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Abstract

Recent accelerations in multi-modal applications have been made possible with the
plethora of image and text data available online. However, the scarcity of analogous
data in the medical field, specifically in histopathology, has slowed comparable
progress. To enable similar representation learning for histopathology, we turn
to YouTube, an untapped resource of videos, offering 1,087 hours of valuable
educational histopathology videos from expert clinicians. From YouTube, we curate
QUILT: a large-scale vision-language dataset consisting of 802, 144 image and
text pairs. QUILT was automatically curated using a mixture of models, including
large language models, handcrafted algorithms, human knowledge databases, and
automatic speech recognition. In comparison, the most comprehensive datasets
curated for histopathology amass only around 200K samples. We combine QUILT
with datasets from other sources, including Twitter, research papers, and the internet
in general, to create an even larger dataset: QUILT-1M, with 1M paired image-
text samples, marking it as the largest vision-language histopathology dataset to
date. We demonstrate the value of QUILT-1M by fine-tuning a pre-trained CLIP
model. Our model outperforms state-of-the-art models on both zero-shot and
linear probing tasks for classifying new histopathology images across 13 diverse
patch-level datasets of 8 different sub-pathologies and cross-modal retrieval tasksﬂ

1 Introduction

Whole-slide histopathology images are dense in information, and even individual image patches can
hold unique, complex patterns critical for tissue characterization. Summarizing this information
into a single label is an oversimplification that fails to capture the complexity of the field, which
covers thousands of evolving disease sub-types [55]. This highlights the need for more expressive,
dense, interconnected representations beyond the reach of a singular categorical label. As such,
natural language descriptions can provide this comprehensive signal, linking diverse features of
histopathology sub-patch structures [20} 24].

If there were a large-scale vision-language dataset for histopathology, researchers would be able to
leverage the significant advancements in self-supervised vision and language pre-training to develop
effective histopathology models [46]]. Unfortunately, there is a significant scarcity of comprehensive
datasets for histopathology. Notable open-source contributions have been made with datasets like
ARCH [20] and OpenPath [24]. Yet, these sources are still somewhat limited due to their size, as the
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former has only 8K samples and the latter (the largest histopathology vision-language dataset to
date) has about 200K samples. Although recent efforts (e.g. PMC-15M [67]]) curated 15M image-text
pairs across a variety of different biomedical domains from Pubmed [48]], whether their samples are
specific to histopathology remains ambiguous; worse, their dataset is not openly available.
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Figure 1: Overview of QUILT curation pipeline. We identify relevant histopathology YouTube
videos in Search. For Image extraction, we find and de-noise histopathology frames using trained
models. In Text section, we rely on a conventional Automatic Speech Recognition (ASR) model and
leverage Unified Medical Language System (UMLS) and large language models (LLMs) for post-
processing and ASR error correction. Relevant sub-pathology, medical and region-of-interest (ROI)
text are extracted using an LLM. Finally, domain-specific algorithms are used to Pair images and
text, eliminating duplicates to yield QUILT, a richly annotated image-text dataset for histopathology.

To address the need for a large-scale vision-language dataset in histopathology, we introduce QUILT:
containing 437, 878 images aligned with 802, 144 text pairs across multiple microscopic magnifi-
cation scales covering from 10x to 40x. We draw on the insight that publicly available educational
YouTube histopathology content represents an untapped potential. We curate QUILT using 1,087
hours of valuable educational histopathology videos from expert pathologists on YouTube. To extract
aligned image and text pairs from the videos, we utilize a mixture of models: large language models
(GPT-3.5), handcrafted algorithms, human knowledge databases, and automatic speech recognition.
QUILT does not overlap with any current open-access histopathology data sources. This allows
us to merge our dataset with other open-source datasets available. Therefore, to create an even
larger and more diverse dataset, we combine QUILT with data from other sources, such as Twitter,
research papers, and the Internet, resulting in QUILT-1M. The larger QUILT- 1M contains one million
image-text pairs, making it the largest public vision-language histopathology dataset to date.

Using QUILT and QUILT-1M, we finetune vision-language models using a contrastive objective
between the two modalities. We extensively evaluate it on 13 external histopathology datasets taken
across different sub-pathologies. We report zero-shot classification, linear probe, and image-to-text
and text-to-image retrieval tasks. Against multiple recently proposed baselines (CLIP [46], PLIP [24],
and BiomedCLIP [67]), models trained with QUILT-1M outperform all others. Our ablations identify
the importance of QUILT.

QUILT offers three significant advantages: First, QUILT does not overlap with existing data sources;
it ensures a unique contribution to the pool of available histopathology knowledge. Second, its
rich textual descriptions extracted from experts narrating within educational videos provide more
expressive, dense interconnected information. Last, the presence of multiple sentences per image
fosters diverse perspectives and a comprehensive understanding of each histopathological image. We
hope that both computer scientists and histopathologists will benefit from QUILT’s potential.

2 Related work

We built upon a growing literature applying self-supervised learning and other machine learning
methods to medical image understanding.



Machine learning for histopathology. Early representation learning work in computational pathol-
ogy primarily relied on weakly-supervised learning, with each whole-slide image (WSI) receiving

a single label. The limited nature (single label to many patches) has produced sub-optimal models
[12,126] at the patch level. Lately, a self-supervised learning approach, which learns useful representa-
tions from unlabeled data, has shown some suc@&54 8,[12]. Most of this work has been unimodal.

They use image augmentations similar to those used for natural iniefjespstly differing by way

of consciously injecting domain knowledge. For example, they leverage the compositional nature of
H&E stain information of whole-slice image26], or inject hierarchical morphological information

at different magni cations13], or combine with other modalities like genomic featui&g][or with
descriptive text20]. When text data is used, the objectives similarly use augmentations seen in natural
languagel[50]. By contrast, we explore self-supervised mechanisms that learn better histopathology
information representations that go beyond a single label, aided by language descriptions.

Medical vision-language datasets.Learning vision-language representations demands a large
dataset of images aligned with descriptive text, a resource that is notably lacking in histopathology.
The MIMIC-CXR-JPG v2.0.0 datasé2d], for example, consists of de-identi ed hospital-sourced
chest radiographs and reports. For histopathology, The Cancer Genon@pﬁd@isles de-identi ed
PDF-reports for a limited number of WSIs. Despite this resource, the enormous size of this data
(reaching up td 20, 00C? pixels) makes processing challenging, limiting its use to a small number of
focused studies39]. A majority of medical vision-language datasets are concentrated in the radiology
sub-domain, due to the relatively straightforward process of collecting validated multimoda2@ata [
Many models are trained on a subset of PubME&sjl ¢r comparable radiology datase&8[ 23, 18, 43).
PMC-15M [67], a recent subset of PubMed not speci c to histopathology, was used to train multiple
models. While the models themselves are public, PMC-15M is not, making it hard to determine what
portion of it is histopathology-relevant.

Vision-language pairs on histopathologyOne of the rst histopathology vision-language datasets,
ARCH, contains only7; 614 accessible image-text pair2(, 22]. Later on, R4] released OpenPath,

a dataset 020K image-text pairs extracted from Twitter. This was the largest histopathology dataset
until QUILT-1M.

Video data for self-supervision. Numerous recent studies have started to tap into video data.
For instance, millions of publicly accessible YouTube videos were used to train a vision-language
model 5, 66]. Similarly, a causal video model was trained by using sequential gaming vifleos [
Localized narrativess, 44] provide another example of dense, interconnected supervision for a
single image. Despite the potential of video content, video often yields noisier datasets compared
to static sources. Recently, the enhanced capabilities of automatic speech recognition models
streamlined the curation of large-scale cleaner datasets from vie&d B7]. Furthermore, the
growing versatility of large language models has shown promise as data annotators, information
extractors B3, 59, 15, 21], text correctors§3], and as tools for medical information extraction and
reasoning [1, 56].

3 Curating QUILT : Overview

Creating a vision-language dataset from videos is a signi cant undertaking, as not all videos are
suitable for our pipeline. Many either lack voiced audio, are not in English, fail to contain medically
relevant content, or have insuf cient medical relevance—for example, videos that present static
images of histopathology content on a slide deck, or those that brie y cover histopathology images
in pursuit of a different objective. Conventional automatic speech recognition (ASR) systems also
struggle with the specialized requirements of histopathology transcription, necessitating a non-trivial
solution. The de-noising of text and image modalities adds further complexity as the videos are
typically conversational and, therefore, inherently noisy. Instructors pan and zoom at varying speeds,
recording a mix of relevant and irrelevant histopathological visual content in their videos. As such,
trivially extracting frames at static intervals fails to capture the data appropriately. To dQlect

we trained models and handcrafted algorithms that leverage the nuances in the instructors' textual
and visual behavior, ensuring accurate collection and alignment of both modalities.

3https://www.cancer.gov/tcga



Figure 2:QuILT examples Input is the corrected ASR caption for the representative im&geput

are the medical and ROI extracted text(s) paired with the image (see Section 3.1). In histopathology,
understanding tissue characteristics often involves views from varying magni cation levels. Thus, in
QUILT we estimate an image's magni cation (indicated by the relative size of the microscope icon).

3.1 QuILT : Collecting medical image and text pairs from YouTube

Our proposed dataset curation pipeline involves (1) gathering channel and video data covering the
histopathology domain, (2) Itering videos based on a certain "narrative style", (3) extracting and
denoising image and text modalities from videos using various models, tools, and algorithms, (4)
postprocessing denoised text by LLMs to extract medical text and nally, (5) splitting and aligning
all modalities for curating the nal vision-language pre-training (VLP) data. See Figure 1 (and
supplemental material) for a detailed overview of the pipeline.

Collecting representative channels and videosOur pipeline begins by searching for relevant
channels and video ids on YouTube, focusing on the domain of histopathology. Using keywords
spanning 18 sub-pathology elds (see supplement for more details), we search among channels before
searching for videos to expedite discovery, considering that video searches are time-consuming and
the APIs pose limitations on numerous reque8f. [Channels with subscriber count300K are
excluded to avoid large general science channels, as educational histopathology channels often have
fewer subscribers. We then download low-resolution versions of all identi ed videos, with the lowest
resolution at 320p.

Filtering for narrative-style medical videos. For each video within each channel, we exclude videos
that are shorter thah minute, non-voiced, or have non-English audio. For videos meeting these
heuristics, two decisions are made:

(A) Do they have the required medical content, i.e., histopathology image-text pairs?

(B) If so, are they in narrative style — videos wherein the presenter(s) spend a signi cant time
panning and zooming on the WSI, while providing vocal descriptions of image content?

For (A) we automatically identify the relevant videos by extracting keyframes from a video. These
keyframes are automatically extracted using FFnfpagarking the beginning or end of a scene
(frames containing signi cant visual changes). The software requires a threshold that determines
the minimum amount of visual change required to trigger a keyframe. Through experimentation,
we set different thresholds for various video durations, with smaller thresholds for longer videos.
Next, we train and use an ensemble of three histopathology image classi ers to identify videos with
histopathology images (See supplement for more details).

For (B), in which we identify narrative-style videos, we randomly select keyframes predicted to be
histopathology. For each such selected frame, we extract the next three histopathology key-frames
and compute the cosine similarity between the selected frame and each of the subsequent three

“https://ffmpeg.org/



frames. If all three have similarity scoresa preset threshold @9, we count it as a narrative
streak. A video is identi ed as narrative style if at least 10% of the selected frames exhibit a narrative
streak. Consequently, we download all narrative-style videos at high-resolution. Narrative-style
videos typically cover WSIs at various magni cations, hence, we train a tissue-image-magni cation
classi er to predict the following three scaleg1{ 10)x, (> 10 20)x, (> 20)x}. This provides
relevant metadata for downstream objectives.

Figure 3: Prompting the LLM by providing few-shot examples to perform the following tasks: (Left)
correcting noisy ASR text within its context. We highlight the probable list of misspelled keywords
in yellow and their corrections by the LLM in gray. Additional missed errors/misspelled entries
identi ed by the LLM are highlighted in blue. (Right) extracting medical (MED) and ROI text from a
given text. We highlight the de nition of medical and ROI text in blue and gray respectively.

Text Extraction using ASR and text denoising.The high costs associated with private medical
ASR APIs® necessitated the use of a more conventional ASR model: Whiéerys anticipated,

this model often misinterprets medical terms, thus requiring the use of post-processing algorithms to
minimize its error rates.

We propose a four-step text de-noising and quality control pipelné/e utilize the Rake key-

word extraction algorithm to extract keywords or key-phrases up to four words and re ne them by
eliminating stopwords49]. ii) We then cross-check each re ned entry against UMERuUging

the SciSpacy entity linking packagé]]. If an entry is not found within UMLS, we check for
misspelled words within the entry using a spell-checking algofithinstantiated with a specialized

list of histopathology terms curated from various histopathology ontology labels and de niiiipns.
With this probable list of misspelled keywords, wenditionand prompt the LLM with examples

to correct the misspelled entry within its context (sentence), and secondly, we task the LLM with
identifying additionaunconditionecerrors/misspelled entries. For both, we leverage a set of manually
curated examples to prompt the LLM in-context Figure 3. For more examples and failure cases,
see supplement for more detailg) Finally, to de-noise the text, we resolve the output mapping of
incorrect?! correct entries by verifying the corrected words against UMLS and our curated list of
histopathology words/phrases. Entries that pass this double-validation process are used to replace
the initial noisy transcription. Leveraging domain-speci ¢ databases to extract the text and Iter out
noise allows us to bypass the correction of repetition errors and ller words, suah'asihm’, 'the',

etc. in tandem, using LLMs allows us to concentrate on correcting medically-relevant misspelled
words, rather than correcting non-medically-relevant terms.

From the ASR-corrected text, we extrasedical texwhich describes the image(s) as a whole. Also,
when the speaker describes/gestures at visual regions-of-interest through stateméotkitkere

...", we extract the text entity being describedR@l text To lter relevant medical text and ROI text
from the ASR-corrected text, we utilize LLMs (See supplement for more details), a decision rooted in

Snuance.com/en-au/healthcare/provider-solutions/speech-recognition/dragon-medical-one.html
Shttps://github.com/barrust/pyspellchecker



a few compelling reasons: 1) Curating pre-training datasets at a scale that can tolerate higher levels of
noise, LLMs are more cost-effective than expert-human (medical) labor. 2) The task does not require
LLMs to generate new information but instead they discriminate useful versus irrelevant signals,
serving to improve the signal-to-noise ratio of the data. To extract relevant text, we prompt LLMs
to Iter out all non-medically relevant text, providing context as necessary. See Figure 2 for some
example image-text pairs. Lastly, we instruct the LLMs to refrain from introducing any new words
beyond the corrected noisy text and set the model's temperature to zero. Finally, we use LLMs to
categorize our videos into one of the 18 identi ed sub-pathology classes. Similar to the previous
tasks, this categorization is done by conditioning with a few examples and prompting the LLM to
predict the top three possible classes given the text. More details, prompts, and additional examples
are presented in the supplemental material.

Image frame extraction and denoising. For each video, we employ a similar method to that
described inFiltering for narrative-style medical videos subsection to extract histopathology
key-frames; our method leverages these frames' timassbeacons to break the entire video into
time-intervals callecchunksfrom which to extract representative image(s). Next, we extract the
median image (pixel-space) of stable (static) frames in each chunk if they exists, else we de-duplicate
the histopathology keyframes (beacons of the chunk). In essence, we use the extracted histopathology
scene frames as guides for data collection, exploiting the human tendency in educational videos to
pause narration during explanation, and we extract the relevant frame(s).

Aligning both modalities. For each narrative-style video, we perform the following steps to
align image and text modalities: First, we compute histopathology time chunks denoted as
[(t1;t2); (ta;ts);  (tn 1;tn)] from keyframes after discriminating histopathology frames using the
histopathology ensemble classi er scene_chuniksEachscene_chunis padded wittpad_timeto

its left and right; see supplement for more details.

1. Text: we use the ASR output to extract the words spoken during each chsokiire _chunks
Using the method described Text Extraction using ASR and text denoisingsubsection,
we extract the Medical and ROI caption for this chunk.

2. Image: we extract representative image(s) for every chunk/time-intenstéme_chunkas
described irFiltering for narrative-style medical videos subsection above.

Finally, each chunk iscene_chunkis mapped to texts (both medical and ROI captions) and images.
Next we map each medical image to one or more medical text. Using the time interval in which
the image occurs, we extract its raw text from ASR and then correct and extract keywords using
the Rake method, which we refer to mav_keywords We extract keywords from each medical
text returned using the LLM, and we refer to thes&agnords Finally, if theraw_keywordccur
before or slightly after a selected representative image, and overlap witeyth@rddsn one of the
Medical/ROI texts for that chunk, we map the image to the medical/ROI text. Exakgyeords
psammoma bodiesnatch withraw_keyword psammoma bodiesithin the ASR-corrected text
"Meningiomas typically have a meningothelial pattern with lobular-like arrangements and psammoma
bodies Refer to Figures in the supplement for a detailed explanation of the method and examples of
aligned image and text.

3.2 QUILT-1M: Combining QUILT with other histopathology data sources

To createQuILT-1M, we expandeduILT by adding other disparate histopathology image-text
open-access sources: LAION, Twitter, and PubMed.

PubMed Open Access ArticlesWe searched the PubMed open-access from 2010-2022, extracting

59,371 histopathology image-text pairs, using our histopathology classi er and multi-plane gure

cropping algorithm. The images are categorized into (1) images that are fully histopathology, (2)
multi-plane images that contain histopathology sub- gures, and (3) histopathology sub- gures

cropped from (1) and (2). See supplement for more detalils.

Histopathology Image Retrieval from LAION. The Large-scale Arti cial Intelligence Open Net-
work (LAION-5B) [52] curated over 5 billion pairs of images and text from across the Internet,
including a substantial volume of histopathology-related data. We tapped into this resource by
retrieving 22,682 image and text pairs. See supplement for more details.



Twitter Data from OpenPath. We utilized a list of tweets curated by Huang etfa#], which totaled

up to 55,000 unique tweets and madeld3 511 unique image-text pairs. This exhibits a one-to-
many relationship where many images were matched with multiple captions; this differentiated our
work from the OpenPath approach. To maintain comparability, we followed their text pre-processing
pipeline [24]. See supplement for more details.

(@) (b)

(c) (d)

Figure 4:(a) Distribution of all videos over sub-pathology typdb) Distribution of our entities
across top 20 UMLS semantic typds) Number of image-text pairs within each sub-pathology type.
(d) word cloud of all the text in QILT.

3.3 Quality

To evaluate our pipeline's performance, we assess several aspects. First, we calculate the precision of
our LLM's corrections by dividing the number ebnditionedmisspelled errors replaced (i.e., passed

the UMLS check) by the total number obnditionedmisspelled words found, yielding an average of
57.9%. We also determined thhaconditionedrecision of the LLM, similar to the previous step, and
found it to be 13.8%. Therefore, we replace our detected incorrect words with the LLM's correction
57.9% of the time, and 13.8% of the time we replace the LLM's detected errors with its correction
(see supplement for more details). To estimate the ASR model's transcription performance, we
compute the total number of errors replaced (both conditioned and unconditioned) and divide it by the
total number of words in each video, resulting in an average ASR error rate of 0.79%. To assess the
LLM's sub-pathology classi cation, we manually annotated tofkk= 1; 2; 3) sub-pathology types

for 100 random videos from our dataset. The LLM's accuracy for top-3, top-2, and top-1 was 94.9%,
91.9%, and 86.8%, respectively. Also note that, by prompting the LLM to extract only medically
relevant text, we further eliminate identi able information, such as clinic addresses, from our dataset.

3.4 Final dataset statistics

We collectedQuiLT, from 4475narrative videos spanning ov&d87hours with overd37K unique
images withBB0Z associated text pairs. The mean length of the text captid2& 76 words, and:68

words for ROI text, with an average of 1.74 medical sentences per image (max=5.33, min=1.0). Our
dataset spans a total 8469 UMLS entities from those mentioned in the text (WRB:5K unique).

The images span varying microscopic magni cation scales (0-10x, 10-20x, 20-40x), obt&#80k] (



75K, 107K) images from each scale respectively with an average height and width of 882 x 1468
pixels, as we leverage the max image resolution of videos. Figure 4 (a, c) plots our dataset's diversity
across multiple histopathology sub-domains. This plot shows that the captions cover histopathology-
relevant medical subtypes: ndings, concepts, organs, neoplastic processes, cells, diseases, and a mix
of laboratory and diagnostic procedures. Overall, acrosEallUMLS semantic types, our entities
cover76:2% of medically-related semantic types (e.g., ndings, disease, or syndrome) and 23.75%
non-medical (e.g., geographic area, governmental or regulatory activity).

4 QUILT NET: Experiments training with Q UILT-1M

Figure 5:QUILT NET, outperforms out-of-domain CLIP baseline and state-of-the-art histopathology
models across 12 zero-shot tasks, covering 8 different sub-pathologies (accuracy percentage provided).

We use the Contrastive Language-lmage Pre-training (CLIP) objedyéd pretrainQuUILTNET
usingQuILT-1M. CLIP takes a batch dff (image, text) pairs and optimizes a contrastive objective

to create a joint embedding space. The optimization process involves concurrent training of both
image and text encoders to increase the cosine similarity of embeddings from aligned pairs, while
decreasing it for unaligned pairs. The objective is minimized via the InfoNCE loss, expressed as:

] 1 XV | ecos(li;T ) XN | gcos(li:Ti)
= — ogp——"-—+ ogpP—r———
2N - 9 sz1 gcos(li;Tj) i 9PN gcos(lj ;Ti)

wherel; andT; are the embeddings for the alignieth image and text, respectively. For the image
encoder, we use both ViT-B/32 and ViT-B/16 architectud.[For the text encoder, we use GPT-

2 [45) with a context length of7 7, and PubmedBer6[/]. We train QUILTNET by netuning an
OpenAl pre-trained CLIP modeldf] on QUILT-1M to enhance its performance in histopathology.
Once netuned, we conduct experiments on two types of downstream tasks: image classi cation (zero-
shot and linear probing) and cross-modal retrieval (zero-shot). We also compare the performance of
ne-tuning a pre-trained CLIP model versus training it from scratch.

Downstream histopathology datasetsWe evaluate the utility oQuiLTNET on 13 downstream
datasetsPatchCamelyon[57] contains histopathology scans of lymph node sections labeled for
metastatic tissue presence as a binary |aWeIT-CRC-HE-100K [31] consists of colorectal cancer
images and is categorized into cancer and normal tissueSIE#Pv2 [53] the images are labeled

as non-cancerous, Grade 3Eatabiox [8] consists of invasive ductal carcinoma cases of Grades
I-11l. BACH [4] consists of breast tissues labeled as normal, benign, in-situ, and invasive carcinoma.
Osteo[5] is a set of tissue patches representing the heterogeneity of osteosaReEmatéCell[10]
contains tissue images of clear-cell renal cell carcinoma annotated into ve tissue texture types.
SkinCancer [34] consists of tissue patches from skin biopsies of 12 anatomical compartments
and 4 neoplasms that make up BlénTumor SubsetMHIST [60] contains tissue patches from
Formalin-Fixed Paraf n-Embedded WSils of colorectal polyp€25000[9], which we divide into
LC25000 (Lung) andLC25000 (Colon) contains tissue of lung and colon adenocarcinomas. For
more details see supplemental material.

Results using zero-shot learningGiven the vast diversity of cancer sub-types in histopathology,
it is critical that a model maintains comprehensive understanding without requiring speci ¢ data



Table 1:Linear probing . Classi cation results, denoted as accuracy % (standard deviation). Came-
lyon denotes the PatchCamelyon dataset. Supervised results are from each dataset's SOTA models.

\ ViT-B/32 \ ViT-B/16
Dataset Y%shot
0 CLIP PLIP  QUILTNET| CLIP  QuUILTNET BiomedCLIF QUILTNET
Supervised(%) GPT/77 GPT/77 GPT/77 | GPT/77 GPT/77 PMB/256 PMB/256
NCT-CRC [31] 1 [91.0 (0.10)93.75 (0.0'94.640.22)90.96 (0.1093.36 (0.23) 92.14 (0.1:93.55(0.25)

10 [92.02 (1.30)93.83 (0.095.30(0.03)92.58 (0.1293.85(0.04) 92.90 (0.0793.72 (0.08)
(94.0) 100(91.83 (0.01)94.16 (0.095.22(0.01)92.26 (0.0993.76(0.02) 92.97 (0.0593.60 (0.01)

80.38 (0.16)87.26 (0.287.62(0.35)80.28 (0.2084.78(0.14) 83.63 (0.4483.48 (0.18)
10 [82.67 (0.19)87.48 (0.087.55(0.03)82.20 (0.0486.77(0.09) 84.18 (0.1584.42 (0.10)
(97.5) 100(82.80 (0.01)87.34 (0.087.48(0.01)82.55 (0.0286.81(0.04) 84.23 (0.0184.44 (0.02)

84.27 (0.2291.07(0.25)90.93 (0.2585.62 (0.1688.29(0.15) 87.53 (0.2188.06 (0.20)
89.0 (0.0293.39(0.05)92.99 (0.0290.28 (0.0191.20(0.0) 89.23 (0.0390.03 (0.02)
(93.3) 100(89.02 (0.0293.29(0.01)93.03 (0.0290.29 (0.0391.20(0.0) 89.16 (0.0289.91 (0.01)

1 [52.45 (2.41)65.76 (2.669.92(1.02J56.01 (0.6666.86 (1.16)69.43(1.03)68.49 (1.06)
10 |62.24 (0.65)69.23 (0.474.14(0.38)63.70 (0.6972.37 (0.65) 71.61 (0.3:72.48(0.42)
(67.0) 100(65.75 (0.16)73.0 (0.1.75.48(0.12)68.74 (0.1074.14 (0.16) 74.57 (0.0:74.60(0.17)

Camelyon [57]

. 1
SkinC 34
inCancer [ ]10

SICAPV2 [53]

for retraining. Thus, we evaluate our model's zero-shot performance against three state-of-the-art
models: CLIP, BiomedCLIP, and PLIP. Our model demonstrates superior performance, as illustrated
in Figure 5, where it outperforms the other models in all but two datasets, in which BiomedCLIP
performs marginally better. See supplemental material for UMap visualizations and cross-modal
attention visualization comparison. The prompts used for these evaluations are presented in the
supplemental material. To ensure a fair comparison with BiomedCLIP, which uses a ViT-B/16 and
PMB/256 (pre-trained withg7]), we trained three different variants of our model. For detailed
insights into the results, please refer to supplemental material.

Results using linear probing. We assess the few-shot and full-shot performance of our model

by conducting linear probing with 1%, 10%, and 100% of the training data, sampled with three
different seeds; we report the average accuracy and their standard deviation in Table 1. We deploy
our evaluation across four distinct datasets, speci cally those with dedicated training and testing sets
among our external datasets. Remarkably, our model, utilizing the ViT-B/32 architecture with GPT/77,
outperforms its counterparts, BiomedCLIP, PLIP, and CLIP, in most datasets. On the NCT-CRC and
SICAPvV2 datasets, our model surpasses even the fully supervised performance using only 1% of the
labels. Also, note that for some results 10% does better than 100%; this is because we are sampling
from each class equally, and thus the 10% subset contains a more balanced training set than 100%,
for datasets that are very imbalanced, resulting in sub-optimal performance at 100%.

Results using cross-modal retrievalln our study, we evaluate cross-modal retrieval ef cacy by
examining both zero-shot text-to-image and image-to-text retrieval capabilities. We accomplish this by
identifying the nearest neighbors for each modality and then determining whether the corresponding
pair is within the topN nearest neighbors, whelke 2 f 1; 50; 200g. Our experiments are conducted

on two datasets: our holdout dataset frQuiLT-1M and the ARCH dataset. Results are in Table 2.

5 Discussion

Limitations. Despite the promising resultQUILT was curated using several handcrafted algorithms
and LLMs. Such curation methods, while effective, introduce their own biases and errors. For
instance, our histopathology classi er had occasional false positivés®4) con rmed by human
evaluation. Occasionally, ASR can misinterpret a medical term and transcribe it as a different existing
term, such as transcribing 'serous carcinoma' as 'serious carcinoma'. Unfortunately, such errors
are not recti able using our current pipeline (see supplement for more details). While not directly
a limitation of our dataset, training a CLIP model trained from scratch underperformed compared



Table 2: Cross-modal retrieval results on eiLT-1M holdout set and ARCH dataset. In each cell,
the results are displayed in the format (%/%), w@biLT-1M holdout results on the left and ARCH
results on the right. The best-performing results are highlighted in bold text.

‘ Text-to-Image (%) ‘ Image-to-Text (%)
model cong R@1 R@50 R@ZqO R@1 R@50 R@200
CLIP ViT-B/32|GPT/77 0.49/0.07 4.73/2.42 10.15/7.139/0.05 3.99/2.52 8.80/7.22
PLIP ViT-B/32|GPT/77 1.05/0.56 10.79/13.10 21.80/29/8%87/0.74 11.04/13.75 21.63/29.46
QUILTNET VIT-B/32|GPT/77 1.17/1.4116.31/19.8°31.99/39.111.24/1.3514.89/19.2(28.97/38.57
CLIP ViT-B/16|GPT/77 0.83/0.09 5.63/2.73 11.26/8.266/0.13 5.02/3.09 10.82/9.04
QUILTNET VIT-B/16|GPT/77 2.42/1.2¢€22.38/20.3(41.05/40.8¢2.00/1.0121.66/16.1¢39.29/34.15

BiomedCLIP ViT-B/16(224)|PMB/25@.348.8914.99/53.24 25.62/71.43.880.97 13.93/52.13 23.53/68.47
QUILTNET ViT-B/16(224)|PMB/25(6.20:8.77 30.28/55.1:50.60/77.646.279.8531.06/53.0¢50.86/73.43

to ne-tuning a pre-trained CLIP (see supplement for more details). This suggests that a million
image-text pairs may still not be suf cient. Future works may explore other self-supervised objectives.

Data Collection and Societal Biase#ligning in strategies with§5], we releaseQuILT derived

from public videos, taking structured steps to limit privacy and consent harms (see supplement for
more details). Complying with YouTube's privacy policy, we only provide video IDs, allowing
users to opt-out of our dataset. Researchers can employ our pipeline to@eete Regarding
societal biases, a signi cant portion of our narrators originate from western institutions, a situation
that is further ampli ed by our focus on English-only videos. Conseque@lyLT NET may exhibit
inherent biases, potentially performing better on data associated with these demographics, while
possibly underperforming when applied to other cultural or linguistic groups.

Conclusion. We introducedQuiLT-1M, the largest open-sourced histopathology dataset to date.
Empirical results validate that pre-training usiQg@ILT is valuable, outperforming larger state-of-
the-art models like BiomedCLIP across various sub-pathology types and tasks including zero-shot,
few-shot, full-shot, and cross-modal retrieval. We established a new state-of-the-art in zero-shot,
linear probing, and cross-modal retrieval tasks in the eld of Histopathology.
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A Data curation models, algorithms and parsing pipelines

A.1 Curating QUILT : an Overview

Creating a densely annotated vision-language dataset from videos is a signi cant undertaking, as it
involves various handcrafted algorithms and machine learning models. In the following sections, we
present more detailed information about the challenges of the data curation pipeline and algorithms
used to address these challenges. To down@@adT-1M and its metadata and access the code to
recreate the dataset and trained models, refer to our website.

Collecting representative channels and videosThe rst challenge lies in obtaining relevant
histopathology videos. We used a set of keywords (obtained from online histopathology glossaries
7) to search for videos, resulting in 65K potential matches. Figure 6 shows the word cloud of all
keywords used for searching YouTube. However, Itering histopathology content based on thumbnail
and title yields many false positives, often including general pathology videos. To address this, we
process the frames of lower-resolution versions of each video to differentiate between histopathology
and pathology content, narrowing the selection téK videos.

Figure 6: Word cloud of all keywords used for searching YouTube

Filtering for narrative-style medical videos. Among the 9K videos, we sought videos with a
"narrative style” where narrators freely explain whole slide images and streaks of similar frames
occur, indicating an educational performance. To identify such content, we used a model that
analyzed randomly sampled frames to determine if they maintained a consistent style over time.
This process resulted in the selection ofiK videos. Non-voiced videos are also ltered by using
inaSpeechSegmentdrq where the video endpoint does not provide the video language or transcript.
To identify the audio language of a video, we rst check YouTube's API. If the information is
unavailable through the API, we use OpenAl's Whisper modé] pn the rst minute of audio from

the video.

To identify videos containing medical content, we employ a keyframe extraction process with a
speci ¢ threshold to determine the minimum visual change required to trigger keyframes. For a new
video, the thresholds for keyframe extraction are determined by linearly interpolating between the
lowest threshold):008 (5-minute video) and the highe825 (200-minute video). Following the
keyframe extraction process, we utilize a histopathology image classi er to identify histopathology
content within the extracted keyframes. See A.3 for more details. To identify narrative-style videos,
we randomly select min (num_of_histo_scene_frame9®) keyframes from a video and utilize a
pre-trained CLIP® (ViT-B-32) model to embed and compute a cosine similarity on the next three
keyframes. If all three have similarity scoresa threshold 00:9, we count the video as a narrative
streak.

Text extraction using ASR and text denoising. Another challenge involves automatic speech
recognition (ASR), as YouTube captions are often inadequate for medical vocabulary. To address this
issue, we employed the Large-V2 open-source Whisper mddeldr speech-to-text conversion.
However, general-purpose ASR models like Whisper can misinterpret medical terms, particularly

"https://lab-ally.com/histopathology-resources/histopathology-glossary
8https://huggingface.co/sentence-transformers/clip-ViT-B-32
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Table 3: Salvagable and Non-salvagable cases for ASR correction using an LLM.

Error due to Raw output Salvagable Non-salvagable
(beacause LLM (because the error losses all
can rephrase and/or possible medical context and
extract contextually can lead to wrong entries)
similar correction)

Un netuned ASR ...look like the cranialomas | would expect in HP. They differential hypersen- positive: paucity
actually look more sarcoidal to me. The reason | saysium nitose: hyper-
that is they, there's a kind of positive of in ammatory sensitivity pneumoni-
cells associated with them. They're really tight andtis,
well-formed. They're very easy to see a low power.cranialomas: granu-
And so HP is in the differential hypersensium nitose Jomas
but | would be more worried about sarcoidosis.

LLM high-larbidia-stinal lymphadenocathy returns hilar lym- returns lymphatic pattern dis-
_ phadenopathy tribution instead of a more
lymphin-giatic pattern distribution instead of a more appropriate lymphangitic pat-

appropriate  hilar  tern distribution
mediastinal lym-
phadenopathy

Incomplete  UMLS ...picnotic - LLM correctly returns py-

checker knotic however, UMLS(2020)

does not have the worgy-
knotic if fails to pass the
UMLS check.

when the speaker's voice is choppy or accented. There are no straightforward trivial solutions due
to: 1) the absence of openly available medical ASR models or data for ne-tuning in the medical
domain;2) the inadequacy of medical named entity recognition models in detecting transcription
errors, because these models are typically trained on correctly spelled @ptius;ineffectiveness

of methods like semantically searching over a medical glossary, such as UMLS, which only prove
effective when the erroneous text has signi cant similarity to the correct termsj)ethe inability of
simpler methods like nding the longest common substring, which might work in nding a match in
the glossary/ontology for replacement, but cannot identify the wrong words/phrases in the rst place.
To rectify ASR errors, we employed UMLS (a knowledge database) and a LLM (GPT-3.5). This,
however, introduces a new challenge of identifying incorrectly transcribed words and determining
which words were mistakenly "corrected" and correctly formatted by the LLM after error correction
and resolving unintended parsing errdtk See Figure 3 in the main paper for LLM prompt examples

of ASR correction and medical and ROI text extraction from the corrected ASR text. Refer to Table 3
for error examples of ASR correction using the LLM.

Image frame extraction and denoising.The image processing aspect of this task adds to its com-
plexity, as it requires static frame detection, quality control for frames, and histology magni cation
classi cation. Each model utilized it these steps introduces its own biases and errors. We extract
time-intervals ¢hunk$ from each video from which we extract representative image(s). For each
of the extractecchunks(t,;ty+1 ), the static chunk detection algorithm 1 is used to extract sub-
time-intervals with static frames within the chunk. If found, we save the median (in pixel space to
prevent blurry outputs) of the stable frames, else (i.e no stable duration of frames) we leverage the
structural similarity index (SSIM) method on histopathology key-frames to nd the most dissimilar
histopathology image to make up the representative images for the chunk, essentially de-duplicating
the frames. Figure 7 demonstrates this process.
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Figure 7: Representative Frame Identi cation. If a Stable frame is found by Algorithm 1 within the
candidate regions, we use it as the representative frame. If not, we use the most dissimilar frames
among unstable frames.

Algorithm 1 Static Video Chunk Detection Algorithm

1: procedure DETECTSTATIC FRAMES(video, starttime, endtime)
: video = video[starttime:endtime]

3 fixedFrames ;

4 SSIMV alidatedFrames

5: prevFrame rst frame in video

6: for frame 2 rest of frames irvideo do

7: absDiff absolute difference betweérame andprevFrame

8 absDiff T hresh apply adaptive thresholding using a Gaussian lteabsDiff
9 meanV al mean value ofbsDiffT hresh

10: if meanV al < 10then

11 fixedFrames fixedFrames [ frame

12: else

13: if length offixedFrames  minimum duratiorthen

14: subclip  extract sub-clip of frames with constant background flfaxedF rames
15: for patch 2 randomly selected patches in each frameudiclip do

16: SSIMV al calculate SSIM opatch

17: if SSIMV al > thresholdthen

18: SSIMYV alidatedF rames SSIMYV alidatedFrames [ frame
19: end if

20: end for

21: end if

22: fixedFrames ;

23: end if

24: prevFrame frame

25: end for

26: staticT imestamps  extract start and end times from SSIMValidatedFrames
27: return staticT imestamps

28: end procedure

Aligning both modalities. The alignment of the images with their corresponding text requires the
implementation of unique algorithms. These algorithms are designed to reduce duplicate content
and ensure accurate mappings between image and text. See Figures 8 and 9 and Table 4 for a
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a demonstration of image-text alignment process. See Figure 10 for sample images and their
corresponding medical and ROI texts and the sub-pathology classi cation provided by the LLM.

Figure 8:Overview of use of timing and keywords for Alignmentimages within a video chunk, i.e
{A, B, C}, I, att, are aligned with medical texts extracted within the same chunkraekeywords
within each example chunk is colour coded to illustrate matcheskeiftvordsextracted from the
medical texts and only matching keywords allow for the pairing of texts containinckegidordgo
image frames with frame-times arourav_keywordgimes.

Figure 9:Video Chunking algorithm illustrate. With each transition tag explained in Table 4, we
leverage predicted histopathology frames at timgs / t,/to segment videos into chunks. Chunks

at are minimum ard&p in duration, this value is estimated based on the word-per-second of the video
with a minimum of 20 words being captured per chunk. Images within a chunk , unlike texts, are
not overlapping with other chunks . Text overlap is done to provide needed context for LLM text
correction and extraction.

A.2 Other data sources

A.2.1 PubMed Open Access Articles

We searched the PubMed open-access 2000 2022with keywords (pathology, histopathology,
whole-slide image, H&E, anti48keywords from a histopathology gloss&xyWe utilized EntreZ°

to retrieved the top 10,000 most relevant articles for each keyword. This query yielded 109,518 unique
articles with PMCIDs. We extractelb2 307images and their corresponding captions. Using our
histopathology classi er and cropping multi-plane gures as described in A.4, we extragi8d1
histopathology image and caption pairs with an average caption len§th0&tokens. Figure 11
demonstrates the pipeline of collecting data from PubMed.

®https://lab-ally.com/histopathology-resources/histopathology-glossary
Lhttp://mwww.ncbi.nlm.nih.gov/Entrez
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Table 4:All 6 (six) transition states for chunking narrative style videos. p(H);, is the binary

histo image classi er prediction at the current frame's titneandp(H ), , is the prediction at next
frame's timet, 1, whereTg is the cumulative running time arig is the estimated minimum chunk
time for the video, determined by the words per second of the video. Text and image chunks are
implemented as an ordered list of time intervals and image indexes.

P(H)@t, P(H)@n 1 ty ty 1>Tp T, >T, | Textchunk | Image chunk | Tag

0 0 - - - |- | A

1 — -

end = t,;appends; e); reset
state is empty append prior|in-
dex; reset state

append index to chunk statT iB

1 0 - - | start =max( tn 1;tn  Tp) | append index to chunk state| C
end = t,; appendg; e); reset state| append index to chunk state] reB

1 - start = tp, Tp set state

1 1 .
1 end = t,; append§;e); reset state| append index to chunk state; reE

start = t, Tp set state

0

0 | - | append index to chunk state] F

A.2.2 Histopathology Image Retrieval from LAION

The Large-scale Arti cial Intelligence Open Network (LAION-5B32] curated over 5 billion pairs

of images and text from across the Internet, including a substantial volume of histopathology-related
data. We tapped into this resource by retrieving the 3000 most similar LAION samples for each of the
1, 000pairs of images and text sampled from PubMed @uilLT, using a CLIP model pre-trained

on the LAION data. The retrieval process utilized both image and text embeddings, with cosine
similarity serving as the distance metric. Subsequently, we eliminated the duplicate images and
removed all non-English pairs from the remaining pairs using LangDéteConsequently, the
process yielde@2; 682image and text pairs.

A.2.3 Twitter Data from OpenPath

We utilized a list of tweets curated by Huang et[a#l] which totaled up td5; 000 unique tweets
and133 511unique image-text pairs. This exhibits a one-to-many relationship that leans towards the
image side, differentiating our work from the OpenPath approach, where we had one image matching
with multiple captions (as in the case of MS-COCO captions). In order to maintain comparability
with OpenPath, we followed their text pre-processing pipeline given in [24].

A.3 Histopathology and Magni cation classi er

We use an ensemble of three histopathology image classi ers. To ensure robustness, our ensemble
approach consists of two small Conv-NeXt mod&g]jand one linear classi er ne-tuned with DINO
features 11]. This combination is necessary due to the homogenous appearance of histopathology
images and the risk of false positives from similar pinkish-purple images. One Conv-NeXt model is
trained in detecting non-H&E Immunohistochemistry (IHC) stained tissue images, while the other
models are trained to handle all IHC stains and tissue types. The training data includes eight sub-
groups of the TCGA WSI dataset and a mix of general-domain images, PowerPoint (slide) images,
and scienti ¢ gure datasets. See Table 5 for details of these datasets.

For the magni cation classi er, we netune a pretrained ConvNeXt-Tiny mo&8[with standard

preset hyperparameters for a few epochs and select the best performing model on the validation set.
To generate a training set for the magni cation model, TCGA subsets were segmented into patches
using a method similar t&H]. These patches were generated at various magni cations, which were
then categorized into three labels: 0:{1.25x, 2.5x%, 5x, 10x}, 1:{20x}, 2:{40x}. The TCGA subsets
were chosen to ensure a diverse representation of tissue morphologies and cancer types, thereby
ensuring robust and comprehensive model training. The model was also trained on cytopathology
microscopy images and various IHC stains beyond H&E to enhance the model's generalizability

Uhttps://github.com/fedelopez77/langdetect
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Figure 10: A collection of sample images from our dataset, accompanied by corresponding medical
text, ROI text, and the top three sub-pathology classi cations derived from the ASR text using the
LLM.

across different conditions. Only the ACROBAT and TCGA datasubsets are preprocessed to divide
the WSIs into patches at various scales.

A.4  Support Models, Ontology Databases and Algorithms

This section describes the support models, ontology databases and handcrafted algorithms utilized
within our pipeline for both searching and parsing our data.

Ontology databasesWe employ various ontologies, both speci c to histopathology and general
ones. Among them are OCH\2], FMA [42], BCGO'?, NCIT [19], MPATH [51], HPATH [62], and
CMPO [29). These ontologies serve a dual purpose. First, we used histopathology-speci ¢ ontologies
(HPATH, MPATH, BCGO, and CMPO) to provide words/phrases to condition the LLM, enabling it
to identify incorrect words. Second, all ontologies, in conjunction with UMLS, are used to obtain
terms or phrases for validating the output of the LLM.

2https://bioportal.bioontology.org/ontologies/BCGO
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