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Abstract. To overcome the black-box nature of predictive AI and the
hallucination risks of generative models, retrieval-based models o!er an
interpretable, evidence-based paradigm for pathology clinical workflow.
However, real-world clinical queries are inherently interleaved (e.g., pathol-
ogy images and text). Current dual-encoders su!er from an Archi-
tectural Mismatch, lacking the mechanism to fuse such composed
queries. To address this, we formalize the task of Pathology Composed
Retrieval (PCR). While Multimodal Large Language Models (MLLMs)
o!er deep-fusion capabilities, directly applying them exposes a Task
Mismatch and a Domain Mismatch. To resolve these challenges,
we propose HOMIE, a model-agnostic adaptation framework that trans-
forms any generative MLLM into a specialized pathology retrieval expert.
Evaluated on our newly introduced PCR Benchmark, a lightweight 2B-
parameter HOMIE variant substantially outperforms existing paradigms,
surpassing specialized 7B pathology MLLMs and dual-encoders by large
margins on composed retrieval, while maintaining strong performance
on traditional simple retrieval. The project page is available at https:
//qfchou.github.io/HOMIE_page/.
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1 Introduction

The digitization of pathology has created a promising opportunity for Artifi-
cial Intelligence (AI) to enhance clinical diagnosis [28, 36, 42]. However, current
AI models in this high-stakes domain face trust barriers. Traditional supervised
models are “black boxes” that lack transparency, while emerging Large Language
Models (LLMs) introduce the clinically unacceptable risk of hallucination [12,15].
Given these risks, a retrieval-based paradigm is more suitable for clinical appli-
cation [4, 6]. Rather than predicting a diagnosis, a retrieval system functions as
a “computational consult” [34]. It searches its database for relevant information
based on a pathologist’s query [1,21]. This approach empowers pathologists to ex-
amine this information and draw their own expert-guided conclusions, preserving
clinical autonomy and fostering trust [5, 13]. Therefore, a powerful, specialized
retrieval model is important for advancing scalable AI in pathology.

https://qfchou.github.io/HOMIE_page/
https://qfchou.github.io/HOMIE_page/
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While recent multi-modal models have enabled basic pathology retrieval [28,
42], they are limited to simple retrieval (e.g., image-to-text or text-to-image)
by their dual-encoder architectures. Real-world clinical queries in pathology are
inherently compositional and interleaved. Architecturally, dual-encoders lack a
mechanism to deeply fuse such interleaved multi-modal inputs, resulting in an
Architectural Mismatch. Forcing these models to perform composed retrieval
may discard critical cross-modal semantic interactions. To address this gap, we
formally define the task of Pathology Composed Retrieval (PCR): retriev-
ing the most relevant items from a database given a query composed of an
interleaved sequence of pathology images, texts, and videos. This task requires
a multi-modal embedding model, which can generate a single, semantically em-
bedding from any combination of modalities for complex retrieval tasks.

A natural intuition to overcome this architectural mismatch is Multimodal
Large Language Models (MLLMs), whose deep-fusion architectures natively pro-
cess interleaved inputs [26]. However, directly applying MLLMs to PCR presents
some challenges. First, Task Mismatch: MLLM’s latent spaces are optimized
for generation, lacking the discriminative metric space required for retrieval [19].
Our empirical evaluations reveal that even state-of-the-art pathology MLLMs
(e.g., PathoR1 [46]) perform poorly on PCR tasks. Furthermore, general MLLMs
adapted for retrieval su!er from Domain Mismatch, as they cannot interpret
pathology features like subtle cellular morphology or staining artifacts [33]. To
solve these challenges, we propose HOMIE framework. Crucially, HOMIE is not
a monolithic model, but a model-agnostic, systematic adaptation frame-
work designed to transform any generative MLLM into a specialized pathology
retrieval expert capable of generating a unified multi-modal embedding.

HOMIE systematically resolves all three aforementioned mismatches. First,
by leveraging an MLLM backbone, HOMIE inherently overcomes the Archi-
tectural Mismatch. To resolve the remaining barriers, we employ a two-stage
process. A text-only retrieval-adaptation stage forces the generative LLM to
learn a discriminative metric space, directly solving the Task Mismatch. Sub-
sequently, a pathology-specific tuning stage addresses the Domain Mismatch
by implementing dynamic native-resolution processing, targeted stain augmenta-
tion, and a progressive knowledge curriculum. To evaluate this, we also introduce
the first PCR Benchmark, enabling quantification of these new tasks.

Our main contributions are summarized as follows: (1) We formally define the
novel PCR task and introduce the PCR Benchmark for its rigorous evaluation.
(2) We propose HOMIE, a novel, model-agnostic adaptation framework that
resolves the Architectural, Task, and Domain mismatches, successfully trans-
forming generative MLLMs into pathology retrieval experts. (3) Extensive ex-
periments demonstrate that HOMIE outperforms specialized dual-encoder and
MLLM-based methods by large margins on PCR tasks and maintains strong
performance on traditional simple retrieval.
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2 Related Work

Vision-language Models in Pathology. Recent studies in pathology have
adopted the CLIP [30] model, leveraging paired image-text data within a con-
trastive learning framework to align similar image-text embeddings while sepa-
rating dissimilar ones. These models, including PubmedCLIP [9], BiomedCLIP [45],
PLIP [16], PathCLIP [38], QuiltNet [17], PathgenCLIP [37], PathoCLIP [46],
trained on amounts of pathology image-text pairs, excel at basic cross-modal re-
trieval tasks like image-to-text and text-to-image search. More advanced models,
such as CONCH [28] and MUSK [42], achieved stronger performance by adopt-
ing more sophisticated architectures (CoCa [44] for CONCH and BEiT3 [41]
for MUSK) and incorporating generative captioning objectives alongside con-
trastive alignment, surpassing the performance of simple CLIP-based methods.
However, all these methods are constrained by an architectural paradigm reliant
on separate encoders for image and text. The input is either a single text or a
single image. Furthermore, all these models process images at a fixed, low reso-
lution (e.g., 336x336), discarding the fine-grained morphological details critical
for pathological analysis. Our framework is the first to move beyond this rigid
design, using a unified MLLM to generate a true omni-modal embedding from
interleaved, multi-modal data.
Multimodal Embedding Learning. MLLMs have extended LLMs to process
multiple data modalities, achieving notable progress in understanding and rea-
soning across diverse input types [22,25,26]. To adapt MLLMs for retrieval task,
the recent work E5-V [19] fine-tunes an LLM with summarization prompts and
text-only data to extract embeddings, then integrates a vision module to obtain
multimodal embeddings for zero-shot multimodal retrieval tasks. VLM2Vec [20],
LamRA [26] and GME [47] leverage multimodal data and prompt-tuning to ac-
commodate diverse queries and modalities, achieving strong performance on mul-
timodal retrieval tasks. However, these models are designed for and pre-trained
on general-domain data. This creates Domain Mismatch, as these models are
not equipped to interpret pathology images, such as subtle morphological vari-
ations or staining artifacts. For pathological adaptation, directly applying these
frameworks requires a domain-specific LLM or MLLM pretrained on pathol-
ogy instruction data, which demands detailed and standardized annotations.
In contrast, our framework, HOMIE can adapt an MLLM to generate omni-
modalembeddingsg for pathology composed retrieval with only public pathology
image-text pairs, bypassing these prohibitive requirements.

3 Methods

3.1 Pathology Composed Retrieval Benchmark

Formally, we define the Pathology Composed Retrieval (PCR) task as follows:
Given a query q and a large candidate set C = {c1, c2, · · · , cN}, the aim is to find
similar candidates in C based on their similarity scores to q. A key feature of PCR
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Table 1: The statistics of our PCR benchmark. It includes two retrieval tasks with
selected samples from six data sources. Our benchmark has various combinations of
Image (Img.), Text (Txt.), and Video (Vid.) modalities for query and target sides.

Task Data Source Query Mod. Target Mod. # of Samples

Composed
Retrieval

Bookset [10] Multi Img. Txt. 600
Bookset [10] Img. & Txt. Img. 488
Quilt-VQA [32] Img. & Txt. Txt. 724
Quilt-VQA-RED [32] Img. & Txt. Txt. 252
Videopath [40] Vid. Txt. 244

Simple
Retrieval

Bookset [10] Img. Txt. 2,688
Educontent [36] Img. Txt. 947
MMUpubmed [36] Img. Txt. 1,385
Bookset [10] Txt. Img. 2,688
Educontent [36] Txt. Img. 947
MMUpubmed [36] Txt. Img. 1,385

is that both the query q and each candidate ci are multi-modal, meaning they
can be a single image, a single text, a single video, or any interleaved sequence.

To address the critical evaluation gap, we introduce the Pathology Com-
posed Retrieval (PCR) Benchmark. This benchmark is designed to test a model’s
ability to perform compositional retrieval, moving beyond simple image-text re-
trieval. We created a suite of novel pathology composed retrieval tasks by repur-
posing existing public datasets:
Multi-Image to Text Retrieval (qi, qi, ...) → ct: This task measures a model’s
ability from multiple images to retrieve a single, corresponding caption. We
extract from Bookset [10], which provides multi-image with a single caption.
Image-Text to Image Retrieval (qi, qt) → ci: This task tests fine-grained
compositional reasoning. Instead of generating new content, we utilize GPT-5
strictly to parse the original expert diagnostic texts from the multi-image set in
Bookset [10] and extract existing relational clauses (e.g., "a magnified view of
the atypia..."). This creates a query (source image + relational text) to retrieve
the correct target image while preserving absolute clinical fidelity.
Image-Text to Text Retrieval (qi, qt) → ct: This task reframes Visual Ques-
tion Answering (VQA) to simulate pathologist inquiry and we extract from
Quilt-VQA [32] and Quilt-VQA-RED [32]. To prevent models from “cheating” by
exploiting lexical overlap between questions and answers, we apply GPT-5 purely
as a linguistic formatter to restructure the phrasing of the answer. This ensures
the underlying clinical semantics remain unaltered while forcing the model to
genuinely ground its reasoning in the visual evidence.
Video-to-Text Retrieval qv → ct: This task is extracted from VideoPath
dataset [40]. The model should retrieve a text diagnostic description with a
video query, testing the fusion of spatio-temporal features.

As shown in Table 1, these tasks can directly measure a model’s ability to
generate a true multi-modal embedding for pathology. Detailed data curation
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Fig. 1: Analysis of Existing Models on PCR. Left: Dual-encoder models face an Archi-
tectural Mismatch, forcing them to process interleaved queries separately. Top Right:
Dual-encoder models fail in composed retrieval and degenerate into shallow match-
ing, erroneously retrieving the original image. Bottom Right: Empirical results on
the PCR Benchmark. Both paradigms exhibit substantial performance degradation:
dual-encoders due to Architectural Mismatch, and MLLMs due to Task and Domain
Mismatches.

protocols and the exact LLM prompts, which are explicitly engineered to strictly
prohibit the generation of new content, ensuring the rewriting process serves
solely as a linguistic formatter while absolutely preserving the original medical
facts and clinical fidelity, are provided in the supplementary material.

3.2 Analysis of Existing Models on PCR

Before detailing the specific architecture, we first analyze why existing models
fail at PCR task. As shown in the bar charts of Figure 1 (bottom right), on the
(qi, qi, ...) → ct task, the best dual-encoder and MLLM-based model reach only
44.3% and 14.7% Recall@1, respectively, whereas HOMIE achieves 79.8%. By
investigating these empirical failures, we identify the fundamental mismatches
that limit current models:
The Architectural Mismatch of Dual-Encoder Models. As illustrated in
Figure 1 (left), dual-encoder models separate visual and textual inputs. Because
these models lack a mechanism to fuse interleaved multi-modal queries, they rely
only on independent, shallow similarity scores. As shown in Figure 1 (top right),
instead of performing true multi-modal reasoning to find the correct diagnostic
target, these models often reduce to visual matching, erroneously retrieving the
original unannotated image itself.
The Task and Domain Mismatches of MLLMs. MLLMs inherently possess
the deep-fusion architecture needed for interleaved inputs. However, directly
deploying them exposes two flaws. First, a Task Mismatch: their latent spaces are
optimized for token generation rather than contrastive metric learning, making
their hidden states unsuited for retrieval. Second, a Domain Mismatch: general-
domain MLLMs lack the morphological priors necessary to interpret complex
pathology data.
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Fig. 2: Overview of the HOMIE framework. The model ingests arbitrary modalities
(e.g., image, text, video) and leverages a prompt-guided LLM to generate a unified
omni-modal embedding. The vision pathway is optimized for pathology data, featuring
pathology-specific stain normalization/augmentation and native resolution input. We
employ a two-stage contrastive learning strategy to train the model, addressing task
mismatch followed by domain mismatch.

The HOMIE Solution. To systematically overcome these diagnosed barriers,
we propose the HOMIE framework. We detail the architecture design and the
two-stage adaptation strategy in the subsequent sections.

3.3 Architecture and Omni-modal Embedding

Our model consists of three critical components: a vision encoder fv, an MLP-
based projector fp, and a LLM fω. The method overview is shown in Figure 2.
Native Resolution and Video Processing. To process visual inputs with-
out discarding crucial diagnostic details, we utilize the SigLIP-2 ViT architec-
ture [39]. For static images, instead of forcibly resizing inputs to a fixed, low reso-
lution (e.g., 336↑336), we dynamically adjust the image dimensions to multiples
of a base patch size (14↑ 14). Then we apply 2D Rotary Positional Embeddings
(2D-RoPE) [35] to keep the position information. This design guarantees that
the model processes pathology images at their native resolutions e"ciently. For
video inputs, we utilize frame rate sampling and interleaved multi-RoPE [14] for
robust spatio-temporal understanding.
Multi-modal Embedding Extraction. Given a visual input V (image, video,
or interleaved sequence), it is encoded and projected into a sequence of visual
tokens hv = fp(fv(V )). The LLM fω then processes hv alongside any text to-
kens ht to produce a multi-modal embedding E = fω(hv, ht). To extract a
single, dense representation from a LLM, we employ the Explicit One-word
Limitation (EOL) prompting strategy [18]. The rationale behind EOL lies in
the architectural di!erence between masked and causal language models. Unlike
masked language models (e.g., BERT) that use bidirectional attention to inher-
ently condense semantic information into a special [CLS] token, LLMs rely on
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causal attention. Conventional pooling strategies, such as mean pooling across
all tokens, are sub-optimal for causal LLMs because early tokens lack access to
future context, inherently diluting the global representation. Without explicit
constraints, the hidden states of LLMs are naturally optimized for open-ended
text generation rather than discriminative metric learning [18]. Recent litera-
ture [18] has empirically demonstrated that the EOL strategy overcomes this
limitation and significantly outperforms traditional pooling methods, establish-
ing it as the SOTA approach for extracting dense representations from LLMs.
By explicitly appending the phrase “in one word:” to the prompt, we force the
LLM to encapsulate and compress the entirety of the preceding multi-modal
context into the target token’s hidden state. Specifically, we use the following
prompts: (i) for image-only input, we use: <image> Summarize above image in
one word: <emb>; (ii) for text-only input, we use: <text> Summarize above
sentence in one word: <emb>; (iii) for mixed image-text input, we utilize:
<image1><text1>...<imagei><textj> Summarize above image and sentence
in one word: <emb>. where <image> and <text> denote placeholders for the
input image and text, respectively. We use the last hidden state immediately
preceding the <emb> token as the representation of the input.

3.4 The HOMIE Framework

We introduce HOMIE, a systematic framework to adapt an MLLM into an
omni-modal, pathology-specific retrieval model. Our framework is a two-stage
process. The first stage solves task mismatch by adapting LLM for retrieval
using language-only pre-training. The second stage solves the domain mismatch
by pathology-specific tuning. This framework is trained using only public data,
which we systematically collated and curated to support this process.
Training Dataset Curation. Our training data includes text-only data and
image-text pairs. Text-only data is used for Stage one. We use text pairs from
Natural Language Inference (NLI) dataset [11], MedNLI [31] and MedMCQA [29].
To ensure high domain specificity, we curated a pathology-specific subset from
MedMCQA [29]. Image-text pairs are used for Stage two and are aggregated
from PathGen-1.6M [37], PathCap [38], and Quilt-1M [17]. We observed that
naively mixing these heterogeneous sources leads to suboptimal performance.
We identified the primary cause: Noisy image–text pairs collected from the web
present challenges for training and may degrade the model performance. There-
fore, a core part is bootstrap [23] approach: we first trained a based model on
the unfiltered Quilt-1M data, then used this model to score the alignment of all
pairs in Quilt-1M. All pairs with an image-text similarity score below a prede-
fined threshold ω = 0.1 were discarded. This curation and filtering process is the
first step in our solution, ensuring that our specialization stages are built upon
high-quality, domain-relevant data.
Stage One: Adapting for Retrieval. The first stage addresses task mismatch.
MLLMs are optimized for generative tasks, not retrieval, meaning their latent
space isn’t structured for metric learning. To solve this issue, we train LoRA
modules on our curated, pathology-specific text data to adapt the LLM for
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retrieval tasks. This stage forces the LLM to learn a semantically structured
embedding space, making it suitable for retrieval before it ever sees images.
Stage Two: Pathology-Specific Curriculum Tuning. The second stage ad-
dresses the domain mismatch by fine-tuning the entire MLLM on our curated
pathology image-text pairs. Di!erent from natural images, pathology images
present unique challenges, including chiefly staining variability and complex mor-
phological features, which simple fine-tuning cannot solve. We therefore employ
a pathology-specific tuning that incorporates three key adaptations. First, at
the input level, we apply pathology stain augmentation and normalization [33],
forcing the model to learn stain-invariant morphology. Second, we leverage our
architecture’s ability to process images at their native, original resolution. This
is crucial as it ensures the model can analyze the multi-scale, fine-grained details
that fixed-resolution models discard. Finally, we employ a Progressive Knowledge
Curriculum instead of simply mixing datasets. This staged pathology curricu-
lum tuning: the model is first exposed to Pathgen-1.6M [37], which emphasizes
tissue-cell morphology and spatial organization to build foundational morpholog-
ical priors. Then the model is trained on PathCap [38] and our filtered Quilt-1M
to learn how to associate these morphologies with high-level, multimodal diag-
nostic knowledge that includes diagnostic information.

3.5 Training Objective

We employ contrastive learning with the InfoNCE loss [30] for both language-
only pre-training and pathology tuning stages. Specifically, given a batch size of
B, the embeddings of i-th query qi should be positioned close to the embeddings
of its positive target ci and far away from other negative instances, formulated
as:

L = ↓ 1

B

B∑

i=1

log

[
exp [cos (qi, ci) /ε ]∑B
j=1 exp [cos (qi, cj) /ε ]

]
,

where ε is a temperature parameter and cos(qi, ci) represent the cosine similarity
of qi and ci in contrastive learning.

4 Experiments

Training Datasets and Metrics. Our framework is trained entirely on pub-
licly available data, as detailed in Sec 3.1. For stage one, we use the full NLI
dataset [11] and a curated text corpus consisting of 14k pairs from MedNLI [31]
and 15k pathology-specific QA pairs filtered from MedMCQA [29]. For stage
two, we follow our pathology progressive tuning. We first use 1.6M pairs from
PathGen-1.6M [37] to instill foundational knowledge in tissue-cell morphology
and spatial organization. We then use 0.2M pairs from PathCap [38] and 0.5M
pairs from Quilt-1M [17] (after our rigorous filtering) to develop broader multi-
modal knowledge that includes diagnostic information. For the retrieval tasks,
we primarily utilize Recall@K as the evaluation metric.
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Baseline Methods. To demonstrate the e!ectiveness and necessity of HOMIE,
we evaluate against two categories of baselines. We emphasize that existing
paradigms fundamentally struggle with the PCR task due to architectural or
objective mismatches. These comparisons aim to highlight the bottlenecks of
current approaches rather than demonstrating the advantages of model scale. (1)
Pathology Dual-Encoder Models. This group represents the current SOTA
in pathology simple retrieval. We evaluate standard CLIP-based architectures,
including PubmedCLIP [9], BiomedCLIP [45], PLIP [16], PathCLIP [38], Quilt-
Net [17], PathgenCLIP [37], PathoCLIP [46], alongside advanced models like
CONCH [28] and MUSK [42] (based on CoCa [44] and BEiT3 [41]). Due to
their rigid dual-encoder architectures, these models inherently lack the physi-
cal mechanism to deeply fuse interleaved multi-modal queries. To enable their
evaluation on the PCR task, we employ parameter-free vector addition and re-
ciprocal rank fusion (RRF), establishing the upper bound of traditional non-
MLLM paradigms and exposing their Architectural Mismatch. (2) MLLM-
based Models. We evaluate MLLMs by categorizing them into three sub-types.
First, General MLLMs (e.g., Qwen2.5-VL-7B [3], Qwen3-VL-2B [2] and Qwen3-
VL-8B [2]) serve as our foundation control, lacking both retrieval optimization
and pathology priors, thus su!ering from both task and domain mismatches.
Second, Retrieval-adapted General MLLMs (e.g., E5-V [19], LamRA [27], and
GME [47]) have been specifically instruction-tuned for cross-modal retrieval in
natural images. Their catastrophic failure on the PCR benchmark strictly iso-
lates and exposes the severe Domain Mismatch. Finally, Pathology MLLMs
(e.g., HuatuoGPT-Vision-7B [7], Lingshu-7B [43], and PathoR1-7B [46]) possess
comparable parameter scales (↔7B) and rich pathology priors. Their inclusion
demonstrates that generative pathology knowledge does not naturally translate
to a discriminative metric space, explicitly isolating the Task Mismatch. To-
gether, these sub-types validate the absolute necessity of HOMIE’s two-stage
adaptation framework.
Implementation Details. We implement HOMIE using PyTorch and Deep-
Speed ZeRO-2. All training is performed on 8 NVIDIA H100 GPUs with BF16
precision and FlashAttention-2 [8] enabled. For stage 1, we train for 2 epochs
with a global batch size of 576. The learning rate is set to 2↑10→4 with a cosine
decay and 0.03 warmup ratio. In this stage, the vision encoder and projector are
frozen. We apply LoRA to the LLM with r = 64 and ϑ = 128. For stage 2, we
initialize from the Stage 1 checkpoint and train for 2 epochs with a global batch
size of 384. The learning rate is adjusted to 1↑ 10→4. Crucially, we unfreeze the
vision encoder and the projector to capture domain-specific features. The LLM
is trained via LoRA with an increased rank of r = 128 and ϑ = 256.

4.1 Zero-shot Composed Retrieval

Table 2 reports zero-shot composed retrieval results, closely mirroring real-world
clinical workflows (e.g., interleaved images and text). These results validate our
framework while exposing the limitations of existing paradigms.
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Table 2: Zero-shot composed retrieval performance, reporting Recall (R@k) metrics
(in percentage %) at various thresholds. Bold and underlined values indicate the best
and second-best performance, respectively. Dashed lines (-) indicate non-applicability,
as these methods cannot process video inputs. Add and RRF denote parameter-free
vector addition and reciprocal rank fusion, respectively.

Model Bookset Bookset Quilt-VQA Quilt-VQA-Red Videopath
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

Pathology Dual-Encoder Models (Add)
PubmedCLIP [9] 0.8 1.8 3.0 7.7 17.3 23.9 21.1 31.4 35.5 30.2 45.2 50.8 - - -
BiomedCLIP [45] 19.0 40.0 57.2 17.8 39.9 52.6 10.9 24.0 31.1 19.0 33.7 46.0 - - -
PLIP [16] 6.8 20.2 31.0 26.8 49.6 59.8 22.1 33.7 39.0 26.6 42.5 46.0 - - -
PathCLIP [38] 11.2 36.8 48.5 22.4 44.6 57.9 21.3 36.3 40.6 33.7 46.4 50.8 - - -
QuiltNet [17] 12.3 28.2 37.7 26.6 45.5 52.6 18.9 29.4 34.7 28.2 36.9 41.3 - - -
CONCH [28] 41.8 71.7 79.7 43.7 70.8 81.1 9.7 25.6 36.0 18.3 42.5 58.3 - - -
Pathgen-CLIP-L [37] 22.5 47.7 57.5 39.8 70.8 80.7 26.4 39.6 44.8 36.9 49.2 53.2 - - -
Pathgen-CLIP [37] 23.0 52.8 64.3 39.2 66.5 78.9 28.2 41.6 46.0 35.3 50.0 56.3 - - -
MUSK [42] 43.0 72.7 83.0 47.9 74.2 84.3 34.1 53.0 58.4 50.0 69.8 77.8 - - -
Patho-CLIP-L [46] 44.3 77.5 88.0 40.7 69.7 78.8 22.1 40.5 48.6 35.3 58.7 66.3 - - -
Patho-CLIP [46] 43.3 75.8 85.7 35.6 61.8 73.6 14.1 28.7 35.5 21.8 40.1 47.2 - - -

Pathology Dual-Encoder Models (RRF)
PubmedCLIP [9] 0.4 1.7 3.0 2.5 9.8 16.4 1.7 7.5 14.4 3.6 15.5 27.8 - - -
BiomedCLIP [45] 15.8 38.3 51.5 15.8 37.5 52.5 3.9 10.1 16.6 7.9 21.8 36.1 - - -
PLIP [16] 5.0 17.8 23.5 12.1 35.2 53.9 2.9 10.5 15.1 8.3 24.2 35.3 - - -
PathCLIP [38] 9.8 27.0 42.2 19.3 39.8 56.4 3.3 9.9 16.3 12.3 28.6 39.3 - - -
QuiltNet [17] 10.3 29.5 41.0 15.4 34.6 46.3 4.8 11.9 17.5 14.7 27.8 36.9 - - -
CONCH [28] 36.5 68.5 78.3 34.4 63.9 75.6 4.3 13.5 23.6 13.5 33.3 49.2 - - -
Pathgen-CLIP-L [37] 22.2 56.7 71.8 27.7 58.2 74.6 8.0 19.5 26.2 26.6 45.6 53.6 - - -
Pathgen-CLIP [37] 19.7 51.3 66.5 28.3 59.8 71.5 9.9 19.9 27.5 23.0 44.0 54.0 - - -
MUSK [42] 44.3 80.3 88.3 34.0 68.9 82.2 17.5 30.5 39.5 37.3 62.3 71.4 - - -
Patho-CLIP-L [46] 43.2 76.8 86.5 33.6 62.3 77.0 9.8 22.4 30.1 25.0 48.8 59.1 - - -
Patho-CLIP [46] 42.8 74.3 85.8 30.1 58.2 71.1 6.9 16.2 22.8 14.7 33.7 44.8 - - -

MLLM-Based Models
Qwen2.5-VL-7B [3] 3.5 8.7 16.0 3.9 12.7 23.2 14.4 27.6 35.1 24.2 42.1 50.0 1.6 4.5 8.6
Qwen3-VL-2B [2] 0.5 2.5 4.0 1.8 5.5 8.4 3.6 8.7 11.9 2.0 9.6 13.9 0.8 2.9 4.9
Qwen3-VL-8B [2] 1.7 6.0 10.3 3.3 10.9 15.6 7.2 14.1 18.2 16.7 29.4 34.1 1.2 3.3 5.3
E5-V-7B [19] 2.3 8.8 12.5 2.0 6.4 10.9 3.6 7.6 10.4 9.1 15.5 20.6 - - -
LamRA-7B [27] 5.8 15.7 24.0 7.4 20.5 29.3 23.6 37.4 44.3 52.4 66.7 73.4 2.5 10.2 16.8
GME-7B [47] 4.3 14.3 22.2 3.7 14.5 22.1 23.5 33.3 39.9 48.8 61.1 67.1 5.3 10.7 17.2
HuatuoGPT-V-7B [7] 3.5 11.3 18.8 6.1 18.9 25.8 11.6 22.5 29.0 19.0 34.1 40.9 4.9 14.8 22.5
Lingshu-7B [43] 6.8 22.8 33.2 10.2 24.8 35.0 17.5 30.7 37.0 23.8 39.7 48.4 4.5 12.3 16.4
PathoR1-7B [46] 14.7 33.2 45.0 18.2 43.2 52.3 14.2 28.7 35.1 20.2 41.7 52.4 19.3 50.4 61.5
HOMIE (Qwen3-VL-2B) 75.2 94.2 96.7 49.8 76.0 85.9 34.4 61.9 69.8 64.3 89.7 92.9 22.1 59.0 76.6
HOMIE (Qwen3-VL-8B) 79.8 96.7 98.3 52.7 79.5 88.5 35.8 64.1 72.8 57.5 89.3 92.9 30.7 65.6 79.9

Architectural Mismatch of Dual-Encoders. Lacking internal mechanisms
for multi-modal fusion, SOTA dual-encoders (e.g., MUSK [42], CONCH [28])
are restricted to parameter-free late-fusion heuristics, such as vector addition
and reciprocal rank fusion (RRF). Consequently, their performance saturates at
↔44% Recall@1 on the Multi-Image to Text task.

Domain and Task Mismatches in MLLMs. Directly deploying generative
MLLMs is insu"cient. First, general-domain MLLM-based methods perform
poorly, reflecting a Domain Mismatch with complex pathology morphology. Sec-
ond, despite possessing rich medical priors, ↔7B pathology MLLMs reach only
14.7% R@1. This indicates a Task Mismatch.
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Table 3: Performance comparison with baseline methods on simple retrieval datasets,
reporting Recall (R@k) metrics (in percentage %) at di!erent thresholds. Slash-
separated values indicate image-to-text (i2t) / text-to-image (t2i) retrieval perfor-
mance, respectively. Bold and underlined values indicate the best and second-best
performance, respectively.

Model Bookset Educontent MMUpubmed
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

Pathology Dual-Encoder Models
PubmedCLIP [9] 0.2/0.1 1.0/0.8 1.6/1.2 0.2/0.4 1.3/1.6 2.6/2.6 0.4/0.1 1.5/0.8 3.0/1.2
BiomedCLIP [45] 9.9/9.4 23.5/23.4 32.0/32.0 3.4/4.0 8.4/9.1 14.9/15.5 6.2/6.6 16.5/19.2 23.4/26.1
PLIP [16] 3.3/2.3 9.2/8.1 14.2/13.2 1.2/2.0 6.2/6.3 9.0/9.7 0.7/1.4 4.4/5.2 7.7/8.8
PathCLIP [38] 9.3/8.8 22.7/21.3 30.7/29.5 3.8/4.3 11.8/11.1 16.9/16.5 6.4/8.3 16.0/18.8 23.2/26.1
QuiltNet [17] 3.6/2.9 12.6/9.5 18.2/15.6 3.1/3.7 8.1/8.9 13.4/13.0 2.1/2.2 6.4/6.5 10.8/10.0
CONCH [28] 25.0/23.6 50.0/48.7 62.2/59.9 5.4/6.2 15.8/15.9 22.4/23.5 6.1/7.1 17.4/19.1 25.0/26.5
Pathgen-CLIP-L [37] 12.8/14.7 28.7/33.9 37.2/44.7 5.8/8.6 16.9/22.1 24.1/31.4 6.4/8.4 18.4/20.3 27.1/29.0
Pathgen-CLIP [37] 15.0/14.1 32.3/34.2 41.4/45.2 7.4/9.0 18.9/21.6 26.5/32.1 4.5/6.3 14.1/15.5 21.7/23.7
MUSK [42] 23.9/25.3 49.0/50.1 62.3/62.0 11.1/9.0 26.6/28.2 35.2/38.2 10.6/11.0 25.6/26.7 35.8/33.5
Patho-CLIP-L [46] 22.5/21.9 50.6/49.3 62.0/62.6 4.2/3.6 13.4/13.4 21.8/21.0 4.0/3.8 11.9/10.3 17.8/16.2
Patho-CLIP [46] 26.7/27.6 55.1/55.8 67.2/67.6 3.7/4.0 10.9/12.4 16.5/18.0 2.7/3.2 9.2/9.2 14.9/13.4

MLLM-Based Models
Qwen2.5-VL-7B [3] 0.9/0.4 2.8/1.6 4.7/2.6 1.9/1.0 5.8/3.0 8.8/4.5 1.1/0.4 4.5/1.3 7.4/3.0
Qwen3-VL-2B [2] 0.5/0.1 1.7/0.8 2.8/1.3 0.7/0.2 2.3/1.8 3.7/2.7 0.5/0.4 1.7/1.4 3.0/2.3
Qwen3-VL-8B [2] 0.9/0.4 3.1/1.5 4.3/3.0 1.4/0.8 5.3/2.9 8.0/5.5 1.1/0.3 3.5/2.0 5.8/3.5
E5-V-7B [19] 1.7/0.5 5.5/1.8 8.6/2.4 2.6/0.7 7.7/1.6 9.7/3.2 2.3/0.8 7.8/2.6 10.7/4.5
LamRA-7B [27] 0.6/0.3 2.1/1.2 3.4/1.7 2.4/0.7 6.2/2.2 9.0/3.6 2.3/0.8 6.4/2.5 9.2/4.0
GME-7B [47] 1.9/0.5 5.1/2.3 7.8/4.1 4.1/1.5 8.8/3.7 11.7/5.5 3.3/1.4 7.4/3.8 10.5/6.0
HuatuoGPT-V-7B [7] 0.9/0.4 4.6/2.0 7.0/3.2 1.9/1.2 5.6/3.4 8.7/4.5 1.2/0.3 5.3/2.7 8.5/4.0
Lingshu-7B [43] 2.9/1.3 8.6/4.8 13.2/6.8 2.4/1.3 8.3/5.2 11.6/8.1 2.1/1.6 8.0/5.5 13.9/9.6
PathoR1-7B [46] 9.5/7.0 23.8/18.4 32.3/25.2 3.0/6.1 9.3/17.2 13.1/21.6 1.7/3.7 3.7/11.0 5.4/15.2
HOMIE (Qwen3-VL-2B) 32.0/29.7 58.5/54.7 69.4/65.1 11.1/12.7 28.5/29.7 36.5/38.3 13.3/11.0 31.3/27.1 40.1/35.5
HOMIE (Qwen3-VL-8B) 34.4/31.5 61.4/60.0 73.0/72.7 12.1/14.6 29.8/31.5 38.0/40.5 13.1/11.1 30.9/28.7 41.4/37.5

The E!cacy and E!ciency of HOMIE. By contrast, HOMIE addresses
these bottlenecks. Our lightweight HOMIE (Qwen3-VL-2B) variant achieves
75.2% R@1, outperforming the best dual-encoders and exceeding PathoR1-7B [46]
by over 60 percentage points. This suggests that HOMIE’s gains stem from our
two-stage adaptation rather than parameter scaling. Further scaling to an 8B
backbone shows that HOMIE scales as a model-agnostic paradigm for composed
pathology retrieval.

4.2 Zero-shot Simple Retrieval

A key question is whether gaining complex compositional reasoning capabilities
compromises a model’s performance on traditional simple (image-to-text and
text-to-image) retrieval tasks. As shown in Table 3, HOMIE not only retains
this fundamental capability but establishes a new SOTA. Both our 2B and 8B
variants consistently outperform all specialized pathology dual-encoders (e.g.,
MUSK [42], Patho-CLIP [46]) across the Bookset [10], Educontent [36], and
MMUpubmed [36] benchmarks. Furthermore, while other MLLM-based base-
lines continue to struggle due to inherent task and domain mismatches, HOMIE
consistently outperforms them. This indicates that our two-stage adaptation
framework instills fine-grained pathology knowledge into the MLLM. HOMIE
achieves this performance using only public training data, without proprietary
datasets.
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Table 4: Performance of the HOMIE framework across diverse MLLM backbones. We
report Recall@1 (%) metrics. Quilt-V. is abbreviated for Quilt-VQA.

Model
(qi, qi, ...) → ct (qi, qt) → ci (qi, qt) → ct qv → ct qi → ct

Bookset Bookset Quilt-V. Quilt-V.-Red Videopath Bookset Educontent MMUpubmed

HOMIE (Qwen3-VL-2B) 75.2 49.8 33.4 64.3 22.1 32.0 11.1 13.3
HOMIE (Qwen3-VL-8B) 79.8 52.7 35.8 57.5 30.7 34.4 12.1 13.1
HOMIE (Qwen2.5-VL-7B) 77.2 49.2 32.5 62.3 28.3 30.0 12.2 11.7
HOMIE (HuatuoGPT-V-7B) 76.3 47.5 32.0 57.9 28.7 31.3 11.6 12.1
HOMIE (Lingshu-7B) 78.0 50.6 33.8 59.9 26.6 31.4 12.6 13.4
HOMIE (PathoR1-7B) 78.5 54.1 38.4 64.3 30.7 33.6 14.7 11.9

4.3 Generality of the HOMIE Framework

A defining characteristic of HOMIE is that it is not a monolithic model, but
rather a model-agnostic, systematic adaptation framework. To assess its gener-
ality, we swapped the core MLLM backbone with various foundation models,
including general-domain models (Qwen series) and SOTA pathology-specific
MLLMs. As shown in Table 4, HOMIE transforms every evaluated generative
MLLM into a capable pathology retrieval model. Two observations emerge from
these results. First, synergy with domain priors: while pathology-specific
MLLMs (like PathoR1-7B) perform poorly at zero-shot retrieval on their own
(as shown in Table 2), applying the HOMIE framework leverages their pathol-
ogy knowledge. Consequently, HOMIE (PathoR1-7B) consistently outperforms
HOMIE built on the vanilla Qwen2.5-VL-7B across almost all composed re-
trieval metrics. Second, framework scalability: by comparing Qwen3-VL-2B
with Qwen3-VL-8B, we observe a consistent scaling trend. As the parameter
size and reasoning capabilities of the base model increase, the retrieval perfor-
mance of the HOMIE-adapted model increases accordingly. These results estab-
lish HOMIE as an extensible framework. This suggests that as more capable
generative MLLMs become available, the framework o!ers a direct pathway to
adapt them for pathology retrieval.

4.4 Qualitative Results and Embedding Space Visualization

Figure 3 (left) illustrates the practical consequences of the Architectural Mis-
match. In the top Image-Text to Image example, HOMIE performs the required
spatial-semantic reasoning. Conversely, CONCH [28] ignores the textual instruc-
tion and erroneously retrieves the original source image, consistent with dual-
encoders reducing to visual matching given interleaved inputs. Similarly, HOMIE
grounds visual questions to diagnostic texts in the bottom example, whereas
baselines return irrelevant descriptions. This behavior stems from our struc-
turally aligned latent space. Figure 3 (right) visualizes the modality gap via
UMAP. While pathology CLIP baselines (e.g., Pathgen-CLIP [37], MUSK [42])
show a large modality gap, segregating features into separate clusters (high
||ϖ||gap ↗ 0.571), HOMIE reduces this gap. By leveraging our two-stage adap-
tation, HOMIE achieves the lowest modality gap (||ϖ||gap = 0.325), mapping
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HOMIE CONCH
zoom to peripheral 

glands showing 
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cytoplasmic 
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pyknotic nuclei
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Musk
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solitary fibrous tumors, 
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hemangiopericytomas. 
This pattern includes 
dilated, branching, 

tortuous vessels.

Crow foot vessels, 
chicken wire, and 

vascular patterns due 
to their anastomosing 

and branching out 
nature.

Can be very time 
consuming to analyze.

HOMIE CONCHQuery Pathgen-CLIP

Fig. 3: Qualitative results and visualization. Left: Examples of composed retrieval.
HOMIE performs multi-modal reasoning, whereas dual-encoder models do not. Right:
UMAP visualization of image (red) and text (blue) embeddings from the EduContent
dataset. ||ω||gap denotes the modality gap metric [24].

visual and textual concepts into a shared metric space rather than adjacent
regions.

4.5 Ablation Studies

We conduct an ablation study to assess the contribution of each component,
rather than attributing performance to scaling or curated data alone. As shown
in Table 5, we disable each pathology-specific adaptation component on the
HOMIE (Qwen3-VL-8B) backbone and observe consistent performance degra-
dation across task categories.
(1) Progressive Knowledge Curriculum: Disabling the staged training causes
the largest performance drop on complex reasoning tasks. For instance, Video-
to-Text retrieval drops from 30.7% to 18.4%, and Image-Text to Image retrieval
drops from 52.7% to 46.7%. This supports our hypothesis: an MLLM must first
build foundational morphological priors before learning high-level, multi-modal
diagnostic reasoning.
(2) Native Resolution: Forcing the model to use standard, low-resolution
inputs leads to notable drops on tasks requiring fine-grained visual details. For
example, Image-to-Text retrieval on Bookset [10] drops by 8.9%. This indicates
that fine-grained morphological features discarded by fixed-resolution models are
important for pathology retrieval.
(3) Data Filtering: Training on unfiltered, noisy web data degrades perfor-
mance (e.g., from 30.7% to 23.4% on Video-to-Text). This indicates that our
bootstrap filtering helps construct a well-aligned embedding space.
(4) Stain Augmentation: Removing pathology-specific stain normalization
and augmentation leads to consistent performance drops across multiple tasks
(e.g., a 2.1% drop in Multi-Image to Text retrieval). This suggests it helps the
model learn stain-invariant morphological representations. Together, these abla-
tions indicate that each component contributes to the overall performance.
(5) Prompting Robustness: To understand the embedding extraction mech-
anism, we ablate our Explicit One-word Limitation (EOL) prompt at inference
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Table 5: Ablation study of HOMIE’s key components and prompts. We report the
Recall@1 (%) metrics. All evaluated models are based on the Qwen3-VL-8B backbone.
Quilt-V. is abbreviated for Quilt-VQA.

Ablations
(qi, qi, ...) → ct (qi, qt) → ci (qi, qt) → ct qv → ct qi → ct

Bookset Bookset Quilt-V. Quilt-V.-Red Videopath Bookset Educontent MMUpubmed

Training Strategy Ablations

w/o data filter 79.5 51.1 34.6 52.2 23.4 31.3 9.5 12.3
w/o stain N/A 77.7 52.1 35.1 57.3 28.4 32.0 11.1 12.3
w/o curriculum 76.3 46.7 30.9 52.6 18.4 29.3 10.5 13.1
w/o native resolution 79.5 46.3 29.0 46.2 23.8 25.5 7.3 10.6

Inference Prompt Robustness

No Prompt 78.0 51.8 34.3 56.0 29.1 32.0 11.1 12.9
No One Word 78.5 51.5 34.8 56.3 30.0 33.8 11.5 12.6

HOMIE 79.8 52.7 35.8 57.5 30.7 34.4 12.1 13.1

time. Extracting the last hidden state without explicit instructional constraints
(No Prompt) or with a weaker prompt (No One Word) still yields competitive
results. This robustness suggests that training adapts the model to condense
multi-modal semantics into the final token, reducing reliance on the inference-
time prompt. Applying the EOL constraint (HOMIE ) further aligns the infer-
ence behavior with the trained representation. The phrase “in one word” acts as
a semantic bottleneck that reduces residual generation noise and yields the best
performance (79.8%).

5 Conclusion

In this paper, we formally define the task of Pathology Composed Retrieval
(PCR) and introduce the first comprehensive benchmark to evaluate interleaved
multi-modal queries. To overcome the Architectural mismatch of dual-encoders
and the Task/Domain mismatches of generative models, we propose HOMIE—a
model-agnostic, systematic adaptation framework. HOMIE transforms general
Multimodal Large Language Models (MLLMs) into specialized pathology re-
trieval models. Ablations indicate that the two-stage design accounts for the
observed performance. Stage 1 aligns the generative latent space for retrieval,
while Stage 2 instills morphological priors through dynamic native-resolution
processing, stain augmentation, and a progressive knowledge curriculum. Our
lightweight 2B-parameter HOMIE variant substantially outperforms existing
paradigms on composed retrieval, while maintaining strong performance on tra-
ditional tasks. By generating a single, unified multi-modal embedding for com-
plex clinical queries, HOMIE provides a reliable retrieval system that empow-
ers pathologists to find similar information and make their own independent,
evidence-based diagnoses. Future work will extend this framework to integrate
broader modalities, such as genomics and spatial transcriptomics, moving toward
a clinical AI assistant for pathology.
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