proposed in light of the above insights, denoted
as C = {C1,Cy, - ,Cp}, where C; is the context vector stored in this module.
For visual inputs {X7,- -, X}, we select key patches {p1, -+ ,p;} via uniform
sampling-based prototype learning, which aims to use representative patches as
queries for the CMC module, addressing redundancy and computational com-
plexity of the patch sequence. After querying, the responses generated by the
CMC module are aggregated back into the original visual features, infusing
them with cross-modal information. This step aims to help the model lever-
age learned knowledge from the training data that might not be captured by the
input embeddings alone. Similar interactions are applied to textual embeddings
{y1,y2, -+ ,y:} from the decoder, except for prototype learning. Additionally,
the CMC module serves as an external memory, enabling the model to access
and update iteratively, thereby progressively enhancing generation performance.
Loss function. Let I = {z1,22, -+ ,2,} be a WSI with n denoting the patch
number and T = {y1,y2, - ,y:} be the corresponding reports with ¢ represent-
ing the number of tokens. The objective function is to maximize the conditional
probability of the T given I: §* = arg maxy Zle log P(yily1,y2, - ,¥i—1,1;0),
where P(y;|y1,y2, - ,¥i—1,1) is the probability of generating the next word y;
given the WSI I and the preceding words y1,¥2,- -+ ,y;—1 in the report.
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3 Experiments

3.1 Implementation Details

Datasets. In this study, we focus on WSI report generation as well as cancer sub-
typing and survival analysis (split set as 80%/10%,/10% for train/val/test). For
report generation, our model is evaluated on the WSI-report dataset (specified in
Sec. , using NLG metrics including BLEU [24], METEOR [I1], and ROUGE-
L [20]. For cancer subtyping, since the TCGA reports may include phenotype-
related information, we evaluate on three external classification datasets, in-
cluding UBC—OCEANEI7 Camelyon [34], and TUPAC16 [29], using Monte Carlo
cross-validated Accuracy and AUC. For survival analysis, we evaluate on six
datasets including BRCA, STAD, KIRC, KIRP, LUAD, and COADREAD from
TCGA platform, with Monte Carlo cross-validated concordance index (c-Index).
Model settings. For pre-trained DINOv2 ViT-L, the hidden dimension is 1,024
for feature extraction. For report generation model, we employ the LGH module
with region size 96, and a 3-layer Transformer decoder with 8 attention heads,
and 512 dimensions for hidden states. For the cross-modal context module, we
set it with dimension 512 x 2048. Our model is trained under cross entropy loss
with Adam optimizer, using learning rate 1 x 10~# and weight decay by 0.8 per
epoch. We adopt beam search with a beam size of 3 for inference.

3.2 WSI Report Generation Results

Pre-trained feature extractor. We compare our pre-trained DINOv2 ViT-
L with ImageNet-pretrained ResNet50 and WSI-pretrained CTransPath [32].
Most MIL methods utilize ImageNet-pretrained ResNet50, and results in Tab. [I]
show that this leads to relatively low generation performance. We then turn to
CTransPath [32], which is pre-trained on 30,000 WSIs using contrastive learning
strategy. However, Tab. [1| demonstrates only minor increases in the generation
performance of baseline models. In contrast, as illustrated in Tab. [1} the base-
line models show significant improvement by adopting our DINOv2 ViT-L, and
several models such as R2GenCMN could already achieve plausible generation
performance. This indicates that our DINOv2 ViT-L significantly outperforms
both out-of-domain pretrained and domain-aligned pretrained methods, boost-
ing subsequent tasks such as report generation.

‘WSI report generation results analysis. For SOTA report generation meth-
ods in Tab. |1} Show&Tell [30] and UpDownAttn [I] utilize CNN for image en-
coding and RNN for language decoding, manifesting lower performance com-
pared to Transformer-based methods such as R2Gen [8]. M2Transformer [9] and
R2GenCMN [7] further improve the performance by aligning encoding and de-
coding stages. However, visual token selection methods are needed to apply
methods to WSI report generation due to the large sequence length, degrading
report generation performance. Our proposed method addresses this problem
and outperforms these methods by a large margin via efficiently exploring the

! mttps://www.kaggle.com/competitions/UBC-OCEAN
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Table 1. Comparisons of the proposed HistGen with other SOTA models on WSI
report generation w.r.t NLG metrics.

Metric
Feature Extractor Methods
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L

Show& Tell [30] 0.249 0.099 0.047 0.025 0.086 0.165

UpDownAttn [I] 0.250 0.115 0.065 0.043 0.096 0.180

Transformer [28] 0.249 0.114 0.065 0.042 0.095 0.176

ResNet50 =

M2Transformer [9] 0.250 0.115 0.065 0.042 0.095 0.180

R2Gen (8] 0.240 0.105 0.058 0.036 0.089 0.177

R2GenCMN (7] 0.225 0.095 0.047 0.022 0.094 0.151

Show&Tell [30] 0.262 0.126 0.071 0.043 0.094 0.184

UpDownAttn [1] 0.240 0.139 0.090 0.063 0.100 0.201

Transformer [28] 0.271 0.165 0.112 0.082 0.113 0.227

CTransPath [32] -

M2Transformer [9] 0.259 0.160 0.108 0.076 0.103 0.218

R2Gen (8] 0.237 0.135 0.085 0.054 0.086 0.205

R2GenCMN (7] 0.211 0.098 0.054 0.033 0.079 0.158

Show&Tell [30] 0.189 0.094 0.056 0.039 0.070 0.165

UpDownAttn [I] 0.320 0.206 0.147 0.112 0.131 0.271

DINOv2 ViT-L Transformer [28] 0.382 0.266 0.200 0.157 0.162 0.316
(Ours) M2Transformer [9] 0.321 0.213 0.152 0.112 0.131 0.266
R2Gen (8] 0.274 0.166 0.107 0.071 0.102 0.234

R2GenCMN (7] 0.381 0.264 0.199 0.157 0.164 0.313

Ours 0.413 0.297 0.229 0.184 0.182 0.344

Table 2. Ablation study on the proposed LGH and CMC modules

Metric
Methods
BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L AVG. A
Base 0.384 0.267 0.203 0.163 0.166 0.316 -
+ CMC 0.398 0.282 0.216 0.173 0.173 0.332 5.18%
+ CMC + LGH 0.413 0.297 0.229 0.184 0.182 0.344 10.50%

local and global information inside the patch sequence, interactively aligning
the visual and textual context, and effectively utilizing the model’s knowledge
and memory from previous iterations. Tab. [l confirms the superiority of our
report generation model over SOTA models, with an average of around 3% im-
provement observed on all NLG metrics (Qualitative Analysis is shown in
Supplementary Materials).

Ablation Studies. We conduct additional experiments to determine the effects
of our proposed modules. Tab. 2] illustrates the performance of baseline models,
in which Base represents a vanilla transformer with an additional pooling layer
to accommodate the long sequence of WSI patches. Our findings reveal that
progressive stacking of the proposed modules leads to incremental improvements
in NLG metrics, indicating that both the LGH and CMC modules play essential
roles in boosting WSI report generation.
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Table 3. Transfer Learning Results on Cancer Subtyping (measured in Acc, AUC).
Meanstqa and Meansta denote the best and second best performance, respectively.

Methods UBC-OCEAN CAMELYON TUPAC16 Average
Acc AUC Acc AUC Acc AUC Acc AUC

MaxMIL 0.767+0.005 0.94040.001 | 0.94640.001 0.979+0.000 | 0.51440.002 0.693+0.001 | 0.78540.002 0.894+0.001
MeanMIL 0.77140.004 0.94710.001 | 0.81140.002 0.89810.001 | 0.57110.002 0.72410.005 | 0.73810.003 0.86610.002
ABMIL [16] 0.79240.004  0.95410.000 | 0.951+0.000 0.988+0.000 | 0.573+0.002 0.736+0.002 | 0.809+0.002 0.913+0.001
TransMIL [26] 0.78210.002 0.92940.001 | 0.94440.001 0.976+0.000 | 0.54140.004 0.68940.003 | 0.795+0.002 0.889+0.001
DS-MIL [19] 0.78540.003 0.94410.000 | 0.937+0.002 0.979+0.001 | 0.559+0.006 0.719+0.002 | 0.797+0.003 0.90210.001
DTFD-MIL [33] | 0.78540.004 0.95510.000 | 0.94310.014 0.97840.015 | 0.55510.003 0.739+0.004 | 0.799£0.00s 0.91040.008
Ours ‘ 0.80840.003 0.94610.001 ‘ 0.96110.000 0.996410.000 ‘ 0.604+0.002 0.73810.004 ‘ 0.82710.001 0.91540.001

Table 4. Transfer Learning Results on Survival Analysis (measured with c-Index).
Meanstq and Meangta denote the best and second best performance, respectively.

Methods ‘ BRCA STAD KIRC KIRP LUAD COADREAD Average
MaxMIL 0.586+0.010 0.55310.006 0.73210.002 0.56240.022 0.563+0.004 0.560+0.012 0.595£0.009
MeanMIL 0.608£0.006 0.569+0.005 0.71040.007 0.609+0.011 0.584.10.005 0.589+0.011 0.612.10.009
ABMIL [i6] 0.62150.005 057450008 0.70020009 063610017 0.60340.005 057220006  0.61810.008
TransMIL [26] 0.61510.010 0.58210.003 0.67210.010 0.532+0.017 0.58410.006 0.52510.008 0.59310.009
DS-MIL [19] 0.62410.011 0.600+0.006 0.67240.003 0.64140.013 0.59110.004 0.561+0.006 0.593+0.008
DTFD-MIL [33] | 0.59210.006 0.60140.005 0.70210.008 0.57210.001 0.57540.005 0.561+0.011 0.601+0.006
Ours ‘ 0.63040.008 0.607+0.003 0.698+0.006 0.648+0.015 0.62310.004  0.56810.011 0.628.0.008

3.3 Transfer Learning for Cancer Diagnosis and Prognosis

WSI report generation could be considered as vision-language pre-training. To
prove that our model learns diagnosis-related information during this task, we
further fine-tune our model and evaluate on cancer subtyping and survival anal-
ysis with the strategy illustrated in Fig. [Id. Max-MIL, Mean-MIL, AB-MIL [16],
TransMIL [26], DS-MIL [19], and DTFD-MIL [33] are included for comparison.

Cancer Subtyping. Tab. [§] summarizes the comparison of our model to SOTA
MIL methods in cancer subtyping datasets, showing that our method outper-
forms all MIL approaches on all three classification tasks by a significant margin.
Survival Analysis. Results of six survival analysis tasks, shown in Tab. [d] re-
veal that our model outperforms others in most tasks and maintains the highest
average score across all six datasets, manifesting superior transfer capabilities.

Tab. [3] and [] highlight the effectiveness of our proposed model on WSI-level
prediction tasks as well as the feasibility of transferring our model to these
downstream tasks, confirming its ability to capture diagnostic information during
WHSI report generation.
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4 Conclusion

In this work, we introduce HistGen, a MIL-empowered framework designed to
enhance automated histopathology report generation, covering from model de-
sign to benchmark evaluation. To this end, we develop an advanced WSI report
generation model by efficiently leveraging local-region and global-WSI informa-
tion together with explicitly aligning the cross-modal encoding and decoding
stages. To conduct experimental evaluation, we curate a benchmark WSI-report
dataset, containing around 7,800 WSI-report pairs with high text quality. Exten-
sive experiments on report generation, cancer subtyping, and survival analysis
demonstrate the superiority of the proposed model as well as its strong capabil-
ities of transfer learning. While this work lays the groundwork for WSI report
generation, its scope is currently limited to histopathology. Future efforts will ex-
pand to include other fields such as radiology and ophthalmology, treating report
generation across different fields as a unified problem within a single framework.
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