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Figure 1: Multi-Score enables zero-shot training-free retrieval and re-ranking across text, image, video, and audio
modalities, seamlessly handling unimodal, cross-modal, and composite multimodal query–candidate combinations.
This approach leverages multi-scale Matryoshka embeddings for efficient coarse retrieval, followed by multimodal
re-ranking using multimodal question answering, token-wise contextual aggregation, and in-context-learning. On
12 MMIR tasks (32 datasets), Multi-Score achieves state-of-the-art zero-shot performance, while matching or
surpassing supervised methods on most tasks. Project page: https://sourajitcs.github.io/multiscore/

Abstract

In multimodal information retrieval (MMIR),
candidates relevant to an input query need to
be retrieved from a database, where the query
and database items span different modalities.
As real-world databases evolve, repeatedly an-
notating and indexing data and re-optimizing
domain-specific models across modalities is
impractical. We present Multi-Score, a fine-
tuning-free, two-stage MMIR approach that
couples efficient candidate filtering with fine-
grained multimodal re-ranking. Stage-1 adopts
Matryoshka representations to efficiently filter
out low-relevance candidates without expen-
sive similarity computations on full-scale rep-
resentations for the entire database. Stage-2 re-
ranks the filtered candidates by computing their
fine-grained multimodal contextual representa-
tions with two scoring functions for semantic
alignment using chain-of-thought prompting
and question-answering. Experiments demon-
strate state-of-the-art zero-shot retrieval on 12
MMIR tasks across 32 datasets while outper-
forming supervised methods on 23 datasets.

1 Introduction

The goal of multimodal information retrieval
(MMIR) is to identify and rank database items that
best match a user query across modalities such as
text, image, video, and audio. For e.g., retriev-
ing a video for the query “Bill Murray wearing
a blue cardigan interviewed by David Letterman”
requires fine-grained vision and language under-
standing, multimodal reasoning, and cross-modal
grounding. While recent approaches have lever-
aged advances in multimodal large language mod-
els (MLLMs) (Team, 2025a; Chu et al., 2024; Xiao
et al., 2024) and dual encoders (Radford et al.,
2021) for MMIR (Cheng et al., 2021; Shvetsova
et al., 2022; Xu et al., 2021), they rely on anno-
tated training data and lack generalization across
different modalities. To overcome these challenges,
we propose Multi-Score, a fine-tuning-free two-
stage retrieval framework: Stage-1 performs effi-
cient candidate filtering and Stage-2 refines the re-
sults using fine-grained multimodal alignment, thus
enabling scalable zero-shot multimodal retrieval.
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For the first stage of efficient candidate filtering
from a large database to a smaller set of candi-
dates, we propose Pyramid Rank, an algorithm that
performs efficient retrieval through hierarchical
(pyramidal) filtering across embedding resolutions.
Pyramid Rank builds upon Matryoshka Representa-
tion Learning (MRL) (Kusupati et al., 2022; Zhang
et al., 2025a), where embeddings of increasing di-
mensionality encode progressively finer semantic
details. As computing query-candidate similarity
for large database is expensive, we derive an ad-
missible similarity upper bound for Pyramid Rank
and show how similarity can be computed using
much lower-dimensional embeddings. Pyramid
Rank starts from low-dimensional embeddings and
quickly filters out low-similarity candidates using
this upper bound without ever computing similarity
with the high-dimensional MRL embeddings for
the entire database and progressively refines the
search for efficiently ranking the top-K candidates.

For the second stage, to re-rank the candidates
from Stage-1, we apply fine-grained multimodal
query-candidate alignment via two complemen-
tary components, Bidirectional-CoT Embedding
Score and Question Answering Relevance Score.
Bidirectional-CoT Embedding Score is a bidirec-
tional chain-of-thought (CoT) prompting strategy
to infer alignment in both query-to-candidate and
candidate-to-query directions. Using Jiang et al.
(2024a)’s one-word limitation principle, we insert a
special <emb> token, whose preceding hidden state
(that aggregates context from the entire prompt) is
extracted as the final embedding vector to compute
similarity. To compute Question Answering Rele-
vance Score, we use MLLMs to convert each query
into question-answer pairs and treat each candidate
as potential answer sources. We obtain a score
representing a candidate’s relevance to the query
by measuring how accurately questions can be an-
swered with information found in that candidate.
Our key contributions and findings include:
• Multi-Score, a fine-tuning free zero-shot

MMIR system that is both efficient and capable
of unified alignment across text, image, video,
and audio modalities, in unimodal, cross-modal,
and composite query–candidate combinations;

• Pyramid Rank, an algorithm for efficient candi-
date filtering with multi-scale representations;

• Bidirectional-CoT Embedding Score and Ques-
tion Answering Relevance Score for fine-grained
multimodal alignment to re-rank candidates; and

• Comprehensive experiments demonstrating that

Multi-Score achieves state-of-the-art zero-shot
performance (and often surpassing supervised
models) at a lower inference time on (a) 12
MMIR tasks across 32 datasets as well (b) jointly
retrieving over these 32 datasets combined with
5.7M multimodal database items.

2 Related Work

Multi-Scale “Pyramidal” Representations have
underpinned visual recognition for decades, from
hierarchical and progressive vision by Marr (1982);
Barrow and Tenenbaum (1981), Gaussian and
Laplacian pyramids (Adelson et al., 1984), multi-
resolution histograms (Hadjidemetriou et al., 2004),
spatial pyramid features (Lazebnik et al., 2006),
and others. MRL (Kusupati et al., 2022) produces
multi-scale “pyramidal” embeddings that are se-
mantically consistent and support coarse-to-fine
retrieval through progressively expandable repre-
sentation scales (Zhang et al., 2025a).

Multimodal Information Retrieval. MLLMs
leverage large scale multimodal pretraining (Team,
2025b,a; Xiao et al., 2024), while dual encoders of-
fer cross-modal alignment (Li et al., 2023; Guzhov
et al., 2022; Zhai et al., 2023; Radford et al.,
2021; Luo et al., 2023), for MMIR. However these
models exhibit modality-specific limitations, as re-
trieval models trained on text–image pairs often
generalize poorly when transferred to other modal-
ities such as retrieving video (Liu et al., 2025).
Training such models jointly on retrieval datasets
across modalities is computationally expensive and
requires large scale annotation. To reduce annota-
tion costs, prior work (Ge et al., 2022; Wang et al.,
2022; Cheng et al., 2021; Shvetsova et al., 2022;
Xu et al., 2021) proposes fine-tuning on diverse
auxiliary tasks, but fine-tuning depends on human-
labeled data and identifying which auxiliary tasks
maximally benefit retrieval across modalities re-
mains infeasible at scale.

3 Method

Given a query q and a database with N items
C={cn}Nn=1, information retrieval seeks to rank the
top-K candidates in C with the highest relevance to
q. Queries and candidates are both represented as
vector embeddings, and relevance is computed us-
ing measures such as cosine similarity between the
query and candidate embeddings. Our method uni-
fies multimodal retrieval into an efficient pipeline
across modalities.
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We present, Multi-Score, short for Multi-
Scale Contextual Representations, a fully zero-shot
two-stage approach that does not require dataset-
specific large-scale multimodal pre-training (Zhang
et al., 2024a; Kim et al., 2025; Liu et al., 2025),
auxiliary fine-tuning (Ge et al., 2022; Wang et al.,
2022), or additional data annotation. Stage-1 per-
forms theoretically guaranteed efficient similarity
computations for text-only ranking and filtering to
obtain top-K relevant candidates (K<<N ). Stage-
2 computes fine-grained contextual multimodal em-
beddings via (1) a bidirectional chain-of-thought
prompting approach and (2) a question-answering
approach to produce refined relevance scores for
further re-ranking the top-K candidates retrieved
from Stage-1 for state-of-the-art MMIR.

3.1 Stage-1: Efficient Candidate Filtering

In Stage-1, all queries (processed at inference)
and database items (pre-processed) are first con-
verted to text via image/video captioning with
Qwen3-VL-8B (Team, 2025b), audio transcrip-
tion using Qwen2-Audio-7B (Chu et al., 2024);
and audio/video captioning using Qwen2.5-Omni-
7B (Xu et al., 2025a). This gives us text-only
queries and database items for coarse ranking at
Stage-1. Then, we use Qwen3-MRL (Zhang et al.,
2025b) to compute embeddings xc for all database
entries c and xq for input queries, and normalize
them to be unit-norm. Qwen3-MRL feature extrac-
tor produces embeddings at L=6 levels, with the
smallest length d=32 (level ℓ=1) and largest length
D=1024 (level L=6) with following properties:

x(ℓ)
c ∈ R2ℓ−1d ... length of level-ℓ vectors (1)

x(ℓ)
c = x(L)

c [1 : 2ℓ−1d] ... nested MRL embeddings (2)

∥x(L)
c ∥2 = ∥x(L)

q ∥2 = 1 ... unit-norm level-L vectors (3)

We create zero-padded candidate and query embed-
dings z(ℓ)c , z

(ℓ)
q ∈ RD as:

z(ℓ)c = concat(x(ℓ)
c , zeros(D − 2ℓ−1d)); and

z(ℓ)q = concat(x(ℓ)
q , zeros(D − 2ℓ−1d)). (4)

3.1.1 Deriving an Upper-Bound for Similarity
For retrieval, we ideally want to compute similarity
of each candidate vector x(L)c with the query vector
x
(L)
q , at the highest (most fine-grained) represen-

tation level L. However, this is computationally
expensive, with a complexity of O(2LN). There-
fore, Stage-1 seeks to reduce this computational
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Figure 2: Stage-1 Pyramid Rank: with smaller MRL
embedding (l=1, 2, . . . ), Pyramid Rank filters low-
similarity candidates early, reducing computations to
retain top-K relevant candidates for Stage-2 refinement.
This leads to large efficiency gains without loss in accu-
racy, compared to naïve full-scale MRL search (bottom).

complexity by leveraging multi-scale MRL rep-
resentations. From lower level ℓ, we derive an
upper bound for ⟨x(L)q , x

(L)
c ⟩ in terms of lower-

dimensional x(ℓ)c , x
(ℓ)
q , thus significantly reducing

compute cost (Fig. 2) for similarity computation.

⟨x(L)
q , x(L)

c ⟩ = ⟨z(ℓ)q , z(ℓ)c ⟩︸ ︷︷ ︸
known

+ ⟨x(L)
q − z(ℓ)q , x(L)

c − z(ℓ)c ⟩︸ ︷︷ ︸
unknown/

(5)

Applying1 the Cauchy-Schwartz inequal-
ity (Schwarz, 1890) on the unknown term, and
given that both x

(L)
q and x

(L)
c are unit norm:

⟨x(L)
q , x(L)

c ⟩ ≤ ⟨z(ℓ)q , z(ℓ)c ⟩+ ∥x(L)
q − x(ℓ)

q ∥2∥x(L)
c − x(ℓ)

c ∥2

≜ ⟨z(ℓ)q , z(ℓ)c ⟩︸ ︷︷ ︸
known

+

√
(1−∥z(ℓ)q ∥22)(1−∥z(ℓ)c ∥22)︸ ︷︷ ︸

known!,︸ ︷︷ ︸
Uℓ

q,c upper-bound at level−ℓ

(6)

3.1.2 Efficient Candidate Filtering using U ℓ
q,c

Using this upper bound, Pyramid Rank (Algo-
rithm 1) proceeds as follows. We define an index-
set I as the set of indices of all candidates in the
database. Our goal is to filter this set and obtain
top-K candidates. Given a query q, we first ob-
tain embeddings of length d at level l for both the
query q and all candidates ci. We then compute
the upper-bound U ℓ

q,ci for all candidates. Now, we
filter out candidates with an upper-bound lower
than threshold τ , thus leaving us with an updated
index-set Î . The threshold τ is set as the mid-point
of a range (τmin, τmax). Depending on the size of
Î , we proceed to increase the Matryoshka represen-
tation level ℓ. If there are more than K elements
in Î , it means we need more fine-grained represen-
tations (higher level ℓ) to distinguish between the
candidates and rank them in order of decreasing
relevance. In such a case, we tighten the threshold,

1Detailed derivation in Appendix.
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Algorithm 1: Pyramid Rank - Fast Candidate Filtering
Input: Query q, database C={cn}N

n=1, target K, tolerance ϵ
Output: ϵ-tolerated top-K candidates in C

1 Init: τmin=−1, τmax=1, ℓ=1, I={1...N}, Uq=zeros(N)
2 while τmax − τmin > ϵ do
3 τ = (τmin + τmax)/2 // threshold
4 Compute z(ℓ)q , z(ℓ)ci

∀i∈I with q, ci // using Eq. (2),Eq. (4)

5 Compute Uℓ
q,ci

∀i∈I with z(ℓ)q , z(ℓ)ci
// using Eq. (6)

6 Î = {i ∈ I | Uℓ
q,ci

≥ τ}
7 if |Î| ≥ K then
8 τmin = τ // tighten threshold
9 if ℓ < L then

10 ℓ = ℓ + 1

11 I = Î // update index set
12 Uq [i] = Uℓ

q,ci
∀ i ∈ I // update upper-bound vector

13 else
14 τmax = τ // loosen threshold

15 return R1 = {ci | i ∈ (argsort↓Uq)[1:K]} // return top-K

increase the representation level, and repeat the
process; else we loosen the threshold and repeat
the process. While iterating, we store the indices of
the top-K candidates in index-set I and their cor-
responding similarity upper-bounds in vector Uq.
Thus Pyramid Rank, through this multi-scale rep-
resentation search, returns the ranked set of top-K
candidates, sorted by their similarity upper-bound.

3.1.3 Implications of the Upper-Bound
Efficient Similarity Computation. Eq. (6) gives
us an upper-bound on the similarity of the highest
level-L representations (fine-grained, longer vec-
tors), in terms of lower level-ℓ representations z(ℓ)c

and z
(ℓ)
q (coarse, smaller vectors). For each query, q

and c representations and similarity upper-bounds
U ℓ
q,ci are computed online. These representations

do not need any re-computation and are instead
obtained by choosing the appropriate Matryoshka
representation level and slicing the pre-computed
full-length vector using Eq. (2). The Stage-1 algo-
rithm allows us to use smaller vectors for candi-
dates with low relevance, thus making the ranking
process more efficient in comparison to naïvely
using the full-length vectors for all candidates.

Computation Cost Derivation. Naïvely com-
puting similarity between query and candi-
date at the highest MRL level would result
in cost=Nd(2L−1). However, with our al-
gorithm, for a non-zero number of candi-
dates, similarity computations are performed
at level ℓ<L, guaranteeing fewer computations
than naïve MRL. For e.g., assuming a uni-
form distribution of levels ℓ∈{1...L}, we get
cost=Nd

L

∑L
ℓ=1 2

ℓ−1=Nd
L (2L−1−1), i.e., L times

fewer computations than naïve MRL. The probabil-

ity distribution of levels chosen by Pyramid Rank
depends on datasets, as shown in Fig. 11(b).
Admissibility Guarantee. Recall that a candidate
is removed from index-set I if U ℓ

q,c<τ , i.e., the
upper-bound at level ℓ is less than the threshold. If
a candidate is removed, Eq. (6) implies that the true
similarity at level-L ⟨x(L)q , x

(L)
c ⟩ ≤ U ℓ

q,c<τ , i.e. no
item’s relevance is underestimated on account of
the upper-bound.
Convergence Guarantee. At the beginning of the
algorithm, the threshold interval is w0=τmax−τmin.
Each bisection step halves this width – to reach an
ϵ-tolerance interval requires at most ⌈log2(w0/ϵ)⌉
iterations, independent of the database size N , thus
ensuring predictable runtime and stable termination
across all database candidates and queries.

3.2 Stage-2: Multimodal Re-ranking
Stage-1 efficiently filters top-K candidates using
text-only embeddings. The goal of Stage-2, there-
fore, is to refine the embeddings of the top-K re-
trieved items in R1 by re-introducing multimodal
features to obtain fine-grained contextual represen-
tations for re-ranking. As Stage-2 operates without
data modality conversion, it avoids information loss
and exploits rich cross-modal semantic similarity,
resulting in more accurate refinement of the top-K
candidates without additional supervision.
Bidirectional-CoT Embedding Score. We de-
sign a prompting strategy to produce embeddings
that denote shared alignment between queries and
candidates. Given a query q and candidate ck ∈
R1, we perform few-shot chain-of-thought (CoT)
prompting to obtain a query-to-candidate alignment
embedding zq2c and a candidate-to-query align-
ment embedding zc2q (Fig. 3). If all concepts in
a query are found in a candidate, we denote this
as a candidate with high alignment to the query
and low alignment otherwise and vice versa. Using
the above explanations in the CoT examples, we
then pass queries and candidates in (i) the query-to-
candidate (q2c) prompt (ii) the candidate-to-query
(c2q) prompt. We add an <emb> token to the end of
both prompts to compute embedding with a autore-
gressive generative model with explicit one-word
limitation following (Liu et al., 2025; Jiang et al.,
2024b,a). We extract the last hidden state preced-
ing the <emb> token to use as embeddings (zq2c
and zc2q), and compute the Bidirectional-CoT Em-
bedding Score between zq2c and zc2q as:

SCoT(q, ck) = COSINE
(
zq2c(q, ck), zc2q(ck, q)

)
(7)
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Cosine Similarity  𝑺𝑪𝒐𝑻

query:    a man is singing and standing in the road  

candidate: 

contents in query:        a man singing and standing on the road, a road, a singer
contents in candidate:  multiple men singing, standing, walking on a road with traffic
overlap:                        most query contents are found in the candidate
summary of alignment between this query and the candidate in one word is: high
Instruction: Now you are given a query and a candidate to summarize their alignment
query:                          a person is swimming in some white water rapids

candidate: 

task:    using knowledge from the above example summary of alignment
    between query and candidate in one word is: <emb>

𝒒𝟐𝒄 Prompt
   candidate: 

query:    bill murray is being interviewed by david letterman
contents in candidate:  a woman singing, baby on a stroller, police pulls over a red car 
contents in query:        two men in interview, bill murray on david letterman show
overlap:                        no candidate contents are not found in the query
summary of alignment between this query and the candidate in one word is: low
Instruction : Now you are given a candidate and a query to summarize their alignment

candidate: 

query:                           a person is swimming in some white water rapids
task:    using knowledge from above example, summary of alignment 
    between candidate and query in one word is: <emb>
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Figure 3: Stage-2 Bidirectional-CoT Embedding Score SCoT: With CoT examples and a inserted end-of-sequence
<emb> token; the hidden state preceding <emb> yields embeddings zq2c and zc2q for the q2c and c2q prompts,
whose cosine similarity forms SCoT. Unlike supervised methods, our bidirectional embeddings - one from query
and another from candidate, are computed zero-shot for multimodal alignment with similarity computation.

Query (𝑡) : a person swimming in some white water rapids

Yes/No QA pairs:

Is there a person involved? : yes
Is the person swimming? : yes
Is the swimming happening in water? : yes
Is the water described as rapids? : yes
Are the rapids white water rapids? : yes
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Figure 4: Stage-2 Question Answering Relevance
Score: from the query, we generate a set of yes/no
questions and compute QA accuracy using an MLLM
on each database candidate to obtain SQA.

Question Answering Relevance Score. Given
a multimodal query q, we prompt an MLLM
to generate M discriminative (yes/no) question-
answer pairs {(quem, ansm)}Mm=1, where each
ansm∈{Yes,No}.

Prompt for QA generation from Query:
You are given a multimodal query: <q>
Generate M Yes/No questions that capture
essential semantics from the above query.
For each question, also provide its correct
Yes/No answer. Format:
Q1:..? A: Yes/No; Q2:..? A: Yes/No; ..

For query q, we use an MLLM as a multimodal
question answering model M to ask these questions
with each top-K candidate as context. For each
candidate, the MLLM yields a predicted answer
MLLM(quem, ck) which we compare with ground
truth ansm to compute accuracy which we use as
Question Answering Relevance Score:

SQA(q, ck) =
1

M

M∑

m=1

1
(
ansm=MLLM(quem, ck)

)
(8)

A candidate’s QA logs provide explanation for why
a candidate is retrieved or rejected.
Putting it together. For each top-K candidate
ck, we compute both scores independently and ag-

gregate them through a convex combination with
coefficient α∈[0, 1]:

Sre-rank(q, ck) = αSCoT(q, ck) + (1− α)SQA(q, ck) (9)

4 Experiments

4.1 Experimental Setup
We perform experiments on 12 types of MMIR
tasks across 4 modalities (text t, image i, video v,
audio a) and their combinations.
Datasets. For MMIR tasks involving images and
text, we test on M-BEIR (Wei et al., 2024) (com-
bining 10 retrieval tasks), Urban-1K (Zhang et al.,
2024a), Flickr30K (Plummer et al., 2015), and
GeneCIS (Vaze et al., 2023) benchmarks. For
video-based retrieval (t→v and v→t), we test on
MSRVTT-1kA (Xu et al., 2016), MSVD (Chen and
Dolan, 2011), LSMDC (Rohrbach et al., 2015),
and DiDeMo (Hendricks et al., 2017). For au-
dio retrieval (t→a and t→(a, v)) we use Audio-
Caps (Kim et al., 2019) and Clotho (Drossos et al.,
2020) benchmarks. These 32 datasets cover 12 dis-
tinct MMIR tasks and when combined have 5.7M
candidates and 250K queries.

Evaluation Metrics. We use standard evaluation
metric Recall at k (R@k), which denotes % of
queries with the relevant item in top-K. Follow-
ing prior work (Oncescu et al., 2021; Reddy et al.,
2025; Liu et al., 2025; Kim et al., 2025) we evaluate
R@1, R@5, R@10 and nDCG@102.

Implementation Details. For Stage-1, we use
Qwen3-MRL (Zhang et al., 2025b) as the fea-
ture extractor to obtain multi-scale Matryoshka
representations. For Stage-2 re-ranking, the
Bidirectional-CoT Embedding Score and Question
Answering Relevance Score are computed using
Qwen2.5-Omni-7B without any fine-tuning to en-
sure a completely zero-shot evaluation. For image
retrieval tasks we use α=0.6 while for video and
audio retrieval tasks we use α=0.3 in Eq. (9).
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t → i t → t t → (i, t) i → t i → i (i, t) → t (i, t) → i (i, t) → (i, t)

Methods VisualNews MSCOCO Fashion200K WebQA EDIS WebQA VisualNews MSCOCO Fashion200K NIGHTS OVEN InfoSeek FashionIQ CIRR OVEN InfoSeek
R@5 R@5 R@10 R@5 R@5 R@5 R@5 R@5 R@10 R@5 R@5 R@5 R@10 R@5 R@5 R@5

Ze
ro

-S
ho

t

CLIP-L (Radford et al., 2021) 43.3 61.1 6.6 36.2 43.3 45.1 41.3 79.0 7.7 26.1 24.2 20.5 7.0 13.2 38.8 26.4
SigLIP (Zhai et al., 2023) 30.1 75.7 36.5 39.8 27.0 43.5 30.8 88.2 34.2 28.9 29.7 25.1 14.4 22.7 41.7 27.4
Qwen3-Omni-30B-Th (Xu et al., 2025b) 16.6 59.9 12.5 46.9 31.7 14.6 10.9 50.5 9.7 28.6 26.7 25.7 7.5 17.0 49.2 37.9
Qwen3-MRL (Kusupati et al., 2022) 32.5 57.2 19.0 50.3 39.8 47.1 20.4 55.0 15.7 32.7 28.5 26.3 25.4 21.2 54.0 42.8
Multi-Score 49.8 86.9 41.8 77.4 79.3 81.1 49.7 92.3 38.4 36.0 50.4 62.7 38.5 58.3 68.7 54.9

Su
pe

rv
is

ed

UniR-BLIPFF (Wei et al., 2024) 23.4 79.7 26.1 80.0 50.9 79.8 22.8 89.9 28.9 33.0 41.0 22.4 29.2 52.2 55.8 33.0
UniR-CLIPSF (Wei et al., 2024) 42.6 81.1 18.0 84.7 59.4 78.7 43.1 92.3 18.3 32.0 45.5 27.9 24.4 44.6 67.6 48.9
GENIUSR (Kim et al., 2025) 27.4 78.0 16.2 44.6 44.3 60.6 28.4 91.1 16.3 30.2 41.9 20.7 19.3 39.5 52.5 30.1
LamRA-ret (Liu et al., 2025) 41.6 81.5 28.7 86.0 62.6 81.2 39.6 90.6 30.4 32.1 54.1 52.1 33.2 53.1 76.2 63.3
LamRA (Liu et al., 2025) 48.0 85.2 32.9 96.7 75.8 87.7 48.6 92.3 36.1 33.5 59.2 64.1 37.8 63.3 79.2 78.3

Table 1: Results on the M-BEIR benchmark (Wei et al., 2024) with each dataset and its standard evaluation metric.
Colors: best zero-shot results: bold blue; best supervised results: bold red; best overall results: highlighted yellow.

t→ i i→ t (i, t)→ i

Methods Urban-1K Flickr30K Urban-1K Flickr30K GeneCIS

Ze
ro

-S
ho

t

CLIP-L (Radford et al., 2021) 52.8 67.3 68.7 87.2 13.3
Long-CLIP-L (Zhang et al., 2024a) 86.1 76.1 82.7 89.3 16.3
UniIR-CLIP (Wei et al., 2024) 75.0 78.7 78.4 94.2 16.8
E5-V (Jiang et al., 2024b) 84.0 79.5 82.4 88.2 18.5
MagicLens-L (Zhang et al., 2024b) 59.3 72.5 24.2 84.6 16.3
EVA-CLIP-18B (Sun et al., 2024) 81.7 83.3 83.3 96.7 13.6
Qwen3-Omni-30B-Th (Xu et al., 2025b) 56.9 62.0 54.6 68.0 14.6
Qwen3-MRL (Kusupati et al., 2022) 67.3 69.4 63.6 73.9 19.5
Multi-Score 98.2 89.6 97.8 98.1 34.6

Su
p. LamRA-ret (Liu et al., 2025) 95.1 82.8 94.3 92.7 18.9

LamRA (Liu et al., 2025) 98.8 88.1 98.0 97.6 24.8

Table 2: Additional results on image-text retrieval tasks
(R@1) on Urban-1K, Flickr30K, and GeneCIS.

Baseline Models2. Although Multi-Score is
zero-shot and training-free, we compare with both
zero-shot and supervised methods. For image re-
trieval, zero-shot baselines include widely used
dual encoder models and VLMs such as CLIP and
Qwen-family models2, while supervised baselines
include LamRA (Liu et al., 2025), GeniusR (Kim
et al., 2025), UniR (Wei et al., 2024) with dif-
ferent encoders (CLIP, BLIP) and fusion strate-
gies (score-level (SF), feature-level (FF)). For
zero-shot video and audio retrieval, we compare
with Qwen3-Omni-30B-Thinking (Th) (Xu et al.,
2025b), LamRA, Qwen2-Audio-7B (Chu et al.,
2024); and supervised MCQ-BridgeFormer (Ge
et al., 2022), OA-Trans (Wang et al., 2022), Neigh-
borRetr (Lin et al., 2025), SOTA (Oncescu et al.,
2021), AVR (Nagrani et al., 2022).

4.2 Results
In task-specific information retrieval, performance
is evaluated on a single dataset, where the candidate
pool consists solely of items from that dataset.

Results on text-image benchmarks. In Tab. 1,
Multi-Score is compared against dual encoder
models CLIP (Radford et al., 2021), Long-
CLIP (Zhang et al., 2024a), BLIP (Li et al., 2022),
SigLIP (Zhai et al., 2023) for zero-shot evalua-
tion. Multi-Score outperforms existing zero-
shot MMIR systems on M-BEIR benchmark on
8 different retrieval tasks, with notable improve-

2Additional benchmarks, baselines, metrics in Appendix.

Figure 5: Retrieval performance and inference time us-
ing (1) Multi-Score, (2) Multi-Score with naïve
full-resolution MRL embedding at Stage-1, and (3)
Multi-Score with computationally expensive dual en-
coder at Stage-1. Expensive rankers in Stage-1 can
marginally improve performance but at an impractical
inference cost - hurting adaptability.

ments over existing zero-shot baselines: improve-
ment by 37% on InfoSeek, 36% on WebQA. Al-
though Multi-Score is zero-shot, it still out-
performs state-of-the-art supervised methods on
several datasets: VisualNews, MSCOCO, EDIS,
NIGHTS, FashionIQ. In Tab. 2 we show perfor-
mance on 5 more text-image retrieval datasets,
spanning 3 different tasks, and observe similar
trends; large gains w.r.t. zero-shot models and
outperforming state-of-the-art supervised method
LamRA in FLickr30K and GenCIS.

Results on video benchmarks. In Tab. 3 (left),
we compare video retrieval performance with
zero-shot methods which are fine-tuned on aux-
iliary video understanding tasks (e.g., MCQ-
BridgeFormer, OA-Trans, and also with MLLMs
such Qwen3-Omni. For video-based retrieval,
Multi-Score outperforms zero-shot, supervised
methods, and naïve Qwen3-MRL on all datasets,
for instance, 45 points supervised performance gain
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t→v v→ t

Methods MSRVTT-1kA MSVD LSMDC DiDeMo MSRVTT-1kA MSVD LSMDC DiDeMo
Ze

ro
-S

ho
t MCQ-BridgeFormer (Ge et al., 2022) 26.0 43.6 12.2 25.6 – – – –

OA-Trans (Wang et al., 2022) 23.4 – – 23.5 – – – –
LamRA (Liu et al., 2025) 44.7 52.4 – – – – – –
Qwen3-Omni-30B-Th (Xu et al., 2025b) 39.5 51.0 21.1 37.3 48.5 26.8 62.2 34.1
Qwen3-MRL (Kusupati et al., 2022) 33.3 37.6 15.6 31.9 30.5 21.2 39.7 28.5
Multi-Score 55.7 69.4 27.1 50.3 53.1 31.9 68.0 50.7

Su
pe

rv
is

ed

MCQ-BridgeFormer (Ge et al., 2022) 37.6 52.0 17.9 37.0 – – – –
OA-Trans (Wang et al., 2022) 35.8 39.1 18.2 34.8 17.5 – – –
T2VLAD (Wang et al., 2021) 29.5 – 14.3 – 31.8 – 14.2 –
X-Pool (Gorti et al., 2022) 46.9 47.2 25.2 – 43.9 66.4 22.7 –
RPC (Lai et al., 2025) 47.3 38.5 22.8 34.7 46.3 48.1 22.0 33.4
NeighborRetr (Lin et al., 2025) 49.5 47.9 – 48.2 48.7 63.3 – 48.4

t→a t→(a, v)

Methods AudioCaps Clotho AudioCaps

Ze
ro

-S
ho

t AVR-VC3M (Nagrani et al., 2022) 8.7 10.6 3.0
Qwen2-Audio-7B (Chu et al., 2024) 29.7 18.3 23.5
Qwen2.5-Omni-7B (Xu et al., 2025a) 31.1 18.5 30.9
Qwen3-Omni-30B-Th (Xu et al., 2025b) 32.1 15.4 21.8
Qwen3-MRL (Kusupati et al., 2022) 35.4 17.9 22.7
Multi-Score 45.4 28.2 44.5

Su
p.

SOTA (Oncescu et al., 2021) 24.3 6.7 28.1
AVR (Nagrani et al., 2022) 32.0 7.8 41.4
AVR-VC3M (Nagrani et al., 2022) 35.5 8.4 43.2

Table 3: Performance on cross-modal text-video (left) and text-audio (right) retrieval in terms of R@1.

Figure 6: Backbone-agnostic performance gain (∆)
with Multi-Score compared to existing SOTA zero-
shot methods on all 12 tasks, using 3 MLLMs as Stage-2
backbones.

in LSMDC.

Results on audio benchmarks. Tab. 3 (right)
shows that, Multi-Score achieves the high-
est zero-shot performance across both Audio-
Caps and Clotho benchmarks, surpassing all full-
resolution naïve Qwen3-MRL and Omni variants.
Multi-Score maintains strong performance in the
joint audio-visual setting on AudioCaps, demon-
strating consistent cross-modal retrieval strength.

Universal information retrieval. We evaluate
retrieval accuracy and efficiency by constructing
a unified candidate pool across all 32 datasets,
requiring retrieval in a universal cross-modality
search space. Fig. 5 shows that instead of using
our proposed Pyramid Rank, computing full-scale
naïve MRL embedding at Stage-1 only improves
performance marginally, but at a significant infer-
ence cost. Using dual encoders CLIP for images,
CLIP4Clip (Luo et al., 2022) for videos, Audio-
CLIP (Guzhov et al., 2022) for audio in Stage-1
improves performance, though at even higher infer-
ence cost. Using Pyramid Rank in Stage-1 there-
fore yields optimal performance, and efficiency.

4.3 Analysis
Backbone Agnostic Performance Gain. Fig. 6
indicates that Qwen2-Omni-7B shows the most
significant zero-shot performance gain in compar-
ison to other backbones for all tasks. However,
regardless of the choice of backbone model in
Bidirectional-CoT Embedding Score and Question

55.70

44.10

44.30

40.90

49.80

54.20

53.90

33.30

30 35 40 45 50 55𝑺𝑪𝒐𝑻 𝑺𝑸𝑨
Pyramid
Rank

Stage 1 Stage 2 Retrieval Performance. R@1 (MSRVTT-1kA; t à v)

Figure 7: Each component of our method (Stages-1 and
2) improves the performance vs. using the full-scale
(D=1024) Qwen3-MRL embeddings (top gray bar).

Figure 8: Effect of candidate budget (K) on retrieval per-
formance and runtime. As K increases, re-ranking more
candidates in Stage-2 improves retrieval performance,
while at Stage-1 Pyramid Rank keeps computational
cost low; achieving efficient retrieval compared to naïve
MRL embeddings. Bars: recall; blue lines: time.

Answering Relevance Score, Stage-2 re-ranking
always improves performance.

Ablation Study. Fig. 7 analyzes the contribution of
each component in Multi-Score on the MSRVTT-
1kA benchmark. Combining all three modules:
Pyramid Rank, SCoT, and SQA results in the highest
retrieval performance (R@1 = 55.7), demonstrating
their complementary impact.

Efficiency of Pyramid Rank. In Stage-1, Pyra-
mid Rank retrieves top-K candidates that Stage-2
uses for re-ranking. The runtime of Stage-1 in-
creases with K. However, the bigger the search
space is, the more effective Stage-2 re-ranking will
be. Fig. 8 confirms this: as we re-rank more can-
didates in Stage-2, the retrieval performance im-
proves and re-ranking more candidates in Stage-2 is
computationally cheap when we use Pyramid Rank
in Stage-1 for ranking. Thereby, Pyramid Rank im-
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Caption Len. Image R@1 Video R@1 Audio R@1

( 0 , 300] 52.1 47.4 38.5
(300 , 600] 54.3 49.8 39.1

> 600 61.8 52.7 39.8

(a) Longer captions (> 600 tokens) help
retrieve across all modalities.

# Questions Image R@1 Video R@1 Audio R@1

(0 , 3] 51.9 46.3 37.2
(3 , 6] 56.8 50.4 38.9
≥ 7 58.4 51.1 42.8

(b) Using more questions help retrieve
across all modalities.

# CoT examples Image R@1 Video R@1 Audio R@1

2 57.5 50.8 39.4
3 57.3 50.5 39.0
4 57.4 50.2 39.1

(c) Using 2 CoT examples achieves opti-
mal retrieval across modalities.

Table 4: Effect of caption length, # questions, and # CoT examples on retrieval performance: R@1 (↑).

Figure 9: The faded lines represent R@1 for different
values of α on all 32 retrieval datasets, while the bold
lines indicate R@1 averaged across datasets. Optimal
zero-shot performance is observed at α = 0.3 for image
retrieval and α=0.6 for audio/video retrieval.

proves efficiency by filtering candidates faster for
Stage-2 re-ranking. Using naïve MRL embeddings
without re-ranking yields sub-optimal performance,
illustrating the importance of Stage-2.
Hyperparameter Analysis. Fig. 9 shows the R@1
on 8 image retrieval tasks and 4 audio and video
retrieval tasks for different α values in Eq. (9).
α= 0.3 results in peak zero-shot performance in
image retrieval and α = 0.6 for audio and video
retrieval. Tab. 4 shows three factors that aid that
Bidirectional-CoT Embedding Score help image,
video, and audio retrieval performance: longer cap-
tions as input for Pyramid Rank, more questions
in Question Answering Relevance Score, and two
CoT examples in Fig. 11 (a) shows as tolerance ϵ in
Algorithm 1 decreases, both retrieval performance
and inference time decreases (i.e., Stage-2 receives
fewer and less relevant candidates, as the search
becomes overly conservative and eliminates poten-
tial matches too early). Results in Tab. 4, Figs. 9
and 11 (a) are averaged across all 32 datasets.
Visualizing Dataset Difficulty. Fig. 11 (b) visu-
alizes the distribution of upper bounds estimated
by Pyramid Rank for datasets of varying diffi-
culty: FashionIQ (difficult), WebQA (medium),
and MSCOCO (easy). Easier datasets have tighter
and more right-shifted upper bounds, indicating
stronger similarity scores between queries and rel-
evant candidates, while harder datasets like Fash-
ionIQ show broader and left-skewed distributions,
reflecting more ambiguous candidate similarity.
Qualitative Results. Fig. 10 compares qualitative

Pyramid Rank Backbone Captioning? R@100 Hit@100 Inference Time (sec)

ResNet-MRL No 73.3 94.4 0.065
Qwen3-MRL Yes 73.0 92.1 0.072

Table 5: Pyramid Rank is robust to text conversion,
preserving R@100, Hit@100, and runtime.

Feature Extraction Model Feature Storage (KB)

I3D (Carreira and Zisserman, 2017) 720
X3D-XL (Feichtenhofer, 2020) 980
Two-Stream I3D (Carreira and Zisserman, 2017) 1440
Two-Stream S3D-G (Xie et al., 2018) 850
SlowFast 16×8 + R101 + NL (Feichtenhofer et al., 2019) 1360
Multi-Score Captioning (QWEN3-VL-8B) (Ours) 16.7

Table 6: Captioning based pre-processing helps efficient
offline feature storage for video database.

retrieval outcomes across Multi-Score (ours), its
naïve MRL variant, and the supervised LamRA
baseline for two different multimodal queries. Our
two-stage framework efficiently retrieves targets in
0.11 s with higher semantic accuracy than compet-
ing methods, thus demonstrating its fine-grained,
efficient, zero-shot retrieval capability. While the
naïve MRL variant retrieves visually similar yet
less precise candidates with higher latency (0.31 s),
LamRA attains moderate accuracy but at the ex-
pense of domain-specific training.

Captioning based pre-processing has minimal
impact on Retrieval and helps efficient offline
feature storage. Pyramid Rank is modality-
agnostic, but sicce Qwen3-MRL can process only
text (and is the only public foundation model with
MRL), our design choice of converting queries and
candidate to text (for e.g. via captioning for im-
ages and videos) reflects current model availability
rather than an algorithmic limitation. In Tab. 5,
using vision MRL features directly with ResNet-
MRL versus using captioned Qwen3-MRL yields
only a marginal drop in R@100 (73.26 vs. 72.98),
while keeping Hit@100 high (94.41 vs. 92.07) and
inference time comparable, showing that modality-
to-text conversion does not substantially harm top-
K candidate survival. Tab. 6 additionally demon-
strates higher efficiency in storage than standard
video feature pipelines: at 15 FPS on MSRVTT-
1K, classic methods store 700-1400 KB per video,
whereas Multi-Score stores only 16.7 KB.

20311



Query {𝑡 →𝑣}: a man is talking about car features while inside his carQuery { 𝑖,𝑡 → 𝑖}: Change to indoor cafe, bakery setting, 
include pastel blue walls and brown oak wooden flooring

Rank 1

Rank 2

Rank 3

0.19 sec 0.49 sec 0.34 sec0.11 sec 0.31 sec 0.17 sec

Naïve MRL LamRAMULTI-SCORE Naïve MRL LamRAMULTI-SCORE

Figure 10: Qualitative Results: Multi-Score consistently retrieves semantically aligned target (in red box) faster
and more accurately than the Naïve MRL (only full scale MRL embedding based ranking) and LamRA (supervised)
baselines. Unlike LamRA, which misinterprets scene context (e.g. retrieving images with different wall color), and
Naïve MRL that retrieves videos with man outside a car, Multi-Score effectively grounds textual edits within the
visual context, highlighting its ability to perform precise and context-aware multimodal retrieval, with no training.

(b)(a)

Figure 11: (a) Larger tolerance ϵ reduces Stage-1 infer-
ence time but slightly lowers R@1. At optimal ϵ=0.02,
Multi-Score catches up to previous best supervised
performance while at the worst ϵ=0.40, Multi-Score
is still equivalent to previous best zero-shot methods. (b)
Distribution of upper bounds estimated by the Pyramid
Rank across datasets of varying difficulty: FashionIQ
(hard), WebQA (medium), and MSCOCO (easy).

Captioning Model Size Prompt Type R@1 R@5 R@10

BLIP-2 2.7B
Concise (“Describe the image”) 80.9 85.1 89.4
Detailed (Sec. 6.4) 81.7 85.8 89.6

Qwen3-VL 8B
Concise (“Describe the image.”) 82.1 85.7 90.3
Detailed (Sec. 6.4) 82.7 86.9 91.5

Table 7: Backbone model family, size, prompt variance
have minimal impact on Stage-1 ranking performance.

Multi-Score performance gains are agnostic to
backbone model family, size, and prompt sen-
sitivity as demonstrated by results in Tabs. 7 to 9.
These gains are driven by our proposed Pyramid
Rank, Bidirectional-CoT Embedding Score and
Question Answering Relevance Score, not from
using bigger foundation models.

Hardware, Decoding, and Compute costs: from
offline pre-processing to online inference. For
Stage-1, we use 8 clusters of 4 NVIDIA H100
GPUs (batch size of 128), and for Stage-2, we use 4
clusters of 16 NVIDIA L40S GPUs (Bidirectional-
CoT batch size of 8, QA scoring batch size of 4).
The decoding setting is: temperature 0, QA Rel-
evance scoring with 5 max tokens, CoT genera-
tion with <emb> token for hidden-state extraction;

Re-ranking Model Size Prompt Type R@1 R@5 R@10

LLaVA-1.5 3B
without alignment in Fig. 3 76.4 84.9 90.2
with alignment in Fig. 3 (ours) 80.3 86.2 91.0

Qwen2.5-Omni 7B
without alignment in Fig. 3 81.2 85.8 90.7
with alignment in Fig. 3 (ours) 82.7 86.9 91.5

Table 8: Backbone model family, size, prompt variance
minimally impact on Stage-2 re-ranking performance.

Stage-1 Backbone Stage-2 Backbone R@1

ResNet-MRL None (embedding only) 64.5
ResNet-MRL LLaVA-7B (standard MLLM re-ranking) 66.2
ResNet-MRL Multi-Score (LLaVA-7B CoT + QA) 71.8

Qwen3-VL-8B (MRL) None (embedding only) 74.3
Qwen3-VL-8B (MRL) LLaVA-7B (standard MLLM re-ranking) 77.1
Qwen3-VL-8B (MRL) Multi-Score (LLaVA-7B CoT + QA) 82.7

Table 9: Multi-Score consistently improves over both
weak and strong backbones, outperforming backbone-
only retrieval and standard MLLM re-ranking.

CoT and QA are executed in parallel. On a 5.7M
database, our total offline captioning cost is 20
GPU-hours (parallelized across 32 GPUs) and per-
query online inference cost is 0.87 s3.

5 Conclusion

We introduced Multi-Score, a fine-tuning-free
two-stage multimodal retrieval framework combin-
ing efficient hierarchical filtering with fine-grained
multimodal alignment. By proposing Pyramid
Rank, we are the first to leverage Matryoshka repre-
sentations for pyramidal embedding-based filtering
to achieve efficient multimodal retrieval. Through
Bidirectional-CoT Embedding Score and Question
Answering Relevance Score re-ranking with mul-
timodal alignment, Multi-Score results in state-
of-the-art zero-shot performance across 12 MMIR
tasks on 32 datasets, demonstrating its efficacy
across tasks, domains, and modalities.

3Detailed breakdown of compute costs is in the Appendix
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Limitations

While Pyramid Rank is inherently modality-
agnostic and can operate with any foundation em-
bedding model that supports a pyramidal repre-
sentation hierarchy (for e.g. Matryoshka repre-
sentations (Kusupati et al., 2022)), at the time of
writing this paper, the only foundation embedding
model which supports MRL embeddings is Qwen3-
MRL. Qwen3-MRL operates on text-only inputs
and therefore requires us to convert image, video,
and audio data into text via captioning for use with
our proposed Pyramid Rank approach. Importantly,
this limitation arises from the current ecosystem of
embedding models rather than from the proposed
Pyramid Rank algorithm itself. This dependency
may introduce information loss due to modality
conversion and additional offline pre-processing
(captioning) cost. Pyramid Rank algorithm can
be seamlessly applied to future embedding models
designed to produce pyramidal representations.
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Appendix

Multi-Score is an abbreviation of the method
name, but it also represents several innovations:
multi-scale similarity computation (Stage-1), mul-
timodal contextual representations (Stage-2), and
multiple scoring functions for re-ranking (Stage-2).

6 Pyramid Rank: Derivation and
Analysis

We design Pyramid Rank (Algorithm 1) to ensure
the following benefits:
• Admissibility: no relevant candidate is ever

pruned because the upper bound is admissible.
• Convergence: guaranteed termination in loga-

rithmic steps, independent of database size.
• ϵ-bounded correctness: performance drop

in comparison to naïvely computing query-
candidate similarity using highest MRL level for
the entire database is at most ϵ, which is control-
lable.

6.1 Detailed Derivation of Upper-Bound for
Similarity

We use Qwen3-MRL 0.6B Embedding
model (Zhang et al., 2025b) to compute em-
beddings xc for all database entries c and xq for
input queries and normalize them to be unit-norm.
This MRL (Matryoshka Representation Learning)
feature extractor produces embeddings at L=6
levels, with the smallest length d=32 (at level
ℓ = 1) and largest length D=1024 (at level L=6)
with the following properties:

x(ℓ)
c ∈ R2ℓ−1d ... length of level-ℓ vectors (10)

x(ℓ)
c = x(L)

c [1 : 2ℓ−1d] ... nested MRL embeddings (11)

∥x(L)
c ∥2 = ∥x(L)

q ∥2 = 1 ... unit-norm level-L vectors (12)

We create zero-padded candidate and query em-
beddings z(ℓ)c , z

(ℓ)
q ∈ RD as:

z(ℓ)c = concat(x(ℓ)
c , zeros(D − 2ℓ−1d)); and

z(ℓ)q = concat(x(ℓ)
q , zeros(D − 2ℓ−1d)). (13)

For retrieval, we ideally want to compute similar-
ity of each candidate vector x(L)c with the query vec-
tor x(L)q , at the highest (most fine-grained) represen-
tation level L. However, this is computationally ex-
pensive, with a complexity of O(2LN). Therefore,
Stage-1 seeks to reduce this computational com-
plexity by leveraging multi-scale MRL representa-
tions. We derive an upper bound for ⟨x(L)q , x

(L)
c ⟩ in
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terms of lower-dimensional x(ℓ)c , x
(ℓ)
q , thus signifi-

cantly reducing the cost associated with similarity
computation.

⟨x(L)
q , x(L)

c ⟩ = ⟨z(ℓ)q , z(ℓ)c ⟩︸ ︷︷ ︸
known

+ ⟨x(L)
q − z(ℓ)q , x(L)

c − z(ℓ)c ⟩︸ ︷︷ ︸
unknown/

(14)

Applying the Cauchy-Schwartz inequality (Hardy
et al., 1952) on the unknown term:

⟨x(L)
q , x(L)

c ⟩ ≤ ⟨z(ℓ)q , z(ℓ)c ⟩+ ∥x(L)
q − x(ℓ)

q ∥2∥x(L)
c − x(ℓ)

c ∥2
(15)

From the definition of ℓ2 vector norm:

∥x(L)∥22 = ⟨x(L), x(L)⟩ (16)

Using Eq. (12) and Eq. (13), we can rewrite Eq. (16)
as:

∥x(L)∥22 = ⟨z(ℓ) +(x(L) − z(ℓ)), z(ℓ) +(x(L) − z(ℓ))⟩ (17)

Using the distributive property of vector inner prod-
uct, we can rewrite Eq. (17) as:

∥x(L)∥22 =⟨z(ℓ), z(ℓ)⟩+ ⟨(x(L) − z(ℓ)), (x(L) − z(ℓ))⟩+
⟨z(ℓ), (x(L) − z(ℓ))⟩+ ⟨(x(L) − z(ℓ)), z(ℓ)⟩ (18)

Using the symmetry of vector inner product, we
can rewrite Eq. (18) as:

∥x(L)∥22 =⟨z(ℓ), z(ℓ)⟩+ ⟨(x(L) − z(ℓ)), (x(L) − z(ℓ))⟩+
2⟨z(ℓ), (x(L) − z(ℓ))⟩ (19)

Since z(ℓ) and (x(L)− z(ℓ)) are orthogonal vectors,
their dot product ⟨z(ℓ), (x(L)− z(ℓ))⟩ = 0, we can
rewrite Eq. (19) as:

∥x(L)∥22 = ⟨z(ℓ), z(ℓ)⟩+ ⟨(x(L) − z(ℓ)), (x(L) − z(ℓ))⟩ (20)

From Eq. (12), ∥x(L)∥2=1, we can rewrite Eq. (20)
as:

⟨z(ℓ), z(ℓ)⟩+ ⟨(x(L) − z(ℓ)), (x(L) − z(ℓ))⟩ = 1 (21)

From definition of ℓ2 vector norm, we can rewrite
Eq. (21) as:

∥x(L) − z(ℓ)∥2 =
√

1− ∥z(ℓ)∥22 (22)

Finally, by plugging the value of ∥x(L)− z(ℓ)∥2
into Eq. (15), we get:

⟨x(L)
q , x(L)

c ⟩ ≤ ⟨z(ℓ)q , z(ℓ)c ⟩+ ∥x(L)
q − x(ℓ)

q ∥2∥x(L)
c − x(ℓ)

c ∥2

≜ ⟨z(ℓ)q , z(ℓ)c ⟩︸ ︷︷ ︸
known

+

√
(1−∥z(ℓ)q ∥22)(1−∥z(ℓ)c ∥22)︸ ︷︷ ︸

known!,︸ ︷︷ ︸
Uℓ

q,c upper-bound at level−ℓ

6.2 ϵ-bounded Correctness Guarantee in
Pyramid Rank

Pyramid Rank maintains thresholds τmin and τmax

such that at termination, at least K items satisfy
UL
q,ck

≥τmin and fewer than K satisfy UL
q,ck

≥τmax

where k ∈ {1...K}. Because of the lower bound at
termination in Pyramid Rank, τmin≤⟨x(L)q , x

(L)
ck ⟩.

Similarly, the upper bound at termination in Pyra-
mid Rank ensures that all excluded items j /∈
I, ⟨x(L)q , x

(L)
cj ⟩≤τmax.

Now, the search terminates once τmax−τmin≤ϵ,
which can be rewritten as τmax≤τmin+ϵ. Combin-
ing the upper bound, lower bound, and termination
condition therefore we get, ⟨x(L)q , x

(L)
cj ⟩ ≤ τmax ≤

τmin+ϵ≤⟨x(L)q , x
(L)
cK ⟩+ϵ, or in short:

⟨x(L)
q , x(L)

cj ⟩ ≤ ⟨x(L)
q , x(L)

cK ⟩+ ϵ

This inequality guaranties that any unselected
item’s similarity score is within at most ϵ of the
lowest-ranked retrieved item (cK), providing a
quantifiable retrieval quality bound of ϵ in Pyramid
Rank. In other words, Pyramid Rank ensures that
skipping full-resolution similarity computations for
all database items using the longest possible em-
bedding, leads to a bounded performance loss of at
most ϵ which is a controllable hyperparameter.

NIGHTS (i→ i)
MRL embedding Foundation Model R@1 R@5 R@10 nDCG@10

image (Kusupati et al., 2022) ✗ 23.7 28.6 34.3 35.0
text (Zhang et al., 2025b) ✓ 29.5 36.0 58.4 39.8

Table 10: Comparison of text- and image-based MRL
embedding model for Pyramid Rank in image-to-image
retrieval on the NIGHTS dataset. We report R@1, R@5,
R@10, and nDCG@10. A checkmark (✓) indicates use
of a foundation model for feature extraction, while a
cross (✗) indicates its absence.

6.3 On the choice of MRL Embedding Model
for Pyramid Rank

Foundation models provide semantically aligned,
cross-modal embeddings that enable direct similar-
ity computation between heterogeneous inputs to
perform search and retrieval (Yuan, 2023). Foun-
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dation embedding models are particularly effica-
cious for zero-shot retrieval across unseen modali-
ties and domains without task-specific training (Li
et al., 2024; Zhang et al., 2024c). For Pyramid
Rank, we use the Qwen3-MRL 0.6B Embedding
model (Zhang et al., 2025b), which is a foundation
embedding model with large scale multimodal and
multitask pretraining with support for pyramidal
MRL (Kusupati et al., 2022) hierarchy. To the best
of our knowledge, Qwen3-MRL 0.6B Embedding
model (Zhang et al., 2025b) is the only embed-
ding model that is both a foundation model and
supports pyramidal MRL (Kusupati et al., 2022)
hierarchy. In our experiments, we have a total of 5
cross-modal data types: i, (i, t), v, a, (a, v). How-
ever, Qwen3-MRL 0.6B Embedding model (Zhang
et al., 2025b) operates on text-only input and there-
fore, we convert all data to text using caption-
ing models. The original MRL study (Kusupati
et al., 2022) offers a pre-trained ResNet (He et al.,
2016) based image embedding model with sup-
port for pyramidal MRL embedding hierarchy. De-
spite being pretrained on ImageNet (Deng et al.,
2009), ResNet (He et al., 2016) based image em-
bedding model is not a foundation model. For
i → i retrieval task, on NIGHTS (Fu et al., 2023)
dataset, we compare both image based MRL em-
bedding model and text based MRL embedding
model for offline pre-processing in Pyramid Rank.
In Tab. 10, we observe that the text-based MRL
embedding (Zhang et al., 2025b), being derived
from a foundation model, provides stronger re-
trieval performance compared to the image-based
embedding (Kusupati et al., 2022), which lacks
such foundation-level pretraining. It is important
to note that our Pyramid Rank framework can be
seamlessly integrated with any MRL-based embed-
ding model, regardless of modality. In the next
section, we discuss the offline data pre-processing
and captioning strategy used to convert all multi-
modal data into a unified text representation prior
to running Pyramid Rank.

6.4 Offline Data Pre-processing (Captioning)
for Pyramid Rank

In Stage-1, all queries (processed at inference)
and database items (pre-processed) are first con-
verted to text via image/video captioning with
Qwen3-VL-8B (Team, 2025b), audio transcription
using Qwen2-Audio-7B (Chu et al., 2024); and au-
dio + video data captioning using Qwen2.5-Omni-
7B (Xu et al., 2025a). Across all 12 MMIR tasks,

spanning 32 datasets, and both query and candidate
modalities in our experiments, there are a total of 5
unique data modalities (combining both unimodal
and cross-modal): i, (i, t), v, a, (a, v). This unified
text conversion serves as a modality-agnostic pre-
processing step, ensuring that all data, regardless
of their original modality, can be encoded using a
single foundation embedding model for consistent
and comparable retrieval within Pyramid Rank.

Prompt for Caption Generation from Image with
Qwen3-VL-8B (Team, 2025b) for queries in Vi-
sualNews, MSCOCO, Fashoin200K, Urban-1K,
Flickr30K, NIGHTS and database candidates in
VisualNews, MSCOCO, Fashoin200K, Urban-1K,
Flickr30K, NIGHTS, FashoinIQ, CIRR, GenCIS:

Prompt for Caption Generation from Image:
You are given an image: <i>
Generate a detailed caption describing
the key objects, their attributes, spatial
layout, and interactions.
Include information about the scene type,
context, and any salient visual cues that
convey intent or activity.
Output a detailed caption that captures the
essential meaning of the image.

Prompt for Caption Generation from Image + Text
with Qwen3-VL-8B (Team, 2025b) for queries in
OVEN, InfoSeek, FashoinIQ, CIRR, GenCIS and
database candidates in EDIS, WebQA, OVEN, In-
foSeek:

Prompt for Caption Generation from Image + Text:
You are given an image and its accompanying
text: (<i>, <t>)
Generate a unified caption that integrates
both visual and textual information.
Describe how the image and text complement
each other.
Mention entities, actions, and context
shared across the image and text.
Output a detailed and coherent caption that
captures the essential, combined meaning of
the image and text.

Prompt for Caption Generation from Video with
Qwen3-VL-8B (Team, 2025b) for queries in
MSRVTT-1kA, MSVD, LSMDC, DiDeMo and
database candidates in VMSRVTT-1kA, MSVD,
LSMDC, DiDeMo:
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Prompt for Caption Generation from Video:
You are given a short video clip: <v>
Generate a temporally aware caption
describing the sequence of actions and
events.
Mention key objects, subjects, and
transitions over time, emphasizing movement
and interactions.
Output a detailed caption that captures the
essential meaning of the video.

Prompt for Caption Generation from Audio with
Qwen2-Audio-7B (Chu et al., 2024) for database
candidates in AudioCaps:

Prompt for Caption Generation from Audio:
You are given an audio clip: <a>
Generate a descriptive caption summarizing
the content of the audio.
Include information about sound types,
speakers, emotions, acoustic events, and
temporal changes.
Output a detailed caption that captures the
essential meaning of the audio.

Prompt for Caption Generation from Audio +
Video with Qwen2.5-Omni-7B (Xu et al., 2025a)
for database candidates in AudioCaps:

Prompt for Caption Generation from Audio + Video:
You are given synchronized audio and video
data: (<a>, <v>)
Generate a unified caption that combines
both auditory and visual cues.
Describe the main event or scene,
integrating spoken words, sounds, and
visible actions over time.
Output a detailed and coherent caption that
captures the essential, combined meaning of
the audio and video.

image-text retrieval
# CoT examples CoT examples R@1 R@5 R@10 nDCG@10

0 ✗ 51.3 57.9 63.5 66.0
2 ✓ 57.5 65.8 74.2 67.1

Table 11: Efficacy of using CoT examples in
Bidirectional-CoT Embedding Score (SCoT) used in
Stage-2 re-ranking. Average Performance of image-text
retrieval (averaged across 21 datasets) shown with and
without Cot examples. We report R@1, R@5, R@10,
and nDCG@10. A checkmark (✓) indicates use of CoT
example, while a cross (✗) indicates its absence.

7 Stage-2: Additional Analysis

7.1 Bidirectional-CoT Embedding Score
In Tab. 11, Tab. 12, and Tab. 13, we report retrieval
performance averaged across all 21 image-text
retrieval datasets, 8 video-text retrieval datasets,

video-text retrieval
# CoT examples CoT examples R@1 R@5 R@10 nDCG@10

0 ✗ 43.9 49.2 60.8 54.1
2 ✓ 50.8 51.5 61.6 55.9

Table 12: Efficacy of using CoT examples in
Bidirectional-CoT Embedding Score (SCoT) used in
Stage-2 re-ranking. Average Performance of video-text
retrieval (averaged across 8 datasets) shown with and
without Cot examples. We report R@1, R@5, R@10,
and nDCG@10. A checkmark (✓) indicates use of CoT
example, while a cross (✗) indicates its absence.

audio-text retrieval
# CoT examples CoT examples R@1 R@5 R@10 nDCG@10

0 ✗ 31.5 36.3 39.7 40.4
2 ✓ 39.4 41.9 44.8 42.1

Table 13: Efficacy of using CoT examples in the pro-
posed Bidirectional-CoT Embedding Score (SCoT) used
in Stage-2 re-ranking. Average Performance of audio-
text retrieval (averaged across 3 datasets) shown with
and without Cot examples. We report R@1, R@5,
R@10, and nDCG@10. A checkmark (✓) indicates
use of CoT example, while a cross (✗) indicates its ab-
sence.

and 3 audio-text retrieval datasets, respectively.
The results in Tab. 11, Tab. 12, and Tab. 13
show that using CoT examples in Bidirectional-
CoT Embedding Score significantly improves re-
trieval performance across modalities. Fig. 12 vi-
sually demonstrates how bidirectional Chain-of-
Thought (CoT) prompting improves multimodal
alignment between a query and the correspond-
ing candidate in the Bidirectional-CoT Embedding
Score. By explicitly guiding the model to reason
about alignment before embedding extraction, the
CoT-augmented setting (top) yields more contex-
tually aware embeddings and higher cosine simi-
larity compared to the non-CoT baseline (bottom),
thereby enhancing fine-grained re-ranking in Stage-
2.

7.2 Question Answering Relevance Score

In the example shown in Fig. 4, both candidate
videos contain visually similar scenes involving wa-
ter and human activity, which makes them difficult
to distinguish. However, the Question Answering
Relevance Score SQA provides fine-grained dis-
crimination by explicitly verifying the semantic at-
tributes of the query through yes/no questions (e.g.,

“Is the person swimming?”, “Are the rapids white
water”). While both candidates partially match the
query, only C2 correctly satisfies all query-specific
attributes, leading to a higher SQA score.
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Query (𝑡)	: a person swimming in some white water rapids Top-𝑘 Database Candidate (𝑣):

q2c Prompt
CoT example:

query:                           a man is singing and standing in the road  

candidate: 

contents in query:        a man singing and standing on the road, a road, a singer
contents in candidate:  multiple men singing, standing, walking on a road with traffic
overlap:                        most query contents are found in the candidate
summary of alignment between this query and the candidate in one word is: high

Instruction: Now you are given a query and a candidate to summarize their alignment
query:                          a person is swimming in some white water rapids

candidate: 

task: using knowledge from the above example summary of alignment between query 
and candidate in one word is: <emb>
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contents in candidate:  a woman singing, baby on a stroller, police pulls over a red car 
contents in query:        two men in interview, bill murray on david letterman show
overlap:                        no candidate contents are not found in the query
summary of alignment between this query and the candidate in one word is: low

Instruction : Now you are given a candidate and a query to summarize their alignment

candidate: 

query:                           a person is swimming in some white water rapids
task: using knowledge from above example summary of alignment between candidate 
and query in one word is: <emb>
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contents in candidate:  multiple men singing, standing, walking on a road with traffic
overlap:                        most query contents are found in the candidate
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overlap:                        no candidate contents are not found in the query
summary of alignment between this query and the candidate in one word is: low

Instruction : Now you are given a candidate and a query to summarize their alignment

candidate: 
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and query in one word is: <emb>
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Figure 12: Visualization of the proposed Bidirectional-CoT Embedding Score (SCoT) used in Stage-2 re-ranking.
The upper panel illustrates the computation of SCoT when incorporating Chain-of-Thought (CoT) examples, while
the lower panel shows the same process without CoT. Incorporating CoT enables the MLLM to generate more
semantically aligned embeddings, leading to higher similarity scores and improved retrieval quality.

Moreover, the intermediate QA logs serve as
interpretable evidence for retrieval decisions, show-
ing which visual or semantic aspects were matched
or missed by each candidate; thus enhancing the
explainability of Stage-2 re-ranking. Unlike C2, C1

includes water scenes but fails to meet key seman-
tic conditions, such as swimming or visible rapids,
lowering its score. The intermediate QA logs pro-
vide natural-language explanations that make this
decision transparent; for instance, they explicitly
record that C1 answered “no” to “Is the person
swimming?”, whereas C2 answered “yes” to all
questions, thereby demonstrating how Stage-2 re-
ranking uses interpretable QA to justify retrieval
outcomes.

8 Additional Quantitative Analysis

8.1 Comparison with Additional Baselines on
retrieval benchmarks

Tabs. 14 to 17 present an extended comparison of
our Multi-Score with additional baselines (both
zero-shot and supervised) across a broad spectrum

of multimodal retrieval tasks spanning text–image,
image–text, text–video, and text–audio modalities.

Our Multi-Score consistently achieves state-
of-the-art zero-shot results across the majority of
datasets within the M-BEIR (Wei et al., 2024)
benchmark (Tab. 14), as well as on additional
text–image retrieval benchmarks (Tab. 15). Specifi-
cally, the proposed Bidirectional-CoT Embedding
Score and Question Answering Relevance Score
re-ranking modules help achieve strong retrieval ac-
curacy even in challenging cross-modal tasks, out-
performing prior multimodal large language model
(MLLM) based retrieval systems as well as dual
encoder based retrieval systems.

8.2 Zero-shot Multi-Score often
outperforms supervised audio-video
retrieval benchmarks

Tabs. 16 and 17 shows that Multi-Score, de-
spite being zero-shot often outperforms supervised
audio-video retrieval benchmarks. Audio and video
retrieval require rich cross-modal understanding
such as temporal, compositional aspects of such
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t → i t → t t → (i, t) i → t i → i (i, t) → t (i, t) → i (i, t) → (i, t)

Methods VisualNews MSCOCO Fashion200K WebQA EDIS WebQA VisualNews MSCOCO Fashion200K NIGHTS OVEN InfoSeek FashionIQ CIRR OVEN InfoSeek
R@5 R@5 R@10 R@5 R@5 R@5 R@5 R@5 R@10 R@5 R@5 R@5 R@10 R@5 R@5 R@5

Ze
ro

-S
ho

t

CLIP-L (Radford et al., 2021) 43.3 61.1 6.6 36.2 43.3 45.1 41.3 79.0 7.7 26.1 24.2 20.5 7.0 13.2 38.8 26.4
SigLIP (Zhai et al., 2023) 30.1 75.7 36.5 39.8 27.0 43.5 30.8 88.2 34.2 28.9 29.7 25.1 14.4 22.7 41.7 27.4
BLIP (Li et al., 2022) 16.4 74.4 15.9 44.9 26.8 20.3 17.2 83.2 19.9 27.4 16.1 10.2 2.3 10.6 27.4 16.6
BLIP2 (Li et al., 2023) 16.7 63.8 14.0 38.6 26.9 24.5 15.0 80.0 14.2 25.4 12.2 5.5 4.4 11.8 27.3 15.8
Qwen2-VL-7B (Wang et al., 2024) 9.3 55.1 5.0 42.0 26.2 9.4 5.4 46.6 4.0 21.3 21.4 22.5 4.3 16.3 43.6 36.2
Qwen2.5-VL-3B (Team, 2025a) 10.8 56.7 6.8 43.9 27.4 10.9 6.2 48.3 5.6 22.1 23.2 23.6 3.1 15.1 42.2 34.8
Qwen2.5-VL-7B (Team, 2025a) 11.9 55.4 7.1 45.2 26.3 12.4 7.7 47.1 6.4 23.7 24.0 22.2 2.6 16.0 43.5 33.9
Qwen3-VL-4B (Team, 2025b) 12.4 56.1 8.2 44.1 27.5 11.8 8.6 45.9 7.2 24.9 22.7 23.4 3.5 14.9 44.7 35.1
Qwen3-VL-8B (Team, 2025b) 15.8 59.0 11.7 46.0 30.9 13.6 10.1 49.5 9.0 27.8 26.0 24.8 6.8 16.2 48.4 37.0
Qwen3-Omni-30B-Th (Xu et al., 2025b) 16.6 59.9 12.5 46.9 31.7 14.6 10.9 50.5 9.7 28.6 26.7 25.7 7.5 17.0 49.2 37.9
Qwen3-MRL (Kusupati et al., 2022) 32.5 57.2 19.0 50.3 39.8 47.1 20.4 55.0 15.7 32.7 28.5 26.3 25.4 21.2 54.0 42.8
Multi-Score 49.8 86.9 41.8 77.4 79.3 81.1 49.7 92.3 38.4 36.0 50.4 62.7 38.5 58.3 68.7 54.9

Su
pe

rv
is

ed

UniR-BLIPFF (Wei et al., 2024) 23.4 79.7 26.1 80.0 50.9 79.8 22.8 89.9 28.9 33.0 41.0 22.4 29.2 52.2 55.8 33.0
UniR-CLIPSF (Wei et al., 2024) 42.6 81.1 18.0 84.7 59.4 78.7 43.1 92.3 18.3 32.0 45.5 27.9 24.4 44.6 67.6 48.9
GENIUS (Kim et al., 2025) 18.5 68.1 13.7 32.5 37.0 49.7 18.7 83.2 12.8 8.2 36.6 11.2 13.2 20.7 19.3 39.5
GENIUSR (Kim et al., 2025) 27.4 78.0 16.2 44.6 44.3 60.6 28.4 91.1 16.3 30.2 41.9 20.7 19.3 39.5 52.5 30.1
LamRA-ret (Liu et al., 2025) 41.6 81.5 28.7 86.0 62.6 81.2 39.6 90.6 30.4 32.1 54.1 52.1 33.2 53.1 76.2 63.3
LamRA (Liu et al., 2025) 48.0 85.2 32.9 96.7 75.8 87.7 48.6 92.3 36.1 33.5 59.2 64.1 37.8 63.3 79.2 78.3

Table 14: Results on the M-BEIR benchmark (Wei et al., 2024) with each dataset and its standard evaluation metric.
Multi-Score achieves the best zero-shot performance on all M-BEIR tasks while occasionally outperforming
some stat-of-the-art supervised baselines. Colors: best zero-shot results: bold blue; best supervised results: bold
red; best overall results: highlighted yellow.

t→ i i→ t (i, t)→ i

Methods Urban-1K Flickr30K Urban-1K Flickr30K GeneCIS

Ze
ro

-S
ho

t

CLIP-L (Radford et al., 2021) 52.8 67.3 68.7 87.2 13.3
Long-CLIP-L (Zhang et al., 2024a) 86.1 76.1 82.7 89.3 16.3
UniIR-CLIP (Wei et al., 2024) 75.0 78.7 78.4 94.2 16.8
E5-V (Jiang et al., 2024b) 84.0 79.5 82.4 88.2 18.5
MagicLens-L (Zhang et al., 2024b) 59.3 72.5 24.2 84.6 16.3
EVA-CLIP-18B (Sun et al., 2024) 81.7 83.3 83.3 96.7 13.6
Qwen2-VL-7B (Wang et al., 2024) 53.0 61.9 53.3 64.8 11.7
Qwen2.5-VL-3B (Team, 2025a) 53.8 61.3 52.8 65.7 12.4
Qwen2.5-VL-7B (Team, 2025a) 54.6 62.2 52.2 66.6 13.0
Qwen3-VL-4B (Team, 2025b) 55.1 61.6 53.0 67.7 14.1
Qwen3-VL-8B (Team, 2025b) 56.0 62.4 53.9 67.1 14.9
Qwen3-Omni-30B-Th (Xu et al., 2025b) 56.9 62.0 54.6 68.0 14.6
Qwen3-MRL (Kusupati et al., 2022) 67.3 69.4 63.6 73.9 19.5
Multi-Score 98.2 89.6 97.8 98.1 34.6

Su
p. LamRA-ret (Liu et al., 2025) 95.1 82.8 94.3 92.7 18.9

LamRA (Liu et al., 2025) 98.8 88.1 98.0 97.6 24.8

Table 15: Additional results on image-text retrieval tasks
(R@1). Colors: best zero-shot results: bold blue; best
supervised results: bold red; best overall results: high-
lighted yellow.

data that is often weakly supervised or poorly
captured by fixed joint embeddings. Our two-
stage framework first preserves semantic similarity
through coarse MRL-based efficient filtering, then
leverages MLLM-based QA re-ranking to perform
fine-grained temporal and contextual alignment,
allowing Multi-Score to better align complex
audio–visual temporal content with queries than
task-specific supervised models.

Overall, these results reaffirm the robustness,
scalability, and modality-agnostic generalization of
Multi-Score as a unified zero-shot multimodal
retrieval framework that efficiently achieves state-
of-the-art performance across visual, auditory, tex-
tual, and cross-modal tasks.

8.3 Generalization to Unseen Retrieval Tasks
Tab. 18 reports retrieval performance (R@5) on the
M-BEIR (Wei et al., 2024) benchmark, evaluating
generalization to unseen retrieval tasks. Our pro-
posed zero-shot Multi-Score is compared against
state-of-the-art Zero-Shot and Supervised base-

t→a t→(a, v)

Methods AudioCaps Clotho AudioCaps
R@1 R@1 R@1

Ze
ro

-S
ho

t AVR-VC3M (Nagrani et al., 2022) 8.7 10.6 3.0
Qwen2-Audio-7B (Chu et al., 2024) 29.7 18.3 23.5
Qwen2.5-Omni-7B (Xu et al., 2025a) 31.1 18.5 30.9
Qwen3-Omni-30B-Th (Xu et al., 2025b) 32.1 15.4 21.8
Qwen3-MRL (Kusupati et al., 2022) 35.4 17.9 22.7
Multi-Score 45.4 28.2 44.5

Su
p.

SOTA (Oncescu et al., 2021) 24.3 6.7 28.1
AVR (Nagrani et al., 2022) 32.0 7.8 41.4
AVR-VC3M (Nagrani et al., 2022) 35.5 8.4 43.2

Table 16: Performance comparison for cross-modal text-
audio retrieval tasks in terms of R@1. Colors: best
zero-shot results: bold blue; best supervised results:
bold red; best overall results: highlighted yellow.

lines. The supervised baselines are trained on five
of the eight M-BEIR tasks, while evaluation is per-
formed on the three held-out tasks to evaluate task
generalization capabilities.

Despite the supervised methods being fine-tuned
on related tasks, Multi-Score achieves superior
or comparable performance across all unseen set-
tings i → i, (i, t) → t, (i, t) → (i, t), with an
average R@5 of 54.5, outperforming both zero-
shot and supervised baselines. This demonstrates
that our two-stage framework, particularly the com-
bination of Bidirectional-CoT Embedding Score
and Question Answering Relevance Score enables
strong cross-domain generalization without any
task-specific fine-tuning. Overall, Multi-Score
exhibits robust generalization to unseen retrieval
tasks, highlighting its scalability and adaptability as
a universal zero-shot multimodal retrieval system.

8.4 Performance on Additional Evaluation
Metrics

Tab. 23 reports the retrieval performance of
Multi-Score across all 12 MMIR tasks in terms
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t→v v→ t

Methods MSRVTT-1kA MSVD LSMDC DiDeMo MSRVTT-1kA MSVD LSMDC DiDeMo
R@1 R@1 R@1 R@1 R@1 R@1 R@1 R@1

Ze
ro

-S
ho

t

NoiseEst (Amrani et al., 2021) 8.0 13.7 4.2 – – – – –
Frozen (Bain et al., 2021) 18.7 33.7 9.3 21.1 – – – –
MCQ-BridgeFormer (Ge et al., 2022) 26.0 43.6 12.2 25.6 – – – –
OA-Trans (Wang et al., 2022) 23.4 – – 23.5 – – – –
LamRA (Liu et al., 2025) 44.7 52.4 – – – – – –
Qwen2.5-VL-3B (Team, 2025a) 39.5 51.2 21.2 37.1 48.0 27.5 59.6 34.0
Qwen2.5-VL-7B (Team, 2025a) 37.2 48.8 19.6 35.4 46.9 25.7 59.2 32.2
Qwen3-VL-4B (Team, 2025b) 38.2 49.5 20.0 36.3 46.6 26.4 60.3 32.8
Qwen3-VL-8B (Team, 2025b) 38.6 50.4 20.6 36.1 47.8 27.0 61.2 33.3
Qwen3-Omni-30B-Th (Xu et al., 2025b) 39.5 51.0 21.1 37.3 48.5 26.8 62.2 34.1
Multi-Score 55.7 69.4 27.1 50.3 53.1 31.9 68.0 50.7

Su
pe

rv
is

ed

NoiseEst (Amrani et al., 2021) 17.4 20.3 6.4 – – – – –
Frozen (Bain et al., 2021) 31.0 45.6 15.0 31.0 – – – –
MCQ-BridgeFormer (Ge et al., 2022) 37.6 52.0 17.9 37.0 – – – –
OA-Trans (Wang et al., 2022) 35.8 39.1 18.2 34.8 17.5 – – –
T2VLAD (Wang et al., 2021) 29.5 – 14.3 – 31.8 – 14.2 –
X-Pool (Gorti et al., 2022) 46.9 47.2 25.2 – 43.9 66.4 22.7 –
RPC (Lai et al., 2025) 47.3 38.5 22.8 34.7 46.3 48.1 22.0 33.4
NeighborRetr (Lin et al., 2025) 49.5 47.9 – 48.2 48.7 63.3 – 48.4

Table 17: Performance comparison for cross-modal text-video retrieval tasks in terms of R@1. Colors: best
zero-shot results: bold blue; best supervised results: bold red; best overall results: highlighted yellow.

i→ i (i, t)→ t (i, t)→(i, t) Average

Methods NIGHTS OVEN InfoS OVEN InfoS

Zero-Shot
LamRA-Ret (Liu et al., 2025) 27.2 44.7 44.0 62.8 49.5 45.6

LamRA (Liu et al., 2025) 29.2 46.9 54.2 65.1 59.1 50.9
Multi-Score 36.0 50.4 62.7 68.7 54.9 54.5

Supervised UniR-BLIPFF (Wei et al., 2024) 33.0 41.0 22.4 55.8 33.0 37.0
UniR-CLIPSF (Wei et al., 2024) 32.0 45.5 27.9 67.6 48.9 44.4

Table 18: Retrieval performance (R@5) on the M-BEIR dataset (Wei et al., 2024), evaluating generalization to
unseen retrieval tasks. Our proposed Zero-Shot Multi-Score is compared against state-of-the-art Zero-Shot
and Supervised baselines. The Supervised models are trained on the remaining five tasks within M-BEIR. Even
though the Supervised baselines are trained on other retrieval tasks, Multi-Score demonstrates superior unseen
task generalization, achieving higher retrieval performance on unseen tasks without any fine-tuning. Colors: best
zero-shot results: bold blue; best supervised results: bold red; best overall results: highlighted yellow.

of R@1, R@5, R@10, and nDCG@10. While
Recall@K (R@K) measures the proportion of rel-
evant items retrieved within the top-K results, em-
phasizing the ability of the model to correctly iden-
tify relevant candidates, normalized Discounted
Cumulative Gain (nDCG@K) on the other hand,
accounts for the ranking order of those retrieved
items, assigning higher importance to items that ap-
pear both correctly and earlier in the ranking. Thus,
R@K captures retrieval coverage, and nDCG@K
reflects retrieval quality.

Overall, Multi-Score achieves strong perfor-
mance across all metrics and modalities, demon-
strating that the proposed two-stage framework not
only retrieves relevant candidates efficiently (high
Recall) but also maintains their correct relative or-
dering (high nDCG). The consistently high nDCG
values across all 12 MMIR tasks indicate that the re-
ranking stage effectively improves semantic align-

ment, confirming the robustness and fine-grained
discriminative capability of Bidirectional-CoT Em-
bedding Score and Question Answering Relevance
Score.

9 Detailed Compute Cost Analysis for
Multi-Score

Modality Model Avg time per item

Image Captioning Qwen3-VL-8B 0.18 s
Video Captioning Qwen2.5-Omni-7B 0.65 s
Audio Captioning Qwen2-Audio-7B 0.35 s

Table 19: Offline pre-processing (Captioning) cost anal-
ysis in Multi-Score.

Offline Pre-processing (One-Time Cost). Index-
ing the full 5.7M-item database requires approxi-
mately 21 hours on a 32-GPU cluster and is per-
formed once offline; no captioning or embedding
extraction occurs at online inference or query time.
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Modality Model Avg time per item

Text Embedding Qwen3-MRL 0.012 s

Table 20: Offline pre-processing (Embedding Extrac-
tion) cost analysis in Multi-Score.

Database naïve MRL naïve MRL Pyramid Rank Pyramid Rank Inference Recall
Size Inference R@100 Inference R@100 Speedup Preservation
(N) time (ms) time (ms) Ratio

100K 3.2 86.4 1.8 86.3 1.8x 1.00
500K 15.7 86.4 6.3 86.3 2.5x 1.00
1M 31.4 86.4 11.5 86.3 2.7x 1.00
5.7M 179.2 86.4 54.6 86.2 3.3x 1.00

Table 21: Stage-1: Online Pyramid Rank cost for uni-
versal retrieval (32 datasets combined).

The offline captioning cost breakdown is shown
in Tab. 19. The offline embedding extraction cost
breakdown is shown in Tab. 20. Total database size:
5.7M items, Embedding time per item: 0.012 s. To-
tal offline embedding extraction cost (parallelized
across 32 GPUs) = 5.7M × 0.12 / 32 = 0.6 GPU-
hours. Total offline pre-processing cost = caption-
ing+embedding extraction = 20 + 0.6 = 20.6 GPU-
hours.

Stage-2 Component MLLM Re-ranking
(Per Query)
Inference Time (ms)

Bidirectional-CoT Embedding Score 6.5

Question Answering Relevance Score 8.2

Table 22: Stage-1: Our proposed Stage-2 Online MLLM
Re-ranking cost for universal retrieval (32 datasets com-
bined).

Online Inference (Per Query Cost). Tab. 21
shows Pyramid Rank (Stage-1) achieves up to 3.3×
inference speedup at 5.7M scale while nearly main-
taining identical R@100, demonstrating that effi-
ciency gains do not compromise retrieval quality.
In Stage-2, Bidirectional-CoT Embedding Score
and Question Answering Relevance Score are run
in parallel per query using distributed inference and
KV caching. Bidirectional-CoT Embedding Score
cost include time for 2 forward passes (parallel),
and time to extract hidden state before <emb> to-
ken. Question Answering Relevance Score cost
include QA with 5 questions, maximun of 5 to-
kens per answer. Tab. 22 shows Bidirectional-CoT
Embedding Score and Question Answering Rel-
evance Score running costs. Total Stage-2 time
(K=100) K × max(6.5, 8.2) = 100 × 8.2 = 0.82 s.
Total Per-Query Online Inference (5.7M Database)
Stage (1+2) = 54.6 ms + 0.82 s = 0.87 s.

Task Dataset R@1 R@5 R@10 nDCG@10

t → i

VisualNews 46.5 49.8 67.4 53.7
MSCOCO 82.7 86.9 91.5 86.2
Fashion200K 32.7 37.7 41.8 36.5
Urban-1K 98.2 98.5 98.9 99.0
Flickr30K 89.6 92.1 93.6 91.5

t → t WebQA 50.9 77.4 85.3 66.4

t → (i, t)
EDIS 52.5 79.3 86.5 67.9
WebQA 60.4 81.1 87.7 72.6

i → t

VisualNews 45.4 49.7 67.3 53.1
MSCOCO 87.3 92.3 95.0 90.6
Fashion200K 34.2 40.2 38.4 38.9
Urban-1K 97.8 98.0 98.0 95.7
Flickr30K 98.1 98.4 98.7 97.9

i → i NIGHTS 29.5 36.0 58.4 39.8

(i, t) → t
OVEN 37.9 50.4 67.8 49.6
InfoSeek 46.3 62.7 75.8 58.5

(i, t) → i
FashionIQ 30.3 34.8 38.5 33.7
CIRR 45.9 58.3 72.9 56.6
GeneCIS 34.6 40.8 46.1 39.3

(i, t) → (i, t)
OVEN 40.6 68.7 79.7 57.9
InfoSeek 34.7 54.9 70.0 49.6

t → v

MSRVTT-1kA 55.7 61.2 84.4 65.8
MSVD 69.4 73.5 81.9 74.1
LSMDC 27.1 31.4 38.0 31.3
DiDeMo 50.3 54.8 56.1 52.9

v → t

MSRVTT-1kA 53.1 61.7 81.6 63.7
MSVD 31.9 40.1 43.7 37.1
LSMDC 68.0 72.5 80.8 72.9
DiDeMo 50.7 55.9 62.7 55.4

t → a
AudioCaps 45.4 47.8 53.4 48.4
Clotho 28.2 32.9 33.0 30.5

t → (a, v) AudioCaps 44.5 45.0 48.1 45.7

Table 23: Retrieval Performance of Multi-Score for
all 12 MMIR tasks in terms of R@1 (↑), R@5 (↑),
R@10 (↑), nDCG@10 (↑).

10 Additional Qualitative Analysis

Fig. 13 compares qualitative retrieval outcomes
across Multi-Score (ours), Multi-Score (naïve
MRL), and the supervised LamRA baseline for
a query involving fine-grained visual understand-
ing. Our two-stage framework efficiently filters
and re-ranks candidates, retrieving the correct tar-
get within 0.09 s, substantially faster and more
semantically accurate than competing methods.
While the naïve MRL variant retrieves visually sim-
ilar but less precise candidates and incurs higher
latency (0.29 s), LamRA achieves moderate ac-
curacy but still relies on supervised alignment.
These results highlight Multi-Score’s capability
to achieve fine-grained and efficient retrieval with-
out supervision.
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Figure 13: Qualitative Results: Given a multimodal
query that combines an image and a text instruc-
tion, Multi-Score retrieves the correct and seman-
tically aligned target (red box) faster and more ac-
curately than the Naïve MRL and LamRA baselines.
Unlike LamRA, which misinterprets scene context
(e.g., retrieving images from mismatched environments),
Multi-Score effectively grounds textual edits within
the visual context, highlighting its ability to perform
precise and context-aware multimodal retrieval. While
Multi-Score correctly grounds the query in the visual
environment to rank relevant results, LamRA misinter-
prets the scene context, retrieving images with incorrect
(i.e., grassy) environments.
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