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Abstract. Reliable automated pathology reporting should yield not
only an accurate final report but also a transparent, auditable trace of
the diagnostic decisions behind it. We present RECAP (REtrieval-based
Chain-of-thought Answering for Pathology), a training-free method that
maps an H&E whole-slide image (WSI) to a retrieved reasoning graph
consisting of canonical diagnostic question-answer steps that terminates
in a structured pathology report. Each slide is encoded with the frozen
TITAN foundation model, and the canonical reasoning graph is com-
pleted by k-nearest-neighbour (k-NN) retrieval over TITAN slide em-
beddings, so that the final report, case-variable answers, and reasoning-
graph edges are all drawn from the training distribution. No generative
language model is used during inference. Rather than assembling a pre-
diction from independently retrieved components, a report-first stage
commits to the single real case whose findings best match the draft and
adopts its consensus reasoning chain, ensuring consistency between the
retrieved reasoning graph and the final report. Because RECAP requires
no task-specific training and encodes only the test slide at inference, it
is inexpensive to deploy in resource-constrained settings and benefits di-
rectly from improvements to the underlying foundation models. On a
held-out split of the released training data, RECAP attains a Metric A
Reg2026-Score of ~0.88.

Keywords: Chain-of-thought - Computational pathology - Foundation
models - Retrieval-augmented generation - Whole-slide images.

1 Introduction

Diagnostic pathology reports are authored from gigapixel whole-slide images
(WSIs); automating them could reduce reporting workload and standardise clin-
ical language. Progress has been driven by pathology foundation models built on
CLIP-style vision-language pretraining [9]: patch encoders such as CONCH [§],
UNI [3], and H-Optimus [11], and slide-level models such as Prov-GigaPath [17],
PRISM [13], and TITAN [5], which give strong representations without task-
specific training. For report text, generative approaches range from slide-level
models such as PRISM [13] to general medical large language models (e.g., Gem-
ini for medicine [10], MedGemma [12], and OpenBioLLM [1]), which produce
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Fig. 1. RECAP pipeline (Metric A). A whole-slide image is tiled into CONCH v1.5
patches (capped at 6,000) and aggregated by TITAN into a slide-level embedding.
An organ gate (k-NN) picks the organ; same-organ k-NN retrieves the graph edges,
per-question answers, and report. Report-first then swaps this draft for the consensus
chain-of-thought of the most similar report cluster.

free-text end-to-end. A complementary line of work is retrieval-based, ground-
ing each prediction in real existing cases [2].

The REG2026 challenge frames automated pathology reporting as a rea-
soning task: a method must emit not only a final report but the intermediate
question/answer steps a pathologist would follow, as a directed acyclic graph
whose nodes are canonical questions and whose terminal node is the report [14].
Submissions are scored both on the exact reasoning-graph structure and on the
content of the final report. The canonical question set is fixed and finite and
the reference reports come from real cases, so the training annotations form a
strong prior, motivating a retrieval-augmented [7] rather than free-text genera-
tive treatment of the reasoning graph [16].

We tackle this task with a training-free, retrieval-based method that uses no
generative language model in the reporting path. Rather than assembling the
trace from independently retrieved components, a report-first stage commits to
a single real case and adopts its consensus chain, keeping the decision trace and
the reported diagnosis mutually consistent. Our contributions are as follows:

— a strong training-free retrieval baseline for structured whole-slide pathology
reporting, using frozen foundation model representations and no task-specific
parameter optimisation or generative language model, which improves auto-
matically as the underlying foundation models improve;

— an analysis showing that simple case retrieval accounts for most of the
achieved performance, highlighting representation quality and accurate re-
port retrieval as key levers for further improvement.

2 Methods

Figure 1 summarises RECAP. Let x be a whole-slide image, with organ o;,
ground-truth chain-of-thought graph G;, and report r; for each training slide ¢
in the labelled pool D = {(z;,0;, G;,7;)}Y.;. RECAP produces a graph G for x
purely by nearest-neighbour retrieval against D. In Sections 2.1-2.3 we focus on
the workflow-reporting task (Metric A); the separate patch-level grounding task
(Metric B) is discussed in Section 2.4.
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2.1 Slide encoding and organ gate

A slide = is tiled into patches, embedded by the frozen CONCH v1.5 encoder ¢,
and aggregated by the frozen TITAN model T into a slide embedding

z=T(¢(z)) € R™. (1)

Likewise, z; = T'(¢(x;)) is precomputed for every slide z; in the retrieval pool D.
Similarity is measured by cosine similarity between f5-normalised embeddings.
The organ is predicted by a k-nearest-neighbour vote. Let Noye(z) denote the
k training slides most similar to the query embedding z. RECAP predicts the
most frequent organ label among these neighbours,

6 =mode{ 0; | i € Norg(2) }. (2)

This image-to-image vote over the training embeddings is more reliable than a
zero-shot text classifier (Section 4).

2.2 Draft chain-of-thought by retrieval

After predicting 6, retrieval is restricted to training slides from that organ. Let
Niet(2,0) denote the k most similar same-organ slides. RECAP traverses the
fixed canonical question graph G; and constructs a draft reasoning graph Go
from these neighbours. Edges: an edge e (a directed link from one canonical
question to the next) is kept if it occurs in at least a fraction 7 of the retrieved
graphs, .

Ey={e€Gs:freqy, (e) > T}, (3)
where freq .  (e) is the fraction of retrieved graphs containing e; the report node
is always kept. Answers: each non-final question takes the most frequent answer
among the retrieved neighbours that contain that question. Report: the draft
report 7y is the most frequent report among the retrieved neighbours,

7o = mode{ r; | i € Niet(2,0) }. (4)

2.3 Report-first prediction

The draft Gy can be internally inconsistent because its edges, answers, and report
are determined independently. Report-first instead selects a coherent diagnostic
pattern from the retrieval pool. Writing F(G) for the findings of a reasoning
graph (its non-final (question, answer) pairs), we rank the same-organ slides by
their finding overlap with the draft,

si = |F(Go) N F(Gy)|. (5)

Let Mpaten denote the k highest-scoring same-organ slides according to s;. The
final report r* is the most frequent report among these matches. RECAP then
selects the most frequent complete reasoning graph among all retrieval-pool
slides carrying r*. Because slides sharing a report have almost identical reason-
ing graphs in the data, the resulting graph represents one coherent diagnostic
pattern rather than a graph stitched from independently retrieved components.



4 L. Buess and A. Maier

2.4 Patch-level visual grounding

The challenge’s second axis (Metric B) scores short answers to region-of-interest
(ROI) questions on three sub-metrics: background rejection (B1), input sensi-
tivity under random patch masking (B2), and cross-region consistency (B3). We
answer with two fixed templates, gated by the same near-white tissue check the
slide-level reporting task (Metric A) uses to select patches: an ROI whose tis-
sue fraction is below 0.05 gets the background template, every other ROI the
foreground template.

3 Experimental setup

Models. We use the frozen TITAN slide encoder because the task requires slide-
level predictions from the complete WSI. Its large-scale pathology pretraining
provides transferable representations without task-specific optimisation. TITAN
embeds 512x512 level-0 patches with CONCH v1.5 [8] (306.1M parameters;
capped at 6,000 per slide by uniform subsampling) and aggregates them with its
48.5M-parameter slide encoder into a 768-dimensional embedding. The complete
frozen WSI backbone comprises approximately 355M parameters.

Data. From the 11,220 slides, 11,189 yield a valid TITAN embedding; we hold
out 500 (uniform random) for evaluation (498 of which embed successfully).

Metric. The workflow score (Metric A) is 0.05 BPV+0.30 Edge-F140.25 MESS+
0.40 FinalReport, where Binary Path Validity (BPV) is 1 only on an exact edge-
set match, Edge-F1 scores the (question, next-question) edges, MESS is the token
Jaccard on non-final answers, and FinalReport blends ROUGE-L, BLEU-4, key-
word overlap, and PubMedBERT [6] cosine similarity. Metric B (visual ground-
ing) is scored on B1-B3 as defined in Section 2.4; the overall challenge score
combines the two axes as 0.7 Metric A + 0.3 Metric B.

4 Results

We report results on two evaluation settings: a held-out split of the released
training data and the official REG2026 hidden test sets.

Organ gate. The image-to-image k-NN vote classifies the organ almost per-
fectly on the held-out split (99.4%), well above a zero-shot TITAN text classifier
(94.8%), confirming the design choice in Section 2.

Held-out results. Table 1 reports the full RECAP method on the 498-slide
held-out split, scored by the official evaluator.

Organ-level evaluation. Figure 2 breaks the Metric A score down by organ.
Performance is uniform across the seven organs (overall ranking 0.86-0.90; lung
strongest, cervix weakest). Edge-F1 and MESS remain high and stable (0.89-
0.96 and 0.89-0.95), indicating robust structural and answer retrieval. Binary
Path Validity (0.65-0.85) and the final-report term (0.74-0.86) vary most; with
the report carrying the largest weight (0.40), overall ranking follows it closely,
leaving cervix weakest overall.
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Table 1. The full RECAP method on the 498-slide held-out split of the training data
(Metric A components and weighted contributions).

Component Score Weight Contribution
BPV (Binary Path Validity) 0.7329 0.05 0.0366
Edge-F1 0.9321 0.30 0.2796
MESS (non-final answers) 0.9274 0.25 0.2319
Final report 0.8245 0.40 0.3298
Metric A (ranking score) 0.8779
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Fig. 2. Metric A components of the RECAP method on the 498-slide held-out split,
by organ (organs ordered by overall ranking, 0.898 for lung down to 0.857 for cervix).
Edge-F1 and MESS are high and stable across organs; the widest variation is in Binary
Path Validity and the final-report term, the latter carrying the most ranking weight.

4.1 Ablation

Table 2 re-scores the held-out set for two kinds of comparison: whole-pipeline
retrieval baselines that swap in a simpler strategy, and ablations that turn off
one component of the full RECAP method.

Retrieval baselines. Plain retrieval is already most of the method. Copying
the single closest slide’s chain-of-thought verbatim (image-to-image naive 1-NN)
scores 0.871, within 0.007 of the full method and on par with the per-question
pipeline; most of the score comes from retrieving a coherent real case, not from
how it is assembled. The choice of retrieval space does matter: matching the test
slide against the training reports in TITAN’s cross-modal space (image-to-text)
drops the naive 1-NN to 0.697, so TITAN’s slide embeddings discriminate cases
far better than its slide-report alignment. The random-retrieval floor (0.305)
confirms the task is non-trivial: the metric is far from saturated, confirming that
strong performance requires accurate retrieval.

Component ablations. Against the baseline, edge voting is by far the domi-

nant lever (—0.153): instead of keeping only the edges that occur in at least a
fraction 7 of the neighbours’ graphs, disabling it emits every edge of the organ’s
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Table 2. Ablations and retrieval baselines on the 498 held-out slides. Component
ablations remove one part of the full report-first method, while whole-pipeline baselines
replace it with a simpler retrieval strategy. A denotes the drop from the full method.

Configuration Ranking A vs full
RECAP (full method) 0.8779 —
Component ablations

— report-first (per-question draft) 0.8697 —0.0082
— organ routing 0.8450 —0.0330
— edge voting (structure) 0.7251 —0.1528
Whole-pipeline retrieval baselines

Naive 1-NN (image-image) 0.8707 —0.0072
Naive 1-NN (image—text) 0.6973 —0.1807
Random retrieval 0.3050 —0.5729

canonical graph, so the predicted graph is never an exact match; BPV collapses
(0.73—0.38) and Edge-F1 drops (0.93—0.79). Organ routing (—0.033) is next:
falling back from the image-to-image neighbour vote to the zero-shot text classi-
fier (94.8% vs. 99.4% organ accuracy) propagates errors through all downstream
retrieval, which the organ gates. The remaining choices matter less: report-first
over the per-question draft lands within 0.01 of the full method (—0.008) on the
held-out set. Report-first shows a larger benefit on the official hidden set: in Test
Phase 1, it improved Metric A from 0.684 to 0.706 over the separately submitted
per-question variant (Section 4.2), motivating its use for the final submission.

4.2 REG2026 test-phase results

Table 3 summarises RECAP’s performance on the official hidden sets from
REG2026 Test Phases 1 and 2. RECAP achieves a Metric A score of 0.706 in
Phase 1 and 0.591 in Phase 2. The constant-answer policy of Section 2.4 saturates
all three Metric B sub-metrics in both phases (visual grounding 1.0), resulting
in weighted overall scores (0.7 A + 0.3 B) of 0.795 and 0.713, respectively.

Table 3. RECAP results on the official REG2026 test phases 1 and 2.

Metric A (workflow) Metric B (grounding)
Component Phase 1 Phase 2 Component Phase 1 Phase 2
Binary Path Validity 0.4514  0.3286 Background rejection 1.0 1.0
Edge-F1 0.8320 0.7762 Input sensitivity 1.0 1.0
MESS 0.7957  0.6987 Cross-region consist. 1.0 1.0
Report score 0.5883 0.4166 Visual grounding 1.0 1.0

Overall score 0.7945 0.7134
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5 Discussion and limitations

RECAP relies entirely on retrieval and is computationally cheap, encoding only
the test slide at inference and using no generative model in the reporting path,
yet it ranks competitively on REG2026. It is best viewed as a strong retrieval
baseline rather than a general-purpose reasoning framework. The small gap to
naive image-to-image 1-NN indicates that simple case retrieval already accounts
for most of the achieved performance. For comparison, SlideChat couples its vi-
sual backbone to Qwen2.5-7B-Instruct [4]; its 7B language model alone is roughly
20x larger than RECAP’s 355M-parameter WSI backbone. RECAP’s quality
remains bounded by retrieval-pool coverage and embedding quality, the latter
improving as pathology foundation models advance.

Limitations. RECAP can handle unseen patients when sufficiently similar diag-
nostic patterns are represented in the retrieval pool, but its predictions remain
constrained by the pool’s coverage. Findings that are absent or poorly repre-
sented in the retrieval pool therefore cannot be expressed reliably, motivating
out-of-distribution detection or identifying low-similarity cases for further re-
view. Furthermore, RECAP provides case-level reasoning but no localized visual
evidence linking individual findings to specific WSI regions.

Future work. Future work should evaluate the dependence of RECAP on the
slide-level representation by comparing TITAN with alternative foundation mod-
els such as Prov-GigaPath and PRISM2 [15]. External validation on datasets
from different institutions, scanners, and disease distributions is also needed to
establish cross-dataset generalisation. Further extensions include flagging out-of-
distribution cases for review and linking reasoning steps to supporting tile-level
histopathological evidence. RECAP could also serve as the retrieval component
of a retrieval-augmented generation framework, combining case-based grounding
with the flexibility of generative models.

On Metric B. A fixed foreground/background template policy saturates all
three Metric B sub-metrics. Beyond distinguishing tissue from background, the
answer is independent of both the question and the visual content of the ROL.
Thus, a method can achieve a perfect visual-grounding score without grounding
its answer in the question or the relevant histopathological features.

6 Conclusion

RECAP treats REG2026 pathology reporting as retrieval over frozen foundation
model embeddings rather than free-text generation. It requires no task-specific
training or language model in the reporting path, while producing a coherent re-
port and reasoning graph from retrieved cases. This simple and computationally
efficient design provides a strong baseline for structured whole-slide pathology
reporting and can improve directly as the underlying pathology foundation mod-
els advance, without task-specific retraining.
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Code availability

The source code used in this work is publicly available at:
https://github.com/lbuess/reg2026-recap.
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