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Abstract

Dense retrieval represents queries and docu-
ments as high-dimensional embeddings, but
these representations can be redundant at the
query level: for a given information need, only
a subset of dimensions is consistently help-
ful for ranking. Prior work addresses this via
pseudo-relevance feedback (PRF) based dimen-
sion importance estimation, which can produce
query-aware masks without labeled data but
often relies on noisy pseudo signals and heuris-
tic test-time procedures. In contrast, super-
vised adapter methods leverage relevance labels
to improve embedding quality, yet they learn
global transformations shared across queries
and do not explicitly model query-aware di-
mension importance. We propose a Query-
Aware Adaptive Dimension Selection frame-
work that learns to predict per-dimension im-
portance directly from query embedding. We
first construct oracle dimension importance dis-
tributions over embedding dimensions using
supervised relevance labels, and then train a
predictor to map a query embedding to these
label-distilled importance scores. At inference,
the predictor selects a query-aware subset of
dimensions for similarity computation based
solely on the query embedding, without pseudo-
relevance feedback. Experiments across multi-
ple dense retrievers and benchmarks show that
our learned dimension selector improves re-
trieval effectiveness over the full-dimensional
baseline as well as PRF-based masking and
supervised adapter baselines.

1 Introduction

Dense retrieval has become central to modern
IR, mapping queries and documents into high-
dimensional vector spaces for contextual match-
ing (Karpukhin et al., 2020; Xiong et al., 2020).
Compared to classic sparse approaches like BM25
(Robertson et al., 2009) and learned sparse mod-
els (Formal et al., 2021b,a), dense embeddings

often yield substantial gains by capturing higher-
level semantic similarity. However, these high-
dimensional representations can be redundant at
the query level: for a given information need, only
a subset of dimensions contributes meaningfully
to relevance, while others may be neutral or even
harmful. This motivates selecting informative di-
mensions per query to improve effectiveness.

Recent work tackles this dimension redundancy
issue directly via Dimension Importance Estima-
tion (Faggioli et al., 2024, 2025; Campagnano et al.,
2025). DIME-style approaches estimates per-query
dimension importance from pseudo-relevance feed-
back (Rocchio Jr, 1971) or LLM-generated pseudo-
documents by scoring dimensions according to
their alignment with pseudo-positives, sometimes
also using pseudo-negatives in a contrastive manner
(D’Erasmo et al., 2025). While these methods yield
query-aware masks, they rely on pseudo-labels that
can be noisy, and they are implemented as separate
heuristic stages at inference time rather than be-
ing trained to directly exploit available supervised
relevance labels.

A complementary line of work instead uses
learned adapters to directly improve representa-
tions with supervised signals (Yoon et al., 2024a).
Such adapters are trained on labeled retrieval data
to reshape the embedding space and often achieve
substantially better full-dimensional performance
than the original encoder. However, these adapters
learn a global transformation shared by all queries
and documents, so supervised signals are used
to model corpus-level structure rather than query-
aware patterns.

Motivated by these limitations, we aim to learn
a supervised predictor of query-aware dimension
importance, avoiding noisy pseudo-labeling while
retaining the benefits of learned supervision. We
propose a query-aware dimension selection frame-
work that learns to predict dimension importance
from supervised retrieval signals. The core idea is
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Figure 1: Our query-aware dimension selection pipeline. We
construct a per-query dimension-importance target by con-
trasting aggregated embeddings of relevant documents against
aggregated embeddings of hard negatives. A query-only pre-
dictor is trained to match this target distribution via KL diver-
gence. At inference, the predicted importance selects top-k
query dimensions (masking the rest), while document embed-
dings and the ANN index remain unchanged.

to distill oracle importance scores for each query
from relevance labels, and then train a predictor—a
small fully connected module on top of frozen em-
beddings—to approximate these scores from query
semantics alone. At inference, the predictor outputs
per-dimension importance over the query embed-
ding; we then mask low-importance dimensions in
the query vector and compute similarity with un-
modified document embeddings. Figure 1 summa-
rizes our query-aware dimension selection pipeline.

Our approach improves retrieval effectiveness
by learning query-aware dimension importance di-
rectly from supervised relevance signals, replacing
noisy pseudo-feedback and heuristic test-time es-
timation with offline label-distilled learning. This
enables fine-grained, label-informed selection pat-
terns that pseudo-feedback methods and global
adapter transformations can miss. For deployment,
we apply the learned mask by zeroing out uns-
elected query dimensions, keeping each query a
fixed D-dimensional vector and leaving document
embeddings and ANN indexes (e.g., FAISS (John-
son et al., 2019)) unchanged.

In summary, our main contributions are:

* To the best of our knowledge, we are the
first to learn per-query, dimension-level im-
portance from supervised relevance labels and
use it for query-only masking at inference.

* We learn dimension importance directly from
supervised relevance labels by distilling per-
query oracle importance targets and training
the predictor offline to match them, avoiding
pseudo-feedback estimation.

* We show that query-side top-k dimension
masking yields consistent retrieval improve-
ments across multiple benchmarks and dense
retrievers, while keeping document embed-
dings and ANN indexes unchanged.

2 Related Work

Dense retrieval Dense retrieval employs neu-
ral encoders to transform queries and documents
into fixed-length vector representations, computing
their semantic relevance through functions like co-
sine similarity. Let ¢ denote a query and d denote
a document. A dual-encoder produces embeddings
eq € RP and ey € RY:

eq = f(q),

where f and g are pre-trained encoders.
Relevance is estimated via a similarity function
s(eq, €4), commonly cosine similarity:

eq = g(d),

-
€, €d

s(egs€a) = T
legll2 [leall2
where ||¢e||2 is the Euclidean norm.
In our setting, we pre-normalize all embeddings
with /5 normalization. Specifically, we replace e
with é = m for both queries and documents.

Search Adapter Search adapter (Yoon et al.,
2024a) learns a post-embedding transform on top
of a frozen encoder using supervised relevance
signals. Given query and document embeddings
eq» ea € RP, the adapter defines
éq = Aeq, éd = Aed,

where A € RP*P is a trainable projection, and re-
trieval is performed using the adapted embeddings
€q, €q. While search adapter uses a trainable linear
projection to transform embeddings for retrieval,
our linear layer is instead used to select the most
informative dimensions.

Matryoshka Embedding and Matryoshka
Adapter Matryoshka representation learning
(MRL) (Kusupati et al., 2022) trains the encoder
so that embeddings are nested across dimensions,



enabling prefix truncation while preserving
ranking quality. Building on this idea, Matryoshka
adapters (Yoon et al., 2024b; Zhang et al., 2025a)
learn A with an MRL-style objective over a set
of prefix sizes {D1 < Dy < --- < Dy = D},
encouraging the prefixes éEIl:Di’} and éLlIZDi] to
remain informative for retrieval. In contrast
to Search Adapter, Matryoshka-style methods
primarily target efficiency by ensuring strong
retrieval quality under low-dimensional prefix
truncation, while their full-dimensional peak
performance is typically comparable to Search
Adapter. Unlike Matryoshka (Kusupati et al., 2022)
methods that trade off accuracy for efficiency,
our primary goal is effectiveness. We employ
dimension selection as a denoising mechanism to
remove harmful redundancy.

Dimension Importance Estimation (DIME).
DIME (Faggioli et al., 2024, 2025; Campagnano
et al., 2025) adaptively selects, for each query, a
subset of important dimensions to compute similar-
ity only on those coordinates, improving retrieval
effectiveness. Let the query and document embed-
dings be €4, €4 € RP.

For each dimension j, DIME estimate impor-
tance from query—positive alignment:

deD*(q)

where DT (q) is a set of relevant documents
for q¢. DIME obtains D' (q) via (i) LLM-
generated pseudo-relevant documents, or (ii)
pseudo-relevance feedback (PRF) using the top-
m retrieved documents, treating them as positives.
Recent work further extends this paradigm by also
exploiting pseudo-irrelevant information: Eclipse
(D’Erasmo et al., 2025) introduces contrastive di-
mension importance estimation that leverages both
pseudo-positives and pseudo-negatives, encourag-
ing dimensions that better discriminate relevant
from non-relevant feedback documents.
For a target dimension k, let

Sk(q) = Top-k({mq(5)},),

and compute similarity restricted to Sk (q). Empir-
ically, such dimension filtering improves ranking
metrics without modifying the underlying index.

3 Method

We learn a per-query dimension-importance predic-
tor that identifies which coordinates of the query

embedding are most relevant for matching. The
procedure has two steps: calculate oracle dimen-
sion importance and train the dimension impor-
tance predictor.

3.1 Calculate Oracle Dimension Importance

Given training triples (g, d, y) where y denotes the
multi-level supervised relevance label of document
d to query ¢, with embeddings e,,eq € RP, we
estimate per-query dimension importance by se-
lecting coordinates that best discriminate relevant
documents from hard negatives. Intuitively, a di-
mension is valuable if it contributes strongly to the
query—positive similarity but weakly (or negatively)
to the query—negative similarity.

For each query ¢, collect relevant documents
DT (q) = {d : y(d) > 0} (queries without any
relevant documents are skipped) and define gain
scores gg = 2Y(9 — 1. We then normalize them
into weights

9d

Wy = ———.
Zd/em(q) ga'

The weighted positive embeddings centroid is

Rank all documents by similarity s(d) = eq - e,
take the top-K non-relevant items, and uniformly
sample M negatives to form D~ (¢) (with K and
M as tunable hyperparameters). The mean nega-
tive embedding is

1
Tl

deD~(q)

For each dimension j € {1,..., D}, compute a
raw discrimination score as the positive—negative
alignment difference on that coordinate,
nj ) )

Tq(J) = eqj(pj —

which quantifies how strongly dimension j sup-
ports relevant matches while repelling negatives.
We then apply a temperature-scaled softmax over
dimensions to obtain a dimensions importance dis-
tribution,

Ty = softmax(rq/7),

where 7 > 0 controls sharpness.



3.2 Train Dimension Importance Predictor

We use a fully connected layer fy : RP — RP.
The predictor takes the frozen query embedding
eq as input, and outputs logits ¢ = fy(e,) and
log-probabilities log 7, = logsoftmax(¢). The
training objective minimizes the KL divergence
between the target distribution and the prediction:

L(q) = KL(Wq | 7i'q)~

At inference, we select the query-aware top-k di-
mensions according to the predicted dimensions
importance 7. Let

T = Top-k(rg),  ml =1[j e ¥,

and define the masked query embedding
egk) =e40 mgk).

We then compute similarity using the masked query
embedding and original document embedding:

sk(eq,eq) = (egk))Ted.

This is equivalent to evaluating similarity only on
the selected dimensions, while keeping document
embeddings and the ANN index unchanged (no
retraining or reindexing).

4 Experimental Setup

Overview We evaluate a query-aware dimension-
importance predictor across multiple embedding
models and datasets. For each model—dataset pair,
we (i) generate L2-normalized query and document
embeddings, (ii) train a predictor solely on embed-
dings and relevance labels, and (iii) at test time,
select the top-k dimensions per query and compute
similarity restricted to those coordinates. Perfor-
mance is reported as a function of k.

Models We evaluate our method on a diverse set
of dense retrievers, including both encoders trained
with explicit multi-scale (MRL-style) objectives
and standard encoders without such constraints.
We use Qwen-Embedding models trained with the
Matryoshka objective at different scales (Qwen-
Embedding-0.6B, d =1024; Qwen-Embedding-4B,
d=2560; Qwen-Embedding-8B, d =4096) (Zhang
et al., 2025b), and text-embedding-3-large
from OpenAl (d = 3072) (OpenAl, 2024). These
encoders are designed to support prefix-based trun-
cation. We additionally include dense encoders that

are not trained with explicit multi-scale objectives:
LLM2Vec-Mistral-7B (d =4096) (BehnamGhader
et al., 2024), LLM2Vec-Llama3-8B (d = 4096),
and GritLM-Mistral-unified-7B (d =4096) (Muen-
nighoff et al., 2024). For brevity, we refer to Qwen-
Embedding models as Qwen and LLM2Vec models
as L2V throughout the remainder of the paper.

We L2-normalize query and document embed-
dings once. After applying the query mask, we
do not re-normalize the query; this only rescales
scores by a query-aware constant and does not af-
fect ranking.

Datasets and Splits Experiments are conducted
on SciFact, NFCorpus, and MS MARCO. We
use BEIR-provided in-domain splits (train/test)
for each dataset, without cross-domain trans-
fer. For MS MARCO, we subsample 50,000
query—document pairs for training, and for all
datasets we reserve 10% of the training set as a
validation set.

Training and Inference Our predictor is a single
fully connected layer mapping R” — RP, followed
by a (log-)softmax to produce a query-aware im-
portance distribution 7, over dimensions. Training
targets 7, are constructed from labeled relevance
and hard negatives: we first rank non-relevant doc-
uments by similarity s(d) = eq-e4, take the top-K
highest-scoring items, and uniformly sample M
of them to form the hard-negative set D~ (q); K
and M are tunable hyperparameters. The model
is optimized with AdamW and cosine-annealing
learning rate using the KL divergence objective
KL(7g || 74), and we select the best checkpoint by
validation KL.

At inference time, the underlying encoder and
similarity function remain unchanged; our method
only selects dimensions. In our experiments, we
evaluate k£ over a grid from 2% to 100% of D
in steps of 2%, and report the peak NDCG@ 10
achieved for each method and model.

Baselines We compare against the following
baselines. Full: a no-truncation baseline that uses
the full D-dimensional embeddings. Cutoff: a
static prefix that keeps the first-%£ coordinates of the
original embedding. Norm: a query-aware base-
line that scores dimensions by the absolute value
of the query coordinate and retains the top-k di-
mensions after sorting by |e, ;|. Adapter (Yoon
et al., 2024a): our implementation of the super-
vised search adapter , which learns a projection



Table 1: Peak retrieval effectiveness (NDCG @ 10; higher is better) and corresponding fraction of dimensions used (in parentheses)
across all models. Superscripts indicate how each method is trained: * = fully unsupervised, P = PRF-based, * = supervised with
relevance labels. The bottom row for each dataset block reports Ours at a fixed retained dimensions ratio of 30%.

Dataset Method Qwen-0.6B Qwen-4B Qwen-8B OpenAl L2V-Mistral L2V-LLaMA  GritLM
Baseline" 0.702 (100%) 0.785 (100%) 0.783 (100%) 0.776 (100%) 0.773 (100%) 0.787 (100%) 0.786 (100%)
Cutoff" 0.702 (100%)  0.788 (86%) 0.784 (98%) 0.776 (98%) 0.773 (100%)  0.788 (84%) 0.792 (60%)
Norm* 0.706 (64%) 0.789 (40%) 0.785 (32%) 0.778 (80%) 0.774 (62%) 0.787 (92%) 0.791 (28%)
SciFact DIME? 0.705 (98%) 0.787 (94%) 0.785 (94%) 0.781 (82%) 0.773 (100%)  0.788 (98%) 0.787 (98%)
Eclipse” 0.704 (98%) 0.787 (98%) 0.785 (94%) 0.783 (94%) 0.773 (100%)  0.788 (98%) 0.787 (98%)
Adapter® 0.774 (100%)  0.849 (100%) 0.883 (100%) 0.871 (100%) 0.843 (100%) 0.882 (100%) 0.883 (100%)
Ours® 0.845 (32%) 0.899 (56%) 0.883 (32%) 0.897 (32%) 0.830 (20%) 0.884 (10%) 0.906 (40%)
Ours@30%°  0.839 (30%) 0.895 (30%) 0.881 (30%) 0.897 (30%) 0.823 (30%) 0.881 (30%) 0.902 (30%)
Baseline" 0.562 (100%) 0.683 (100%) 0.646 (100%) 0.681 (100%) 0.613 (100%) 0.562 (100%) 0.536 (100%)
Cutoff" 0.562 (100%) 0.683 (100%) 0.651 (52%) 0.690 (74%) 0.623 (76%) 0.565 (94%) 0.554 (54%)
Norm* 0.575 (52%) 0.687 (42%) 0.653 (62%) 0.688 (10%) 0.617 (40%) 0.569 (48%) 0.537 (86%)
MS MARCO DIME? 0.595 (84%) 0.701 (14%) 0.664 (40%) 0.702 (10%) 0.638 (70%) 0.582 (64%) 0.566 (64%)
Eclipse” 0.602 (18%) 0.702 (28%) 0.668 (84%) 0.700 (32%) 0.641 (86%) 0.588 (50%) 0.565 (76%)
Adapter® 0.607 (100%) 0.682 (100%) 0.698 (100%) 0.680 (100%) 0.621 (100%) 0.576 (100%) 0.593 (100%)
Ours’® 0.609 (44%) 0.699 (20%) 0.714 (20%) 0.700 (34%) 0.638 (24%) 0.600 (26%) 0.632 (40%)
Ours@30%°  0.601 (30%) 0.693 (30%) 0.709 (30%) 0.696 (30%) 0.634 (30%) 0.593 (30%) 0.631 (30%)
Baseline" 0.377 (100%) 0.426 (100%) 0.432 (100%) 0.440 (100%) 0.407 (100%) 0.432 (100%) 0.429 (100%)
Cutoff" 0.379 (86%) 0.426 (100%)  0.435 (32%) 0.440 (100%) 0.411 (62%) 0.434 (56%) 0.432 (62%)
Norm* 0.379 (62%) 0.426 (96%) 0.433 (80%) 0.440 (90%) 0.410 (58%) 0.436 (60%) 0.430 (92%)
NEC . DIME? 0.384 (94%) 0.432 (80%) 0.436 (86%) 0.449 (84%) 0.414 (50%) 0.433 (98%) 0.433 (24%)
orpus Eclipse? 0.384 (90%) 0.432 (50%) 0.435 (40%) 0.449 (78%) 0.415 (56%) 0.434 (94%) 0.434 (94%)
Adapter® 0.371 (100%)  0.427 (100%) 0.419 (100%) 0.428 (100%) 0.417 (100%) 0.442 (100%) 0.434 (100%)
Ours’® 0.396 (62%) 0.451 (22%) 0.455 (38%) 0.459 (38%) 0.412 (54%) 0.445 (16%) 0.462 (58%)
Ours@30%° 0.388 (30%) 0.447 (30%) 0.449 (30%) 0.455 (30%) 0.405 (30%) 0.442 (30%) 0.461 (30%)

on top of the frozen encoder and is reported only
at full D dimensions, as it is trained to optimize
full-dimensional retrieval performance. DIME-
PRF (Faggioli et al., 2024): our reproduction of
DIME, which uses pseudo-relevance feedback with
the top-1 retrieved document as a pseudo-positive
to estimate per-query dimension importance, fol-
lowed by top-k selection. Eclipse-PRF (D’Erasmo
et al., 2025): our reproduction of Eclipse, which
extends DIME-PRF by additionally incorporat-
ing pseudo-negatives from the PRF set for con-
trastive dimension scoring. For both DIME-PRF
and Eclipse-PRF, we explored different pseudo-
relevance feedback configurations and found that
using the top-1 document as pseudo-positive yields
the best performance.

We do not include methods that explicitly op-
timize performance under reduced dimensional-
ity (e.g., PCA or multi-level MRL adapters (Yoon
et al., 2024b; Zhang et al., 2025a)) as baselines,
since our primary goal is to improve the peak ef-
fectiveness at the full embedding dimensionality.
Such dimensionality-reduction approaches are de-
signed to preserve performance as dimensions are
truncated, but their reduced representations are not
expected to surpass the effectiveness of the original
full-dimensional embeddings.

Hyperparameters and Tuning We tune per
model-dataset on the validation split by select-

ing the configuration that maximizes the sum of
NDCG@10 across retained embedding dimensions
{D,D/2,D/4,D/8}. The temperature 7 for the
importance softmax is tuned via a grid search,
while the negative sampling parameters are fixed
to K=1000 (hard-negative pool size) and M =64
(number of in-batch negatives).

S Experiments

5.1 Main Results

Table 1 summarizes peak retrieval effectiveness
(NDCG@10) and the corresponding fraction of
retained dimensions (in parentheses). Each cell
shows the best score achieved over all tested values
of k, together with the fraction k/D in parentheses.

Across datasets and base encoders, our query-
aware predictor consistently matches or improves
upon the full-dimensional baseline while using sub-
stantially fewer dimensions, and it often surpasses
both supervised adapter tuning (Adapter) and PRF-
based query-aware masking (DIME/Eclipse).

In contrast, heuristic truncation strategies like
keeping a fixed prefix (Cutoff) or selecting dimen-
sions by query norm (Norm) yield limited or incon-
sistent gains over the baseline, suggesting that the
improvements are driven by learned, query-aware
dimension scoring rather than truncation alone or
simple magnitude-based selection.

Notably, our best results typically arise at
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Figure 2: NDCG@10 as a function of retained dimension
ratio k/D. Each panel corresponds to one model; our method
consistently reaches a peak and plateau around 20-50% of the
dimensions.

roughly 20-40% of retained dimensions, suggest-
ing that many embedding coordinates are not
merely redundant but unhelpful for retrieval; re-
moving them via query-aware masking can im-
prove effectiveness over using all dimensions.

Finally, using a single fixed retention rate of 30%
(Ours@30%) achieves performance close to the
per-setting peak across models and datasets, which
we adopt as a practical default for deployment-
oriented evaluation.

5.2 Effect of Retained Dimension Ratio

Figure 2 visualizes retrieval effectiveness as a func-
tion of the retained dimension ratio k/D for the six
representative models.

Across all models, our approach exhibits a con-
sistent pattern: effectiveness reaches a pronounced
peak and plateau when retaining roughly 20-40%
of the dimensions. Within this range, our method
typically matches or exceeds the full-dimensional
baseline while using substantially fewer coordi-
nates. Beyond 50%, additional dimensions bring
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Figure 3: Oracle-style dimension selection improves upper
bounds, with gains peaking near 20% and further boosted by
positive weighting and hard negative mining.

little or no benefit, and in some cases slightly hurt
performance, suggesting that many dimensions in
standard dense embeddings are redundant or even
detrimental for retrieval. This broad plateau indi-
cates that the predictor concentrates query informa-
tion on a compact, high-value subset of dimensions
while safely discarding less informative compo-
nents, and implies that in practice one can obtain
near-peak effectiveness with any retained dimen-
sions in the 20-40% range, even without knowing
the exact optimal k.

6 Discussion

6.1 Ablation of Oracle Dimension Importance

DIME has shown that, given labels, selecting a sub-
set of dimensions per query can significantly im-
prove retrieval performance. Because the original
study used different models and datasets, we per-
form a minimal re-validation: on SciFact (single-
level labels) and NFCorpus (multi-level labels),
we re-test the key trends using Qwen and OpenAl
models, respectively. Building on DIME, we fur-
ther introduce positive example weighting and hard



negative mining, and present the ablation results in
Figure 3.

Results indicate that the oracle gain peaks when
selecting roughly 20% of dimensions and remains
stable when selecting 20%—-80% of dimensions,
consistent with the trend reported in the DIME
paper. Moreover, our positive weighting and hard
negative mining further improve this upper bound.

6.2 Robustness to Hyperparameters

We assess robustness to both stochasticity and
hyperparameter choices across all model—dataset
pairs, and provide representative sensitivity curves
for two models (Qwen-8B and GritLM) and two
datasets (SciFact and NFCorpus); other combina-
tions exhibit consistent trends. Full results are re-
ported in Appendix A.1.

Random-Seed Sensitivity. We fix all hyperpa-
rameters to their default settings and run 10 in-
dependent trainings with distinct seeds for each
model—dataset pair. The observed variation in
NDCG@10 is minor, indicating that our method is
largely insensitive to initialization randomness and
other stochastic factors.

Hyperparameter Sensitivity. We conduct con-
trolled one-at-a-time sweeps on Qwen-8B with Sci-
Fact, varying one hyperparameter at a time while
fixing the others to their defaults. Specifically, we
sweep the number of training epochs, the temper-
ature 7, the hard-negative pool size K, and the
number of in-batch negatives M, evaluating each
setting across a fixed set of retained dimension-
alities (Appendix A.1). We find that K and M
have only modest impact across dimensionalities,
so we adopt conservative defaults of K=1000 and
M=64. The best performance is obtained around
7=0.01, and performance typically saturates after
roughly 100 epochs.

A complete list of hyperparameters and search
ranges is provided in Appendix 6.

6.3 Dimension-Selection Consistency Analysis

We study whether the dimension importance pre-
dictor is consistent—similar queries select similar
dimensions and dissimilar queries select markedly
different ones—thereby supporting interpretability.
Concretely, for each model (Qwen-4B, Qwen-8B,
OpenAl, GritLM) on SciFact and NFCorpus, we
consider all unordered query pairs within the test
split at a fixed retained dimensionality k¥ = 512.
For a query g with frozen embedding e, € R” and

Table 2: Pearson correlation between query similarity s, and
Jaccard similarity Jj of selected dimensions (kK = 512) on
SciFact and NFCorpus test sets.

Model Dataset  Pearson
Qwen-4B SciFact 0.541
Qwen-8B SciFact 0.415
OpenAl SciFact 0.498
GritLM SciFact 0.478
Qwen-4B NFCorpus  0.335
Qwen-8B  NFCorpus  0.361
OpenAl  NFCorpus  0.387
GritLM NFCorpus  0.319

Table 3: Comparison of the best performance achievable with
Full embeddings, Unsup-LLM predictors trained with LLM-
generated pseudo-queries, and Supervised predictors trained
with relevance labels. Numbers are NDCG @10 on the test
split; best result per model/dataset is in bold.

Model Dataset Full Unsup Supervised
SciFact 0.786  0.790 0.902
GritLM NFCorpus 0.439 0.441 0.459
MS MARCO 0.536 0.602 0.626
SciFact 0.783  0.785 0.899
Qwen-8B  NFCorpus 0.432 0435 0.455
MS MARCO 0.646  0.697 0.715
SciFact 0.776  0.778 0.897
OpenAl  NFCorpus 0.440 0.441 0.459
MS MARCO 0.681 0.694 0.700

predictor output 74, we define the selected index set
Ty (q) = Top-k(74) and compute (i) query similar-
ity sx(q,q") and (ii) Jaccard similarity of selected

dimensions Jx(q,q¢') = %. We then re-

port the Pearson correlation between {s(q,q')}
and {Jx (g, ¢’)} over all pairs in each test set.

Across both domains, we observe moderate pos-
itive correlations (typically in the 0.3-0.5 range),
indicating that similar queries tend to share impor-
tant dimensions and that the predictor captures this
structure on unseen test queries.

6.4 Train with LLM-Generated Queries

To assess whether dimension importance predic-
tors can be trained without human relevance labels,
we construct a synthetic training set by generat-
ing pseudo-queries from documents using an LLM
(doc — LLM — query). Each pseudo-query is
paired with its source document as a positive exam-
ple, and negatives are sampled from the remaining
corpus. We then train predictors on these LL.M-
generated pairs using the same oracle construction
and loss as in the supervised setting.



Table 4: Effect of combining adapters with query-aware di-
mension selection. Numbers are Peak NDCG@10 on two
representative datasets and models. A = Adapter, E = Eclipse,
O = Ours; thus A+E and A+O denote their combinations.

Table 5: Average Jaccard similarity of selected important di-
mensions between query pairs, computed over 20,000 sampled
query pairs per dataset. Higher values indicate greater overlap.
A = Adapter, O = Ours; A+O denote their combinations.

MS MARCO SciFact
Method  Qwen-8B  GritLM  Qwen-8B  GritLM
Baseline 0.646 0.536 0.783 0.786
A 0.698 0.593 0.883 0.883
E 0.668 0.565 0.785 0.787
(0] 0.714 0.632 0.883 0.906
A+E 0.704 0.605 0.883 0.883
A+0O 0.731 0.637 0.883 0.883

For evaluation, we follow the protocol used
in our main experiments: we perform a 2%-step
sweep over the retained dimension ratio and, for
each model/dataset, report the best NDCG@10.
The resulting upper-bound performance for the
three predictors is summarized in Table 3.

Empirically, on the large, web-style MS
MARCO benchmark, predictors trained from LLM-
generated pseudo-queries achieve non-trivial gains
over the full-dimensional baseline and recover a
substantial portion of the improvements obtained
by fully supervised predictors. In contrast, on
smaller, domain-specific collections such as Sci-
Fact and NFCorpus, the same unsupervised training
yields only marginal improvements. This suggests
that synthetic queries are most effective when the
target query distribution is close to generic natural-
language questions and ample data is available,
whereas high-quality task-specific labels remain
crucial for learning fine-grained dimension impor-
tance in specialized low-resource settings.

6.5 Adapters with Query-Aware Selection

Given that adapters and PRF-based methods are
complementary in spirit—adapters improve the
global quality of the embedding space, while meth-
ods such as DIME-PREF, Eclipse-PRF, and ours per-
form query-aware dimension selection—it is natu-
ral to ask whether stacking them could further im-
prove performance. Concretely, we experimented
with two hybrid configurations: (i) applying DIME-
PRF or Eclipse-PRF on top of a supervised search
adapter, and (ii) training our dimension selector on
adapter outputs instead of on the base encoder.
Table 4 reports results on two representa-
tive datasets and models. On MS MARCO,
both Eclipse and our method provide additional
gains when applied on top of the adapter, with
Adapter+Ours achieving the best overall effective-

MS MARCO SciFact
Method Qwen-8B GritLM Qwen-8B  GritLM
o 0.369 0.360 0.339 0.336
A+0O 0.392 0.397 0.479 0.506

ness. However, on SciFact our selector can slightly
outperform the adapter, whereas Adapter+QOurs re-
verts to the adapter’s effectiveness.

To better understand this behavior, we analyze
how adapters affect the distribution of important
query dimensions. Specifically, for GritLM and
Qwen-8B on MS MARCO and SciFact, we mea-
sure the Jaccard similarity between the sets of top-
2048 dimensions selected by our selector. For each
dataset, we sample 20,000 query pairs (g;, ¢;) from
the training set and compute the Jaccard similarity
between their important-dimension sets, both with
and without the adapter.

As shown in Table 5, without adapters the
average Jaccard similarity is comparable across
datasets. After adding adapters, MS MARCO
exhibits only a modest change, whereas SciFact
shows a substantial increase in overlap. This in-
dicates that, on SciFact, the adapter makes the
router’s notion of “important dimensions” more
homogeneous across queries, reducing the need for
additional query-wise specialization. In contrast,
MS MARCO remains more heterogeneous, which
explains why our method can still bring gains on
top of the adapter.

7 Conclusion

We introduced a query-aware framework for learn-
ing which embedding dimensions matter most for
relevance. Our method distills dimension impor-
tance from supervised labels into a compact predic-
tor that produces dynamic per-query masks at infer-
ence, enabling similarity computations to focus on
the most informative coordinates while preserving
or improving ranking quality. This approach cap-
tures query-aware importance, better aligning the
retained representation with the signals that drive
relevance for each information need.



8 Limitation

Our approach has two main limitations. First, it re-
lies on supervised relevance signals to construct
oracle dimension-importance scores; even with
LLM-generated pseudo-queries, high-quality la-
bels remain important, especially on small, domain-
specific datasets. Second, our method only operates
at the level of per-query dimension selection over
frozen embeddings and cannot improve the under-
lying encoder itself, so its overall effectiveness is
inherently bounded by the quality of the base dense
retriever.
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A Appendix

A.1 Hyperparameters and Randomness
Sensitivity

For hyperparameter sensitivity, we perform con-
trolled one-at-a-time sweeps on Qwen-8B with
SciFact, varying one hyperparameter while fixing
the others to their defaults. Concretely, we vary:
epochs = {20, 30, 50, 100, 200} (default 100),
temperature 7 = {0.005, 0.01, 0.02, 0.05, 0.1} (de-
fault 0.01), hard-negative pool size K = {500, 1000,
2000, 3000} (default 1000), and number of in-batch
negatives M = {16, 32, 64, 128, 256} (default 64).
For each setting, we evaluate performance across a
fixed set of embedding dimensionalities.

Impact of Temperature on Performance
Model: gqwen-8b, Dataset: scifact

0.85
20.80
©
Q
Q
% 0.75 —e— Temperature = 0.005
== Temperature = 0.01 (Default)
0.70 +— Temperature = 0.02
Temperature = 0.05
b Temperature = 0.1
0.65
0 500 1000 1500 2000 2500 3000 3500 4000
Number of Dimensions
Figure 4: Effect of temperature.
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Figure 5: Effect of K.

For random-seed sensitivity, we fix all hyper-
parameters to their default settings and run 10 in-
dependent trainings with distinct seeds for each
model-dataset pair. The observed variation in
NDCG @10 is marginal, indicating that our method
is largely insensitive to initialization randomness
and other stochastic factors.

Impact of M (Number of Negatives) on Performance
Model: qwen-8b, Dataset: scifact
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Figure 6: Effect of M.
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Figure 8: Random-seed sensitivity on SciFact (top) and NF-
Corpus (bottom) with qwen-8b and gritlm. Error bars denote
=+1 standard deviation of NDCG @10 across seeds, showing
marginal variability and overall robustness.



A.2 Hyperparameters Details

Table 6: Hyperparameter search ranges used in our experi-
ments.

Hyperparameter Search range / Value

Searched (model selection on validation set)

{0.0001, 0.0002, 0.0005, 0.001, 0.002,
0.005, 0.01, 0.02, 0.05}
Training epochs {20, 30, 50, 75, 100, 200}

Temperature 7

Fixed (shared across all models and datasets)

Optimizer AdamW
Learning rate le-4
Weight decay 0.01
Batch size 256
Dropout 0.1
Hard-negative pool size X 1000
In-batch negatives M 64
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