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A. Method Details

A.1. Hubness Observation

In Sec. 3.2, to categorize unlabeled cross-modal pairs as
pseudo-positive or negative, we propose using intra-text
similarity as a probe to identify potential cross-modal multi-
correlations. Here, we proved further rationale for using the
text encoder in the CLIP for probing. In [19], to calcu-
late the relevance degree between unlabeled samples, they
compare across several ways for false negative identifica-
tion and find that intra-text similarities are the best way to
discourse false negatives from true negatives. Especially,
as shown in Fig.4 of [19], i) cross-modal comparison (text
encoder in CLIP v.s. ViT in CLIP) can judge true nega-
tives and false negatives but the two data distributions do
not separate by a large margin. ii) Intra-visual compar-
ison (ViT in CLIP v.s. ViT in CLIP) cannot accurately
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distinguish true negatives from false negatives. iii) Intra-
text comparison (text encoder in CLIP v.s. text encoder in
CLIP) has the ability to discriminate false negatives, as text
is an abstraction of semantic content and the text similarity
is closer to the semantic content similarity. In our work, we
find that the distribution of intra-text comparison is well-
aligned with the ground truth positive-negative annotations.
In a broader context, especially without multi-correlations
annotations, intra-text similarity can be used as a probe of
semantic alignment.

A.2. Proof of Gradient
Gradient of LNbi. The gradient of the Neighbor Adjusting
Loss LNbi(xi) with respect to the similarity score S(xi, yj)
is derived as follows:
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The third step involves recognizing that the derivative of
logP (yk | N+(xi)) with respect to S(xi, yj) is δkj −
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P (yj | N+(xi)), where δkj is the Kronecker delta func-
tion. The derivation reveals that the gradient equals P (yj |
N+(xi)) − H(yj), indicating that it is the difference be-
tween the predicted probability and the adjusted target. This
guides the update of similarity scores S(xi, yj): a positive
gradient, occurring when the predicted probability P (yj |
N+(xi)) exceeds the adjusted target H(yj), decreases the
similarity score to penalize bad hubs, while a negative gra-
dient increases it to promote good hubs, thereby balancing
the representation space.
Gradient of LOpt. Derive the gradient of the Uniformity
Regularization loss LOpt with respect to the similarity score
Si,j for query i and gallery j.
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The fourth step involves recognizing that the derivative of
logP (l|i) with respect to Si,j is δj,l − P (j|i), where δj,l
is the Kronecker delta function. Since Qi, j is designed to
uniform probability retrieval, the gradient encourages the
model to adjust P (j|i) towards a uniform distribution over
all possible retrievals. By minimizing the loss, the opti-
mization process reduces this discrepancy, effectively guid-
ing the predicted probabilities to match the uniform target.
This mechanism ensures that the model will not favor hub
or ignore anti-hub.

A.3. Uniform Regularization
In Sec. 4.4, we utilize a uniform marginal constraint in-
spired by Sinkhorn Distances [5] to enforces equal retrieval
probabilities for overall matching at the high level.

We start by deriving high-level representations for each
modality using the Deep Projection Clustering with K-
Nearest Neighbors (DPC-KNN) [7] module. To learn high
semantic alignment, high-level representations are denoted

as Vg = {vig}Ni=1 for the visual modality and Tg =

{tjg}Nj=1 for the textual modality, where N represent the
lengths of high-level representation. The high similarity
between a visual high-level representation vig and a textual
high-level representation tjg is then computed using a cosine
similarity metric. The high alignment matrix G is defined
as G = [gij ]

N×N , where:

gij =
vig
>
tjg

||vig|| ||t
j
g||
, (1)

which is the high similarity score between the i-th visual
high representation and the j-th textual high representation.

Uniform Retrieving Matrix Q∗ has a simple normalized
exponential matrix solution by Sinkhorn fixed point itera-
tions [5]. By extensively reordering relationships, optimal
transport aligns semantically related pairs more closely, bal-
ancing the centrality of hubs and anti-hubs. To further en-
hance robustness, realigned targets Q are incorporated:

Q = (1− β)IB + βQ∗. (2)

Here, IB is the identity matrix of size B, where B repre-
sents the batch size, and β ∈ [0, 1] controls the balance be-
tween the identity matrix and the uniform retrieving matrix
Q∗. By redefining Q in this manner, each query or gallery
is realigned based on uniform regularization, thereby en-
forcing balanced retrieval probabilities across all samples.

B. More Experiments
B.1. Experimental Settings
Datasets. We also evaluate our method on two text-
image retrieval benchmarks: Flickr30K and MS-COCO.
Flickr30K [31] contains 31K images, each image is anno-
tated with 5 sentences. Following the data split of [18], we
use 1K images for validation, 1K images for testing, and
the remaining 29K for training. MS-COCO [20] contains
123K images, and each image comes with 5 sentences. We
mirror the data split setting of [8]. We use 113K images
for training, 5K images for validation, and 5K images for
testing.
Implementation Details. For Flickr30K and MS-COCO,
we utilize the CLIP (ViT-B/16) [26] as the pre-trained
model. The dimensions of the visual and textual represen-
tation feature are 512. We use the Adam optimizer [17] and
set the batch size to 128. The initial learning rate is 1e-4
for Flickr30K, and MS-COCO. For Flickr30K, the network
is optimized for 5 epochs. For MS-COCO, the network is
optimized for 10 epochs.

B.2. Comparison with other Methods
Compared Methods. We compare NeighborRetr
with other text-image retrieval methods: UNITER [2],



Model
Flickr30K (1K Test Set)

Text-to-Image Image-to-Text Rsum↑R@1↑ R@5↑ R@10↑ R@1↑ R@5↑ R@10↑

CSIC 88.5 98.1 99.4 75.3 93.6 96.7 551.6
IAIS 88.3 98.4 99.4 76.9 93.3 95.7 552.0
ViSTA 89.5 98.4 99.6 75.8 94.2 96.9 554.4
ViLEM 92.4 99.2 99.7 78.1 94.6 97.0 561.0
I-CLIP 91.2 99.2 99.7 74.3 92.3 95.5 552.2
CUSA 90.8 99.1 99.7 77.4 95.5 97.7 560.2

Ours 92.7 99.3 99.8 79.5 95.7 97.8 564.8

Model
MSCOCO (5K Test Set)

Text-to-Image Image-to-Text Rsum↑R@1↑ R@5↑ R@10↑ R@1↑ R@5↑ R@10↑

UNITER 63.3 87.0 93.1 48.4 76.7 85.9 454.4
ViSTA 63.9 87.8 93.6 47.8 75.8 84.5 453.4
SOHO 66.4 88.2 93.8 50.6 78.0 86.7 463.7
PCME 65.3 89.2 94.5 51.2 79.1 87.5 474.2
ViLEM 69.0 90.7 95.1 52.6 79.4 87.2 474.0
CUSA 67.9 90.3 94.7 52.4 79.8 88.1 473.2

Ours 69.5 90.5 95.3 53.2 79.7 88.2 476.4

Table A. Experimental results of image-text retrieval on MSCOCO and Flickr30K datasets. “↑” denotes higher is better.

MSVD

Methods R@1↑R@5↑R@10↑MdR↓MnR↓

EMCL-Net 54.3 81.3 88.1 1.0 5.6
CLIP4Clip 62.0 87.3 92.6 1.0 4.5
X-Clip 60.9 87.8 - - 4.7
Diffusion 61.9 88.3 92.9 1.0 4.5

Ours 63.3 89.6 95.4 1.0 3.3

ActivityNet Captions

Methods R@1↑R@5↑R@10↑MdR↓MnR↓

CLIP4Clip 41.4 73.7 85.3 2.0 6.7
EMCL-Net 42.7 74.0 - 2.0 -
ECLIPSE 42.3 73.2 83.8 - 8.2
HBI 42.2 73.0 86.0 2.0 6.5

Ours 43.5 74.6 86.7 2.0 6.1

DiDeMo

Methods R@1↑R@5↑R@10↑MdR↓MnR↓

X-Clip 43.1 77.2 - - 10.9
EMCL-Net 45.7 74.3 82.7 2.0 10.9
Diffusion 46.2 74.3 82.2 2.0 10.7
HBI 46.2 73.0 82.7 2.0 8.7

Ours 48.4 74.6 83.7 2.0 9.0

Table B. Comparisons to other methods on the Video-to-Text task on the MSVD, ActivityNet Captions, and DiDeMo datasets. “↑” denotes
higher is better, “↓” denotes lower is better.

SOHO [12], PCME [4], IAIS [29], ViLT [16], CSIC [22],
ViSTA [3], ViLEM [1], I-CLIP [6], CUSA [11]. We
also compare NeighborRetr with other methods on
the video-to-text retrieval task: CLIP4Clip [23], X-
Clip [25],ECLIPSE [21] EMCL-Net [13], HBI [14],
Diffusion [15].
Image-Text Retrieval. Table A presents a comprehen-
sive comparison of our method against state-of-the-art ap-
proaches on the Flickr30K and MSCOCO datasets for both
text-to-image and image-to-text retrieval tasks. On the
Flickr30K, compared to the recent reinforcement learning-
enhanced method I-CLIP [6], our approach shows a clear
1.5% improvement on the text-to-image R@1 metric and
a 5.2% improvement on image-to-text R@1, even with I-
CLIP’s additional steps to boost cross-modal alignment. On
the MSCOCO dataset, compared to the soft-label supervi-
sion strategy of CUSA [11], which focuses on enhancing
similarity recognition through uni-modal samples, our ap-
proach achieves a notable 2.1% improvement on image-to-
text R@1.
Video-to-Text Retrieval. We compare the proposed
NeighborRetr method with other state-of-the-art methods
on the Video-to-Text Retrieval task using the MSVD,
DiDeMo, and ActivityNet Captions datasets, as shown in
Table B. The results demonstrate that NeighborRetr outper-
forms the competing methods across all datasets. Specif-
ically, in the MSVD dataset, NeighborRetr improves the
R@1 score by 1.3%. For the DiDeMo dataset, Neighbor-
Retr achieves an R@1 improvement of 2.2% over HBI, in-

MSR-VTT

Methods R@1↑ R@5↑ R@10↑ Rsum↑ MnR↓

CLIP4Clip 44.5 71.4 81.6 197.5 15.3

w/ NeighborRetr 46.4 73.0 82.8 202.2 13.1

Table C. Comparison of retrieval performance on the Text-to-
Video task on MSR-VTT, demonstrating improved efficacy un-
der the CLIP4Clip framework with our proposed NeighborRetr
method.

dicating a significant advancement in the retrieval accuracy
of long videos. These results consistently highlight the ef-
fectiveness of NeighborRetr in handling video-to-text re-
trieval tasks ranging from short clips to long videos.

B.3. Ablation Studies
CLIP4Clip w/ NeighborRetr. Integrating NeighborRetr
into the CLIP4Clip [24] framework yields significant per-
formance improvements, as evidenced in Table C. Specifi-
cally, the R@1 score increases by 1.9%, the Rsum score im-
proves by 4.7%, and MnR decreases by 2.2%. These met-
rics underscore the adaptability and robustness of Neigh-
borRetr, demonstrating its potential for enhancing retrieval
performance across different backbone architectures.
Hubness ablation of each loss. Table D demonstrates
the effect of each loss function on hubness mitigation.
The baseline model, without the proposed losses, exhibits



LWti LOpt LNbi LKL skew↓ trunc↓ atkinson↓ robin↓ anti↓ hub↓

! 7 7 7 5.37 1.3 0.73 0.76 0.63 0.83
! ! 7 7 4.87 1.27 0.65 0.68 0.32 0.76
! 7 ! 7 4.05 1.16 0.55 0.51 0.45 0.62
! ! ! ! 3.20 1.04 0.44 0.45 0.23 0.58

Table D. Hubness metrics in the Text-to-Video retrieval task on
the MSR-VTT dataset for all losses ablation. “↓” denotes lower is
better.

Methods skew↓ trunc↓ atkinson↓ robin↓ anti↓ hub↓

w/o LNbi 5.14 1.24 0.71 0.70 0.51 0.80
Simi 4.47 1.17 0.50 0.66 0.37 0.72
Cent 4.76 1.21 0.62 0.64 0.40 0.76

Simi+Cent 4.12 1.15 0.54 0.60 0.30 0.70
Simi-Cent 3.20 1.04 0.44 0.45 0.23 0.58

Table E. Hubness on the Text-to-Video task on MSR-VTT for
LNbi loss ablation. “↓” denotes lower is better.

the highest hubness values, indicating severe neighborhood
relationship issues. Introducing LWti reduces skew by
10%, boosting discriminative power by centralizing sam-
ples. Adding LOpt significantly reduces hubness indicators,
with anti decreasing by 49%, in particular affects the uni-
form probability of anti-hub. Finally, including LNbi along-
side the other losses yields the most substantial reductions:
skew drops by 17%, and hub by 25%. These results indicate
that LNbi is crucial in refining neighbor relationships and
minimizing hub formation. Overall, the combined losses
provide the most effective solution, balancing and diversi-
fying neighbor interactions.
Hubness ablation for formulations of LNbi. In Table E,
we analyze different formulations of cross-modal similarity
(Simi) and centrality (Cent) for the hubness problem. The
results show that incorporating Simi alone results in a mod-
est skewness reduction of 13%, while Cent alone slightly
decreases skewness by 7%, indicating the limitation of these
formulations individually. The combined Simi+Cent for-
mulation yields a certain decrease in skewness but remains
suboptimal. However, the Simi-Cent formulation outper-
forms all other formulations, achieving a 38% reduction
in skewness, which highlights its effectiveness in reducing
hubness across all metrics by better aligning the embed-
ding space and fine-tuning more equitable neighborhood re-
lations. This substantial improvement underscores the im-
portance of the subtractive formulation in mitigating high-
dimensional data biases.
Test-Time Hubness Mitigation Analysis. Table F
demonstrates that NeighborRetr achieves superior retrieval
performance over the baseline while maintaining compu-
tational efficiency. For training, NeighborRetr employs an
online queue to maintain updated representations, mitigat-

Method (Metric) MB (Source/Size) R@1↑R@5↑R@10↑R@Sum↑ Inf. Time↓

Baseline (Simi) - 46.8 73.6 82.7 203.1 19.30
Ours (Simi) - 49.5 74.1 84.1 207.7 20.88
Ours (Simi-Cent) Val (1k) 49.1 74.5 84.3 207.9 23.37
Baseline (+QB-Norm) Train (10k) 47.7 74.0 83.7 205.4 5592.15
Ours (+QB-Norm) Train (10k) 48.6 73.8 82.8 205.2 5950.97

Table F. Comparison of different similarity measures for Text-to-
Video retrieval on MSR-VTT during inference, showing retrieval
performance and inference time. “↑” denotes higher is better, “↓”
denotes lower is better.

(d) Embedding Space w/ NeighborRetr

(a) 𝑘𝑘-Occurrence w/ CLIP (b) 𝑘𝑘-Occurrence w/ NeighborRetr 

(c) Embedding Space w/ CLIP
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Figure A. Visualization of hub frequency distribution and embed-
ding space comparing CLIP vs. NeighborRetr, illustrating three
hub types: anti-hub (k < 4), good hub (4 ≤ k ≤ 16), bad hub
(k > 16). NeighborRetr shows improved hub distribution and
embedding characteristics.

ing staleness and removing outdated hubs. In inference,
NeighborRetr is memorybank-free. Thus in Table F,
NeighborRetr achieves 300× speedup than the QB-Norm
method, which adopts a memory-bank as a test-time
similarity normalization strategy. Notably, NeighborRetr
can improve R@1 by 2.7% and R@Sum by 4.6% with
minimal inference time impact with the simplest similarity
measure (Simi). The Simi-Cent variant enhances R@Sum
by 0.2% using only 1k validation samples compared to
Simi. NeighborRetr effectively decouples representation
quality from hubness bias during training, making test-
time similarity adjustments redundant. This may explain
why the test-time Simi-Cent metric does not translate to
practical gains in NeighborRetr. In contrast, QB-Norm
methods require the entire training set (10k samples) and
incur prohibitive inference costs. While both methods ad-
dress the hubness problem, NeighborRetr operates during
training for distribution-robust representations, whereas
QB-Norm applies post-hoc similarity adjustments during



inference, making their combination counterproductive
(-2.5% R@Sum) due to conflicting hubness mitigation
strategies.

B.4. Hub Distribution & Embedding Space Analysis
Fig. A illustrates hub distribution characteristics of CLIP
versus NeighborRetr. We categorize hubs into three dis-
joint subsets: anti-hubs (k < 4), good hubs (4 ≤ k ≤ 16),
and bad hubs (k > 16). NeighborRetr achieves a more
balanced k-occurrence distribution, aligning more closely
with the actual data distribution. reducing isolated anti-hubs
from 937 to 121, yielding a 37.9% R@1 gain, and decreas-
ing dominant bad hubs by 71, leading to a 23.5% improve-
ment. The embedding space shown in Fig. A(d) demon-
strates a more uniform distribution, with good hubs gain-
ing a 14.4% improvement. This result confirms Neighbor-
Retr effectively rebalances neighbor relationships by draw-
ing relevant points closer while preventing irrelevant hubs
from dominating neighborhoods.

B.5. Visualization of Text-to-Video Retrieval
Figure. B demonstrates the effectiveness of our method in
ranking videos that are highly relevant to the query while
encompassing a range of semantically related scenarios.
Higher-ranked videos show larger gaps between similarity
(Simi) and centrality (Cent) scores, indicating the model’s
ability to prioritize less central samples, thereby reducing
potential bias towards over-represented data. The lower-
ranked videos showcase diversity, reflecting the model’s
adaptability to various semantic contexts and its capability
to match different topics within the same activity. As cen-
trality scores increase with higher rankings, it becomes evi-
dent that our method not only captures good neighborhood
relationships but also improves them dynamically, enhanc-
ing the overall retrieval quality.

C. Hubness Metric Details

Definition of k-Occurrence. In high-dimensional em-
bedding spaces prevalent in cross-modal retrieval tasks, the
metric of hubness manifests through certain samples’ recur-
rent appearance as nearest neighbors. We quantify this phe-
nomenon using the k-occurrence metric [30],Nk(x), which
indicates the frequency a sample x appears among the k-
nearest neighbors of other samples:

Nk(x) =

n∑
i=1

pi,k(x), (3)

where pi,k(x) is a binary indicator function, defined as:

pi,k(x) =

{
1 if x is k nearest neighbors of qi,
0 otherwise.

This metric provides insights into the biases and central-
ity of samples within the embedding space, facilitating the
analysis of hub formation and its impact on retrieval effec-
tiveness.

C.1. Distribution-based Metrics
Skewness. We measure the asymmetry of the k-
occurrence distribution using skewness [27], denoted by
SNk . It is calculated as:

SNk =
E (Nk − µNk)

3

σ3
Nk

, (4)

where µNk and σNk are the mean and standard deviation
of the k-occurrences, respectively. A high skewness value
indicates a distribution with pronounced tails, suggesting
the presence of hub samples that disproportionately appear
as nearest neighbors, exacerbating the hubness issue.
Skewness Truncated Normal. The Skewness Truncated
Normal [30], StruncNk

, addresses skewness by truncating the
k-occurrence distribution to enhance accuracy in central
tendency analysis:

StruncNk
=
E
[
(N trunc

k − µNtrunck
)3
]

(σNtrunck
)3

, (5)

where N trunc
k represents the adjusted k-occurrences, with

µNtrunck
and σNtrunck

detailing the mean and standard devi-
ation of this truncated distribution, sharpening the focus on
typical data behavior by excluding outliers.
Atkinson Index. The Atkinson Index [10], ANk , specifi-
cally measures the extent of inequality in k-occurrence dis-
tributions with a unique focus on the tails. This focus is
modulated by the ε parameter, which provides a tunable sen-
sitivity:

ANk = 1− E[(Nk(xi))
1−ε]

1
1−ε

µNk
, (6)

where ε enhances the index’s responsiveness to the presence
of hubs and antihubs, crucial for nuanced analysis in cross-
modal retrieval tasks. This adaptability allows for a tailored
examination of how extremes centrality overall system fair-
ness and data representation equity.
Robin Hood Index. The Robin Hood Index [9], also re-
ferred to as the Hoover index, measures the inequality of the
k-occurrence distribution. It reflects the extent of redistribu-
tion required to achieve uniformity in neighbor assignments
across the dataset D:

Hk =
1

2
· E |Nk − µNk |∑

x∈DNk(x)
, (7)

a higher index value signals greater inequality, which is in-
dicative of significant disparities in the distribution of near-
est neighbors, thereby highlighting potential issues in the
fairness of retrieval system distributions.
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Figure B. Examples of text-to-video retrieval results with associated similarity (Simi) and centrality (Cent) scores. The ground truth video
is highlighted in red. Each candidate video is assessed to demonstrate accurate text-to-video matching. For neighborhoods in Rank 2 to 5,
NeighborRetr effectively identifies good neighbors, highlighting the effectiveness of our approach.

C.2. Occurrence-based Metrics
Antihub Occurrence. Antihub [28], Aanti, identifies the
proportion of samples that are not recognized as nearest
neighbors by any other objects in the dataset:

Aanti = E[1{Nk(xi)=0}], (8)

whereNk(xi) is the k-occurrence of sample xi, and 1{·} in-
dicates whether xi is completely ignored, emphasizing ex-
clusion in the embedding space and spotlighting represen-
tational biases.
Hub Occurrence. Hub [27], Ahub, measures the preva-
lence of certain samples overly dominating nearest neighbor
selections, affecting data representation equity:

Ahub = E[Nk(xi) · 1{Nk(xi)>k·hub size}]. (9)

where hub size sets the threshold defining a hub if it ap-
pears frequently as a nearest neighbor. This metric, by
quantifying the proportion of nearest neighbor slots occu-
pied by hubs, highlights the potential skew in data repre-
sentation.
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