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Abstract. Extreme annotation scarcity shifts anatomical landmark de-
tection from fully supervised prediction toward template-based landmark
transfer. In this setting, average accuracy is not the only concern: mean
radial error can obscure the failure mode that matters most for down-
stream use, where a small number of severe landmark swaps may in-
validate measurements even when the average error remains competi-
tive. This paper studies one-shot hand X-ray landmark detection from
a reliability-oriented perspective under a strict protocol that uses one
labeled template and no unlabeled target images. Rather than propos-
ing a new full detector, we analyze Topology-Aware Foundation-Model
Matching (TAFM), an inference-time safeguard built on top of template-
only matching. TAFM estimates an image-specific anatomical prior from
coarse correspondences, uses the prior to constrain candidate scoring,
and gates local refinement against topology-inconsistent predictions. We
define reliability metrics that complement mean radial error, includ-
ing landmark-level severe-failure counts, image-level severe-case rates,
maximum per-image error, and review-trigger statistics. On the 300-
image Hand X-ray test split, TAFM achieves state-of-the-art perfor-
mance among the compared one-shot methods, reducing MRE from 1.655
mm to 1.340 mm compared with the reproduced FM-OSD baseline and
decreasing image-level > 20 mm severe failures from 13.33% to 1.67%.
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1 Introduction

Anatomical landmarks are compact geometric anchors for medical image inter-
pretation. They support diagnosis, growth assessment, registration initialization,
surgical planning, and longitudinal measurement [4,3,13,10]. Modern supervised
landmark detectors can achieve strong accuracy when abundant annotations are
available [10,16,18], but expert landmark annotation is slow, anatomically de-
manding, and difficult to scale across sites. This annotation barrier motivates
one-shot landmark detection, where landmarks are transferred from a template
image to a query image [15,11,14,17,9].

Foundation-model descriptors have substantially improved this one-shot set-
ting. In particular, FM-OSD uses frozen foundation-model features with global-
to-local matching and reports markedly better hand X-ray localization than
earlier template-only approaches [2,1,9]. However, the remaining errors are not
merely small localization noise. Because the template and a test image may
differ in pose, scale, bone maturity, projection, and repeated finger structures,
correspondence-based detectors can still assign a landmark to a visually similar
but anatomically wrong location. In hard cases, most landmarks can be reason-
able while a small number of severe swaps produce visibly unsafe predictions.

These outliers matter both clinically and statistically. Standard landmark
metrics include mean radial error (MRE) and successful detection rate (SDR)
[13,10]. However, MRE can be strongly affected by a few very large errors while
still hiding which images contain unsafe landmarks. In hand X-rays, a single
cross-finger or wrist-cluster swap can invalidate downstream measurements even
when the average error appears competitive. Thus, one-shot landmark detection
should reduce not only average MRE but also the tail errors that dominate
reliability risk and distort aggregate performance.

Topology provides a natural way to turn this reliability concern into a con-
crete constraint. Anatomical landmarks are not independent points: classical
active shape and appearance models used shape priors to keep configurations
plausible [4,3], and modern heatmap-regression methods also incorporate spatial
configuration or global structure so that local evidence is interpreted in anatom-
ical context [10,7]. This principle is especially relevant to hand X-rays, where
multiple phalangeal joints have similar local appearance but remain constrained
by finger order, relative spacing, and wrist-to-finger geometry. Once a topology
prior identifies a prediction as visually plausible but anatomically inconsistent,
the remaining question is how the system should respond. Reliability-oriented
prediction and selective prediction argue that models should expose high-risk
outputs rather than silently committing to every prediction [8,5,6], and medical
image quality-control mechanisms similarly aim to identify cases requiring ad-
ditional inspection [12]. For one-shot landmark transfer, these two lines of work
motivate a conservative strategy: keep the strong foundation-model matching
pipeline, but add an anatomical check that suppresses large correspondence er-
rors and flags topology-inconsistent local refinements.

This paper builds on the FM-OSD global-to-local structure and asks whether
topology-aware inference can suppress severe outliers without introducing a new
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heavy detector or changing the original branch training logic. The resulting
method, Topology-Aware Foundation-Model Matching (TAFM), estimates an
image-specific anatomical prior from coarse correspondences, uses the prior to
re-score global candidates, and accepts local refinement only when it remains
consistent with the estimated layout. When local evidence conflicts with the
topology prior, the method falls back to the topology-aware coarse point and
records a review trigger. This conservative design aims to improve TAFM on the
cases that most influence MRE and clinical reliability: rare but large landmark
mistakes.
The contributions are summarized as follows:

1. We introduce reliability metrics for one-shot landmark detection, including
severe landmark failures, image-level failure rates, maximum per-image error,
hard-case behavior, and review-trigger statistics.

2. We propose TAFM, which constrains foundation-model matching and local
refinement using an estimated anatomical prior, with the aim of reducing
severe swaps and the MRE impact of outliers.

3. We provide a hand-only reliability analysis showing that TAFM reaches the
strongest performance among the compared one-shot methods while sub-
stantially reducing severe-failure behavior.

2 Problem Setting

2.1 Template-Only Landmark Detection

Let I; be a single labeled template hand X-ray with landmark set P, = {p}¥,
where N = 37 for the Hand benchmark [10]. Given a query image I, the task is
to estimate the corresponding landmark set Pq = {p?}N . The strict template-
only protocol permits the method to use the template image and its annotation,
but it does not permit additional unlabeled target images for representation
learning, pseudo-labeling, registration training, or test-time adaptation.

This protocol represents a realistic low-resource setting: a clinician or op-
erator may provide one annotated reference case, while a model must assign
landmark identities in new cases without collecting a target cohort in advance.
It also stresses a different failure mode from standard supervised landmark detec-
tion. The main risk is not only small average error, but whether an anatomically
implausible correspondence is produced for a small subset of landmarks.

2.2 Severe Swaps as Reliability Failures

In template-only landmark detection, the main reliability risk is an identity-
preserving failure rather than ordinary local imprecision. A visually plausible
match may land on the wrong phalangeal joint or wrist structure, producing a
severe swap that is anatomically inconsistent with the rest of the hand. Such
errors are rare relative to all landmark predictions, but a single swapped land-
mark can dominate image-level measurements and make the case unsafe for
downstream use.
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Fig. 1. Overview of the proposed TopoKAN framework. A frozen DINO encoder ex-
tracts template and query features, Conv-KAN decoders densify global and local rep-
resentations.

A reliability-oriented detector should therefore reduce both average localiza-
tion error and the risk of anatomically implausible outliers. This distinction is
important because a method can improve typical landmarks while still leaving
a small number of unsafe correspondences unresolved.

3 Topology-Aware Foundation-Model Matching

The proposed method is Topology-Aware Foundation-Model Matching (TAFM).
It performs inference-time global-to-local template matching using the FM-OSD
structure as the underlying detector [9]. The design principle is conservative:
TAFM targets severe outliers without adding many trainable parameters or
modifying the global and local branch training logic. Instead, it estimates an
anatomical prior from the model’s own coarse predictions and uses this prior to
correct or flag unreliable matches at inference time.

3.1 Global and Local Matching Branches

We follow the FM-OSD global-to-local template matching structure [9]. Let ¢¢
denote the frozen global feature extractor followed by the official decoder. The
template and query feature maps are

FP =¢a(ly),  F{=o¢aly). (1)
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For landmark 4, the annotated template point p! is mapped to a feature-grid
coordinate u!, and its descriptor is matched against all query-grid locations u.
We use p for image-space points on the resized canvas and u for feature-grid
coordinates; the two are related by the fixed scaling induced by the decoder
stride, while millimetre conversion is applied only during metric computation.
The visual matching score is

s;(u) = cos (FqG(u), FtG(ui)) . (2)

A top-k candidate set C; = TopK,, (s;(u)) is filtered by bidirectional matching:
each query candidate is mapped back to the template feature map, and the
candidate whose reverse match is most consistent with u! is selected. After con-
verting the selected query-grid location to image coordinates, the global branch
outputs the coarse landmark pZ-G.

The local branch refines a coarse point by cropping around it and apply-
ing the official local decoder. In the original global-to-local pipeline, the crop is
centered on the global prediction p& and the local decoder outputs a displace-
ment correction. This refinement is useful when p¢ is already on the correct
anatomical structure, but it can also sharpen an incorrect correspondence if the
crop is centered on a visually similar wrong joint. This motivates treating local
refinement as a conditional update rather than an unconditional replacement.

Both branches keep the official FM-OSD training objective [9], which follows
the common heatmap-regression practice of supervising landmark responses with
Gaussian target maps [10]. For a training image feature map F and landmark
grid coordinate u;, the decoder is optimized so that the cosine-similarity response
from the landmark descriptor to the dense feature map approximates a Gaussian
heatmap,

=il

H; , (u) = exp ( ) , Si(u) = cos (F(u), F(u;)) . (3)

2
20},

The branch loss is the heatmap mean-squared error

N
im = 3 32 D (550) = Hi () @

where o}, is the heatmap bandwidth; a broader heatmap is used for the global
branch and a narrower heatmap for local crops. TAFM does not introduce an
additional training loss; it uses the trained responses in Eq. (2) and modifies
only inference-time candidate selection and fallback.

TAFM is placed around these two branches. The global and local feature
extractors, decoders, and training procedure remain unchanged. TAFM first uses
the original coarse set Pg = {pf}¥, to estimate a prior location p; for each
landmark, then produces a topology-aware coarse point p! by re-scoring the
global candidates, and finally obtains a topology-aware local proposal

pit =pl + AL (PD). (5)
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The final prediction p; is selected by the topology gate in Sec. 3.3. TAFM adds
only inference-time scoring and gating, keeps the parameter overhead negligible,
and targets rare but severe outlier landmarks.

3.2 Coarse Correspondence and Anatomical Prior

For each landmark, the template feature at the annotated position is matched
against query-image features to obtain a coarse candidate. A bidirectional check
improves correspondence consistency by requiring the query candidate to map
back near the original template landmark. However, bidirectional matching still
treats landmarks independently and may confuse visually similar structures.

To introduce structure, we estimate an image-specific anatomical prior from
the coarse landmark set. Let Pg = {p{}¥; be the coarse predictions. We fit an
affine transformation T'(p) = Ap + ¢ from the template landmarks to Pg using
residual trimming, producing an expected query location p; = T'(p!) for each
landmark. The corresponding feature-grid location is @; = II(p;), where IT is
the canvas-to-grid scaling map. This prior does not assume a fixed hand shape;
it estimates a coarse global layout for the current query image and downweights
candidates that are inconsistent with that layout:

[u — 3

: (6)

Sl(u) = 5 (U) - )‘pos p)
o

P
where s;(u) is the visual similarity score, @; is the prior location on the feature
grid, and o, is a fixed spatial bandwidth that controls how strongly the prior

penalizes distant candidates.

3.3 Topology-Gated Local Refinement

Local refinement can improve fine localization, but it can also amplify an in-
correct coarse match if the crop is centered on the wrong anatomical structure.
The safeguard therefore treats local refinement as conditional. A refined local
prediction pf’% is accepted only when it remains close to the prior location:
(2 _
pis P = pille >,

where p!” is the topology-aware coarse prediction and + is the gate threshold in
image-space pixels. This rule is intentionally conservative: when local evidence
conflicts with the estimated anatomical layout, the pipeline falls back to the
topology-aware coarse result. The same disagreement can also be interpreted as
a review trigger.

Algorithm 1 summarizes the inference procedure for TAFM. The algorithm
first obtains the original independent coarse matches Pg, fits a trimmed affine
prior from P; to Pg, and then re-scores each landmark candidate set using the
prior-aware score. Local refinement is applied only after the topology-aware
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Algorithm 1 Topology-aware bidirectional matching with reliability gate

1: Require: Template landmarks P;; global feature maps FC, FqG ; local decoder AF;
top-k; prior weight A\,os; bandwidth o,; gate threshold y

Ensure: Final predictions ]3q and review flags R

Initialize Pg <+ 0

for each landmark i = 1,..., N do

Compute s;(u) = cos(F (u), FF (ul)) as in Eq. (2)

Select C; < TopK,, (s;:(u))

Reverse-check each ¢ € C; against FC and keep the candidate returning closest to
u;

8: Add the image-coordinate coarse prediction p§ to Pg
9: end for
10: Fit a trimmed affine prior T'(p) = Ap +t from P; to Pq
11: for each landmark ¢ =1,..., N do
12: Compute prior location p; = T'(pt) and grid prior u;
13: Re-score candidates with §;(u) = si(u) — Apos||u — i3 /07
14: Apply top-k reverse checking with §; to obtain topology-aware coarse point p!
15: Run local refinement in a crop centered at p!” to obtain pI’” as in Eq. (5)
16: if ||p7* — pi]|2 < v then
17: ps — pFE, Ry <0
18: else
19: p; < pl  Ri 1 > fallback and review trigger
20: end if
21: end for
22: return P, = {p;}}\; and R = {R;},

coarse point p! is selected. The gate in Eq. (7) then determines whether the
refined point pf’% is accepted or replaced by pf’, while the binary flag R; records
whether the landmark should be treated as topology-inconsistent for reliability
analysis.

4 Reliability Metrics

We report conventional localization metrics only as context. The primary goal
is to characterize severe failures and review behavior.

Average localization. We report MRE and successful detection rate (SDR) at 2,
4, and 10 mm. These metrics allow comparison with prior Hand X-ray landmark
work but are not sufficient for reliability analysis.

Landmark-level severe failures. We count landmarks with error larger than
10mm and 20 mm over the full Hand test set. This directly measures the fre-
quency of large anatomical mistakes.
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Image-level severe failures. We report the percentage of test images containing at
least one landmark error larger than 10 mm or 20 mm. This estimates how often
a case would require attention before downstream measurements are trusted.

Maximum per-image error. For each test image, we compute the maximum
landmark error. We summarize the distribution using mean, median, and 95th
percentile. This highlights tail behavior that is hidden by MRE.

Review-trigger statistics. For topology-gated refinement, we report the num-
ber of accepted and rejected local refinements, the image-level rate of review-
triggered cases, and the recall of severe failures among triggered cases. For land-
mark 7, the review trigger is defined as

Ry =¥ [|pf* = pill2 > 1], (8)

and an image is review-triggered if any landmark in that image has R; = 1. A
prevented severe failure at threshold 7 € {10 mm, 20 mm} is counted when the
local prediction would be severe, the gate rejects it, and the final fallback is no
longer severe:

W [ei(p™) > T] )[Ry = 1] [e(pi) < 7]. (9)

These metrics evaluate whether the safeguard can act as a practical warning
signal rather than only an accuracy-improving post-processing step.

Hard-case distribution. To evaluate tail behavior without selecting only one
method’s failures, we form a symmetric hard-case subset. We take the union
of the top-20 test images ranked by per-image MRE for FM-OSD and the top-
20 images ranked by per-image MRE for the full safeguard. If the union contains
fewer than 40 unique images, the remaining images are selected by the average
per-image MRE of the two methods. This subset is used only for reliability anal-
ysis and visualization; the main quantitative claims remain based on the full test
split.

5 Experiments

5.1 Dataset and Protocol

We use the Hand X-ray benchmark [10], which contains 909 radiographs with 37
annotated landmarks. Image 10 is used as the template, and evaluation is per-
formed on the standard 300-image test split, giving 11,100 landmark predictions
per method. Predictions are made on the resized 840 x 640 canvas and converted
to millimeters using the dataset scale metadata.
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5.2 Compared Variants

All reproduced FM-OSD and TAFM variants use the official FM-OSD decoder
architecture and pretrained weights, so the comparison isolates the reliability ef-
fect of topology-aware matching and fallback from changes in model architecture.
We compare four variants:

— FM-0OSD Global: reproduced official FM-OSD global branch with stan-
dard bidirectional matching.

— FM-0SD: reproduced official FM-OSD global branch plus local crop refine-
ment.

— TAFM Global: TAFM coarse matching using a robust affine prior esti-
mated from standard coarse predictions; no local refinement is used in the
final output.

— TAFM: TAFM Global plus official FM-OSD local refinement and topology
gating. If the local prediction deviates from the fitted topology prior by more
than v, the method falls back to the topology-aware coarse point.

We also include the FM-OSD paper’s reported Hand results as reference rows
where applicable; outlier counts are reported only for reproduced predictions
because they require per-landmark outputs.

5.3 Implementation Details

We use the official FM-OSD global and local decoders for all reproduced and
TAFM variants, so the comparison isolates the effect of topology-aware inference
rather than architectural or training changes. The feature extractor is DINO
ViT-S/8 with key features from layer 8 [2]. Matching uses stride-4 features, an
840 x 640 input canvas, a load size of 224, and top-k = 5 bidirectional matching.
TAFM uses the same top-k setting with position weight Ao = 0.07, spatial
bandwidth o, = 38 pixels, robust affine trimming ratio 0.85, and topology-
gate threshold v = 80 pixels. All quantitative results are recomputed from per-
landmark predictions on the full test split.

6 Results

6.1 Full-Test Reliability

Table 1 reports conventional accuracy and severe-failure metrics on the full Hand
test split. The reproduced FM-OSD baseline confirms the value of local refine-
ment for average localization accuracy, but it also shows a key limitation: refin-
ing a local crop does not by itself remove severe correspondence errors inherited
from the global stage. This is the regime in which topology is most useful. TAFM
Global removes many anatomically implausible coarse matches even without lo-
cal refinement, showing that the fitted prior directly improves the reliability
of template matching. The full TAFM variant then combines this safer coarse
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Table 1. Reliability analysis on the Hand X-ray dataset. “Report” denotes values re-
ported by FM-OSD [9]; “Reproduce” denotes our official FM-OSD reproduction. Outlier
metrics are computed from per-landmark predictions and are therefore reported only
for reproduced methods.

Method Source Branch MRE| SDR@21 SDR@41 SDR@101|>10) >20J |Img. >10] Img. >20]
(mm) (%) (%) (%) count count (%) (%)
FM-OSD Global Report Global 1.86 76.75 96.60 99.13 - - - -
FM-OSD Report  Global+Local | 1.41 86.66 96.66 99.11 - - - -
FM-OSD Global Reproduce Global 1.992 72.74 94.89 99.23 86 79 15.00 13.33
FM-OSD Reproduce Global+Local| 1.655 83.76 96.23 99.24 84 79 14.67 13.33
TAFM Global Ours Global 1.690 72.94 95.23 99.72 31 25 3.67 2.33
TAFM Ours Global+Local | 1.340 84.21 96.71 99.74 29 23 3.67 1.67

stage with local refinement and conservative fallback, yielding the best overall
performance among the compared one-shot methods.

The relative pattern is more informative than the absolute MRE alone.
FM-OSD improves the center of the error distribution, whereas TAFM mainly
changes the tail: large landmark swaps become much rarer and severe cases con-
centrate in fewer images. This distinction supports the reliability-oriented design
of TAFM. The topology prior does not merely shift all predictions slightly closer
to the ground truth; it selectively suppresses anatomically implausible corre-
spondences that dominate failure risk.

Fig. 2 provides a qualitative view of this tail behavior on representative hard
cases. FM-OSD Global and FM-OSD can make isolated but severe finger-level
or wrist-level swaps, visible as long yellow displacement lines among otherwise
plausible landmarks. TAFM Global reduces many of these coarse mismatches
through the fitted anatomical prior, and TAFM preserves local refinement when
it agrees with the prior while falling back to the topology-aware coarse point
when the local prediction is unreliable.

Fig. 3 summarizes the per-image MRE distribution on the full 300-image test
split. FM-OSD Global and FM-OSD retain a heavier high-error tail, whereas
TAFM Global and TAFM shift the distribution downward. This pattern is con-
sistent with the table-level observation that the topology prior acts mainly on
difficult images rather than uniformly displacing all predictions.

6.2 Topology Gate as a Review Signal

Table 2 reports topology-gate behavior for TAFM at v = 80 pixels. The gate is
sparse: it rejects 12 of 11,100 local refinements and triggers 11 of 300 images.
Despite this low trigger rate, the triggered set captures 50% of images whose
pre-gate local prediction contains a > 20mm severe failure. The precision is
low because the gate is designed as a conservative warning signal rather than
a final diagnosis of error; in practice, triggered cases should be interpreted as
candidates for review. This tradeoff is expected because the gate triggers at the
landmark level but is evaluated at the image level: a single topology-inconsistent
refinement flags the whole case even when the remaining landmarks are accurate.
The operating point should therefore be chosen according to the cost asymmetry
between missing a severe failure and sending a safe case for review.
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FM-OSD Global TAFM Global

o @ o
MRE 8.32 mm

Fig. 2. Qualitative reliability examples on hard Hand X-ray test cases. Green and red
points denote ground truth and predictions, respectively, while yellow lines connect
corresponding landmarks. Compared with FM-OSD Global and FM-OSD, TAFM re-
duces severe landmark swaps by combining topology-aware coarse matching with local
refinement and fallback.

Table 2. Topology-gate behavior for TAFM. Severe images are defined on the pre-gate
local prediction pf'L; triggered images contain at least one rejected local refinement.

Setting Accepted  Rejected ‘Triggered Triggered Severe Severe Recall Recall Precision
landmarks landmarks images images (%) Img.>10 Img.>20 >10 >20 >20

v = 80 px 11088 12 11 3.67 10 4 0.20 0.50 0.18
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Fig. 3. Per-image MRE distribution on the 300-image Hand X-ray test set. Boxes show
the interquartile range, horizontal lines denote medians, diamonds denote means, and
jittered points show individual test images. TAFM compresses the high-error tail while
maintaining the central accuracy of the baseline.

6.3 Hard-Case Analysis

The hard-case subset is designed to evaluate tail behavior without favoring either
method. We take the union of the 20 test images with the largest per-image MRE
under FM-OSD and the 20 test images with the largest per-image MRE under
TAFM; if the union contains fewer than 40 unique images, the remaining cases
are filled by the average per-image MRE of the two methods. Table 3 reports
reliability on this 40-image subset. The column NV is the number of hard cases,
Mean MRE and Median MRE summarize the per-image average landmark error,
and Img.>10/Img.>20 give the percentage of hard cases containing at least one
landmark error above 10 mm or 20 mm.

The symmetric construction is important because the subset is the union
of failures from both FM-OSD and TAFM, rather than a cherry-picked set for
either method. The comparison shows that the hard subset is dominated by
severe swaps in the FM-OSD variants. Local refinement reduces average error
only modestly on this subset, and the image-level severe-failure rates remain
unchanged, indicating that local crops do not correct many inherited correspon-
dence mistakes. In contrast, TAFM Global substantially lowers both mean and
median hard-case error, showing that the topology prior directly improves coarse
matching. The full TAFM variant further benefits from local refinement after the
coarse prediction has been made more reliable, reducing mean MRE from 4.226
mm to 2.222 mm and reducing hard cases with > 20 mm failures from 67.5%
to 12.5%. This supports the main reliability claim: topology-aware inference is
most valuable in the difficult images where template-only matching produces
anatomically implausible outliers.

7 Discussion

The results support the reliability-oriented framing of template-only landmark
detection. FM-OSD improves average error over FM-OSD Global, but its severe-
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Table 3. Hard-case reliability on the Hand X-ray dataset. The subset contains 40
images selected symmetrically from FM-OSD and TAFM failures.

Method Branch N Mean MRE| Median MRE| Img.>10] Img.>20]
(mm) (mm) (%) (%)
FM-OSD Global Global 40 4.509 3.542 70.0 67.5
FM-OSD Global+Local 40 4.226 3.148 70.0 67.5
TAFM Global Global 40 2.619 1.932 22.5 17.5
TAFM Global+Local 40 2.222 1.674 17.5 12.5

failure counts remain close to the global-only baseline. This suggests that local
refinement alone does not eliminate anatomically implausible correspondences.
By contrast, TAFM Global substantially reduces severe outliers even without
local refinement, showing that a fitted anatomical prior can correct many coarse
swaps.

TAFM combines the complementary strengths of topology-aware matching
and local refinement. The method obtains state-of-the-art performance among
the compared one-shot Hand X-ray methods while also reducing the most severe
image-level failures. This is important because downstream measurements can
be invalidated by a single badly swapped landmark. The improvement in image-
level > 20 mm failures, from 13.33% to 1.67%, is therefore more informative for
reliability than the MRE gain alone.

The gate analysis should be interpreted as a review signal rather than a com-
plete failure detector. With v = 80 pixels, the gate rejects only 12 landmarks and
triggers 11 images, so it is intentionally sparse. Its recall for pre-gate > 20 mm
severe images is 0.50, indicating that topology disagreement can identify a mean-
ingful subset of high-risk cases. However, the current trigger is not sufficient as a
standalone quality-control system; future work should calibrate the gate thresh-
old and combine topology residuals with uncertainty or image-level confidence
scores.

Three limitations qualify the conclusions. First, all experiments use the Hand
X-ray benchmark and one fixed template, so template-selection sensitivity and
transfer to other anatomical sites remain to be tested. Second, TAFM relies on
a trimmed affine prior, which is appropriate for many global hand pose varia-
tions but may underfit anatomy with stronger articulated deformation; piece-
wise or nonrigid priors are natural extensions. Third, the topology gate uses
a fixed threshold v = 80 pixels. Per-landmark calibration or combination with
descriptor-level confidence may improve the precision of the review signal with-
out sacrificing recall for severe failures.

8 Conclusion

We presented a reliability-oriented formulation of one-shot anatomical land-
mark detection under extreme annotation scarcity. TAFM treats the most im-
portant failure mode as an inference-time reliability problem: an image-specific
anatomical prior re-scores global candidates, gates local refinement, and exposes
topology-inconsistent predictions for review. On the Hand X-ray benchmark,
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TAFM reduces MRE from 1.655 mm to 1.340 mm, image-level > 20 mm severe
failures from 13.33% to 1.67%, and hard-case mean MRE from 4.226 mm to 2.222
mm. These results show that lightweight topology-aware priors can improve the
tail reliability of foundation-model template matching without changing the de-
tector architecture or retraining the underlying branches.
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