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Abstract
Multimodal contrastive models are widely used
for bidirectional image-text retrieval (Radford
et al., 2021), but their rankings remain vulnera-
ble to attraction bias, where certain candidates
become hubs for many unrelated queries. Ex-
isting training-free normalization methods sup-
press such hubs (Chowdhury et al., 2024), but
may also penalize candidates that are genuinely
relevant. We propose GLOBE, a training-
free plug-in module that combines global-local
bias calibration with graph-based semantic evi-
dence to suppress unsupported hubs while pre-
serving true matches. Across MS-COCO and
Flickr30K, GLOBE improves diverse frozen
retrieval backbones, achieving up to 7.9% ab-
solute Recall@1 gain over the original model
and up to 5.2% over strong training-free base-
lines. We further construct IRB-COCO-500, a
mixed real-and-synthetic benchmark with AI-
generated near-positive distractors, and show
that GLOBE improves retrieval robustness in
this challenging setting.

1 Introduction

Contrastive vision-language models, pioneered by
CLIP, are standard for large-scale image-text re-
trieval. These dual-encoders learn a shared space
by aligning matched pairs and separating mis-
matched ones, enabling efficient similarity-based
retrieval (Radford et al., 2021; Zhou et al., 2022).
However, raw embedding similarities often yield
suboptimal ranking when downstream retrieval
requires distinguishing semantically similar can-
didates with fine-grained differences (Lin et al.,
2025). One important reason is hubness: in
high-dimensional embedding spaces, some candi-
dates become nearest neighbors for many unrelated
queries (Radovanović et al., 2010).

To mitigate hubness-induced errors, recent
training-free methods calibrate retrieval scores

*Equal contribution.
†Co-corresponding authors.

without updating parameters (Pan et al., 2025). QB-
Norm and DBNorm use query or gallery banks to
normalize hub-prone scores (Bogolin et al., 2022;
Wang et al., 2023b), Distribution Normalization
uses global reference statistics (Zhou et al., 2023),
and Nearest Neighbor Normalization (NNN) esti-
mates candidate-level bias from nearest reference
queries (Chowdhury et al., 2024). Beyond bias-
only normalization, neighborhood-based methods
such as CSLS (Lample et al., 2018), query ex-
pansion (Chum et al., 2007), and k-reciprocal re-
ranking (Zhong et al., 2017) exploit local structure
to refine retrieval.

Treating hubness as purely harmful is incom-
plete. As shown in Figure 1(L), the same high-
attraction candidate may be a spurious hub for one
query, such as the red-boxed candidate with re-
spect to q1, but a genuine match for another query,
such as q2. Bias-only correction cannot distinguish
these cases, since it penalizes candidates accord-
ing to their overall attraction and may exclude true
matches from top ranks.

We propose GLOBE, a training-free calibration
method that combines global-local bias correc-
tion with graph-based semantic evidence. GLOBE
operates on cached embeddings and requires no
model updates. Unlike bias-only calibration, it
uses neighborhood structure to determine whether
a high-scoring query-candidate pair is semanti-
cally supported, thereby suppressing unsupported
hubs while recovering true matches that would
otherwise be over-penalized. Figure 1(R) empir-
ically supports this design: under a CLIP ViT-
B/32 COCO setting, GLOBE recovers 178 of 461
(38.6%) ground-truth pairs degraded by bias-only
calibration, improving their average rank by 4.62.

We evaluate GLOBE on text-to-image and
image-to-text retrieval using Flickr30k and MS-
COCO (Plummer et al., 2015; Lin et al., 2014)
across CLIP, SigLIP, BLIP, ALBEF, and BEiT-3
backbones (Radford et al., 2021; Zhai et al., 2023;
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Figure 1: Motivation of GLOBE. (L) Hub-like candidates can be either spurious matches or true positives. (R)
GLOBE recovers ground-truth pairs pushed out of the top-K by bias-only calibration on CLIP+COCO.

Li et al., 2022, 2021; Wang et al., 2023a). GLOBE
improves retrieval accuracy over original models
and strong training-free baselines in multiple set-
tings. We further construct IRB-COCO-500, a hy-
brid real-synthetic benchmark featuring generated
images that align with coarse caption semantics
but lack original ground-truth identity, and show
that GLOBE improves robustness to AI-generated
near-positive distractors.

Our contributions are threefold: (1) we iden-
tify that bias-only hubness correction can over-
penalize true semantic matches; (2) we introduce
GLOBE, a training-free global-local graph calibra-
tion method for frozen image-text retrievers; and
(3) we demonstrate improvements on T2I/I2T re-
trieval, recovered-pair analysis, and robustness to
AI-generated near-positive distractors on our self-
constructed IRB-COCO-500 benchmark.

2 GLOBE: Global-Local Bias Calibration
with Graph Evidence

Given a query q and a candidate r, a contrastive
retriever computes a similarity score S(q, r), typi-
cally the dot product between normalized text and
image embeddings. GLOBE is a training-free post-
hoc calibration method operating on cached embed-
dings. As shown in Figure 2, it re-ranks candidates
by combining the original similarity, global-local
bias suppression, and graph-based semantic recov-
ery:

Ŝ(q, r) = N(S(q, r))− B(q, r) + G(q, r), (1)

where N(·) denotes query-wise min-max normal-
ization over the candidate list, B(q, r) penalizes
attraction bias, and G(q, r) restores neighborhood-
supported matches.

The bias term combines global candidate bias
and local candidate density:

B(q, r) = µN(bKg(r)) + λN(dm(r)). (2)

Here, bKg(r) is estimated from the top-Kg refer-
ence queries most similar to candidate r. The local
density term is

dm(r) =
1

|Am(r)|
∑

q′∈Am(r)

zq′(r), (3)

where Am(r) contains reference queries whose top-
m candidate list includes r, and zq′(r) is the local
z-score of r. Thus, bKg captures global attraction,
while dm captures repeated local over-density.

To avoid over-penalizing valid hub-like matches,
GLOBE computes graph evidence from the re-
trieval score matrix:

gQkq(q, r) =
∑

q′∈NQ
kq

(q)

wQ
qq′S(q

′, r),

gRkr(q, r) =
∑

r′∈NR
kr

(r)

wR
rr′S(q, r

′).
(4)

The recovery term is G(q, r) = ηqN(gQkq(q, r)) +

ηrN(gRkr(q, r)), where NQ
kq
(q) and NR

kr
(r) are the

nearest query and candidate neighborhoods, and
wQ, wR are normalized neighbor weights. Query-
side evidence checks whether neighboring queries
support r, while candidate-side evidence checks
whether candidates near r remain compatible with
q. Overall, GLOBE suppresses globally or locally
over-attractive candidates through B, while recov-
ering graph-supported semantic matches through
G.

3 Experiments and Ablations

3.1 Retrieval Accuracy of GLOBE
We evaluate GLOBE on standard text-to-image
(T2I) and image-to-text (I2T) retrieval benchmarks
using Flickr30k (Young et al., 2014) and MS-
COCO (Lin et al., 2014) in table 1 and table 2. Fol-
lowing prior training-free normalization work, we
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Figure 2: Overview of GLOBE. GLOBE calibrates frozen image-text retrieval scores by suppressing global
candidate and local density biases, while using query- and image-side graph evidence to recover relevant pairs.

Table 1: Text-to-image retrieval Recall@1 results on Flickr30k and COCO. Best results within each retrieval dataset
and model row are bolded.“ft.” indicates finetuned.

Flickr30k retrieval COCO retrieval

Model Orig. DN DBNorm NNN GLOBE Orig. DN DBNorm NNN GLOBE

CLIP ViT-B/32 56.52 60.42 (+3.9) 61.56 (+5.0) 62.92 (+6.4) 64.38 (+7.9) 30.24 32.35 (+2.1) 33.49 (+3.3) 36.80 (+6.6) 37.92 (+7.7)
SigLIP ViT-B/16 73.94 73.18 (-0.8) 75.96 (+2.0) 76.10 (+2.2) 76.68 (+2.7) 47.78 47.76 (+0.0) 49.67 (+1.9) 51.05 (+3.3) 51.50 (+3.7)
BLIP pretrained 67.02 69.20 (+2.2) 67.64 (+0.6) 70.28 (+3.3) 72.66 (+5.6) 44.87 48.79 (+3.9) 47.35 (+2.5) 51.61 (+6.7) 51.61 (+6.7)
BLIP ft. Flickr 82.54 80.16 (-2.4) 82.04 (-0.5) 83.44 (+0.9) 83.54 (+1.0) 54.68 53.83 (-0.9) 55.67 (+1.0) 57.74 (+3.1) 58.05 (+3.4)
BLIP ft. COCO 78.66 76.64 (-2.0) 79.02 (+0.4) 80.38 (+1.7) 80.58 (+1.9) 57.31 57.06 (-0.3) 58.31 (+1.0) 60.18 (+2.9) 60.24 (+2.9)
ALBEF ft. COCO 72.74 72.34 (-0.4) 74.34 (+1.6) 75.34 (+2.6) 75.66 (+2.9) 53.06 53.45 (+0.4) 54.36 (+1.3) 55.75 (+2.7) 55.74 (+2.7)
ALBEF ft.Flickr 78.62 76.74 (-1.9) 80.08 (+1.5) 79.74 (+1.1) 80.08 (+1.5) 49.52 50.15 (+0.6) 53.53 (+4.0) 53.07 (+3.6) 53.42 (+3.9)
BEiT3-base-itc 74.36 72.86 (-1.5) 75.42 (+1.1) 76.52 (+2.1) 77.54 (+3.2) 47.52 45.13 (-2.4) 47.96 (+0.4) 50.25 (+2.8) 50.79 (+3.3)
BEiT3 ft. Flickr 85.52 81.46 (-4.1) 84.52 (-1.0) 85.52 (+0.0) 85.50 (+0.0) 52.78 49.33 (-3.5) 52.57 (-0.2) 55.57 (+2.8) 56.01 (+3.2)
BEiT3 ft. COCO 82.16 78.80 (-3.4) 81.68 (-0.5) 82.94 (+0.8) 83.52 (+1.4) 61.38 58.76 (-2.6) 60.87 (-0.5) 61.79 (+0.4) 61.27 (-0.1)
BEiT3-large-itc 69.82 68.40 (-1.4) 71.94 (+2.1) 71.74 (+1.9) 72.12 (+2.3) 43.07 41.70 (-1.4) 45.81 (+2.7) 45.65 (+2.6) 45.86 (+2.8)
BEiT3 large ft. COCO 76.46 74.00 (-2.5) 77.40 (+0.9) 77.52 (+1.1) 77.58 (+1.1) 56.35 53.45 (-2.9) 55.43 (-0.9) 56.71 (+0.4) 56.91 (+0.6)
BEiT3 large ft. Flickr 77.74 74.16 (-3.6) 76.80 (-0.9) 77.84 (+0.1) 77.90 (+0.2) 47.98 45.70 (-2.3) 50.73 (+2.8) 50.00 (+2.0) 50.77 (+2.8)

compare against the original retriever, Distribution
Normalization (DN), DBNorm, and Nearest Neigh-
bor Normalization (NNN). For NNN, we use the
model-, dataset-, reference-, and retrieval-direction-
specific optimal hyperparameters reported in the
original NNN appendix, rather than re-tuning them.
The main tables report Recall@1, while complete
T2I and I2T results with Recall@5 and Recall@10
are provided in Appendix E and Appendix D, re-
spectively. We additionally evaluate CSLS and the
recent Dual Bank Sinkhorn Normalization (DBSN)
on CLIP and SigLIP; these complementary com-
parisons are reported in Appendix A.4.

Table 1 shows that GLOBE improves T2I re-
trieval across diverse backbones and datasets. On
CLIP ViT-B/32, GLOBE improves Recall@1 by
+7.86 on Flickr30K and +7.68 on COCO over the
original baseline, and also outperforms strong nor-
malization baselines. Table 2 reports similar trends
for I2T retrieval, where GLOBE yields larger gains
on pretrained backbones and smaller but consis-
tent improvements on strongly fine-tuned mod-
els whose Recall@1 is already close to saturation.

Fine-tuning and GLOBE are complementary rather
than competing: fine-tuning can remove much of
the representation error and leave less headroom
for post-hoc calibration, whereas GLOBE targets
remaining retrieval bias without updating model
parameters.

Additional comparisons with CSLS and the re-
cent DBSN baseline on CLIP and SigLIP show that
GLOBE achieves the best or tied-best Recall@1
across all evaluated settings (Appendix A.4).

These results indicate that GLOBE is not simply
a stronger hubness penalty: by combining global-
local bias suppression with graph consistency, it
suppresses unsupported hubs while preserving se-
mantically valid pairs.

Cross-dataset hyperparameter transfer. To
evaluate whether GLOBE requires target-specific
hyperparameter re-selection, we directly transfer
hyperparameters between Flickr30K and COCO
while retaining each target dataset’s own in-domain
reference bank.

As shown in Table 3, transferred hyperparame-
ters improve the original retriever in all 12 settings
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Table 2: Image-to-text retrieval Recall@1 results on Flickr30k and COCO. Best results within each retrieval dataset
and model row are bolded.“ft.” indicates finetuned.

Flickr30k retrieval COCO retrieval

Model Orig. DN DBNorm NNN GLOBE Orig. DN DBNorm NNN GLOBE

CLIP ViT-B/32 77.7 73.8 (-3.9) 78.1 (+0.4) 80.1 (+2.4) 81 (+3.3) 49.14 45.06 (-4.1) 49.3 (+0.2) 53.1 (+4.0) 53.86 (+4.7)
SigLIP ViT-B/16 88.9 84.7 (-4.2) 90.1 (+1.2) 91.1 (+2.2) 92.2 (+3.3) 65.72 60.1 (-5.6) 65.22 (-0.5) 69.96 (+4.2) 70.37 (+4.7)
BLIP pretrained 83 86.9 (+3.9) 88.4 (+5.4) 89.1 (+6.1) 90.2 (+7.2) 61.88 67.24 (+5.4) 68.74 (+6.9) 71.68 (+9.8) 72.18 (+10.3)
BLIP ft. Flickr 93.4 93.6 (+0.2) 95 (+1.6) 95.8 (+2.4) 95.9 (+2.5) 69.9 71.84 (+1.9) 73.1 (+3.2) 76.4 (+6.5) 76.8 (+6.9)
BLIP ft. COCO 90.8 90.8 (+0.0) 92.1 (+1.3) 92.8 (+2.0) 93 (+2.2) 75.76 77.34 (+1.6) 78 (+2.2) 79.1 (+3.3) 79.1 (+3.3)
ALBEF ft. COCO 86.6 84.7 (-1.9) 89.4 (+2.8) 89.5 (+2.9) 90.2 (+3.6) 71.42 70.1 (-1.3) 73.04 (+1.6) 74.1 (+2.7) 74.24 (+2.8)
ALBEF ft. Flickr 90.6 89.2 (-1.4) 91.4 (+0.8) 90.8 (+0.2) 91.6 (+1.0) 66.32 65.42 (-0.9) 71.7 (+5.4) 70.64 (+4.3) 71.7 (+5.4)
BEiT3-base-itc 90 87.1 (-2.9) 90.2 (+0.2) 92.1 (+2.1) 92.9 (+2.9) 59.74 60.54 (+0.8) 64.82 (+5.1) 69.34 (+9.6) 69.84 (+10.1)
BEiT3 ft. Flickr 95.6 93.5 (-2.1) 95.1 (-0.5) 95.3 (-0.3) 95.1 (-0.5) 71.02 65.64 (-5.4) 70.86 (-0.2) 74.9 (+3.9) 75.2 (+4.2)
BEiT3 ft. COCO 93.8 92.2 (-1.6) 94.5 (+0.7) 95.1 (+1.3) 95.2 (+1.4) 79.06 74.12 (-4.9) 78.04 (-1.0) 80.52 (+1.5) 80.24 (+1.2)
BEiT3-large 82.9 83.4 (+0.5) 87.2 (+4.3) 87 (+4.1) 87.5 (+4.6) 55.46 56.04 (+0.6) 62 (+6.5) 62.66 (+7.2) 62.98 (+7.5)
BEiT3 large ft. COCO 87.8 86.5 (-1.3) 89 (+1.2) 89 (+1.2) 89.8 (+2.0) 73.74 69.14 (-4.6) 74.94 (+1.2) 75.3 (+1.6) 75.66 (+1.9)
BEiT3 large ft. Flickr 88 87.9 (-0.1) 89.7 (+1.7) 89.9 (+1.9) 90.3 (+2.3) 63.28 61.26 (-2.0) 68.08 (+4.8) 67.98 (+4.7) 68.16 (+4.9)

Table 3: Cross-dataset transfer of GLOBE hyperparameters between Flickr30K and COCO. Each target uses its
own in-domain reference bank; “Target” and “Transfer” denote target-specific and transferred hyperparameters,
respectively.

Source → Target Model Dir. Orig. NNN Target Transfer

F30K → COCO CLIP T2I 30.24 36.80 37.92 37.46
F30K → COCO SigLIP T2I 47.78 51.05 51.50 51.02
F30K → COCO BEiT3-base T2I 47.52 50.25 50.79 50.43
COCO → F30K CLIP T2I 56.52 62.92 64.38 63.98
COCO → F30K SigLIP T2I 73.94 76.10 76.68 76.17
COCO → F30K BEiT3-base T2I 74.36 76.52 77.54 77.29

F30K → COCO CLIP I2T 49.14 53.10 53.86 53.29
F30K → COCO SigLIP I2T 65.72 69.96 70.37 70.06
F30K → COCO BEiT3-base I2T 59.74 69.34 69.84 69.40
COCO → F30K CLIP I2T 77.70 80.10 81.00 80.31
COCO → F30K SigLIP I2T 88.90 91.10 92.20 91.85
COCO → F30K BEiT3-base I2T 90.00 92.10 92.90 92.23

and outperform NNN in 11 of 12 settings, while
remaining only 0.46 R@1 points below target-
specific GLOBE on average.These results indicate
that target-specific selection improves peak accu-
racy but is not required to retain most of GLOBE’s
gains. Additional cross-model transfer results are
provided in Appendix B.4.

The nearest-neighbor operations in GLOBE can
be accelerated with Faiss; the corresponding run-
time analysis is provided in Appendix G.

3.2 Robustness to AI-generated Near-positive
Distractors

We further evaluate GLOBE under mixed real-
and-synthetic retrieval using IRB-COCO-500, a
stress test built from 500 COCO image-caption
pairs. For each real image, we generate one
SDXL image from the corresponding human cap-
tion and construct a hybrid gallery containing both
real images and caption-consistent synthetic near-
positives. We compare the original CLIP retriever,

NNN-calibrated retrieval, and GLOBE-calibrated
retrieval to test whether calibration preserves the
annotated real target without increasing preference
for AI-generated images.

Figure 3(L) shows a randomly sampled query
example. CLIP and NNN rank the paired AI-
generated counterpart ahead of the annotated real
image, while GLOBE promotes the true ground-
truth image and reduces the tendency to place the
generated image at the top of the list. Figure 3(R)
quantifies this behavior: GLOBE achieves the high-
est RealTop1Rate while obtaining the lowest Gen-
PreferenceRate, where GenPreferenceRate mea-
sures preference for AI-generated counterparts over
the real target.

We define RealTop1Rate as the fraction of
queries for which the annotated real COCO image
is ranked first, and GenPreferenceRate as the frac-
tion for which the paired AI-generated distractor is
ranked above the real target. Formal definitions are
provided in Appendix F.
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Figure 3: Robustness to AI-generated near-positive distractors. (L) Top-10 retrieval results for a randomly sampled
IRB-COCO-500 query under CLIP, NNN, and GLOBE. Red boxes mark the paired ground-truth image. (R)
Quantitative IRB-COCO-500 results.

Table 4: Ablation study of GLOBE components on text-
to-image retrieval using CLIP ViT-B/32.

Method Flickr30k COCO

R@1 ∆R@1 R@1 ∆R@1

Original 56.52 0.00 30.24 0.00
Global only 62.94 +6.42 36.51 +6.27
Local only 59.92 +3.40 35.13 +4.89
Graph only 56.68 +0.16 29.70 -0.54
Global + Local 62.98 +6.46 36.49 +6.25
Global + Graph 63.62 +7.10 36.05 +5.81
Local + Graph 59.92 +3.40 34.36 +4.12
Full GLOBE 64.38 +7.86 37.92 +7.68

3.3 Ablation Results
We conduct ablations on CLIP and SigLIP to assess
the contribution of each component in GLOBE. As
shown in Table 4, global bias calibration provides
the largest individual gain, confirming that broad
candidate attraction is a dominant failure mode. Lo-
cal density calibration also improves performance,
suggesting that retrieval bias is amplified by locally
dense candidate neighborhoods.

In contrast, graph evidence alone provides only a
small gain on Flickr30K (+0.16 R@1) and slightly
degrades COCO performance (-0.54 R@1). Since
graph evidence is computed on the uncalibrated
similarity space, high neighborhood connectivity
in hub-dominated regions may reflect popularity
bias rather than semantic consistency. Global-local
calibration first suppresses these distortions, mak-
ing graph evidence more reliable for recovering
semantically supported matches.

On CLIP, full GLOBE improves R@1 by +7.86
on Flickr30K and +7.68 on COCO over the original
baseline. These results show that global-local bias
calibration and graph-based semantic evidence are
complementary. Full ablation results on CLIP and
SigLIP are reported in Appendix C.

4 Conclusion

We presented GLOBE, a training-free global-local
graph calibration method for frozen image-text re-
trieval. By combining bias suppression with seman-
tic recovery, GLOBE mitigates hubness-induced er-
rors while preserving genuine cross-modal matches
that may otherwise be over-penalized by bias-only
correction. Across standard T2I/I2T benchmarks
and the mixed real-synthetic IRB-COCO-500 set-
ting, GLOBE improves retrieval accuracy and AI-
generated robustness without updating model pa-
rameters.
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5 Limitations

GLOBE is a training-free reranking method and
therefore depends on the quality of the frozen re-
triever and the reference set used for calibration.
If the reference distribution is substantially mis-
matched with the target retrieval setting, the es-
timated attraction bias may be less reliable and
the gain can be reduced. GLOBE also introduces
several calibration hyperparameters and additional
test-time computation for reference statistics and
graph evidence, although embeddings and statistics
can be cached in practice. Future work may explore
adaptive parameter selection and more memory-
efficient implementations for very large-scale re-
trieval. Graph evidence may also be unreliable
when visually similar but semantically incorrect
candidates form misleading neighborhoods. Such
false semantic support may cause an incorrect can-
didate to be promoted by the recovery term.

6 Ethical considerations

GLOBE does not generate new content, modify
input images or captions, or require additional user
data beyond frozen retrieval scores, embeddings,
and reference sets. However, reranking can af-
fect the visibility of retrieved items (Wang et al.,
2022; Berg et al., 2022). If the gallery or reference
set contains demographic, cultural, geographic, or
synthetic-data biases, GLOBE may inherit these bi-
ases or penalize genuinely relevant candidates that
are common in the reference distribution. There-
fore, the reference set should be selected carefully,
especially in provenance-sensitive or high-stakes
applications.

We construct IRB-COCO-500 as a small diag-
nostic benchmark derived from COCO to study ro-
bustness to AI-generated near-positive distractors.
The generated images are used for research evalua-
tion, not to claim that generated images are always
less relevant than real images. When sharing this
benchmark, we will report the construction proto-
col and avoid redistributing COCO images directly;
users should follow the original COCO/Flickr li-
censing terms. We do not collect new personal data,
and IRB-COCO-500 will be released as metadata,
prompts, generation seeds, scripts, and evaluation
code rather than redistributing original images. We
also avoid adding prompts, annotations, or meta-
data that intentionally contain personally identify-
ing or offensive content. GLOBE should be used
together with dataset auditing, provenance meta-

data, and human review in sensitive settings. We
report both positive and negative results to avoid
overstating the effectiveness of the method and to
support transparent evaluation.
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Appendix

A Baselines

Our main experiments compare GLOBE with three
training-free calibration baselines: Distribution
Normalization (DN), DBNorm, and Nearest Neigh-
bor Normalization (NNN). We additionally com-
pare with CSLS and DBSN on CLIP and SigLIP.

All methods operate on frozen image-text em-
beddings and do not update model parameters. Let
q denote a query, r denote a retrieval candidate,
and s(q, r) denote the original contrastive similar-
ity score, computed as the dot product or cosine
similarity between normalized embeddings.

A.1 Distribution Normalization(DN)
Distribution Normalization (DN) approximates
test-time softmax normalization by shifting em-
beddings using reference distribution statistics. In
practice, DN can be viewed as normalizing candi-
date scores with respect to their reference-query
score distribution. Given a reference query set Q̂,
we compute the mean and standard deviation of
scores assigned to candidate r:

µr =
1

|Q̂|
∑

q̂∈Q̂
s(q̂, r), (5)

σr =

√√√√ 1

|Q̂|
∑

q̂∈Q̂
(s(q̂, r)− µr)

2. (6)

The DN score is then

sDN(q, r) =
s(q, r)− µr

σr + ϵ
, (7)

where ϵ is a small constant for numerical sta-
bility. This correction penalizes candidates that
receive high scores from many reference queries,
while keeping the method efficient at inference
time. In the original formulation, DN is described
as a first-order approximation that normalizes em-
beddings by subtracting the mean reference embed-
ding.

A.2 DBNorm
DBNorm mitigates hubness by normalizing re-
trieval scores with respect to reference query and
gallery banks. We use the DualIS scoring func-
tion following prior work. Given a reference query
database Q̂and a reference candidate database R̂,
DBNorm computes two normalized scores:

ŝR̂q,r =
exp(β1s(q, r))∑
r̂∈R̂ exp(β1s(q, r̂))

(8)

ŝQ̂q,r =
exp(β2s(q, r))∑
q̂∈Q̂ exp(β2s(q̂, r))

(9)

The final DBNorm score is

sDBNorm(q, r) = ŝR̂q,r · ŝQ̂q,r (10)

Here, β1and β2 are temperature-like hyperpa-
rameters controlling the sharpness of the softmax
normalization. The R̂-side term calibrates query-
to-gallery competition, while the Q̂-side term pe-
nalizes candidates that are frequently preferred by
many reference queries. This formulation follows
the DualIS score used in DBNorm.

A.3 Nearest Neighbor Normalization(NNN)
Nearest Neighbor Normalization (NNN) estimates
a candidate-specific bias using only the nearest
reference queries. Let D be a reference query
database. For each candidate r, NNN selects the k
reference queries with the highest similarity to r:

Dtop k(r) = arg topkq′∈D s(q′, r). (11)

The candidate bias is computed as

b(r) = α · 1
k

∑

q′∈Dtop k(r)

s(q′, r), (12)

where k is the number of nearest reference
queries and α controls the strength of the bias cor-
rection. The normalized score is

sNNN(q, r) = s(q, r)− b(r). (13)

NNN therefore subtracts an additive candidate-
level penalty from the original score. Compared
with DBNorm, NNN only requires the top-k ref-
erence queries for each candidate and thus avoids
full softmax normalization over the entire reference
database.

A.4 Additional Neighborhood-Based and
Recent Baselines

CSLS. Cross-domain similarity local scaling
(CSLS) uses local neighborhood statistics to rescale
cross-modal similarities. Rather than applying a
candidate-level global penalty, CSLS accounts for
the average similarity of each representation to its
local cross-domain neighborhood, thereby reduc-
ing the preference for locally popular candidates.

45161



Model Setting Orig. CSLS DBSN GLOBE

CLIP COCO-I2T 49.14 53.50 52.82 53.86
CLIP COCO-T2I 30.24 35.99 37.70 37.92
CLIP F30K-I2T 77.70 80.60 80.10 81.00
CLIP F30K-T2I 56.52 63.46 63.78 64.38

SigLIP COCO-I2T 65.72 70.28 70.16 70.37
SigLIP COCO-T2I 47.78 51.50 50.85 51.50
SigLIP F30K-I2T 88.90 91.90 89.70 92.20
SigLIP F30K-T2I 73.94 75.98 75.78 76.68

Table 5: Additional R@1 comparison with CSLS and
DBSN on CLIP and SigLIP. F30K denotes Flickr30K.
Best results are bolded.

Relation to query expansion and k-reciprocal
re-ranking. Query-expansion methods refine a
retrieval representation using its high-ranked neigh-
bors, while k-reciprocal re-ranking exploits recip-
rocal nearest-neighbor relationships to refine pair-
wise distances or rankings. GLOBE uses neighbor-
hood structure for a different purpose. Its graph
term does not replace the original similarity with
a neighborhood-based representation or reciprocal
distance; instead, it acts as an additive semantic
recovery signal on top of explicit bias calibration.
Therefore, neighborhood consistency in GLOBE
is used to determine whether a hub-like match is
semantically supported, rather than serving as a
standalone re-ranking criterion.

NeighborRetr versus GLOBE. NeighborRetr
and GLOBE share the high-level observation that
hubness is not uniformly harmful. However, they
address this issue through different formulations.
NeighborRetr adjusts retrieval behavior by balanc-
ing hub centrality through neighbor relationships.
In contrast, GLOBE is a training-free post-hoc cal-
ibration method operating directly on frozen em-
beddings and similarity scores. It explicitly decom-
poses the calibrated score into bias suppression and
semantic recovery: global and local terms estimate
candidate attraction and repeated local over-density,
while graph evidence evaluates whether a query-
candidate match remains semantically supported.
Thus, the two approaches share a motivation but
differ in their calibration formulation and the role
assigned to neighborhood information.

Additional comparison with CSLS and DBSN.
GLOBE achieves the best Recall@1 in seven of
the eight evaluated settings and ties with CSLS on
SigLIP COCO T2I (table 5). These results sug-
gest that the gains of GLOBE are maintained when
compared with both neighborhood-based similarity

scaling and the recent DBSN method.

B Hyperparameter selection

Reference-set construction. Unless otherwise
specified, the reference bank is constructed by ran-
domly sampling 20% of the corresponding training
split using random seed 42. All calibration meth-
ods operate on frozen image-text embeddings and
similarity scores. Once the reference subset and
hyperparameters are fixed, the nearest-neighbor
operations and subsequent score calibration are de-
terministic.

B.1 DBNorm
For DBNorm, we use the DualIS scoring function
and tune its two temperature parameters β1 and β2
over the fixed grid

β1, β2 ∈ {0, 0.001, 0.01, 0.05, 0.1, 0.25, 0.5,
1, 5, 10, 25, 50, 100}.

The best configuration is selected according to Re-
call@1 for each model, target dataset, and retrieval
direction. For T2I retrieval, the reference query
and candidate banks are training captions and train-
ing images, respectively; for I2T retrieval, they are
training images and training captions. We compute
DualIS scores in log-space for numerical stability.

B.2 Nearest Neighbor Normalization(NNN)
For the NNN baseline, we do not perform addi-
tional hyperparameter search in our experiments.
Instead, we directly adopt the best hyperparame-
ters reported in the NNN paper (Chowdhury et al.,
2024). Specifically, for each model, retrieval di-
rection, target dataset, and reference dataset, we
use the corresponding optimal (α, k) selected by
the original NNN study. This protocol avoids re-
tuning NNN on our experimental setup and ensures
that GLOBE is compared against the strongest re-
ported NNN configuration for each setting. The
NNN hyperparameters used in our experiments are
summarized in Table 6.

B.3 GLOBE
For GLOBE, we perform a compact grid search
over the main hyperparameters in the global-local
bias term B(q, r) and the graph evidence term
G(q, r). The best configuration is selected accord-
ing to Recall@1 for each model, target dataset,
reference dataset, and retrieval direction. GLOBE
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Table 6: NNN hyperparameters used in our experiments. Each entry reports the pair (α, k). F/F, F/C, C/F, and C/C
denote target/reference pairs: Flickr/Flickr, Flickr/COCO, COCO/Flickr, and COCO/COCO, respectively. For each
model, retrieval direction, target dataset, and reference dataset, we use the best hyperparameters reported in the
NNN paper (Chowdhury et al., 2024) without additional search.

Model T2I / Image Retrieval I2T / Text Retrieval

F/F F/C C/F C/C F/F F/C C/F C/C

CLIP ViT-B/32 (0.75, 128) (0.75, 16) (0.5, 8) (0.75, 256) (0.75, 16) (0.5, 2) (0.5, 8) (0.75, 128)
SigLIP ViT-B/16 (0.75, 128) (0.5, 128) (0.5, 16) (0.75, 128) (0.5, 64) (0.75, 256) (0.25, 32) (0.75, 128)
BLIP ft. Flickr (0.5, 32) (0.25, 4) (0.5, 64) (0.75, 16) (0.75, 512) (0.75, 64) (0.75, 32) (0.75, 64)
BLIP ft. COCO (0.5, 16) (0.25, 4) (0.25, 4) (0.75, 64) (1, 512) (0.75, 16) (0.5, 16) (0.75, 32)
ALBEF ft. Flickr (0.75, 32) (0.25, 16) (0.5, 4) (0.75, 256) (0.25, 512) (0.25, 64) (0.5, 16) (0.75, 128)
ALBEF ft. COCO (0.75, 32) (0.5, 16) (0.25, 8) (0.75, 128) (0.75, 32) (0.5, 64) (0.25, 8) (0.75, 32)
BEiT-3 (0.75, 32) (0.5, 64) (0.25, 4) (0.75, 128) (0.75, 64) (0.5, 32) (0.5, 32) (0.75, 256)
BEiT-3 ft. Flickr (0.25, 8) (0.25, 64) (0.25, 4) (0.75, 256) (1, 32) (0.75, 4) (0.25, 16) (0.75, 256)
BEiT-3 ft. COCO (0.75, 16) (0.25, 2) (0.25, 32) (0.25, 128) (0.5, 32) (0.5, 4) (0.25, 4) (0.5, 8)
BEiT-3 Large (0.5, 256) (0.5, 32) (0.25, 32) (0.75, 128) (0.5, 64) (0.5, 512) (0.5, 16) (0.75, 512)
BEiT-3 Large ft. Flickr (0.5, 16) (0.25, 1) (0.25, 16) (0.75, 512) (0.5, 64) (0.75, 16) (0.5, 16) (0.75, 128)
BEiT-3 Large ft. COCO (0.5, 8) (0.25, 128) (0.25, 8) (0.5, 64) (0.5, 64) (0.75, 32) (0.25, 64) (0.5, 16)

Table 7: GLOBE search space. We fix m = 150, λ =
0.02, kq = 3, and kr = 10.

Term Param. Values

Global bias µ {0.1, 0.25, 0.375}
Global bias Kg {16, 32, 64, 128}
Query graph ηq {0, 0.05, 0.1, 0.15}
Cand. graph ηr {0.05, 0.1, 0.15, 0.2}

uses the same predefined search space across mod-
els for a consistent training-free comparison. In
all main experiments, we fix the local candidate
size m = 150, the local density weight λ = 0.02,
the query-side graph neighborhood size kq = 3,
and the candidate-side graph neighborhood size
kr = 10. We search four core hyperparameters:
the global bias strength µ, the global bias neigh-
borhood size Kg, the query-side graph evidence
weight ηq, and the candidate-side graph evidence
weight ηr.

The effective search grid contains

3× 4× 4× 4 = 192

configurations per target/reference setting, corre-
sponding to µ, Kg, ηq, and ηr. Tables 8 and 9
report the selected GLOBE hyperparameters for
the best Recall@1 result of each model in the I2T
and T2I main tables, respectively.

Although the main results use target-specific
configurations for peak performance, Sections 3.1
and B.4 show that most gains are retained without
target-specific hyperparameter re-selection.

B.4 Hyperparameter Transferability
Cross-model transfer. We further evaluate
whether a fixed hyperparameter configuration se-
lected on CLIP can transfer to other retrieval back-
bones. We directly apply the same CLIP-selected
configuration to SigLIP and BEiT3-base without
model-specific hyperparameter re-selection.

As shown in Table 10, the transferred configura-
tion improves all four original retrieval results and
remains within 0.26–0.73 R@1 points of target-
specific GLOBE, indicating that GLOBE’s hyper-
parameters are not tightly coupled to a particular
backbone.

C Full Ablation Results

Appendix C reports the full ablation results of
GLOBE on CLIP and SigLIP. We evaluate the
contribution of each component by comparing the
original retrieval score with variants using only
the global bias term, only the local density term,
only the graph evidence term, and their pairwise
combinations. The final row in each setting corre-
sponds to the full GLOBE model, which combines
global-local bias calibration with graph-based se-
mantic evidence. We report Recall@1, Recall@5,
Recall@10, and the absolute Recall@1 improve-
ment over the original model.

Tables 11 and 12 show that the global bias term
provides the largest individual gain in most settings,
confirming that attraction bias is a major source of
retrieval errors. The local and graph terms alone are
less consistently effective, but they improve perfor-
mance when combined with global calibration. In
particular, the full GLOBE model achieves the best
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Table 8: Selected GLOBE hyperparameters for the best Recall@1 result of each model in the I2T main table. For
each model, we select the target/reference setting with the highest GLOBE Recall@1. Here, Kg denotes the number
of reference queries used for global candidate-bias estimation.

Model Best setting Best R@1 µ Kg ηq ηr

CLIP ViT-B/32 Flickr/Flickr 81.00 0.375 16 0.10 0.10
SigLIP ViT-B/16 Flickr/Flickr 92.20 0.25 64 0.0 0.20
BLIP pretrained Flickr/Flickr 90.20 0.375 64 0.15 0.20
BLIP ft. Flickr Flickr/Flickr 95.70 0.25 64 0.10 0.20
BLIP ft. COCO Flickr/COCO 94.00 0.25 16 0.0 0.10
ALBEF ft. COCO Flickr/Flickr 90.20 0.375 128 0.15 0.15
ALBEF ft. Flickr Flickr/Flickr 91.60 0.10 16 0.15 0.05
BEiT3-base-itc Flickr/Flickr 92.90 0.25 64 0.10 0.10
BEiT3 Large Flickr/Flickr 87.50 0.25 32 0.0 0.15
BEiT3 Large ft. COCO Flickr/Flickr 89.80 0.10 16 0.10 0.15
BEiT3 Large ft. Flickr Flickr/Flickr 90.30 0.25 128 0.15 0.10

Table 9: Selected GLOBE hyperparameters for the best Recall@1 result of each model in the T2I main table. For
each model, we select the target/reference setting with the highest GLOBE Recall@1. Here, Kg denotes the number
of reference queries used for global candidate-bias estimation.

Model Best setting Best R@1 µ Kg ηq ηr

CLIP ViT-B/32 Flickr/Flickr 64.38 0.375 64 0.15 0.10
SigLIP ViT-B/16 Flickr/Flickr 76.68 0.375 64 0.15 0.10
BLIP pretrained Flickr/Flickr 72.66 0.375 64 0.00 0.20
BLIP ft. Flickr Flickr/Flickr 95.70 0.25 64 0.15 0.10
BLIP ft. COCO Flickr/COCO 94.00 0.25 16 0.00 0.10
ALBEF ft. COCO Flickr/Flickr 75.66 0.375 64 0.15 0.10
ALBEF ft. Flickr Flickr/Flickr 80.08 0.10 16 0.00 0.15
BEiT3-base-itc Flickr/Flickr 77.12 0.25 64 0.10 0.10
BEiT3 ft. Flickr Flickr/Flickr 85.50 0.25 64 0.10 0.15
BEiT3 ft. COCO Flickr/Flickr 83.52 0.375 32 0.10 0.10
BEiT3 Large Flickr/Flickr 72.12 0.25 32 0.15 0.15
BEiT3 Large ft. COCO Flickr/Flickr 77.58 0.25 32 0.10 0.15
BEiT3 Large ft. Flickr Flickr/COCO 78.20 0.10 64 0.15 0.05

Model Dir. Orig. NNN Target Transfer

SigLIP T2I 47.78 51.05 51.50 50.77
BEiT3-B T2I 47.52 50.25 50.79 50.21
SigLIP I2T 65.72 69.96 70.37 70.11
BEiT3-B I2T 59.74 69.34 69.84 69.47

Table 10: Cross-model transfer of a fixed CLIP-selected
GLOBE configuration on COCO. “Target” denotes
target-specific hyperparameter selection, while “Trans-
fer” uses the fixed CLIP-selected configuration without
model-specific re-selection.

or near-best Recall@1 across both Flickr30k and
COCO, indicating that graph-based evidence com-
plements bias suppression by recovering semanti-
cally supported pairs rather than simply penalizing
all hub-like candidates.

D Full I2T Results

Table 13,14,15,16,17,18,19,20,21,22,23,24,25 re-
ports the full image-to-text retrieval results on
Flickr30k and MS-COCO. In addition to the Re-

call@1 results summarized in the main paper,
we provide Recall@5 and Recall@10 to evalu-
ate retrieval quality beyond the top-ranked pre-
diction. We include all evaluated backbones:
CLIP ViT-B/32, SigLIP ViT-B/16, BLIP pretrained,
BLIP fine-tuned on Flickr30k, BLIP fine-tuned
on COCO, ALBEF fine-tuned on Flickr30k, AL-
BEF fine-tuned on COCO, BEiT3-base-itc, BEiT3
fine-tuned on Flickr30k, BEiT3 fine-tuned on
COCO, BEiT3-large-itc, BEiT3 Large fine-tuned
on Flickr30k, and BEiT3 Large fine-tuned on
COCO. For each model, we compare the original
retrieval score, DN, DBNorm, NNN, and GLOBE
under the same evaluation protocol as the main ex-
periments. The results show that GLOBE generally
improves or preserves Recall@5 and Recall@10
while producing the clearest gains at Recall@1, in-
dicating that the proposed graph-based calibration
mainly improves the precision of top-ranked predic-
tions without degrading broader retrieval quality.
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Table 11: Full Ablation Result of GLOBE on CLIP.

Backbone Target Ref Method R@1 R@5 R@10 ∆R@1

CLIP Flickr Flickr Original 56.52 81.38 87.72 0.00
CLIP Flickr Flickr Global only 62.94 86.24 92.02 6.42
CLIP Flickr Flickr Local only 59.92 83.42 89.66 3.40
CLIP Flickr Flickr Graph only 56.68 81.36 88.32 0.16
CLIP Flickr Flickr Global + Local 62.98 86.34 92.48 6.46
CLIP Flickr Flickr Global + Graph 63.62 86.36 92.14 7.10
CLIP Flickr Flickr Local + Graph 59.92 83.38 89.80 3.40
CLIP Flickr Flickr Full GLOBE 64.38 87.06 92.76 7.86
CLIP Flickr COCO Original 56.52 81.38 87.72 0.00
CLIP Flickr COCO Global only 61.76 84.40 90.90 5.24
CLIP Flickr COCO Local only 58.74 82.34 88.80 2.22
CLIP Flickr COCO Graph only 56.68 81.36 88.32 0.16
CLIP Flickr COCO Global + Local 60.86 84.12 90.60 4.34
CLIP Flickr COCO Global + Graph 62.32 85.16 91.20 5.80
CLIP Flickr COCO Local + Graph 58.44 82.38 88.86 1.92
CLIP Flickr COCO Full GLOBE 62.32 85.26 91.10 5.80
CLIP COCO Flickr Original 30.24 54.94 65.72 0.00
CLIP COCO Flickr Global only 32.37 57.37 68.33 2.13
CLIP COCO Flickr Local only 30.24 54.94 65.72 0.00
CLIP COCO Flickr Graph only 29.70 54.65 65.35 -0.54
CLIP COCO Flickr Global + Local 32.37 57.37 68.33 2.13
CLIP COCO Flickr Global + Graph 32.34 57.41 68.27 2.10
CLIP COCO Flickr Local + Graph 29.70 54.65 65.35 -0.54
CLIP COCO Flickr Full GLOBE 32.37 57.41 68.27 2.13
CLIP COCO COCO Original 30.24 54.94 65.72 0.00
CLIP COCO COCO Global only 36.51 62.03 72.17 6.27
CLIP COCO COCO Local only 35.13 60.54 70.94 4.89
CLIP COCO COCO Graph only 29.70 54.65 65.35 -0.54
CLIP COCO COCO Global + Local 36.49 62.03 72.32 6.25
CLIP COCO COCO Global + Graph 36.05 61.41 71.48 5.81
CLIP COCO COCO Local + Graph 34.36 59.78 70.22 4.12
CLIP COCO COCO Full GLOBE 37.92 63.21 73.33 7.68

E Full T2I Results

Table 26,27,28,29,30,31,32,33,34,35,36,37,38 re-
ports the full text-to-image retrieval results on
Flickr30k and MS-COCO. Beyond the Recall@1
results presented in the main paper, we include
Recall@5 and Recall@10 to examine whether
GLOBE improves retrieval performance across
broader ranking depths. We evaluate all back-
bones used in the main experiments, including
CLIP ViT-B/32, SigLIP ViT-B/16, BLIP pretrained,
BLIP fine-tuned on Flickr30k, BLIP fine-tuned
on COCO, ALBEF fine-tuned on Flickr30k, AL-
BEF fine-tuned on COCO, BEiT3-base-itc, BEiT3
fine-tuned on Flickr30k, BEiT3 fine-tuned on

COCO, BEiT3-large-itc, BEiT3 Large fine-tuned
on Flickr30k, and BEiT3 Large fine-tuned on
COCO. For each model, we compare the origi-
nal retrieval scores with DN, DBNorm, NNN, and
GLOBE under the same reference-database pro-
tocol as the main experiments. The results show
that GLOBE consistently improves top-ranked re-
trieval performance and generally maintains or im-
proves Recall@5 and Recall@10, suggesting that
the proposed calibration does not simply reorder
the first prediction but also preserves the quality of
the broader candidate list.
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Table 12: Full Ablation Result of GLOBE on SigLIP.

Backbone Target Ref Method R@1 R@5 R@10 ∆R@1

SigLIP Flickr Flickr Original 73.94 91.88 95.46 0.00
SigLIP Flickr Flickr Global only 75.50 92.96 95.94 1.56
SigLIP Flickr Flickr Local only 73.94 91.88 95.46 0.00
SigLIP Flickr Flickr Graph only 74.10 91.98 95.62 0.16
SigLIP Flickr Flickr Global + Local 75.50 92.96 95.94 1.56
SigLIP Flickr Flickr Global + Graph 76.68 93.44 96.14 2.74
SigLIP Flickr Flickr Local + Graph 74.10 91.98 95.62 0.16
SigLIP Flickr Flickr Full GLOBE 76.68 93.44 96.14 2.74
SigLIP Flickr COCO Original 73.94 91.88 95.46 0.00
SigLIP Flickr COCO Global only 74.10 91.94 95.40 0.16
SigLIP Flickr COCO Local only 73.94 91.88 95.46 0.00
SigLIP Flickr COCO Graph only 74.10 91.98 95.62 0.16
SigLIP Flickr COCO Global + Local 74.10 91.94 95.40 0.16
SigLIP Flickr COCO Global + Graph 75.24 92.78 95.70 1.30
SigLIP Flickr COCO Local + Graph 74.10 91.98 95.62 0.16
SigLIP Flickr COCO Full GLOBE 75.24 92.78 95.70 1.30
SigLIP COCO Flickr Original 47.78 72.43 81.03 0.00
SigLIP COCO Flickr Global only 47.93 72.17 80.82 0.15
SigLIP COCO Flickr Local only 47.78 72.43 81.03 0.00
SigLIP COCO Flickr Graph only 47.29 72.10 80.61 -0.49
SigLIP COCO Flickr Global + Local 47.93 72.17 80.82 0.15
SigLIP COCO Flickr Global + Graph 48.34 72.57 81.26 0.56
SigLIP COCO Flickr Local + Graph 47.29 72.10 80.61 -0.49
SigLIP COCO Flickr Full GLOBE 48.34 72.57 81.26 0.56
SigLIP COCO COCO Original 47.78 72.43 81.03 0.00
SigLIP COCO COCO Global only 51.05 75.09 83.19 3.27
SigLIP COCO COCO Local only 48.92 73.43 81.88 1.15
SigLIP COCO COCO Graph only 47.29 72.10 80.61 -0.49
SigLIP COCO COCO Global + Local 51.03 75.03 83.16 3.25
SigLIP COCO COCO Global + Graph 51.11 75.12 83.10 3.33
SigLIP COCO COCO Local + Graph 48.31 72.97 81.27 0.53
SigLIP COCO COCO Full GLOBE 51.50 75.32 83.42 3.72

F IRB-COCO-500 Dataset

We construct IRB-COCO-500 to evaluate retrieval
robustness in mixed real-and-synthetic galleries.
The benchmark is built from MS-COCO and con-
tains 500 query instances. For each selected COCO
image-caption pair, we keep the original COCO
image as the ground-truth candidate and gener-
ate one near-positive synthetic distractor from the
corresponding caption using Stable Diffusion XL
base 1.0 (Podell et al., 2023) through the Dif-
fusers StableDiffusionXLPipeline. Each syn-
thetic image is generated at 1024×1024 resolution
with 30 denoising steps, guidance scale 7.0, and a
deterministic per-sample seed 42 + pair_id.

Evaluation Metrics. For each query qi, let rreali

denote the original COCO ground-truth image and
rgeni denote the corresponding AI-generated dis-
tractor. Let πi(1) be the top-ranked image returned
by a retrieval method for query qi. We define
RealTop1Rate as the fraction of queries for which
the real COCO image is ranked first:

RealTop1Rate =
1

N

N∑

i=1

1
[
πi(1) = rreali

]
.

(14)
We define GenPreferenceRate as the fraction

of queries for which the generated distractor is
ranked above the real COCO image:
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Table 13: Full I2T results of different algorithms on
CLIP.

Model Target Ref. Method R@1 R@5 R@10

CLIP Flickr - Original 77.70 94.60 97.10
CLIP Flickr Flickr DN 73.80 91.50 95.40
CLIP Flickr Flickr DBNorm 78.10 94.10 96.80
CLIP Flickr Flickr NNN 80.10 94.30 97.10
CLIP Flickr Flickr GLOBE 81.00 94.40 97.20
CLIP Flickr COCO NNN 78.30 94.80 97.00
CLIP Flickr COCO GLOBE 78.20 94.40 97.00

CLIP COCO - Original 49.14 73.34 82.34
CLIP COCO COCO DN 45.06 71.26 80.42
CLIP COCO COCO DBNorm 49.30 74.44 83.02
CLIP COCO Flickr NNN 49.72 73.70 82.52
CLIP COCO Flickr GLOBE 50.08 73.64 82.02
CLIP COCO COCO NNN 53.10 75.92 83.64
CLIP COCO COCO GLOBE 53.86 76.94 84.14

Table 14: Full I2T results of different algorithms on
SigLIP.

Model Target Ref. Method R@1 R@5 R@10

SigLIP Flickr - Original 88.90 97.80 99.50
SigLIP Flickr Flickr DN 84.70 97.00 98.30
SigLIP Flickr Flickr DBNorm 90.10 98.30 99.00
SigLIP Flickr Flickr NNN 91.10 98.30 99.40
SigLIP Flickr Flickr GLOBE 92.20 98.50 99.30
SigLIP Flickr COCO NNN 90.90 98.00 99.40
SigLIP Flickr COCO GLOBE 91.60 98.20 99.20

SigLIP COCO - Original 65.72 85.44 91.22
SigLIP COCO COCO DN 60.10 82.62 89.54
SigLIP COCO COCO DBNorm 65.22 85.58 91.78
SigLIP COCO Flickr NNN 66.62 86.74 91.68
SigLIP COCO Flickr GLOBE 67.26 86.88 91.88
SigLIP COCO COCO NNN 69.96 88.18 92.94
SigLIP COCO COCO GLOBE 70.36 88.32 93.08

Table 15: Full I2T results of different algorithms on
BLIP pretrained.

Model Target Ref. Method R@1 R@5 R@10

BLIP pre. Flickr - Original 83.00 96.30 98.60
BLIP pre. Flickr Flickr DN 86.90 96.90 99.00
BLIP pre. Flickr Flickr DBNorm 88.40 97.30 99.00
BLIP pre. Flickr Flickr NNN 89.10 97.90 99.20
BLIP pre. Flickr Flickr GLOBE 90.20 97.90 98.90
BLIP pre. Flickr COCO NNN 85.00 97.00 98.90
BLIP pre. Flickr COCO GLOBE 86.20 97.00 98.80

BLIP pre. COCO - Original 61.88 85.44 92.08
BLIP pre. COCO Flickr DN 67.24 88.90 94.58
BLIP pre. COCO Flickr DBNorm 68.74 89.52 94.50
BLIP pre. COCO Flickr NNN 65.06 87.60 93.40
BLIP pre. COCO Flickr GLOBE 65.36 87.58 93.10
BLIP pre. COCO COCO NNN 71.68 90.68 95.30
BLIP pre. COCO COCO GLOBE 72.18 90.96 95.08

Table 16: Full I2T results of different algorithms on
BLIP ft. Flickr.

Model Target Ref. Method R@1 R@5 R@10

BLIP ft. F Flickr - Original 93.40 99.40 99.80
BLIP ft. F Flickr Flickr DN 93.60 99.50 99.90
BLIP ft. F Flickr Flickr DBNorm 95.00 99.80 100.00
BLIP ft. F Flickr Flickr NNN 95.80 99.80 100.00
BLIP ft. F Flickr Flickr GLOBE 95.70 99.50 99.90
BLIP ft. F Flickr COCO NNN 95.40 99.50 99.90
BLIP ft. F Flickr COCO GLOBE 95.40 99.60 100.00

BLIP ft. F COCO - Original 69.90 90.50 94.88
BLIP ft. F COCO Flickr DN 71.84 91.08 95.64
BLIP ft. F COCO Flickr DBNorm 73.10 91.88 95.84
BLIP ft. F COCO Flickr NNN 73.14 91.22 95.36
BLIP ft. F COCO Flickr GLOBE 73.06 91.00 95.28
BLIP ft. F COCO COCO NNN 76.40 92.86 96.12
BLIP ft. F COCO COCO GLOBE 76.80 92.94 96.18

GenPreferenceRate =
1

N

N∑

i=1

I
[
ranki(r

gen
i )

< ranki(r
real
i )

]
.

(15)
Here, N = 500 is the number of query instances
in IRB-COCO-500, and ranki(r) denotes the rank
position of candidate r for query qi, where a smaller
value indicates a higher rank.

The final gallery contains 500 real COCO im-
ages and 500 synthetic images, resulting in 1,000
candidate images. Since the generated images pre-
serve the coarse semantics of the query but do not
correspond to the original ground-truth image, they
serve as challenging near-positive distractors rather
than random negatives. We use IRB-COCO-500

to test whether retrieval methods can preserve the
true image-text match under synthetic visual inter-
ference.

Figure 4 shows representative examples from
IRB-COCO-500. For each query, we visualize the
original COCO ground-truth image and the corre-
sponding AI-generated distractor. The generated
images are often semantically close to the query
and share major objects, scenes, or actions with the
ground truth, which makes them strong distractors
for image-text retrieval. At the same time, they may
differ in fine-grained visual details, object identity,
spatial layout, or photographic realism.

For reproducibility, we will release the dataset
metadata, prompts, generation seeds, generation
script, and evaluation code.
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Table 17: Full I2T results of different algorithms on
BLIP ft. COCO.

Model Target Ref. Method R@1 R@5 R@10

BLIP ft. C Flickr - Original 90.80 98.70 99.60
BLIP ft. C Flickr Flickr DN 90.80 99.20 99.70
BLIP ft. C Flickr Flickr DBNorm 92.10 99.30 99.80
BLIP ft. C Flickr Flickr NNN 92.80 99.40 99.90
BLIP ft. C Flickr Flickr GLOBE 93.00 99.30 99.80
BLIP ft. C Flickr COCO NNN 93.80 99.00 99.90
BLIP ft. C Flickr COCO GLOBE 94.00 99.00 99.80

BLIP ft. C COCO - Original 75.76 93.80 96.62
BLIP ft. C COCO Flickr DN 77.34 93.68 96.88
BLIP ft. C COCO Flickr DBNorm 78.00 94.02 96.88
BLIP ft. C COCO Flickr NNN 77.50 93.58 96.70
BLIP ft. C COCO Flickr GLOBE 77.44 93.68 96.66
BLIP ft. C COCO COCO NNN 79.10 94.00 97.02
BLIP ft. C COCO COCO GLOBE 79.06 94.20 97.10

Table 18: Full I2T results of different algorithms on
ALBEF ft. COCO.

Model Target Ref. Method R@1 R@5 R@10

ALBEF ft. C Flickr - Original 87.50 98.20 99.50
ALBEF ft. C Flickr Flickr DN 84.90 97.70 99.00
ALBEF ft. C Flickr Flickr DBNorm 87.90 98.70 99.60
ALBEF ft. C Flickr Flickr NNN 89.70 98.60 99.50
ALBEF ft. C Flickr Flickr GLOBE 89.90 98.60 99.30
ALBEF ft. C Flickr COCO NNN 87.20 97.60 99.30
ALBEF ft. C Flickr COCO GLOBE 87.10 97.90 99.10

ALBEF ft. C COCO - Original 71.32 91.46 95.94
ALBEF ft. C COCO Flickr DN 70.12 90.94 95.68
ALBEF ft. C COCO Flickr DBNorm 72.36 91.62 96.20
ALBEF ft. C COCO Flickr NNN 71.76 91.62 96.20
ALBEF ft. C COCO Flickr GLOBE 71.68 91.50 95.94
ALBEF ft. C COCO COCO NNN 74.10 92.34 96.16
ALBEF ft. C COCO COCO GLOBE 74.08 92.32 96.24

Table 19: Full I2T results of different algorithms on
ALBEF ft. Flickr.

Model Target Ref. Method R@1 R@5 R@10

ALBEF ft. F Flickr - Original 90.60 98.60 99.90
ALBEF ft. F Flickr Flickr DN 89.20 98.70 99.40
ALBEF ft. F Flickr Flickr DBNorm 91.40 99.00 99.80
ALBEF ft. F Flickr Flickr NNN 90.80 98.70 99.80
ALBEF ft. F Flickr Flickr GLOBE 91.60 98.80 99.70
ALBEF ft. F Flickr COCO NNN 90.30 99.20 99.90
ALBEF ft. F Flickr COCO GLOBE 91.10 99.10 99.80

ALBEF ft. F COCO - Original 66.32 88.50 94.16
ALBEF ft. F COCO Flickr DN 54.80 80.44 89.18
ALBEF ft. F COCO Flickr DBNorm 67.38 88.84 94.56
ALBEF ft. F COCO Flickr NNN 67.54 88.86 94.60
ALBEF ft. F COCO Flickr GLOBE 67.34 88.90 94.38
ALBEF ft. F COCO COCO NNN 70.64 90.92 95.42
ALBEF ft. F COCO COCO GLOBE 71.66 90.96 95.54

Table 20: Full I2T results of different algorithms on
BEiT3-base-itc.

Model Target Ref. Method R@1 R@5 R@10

BEiT3-B ITC Flickr - Original 90.00 98.70 99.50
BEiT3-B ITC Flickr Flickr DN 87.10 97.70 98.90
BEiT3-B ITC Flickr Flickr DBNorm 90.20 98.60 99.70
BEiT3-B ITC Flickr Flickr NNN 92.10 98.60 99.60
BEiT3-B ITC Flickr Flickr GLOBE 92.90 98.70 99.70
BEiT3-B ITC Flickr COCO NNN 90.70 98.60 99.40
BEiT3-B ITC Flickr COCO GLOBE 90.90 98.60 99.40

BEiT3-B ITC COCO - Original 59.74 83.38 90.36
BEiT3-B ITC COCO COCO DN 60.54 83.14 89.94
BEiT3-B ITC COCO COCO DBNorm 64.82 86.70 92.08
BEiT3-B ITC COCO Flickr NNN 64.64 86.40 92.00
BEiT3-B ITC COCO Flickr GLOBE 65.08 86.22 92.04
BEiT3-B ITC COCO COCO NNN 69.34 87.98 93.04
BEiT3-B ITC COCO COCO GLOBE 69.84 87.98 93.20

G Runtime and Computational Cost

GLOBE is a training-free reranking method and
does not require model fine-tuning. We evaluate
runtime using cached image and text embeddings
and exclude the cost of feature extraction, since
the reranking stage operates only on frozen embed-
dings. Here, we focus on the post-hoc GLOBE
calibration module rather than separately report-
ing the base score-matrix computation. GLOBE
itself introduces no trainable parameters; the model
sizes are therefore those of the frozen off-the-shelf
image-text retrievers evaluated in our experiments.

Several components of GLOBE require nearest-
neighbor search. First, the global candidate-bias
term retrieves the top-kb reference queries for
each retrieval candidate. Second, the local den-
sity term estimates neighborhood statistics within
the top-ranked candidate set. Third, the query-side

and candidate-side graph evidence terms require
nearest-neighbor search over query embeddings
and candidate embeddings, respectively. With-
out acceleration, these steps require exhaustive
pairwise similarity search over the corresponding
embedding banks, which becomes expensive on
COCO-scale retrieval. We therefore use Faiss to
build vector indices over the reference-query, query,
and candidate embeddings, replacing exhaustive
all-pair neighbor search with indexed top-k re-
trieval. After these sparse neighborhoods are ob-
tained, GLOBE only performs lightweight score
aggregation for bias calibration and graph-evidence
computation.

The reported runtime should not be interpreted
as a strict linear scaling law with gallery size. In-
dex construction can be performed offline, while
online GLOBE operates on fixed-size retrieved
neighborhoods. For galleries beyond 100K can-
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Table 21: Full I2T results of different algorithms on
BEiT3 ft. COCO.

Model Target Ref. Method R@1 R@5 R@10

BEiT3 ft. C Flickr - Original 93.80 99.50 99.70
BEiT3 ft. C Flickr Flickr DN 92.20 99.10 99.70
BEiT3 ft. C Flickr Flickr DBNorm 94.50 99.50 99.90
BEiT3 ft. C Flickr Flickr NNN 95.10 99.40 99.80
BEiT3 ft. C Flickr Flickr GLOBE 95.10 99.60 99.80
BEiT3 ft. C Flickr COCO NNN 95.20 99.20 99.90
BEiT3 ft. C Flickr COCO GLOBE 94.50 99.10 99.90

BEiT3 ft. C COCO - Original 79.06 94.36 97.22
BEiT3 ft. C COCO Flickr DN 74.12 91.86 96.26
BEiT3 ft. C COCO Flickr DBNorm 78.04 93.94 97.10
BEiT3 ft. C COCO Flickr NNN 78.08 94.34 97.18
BEiT3 ft. C COCO Flickr GLOBE 78.18 94.32 97.22
BEiT3 ft. C COCO COCO NNN 80.52 94.56 97.38
BEiT3 ft. C COCO COCO GLOBE 80.24 94.20 97.10

Table 22: Full I2T results of different algorithms on
BEiT3 ft. Flickr.

Model Target Ref. Method R@1 R@5 R@10

BEiT3 ft. F Flickr - Original 95.60 99.50 100.00
BEiT3 ft. F Flickr Flickr DN 93.50 99.20 99.70
BEiT3 ft. F Flickr Flickr DBNorm 95.10 99.60 99.90
BEiT3 ft. F Flickr Flickr NNN 95.30 99.80 99.90
BEiT3 ft. F Flickr Flickr GLOBE 95.10 99.70 99.90
BEiT3 ft. F Flickr COCO NNN 95.60 99.70 100.00
BEiT3 ft. F Flickr COCO GLOBE 95.70 99.70 100.00

BEiT3 ft. F COCO - Original 71.02 90.14 94.42
BEiT3 ft. F COCO Flickr DN 65.64 87.40 93.04
BEiT3 ft. F COCO Flickr DBNorm 70.86 89.64 94.66
BEiT3 ft. F COCO Flickr NNN 71.22 89.16 94.16
BEiT3 ft. F COCO Flickr GLOBE 70.42 88.56 93.80
BEiT3 ft. F COCO COCO NNN 74.90 90.62 94.98
BEiT3 ft. F COCO COCO GLOBE 75.20 90.76 95.04

Table 23: Full I2T results of different algorithms on
BEiT3 Large.

Model Target Ref. Method R@1 R@5 R@10

BEiT3-L Flickr - Original 82.90 95.10 96.80
BEiT3-L Flickr Flickr DN 83.40 94.20 96.50
BEiT3-L Flickr Flickr DBNorm 87.20 95.70 97.60
BEiT3-L Flickr Flickr NNN 87.00 95.80 97.40
BEiT3-L Flickr Flickr GLOBE 87.50 95.80 97.50
BEiT3-L Flickr COCO NNN 86.70 95.20 97.50
BEiT3-L Flickr COCO GLOBE 87.10 95.30 97.60

BEiT3-L COCO - Original 55.46 78.56 86.16
BEiT3-L COCO Flickr DN 44.26 68.96 79.10
BEiT3-L COCO Flickr DBNorm 59.14 81.36 88.24
BEiT3-L COCO Flickr NNN 59.18 81.64 88.14
BEiT3-L COCO Flickr GLOBE 59.44 81.24 88.10
BEiT3-L COCO COCO NNN 62.66 83.12 89.36
BEiT3-L COCO COCO GLOBE 62.98 83.08 89.18

Table 24: Full I2T results of different algorithms on
BEiT3 Large ft. COCO.

Model Target Ref. Method R@1 R@5 R@10

BEiT3-L ft. C Flickr - Original 87.80 97.50 98.20
BEiT3-L ft. C Flickr Flickr DN 86.50 95.30 97.70
BEiT3-L ft. C Flickr Flickr DBNorm 89.00 97.50 98.70
BEiT3-L ft. C Flickr Flickr NNN 89.00 97.80 98.70
BEiT3-L ft. C Flickr Flickr GLOBE 89.80 97.70 98.50
BEiT3-L ft. C Flickr COCO NNN 87.80 97.40 98.50
BEiT3-L ft. C Flickr COCO GLOBE 88.90 97.80 98.50

BEiT3-L ft. C COCO - Original 73.74 90.78 94.92
BEiT3-L ft. C COCO Flickr DN 59.78 82.88 89.64
BEiT3-L ft. C COCO Flickr DBNorm 73.30 91.00 95.04
BEiT3-L ft. C COCO Flickr NNN 74.36 91.22 95.28
BEiT3-L ft. C COCO Flickr GLOBE 74.54 91.06 95.18
BEiT3-L ft. C COCO COCO NNN 75.30 91.16 95.34
BEiT3-L ft. C COCO COCO GLOBE 75.66 91.16 95.26

Table 25: Full I2T results of different algorithms on
BEiT3 Large ft. Flickr.

Model Target Ref. Method R@1 R@5 R@10

BEiT3-L ft. F Flickr - Original 88.00 96.70 98.20
BEiT3-L ft. F Flickr Flickr DN 87.90 96.50 97.80
BEiT3-L ft. F Flickr Flickr DBNorm 89.70 97.10 98.40
BEiT3-L ft. F Flickr Flickr NNN 89.90 97.30 98.50
BEiT3-L ft. F Flickr Flickr GLOBE 90.30 97.20 98.40
BEiT3-L ft. F Flickr COCO NNN 89.00 97.00 98.10
BEiT3-L ft. F Flickr COCO GLOBE 89.20 96.90 98.20

BEiT3-L ft. F COCO - Original 63.28 84.38 90.84
BEiT3-L ft. F COCO Flickr DN 53.18 76.76 84.98
BEiT3-L ft. F COCO Flickr DBNorm 64.68 84.68 91.02
BEiT3-L ft. F COCO Flickr NNN 64.80 85.00 91.14
BEiT3-L ft. F COCO Flickr GLOBE 64.80 85.06 91.16
BEiT3-L ft. F COCO COCO NNN 67.98 86.72 91.72
BEiT3-L ft. F COCO COCO GLOBE 68.16 86.74 92.08

Table 26: Full T2I results of different algorithms on
CLIP ViT-B/32.

Model Target Ref. Method R@1 R@5 R@10

CLIP Flickr - Original 56.52 81.38 87.72
CLIP Flickr Flickr DN 60.42 84.18 90.30
CLIP Flickr Flickr DBNorm 61.56 84.60 90.58
CLIP Flickr Flickr NNN 62.92 86.46 91.94
CLIP Flickr Flickr GLOBE 64.38 87.06 92.76
CLIP Flickr COCO NNN 61.76 85.16 90.84
CLIP Flickr COCO GLOBE 62.32 85.26 91.10

CLIP COCO - Original 30.24 54.94 65.72
CLIP COCO Flickr DN 32.35 58.12 68.84
CLIP COCO Flickr DBNorm 33.49 59.07 69.53
CLIP COCO Flickr NNN 32.78 57.98 68.60
CLIP COCO Flickr GLOBE 32.34 57.41 68.27
CLIP COCO COCO NNN 36.80 62.25 72.42
CLIP COCO COCO GLOBE 37.92 63.21 73.33
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Table 27: Full T2I results of different algorithms on
SigLIP ViT-B/16.

Model Target Ref. Method R@1 R@5 R@10

SigLIP Flickr - Original 73.94 91.88 95.46
SigLIP Flickr Flickr DN 73.18 91.50 94.70
SigLIP Flickr Flickr DBNorm 75.96 92.88 96.06
SigLIP Flickr Flickr NNN 76.10 93.22 96.18
SigLIP Flickr Flickr GLOBE 76.68 93.44 96.14
SigLIP Flickr COCO NNN 75.44 92.66 95.92
SigLIP Flickr COCO GLOBE 75.24 92.78 95.70

SigLIP COCO - Original 47.78 72.43 81.03
SigLIP COCO COCO DN 47.76 72.47 80.83
SigLIP COCO COCO DBNorm 49.67 73.97 82.17
SigLIP COCO Flickr NNN 49.26 73.44 81.84
SigLIP COCO Flickr GLOBE 48.34 72.57 81.26
SigLIP COCO COCO NNN 51.05 74.90 83.10
SigLIP COCO COCO GLOBE 51.50 75.32 83.42

Table 28: Full T2I results of different algorithms on
BLIP pretrained.

Model Target Ref. Method R@1 R@5 R@10

BLIP pre. Flickr - Original 83.00 96.30 98.60
BLIP pre. Flickr Flickr DN 86.90 96.90 99.00
BLIP pre. Flickr Flickr DBNorm 88.40 97.30 99.00
BLIP pre. Flickr Flickr NNN 89.10 97.90 99.20
BLIP pre. Flickr Flickr GLOBE 90.20 97.90 98.90
BLIP pre. Flickr COCO NNN 85.00 97.00 98.90
BLIP pre. Flickr COCO GLOBE 86.20 97.00 98.80

BLIP pre. COCO - Original 61.88 85.44 92.08
BLIP pre. COCO COCO DN 67.24 88.90 94.58
BLIP pre. COCO COCO DBNorm 68.74 89.52 94.50
BLIP pre. COCO Flickr NNN 65.06 87.60 93.40
BLIP pre. COCO Flickr GLOBE 65.36 87.58 93.10
BLIP pre. COCO COCO NNN 71.68 90.68 95.30
BLIP pre. COCO COCO GLOBE 72.18 90.96 95.08

Table 29: Full T2I results of different algorithms on
BLIP ft. Flickr.

Model Target Ref. Method R@1 R@5 R@10

BLIP ft. F Flickr - Original 93.40 99.40 99.80
BLIP ft. F Flickr Flickr DN 93.60 99.50 99.90
BLIP ft. F Flickr Flickr DBNorm 95.00 99.80 100.00
BLIP ft. F Flickr Flickr NNN 95.80 99.80 100.00
BLIP ft. F Flickr Flickr GLOBE 95.70 99.50 99.90
BLIP ft. F Flickr COCO NNN 95.40 99.50 99.90
BLIP ft. F Flickr COCO GLOBE 95.40 99.60 100.00

BLIP ft. F COCO - Original 69.90 90.50 94.88
BLIP ft. F COCO COCO DN 71.84 91.08 95.64
BLIP ft. F COCO COCO DBNorm 73.10 91.88 95.84
BLIP ft. F COCO Flickr NNN 73.14 91.22 95.36
BLIP ft. F COCO Flickr GLOBE 73.06 91.00 95.28
BLIP ft. F COCO COCO NNN 76.40 92.86 96.12
BLIP ft. F COCO COCO GLOBE 76.80 92.94 96.18

Table 30: Full T2I results of different algorithms on
BLIP ft. COCO.

Model Target Ref. Method R@1 R@5 R@10

BLIP ft. C Flickr - Original 90.80 98.70 99.60
BLIP ft. C Flickr Flickr DN 90.80 99.20 99.70
BLIP ft. C Flickr Flickr DBNorm 92.10 99.30 99.80
BLIP ft. C Flickr Flickr NNN 92.80 99.40 99.90
BLIP ft. C Flickr Flickr GLOBE 93.00 99.30 99.80
BLIP ft. C Flickr COCO NNN 93.80 99.00 99.90
BLIP ft. C Flickr COCO GLOBE 94.00 99.00 99.80

BLIP ft. C COCO - Original 75.76 93.80 96.62
BLIP ft. C COCO COCO DN 77.34 93.68 96.88
BLIP ft. C COCO COCO DBNorm 78.00 94.02 96.88
BLIP ft. C COCO Flickr NNN 77.50 93.58 96.70
BLIP ft. C COCO Flickr GLOBE 77.44 93.68 96.66
BLIP ft. C COCO COCO NNN 79.10 94.00 97.02
BLIP ft. C COCO COCO GLOBE 79.06 94.20 97.10

Table 31: Full T2I results of different algorithms on
ALBEF ft. COCO.

Model Target Ref. Method R@1 R@5 R@10

ALBEF ft. C Flickr - Original 72.74 92.10 96.14
ALBEF ft. C Flickr Flickr DN 72.34 92.20 95.78
ALBEF ft. C Flickr Flickr DBNorm 74.34 93.32 96.46
ALBEF ft. C Flickr Flickr NNN 75.34 93.44 96.40
ALBEF ft. C Flickr Flickr GLOBE 75.66 93.86 96.70
ALBEF ft. C Flickr COCO NNN 74.52 93.40 96.32
ALBEF ft. C Flickr COCO GLOBE 74.52 93.36 96.52

ALBEF ft. C COCO - Original 53.06 79.32 87.32
ALBEF ft. C COCO COCO DN 53.45 79.34 87.32
ALBEF ft. C COCO COCO DBNorm 54.36 79.98 87.70
ALBEF ft. C COCO Flickr NNN 53.73 79.59 87.52
ALBEF ft. C COCO Flickr GLOBE 52.91 78.95 87.09
ALBEF ft. C COCO COCO NNN 55.75 80.75 88.36
ALBEF ft. C COCO COCO GLOBE 55.74 81.22 88.61

Table 32: Full T2I results of different algorithms on
ALBEF ft. Flickr.

Model Target Ref. Method R@1 R@5 R@10

ALBEF ft. F Flickr - Original 78.62 95.34 97.36
ALBEF ft. F Flickr Flickr DN 76.74 94.26 97.00
ALBEF ft. F Flickr Flickr DBNorm 80.08 95.46 97.58
ALBEF ft. F Flickr Flickr NNN 79.74 95.38 97.64
ALBEF ft. F Flickr Flickr GLOBE 80.08 95.38 97.42
ALBEF ft. F Flickr COCO NNN 78.98 95.36 97.48
ALBEF ft. F Flickr COCO GLOBE 79.08 95.32 97.46

ALBEF ft. F COCO - Original 49.52 76.56 85.03
ALBEF ft. F COCO Flickr DN 44.64 72.10 81.67
ALBEF ft. F COCO Flickr DBNorm 50.41 76.81 85.18
ALBEF ft. F COCO Flickr NNN 50.20 76.50 84.73
ALBEF ft. F COCO Flickr GLOBE 50.15 76.89 85.20
ALBEF ft. F COCO COCO NNN 53.07 78.94 87.11
ALBEF ft. F COCO COCO GLOBE 53.42 78.99 87.04

didates, approximate nearest-neighbor indices such as IVF(Johnson et al., 2019) or HNSW(Malkov
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Table 33: Full T2I results of different algorithms on
BEiT3-base-itc.

Model Target Ref. Method R@1 R@5 R@10

BEiT3-base Flickr Flickr Original 74.36 92.04 95.76
BEiT3-base Flickr Flickr DN 72.86 91.26 95.12
BEiT3-base Flickr Flickr DBNorm 75.42 92.98 96.16
BEiT3-base Flickr Flickr NNN 76.52 93.86 96.54
BEiT3-base Flickr Flickr GLOBE 77.54 93.90 96.76
BEiT3-base Flickr COCO NNN 76.28 93.18 96.28
BEiT3-base Flickr COCO GLOBE 76.64 93.40 96.30

BEiT3-base COCO - Original 47.52 72.03 80.45
BEiT3-base COCO COCO DN 45.13 70.40 79.62
BEiT3-base COCO COCO DBNorm 47.96 72.75 81.08
BEiT3-base COCO Flickr NNN 48.04 72.48 81.00
BEiT3-base COCO Flickr GLOBE 47.61 72.45 80.92
BEiT3-base COCO COCO NNN 50.25 74.75 82.51
BEiT3-base COCO COCO GLOBE 50.79 75.37 82.93

Table 34: Full T2I results of different algorithms on
BEiT3 ft. Flickr.

Model Target Ref. Method R@1 R@5 R@10

BEiT3 ft. F Flickr - Original 85.52 97.36 98.74
BEiT3 ft. F Flickr Flickr DN 81.48 95.90 97.98
BEiT3 ft. F Flickr Flickr DBNorm 84.52 97.04 98.74
BEiT3 ft. F Flickr Flickr NNN 85.90 97.44 98.70
BEiT3 ft. F Flickr Flickr GLOBE 85.66 97.38 98.80
BEiT3 ft. F Flickr COCO NNN 85.58 97.32 98.80
BEiT3 ft. F Flickr COCO GLOBE 85.26 97.22 98.72

BEiT3 ft. F COCO - Original 52.78 77.12 85.07
BEiT3 ft. F COCO COCO DN 49.33 74.78 83.37
BEiT3 ft. F COCO COCO DBNorm 52.57 77.33 85.25
BEiT3 ft. F COCO Flickr NNN 53.15 77.36 85.15
BEiT3 ft. F COCO Flickr GLOBE 52.12 76.43 84.47
BEiT3 ft. F COCO COCO NNN 55.49 79.15 86.40
BEiT3 ft. F COCO COCO GLOBE 56.02 79.34 86.75

Table 35: Full T2I results of different algorithms on
BEiT3 ft. COCO.

Model Target Ref. Method R@1 R@5 R@10

BEiT3 ft. C Flickr - Original 82.16 96.64 98.48
BEiT3 ft. C Flickr Flickr DN 78.80 95.42 97.46
BEiT3 ft. C Flickr Flickr DBNorm 81.68 96.44 98.30
BEiT3 ft. C Flickr Flickr NNN 82.32 96.74 98.54
BEiT3 ft. C Flickr Flickr GLOBE 83.54 96.80 98.68
BEiT3 ft. C Flickr COCO NNN 82.18 96.58 98.50
BEiT3 ft. C Flickr COCO GLOBE 81.72 96.52 98.30

BEiT3 ft. C COCO - Original 61.38 84.61 90.76
BEiT3 ft. C COCO COCO DN 58.76 82.40 89.30
BEiT3 ft. C COCO COCO DBNorm 60.87 84.03 90.50
BEiT3 ft. C COCO Flickr NNN 61.39 84.39 90.73
BEiT3 ft. C COCO Flickr GLOBE 60.06 83.59 90.19
BEiT3 ft. C COCO COCO NNN 61.58 84.56 90.80
BEiT3 ft. C COCO COCO GLOBE 60.91 84.30 90.71

Table 36: Full T2I results of different algorithms on
BEiT3 Large.

Model Target Ref. Method R@1 R@5 R@10

BEiT3-L Flickr - Original 69.82 89.12 93.44
BEiT3-L Flickr Flickr DN 68.40 88.14 92.34
BEiT3-L Flickr Flickr DBNorm 71.94 90.40 94.38
BEiT3-L Flickr Flickr NNN 71.74 90.20 94.36
BEiT3-L Flickr Flickr GLOBE 72.12 90.42 94.26
BEiT3-L Flickr COCO NNN 71.50 89.76 93.76
BEiT3-L Flickr COCO GLOBE 71.42 89.94 93.78

BEiT3-L COCO - Original 43.07 67.80 76.76
BEiT3-L COCO Flickr DN 35.65 60.20 70.58
BEiT3-L COCO Flickr DBNorm 42.98 67.72 76.94
BEiT3-L COCO Flickr NNN 43.43 68.34 77.22
BEiT3-L COCO Flickr GLOBE 43.42 68.34 77.07
BEiT3-L COCO COCO NNN 45.65 70.80 79.52
BEiT3-L COCO COCO GLOBE 45.86 70.72 79.61

Table 37: Full T2I results of different algorithms on
BEiT3 Large ft. COCO.

Model Target Ref. Method R@1 R@5 R@10

BEiT3-L ft. C Flickr - Original 76.46 92.88 95.88
BEiT3-L ft. C Flickr Flickr DN 74.00 91.18 94.76
BEiT3-L ft. C Flickr Flickr DBNorm 77.40 93.38 96.14
BEiT3-L ft. C Flickr Flickr NNN 77.52 93.62 96.30
BEiT3-L ft. C Flickr Flickr GLOBE 77.58 93.18 96.32
BEiT3-L ft. C Flickr COCO NNN 76.22 92.66 95.88
BEiT3-L ft. C Flickr COCO GLOBE 76.08 92.54 95.74

BEiT3-L ft. C COCO - Original 56.35 80.79 88.24
BEiT3-L ft. C COCO Flickr DN 48.31 73.74 82.19
BEiT3-L ft. C COCO Flickr DBNorm 54.37 79.16 86.71
BEiT3-L ft. C COCO Flickr NNN 56.19 80.55 87.94
BEiT3-L ft. C COCO Flickr GLOBE 56.17 80.44 87.97
BEiT3-L ft. C COCO COCO NNN 56.71 81.05 88.44
BEiT3-L ft. C COCO COCO GLOBE 56.91 81.00 88.44

Table 38: Full T2I results of different algorithms on
BEiT3 Large ft. Flickr.

Model Target Ref. Method R@1 R@5 R@10

BEiT3-L ft. F Flickr - Original 77.74 93.66 96.48
BEiT3-L ft. F Flickr Flickr DN 74.16 91.22 94.68
BEiT3-L ft. F Flickr Flickr DBNorm 76.80 93.46 96.16
BEiT3-L ft. F Flickr Flickr NNN 77.84 93.86 96.54
BEiT3-L ft. F Flickr Flickr GLOBE 77.90 93.88 96.48
BEiT3-L ft. F Flickr COCO NNN 78.16 93.50 96.32
BEiT3-L ft. F Flickr COCO GLOBE 78.20 93.54 96.26

BEiT3-L ft. F COCO - Original 47.98 72.77 81.13
BEiT3-L ft. F COCO Flickr DN 39.80 64.37 74.31
BEiT3-L ft. F COCO Flickr DBNorm 45.55 70.21 79.07
BEiT3-L ft. F COCO Flickr NNN 47.81 72.65 81.08
BEiT3-L ft. F COCO Flickr GLOBE 47.51 72.37 80.84
BEiT3-L ft. F COCO COCO NNN 50.00 74.43 82.79
BEiT3-L ft. F COCO COCO GLOBE 50.77 74.93 83.17

and Yashunin, 2020) can be used to generate the
required shortlists, with the standard speed–recall

trade-off.
Table 39 reports estimated post-hoc calibration
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Figure 4: Representative examples from IRB-COCO-500. Each row shows a query, the corresponding COCO
ground-truth image, and an AI-generated near-positive distractor generated from the same caption.

runtime on a single NVIDIA RTX A4000 GPU
with cached embeddings. The reported time corre-
sponds to one fixed hyperparameter configuration
and does not include feature extraction, base fea-
ture encoding, or offline hyperparameter search.
The results show that Faiss substantially reduces
the GLOBE calibration time and makes the rerank-
ing stage practical on COCO-scale retrieval.
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Table 39: Post-hoc GLOBE calibration runtime on COCO using cached embeddings on a single NVIDIA RTX
A4000 GPU. The columns “w/o Faiss” and “w/ Faiss” report the calibration time without and with Faiss-accelerated,
respectively. Speedup is computed on the GLOBE post-hoc calibration stage.

Model Data w/o Faiss w/ Faiss Speedup

CLIP ViT-B/32 COCO 45 s 1.5 s 30.0×
SigLIP ViT-B/16 COCO 61 s 1.8 s 33.9×
BLIP ft. COCO COCO 56 s 1.6 s 35.0×
ALBEF ft. F COCO 45 s 1.4 s 32.1×
BEiT3-base COCO 93 s 3.3 s 28.2×
BEiT3 Large COCO 132 s 3.5 s 37.7×
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