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Abstract

Medical vision-language models (VLMs) are
often evaluated by report retrieval, grounding,
and explanation quality. We show that these
metrics can create a metric illusion: a model
may appear clinically grounded while exploit-
ing acquisition template, crop, orientation, or
protocol rather than patient anatomy. We for-
malize this failure as template-induced ambi-
guity and introduce TIA-VL, a counterfactual
benchmark with source, template-family, sever-
ity, and compound protocol shifts. We also pro-
pose Rationale-Grounded Template Ambigu-
ity Calibration (R-GTAC), a plug-in calibra-
tion layer that discounts template-dominated
evidence while preserving anatomy and tex-
tual rationale support. Across strong medical
VLM-style baselines, including BioViL-T-style
frozen features, adapter features, and anatomy-
teacher features, R-GTAC reduces wrong same-
template errors to 0.0000 on the main pro-
tocol splits. We then test whether systems
know when to abstain through readiness and
counterfactual rationale deferral. Counterfac-
tual rationale readiness filtering further iden-
tifies a reliable low-risk 25% subset reaching
0.8500 Top-1 on the hardest compound shift,
while revealing that coupled protocol shifts
pose critical frontiers for global risk calibra-
tion. Thus, TIA-VL supports a conservative
message for medical VLM evaluation: mod-
els should be judged not only by whether they
answer, but by whether their apparent ratio-
nales survive anti-shortcut counterfactuals. The
code and benchmark will be available at https:
//github.com/YifanLuo0103/TIA-VL.

1 Introduction

Medical VLMs are increasingly evaluated as if flu-
ent image-text alignment implies clinically mean-
ingful reasoning. Radiology exposes a weakness
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in that assumption. Projection images such as fluo-
roscopy and chest radiography contain the anatomy
that clinicians care about, but they also contain
acquisition style: view position, crop, burned-in
marks, contrast, template family, and institutional
protocol. Generic VLM training encourages image-
text alignment at scale (Radford et al., 2021), and
biomedical VLMs extend this paradigm with radi-
ology images, reports, and biomedical instruction
tuning (Zhang et al., 2022; Bannur et al., 2023;
Wang et al., 2022; Li et al., 2023). The resulting
models can align protocol-like image appearance
with protocol-like report language and still produce
plausible explanations.

This creates a VLM evaluation problem rather
than only a medical-imaging problem. Experienced
physicians reason from stable structures such as the
clavicles, spine, vertebrae, heart, and lung bound-
aries, while discounting acquisition artifacts and
protocol-specific appearance. A VLM that com-
pares radiographs or explains a decision must make
the same separation. It should preserve anatomy
and clinically meaningful rationale, but it should
not treat shared acquisition style as evidence that
two images represent the same patient state. When
a shortcut-driven match looks plausible, conven-
tional retrieval, grounding, or explanation scores
can improve while the model is relying on a clin-
ically irrelevant cue. We call this gap a metric
illusion.

We study this problem as template-induced am-
biguity. Given a query image and a candidate set,
a model may select the candidate that shares the
query’s acquisition template rather than the one
that preserves anatomy or rationale. We make this
failure measurable with the wrong same-template
rate:

WST = Pr[T (ĉ) = T (q) | ĉ ̸= c+],

where q is the query, ĉ is the top-ranked candidate,
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Figure 1: Overview of the TIA-VL and R-GTAC workflow. Step 1 diagnoses template-induced ambiguity with
counterfactual TIA pairs and same-template hard negatives: raw VLM margins reveal shortcut failures, while
R-GTAC opens the anatomy/rationale-supported margin and drives wrong same-template risk down. The diagnosed
shortcut and calibrated R-GTAC scores then feed Step 2, where readiness features, expert-rationale support, and
counterfactual-rationale probes decide whether a case should be answered as low risk or deferred under protocol
shift.

c+ is the anatomically matched positive, and T (·)
denotes the acquisition-template family.

We make three key contributions. First, TIA-
VL turns template-induced ambiguity into con-
trolled public tasks with source, template-family,
severity, and compound shifts, and measures
wrong same-template errors. Second, R-GTAC
reduces template-dominated evidence while pre-
serving anatomy and rationale support. Third,
counterfactual-rationale deferral shows that short-
cut correction and confidence awareness are dis-
tinct: R-GTAC can remove same-template errors,
while compound protocol shifts remain difficult for
refusal calibration. This is the central NLP ques-
tion: if a conflicting textual rationale does not lower
readiness, the VLM has not grounded confidence
in the rationale it appears to use.

Our claims are intentionally bounded. We do
not claim CT-fluoroscopy registration, autonomous
navigation, or clinical deployment. Instead, we
show that VLMs need explicit benchmark tests for
shortcut safety and refusal behavior before they
can be trusted in clinical decision-support settings.
Figure 1 summarizes the TIA-VL evaluation loop
and the R-GTAC correction mechanism.

2 Related Work

Medical image-text representation learning.
Medical VLMs extend the contrastive image-text
paradigm into radiology. ConVIRT learns visual
representations from paired radiographs and reports
(Zhang et al., 2022). MedCLIP relaxes the need
for exact image-report pairing by contrastive learn-
ing from unpaired medical images and text (Wang
et al., 2022). Recent chest radiograph and biomedi-
cal VLP systems further exploit report supervision,
zero-shot natural-language supervision, expanded
image-text construction, and medical knowledge
grounding (Tiu et al., 2022; Wu et al., 2023; You
et al., 2023). BioViL-T incorporates temporal struc-
ture from prior images and reports for biomedical
vision-language processing (Bannur et al., 2023).
Instruction-tuned and generalist systems such as
LLaVA-Med, Med-Flamingo, RadFM, Med-PaLM
M, CheXagent, and BiomedGPT further move
biomedical VLMs toward open-ended VQA, re-
port generation, dialogue, and multi-task reasoning
(Li et al., 2023; Moor et al., 2023; Wu et al., 2025;
Tu et al., 2024; Chen et al., 2024; Zhang et al.,
2024). These models improve transfer, grounding,
report-related tasks, and interactive explanation,
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Asset Scale / role

Protocol axes source, template, severity, compound
Leaderboard 143 method/split rows
Failure atlas 1020 protocol-error rows
Split summary 48 aggregate metric rows
Private trace probe 88 traces, 20 case cards

Table 1: TIA-VL release assets. Leaderboard rows
report retrieval safety; failure-atlas rows support error
analysis; private traces are used only as expert-rationale
alignment probes.

but our results show that stronger medical VLM
features can still be unsafe under template-induced
ambiguity.

Radiology datasets and anatomy grounding.
MIMIC-CXR provides a large de-identified chest
radiograph database with free-text reports (John-
son et al., 2019). Chest ImaGenome adds
anatomy-centered scene graphs and anatomical
bounding boxes for clinical reasoning (Wu et al.,
2021). RadGenome-Anatomy provides large-scale
anatomy labels by projecting volumetric structures
into radiographic space (Ye et al., 2026). TIA-VL
uses this line of public anatomy and metadata re-
sources to build controlled counterfactual protocol
variants rather than only evaluating natural dataset
splits.

Shortcut learning and selective prediction.
Shortcut learning describes models exploiting easy
but spurious signals instead of task-relevant ev-
idence (Geirhos et al., 2020). Selective pre-
diction and reject-option models aim to abstain
when predictions are unreliable (Geifman and El-
Yaniv, 2019). Conformal prediction formalizes
distribution-free uncertainty under exchangeability
assumptions (Vovk et al., 2005; Lei et al., 2018).
Our setting differs because the unsafe signal is
structured: protocol/template similarity can pro-
duce confident, semantically plausible errors. We
therefore evaluate both shortcut removal and selec-
tive answering.

3 TIA-VL Benchmark

3.1 Task

TIA-VL evaluates cross-view medical vision-
language decisions under controlled acquisition-
template ambiguity. Each query has an anatomy-
preserving positive and a candidate gallery contain-
ing hard negatives. The benchmark asks whether

a method ranks anatomy/rationale support above
acquisition-template similarity.

We model an image as a mixture of factors:

I = A+ T +G+Q+R,

where A is anatomy, T is acquisition template, G
is geometry such as crop or orientation, Q is image
quality, and R is explicit or implicit clinical ratio-
nale. The desired representation should preserve
A and useful R, discount spurious T , handle G
without overfitting, and defer when Q or protocol
shift makes the decision unreliable.

The key benchmark object is therefore not a sin-
gle image, but a counterfactual pair set. For each
query q, TIA-VL includes an anatomy-preserving
positive c+ and hard negatives c− ∈ N (q) that
can share source, template family, crop, or severity
with q. Detailed benchmark scale, candidate con-
struction parameters, and confound diagnostics are
provided in Appendix B. Operationally, TIA-VL
compares whether a VLM ranks the same-anatomy
candidate above a different-case candidate that
looks procedurally familiar. It is therefore a test of
anatomy-grounded matching against protocol-style
shortcuts, not a comparison of two arbitrary image
augmentations. A template-induced error occurs
when a negative with stronger protocol agreement
outranks the positive:

∃c− ∈ N (q) s.t. T (c−) = T (q),

s(q, c−) > s(q, c+).

This definition is stricter than ordinary retrieval fail-
ure. It asks whether the system is wrong because
the wrong candidate looks procedurally familiar.
That distinction is important for VLM evaluation:
an error driven by a missed anatomy token and
an error driven by shared acquisition style have
different scientific and clinical meanings.

3.2 Splits and Metrics

TIA-VL includes four protocol generalization axes:
• Unseen source: held-out public source domain.
• Unseen template family: held-out template/crop

family.
• Unseen severity: held-out geometry severity

band.
• Compound shift: held-out source, template fam-

ily, and severity combination.
The hard-negative ladder used for inspection has

five protocol-style dimensions: L1 same template,

11305



L2 same orientation, L3 same crop family, L4 se-
vere zoom/geometry, and L5 source split. These di-
mensions are a cumulative stress ladder rather than
five mutually exclusive datasets. Figure 4 gives
public examples of the query, anatomy-positive
candidate, and shortcut hard negative for each di-
mension.

Retrieval metrics are Top-1, Top-5, mean recip-
rocal rank (MRR), and wrong same-template rate.
Selective-answering metrics are AUROC, AUPRC,
calibration error (ECE), risk-coverage curves, and
low-risk subset Top-1. Counterfactual rationale
deferral measures whether risk rises when a ratio-
nale conflicts with template or anatomy evidence.
The release used here contains 143 leaderboard
rows, 1020 failure-atlas rows, 48 split-metric rows,
and 88 private trace-derived expert-alignment ex-
amples. Fold-level confidence intervals and split
diagnostics across 5-fold evaluations are detailed
in Appendix B.

We report both accuracy and safety metrics be-
cause they can move in opposite directions. A
representation can improve Top-1 by learning pro-
tocol regularities, while simultaneously increasing
WST. Conversely, a conservative anti-template cor-
rection can reduce dangerous shortcut errors even
when it does not fully solve patient-level matching.
TIA-VL is designed to expose this tradeoff rather
than collapse it into a single leaderboard number.

3.3 Release Package

The release package separates deployable rows
from oracle/reference rows. For example, anatomy-
teacher rows estimate headroom from stronger
anatomy supervision and are not treated as deploy-
able clinical claims. Table 1 summarizes the assets
used in this paper. The point of the release format
is not only to report a single retrieval leaderboard,
but to make each method row analyzable by split,
protocol condition, shortcut error, and selective-
answering behavior. This lets the same benchmark
support ranking evaluation, failure-atlas inspection,
and refusal calibration.

4 Method: R-GTAC

R-GTAC is a score-level safety correction for exist-
ing image or image-text encoders. It asks whether
a pairwise score is supported by anatomy and ra-
tionale, or dominated by acquisition template. We
use the same evidence decomposition as the bench-

mark:

I(q, c) = A(q, c) + T (q, c) +G(q, c)

+Q(q, c) +R(q, c),

where A is anatomy, T is acquisition template, G
is crop/zoom geometry, Q is image quality, and
R is textual or expert rationale. Clinical matching
should preserve A and R while discounting T or
protocol-correlated G when they dominate a fluent
explanation.

Let simg(q, c) be the image or VLM similarity
between query q and candidate c. Let srat(q, c) be
anatomy/rationale support, and let mT (q, c) indi-
cate template-related similarity. A simplified cali-
brated score is:

sR−GTAC(q, c) = simg(q, c) + αsrat(q, c)

− βg(q, c)mT (q, c),

where g(q, c) is a learned or selected anti-shortcut
gate that increases the penalty for likely same-
template shortcuts.

Margin view. For a positive c+ and same-
template hard negative c−, define the raw shortcut
margin

δimg = simg(q, c
−)− simg(q, c

+).

The raw encoder fails when δimg > 0. R-GTAC
reverses this pair if rationale support and template
penalty overcome that margin:

α∆rat + β∆T > δimg,

where ∆rat = srat(q, c
+)− srat(q, c

−) and ∆T =
g(q, c−)mT (q, c

−)−g(q, c+)mT (q, c
+). This is a

mechanism view, not proof of clinical correctness:
the positive needs stronger anatomy/rationale sup-
port, or the negative needs a larger template penalty.
We interpret the ablations through this margin. This
also explains why a post-hoc correction can be use-
ful even when the underlying encoder is fixed. If
the encoder already contains some anatomy signal,
R-GTAC can expose it by suppressing template-
dominated evidence at ranking time. If the encoder
contains little anatomy signal, the margin condition
will fail, which is why we report both weak frozen
features and stronger anatomy-teacher rows.

Rationale grounding. Public anatomy masks
and tokens become rationale support over the lung,
heart, clavicle, spine, and vertebrae. Private doctor
traces are parsed as reasoning components rather
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than dense segmentations, matching how clinicians
mark stable landmarks. This choice is important
for projection images: an expert trace often marks
a line, anchor, or region used to reason about geom-
etry, not a complete organ segmentation. The ratio-
nale channel therefore represents clinically mean-
ingful support rather than another global visual
embedding.

Selective answering. Readiness models estimate
risk instead of forcing every query to return an
answer. v9 combines case uncertainty, conformal-
style tail risk, and counterfactual sensitivity:

r(q) = h(Hk(q),M(q), O(q), DT (q), Ccf(q)) ,

where Hk is top-k rank entropy, M is margin sta-
bility, O is protocol-OOD evidence, DT is same-
template dominance, and Ccf is counterfactual-
rationale sensitivity. A threshold τ answers only
when r(q) ≤ τ . Changing the rationale while
holding the image pair fixed then tests whether
confidence is behaviorally tied to the stated clini-
cal reason. Risk-coverage curves test the practical
operating point: if the model refuses a high-risk
subset, do the remaining answered cases become
more reliable? Counterfactual rationale deferral
tests a stricter language-grounded behavior: if the
stated reason contradicts visible anatomy or pro-
tocol evidence, readiness should fall rather than
remain a fluent post-hoc explanation.

Gate variants. We report fixed visual G-TAC,
a full learned gate, and ablations that re-
move protocol-OOD, combo-OOD, or template-
dominance features. The ablations isolate the core
retrieval mechanism: explicit template penalty,
with richer gate features retained for refusal and di-
agnostics. This is why we do not overclaim that ev-
ery gate feature is necessary for every retrieval split.
The retrieval gain mostly tests whether template ev-
idence is penalized; the richer features matter when
the same score is used for selective answering and
deployment-time risk aggregation.

5 Experiments

5.1 Main Retrieval Safety
Table 2 gives the central safety result. Across the
main TIA-VL protocol splits, the learned gate im-
proves or preserves Top-1 over fixed visual G-TAC
and drives wrong same-template errors to 0.0000.
The gains are not confined to an easy split: Top-1
improves by 0.0760 on severity, 0.0438 on source,

Split Method Top-1 WST

Severity Fixed G-TAC 0.5625 0.0379
Severity Learned gate 0.6385 0.0000
Source Fixed G-TAC 0.5781 0.0469
Source Learned gate 0.6219 0.0000
Compound Fixed G-TAC 0.5781 0.0271
Compound Learned gate 0.6359 0.0000
Template Fixed G-TAC 0.5781 0.0334
Template Learned gate 0.6328 0.0000

Table 2: Retrieval safety on TIA-VL. R-GTAC with the
full learned gate removes wrong same-template errors
across the main protocol splits.

0.0578 on compound, and 0.0547 on template-
family shift. Thus R-GTAC changes the ranking
order in the intended direction: anatomy/rationale-
supported positives move above same-template
hard negatives. The central point is not only higher
retrieval accuracy, but removal of a specific danger-
ous shortcut. A method could improve Top-1 by
learning protocol regularities; WST asks whether
those gains come from the wrong same-template
candidate. The learned gate improves accuracy
while also removing the measured same-template
errors.

5.2 Gate Ablation

Table 3 evaluates the empirical necessity of indi-
vidual learned gate components. Compared with
fixed visual G-TAC, the full gate raises average
Top-1 from 0.5742 to 0.6323 across the four proto-
col families and reduces average WST from 0.0363
to 0.0000. A bias-only template penalty is a strong
baseline, but it leaves nonzero shortcut risk on
source, template-family, and compound shifts. Re-
moving individual OOD features does not hurt on
the current retrieval split. This supports a conserva-
tive mechanism claim: explicit anti-template cali-
bration is the essential retrieval component, while
OOD and dominance features are retained for re-
fusal and deployment diagnostics. The full learned
gate gives the model a controlled way to combine
shortcut penalty, rationale support, and protocol-
risk evidence without treating every gate feature as
equally necessary for the retrieval table.

5.3 R-GTAC Ablation

To explicitly decouple the roles of individual com-
ponents in R-GTAC, Table 4 presents a full 23 fac-
torial ablation over template penalty (T ), anatomy
support (A), and rationale-consistency proxy (R)
on the compound split.
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Variant Avg. Top-1 Avg. WST

Fixed visual G-TAC 0.5742 0.0363
Bias-only penalty 0.6268 0.0338
Full learned gate 0.6323 0.0000
No protocol-OOD 0.6323 0.0000
No combo-OOD 0.6323 0.0000
No template dominance 0.6323 0.0000

Table 3: Mechanism ablation averaged over severity,
source, template-family, and compound splits.

Variant Top-1 ↑ Top-5 ↑ MRR ↑ WST ↓
Base 0.0250 0.0984 0.0931 0.9687
T 0.1313 0.4266 0.2705 0.0656
A 0.7172 0.9359 0.8088 0.6794
R 0.0813 0.2281 0.1724 0.9964
A+R 0.6281 0.8922 0.7420 0.7894
T+A 0.9391 0.9953 0.9643 0.0000
T+R 0.4844 0.7328 0.6015 0.0016
T+A+R 0.9469 0.9984 0.9690 0.0292

Table 4: 23 component ablation over template penalty
(T), anatomy support (A), and rationale proxy (R) on
the compound split.

The results cleanly separate the component roles:
T acts primarily as the shortcut-suppression
signal, drastically reducing WST from 0.9687
to 0.0656; A serves as the primary anatomy-
ranking driver, providing the strongest stan-
dalone accuracy gain (Top-1 jumps from 0.0250 to
0.7172); and R acts as a secondary consistency
support signal when combined with T and A. No-
tably, the T + A and T + A + R configurations
achieve the strongest overall performance (0.9391
and 0.9469 Top-1, respectively), confirming that
shortcut suppression and anatomical support are
highly complementary. This confirms our framing
of R-GTAC as a transparent post-hoc calibration
and re-ranking baseline for a measurable protocol-
template shortcut, rather than an opaque or mono-
lithic architecture.

5.4 Medical VLM Baselines

Table 5 asks whether stronger VLM-style features
remove template shortcuts by themselves. They
do not. Frozen BioViL-T-style features have very
high WST; adapter and anatomy-teacher features
improve retrieval but still leave same-template er-
rors. Adding R-GTAC drives WST to 0.0000 across
these rows. On the compound split, anatomy-
teacher features reach 0.9047 Top-1 but 0.3113
WST; after R-GTAC, they reach 0.9453 Top-1 and
0.0000 WST. This shows that better anatomy su-

pervision and anti-template calibration are comple-
mentary: one strengthens clinical signal, the other
prevents remaining protocol evidence from domi-
nating. The comparison is deliberately narrow. It
does not claim that a larger VLM is clinically ready,
or that the post-hoc score proves patient identity.
It shows that stronger medical VLM-style features
alone do not guarantee shortcut safety, while a plug-
in anti-template layer can remove the measured
failure mode.

Because R-GTAC explicitly penalizes same-
template candidates, WST = 0 alone could be
self-confirming if viewed in isolation. We there-
fore report the full Top-1 error decomposition be-
yond WST across 2560 query exposures in Ta-
ble 6. The results demonstrate that R-GTAC not
only eliminates same-template errors across all fea-
ture families (e.g., from 94.5% to 0.0% for frozen
BioViL-T, and from 21.4% to 0.0% for the VLM
adapter), but also substantially lowers the total error
rate (BioViL-T error drops from 97.5% to 51.2%,
VLM adapter from 46.7% to 22.6%, and Anatomy
teacher from 9.5% to 5.4%). At the same time, the
breakdown transparently shows that some residual
errors shift to other negative candidates, confirming
that R-GTAC acts as an effective post-hoc shortcut
filter rather than an infallible solver.

5.5 Selective Answering

Table 7 summarizes readiness and refusal. High-
precision deferral works well on source, severity,
and template-family shifts, but the hardest com-
pound shift remains substantially less calibrated.
Case-level uncertainty improves the trusted low-
risk subset on the compound split to 0.8500 Top-1,
but its AUROC remains 0.7458 and ECE is 0.2366.
Thus v9 can identify a better low-risk subset, but
global risk ranking under compound shift remains
open. TIA-VL therefore reports both coverage-
conditioned accuracy and calibration metrics. This
distinction matters for deployment-style evaluation.
The low-risk 25% result answers whether the an-
swered subset becomes more reliable when the
system can defer many cases. AUROC and ECE
ask the stronger scientific question: can the model
globally order all safe and unsafe cases under com-
pound shift? Here the first improves before the sec-
ond is solved; Figure 3 illustrates the corresponding
risk-coverage trade-off on the compound split.
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Split Method Top-1 Top-5 MRR WST

Compound BioViL-T frozen 0.0250 0.0984 0.0931 0.9687
Compound BioViL-T + R-GTAC 0.4844 0.7547 0.6099 0.0000
Compound VLM adapter 0.5328 0.8859 0.6839 0.4223
Compound VLM adapter + R-GTAC 0.7781 0.9625 0.8582 0.0000
Compound VLM adapter TAC 0.6312 0.9281 0.7574 0.0063
Compound VLM adapter TAC + R-GTAC 0.7844 0.9625 0.8611 0.0000
Compound Anatomy teacher 0.9047 0.9906 0.9416 0.3113
Compound Anatomy teacher + R-GTAC 0.9453 0.9953 0.9670 0.0000

Table 5: External VLM-style baselines on the hardest compound split. Stronger VLM features alone do not
guarantee shortcut safety; R-GTAC removes wrong same-template errors.
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Figure 2: Failure-atlas view of template-induced ambiguity. Left: TIA-VL contains explicit source, severity,
template-family, and compound failure rows. Right: high-capacity VLM-style features can carry high wrong-
same-template risk, while R-GTAC transitions them to safer calibrated ranking by discounting template-dominated
evidence.

Method Same-template wrong Other wrong Total error

BioViL-T frozen 94.5 3.0 97.5
BioViL-T + R-GTAC 0.0 51.2 51.2
VLM adapter 21.4 25.3 46.7
VLM adapter + R-GTAC 0.0 22.6 22.6
Anatomy teacher 5.8 3.8 9.5
Anatomy teacher + R-GTAC 0.0 5.4 5.4

Table 6: Top-1 error distribution beyond WST across
2560 query exposures. Values are reported in percent-
age (%). R-GTAC completely removes wrong same-
template errors while substantially lowering total error
rates, though some residual errors shift to other negative
candidates.

5.6 Counterfactual Rationale Deferral
Counterfactual rationale tests ask whether confi-
dence falls when rationale text conflicts with im-
age/template evidence. We summarize this behav-
ior as

Ccf = r(q, c;Rconflict)− r(q, c;Rnormal),

where Rnormal is anatomy-consistent and Rconflict

contradicts anatomy or template evidence. Defer-
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Figure 3: Risk-coverage behavior on the compound split.
Refusing the highest-risk cases improves answered-case
Top-1, but different readiness policies disagree under
compound shift. This is the empirical basis for treating
confidence calibration as a separate unsolved challenge
rather than assuming retrieval safety implies reliable
refusal.

ral is strong on severity and source splits, with v7
counterfactual-only AUROC 0.9602 and 0.9696
respectively. The compound split is harder: v9
counterfactual sensitivity AUROC is 0.7434 (v7
counterfactual-only AUROC 0.7438), and v6 stress-
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Split Policy AUROC ECE Full Top-1 Low-risk 25% Top-1

Severity High-precision deferral 0.9676 0.1336 0.6385 0.8667
Source High-precision deferral 0.9762 0.1080 0.6219 0.9187
Template High-precision deferral 0.9652 0.1351 0.6328 0.8438
Compound High-precision deferral 0.7698 0.1186 0.6359 0.8000
Compound Case uncertainty v9 0.7458 0.2366 0.6359 0.8500
Compound Conformal selective v9 0.7698 0.1585 0.6359 0.8000
Compound Counterfactual sensitivity v9 0.7434 0.1209 0.6359 0.7750

Table 7: Selective answering. Readiness works well on non-compound shifts. On the compound split, v9 improves
performance on the low-risk subset.

Expert focus n Align.

Bone-anchor dominant 56 0.547
Mixed anatomy focus 13 0.431
Valve/device ROI 12 0.373
Soft-tissue landmark 6 0.644
Weak/non-anatomy trace 1 0.238

Table 8: Private doctor-trace expert alignment. The
dominant category is bone-anchor reasoning, matching
the clinical motivation that stable structures such as
clavicle, spine, and vertebrae guide projection-image
interpretation.

gate deferral AUROC is 0.7245. This is the main
language-centered experiment: the rationale is an
intervention, and readiness should change when the
stated clinical reason conflicts with the image. If
changing the rationale leaves readiness unchanged,
the system is using language as decoration. If readi-
ness changes in the expected direction, the model’s
confidence is at least behaviorally coupled to the
stated clinical reason. This reframes explanation
evaluation as a behavioral test rather than a surface-
form plausibility score.

5.7 Private Doctor-Trace Expert Alignment

We use private fluoroscopy annotations only as an
expert-rationale alignment probe. Table 8 summa-
rizes the expert-focus distribution. Among 88 trace-
derived images, 56 are bone-anchor dominant, with
a mean alignment 0.547; the remaining groups are
mixed anatomy focus (13), ROI or valve/device
focus (12), soft-tissue or landmark focus (6), and
weak/non-anatomy trace (1). The robust observa-
tion is distributional: most traces point to stable
anatomy, supporting R-GTAC’s use of the clavicle,
spine, and vertebrae as rationale-bearing structures.
We do not use these traces to claim solved private
retrieval, outcome prediction, or deployment readi-
ness. The small soft-tissue landmark group has a

higher mean alignment score, but it contains only
six traces and should not be overinterpreted. The
more substantiated conclusion is that available ex-
pert traces frequently mark stable anchors, consis-
tent with the first-principles claim that anatomy is
needed to discount projection-template appearance.

6 Error Analysis

The main failure pattern is structural rather than
simply weak image-text capacity. Even anatomy-
teacher features can match the wrong same-
template candidate: in I = A+ T +G+Q+R,
raw VLM similarity often lets T and protocol-
correlated G dominate A and R. The failure at-
las indexes this behavior over source, template
family, severity, method, and fold. Its 1020 rows
include 480 compound-shift rows, 240 template-
family rows, 180 severity rows, and 120 source
rows. Figure 2 shows large wrong same-template
risk for several VLM-style feature rows and its
collapse after R-GTAC, separating shortcut safety
from ordinary Top-1. This is why the failure atlas is
more than a visualization of mistakes. It separates
two cases that conventional retrieval metrics con-
flate: raw or frozen VLM features can prefer shared
template appearance, while stronger anatomy fea-
tures can retrieve the correct anatomy more often
but still carry unsafe same-template errors. High
Top-1 is therefore not sufficient evidence of clinical
safety.

The compound split exposes the harder confi-
dence problem. R-GTAC can set WST to 0.0000
by explicitly penalizing same-template evidence,
but v9 case uncertainty still has compound AU-
ROC 0.7458 and ECE 0.2366. This non-linear
breakdown in confidence calibration suggests that
future medical VLMs need anatomy-preserving ge-
ometry invariance and anatomy-token-grounded
pre-training, not only larger contrastive encoders
or scalar confidence heads. In short, R-GTAC
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removes a known ranking shortcut; it does not
yet learn a complete anatomy-preserving geometry
model. A useful way to read the errors is through
the variables in I = A+T+G+Q+R. Source and
template-family shifts primarily stress T ; severity
and crop stress G; counterfactual rationales stress
R; private traces test whether A and R match what
experts mark. R-GTAC is strongest when the fail-
ure is dominated by T and enough A or R evidence
remains to support the positive. It is weakest when
T and G move together so that the same pair ap-
pears both protocol-novel and geometry-novel.

7 Discussion

Why benchmark this failure? Template short-
cuts are easy to miss because they can improve ap-
parent similarity. TIA-VL makes them measurable
with same-template hard negatives, counterfactual
rationales, and compound protocol splits. With-
out these counterfactual conditions, fluent text can
make acquisition-style matching appear clinically
grounded.

What does R-GTAC solve? R-GTAC addresses
retrieval safety: wrong same-template errors can
be eliminated across the main protocol splits and
strong VLM-style features. This does not imply
full anatomical understanding; it shows that a dan-
gerous shortcut can be diagnosed and corrected at
the ranking layer. It is a safety layer over existing
representations, not a replacement for anatomy-
aware pretraining or prospective validation.

What remains open? Confidence calibration un-
der compound shift remains open. When T and
G shift together, a scalar readiness head sees a
non-linear mixture of template novelty, crop/zoom
geometry, quality, and rationale conflict. TIA-VL
therefore tests whether a medical VLM’s rationale
is actually connected to confidence. The low-risk
subset can improve even when global risk ranking
remains imperfect, so retrieval safety and refusal
calibration must be reported separately.

Why is this an NLP/VLM contribution? The
benchmark is grounded in radiology, but the cen-
tral question is multimodal model behavior: can a
VLM distinguish a clinically meaningful rationale
from a protocol-correlated shortcut, lower confi-
dence when language conflicts with the image, and
defer when a fluent explanation is unsafe? TIA-
VL complements report retrieval and explanation-
quality benchmarks by testing whether rationales

are causally connected to confidence. The coun-
terfactual rationale is natural language used as an
intervention; the measured behavior is whether con-
fidence responds.

8 Conclusion

We introduced TIA-VL, a benchmark for template-
induced ambiguity, and R-GTAC, a plug-in anti-
shortcut calibration layer. Strong medical VLM
features can still rely on acquisition-template short-
cuts, while R-GTAC removes wrong same-template
errors across the tested protocol splits. The main
lesson is conservative: stronger encoders improve
clinical signal, but retrieval safety and refusal cali-
bration must still be measured separately. Medical
VLMs should be tested not only for answers and
rationales, but for when those rationales are unsafe.
TIA-VL asks whether apparent rationale support
survives anti-shortcut counterfactuals, and whether
the system knows when to defer under compound
protocol shift.

Limitations

TIA-VL is a chest projection-image benchmark and
does not establish generalization to abdomen, limb,
or non-radiographic imaging. It does not solve
CT-to-fluoroscopy registration, autonomous navi-
gation, or clinical deployment. Private traces are
expert-rationale signals rather than dense segmenta-
tions or outcome labels, and anatomy-teacher rows
should be read as oracle/reference rows. Readiness
scores are not calibrated clinical probabilities; un-
der compound shift, v9 case uncertainty still has
ECE 0.2366. Prospective blind physician review re-
mains necessary before any clinical-use claim. The
current work is therefore a benchmark and mecha-
nism study, not a deployable diagnostic system.

Ethical Considerations

This work studies medical AI safety under con-
trolled public benchmark conditions and retrospec-
tive private expert traces. The traces are used only
for expert-rationale alignment, not clinical outcome
claims. Private data are handled as de-identified
internal research artifacts and are reported only
through aggregate trace summaries; private image
pixels, case identifiers, and source clinical records
are not part of the public benchmark release. De-
ployment would require institutional review, pri-
vacy review, prospective validation, and physician-
in-the-loop evaluation. The benchmark should not
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be used to rank hospitals, clinicians, or patient pop-
ulations. Its intended use is model evaluation: ex-
posing shortcut behavior before any downstream
clinical study or deployment decision. Appendix A
consolidates artifact terms, anonymization bound-
aries, compute and package details, hyperparame-
ters, expert-trace ethics context, and AI-assistant-
use disclosure.
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A Responsible Research and
Reproducibility Details

Artifact licenses and terms of use. TIA-VL is
released as derived benchmark metadata, score
summaries, generated tables, and diagnostic figures.
It does not redistribute restricted source datasets,
private image pixels, private case identifiers, or
source clinical records. Source artifact records
tracked by the project include the following terms:
SCR/JSRT is used through its Zenodo release un-
der CC BY 4.0; Chest ImaGenome is governed by
credentialed PhysioNet access, CITI Data or Speci-
mens Only Research training, and a signed data-use
agreement; RadGenome-Anatomy is listed under
CC BY 4.0; CheXmask-U is listed under Apache-
2.0; and ARCADE is listed under CC0-1.0. Users
of any released benchmark rows remain responsi-
ble for satisfying the upstream dataset and model
terms, especially for credentialed resources such
as Chest ImaGenome and for any BioViL-T-style
model checkpoints or features.

Privacy and anonymization. Public datasets are
used in the form made available by their original
maintainers and are handled according to their re-
lease terms. Private expert traces are treated as de-
identified internal research artifacts and are used
only for aggregate rationale-alignment analysis.
The public release excludes private image pixels,
patient names, accession numbers, dates, source
clinical records, free-text private reports, and any
direct case identifiers. The paper reports only ag-
gregate trace counts and non-identifying alignment
summaries.

Consent, ethics review, and expert-trace context.
The private-trace component is retrospective and
observational: no new prospective clinical inter-
vention, crowdsourcing task, or paid participant-
recruitment study is reported. The traces are used
as expert rationale marks, not as outcome labels
or private retrieval benchmarks. Any applicable
approval, exemption, or consent-waiver determina-
tion is treated as institution-specific documentation.
Independent of that local review category, the pub-
lic benchmark is designed not to expose private
patient data.

Compute, hardware, model size, and software.
Heavy image preprocessing, encoder feature ex-
traction, and score-matrix generation were run
on a single NVIDIA A100 server. The reported
v6/v9 R-GTAC and readiness analyses are post-
hoc score-level experiments over exported score
matrices; they do not retrain the underlying im-
age encoder. Exact exploratory GPU-hours were
not fully logged, so the current artifact should be
read as reporting hardware class and pipeline stage
rather than a complete carbon or GPU-hour audit.
The local paper/artifact environment used Python
3.8.5 with NumPy 1.18.5, PyTorch 1.8.0, torchvi-
sion 0.9.0, Pillow 8.0.1, matplotlib 3.3.2, and scikit-
learn 0.23.2. The lightweight EmbCNN variants
contain 110,144 parameters for the one-channel
model and 110,944 parameters for the two-channel
model. The ResNet-50 backbone used for BioViL-
T-style feature extraction contains about 25.6M pa-
rameters before task-specific projection or wrapper
layers. The score-level R-GTAC gates and readi-
ness policies are lightweight post-hoc calibrators
rather than newly trained large VLMs.

Hyperparameters and thresholds. Core
TIA-Bench defaults use five folds, seed 2026,
image size 224, embedding dimension 128,
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30 epochs, batch size 64, learning rate 10−3,
contrastive temperature 0.1, hard-negative boost
0.5, and triplet margin 0.2. Additional default
loss and training settings are SWAD start fraction
0.5, Fishr weight 0.5, CNC weight 0.7, view-
adversarial weight 0.2 with adversarial lambda
1.0, residual lambda 0.05, factor-template weight
0.2, factor-orthogonality weight 0.05, teacher
and canonicalizer training for 12 epochs, teacher
distillation and rank weights of 0.5, and rank
temperatures of 0.07. For the v6/v9 score-level
release experiments, the held-out split families are
source, template family, severity, and compound;
each setting uses five folds and a stress-task limit
of 12. The searched calibration grids are α ∈
{−0.2,−0.1,−0.05, 0, 0.05, 0.1, 0.2, 0.3, 0.5}
and β ∈ {0, 0.02, 0.05, 0.1, 0.2, 0.3, 0.5, 0.8, 1.2}.
Policies are selected on training or stress folds with
a wrong-same-template target of 0.05. Low-risk
25% results use the lowest-risk quartile under
the selected readiness score, and answer/defer
thresholds are selected before evaluating the
held-out fold. The v9 readiness families are
base high-precision reference, case uncertainty,
conformal selective risk, counterfactual sensitiv-
ity, combo readiness, and combo-conservative
readiness.

AI-assistant-use disclosure. AI assistants were
used for code navigation, checklist drafting, word-
ing suggestions, and manuscript editing support.
The authors remain responsible for verifying the fi-
nal scientific claims, numbers, citations, code, and
wording. AI tools did not determine the research
claims, did not inspect private data independently,
and do not qualify for authorship.

B Benchmark Construction, Confound
Diagnostics, and Confidence Intervals

Table 9 provides the complete dataset scale and can-
didate construction details for TIA-VL. The bench-
mark comprises 160 original cases producing 640
variants across 4 template categories, evenly drawn
from RadGenome (80 cases / 320 variants) and
SCR-JSRT (80 cases / 320 variants). Each retrieval
query is evaluated against a 128-candidate pool
containing 3 anatomy-preserving positive views
(transformed views of the same original case) and
50 same-template hard negatives from different
cases, evaluated across 5 folds.

Table 10 details the confound diagnostics of
the benchmark construction. In chest projection

Benchmark Statistic Specification

Original patient cases 160
Generated image variants 640
Sources (RadGenome / SCR-JSRT) 80 / 80 cases
Template categories 4 (160 variants each)

Candidate pool size (N ) 128 per query
Anatomy-preserving positives (c+) 3 views
Same-template hard negatives (c−) 50 candidates
Evaluation protocols / Folds 4 splits / 5 folds

Table 9: Benchmark statistics and candidate pool con-
struction.

Diagnostic Axis Construction Observation Implication

Template × Source 80 RadGenome / 80 SCR-JSRT each Source-balanced
Source × Severity 240 standard / 80 severe each Not source-specific
Template × Severity Severe cases in square-zoom Protocol-linked
Template × Orientation Orientation fixed per template Bundled
Template × Crop Crop family fixed per template Bundled
Template × View View role tied to template Bundled

Table 10: Confound diagnostics for benchmark con-
struction.

imaging, template, crop family, orientation, view
role, and severity are naturally bundled or protocol-
linked rather than fully independent visual factors.
TIA-VL explicitly measures shortcut behavior un-
der these realistic protocol couplings, while en-
suring that data sources remain balanced across
template categories.

Table 11 reports 5-fold confidence intervals on
the hardest compound split. Reporting fold-level
confidence intervals provides variance information,
confirming that R-GTAC reliably removes wrong
same-template retrieval errors across different vali-
dation folds.

C Evidence Scope and Artifact
Provenance

Table 12 maps the paper’s main evidence types
to local exported artifacts. We include them for
three reasons. First, the main claim depends on a
failure mode rather than a single leaderboard num-
ber, so the reader should be able to check which
artifacts support retrieval safety, refusal behavior,
and expert-trace alignment. Second, several ex-
periments are negative or partially positive: they
show that stronger VLM features and stronger de-
ferral policies still leave open problems. Third,
the benchmark is intended as a release package, so
provenance matters as much as the final metric.
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Method Top-1 mean ± 95% CI Conditional WST mean ± 95% CI

BioViL-T frozen 0.0250 ± 0.0190 0.9693 ± 0.0165
BioViL-T + R-GTAC 0.4844 ± 0.0278 0.0000 ± 0.0000
VLM adapter 0.5328 ± 0.0817 0.4612 ± 0.0781
VLM adapter + R-GTAC 0.7781 ± 0.0316 0.0000 ± 0.0000
Anatomy teacher 0.9047 ± 0.0333 0.5594 ± 0.2340
Anatomy teacher + R-GTAC 0.9453 ± 0.0295 0.0000 ± 0.0000

Table 11: Fold-level confidence intervals on the compound split.

Evidence Domain Exported Artifact Diagnostic Purpose

Retrieval safety Release leaderboard; VLM compound
rows

Verifies shortcut elimination across source, template, and
compound shifts.

Gate mechanism Gate ablation summary; generated rows Isolates explicit anti-template penalty from auxiliary
OOD/dominance features.

Selective answering Readiness policy summary; generated
rows

Evaluates the gap between retrieval correction and refusal
calibration.

Failure atlas Failure-atlas CSV (1020 rows) Categorizes shortcut error patterns by split, method family,
and condition.

Expert traces Private-trace summary; generated rows Confirms clinical reasoning alignment with stable anatom-
ical anchors.

Table 12: Appendix provenance mapping the manuscript’s evidence domains to local exported artifacts.

D Validity and Leakage Audit

Table 13 states the validity checks that matter most
for interpreting WST = 0.0000. The concern
is legitimate: if the correction directly used the
evaluation template label, then eliminating wrong
same-template errors would be uninteresting. The
reported setting avoids that interpretation in three
ways. First, the benchmark split is defined before
method scoring, with held-out source, template-
family, severity, and compound conditions. Second,
WST is computed after ranking as an evaluation
statistic; it is not a training label for the reported
leaderboard rows. Third, the ablation table keeps a
bias-only penalty, fixed G-TAC, full learned gate,
and feature-removal variants separate, so the reader
can see that shortcut removal is not hidden inside a
single opaque system.

This audit also clarifies the role of the release
package. TIA-VL is not a single curated hard-
negative list optimized for R-GTAC. It contains
143 leaderboard rows, 1020 failure-atlas rows, 48
split-metric rows, and private trace-derived align-
ment examples. The multiple row types make it
possible to inspect whether a method improves ac-
curacy, removes the shortcut, improves selective
answering, or merely moves errors to a different
condition.

E Additional Retrieval and Gate
Ablations

The ablation results in Table 3 support a narrow
mechanism claim: explicit anti-template penalty
is the essential retrieval-safety component, while
richer features (protocol-OOD, composite-OOD,
and template dominance) remain primarily valu-
able for selective answering and refusal calibra-
tion. Once the ranking margin is dominated by a
same-template negative, a direct penalty reverses
the error if sufficient anatomical signal remains,
consistent with the margin view in Section 4.

The failure atlas complements this analysis by in-
dexing the exact structural errors made across splits.
Table 14 shows the split composition across 1020
failure rows. The compound block is intentionally
the largest (480 rows) because it stresses source,
template family, and severity simultaneously—the
exact regime where models risk being correct for
the wrong procedural reason. The atlas is therefore
not a post-hoc visualization used to select the best
method; it is a diagnostic table that separates ordi-
nary retrieval failure from a shortcut-driven wrong
same-template failure.
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Audit Concern Methodological Safeguard Integrity Risk Mitigated

Label leakage Target identity is withheld; pairwise scores are com-
puted prior to evaluation.

Prevents label lookup or oracle leakage dur-
ing ranking.

Template memorization Evaluation holds out unseen sources, template fam-
ilies, and compound shifts.

Ensures generalization under distribution
shift rather than memorization.

Optimization artifact WST serves strictly as a post-hoc diagnostic, not
an optimization objective.

Avoids metric gaming or masking shortcut-
driven errors.

Component opacity Evaluates isolated heuristic penalties, learned gates,
and feature ablations.

Disentangles explicit template penalty from
auxiliary OOD features.

Private data misuse Expert traces are used solely as alignment probes,
not as task labels or benchmarks.

Prevents unsubstantiated clinical deploy-
ment claims.

Table 13: Validity and leakage audit summary of evaluation safeguards.

Failure-atlas block Rows

Compound shift 480
Template-family shift 240
Severity shift 180
Source shift 120

Total 1020

Table 14: Failure-atlas composition. Compound shift
is emphasized because it is the hardest setting for both
retrieval and deferral.

F Expanded VLM Baseline
Interpretation

The VLM baseline experiments in Table 5 rule
out the alternative hypothesis that template short-
cuts naturally disappear with larger capacity: even
strong anatomy-supervised features retain substan-
tial same-template error rates before R-GTAC cali-
bration.

Table 15 explicitly defines the intended scientific
role and interpretation of each evaluated baseline
family, ensuring reference/oracle rows are not con-
flated with deployable claims.

For closed-source generalist VLMs, we define
a standardized prompt-based stress-test protocol
rather than reporting unverified API outputs, pre-
serving submission reproducibility.

G Selective Answering and Deferral
Details

The deferral experiments were designed after the
retrieval experiments because shortcut removal
does not imply calibrated confidence. Table 16
collects representative compound-shift rows from
the v7, v8, and v9 experiment series. The pat-
tern is deliberately mixed. High-precision deferral
and conformal-style reference policies can identify
many unsafe cases, but compound shift remains

less reliable than source, template-family, or sever-
ity shift alone. The v8 two-stage policy adds an
initial extreme-OOD stage, but it does not solve the
compound setting. The v9 case-uncertainty policy
improves the low-risk 25% subset to 0.8500 Top-1,
while AUROC remains 0.7458.

This is why the paper avoids claiming that R-
GTAC is a complete medical decision system. The
method can remove the measured wrong same-
template retrieval failure, but refusal calibration
still has a non-linear failure frontier when source,
template, severity, crop, and rationale conflict ap-
pear together. The appendix results strengthen
the main claim precisely because they are not
uniformly positive: they show where the method
works, where it is only partially effective, and what
remains open for future medical VLM evaluation.

H Public TIA Hard-Negative Examples

Figure 4 makes the benchmark comparison con-
crete. Each row keeps the same retrieval question:
the system should choose the anatomy-preserving
positive over a different-case hard negative. What
changes is the shortcut dimension that makes the
negative tempting: shared template, shared orienta-
tion, shared crop family, severe zoom/geometry, or
source-domain split. The examples use only public
benchmark variants; private expert traces are not
shown.

I Qualitative Failure Case

Figure 5 gives a public visual case distilled from
the failure-atlas and counterfactual-readiness exper-
iments, and Table 17 abstracts the same logic. The
goal is not to introduce a new metric, but to make
the failure mode easy to inspect. The same query
can look safe under a fluent VLM-style similarity
score, fail under protocol-like visual agreement,
recover when anatomy/rationale support is added,
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Baseline Family Benchmark Role Diagnostic Takeaway

BioViL-T frozen Frozen zero-shot image-text representations Tests off-the-shelf shortcut resistance; fails severely
under compound shift.

VLM adapter Standard fine-tuned feature adaptation Evaluates standard tuning; gains retrieval accuracy
but leaves high shortcut risk.

VLM adapter TAC Template-conditioned visual adapter Tests early template awareness; reduces bias but
cannot substitute score calibration.

Anatomy teacher Reference oracle with dense anatomical su-
pervision

Benchmarks anatomical signal headroom; confirms
calibration is still required.

VLM GTAC fusion High-capacity multi-feature fusion refer-
ence

Demonstrates that maximizing retrieval metrics
alone is insufficient for safety.

Table 15: Roles and diagnostic interpretations of expanded VLM-style baselines.

Series Compound policy AUROC AUPRC Full Top-1 Low-risk 25% Top-1 High-risk 25% unsafe

v7 High-precision deferral 0.7819 0.9856 0.6094 0.7656 0.9609
v7 Template-conflict refusal 0.6357 0.9400 0.6979 0.9167 0.8750
v8 Two-stage deferral 0.7488 0.9564 0.6359 0.7875 0.9125
v9 Base high-precision reference 0.7698 0.9785 0.6359 0.8000 0.9437
v9 Case uncertainty 0.7458 0.9334 0.6359 0.8500 0.8812
v9 Counterfactual sensitivity 0.7434 0.9583 0.6359 0.7750 0.9250

Table 16: Representative compound-shift deferral rows across experiment series. The low-risk subset can improve
before global risk ranking is solved.

and then become unsafe again when the stated ra-
tionale is counterfactually inconsistent. This is the
behavior that motivates the paper’s evaluation de-
sign.

The concrete case in Figure 5 is a held-out
SCR/JSRT query under the tight-landscape, high-
severity compound condition where fixed visual
scoring fails and the rationale-supported score
corrects the ranking. The logged row records
a stronger same-template shortcut score for the
wrong candidate than for the anatomy-positive tar-
get under fixed visual scoring, but a stronger ratio-
nale score for the anatomy-supported candidate.
This is the intended use of the atlas: it shows
the transition from template-familiar ranking to
anatomy-supported ranking without making a clin-
ical diagnosis claim.
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Diagnostic Stage Observed Model Behavior Mechanistic Interpretation

Raw VLM scoring Top candidate shares acquisition template with
query despite mismatched anatomy.

Template-induced shortcut: procedural
familiarity is mistakenly treated as clinical
signal.

R-GTAC calibration Anatomy/rationale support and template
penalty re-rank the true positive to top-1.

Validates that calibration exposes underlying
anatomical signals over spurious styles.

Counterfactual probe Conflicting rationale deliberately injected,
causing readiness risk to rise sharply.

Evaluates whether textual explanation acts as a
causal intervention rather than superficial text.

Selective answering The system reliably defers when ranking or
rationale fails under the counterfactual probe.

Disentangles ranking-level correction from
deployment-grade refusal calibration.

Table 17: Four-stage diagnostic breakdown of the qualitative failure case in Figure 5.

Level Query Anatomy positive Shortcut hard negative Shortcut tested

L1
same template

q: RadGenome subset
landscape_pan

moderate
c+: RadGenome subset

same case / portrait_zoom
moderate

c-: RadGenome subset
different case / landscape_pan

moderate

Hard negative shares the
full template appearance
with the query.

same template 1, same crop 1,
same orientation 1, same source 1

L2
same orientation

q: RadGenome subset
landscape_pan

moderate
c+: RadGenome subset
same case / square_shift

extreme
c-: RadGenome subset

different case / tight_landscape
high

Both images are landscape
views, but the negative is
a different case.

same template 0, same crop 0,
same orientation 1, same source 1

L3
same crop family

q: RadGenome subset
portrait_zoom

moderate
c+: RadGenome subset

same case / landscape_pan
moderate

c-: RadGenome subset
different case / portrait_zoom

moderate

The crop family matches
the query; in this release
it is tied to template
family.
same template 1, same crop 1,
same orientation 1, same source 1

L4
severe zoom

geometry q: RadGenome subset
landscape_pan

moderate
c+: RadGenome subset

same case / portrait_zoom
moderate

c-: RadGenome subset
different case / square_shift

extreme

A severe crop/shift can
make a wrong case look
deceptively aligned.

same template 0, same crop 0,
same orientation 0, same source 1

L5
source split

q: RadGenome subset
landscape_pan

moderate
c+: RadGenome subset

same case / portrait_zoom
moderate

c-: SCR/JSRT
different case / landscape_pan

moderate

The hard negative crosses
the public source domain
while preserving protocol
appearance.
same template 1, same crop 1,
same orientation 1, same source 0

Public TIA-VL examples: anatomy match versus protocol-style hard negative
Each row keeps the retrieval question fixed and changes which shortcut dimension the hard negative stresses.

Figure 4: Public TIA-VL examples for the five hard-negative dimensions. Each row shows a query, an anatomy-
positive candidate from the same case, and a shortcut hard negative from a different case. The five levels are a
cumulative inspection ladder, so dimensions can co-occur; for example, source-split negatives can also preserve
template appearance. In this release, crop family is generated by template family, so L3 should be read as a
crop/template shortcut rather than an independent visual factor.
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Qualitative TIA-VL failure case
A same-template hard negative beats the anatomy-positive under fixed visual scoring; rationale-grounded calibration restores the match.

(a) Query
JPCLN040, tight-landscape

image anatomy prior

(b) Fixed visual top
JPCLN070, same template

image anatomy prior

(c) R-GTAC top
JPCLN040, anatomy-positive

image anatomy prior

(d) Rationale probe

Fixed visual fails

same-template top
score 1.096 > 0.702

R-GTAC recovers

anatomy/rationale support
rank 1, top1=1

Defer signal

template-conflict rationale
wrong_top1=0; risk=0.387

Logged score trace
fixed positive 0.702

fixed shortcut 1.096

rationale support 1.472

R-GTAC positive 1.143

Fixed visual ranking picks the same-template negative
(top1=0, rank=9).

R-GTAC ranks the anatomy-positive candidate first;
readiness risk=1.109 in the compound audit.

Source: public SCR/JSRT unseen-template split, fold 4, compound stress task scr_jsrt|tight_landscape|high.

!

Figure 5: Public qualitative failure case from the SCR/JSRT unseen-template split. The query and the fixed-visual
top result share the tight-landscape template but correspond to different cases, producing a same-template hard-
negative error. R-GTAC instead ranks the anatomy-positive candidate first by using anatomy/rationale support.
A template-conflicting rationale then breaks the recovered match and produces a deferral signal, illustrating why
retrieval correction and counterfactual readiness are evaluated separately.
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