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Abstract

Multimodal models leverage large-scale pre-
training to achieve strong but still imperfect
performance on tasks such as image captioning,
visual question answering, and cross-modal re-
trieval. In this paper, we present a simple and
efficient method for correcting errors in trained
contrastive image-text retrieval models with no
additional training, called Nearest Neighbor
Normalization (NNN). We show an improvement
on retrieval metrics in both text retrieval and
image retrieval for all of the contrastive models
that we tested (CLIP, BLIP, ALBEF, SigLIP,
BEIiT) and for both of the datasets that we used
(MS-COCO and Flickr30k). NNN requires a ref-
erence database, but does not require any train-
ing on this database, and can even increase the
retrieval accuracy of a model after finetuning. !

1 Introduction

Contrastive image and text models are a funda-
mental building block of large-scale text-to-image
or image-to-text retrieval systems (Radford et al.,
2021; Jia et al., 2021; Zhang et al., 2022). These
models utilize contrastive loss functions to learn
joint text and image embeddings, aligning embed-
dings for matching text and image pairs while sep-
arating embeddings for non-matching pairs. How-
ever, contrastive embeddings optimize pretrain-
ing objectives such as InfoNCE (Radford et al.,
2021) rather than downstream retrieval accuracy, so
learned embeddings can be suboptimal for retrieval
(Zhou et al., 2023). Many methods for improving
contrastive models on downstream retrieval tasks
require additional training to adapt models across
domains or aggregate information from an external
database (Zhou et al., 2022; Singha et al., 2023;
Iscen et al., 2023), and others are specialized for
individual error categories, such as gender bias
(Wang et al., 2021, 2022a; Berg et al., 2022).

'Our code is publicly available at https://github.com/
multimodal-interpretability/nnn
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Figure 1: Method overview. NNN applies an additive
correction at inference time, using bias scores estimated
from a reference database of queries.

Recent training-free methods suggest that accu-
racy can be improved without fine-tuning, which
is useful for limited-compute environments and
critical for black-box embedding models. Such
methods typically use a reference database of query
and retrieval embeddings to adapt the pretrained
model to the downstream retrieval task. For in-
stance, QBNorm and DBNorm normalize scores
for each retrieval candidate by computing a softmax
over the entire reference database (Bogolin et al.,
2022; Wang et al., 2023). These approaches miti-
gate the hubness problem, where certain retrieval
candidates (“hubs”) emerge as nearest neighbors
for many queries in high-dimensional embedding
spaces, leading to incorrect matches (Radovanovic
et al., 2010). These methods tend to be computa-
tionally impractical, requiring match score calcula-
tions for every item in the database and thus scaling
linearly with the size of the reference database. Dis-
tribution normalization (DN) reduces complexity
to constant time by using a first-order approxima-
tion of softmax normalization (Zhou et al., 2023):
text and image embeddings are normalized by sub-
tracting the mean reference embedding. While DN
is much faster than QBNorm and DBNorm, this
practicality comes at the cost of reduced retrieval
accuracy. Can sublinear runtime be achieved
without sacrificing accuracy?
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In this paper, we introduce Nearest Neighbor
Normalization (NNN), a novel training-free method
for contrastive retrieval (Figure 1). Like DN, it
adds minimal inference overhead with sublinear
time complexity relative to the reference database
size—but it also outperforms both QBNorm and
DBNorm on retrieval. The key idea is that NNN

corrects for the effects of embeddings that are
assigned disproportionately high or low retrieval
scores, by normalizing per-candidate scores using
only the k closest query embeddings from a refer-
ence dataset. For example, NNN reduces scores for
the image of the surfer in Figure 2 (a hub that incor-
rectly matches a large number of query captions),
improving overall accuracy. Section 2 provides
more details on our approach, and Section 3 em-
pirically validates the effect of NNN for a range of
models and datasets.

Overall, we contribute a new and conceptually
simple approach for improving contrastive retrieval
with little compute overhead. In addition to improv-
ing retrieval scores consistently for every model
and dataset that we tested, NNN can reduce harmful
biases such as gender bias.

2 Nearest Neighbor Normalization

Retrieval models compute a match score s(q,r)
between a query ¢ and database retrieval candidate
r, and return the highest-scoring candidates. In
the case of contrastive multimodal models such as
CLIP, this score is typically the cosine similarity
between image and text embeddings (Radford et al.,
2021). Figure 2 shows how the hubness problem
(Radovanovic et al., 2010) manifests as a failure
mode of contrastive text-to-image retrieval. Some
images are simply preferred by contrastive models
over other images: they have high cosine similarity
with a wide array of query captions.

To correct for bias towards hubs in image-text re-
trieval, we propose NNN, an approach that estimates
bias for each retrieval candidate using a database of
reference queries, D. The bias is then applied as an
additive correction to the original match score, then
used for retrieval. Specifically, given a contrastive
retrieval score s(q, ) = ¢-r, we define the bias b(r)
for a retrieval candidate r as a constant multiple
() of the mean of s(q1,7),s(q2,7),...,s(qk,T),
where {q1,...,qr} = Diopr(r) are the k queries
from the reference query dataset that have the
highest similarity score s(g;,r) with r. Namely,
if we define the operator argmax” to denote the
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Figure 2: Distribution of COCO captions matched
to each image during image retrieval. A base CLIP
model contains many hubs that match over 100 captions,
while the distribution after NNN shows fewer hubs, on
par with finetuning on COCO.

k arguments for the which a function attains its
k maximum values, then we have Dy, (7)) =

arg max” (g, r), and our bias is computed as:
qeD

b(r):a-% Z

qj EDlop k(r)

S(Qjar)' (1)

NNN uses the nearest k£ query embeddings to dif-
ferentiate similar objects, capturing fine-grained
distinctions between retrieval candidates. Each re-
trieval candidate has a constant bias score, so these
scores can be computed offline and cached. The
debiased retrieval score can then be computed by
subtracting the estimated bias from the original
score:

SD(Q7 T) = 3((]7 T) - b(?") (2)

When using vector retrieval to compute match
scores, bias scores are computed in sublinear time
and add a constant factor to retrieval runtime; see
Section 3.1 for further discussion.

3 Experiments

We evaluate NNN on both text-to-image and image-
to-text retrieval using a variety of contrastive multi-
modal models (CLIP, BLIP, ALBEF, SigLIP, BEiT)
(Radford et al., 2021; Li et al., 2021; Zeng et al.,
2021; Li et al., 2022; Wang et al., 2022b; Zhai
et al., 2023) on well-established retrieval datasets
Flickr30k and COCO (Young et al., 2014; Lin et al.,
2015). We also report the accuracy of DBNorm, the
top-performing baseline, using DBNorm’s DuallS
scoring function (Wang et al., 2023). Additional
DN (Zhou et al., 2023), QBNorm (Bogolin et al.,
2022), and DualDIS (a similar performing variant
of DuallS) baselines are discussed in Appendix D.
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Flickr30k retrieval COCO retrieval

Original  DBNorm NNN Flickr NN COCO  Original ~ DBNorm NNN Flickr NNN COCO
CLIP 58.82  65.26 (+6.4) 64.60 (+5.8) 63.70 (+4.9) 3043  37.82 (+7.4) 33.45(+3.0) 37.53 (+7.1)
CLIP ft. Flickr 72.80  73.80 (+1.0) 74.14 (+1.3) 73.32(+0.5) 3556  40.19 (+4.6) 36.25 (+0.7) 40.12 (+4.6)
CLIP ft. COCO 67.40 6836 (+1.0) 68.86 (+1.5) 68.04 (+0.6) 4589  47.57 (+1.7) 46.14 (+0.2) 47.39 (+1.5)
BLIP ft. Flickr 83.58 83.12(-0.5) 84.32(+0.7) 84.06(+0.5) 56.44  59.72 (+3.3) 57.22(+0.8) 59.70 (+3.3)
BLIP ft. COCO 82.12  81.92(-0.2) 82.80 (+0.7) 82.64 (+0.5) 62.68 64.00 (+1.3) 62.82(+0.1) 64.44 (+1.8)
ALBEF ft. Flickr 79.50  79.86 (+0.4) 80.26 (+0.8) 79.90 (+0.4) 5253  56.62 (+4.1) 53.18 (+0.6) 56.67 (+4.1)
ALBEF ft. COCO 7454  76.10 (+1.6) 76.60 (+2.1) 75.80(+1.3) 59.73  62.72 (+3.0) 60.10 (+0.4) 62.66 (+2.9)
SigLIP 7462  76.02 (+1.4) 76.54 (+1.9) 76.08 (+1.5) 47.15 49.93 (+2.8) 48.49 (+1.3) 50.24 (+3.1)
BEiT-3 75.52  76.08 (+0.6) 76.66 (+1.1) 76.30(+0.8) 47.62  50.08 (+2.5) 47.93 (+0.3) 50.64 (+3.0)
BEiT-3 ft. Flickr 86.12  84.68 (-1.4) 86.00(-0.1) 86.30 (+0.2) 53.57 55.16 (+1.6) 53.79 (+0.2) 55.91 (+2.3)
BEiT-3 ft. COCO 8290  82.20(-0.7) 83.48 (+0.6) 82.78(-0.1) 61.88  61.78(-0.1) 61.60 (-0.3)  62.34 (+0.5)
BEiT-3 Large 77.80  77.70(-0.1) 78.54 (+0.7) 7820 (+0.4) 4934  51.67 (+2.3) 50.24 (+0.9) 52.25 (+2.9)
BEiT-3 Large ft. Flickr 88.04  86.74 (-1.3) 87.82(-0.2) 87.70(-0.3)  56.41  58.09 (+1.7) 56.68 (+0.3) 58.88 (+2.5)
BEiT-3 Large ft. COCO  86.24  85.12(-1.1) 86.64 (+0.4) 86.18(-0.1)  63.83  63.57(-0.3) 63.75(-0.1) 64.20 (+0.4)

Table 1: Image Recall@1 results for Flickr30k and COCO. % change in parantheses; “ft.” indicates finetuned.

Flickr30k retrieval COCO retrieval
Original ~ DBNorm NNN Flickr NN COCO  Original ~ DBNorm NNN Flickr NN COCO
CLIP 7930  81.20 (+1.9) 81.20(+1.9) 80.10(+0.8) 50.02  53.20 (+3.2) 51.60 (+1.6) 53.66 (+3.6)
CLIP ft. Flickr 85.70  86.50 (+0.8) 87.30 (+1.6) 86.60 (+0.9) 53.74 5542 (+1.7) 53.92(+0.2) 56.44 (+2.7)
CLIP ft. COCO 82.10  81.90(-0.2) 82.80 (+0.7) 82.70 (+0.6) 63.74 6472 (+1.0) 63.88 (+0.1) 65.26 (+1.5)
BLIP ft. Flickr 9340 9570 (+2.3) 9520 (+1.8) 9430(+0.9) 7226  78.28 (+6.0) 75.90 (+3.6) 78.30 (+6.0)
BLIP ft. COCO 93.70  94.70 (+1.0) 95.30 (+1.6) 94.60 (+0.9)  79.62  82.52(+2.9) 79.58 (-0.0) 82.46 (+2.8)
ALBEEF ft. Flickr 9240 9310 (+0.7) 92.60(+0.2) 92.70 (+0.3)  69.82  74.62 (+4.8) 71.06 (+1.2) 74.44 (+4.6)
ALBEF ft. COCO 87.30  90.50 (+3.2) 90.00 (+2.7) 89.30(+2.0) 78.60  80.54 (+1.9) 79.10 (+0.5) 80.68 (+2.1)
SigLIP 89.00 91.60 (+2.6) 91.30 (+2.3) 91.30(+2.3) 6532  69.14 (+3.8) 66.80 (+1.5) 69.86 (+4.5)
BEIT-3 89.10  90.70 (+1.6) 91.80 (+2.7) 90.90 (+1.8)  61.12  68.94 (+7.8) 65.66 (+4.5) 69.12 (+8.0)
BEiT-3 ft. Flickr 96.30  94.40(-1.9) 95.60(-0.7) 9590 (-04)  72.02  75.12(+3.1) 72.62(+0.6) 75.22 (+3.2)
BEiT-3 ft. COCO 93.60  94.50(+0.9) 9530 (+1.7) 94.80(+1.2) 80.72  79.90 (-0.8) 80.42(-0.3) 81.26 (+0.5)
BEiT-3 Large 91.10  93.20 (+2.1) 93.20 (+2.1) 9220 (+1.1) 63.26  71.06 (+7.8) 67.60 (+4.3) 71.08 (+7.8)
BEIT-3 Large ft. Flickr 9720  96.80(-0.4) 97.20(0.0) 97.50 (+0.3) 7432  77.56 (+3.2) 74.86 (+0.5) 77.92 (+3.6)
BEiT-3 Large ft. COCO  95.50 95.00 (0.0) 95.30(-0.2) 96.20 (+0.7)  82.10  80.88(-1.2) 81.98(-0.1) 82.72 (+0.6)

Table 2: Text Recall@1 Results for Flickr30k and COCO. % change in parantheses; “ft.” indicates finetuned.

3.1 Retrieval performance COCO). NNN still shows consistent gains over the
original model when scores are normalized with
out-of-distribution queries. We also ran ablation
studies on the size of the reference query database
using various subsets of Flickr and COCO and find

minimal performance decrease (see Appendix E).

Accuracy. To evaluate the impact of NNN on re-
trieval performance, we hold out a random subset
of the training set with the same size as the test
set, and optimize « and k via a hyperparameter
search (Appendix B1). We use the same approach
to optimize the DBNorm hyperparameters (but we
note that optimizing these parameters takes 100x
the compute). Then, we evaluate both methods on
the test set: for image retrieval, we use training

Efficiency. Since NN only requires the k-
nearest reference queries per retrieval candi-
date, unlike QBNorm and DBNorm, it does
not require an exhaustive search over the

captions as the reference database, and for text re-
trieval, we use training images. Full results are
shown for image retrieval (Table 1) and text re-
trieval (Table 2) for Recall@1 (using 20% of train-
ing data as the reference database, following Wang
et al. (2023)). Appendix D includes results and
confidence intervals for Recall@5 and Recall@10.

We performed experiments with both in-
distribution queries (e.g. normalizing COCO re-
trieval using COCO reference queries) and out-of-
distribution queries (e.g. normalizing Flickr using

|RETRIEVAL DATASET| X |REFERENCE DATASET|
matrix of similarity scores. We can use an inverted
file index from Faiss (Douze et al., 2024) to ef-
ficiently compute the per-retrieval candidate bias
scores. Then, to use bias scores in retrieval with
a vector index, we modify retrieval embedding r
to " = (r,b), where b is the associated bias with
r, and modify query embedding ¢ to ¢ = (g, —1).
Thus, the new inner product between r’ and ¢ is
r’-q' = r-q— b, which is equivalent to Equation 2.
Table A5 shows that for NNN, using a vector index
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Retrieved images for the supervisor and their computer (perceived females marked in green)
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Figure 3: NNN decreases gender bias in image retrieval. (L) Top 10 retrieved Visogender images for an example
query, before (fop) and after (bottom) NNN debiasing. (R) Distribution of image retrieval bias across occupations.

CLIP BLIP
COCO Flickr COCO Flickr
Kurtosis 59.8 9.0 32.1 32
Kurtosis (NNN) 9.5 1.1 12.3 1.9
MAE 4.8 2.8 2.1 1.2
MAE (NNN) 2.6 1.7 1.6 1.0
Max 162 39 59 15
Max (NNN) 48 15 32 12
A accuracy +7.4 +6.5 +1.8 +1.2

Table 3: Outlier reduction on text-to-image retrieval.
NNN leads to tighter distributions of captions retrieved
per image and decreases the number of hub images.

for both operations causes over a 100x increase
in speed over exhaustive search with only a minor
performance drop (maximum —0.2% accuracy).

3.2 Correcting image and caption bias

To provide intuition on how NNN impacts hubness,
we analyzed hub images that match with many
queries, despite having only a few correct ground-
truth captions. In Figure 2, we show that for CLIP
on COCO image retrieval, NNN significantly reduces
imbalance in this distribution and decreases the
effect of hubs comparably to finetuning directly
on the reference query dataset. Table 3 further
demonstrates that across models and datasets, NNN
decreases outlier metrics including kurtosis (tailed-
ness) and mean absolute error. Distribution shifts
for additional image and text retrieval settings (Ap-
pendix G) show a similar trend.

3.3 Reducing gender bias in image retrieval

In addition to broad retrieval experiments, we also
measure the effect of NNN on unwanted correla-
tions between specific input attributes and retrieval
scores. We examine gender bias, where most cor-
rective methods show a tradeoff between bias and
retrieval accuracy: stronger debiasing is accompa-
nied by a performance drop (Wang et al., 2021;
Berg et al., 2022; Wang et al., 2022a). NNN reduces
gender bias while improving retrieval accuracy.

We evaluate NNN on CLIP for a subset of the Vi-
soGender benchmark (Hall et al., 2023), which
contains images of people and objects correspond-
ing to 23 occupations (5 images perceived male and
5 female per occupation), and associated gender-
neutral captions of the form “The occupation and
their object.” Retrieval returns the closest n im-
ages for a caption (e.g. the supervisor and their
computer). Applying NNN to this setting requires a
choice of reference captions, as VisoGender does
not include a training distribution. Experiments
using the COCO training set (with hyperparame-
ters from Table Al, £ = 16, « = 0.75) found
significant decreases in mean gender bias on Viso-
Gender image retrieval. These results demonstrate
the flexibility of NNN for settings without an obvi-
ous reference database. Further work could also
explore generation of task-specific reference sets.

An example of our method successfully debias-
ing images retrieved for an input query is shown
in Figure 3. We also plot the distribution of the
bias (M) across all the occupations at
n = 6, 10. While the original CLIP retrieval results
are significantly biased towards men, NNN shifts the
average bias toward 0 (reduces from 0.348 to 0.072
for n = 6, and from 0.270 to 0.078 for n = 10).

Importantly, we find that NNN simultaneously
boosts average precision (the proportion of re-
trieved images matching the occupation described
in the caption) from 56.5% to 69.6% (Retrieval @1)
and from 49.6% to 56.5% (Retrieval @5).

4 Conclusion

We introduce Nearest Neighbor Normalization for
contrastive multimodal retrieval. By precomput-
ing bias correction scores using only the k-nearest
neighbors, NNN is substantially more efficient while
slightly improving accuracy over previous test-time
inference methods. We also show that NNN can be
used flexibly with arbitrary reference datasets and
performs well at reducing gender bias.
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5 Limitations

NNN can be applied to contrastive multimodal mod-
els to achieve significant and consistent retrieval
score improvements. We have not shown that
the same holds for models with a dedicated cross-
attention between image and text embeddings, and
show evidence that it might not be effective in Ap-
pendix F. Furthermore, although NNN is fast for con-
trastive models due to the efficiency of vector re-
trieval, it is much slower for crossmodal models,
as computing each image-text matching score re-
quires a forward pass.

6 Ethical considerations

Contrastive models can be used in consumer-facing
retrieval and search systems by major tech compa-
nies, and so failures can have a wide impact. Ex-
tensive bias has been documented in such models
(Wang et al., 2021, 2022a; Berg et al., 2022). Al-
though our paper primarily evaluates the generic
case of improving multimodal retrieval scores, we
have also shown that NNN works to debias targeted
attributes, such as gender. Still, our method should
not be seen as a replacement for human oversight
and careful training dataset curation.
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Appendix
A Baselines

Al DBNorm

The main DBNorm scoring function, DuallS
(Wang et al.,, 2023), is described as follows:
given a query g, retrieval candidate r;, reference
query database @, and reference retrieval candi-
date database R, the normalized score §(q,7;) is
computed using the following expressions (where
s(q,r) denotes the dot product score between the
embeddings):

5(q i) = §§,n * Sﬁn 3)
~R _ eXp(BIS(Q>Ti)) 4
Kl S e o
EQ . eXp(BQS(Q7 Tl)) (5)

P Y geo exp(Bas(q, i)
DualDIS is a variant of DualIS that uses the original
s(q,r;) score instead of §f;jn_ or 5(32,7“1- for a given
query ¢ if the closest retrieval candidate to ¢ is
not in a precomputed “activation set” that contains
all likely hubs. See Wang et al. (2023) for details
on how the activation sets are computed. In our
experiments, we find that DualDIS and DuallS are
very similar in performance (Table A6, A7).

In our experiments, we use the training images
as the reference retrieval candidate database for
image retrieval and the training captions for text
retrieval. Note that NNN has the advantage of requir-
ing a reference query database only, and does not
use a reference retrieval candidate database. More-
over, NNN has a constant runtime with respect to the
reference database size for calculating each individ-
ual normalized score while DBNorm has a linear
runtime since the summation in the denominator
requires all reference embeddings.

A2 QBNorm

QBNorm (Bogolin et al., 2022) is equivalent to
DBNorm when g is set to 0. Since our hyperpa-
rameter sweep of DBNorm includes 5; = 0, we do
not explicitly include QBNorm as a baseline in our
results.

A3 Distribution Normalization (DN)

DN (Zhou et al., 2023) computes a first-order ap-
proximation of the DuallS normalization score by
normalizing the query and retrieval embeddings

to have zero mean based on reference datasets.
While it also has constant time performance for
each query, we find that it has far lower accuracy
gains than NNN.

A4 Results for all methods

A full comparison of DN, DuallS, DualDIS, and
NNN 1s shown in Table A6 and A7.

B Hyperparameter selection

B1 nNNN

We compute the hyperparameters used for retrieval
in Section 3 on a per-model, evaluation dataset, and
reference query dataset basis. To do so, we perform
a hyperparameter sweep on

a € {0.25,0.375,0.5,...,1.5}

and
ke{1,2,4,...,512}.

We evaluate hyperparameters with image retrieval
performed on a randomly selected split of the train-
ing set from the evaluation dataset. For Flickr30k,
we take a split of 1,000 images and their 5,000
corresponding captions, and for COCO, we take a
split of 5,000 images and their 25,000 correspond-
ing captions. When selecting hyperparameters, we
optimize for R@1 accuracy, and find that this gen-
erally does not come with significant degredation
in R@5 or R@10 performance. We present the
hyperparameters we use for text-to-image retrieval
in Table A1 and for image-to-text retrieval in Ta-
ble A2.

Flickr30k, nuN w/ COCO, NN W/
Flickr30k ~ COCO  Flickr30k ~ COCO
CLIP (0.75.128)  (0.75.16)  (0.5,8)  (0.75,256)
CLIP ft. Flickr 05,32)  (0.25,128) (0.5,32) (0.75,256)
CLIP ft. COCO 05,16)  (0.5.1)  (0.25,16) (0.75,128)
BLIP 05,16)  (0.25,4)  (0.25,4)  (0.75,64)
BLIP ft. Flickr 05,32)  (025,4) (0.5,64) (0.75, 16)
ALBEF ft. Flickr 0.75,32)  (0.25,16)  (0.5,4)  (0.75,256)
ALBEF ft. COCO 0.75,32)  (0.5,16)  (0.25,8) (0.75, 128)
SigLIP (0.75.128)  (0.5,128)  (05,16) (0.75, 128)
BEIiT-3 0.75,32)  (0.5,64)  (0.25,4) (0.75, 128)
BEIT-3 ft. Flickr 0.25.8)  (0.25,64) (0.25,4) (0.75,256)
BEIT-3 ft. COCO 0.75,16)  (0.25,2)  (0.25,32) (0.25,128)
BEIiT-3 Large 05,256)  (0.5,32)  (0.25,32) (0.75, 128)
BEIiT-3 Large ft. Flickr ~ (0.5,16)  (0.25.1)  (0.25,16) (0.75,512)
BEIiT-3 Large ft. COCO  (0.5,8)  (0.25,128) (0.25,8) (0.5, 64)

Table Al: Optimal («, k) for model, evaluation, and
reference query dataset triples for text-to-image re-
trieval.

We find four main trends in hyperparameter se-
lection: (1) for out-of-distribution reference query
databases, smaller « (0.25 to 0.5) and & (8 to 16)
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Flickr30k, NNN w/ COCO, NNN w/

Flickr30k COCO Flickr30k COCO
CLIP (0.75, 16) 0.5,2) (0.5,8)  (0.75, 128)
CLIP ft. Flickr (0.5, 16) 0.25,1) 0.25,2) (0.5, 128)
CLIP ft. COCO 0.5, 32) (0.25,16)  (0.25,16)  (0.75, 64)
BLIP (1,512) (0.75, 16) (0.5, 16) (0.75, 32)
BLIP ft. Flickr (0.75,512)  (0.75,64)  (0.75,32) (0.75, 64)
ALBEF ft. Flickr (0.25,512) (0.25,64)  (0.5,16) (0.75, 128)
ALBEF ft. COCO (0.75, 32) 0.5, 64) 0.25,8)  (0.75,32)
SigLIP 0.5,64)  (0.75,256) (0.25,32) (0.75,128)
BEIT-3 (0.75, 64) 0.5, 32) 0.5,32)  (0.75, 256)
BEIT-3 ft. Flickr (1,32) (0.75,4)  (0.25,16) (0.75, 256)
BEIT-3 ft. COCO (0.5,32) 0.5,4) 0.25,4) (0.5, 8)
BEIT-3 Large (0.5, 64) 0.5,512)  (0.5,16) (0.75,512)
BEIT-3 Large ft. Flickr 0.5, 64) (0.75,16)  (0.5,16) (0.75, 128)
BEIT-3 Large ft. COCO (0.5, 64) (0.75,32) (0.25,64) (0.5, 16)

Table A2: Optimal (o, k) for model, evaluation, and
reference query dataset triples for image-to-text re-
trieval.

are optimal, and for in-distribution reference query
sets, larger o (0.75) are optimal; (2) model and
dataset pairs with higher baseline retrieval scores
see greater improvements from small « and &; (3)
hyperparameters transfer well across text-to-image
and image-to-text retrieval; (4) for in-distribution
reference query sets with o = 0.75, our method
is not very sensitive to choice of k. We see im-
provements from k even as small as 1 to 8, and
similar improvements for k ranging from 8 to 128,
as shown in Tables A3 (for image retrieval) and A4
(for text retrieval).

Original k=1 4 8 16 32 64 128
CLIP 3045 3547 36.57 3696 3736 37.52 37.67 37.77
BLIP ft. COCO 6272 6342 64.12 6422 6438 6435 6449 64.46
CLIP ft. COCO 4592 4508 464 46.88 47.29 4751 4773 4793
CLIP ft. Flickr 3558 3775 3844 3891 3921 39.61 40.01 40.16
BLIP ft. Flickr 5647 5894 59.72 59.92 60.03 60.04 60.16 60.22
SigLIP 47.18 4854 495 499 5023 5045 506 50.72
ALBEEF ft. Flickr 5256 5522 56.34 56.57 56.88 57.07 57.12 57.12
ALBEF ft. COCO 59.76 6093  61.9 6223 6247 62.69 629 6292
BEiT-3 47.64 4942 5025 50.58 50.84 50.88 50.89 50.83
BEIT-3 ft. Flickr 5359 5436 553 5561 5599 56.15 56.28 56.32
BEiT-3 ft. COCO 6191 6052 61.54 61.86 62.18 6246 62.57 62.61
BEIT-3 Large 49.36 51.2 5191 5224 5246 52.51 5252 52.54

BEIT-3 Large ft. Flickr 5643 5735 5838 5854 58.66 5878 58.96 59.04
BEIT-3 Large ft. COCO  63.85 625 633 63.77 64.01 64.17 6427 64.41

Table A3: Image Recall@1 for COCO with NNN across
different &, with fixed o = 0.75.

B2 DBNorm

To tune the hyperparameters 51 and (32, we first
performed a grid sweep in logspace on

log 1, log B2 € {log 0.001,...,log 400}

with a resolution of 20 values. We found that the
best performing (51 and £s occupied a tight range,
so we performed a denser sweep on

log 31 € {log0.001,...,log 15}

Original k=1 4 8 16 32 64 128

CLIP 50.02  50.04 52.14 5256 5296 535 53.94 54.16
BLIP ft. COCO 79.62  80.56 81.68 8232 82.74 82.68 82.7 8246
CLIP ft. COCO 63.74  60.68 629 63.96 64.38 65.18 6544 65.44
CLIP ft. Flickr 53.74 5274 54.68 55.66 563 56.64 56.96 56.28
BLIP ft. Flickr 7226 7658 77.96 78.54 7836 7844 78.64 7844
SigLIP 6532 6572 6822 68.78 694 69.88 69.98 70.24
ALBEEF ft. Flickr 69.82 7228 740 7434 7494 75.16 74.82 74.82
ALBEF ft. COCO 78.6 7796 79.82 79.96 80.22 80.86 81.22 81.14
BEIT-3 61.12 649 663 675 6836 68.78 69.14 69.26
BEIT-3 ft. Flickr 7202 7274 7422 7458 751 7522 75.56 7542
BEIT-3 ft. COCO 80.72 77.8 79.72 80.42 809 8124 81.14 813
BEiT-3 Large 63.26  66.78 68.38 69.54 70.32 70.78 71.24 71.44

BEIT-3 Large ft. Flickr 7432 7532 76.64 77.38 78.02 78.66 78.64 78.72
BEIT-3 Large ft. COCO 82.1 79.56 8146 8222 8274 83.0 83.04 83.04

Table A4: Text Recall@1 for COCO with NNN across
different &, with fixed o = 0.75.

log B2 € {log 25, ...,log 200}

again with a resolution of 20 values. We also test
setting 31 and (35 to 0. To select the hyperparame-
ters from the sweep, we use the same procedure as
NNN.

C Runtime

A quantitative comparison of NNN runtimes using
an exhaustive search (“Base” column) on GPU and
using a Faiss index for computing bias scores is
shown in Table AS5. All of our experiments can be
run using a single NVIDIA V100 GPU.

Model Base (s) Faiss(s) Factor BaseIR@1 Faiss IR@1
CLIP 22.69s  041s 55.26x 37.76 37.67
CLIP ft. Flickr 2095s  0.13s 161.4x 40.36 40.33
CLIP ft. COCO 20.94s  0.15s  138.18x 47.93 47.81
BLIP ft. Flickr 10.58s  0.07s  159.24x 60.03 59.97
BLIP ft. COCO 10.59s  0.16s 65.07x 64.49 64.45
ALBEF ft. Flickr ~ 10.61s  0.07s  147.48x 56.89 56.80
ALBEF ft. COCO 10.59s  0.07s  150.79x 62.92 62.82
SigLIP 31.25s  021s  151.33x 50.72 50.52

Table AS: GPU-based exhaustive search vs GPU-
based vector index search for computing bias scores
on COCO.

D Full retrieval results

We present the full results of NNN applied to both
text-to-image and image-to-text retrieval for the
Flickr30k and COCO datasets, including R@1, 5,
and 10 with associated 95% confidence intervals in
tables A8, A9, A10, A11. NNN provides a consistent
improvement in performance, even at higher re-
call values, but provides the greatest improvement
to R@1. Confidence intervals are computed with
bootstrapping.

E Ablation Study

In some scenarios, it is possible that one may not
have access to a very large reference query dataset.
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Flickr30k retrieval COCO retrieval
Original DN  DuallS DualDIS W~ Originl DN DuallS DualDIS  NW

CLIP 58.82  62.06 65.26 6520 64.60 3043 3247 37.82 37.81 37.53
CLIP ft. Flickr 72.80  70.92  73.80 73.78 7414 3556 3552 40.19 40.17  40.12
CLIP ft. COCO 67.40 66.32 68.36 68.36  68.86 4589 45.02 47.57 47.60  47.39
BLIP ft. Flickr 83.58 8374 83.12 83.14 8432 56.44 58.15 59.72 59.73  59.70
BLIP ft. COCO 82.12 8152 8192 81.92 8280 62.68 6295 64.00 64.00 64.44
ALBEEF ft. Flickr 79.50  79.18 79.86 79.86  80.26 52.53 53.92 56.62 56.70  56.67
ALBEF ft. COCO 74.54 7450 76.10 76.10  76.60 59.73 60.63 62.72 62.66  62.66
SigLIP 74.62 7522  76.02 76.04  76.54 47.15 47775 4993 4992  50.24
BEiIT-3 75.52 7572 76.08 76.10  76.66 47.62 47.75 50.08 50.04  50.64
BEiT-3 ft. Flickr 86.12 8572 84.68 84.68  86.00 53.57 5344 55.16 55.16 5591
BEiT-3 ft. COCO 82.90 8250 8220 8220 8348 61.88 61.66 61.78 61.78  62.34
BEiT-3 Large 77.80  78.04 77.70 77.74 7854 4934 49.64 51.67 51.70  52.25

BEiT-3 Large ft. Flickr 88.04 87.40 86.74 86.74  87.82 56.41 56.82 58.09 5792  58.88
BEiT-3 Large ft. COCO  86.24 8596 85.12 85.12  86.64 63.83 63.66 63.57 63.65  64.20

Table A6: Image Recall@1 results for Flickr30k and COCO. Percent change reported for DN, DBNorm and NNN.
All methods use 20% of the train set.

Flickr30k retrieval COCO retrieval
Original DN  DuallS DualDIS NW  Original DN  DuallS DualDIS NN
CLIP 79.30 7850 81.20 81.10  81.20 50.02 50.00 53.20 5292  53.66
CLIP ft. Flickr 85.70  86.30 86.50 86.50 8730 53.74 5326 5542 55.04  56.44
CLIP ft. COCO 82.10  80.80 81.90 81.30 82.80 6374 61.80 64.72 64.80  65.26
BLIP ft. Flickr 93.40 95.60 95.70 9450 9520 7226 7548 78.28 77.44  78.30
BLIP ft. COCO 93.70 9470 94.70 9470 9530 79.62 8030 82.52 81.72  82.46
ALBEEF ft. Flickr 9240 9140 93.10 9290 9260 69.82 69.88 74.62 73.56  74.44
ALBEEF ft. COCO 87.30  88.50 90.50 8§9.90  90.00 78.60  78.56 80.54 80.32  80.68
SigLIP 89.00 89.80 91.60 91.20 9130 6532 66.04 69.14 69.18  69.86
BEiT-3 89.10  90.10 90.70 91.00 91.80 61.12 65.62 68.94 68.36  69.12
BEIT-3 ft. Flickr 96.30 9530 94.40 95.10 9560 72.02 7296 75.12 74.02  75.22
BEIT-3 ft. COCO 93.60 9390 94.50 9290 9530 80.72 80.14 79.90 79.56  81.26
BEiT-3 Large 91.10 9270 93.20 93.30 9320 63.26 6720 71.06 7048  71.08

BEiT-3 Large ft. Flickr 97.20 97.00 96.80 96.30 9720 7432 7564 77.56 76.56  77.92
BEiT-3 Large ft. COCO 9550  96.10  95.00 95.10 9530 82.10 82.14 80.88 8232  82.72

Table A7: Text Recall @1 results for Flickr30k and COCO. Percent change reported for DN, DBNorm and NNN.
All methods use 20% of the train set.

To simulate the performance of NNN and other base- M Original NNN (ull) NNN(0%) NNN(20%) NNN (10%)
. R R K CLIP 58.82 64.94 64.80 64.60 64.84
lines under this constraint, in Table A13 and A15, CLIP ft. Flickr 7280 7406 73.86 74.14 7442
. CLIP ft. COCO 67.40 69.64 69.18 68.86 68.86
we show the retrieval scores when only a subset BLIP ft. Flickr 8358 8448 84.44 84.32 84.18
. . BLIP ft. COCO 82.12 83.32 83.28 82.80 83.04
of the Flickr30k/COCO queries are used as the ALBEF ft. Flickr 7950 8102 §0.84 §0.26 §0.10
. ALBEF ft. COCO 74.54 76.86 77.04 76.60 76.48
reference dataset. We find that NNN substantlally SigLIP 74.62 76.82 76.70 76.54 76.40
. BEIiT-3 75.52 76.88 76.92 76.66 76.70
improves beyond the base model even for ablated BEITS3 ft. Flickr 8612 8636 $6.10 86.00 86.06
BEIT-3 ft. COCO 82.90 83.72 83.46 83.48 83.16
datasets. BEIT-3 Large 77.80 78.94 78.68 78.54 78.44
BEIT-3 Large ft. Flickr 88.04 87.96 87.90 87.82 87.88
BEIT-3 Large ft. COCO  86.24 86.98 86.66 86.64 86.56

Table A12: Flickr30k ablation studies (Image Re-
trieval@1).
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Flickr Flickr, NNN w/ Flickr Flickr, N\NN w/ COCO
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
CLIP 58.82+1.36 83.44+£1.03 90.08 +£0.83 | 65.52+1.32 87.84+0.91 93.00+0.71 | 6442+ 1.33 8724 +£0.92 92.36+0.74
CLIP ft. Flickr 72.80 £1.23 9254 +£0.73 95.64 £0.57 | 74.26 £1.21 9244 +£0.73 96.22 £0.53 | 73.58 £ 1.22 92.24 £0.74 95.78 £ 0.56
CLIP ft. COCO 67.40 £1.30 88.46+0.89 93.76 +£0.67 | 69.48 + 1.28 89.64 + 0.84 94.40 + 0.64 | 67.60 £ 1.30 89.16 £0.86 93.84 £+ 0.67
BLIP 82.12+1.06 96.10 £0.54 97.78 £0.41 | 83.34 £1.03 96.46 + 0.51 97.90 +0.40 | 82.60 £ 1.05 96.26 +£0.53 97.98 + 0.39
BLIP ft. Flickr 83.58 £1.03 96.60 £0.50 98.50 + 0.34 | 84.80 + 1.00 96.96 + 0.48 98.44 +0.34 | 84.22 £ 1.01 96.76 +£0.49 98.40 £ 0.35
ALBEEF ft. Flickr 7950 £1.12 9520+£0.59 97.62+0.42 | 80.84 +1.09 95.50 + 0.57 97.70 +0.42 | 80.02 £ 1.11 95.44 £0.58 97.64 £+ 0.42
ALBEF ft. COCO 7454+ 121 9332+£0.69 96.64+0.50 | 76.94 +1.17 93.92 +0.66 96.90 + 0.48 | 76.20 +£ 1.18 93.84 £ 0.67 96.90 + 0.48
SigLIP 74.62 £ 121 9230 +0.74 95.62+0.57 | 76.80 +1.17 93.30 + 0.69 96.12 + 0.54 | 76.22 + 1.18 92.88 £0.71 95.84 £+ 0.55
BEiT-3 7552+ 1.19 9276 £0.72 9596 £0.55 | 77.20 £ 1.16  93.92 + 0.66 96.60 + 0.50 | 76.36 £ 1.18 93.44 £ 0.69 96.48 &+ 0.51
BEIT-3 ft. Flickr 86.12+0.96 97.68 £0.42 98.82+0.30 | 86.40 +0.95 97.84 +0.40 98.88 +0.29 | 86.20 £ 0.96 97.62 +£0.42 98.84 £+ 0.30
BEIT-3 ft. COCO 82.90 £ 1.04 96.54 £0.51 98.46 +0.34 | 83.44+1.03 96.84 + 0.48 98.62 +0.32 | 83.12 £ 1.04 96.62 £0.50 98.48 +0.34
BEiT-3 Large 77.80 £ 1.15 9392+ 0.66 96.58 £0.50 | 78.92 +£ 1.13 94.54 £ 0.63 97.14 £ 0.46 | 78.84 £ 1.13 94.54 £ 0.63 96.82 £+ 0.49
BEIT-3 Large ft. Flickr | 88.04 +£0.90 98.06 +0.38 99.04 & 0.27 | 87.90 +0.90 98.08 + 0.38 98.96 +0.28 | 87.82 £ 0.91 98.06 +0.38 98.98 & 0.28
BEIT-3 Large ft. COCO | 86.24 +£0.95 97.26 £0.45 98.72 +0.31 | 86.64 = 0.94 97.46 + 0.44 98.92 +0.29 | 86.28 £ 0.95 97.24 £0.45 98.64 +0.32

Table AS8: Full Flickr30k Image Retrieval Results for NNN. We report recall percentage with bootstrapped 95%
confidence intervals.

Flickr Flickr, NNN w/ Flickr Flickr, NNN w/ COCO
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
CLIP 7930 £2.51 9500+£135 98.10+0.85 | 81.50 £2.41 9570 £1.26 97.90+0.89 | 79.70 £2.49 9550+ 1.28 98.00 £ 0.87
CLIP ft. Flickr 8570 £2.17 9690 +£1.07 98.70 + 0.70 | 87.60 +2.04 96.90 +£1.07 98.60 +0.73 | 87.30 +£2.06 96.90 +1.07 98.60 + 0.73
CLIP ft. COCO 82.10+£2.38 9590+1.23 98.20+0.82 | 83.00+2.33 9580+ 124 98.50+0.75 | 82.70 +£2.34 95.80+ 1.24  98.30 + 0.80
BLIP 9370 £ 1.51 99.50 £0.44 9990 £0.20 | 95.70 £1.26 99.50 £0.44 99.90 £0.20 | 94.50 £ 1.41 99.70 £ 0.34 100.00 + 0.00
BLIP ft. Flickr 9340+ 154 9950+£044 99.80£0.28 | 9540 £1.30 99.60 £0.39  99.90 £ 0.20 | 94.90 + 1.36 99.80 £ 0.28  99.90 + 0.20
ALBEF ft. Flickr 9240+ 1.64 99.10£0.59 99.70 £0.34 | 9270 £1.61 9890 +£0.65 99.80 £0.28 | 9230 £ 1.65 99.00 £0.62 99.80 + 0.28
ALBEF ft. COCO 87304206 9830+£0.80 99.204+0.55 | 91.10+1.76 99.30 £0.52  99.70 = 0.34 | 89.60 + 1.89 98.90+0.65 99.60 &+ 0.39
SigLIP 89.004+1.94 98.00+0.87 99.304+0.52 | 91.40 +=1.74 98.60 £0.73  99.60 = 0.39 | 90.30 = 1.83 98.30+0.80 99.20 + 0.55
BEIT-3 89.10+1.93 98.60+0.73  99.204+0.55 | 91.40 =1.74 98.90 £0.65 99.40 +0.48 | 90.60 + 1.81 98.60+0.73  99.50 + 0.44
BEIT-3 ft. Flickr 96.30 £ 1.17 99.70 = 0.34  100.00 £ 0.00 | 94.80 £ 1.38  99.70 = 0.34  100.00 £ 0.00 | 94.70 = 1.39  99.40 £ 0.48 100.00 + 0.00
BEIT-3 ft. COCO 93.60 £1.52 9930£0.52 99.80£028 | 9540 £1.30 99.60 £0.39 9990 +0.20 | 95.10 £1.34 9930 £0.52 99.90 + 0.20
BEIT-3 Large 91.10 £ 1.76  99.00 £0.62  99.60 £ 0.39 | 93.60 +1.52 99.30 £0.52  99.70 £ 0.34 | 92.50 £ 1.63 98.90 £0.65 99.60 £ 0.39
BEIT-3 Large ft. Flickr | 97.20 + 1.02  100.00 £ 0.00 100.00 = 0.00 | 97.30 = 1.00 100.00 £ 0.00 100.00 + 0.00 | 97.00 & 1.06 99.90 £ 0.20 100.00 + 0.00
BEiT-3 Large ft. COCO | 9550 +1.28 99.70 £0.34  99.80 + 0.28 | 96.10 +1.20  99.90 £ 0.20  100.00 £ 0.00 | 95.90 £ 1.23 99.80 + 0.28  99.90 + 0.20

Table A9: Full Flickr30k Text Retrieval Results for NNN. We report recall percentage with bootstrapped 95%
confidence intervals.

Model Original NNN (full) NNN (50%) NNN (20%) NNN (10%) Model Original NNN (full) NNN (50%) NNN (20%) NNN (10%)
CLIP 79.30 81.90 81.90 81.20 81.60 CLIP 50.02 53.94 53.88 53.66 53.66
CLIP ft. Flickr 85.70 87.30 87.00 87.30 87.10 CLIP ft. Flickr 53.74 56.86 56.70 56.44 56.24
CLIP ft. COCO 82.10 82.10 82.20 82.80 82.50 CLIP ft. COCO 63.74 65.44 65.40 65.26 64.44
BLIP ft. Flickr 93.40 95.00 95.40 95.20 95.50 BLIP ft. Flickr 72.26 78.64 78.04 78.30 78.24
BLIP ft. COCO 93.70 95.20 95.20 95.30 95.30 BLIP ft. COCO 79.62 82.70 82.42 82.46 82.10
ALBEF ft. Flickr 92.40 92.80 92.80 92.60 92.60 ALBEF ft. Flickr 69.82 75.16 74.64 74.44 74.66
ALBEF ft. COCO 87.30 90.50 90.30 90.00 89.50 ALBEF ft. COCO 78.60 81.22 81.00 80.68 80.26
SigLIP 89.00 91.20 91.20 91.30 91.10 SigLIP 65.32 70.24 70.42 69.86 69.98
BEIT-3 89.10 91.50 91.70 91.80 90.90 BEIiT-3 61.12 69.26 69.30 69.12 69.00
BEIT-3 ft. Flickr 96.30 95.40 96.00 95.60 95.80 BEIT-3 ft. Flickr 72.02 75.50 75.16 75.22 75.14
BEIT-3 ft. COCO 93.60 95.40 94.90 95.30 94.60 BEIT-3 ft. COCO 80.72 81.58 81.30 81.26 81.26
BEiT-3 Large 91.10 93.60 93.30 93.20 91.60 BEiT-3 Large 63.26 70.74 70.84 71.08 70.72
BEIT-3 Large ft. Flickr 97.20 97.40 97.20 97.20 97.10 BEiT-3 Large ft. Flickr 74.32 78.64 78.42 77.92 77.34
BEIT-3 Large ft. COCO  95.50 95.20 95.40 95.30 95.50 BEiT-3 Large ft. COCO  82.10 82.92 82.86 82.72 82.72

Table A13: Flickr30k ablation studies (Text Re- Table Al15: COCO ablation studies (Text Re-

trieval@1). trieval@1).
Model Original NNN (full) NNN (50%) NNN (20%) NNN (10%)
CLIP 30.43 37.74 37.48 37.53 3743
CLIP ft. Flickr 35.56 40.13 40.17 40.12 40.28
CLIP ft. COCO 45.89 47.90 47.70 47.39 47.35
BLIP ft. Flickr 56.44 60.12 60.00 59.70 59.56
BLIP ft. COCO 62.68 64.45 64.35 64.44 64.14
ALBEF ft. Flickr 52.53 57.09 56.88 56.67 56.40
ALBEF ft. COCO 59.73 62.88 62.82 62.66 62.43
SigLIP 47.15 50.70 50.72 50.24 50.15
BEIT-3 47.62 50.81 50.80 50.64 50.50
BEiT-3 ft. Flickr 53.57 56.19 56.16 5591 55.97
BEIT-3 ft. COCO 61.88 62.54 62.46 62.34 62.26
BEIT-3 Large 49.34 52.52 5242 52.25 52.09
BEIT-3 Large ft. Flickr 56.41 58.91 58.88 58.88 58.66
BEIT-3 Large ft. COCO  63.83 64.14 64.13 64.20 64.07

Table Al14: COCO ablation studies (Image Re-
trieval @1).
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Ccoco COCO, NnN w/ Flickr COCO, N\ w/ COCO

R@1 R@5 R@10 R@1 R@5 R@10 R@] R@5 R@10
CLIP 30454+ 057 5478 £0.62 6623 £0.59 | 33.88 £0.59 59.124+0.61 69.84 £0.57 | 37.76 = 0.6  63.11 0.6 73.46 + 0.55
BLIP 62724+ 0.6 8516+044 91.324+035| 63.1+0.6 8528 £044 91.52+0.35 | 64.49+0.59 86.33+0.43 92.02 +0.34
CLIP ft F 3558 +£0.59 61.27+0.6 71.69£0.56 | 36.62+0.6 6217 +£0.6 72.34+0.55 | 40.36 £0.61 65.9+0.59 76.14 + 0.53
BLIP ft F 56.47 £0.61 81.18+048 8845+04 |57.65+0.61 8144048 88.62+0.39 | 60.03 +0.61 83.11+0.46 89.66 + 0.38
ALBEF ft F 52.56 £0.62 79.07+£0.5 87.054+042 |5356+£0.62 7932+05 8734041 | 56.89+0.61 82.14+0.47 89.04 +0.39
ALBEEF ft C 59.76 £ 0.61 84.28 +0.45 90.56 4+ 0.36 | 60.24 £ 0.61 84.54 £045 91.0+0.35 | 62.92+0.6 8597+ 043 91.74 +0.34
CLIP ft C 4592 +£0.62 732+0.55 82564047 | 4628 £0.62 73.02+£0.55 82.55+0.47 | 47.93 +£0.62 74.17 +0.54 82.86 + 0.47
SigLIP 47.18 £0.62 72.08+0.56 80.58 +£0.49 | 48.72£0.62 73240.55 81.78+£0.48 | 50.72 £ 0.62 74.99 +0.54 82.7 + 0.47
BEIT-3 base 47.64+0.62 72544055 8124048 |48224+0.62 73.31+£0.55 81.86+048 | 50.83 £0.62 75.56+0.53 83.42 + 0.46
BEIT-3 fton F 5359 £0.62 77.98+0.51 85714043 |53.99£0.62 7831 +£0.51 85964043 | 56.24 +0.61 80.07 0.5 87.25 £ 0.41
BEiT-3 fton C 6191 +06 8515+£044 91494+035| 61.8+0.6 8497+£044 91.28+£035| 623+0.6 8522+044 91.58+0.34
BEiT-3 large 49.36 £0.62 73.64+£0.55 81.8540.48 | 50.18 £0.62 7427 £0.54 82.42+0.47 | 52.54 +0.62 76.44 = 0.53 84.13 £ 0.45
BEiT-3 large fton F | 56.43 £0.61 80.44+0.49 87.724+041 | 569 £0.61 80.54+£049 87.72+0.41 | 58.97 +0.61 81.69 & 0.48 88.71 £ 0.39
BEiT-3 large fton C | 63.85+ 0.6 86.41 £042 9231+0.33 | 63.76£0.6 86.18 043 92.18 £0.33 | 64.54 £ 0.59 86.42 + 0.42 92.32 +0.33

Table A10: Full COCO Image Retrieval Results for NNN. We report recall percentage with bootstrapped 95%
confidence intervals.

COCO COCO, NN w/ Flickr COCO, N\ w/ COCO
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
CLIP 50.02+£1.39 7484 +£120 83.18+1.04 | 51.74+1.39 7594+ 1.18 83.86+1.02 | 54.16 £ 1.38 77.60 £ 1.16 85.46 & 0.98
CLIP ft. Flickr 5374+ 138 7636+ 1.18 8436+ 1.01 | 53.68 +1.38 7648+ 1.18 84.80+1.00 | 56.86 + 1.37 79.14 £ 1.13 86.68 + 0.94
CLIP ft. COCO 63.74 £1.33 8584+0.97 91.54+0.77 | 64.06 +1.33 8574 +0.97 91.54+£0.77 | 65.44 +1.32 86.20 +£0.96 91.92 + 0.76
BLIP 79.62+£1.12 9448 £0.63 9720 £0.46 | 7998 £ 1.11 9470+ 0.62 97.34 +0.45 | 82.68 £ 1.05 9532 +£0.59 97.86 & 0.40
BLIP ft. Flickr 7226 £124 9034 +£0.82 9480 +0.62 | 74.88 +1.20 91.84 +0.76 95.88 +0.55 | 78.64 £ 1.14 93.28 £ 0.69 96.54 + 0.51
ALBEF ft. Flickr 69.82 £1.27 91.164+0.79 9532+£059 | 71.10 £ 1.26 91.58 £0.77 95.88 £0.55 | 74.82 + 1.20  92.60 + 0.73 96.24 + 0.53
ALBEEF ft. COCO 78.60 £ 1.14 9482 +£0.61 97.54+0.43 | 79.06 £ 1.13 95.324+0.59 97.78 +0.41 | 80.86 £ 1.09 95.50 £ 0.57 97.62 £+ 0.42
SigLIP 6532+ 132 8622+0.96 91.60+0.77 | 67.04 +1.30 87.18 £0.93 9248 +0.73 | 70.24 +£ 1.27 88.12 £ 0.90 93.34 + 0.69
BEIT-3 61.12 £ 1.35 8396+ 1.02 90.86+0.80 | 66.02 £ 1.31 87.06+0.93 92.64 £0.72 | 69.26 + 1.28 88.70 + 0.88 93.24 + 0.70
BEIT-3 ft. Flickr 72.02+£ 124 90.50 £0.81 9472 £0.62 | 72.64 +1.24 90.84 £ 0.80 94.90 +0.61 | 75.12 £ 1.20 92.20 £ 0.74 95.68 £ 0.56
BEIT-3 ft. COCO 80.72 £ 1.09 95.60 £0.57 98.12+0.38 | 80.58 &= 1.10 95.58 = 0.57 97.94 +0.39 | 80.82 £ 1.09 95.50 £0.57 97.96 £ 0.39
BEIT-3 Large 63.26 £1.34 85.60+0.97 91.70£0.76 | 67.84 £ 1.29 88.02+0.90 92.98 £0.71 | 70.74 - 1.26 89.30 + 0.86 94.32 + 0.64
BEIT-3 Large ft. Flickr | 74.32 £1.21 92.06 £0.75 95.82+0.55 | 74.64 £ 121 91.94+0.75 95.84+£0.55 | 78.72 £ 1.13  93.30 £ 0.69 96.62 + 0.50
BEIT-3 Large ft. COCO | 82.10 £ 1.06 96.12 £+ 0.54 98.40 4 0.35 | 82.16 = 1.06 95.96 +0.55 98.58 + 0.33 | 83.00 + 1.04 96.04 £ 0.54 98.40 & 0.35

Table A11: Full COCO Text Retrieval Results for NNN. We report recall percentage with bootstrapped 95%
confidence intervals.

BLIP on COCO, Image Retrieval@1 (Figure A])
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Figure Al: Distribution of COCO captions matched
to each image during image retrieval for BLIP cross-
modal Applying NNN to the cross-attention model does
not significantly affect the distribution: a Kolmogorov-
Smirnov test has a p-value of 0.846. (One caption was
chosen per image due to compute constraints.)

F Crossmodal attention

We find that NNN consistently increases retrieval ac-
curacy in contrastive models, but does not signif-
icantly improve cross-attention models: for the
image-text matching version of BLIP on COCO,
Image Recall@ 1 improves from 66.16% to 66.24%
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BLIP on Flickr30k, Image Retrieval@1 BLIP on Flickr30k, Text Retrieval@1
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Figure A2: Distribution of captions matched per image for image retrieval (left), and images matched per
caption for text retrieval (right).
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