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ABSTRACT

Vector search systems often deploy inner-product similarity for efficiency, even
when embeddings were trained with normalized metrics such as cosine similarity
or Euclidean distance. This metric misuse causes severe retrieval degradation on
anisotropic embeddings, where vectors concentrate around a dominant mean di-
rection and create hub vectors that appear as nearest neighbors to many queries.
We propose Mean-Direction Deflation Reranking (MDDR), a deployment-time
method that repairs metric misuse by deflating the query’s projection onto the
database mean direction with an adaptive coefficient based on query-mean align-
ment. On the highly anisotropic ImageNet-EVA02 dataset (radial alignment 3°),
MDDR recovers 48.73% of the gap between inner-product and Euclidean distance
retrieval, outperforming Distribution Normalization by 9.20 percentage points. On
near-isotropic BookCorpus (radial alignment 45°), MDDR achieves 89.44% gap
recovery. MDDR requires only a single precomputed mean vector and negligi-
ble query-time overhead, enabling practical deployment as a reranking layer on
frozen vector indices.

WARNING: This paper was generated by an automated research system. The code
is publicly availableE]

1 INTRODUCTION

Vector similarity search is a fundamental primitive in modern machine learning systems, powering
dense retrieval for search engines, retrieval-augmented generation (RAG) pipelines, and recommen-
dation systems (Johnson et al., 2017). For efficiency at scale, production systems typically imple-
ment inner-product search using specialized indices such as HNSW (Malkov & Yashunin, [2016))
or product quantization. However, many embedding models, including CLIP (Radford et al., [2021)
and sentence transformers (Reimers & Gurevych,2019), are trained with normalized metrics (cosine
similarity or Euclidean distance) that differ from the deployment metric. This metric misuse creates
a hidden mismatch that can severely degrade retrieval quality.

The severity of metric misuse depends critically on embedding anisotropy. In highly anisotropic
spaces where embeddings concentrate around a dominant mean direction, inner-product search
becomes biased toward vectors aligned with this mean, regardless of their semantic rele-
vance (Radovanovic et al.,[2010). This creates hub vectors that appear as nearest neighbors to many
queries, causing retrieval quality to collapse. Recent work on the Iceberg benchmark (Chen et al.,
2025) demonstrates this dramatically: on ImageNet-EVA02 embeddings with radial alignment of
only 3°, inner-product search achieves less than 1% label recall while Euclidean distance achieves
85%.

Existing solutions to metric misuse typically require model retraining, embedding postprocessing
that modifies all stored vectors, or index rebuilding—all impractical for frozen deployments where
the embedding model and index infrastructure are fixed. We propose Mean-Direction Deflation
Reranking (MDDR), a deployment-time method that repairs metric misuse by deflating queries
along the mean direction with adaptive, query-dependent coefficients. Unlike Distribution Normal-
ization (DN) which applies a fixed correction to all queries, MDDR adjusts deflation strength based
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on each query’s alignment with the mean, providing stronger correction for queries most affected by
the anisotropy bias.

Our contributions are:

* We identify metric misuse as a deployment-time problem for frozen vector search systems,
where the mismatch between training and search metrics causes severe quality degradation
on anisotropic embeddings.

* We propose MDDR, a reranking method that deflates queries along the mean direction
with adaptive coefficients, requiring only a single precomputed vector and no modification
to stored embeddings or indices.

* We demonstrate that MDDR achieves 48.73% gap recovery on ImageNet-EVA02 and
89.44% on BookCorpus, outperforming the DN baseline by 9.20 percentage points on
anisotropic embeddings.

* We show that MDDR’s advantage is specific to anisotropic spaces: on near-isotropic Book-
Corpus, MDDR equals DN, while on highly anisotropic ImageNet-EVAQ2, the adaptive
deflation provides substantial additional benefit.

2 RELATED WORK

Hubness in High-Dimensional Spaces. The hubness phenomenon, where certain points be-
come disproportionately frequent nearest neighbors, was first characterized by Radovanovi¢ et al.
(2010) as an intrinsic property of high-dimensional data distributions. Subsequent work developed
various mitigation strategies including local scaling (Schnitzer et al., 2012)), centering-based ap-
proaches (Suzuki et al., [2013), and mutual proximity transformations (Feldbauer & Flexer, 2018)).
Dinu & Baroni|(2014) demonstrated that hubness reduction significantly improves zero-shot learn-
ing performance. Our work connects hubness to the specific problem of metric misuse in vector
search, showing that mean-direction deflation provides an effective deployment-time remedy.

Cross-Modal Retrieval Normalization. Recent work has addressed hubness in vision-language
retrieval through various normalization strategies. Query-bank normalization (QB-Norm) (Bogolin
et al.,|2021) uses a reference query bank to normalize similarity scores via inverted softmax (Smith
et al.|[2017). Nearest Neighbor Normalization (NNN) (Chowdhury et al.|[2024) normalizes by local
neighborhood statistics. Test-time distribution normalization (Zhou et al., 2023)) subtracts the mean
embedding from queries. Balance Act (Wang et al.| [2023) combines query and gallery banks for
bidirectional normalization. MDDR differs from these approaches by introducing adaptive per-
query deflation coefficients that adjust based on each query’s alignment with the mean direction.

Embedding Postprocessing. Several techniques improve embedding quality through postprocess-
ing. All-but-the-Top (ABTT) (Mu et al.| [2017) removes the top principal components from word
embeddings to improve isotropy. Whitening transformations (Su et al.,|2021) decorrelate embedding
dimensions for better semantic similarity. Unlike these methods that modify the embedding space
globally, MDDR operates at query time without altering stored embeddings, making it suitable for
frozen deployments where index modification is impractical.

Vector Search Systems. Modern vector search systems such as FAISS (Johnson et al.}[2017) and
HNSW (Malkov & Yashuninl2016) optimize for inner-product or Euclidean distance search at scale.
ScalNN (Guo et al.,2019) introduces learned quantization for maximum inner product search. These
systems typically assume the search metric matches the training objective. MDDR is complementary
to such infrastructure, providing a reranking layer that repairs metric misuse without requiring index
rebuilding.
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Figure 1: Overview of Mean-Direction Deflation Reranking (MDDR). Given a query ¢, MDDR
first retrieves M candidates using inner-product search, then reranks them using deflated similarities
saef(q,2) = ¢'x — B - alq) - u' x. The adaptive coefficient a(q) = ¢ /| 11||? adjusts deflation
strength based on query alignment with the mean direction.

3 METHOD

3.1 PROBLEM SETUP

Consider a vector database X = {1, ..., 7y} where each ; € R is an embedding produced by a
model trained with normalized metrics (cosine similarity or Euclidean distance). At deployment, the
system retrieves neighbors using inner-product similarity sip(q, x) = ¢« for efficiency, creating a
metric misuse scenario where the search metric differs from the training objective. This mismatch
causes severe retrieval quality degradation, particularly for anisotropic embeddings where vectors
concentrate around a dominant mean direction (Chen et al.,[2025)).

3.2 GEOMETRIC ANALYSIS

In anisotropic embedding spaces, the database mean y = % Zf\;l x; captures the dominant di-
rection of the embedding distribution. When embeddings are tightly aligned with p (low radial
alignment angle), inner-product search becomes biased toward vectors with high 11" 2z components,
regardless of their semantic relevance to the query. This creates hub vectors that appear as nearest
neighbors to many queries (Radovanovic et al.l 2010), degrading retrieval quality.

The key insight is that the mean direction p captures the primary source of this bias. By deflating
the query’s projection onto p, we can reduce the influence of the dominant direction and better
approximate the behavior of Euclidean distance search.

3.3 MEAN-DIRECTION DEFLATION RERANKING

We propose Mean-Direction Deflation Reranking (MDDR), a deployment-time method that re-
pairs metric misuse without modifying the stored embeddings or rebuilding the index. As illustrated
in Figure (1} MDDR operates in two stages:

Stage 1: Candidate Retrieval. Use the existing inner-product index to retrieve a candidate set
Crm(q) = Top-Myex sw(g, ).
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Stage 2: Deflation Reranking. Rerank candidates using a deflated similarity score:

saen(¢,2) =q¢ 'z —B-alq) p'x (1)

where 3 is a scalar controlling deflation strength (default 3 = 1), and «(g) is an adaptive coefficient:

__a'p
= T+ e @

The coefficient «(q) measures the query’s alignment with the mean direction. Queries highly aligned
with p receive stronger deflation, while queries orthogonal to p remain largely unchanged. This
adaptive behavior distinguishes MDDR from Distribution Normalization (DN) (Zhou et al. |2023),
which applies a fixed correction ¢’ = q — S regardless of query orientation.

3.4 COMPARISON TO DISTRIBUTION NORMALIZATION

DN subtracts a fixed multiple of the mean from all queries: spx(q, ) = (¢ — B1) " . In contrast,
MDDR’s deflation is query-dependent through «(g). When the query is highly aligned with p (large
l¢ " 1)), MDDR applies stronger correction; when the query is orthogonal to £, minimal correction is
applied. This adaptive behavior is particularly beneficial for anisotropic embeddings where query-
mean alignment varies significantly across the query distribution.

3.5 COMPUTATIONAL COST

MDDR requires computing the database mean p once offline (O(Nd)) and storing a single d-
dimensional vector. At query time, the overhead is O(Md) for reranking M candidates, which
is negligible compared to the embedding computation and initial retrieval. The method can be im-
plemented either as a rerank-time patch on returned candidate IDs or as a query-side transform
q = q— - a(q) - u sent directly to the existing index.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We evaluate on two datasets from the Iceberg benchmark (Chen et al.|[2025) that exhibit
metric misuse: (1) ImageNet-EVA02 (Russakovsky et al.,[2014), containing 1.28M image embed-
dings (1024-d) from EVAO2 with extreme anisotropy (radial alignment RA=2.99°, PC1 explains
19.16% of variance); and (2) BookCorpus (Zhu et al., 2015)), containing 9.25M sentence embed-
dings (1024-d) from Sentence-BERT (Reimers & Gurevychl |2019) with near-isotropic distribution
(RA=44.93°, PC1 explains 3.42% of variance).

Metrics. Following Iceberg, we use Label Recall@100 for ImageNet (fraction of top-100 re-
trieved items sharing the query’s class label) and Hit@100 for BookCorpus (whether the correct
passage appears in top-100). We define Gap Recovery as (Myemoda — Mip)/(Mgp — Mip), measur-
ing how much of the IP-to-ED performance gap is recovered.

Baselines. We compare against: (1) IP Baseline: inner-product retrieval without reranking; (2)
ED Ceiling: Euclidean distance retrieval (oracle upper bound); (3) DN: Distribution Normaliza-
tion (Zhou et al.}[2023)) with fixed mean subtraction ¢’ = ¢ — Su; (4) QB-Norm DIS: Query-bank
normalization with Dynamic Inverted Softmax (Bogolin et al.,|2021); (5) NNN: Nearest Neighbor
Normalization (Chowdhury et al.| [2024)).

4.2 MAIN RESULTS

Table[T]presents the main experimental results. On the highly anisotropic ImageNet-EVA02 dataset,
MDDR achieves 41.40% Label Recall@ 100 at M =100K, recovering 48.73% of the gap between the
IP baseline (0.12%) and ED ceiling (84.83%). This substantially outperforms DN (32.20%) by 9.20
percentage points. On the near-isotropic BookCorpus dataset, MDDR achieves 92.57% Hit@ 100 at
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Table 1: Main results on ImageNet-EVAQO2 (highly anisotropic, RA=3°) and BookCorpus (near-
isotropic, RA=45°). MDDR achieves 48.73% and 89.44% gap recovery respectively. On ImageNet-
EVAO02, MDDR outperforms DN by 4+9.20pp at M=100K. On BookCorpus, MDDR equals DN,
confirming the method’s advantage is specific to anisotropic spaces. Best results in bold (excluding
ED ceiling).

Method M ImageNet-EVAQ2 BookCorpus
LR@100 (%) GapRec. (%) Hit@100 (%) Gap Rec. (%)
IP Baseline 100 0.12 - 29.61 -
ED Ceiling 100 84.83 - 100.00 -
DN 100K/10K 32.20 3791 92.57 89.44
QB-Norm DIS 200 0.17 0.07 42.71 18.61
NNN 200 0.19 0.09 42.72 18.62
MDDR (Ours) 100K/10K 41.40 48.73 92.57 89.44
so (a) Performance vs Candidate Budget (b) MDDR Advantage Over DN o0
~@— MDDR (Ours) 192 .
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Figure 2: Performance comparison of MDDR vs DN baseline across candidate budgets M on
ImageNet-EVAOQ2. (a) Label Recall@100 increases with M for both methods, with MDDR consis-
tently outperforming DN. (b) The MDDR advantage over DN grows monotonically from +0.00pp
at M=200 to +9.20pp at M =100K.

M=10K, recovering 89.44% of the performance gap. Notably, MDDR and DN produce identical
results on BookCorpus, confirming that MDDR’s advantage is specific to anisotropic embedding
spaces where query-dependent deflation provides additional benefit.

The results reveal two key findings. First, at small candidate budgets (1/=200), all reranking meth-
ods show limited improvement due to near-zero coverage of ED-relevant neighbors in the IP candi-
date set (0.006% on ImageNet-EVA02, 0.72% on BookCorpus). Second, with sufficient candidate
budget, MDDR’s adaptive deflation provides substantial gains on anisotropic embeddings while
matching DN on isotropic embeddings.

4.3 BUDGET SWEEP ANALYSIS

Figure [2] shows how MDDR and DN performance varies with candidate budget M on ImageNet-
EVAO02. The MDDR advantage over DN grows monotonically with M: from +0.00pp at A/=200
to +0.13pp at M=1K, +1.02pp at M=5K, +1.94pp at M=10K, +6.58pp at M=50K, and +9.20pp
at M'=100K. This pattern reflects the interplay between coverage and method effectiveness. At
small M, coverage constraints dominate: the IP candidate set contains almost none of the ED-
relevant neighbors, limiting all reranking methods equally. As M increases, coverage improves
(from 0.006% at M=200 to 7.50% at M=100K), and MDDR’s adaptive deflation increasingly out-
performs DN’s fixed correction.
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Table 2: Ablation studies on ImageNet-EVA02 (M=200). Random-direction deflation produces
results indistinguishable from IP baseline, confirming mean direction specificity. Multi-PC deflation
shows diminishing returns beyond rank-1, with PC1 nearly aligned with mean (cosine=—0.97).

Condition LR@100 (%) Notes
Random Direction Control

IP Baseline 0.1155 Reference
Random Direction (5 seeds) 0.1152+0.0000 ~ [P baseline
MDDR (mean direction) 0.2087 +81% vs random
Multi-PC Deflation

PC1 only (r=1) 0.1410 cos(PC1,u)=—0.97
Top-2 PCs (r=2) 0.1877

Top-4 PCs (r=4) 0.1898 Diminishing returns
MDDR (mean direction) 0.2087 Best performance

4.4 ABLATION STUDIES

Table [2] presents ablation studies on ImageNet-EVA02 at M/=200. The random-direction control
replaces the mean direction p with a random unit vector, producing results indistinguishable from
the IP baseline (0.1152% vs 0.1155%), confirming that the mean direction is specifically impor-
tant for metric repair rather than arbitrary direction penalties. MDDR achieves 0.2087%, an 81%
improvement over the random-direction control.

The multi-PC deflation experiment extends MDDR from rank-1 (mean direction only) to rank-r de-
flation using the top principal components. PC1 is nearly aligned with the mean direction (cosine
similarity = —0.97), and higher-rank deflation provides only marginal improvement: r=1 achieves
0.1410%, r=2 achieves 0.1877%, and r=4 achieves 0.1898%. MDDR with the mean direction out-
performs all PC-based variants (0.2087%), confirming that the mean direction captures the dominant
source of metric misuse more effectively than principal components.

4.5 HUBNESS ANALYSIS

Figure [3| shows the effect of MDDR on hubness, measured by the skewness of the k-occurrence
distribution (Sg, where higher values indicate more severe hubness). On ImageNet-EVAQ2, the
IP baseline exhibits extreme hubness with S;=357.9, where a single vector appears as a top-100
neighbor for all 50,000 queries. MDDR reduces skewness by 59% to 145.4, substantially mitigating
the hub dominance. The ED ceiling achieves Si=3.5, representing the target distribution. While
MDDR does not fully eliminate hubness, the 59% reduction confirms that mean-direction deflation
effectively addresses the geometric source of metric misuse by reducing the influence of vectors
highly aligned with the dominant mean direction.

5 CONCLUSION

We presented Mean-Direction Deflation Reranking (MDDR), a deployment-time method for repair-
ing metric misuse in frozen vector search systems. By deflating queries along the mean direction
with adaptive, query-dependent coefficients, MDDR recovers 48.73% of the performance gap on
highly anisotropic ImageNet-EVA02 embeddings and 89.44% on BookCorpus, outperforming the
Distribution Normalization baseline by 9.20 percentage points on anisotropic data. Our ablation
studies confirm that the mean direction is specifically important for metric repair, and that MDDR’s
advantage scales with embedding anisotropy. The method requires only a single precomputed vector
and no modification to stored embeddings or indices, making it practical for frozen deployments.
Limitations include the requirement for sufficient candidate budget to ensure coverage of relevant
neighbors, and the method’s advantage being specific to anisotropic embedding spaces. Future work
could explore learned deflation directions and extension to multi-modal retrieval settings.
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Figure 3: Hubness reduction on ImageNet-EVA02 measured by k-occurrence skewness (Sk).
MDDR reduces skewness by 59% compared to IP baseline (357.9 — 145.4), moving toward the
ED ceiling (3.5).
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