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Abstract

Unified multimodal embedding spaces have
become the standard interface for cross-modal
retrieval and multimodal RAG, and recent
audio-video-text (AVT) encoders extend this
setting to three modalities. Such encoders can
produce a joint (7T,V, A) embedding when-
ever all three modalities are available, but
standard pairwise InfoNCE objectives leave
this signal unused during training. We close
this gap with fusion-as-teacher distillation,
which treats a stop-gradient copy of the
fused embedding as a teacher signal for the
single-modal embedding, paired with a Tuple-
InfoNCE term that supervises the fused em-
bedding directly. We instantiate this objec-
tive as OmniRetriever-7B. Across six zero-
shot retrieval benchmarks, OmniRetriever-
7B reaches R@1 of 19.14 on Clotho text-
to-audio and 47.60 on MSR-VTT text-to-
video. To stress-test joint representations, we
further release OmniRetriever-Bench, a 12-
direction AVT retrieval benchmark totaling
3,782 triples; on it OmniRetriever-7B attains
AVGe-all 34.84, improving over the best prior
open-source AVT method by +8.03. Model
weights, datasets, and code are released.

1 Introduction

Cross-modal retrieval relies on encoders that map
queryable modalities into a single shared embed-
ding space. The canonical CLIP recipe (Rad-
ford et al., 2021) trains two separate towers and
aligns them with pairwise InfoNCE. Recent omni-
modal systems extend this to three modalities of
{T,V, A} and split into two architectural families.
Multi-encoder systems such as ImageBind (Gird-
har et al., 2023) and LanguageBind (Zhu et al.,
2024a) keep separate per-modality encoders and
align them pairwise to a fixed image or language
anchor. Unified encoders such as WAVE (Tang
et al.,, 2025) and Omni-Embed-Nemotron (Xu
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et al., 2025) instead route all three modalities
through one backbone and produce a joint embed-
ding z7y 4 on a single joint forward pass.

Unified encoders are particularly attractive for
AVT retrieval because zry 4 is exactly the rep-
resentation that a dual-modal or full-tuple query
(e.g., T+V — A or A+T+V — T) needs at
inference. Yet the standard training recipe for uni-
fied AVT encoders never invokes this joint forward
as a supervision signal: WAVE and Omni-Embed-
Nemotron both optimise three pairwise InfoNCE
losses on the single-modal sub-encoders only, and
the joint output is computed only at inference time.

The result is that the single-modal sub-encoders
of current unified AVT systems receive no direct
signal from the representation formed when all
modalities are present. Empirically, the largest
performance gaps appear on audio-anchored re-
trieval. On Clotho A—T, the best open omni-
modal system, Omni-Embed-Nemotron, reaches
R@1 = 3.5, while CLAP-family audio—text spe-
cialists (Wu et al., 2023; Mei et al., 2024; Niizumi
etal., 2025) trained on (7", A) pairs alone reach 25
to 26 on the same direction. This pattern motivates
joint-representation supervision; it does not by it-
self identify a data-quality or routing cause. We
therefore evaluate all twelve any-to-any directions
over {T',V, A} (six single-modal, six dual-modal)
that a practical AVT retriever has to serve.

We close this gap by using the joint embed-
ding itself as the supervision signal. Fusion-as-
teacher distillation £ takes a stop-gradient copy
of zry 4 as the teacher for the single-modal sub-
encoders: each of zr, zy, z4 is pulled toward
zrva by InfoNCE. Because the teacher is the
same backbone consumed jointly rather than an ex-
ternal encoder, the sub-encoders receive the cross-
modal context that no unimodal teacher provides,
at the cost of one additional joint forward pass
per step. A complementary Tuple-InfoNCE re-
finement (Liu et al., 2021, 2020) L1 supervises
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Figure 1: Method overview. OmniRetriever uses the joint embedding zry 4, which is unused by pairwise training
(a), as a supervision target (b) via fusion-as-teacher distillation £p and a Tuple-InfoNCE term L. This yields
a new open result on 12-direction AVT retrieval (c) and a 13.3 to 18.0 R@1 gain over Gemini Embedding 2 on

external audio—text benchmarks (d).

z7y 4 itself with modality-cycled hard negatives,
preventing the joint vector from collapsing onto
the strongest pair gradient (in practice 7T-V").

We instantiate this recipe as OmniRetriever-7B,
an open 7B AVT retriever. On six standard
zero-shot retrieval benchmarks, OmniRetriever-
7B reaches R@1 of 19.14 on Clotho T—A, 25.00
on SoundDescs T—A, and 47.60 on MSR-VTT
T—V. To probe the six dual-modal directions
(T < AV, A & TV, V < AT) that no pub-
lic retrieval benchmark currently evaluates, we
additionally release OmniRetriever-Bench, a 12-
direction AVT retrieval pool of 3,782 held-out
triples. On OmniRetriever-Bench, OmniRetriever-
7B reaches AVG-all 34.84, +8.03 over Omni-
Embed-Nemotron. A cross-backbone replication
(Table 8) reproduces the dominant £p contribu-
tion at smaller scale, indicating that the recipe is
not tied to a particular backbone.

Contributions.

* Fusion-as-teacher distillation: the joint multi-
modal embedding z7y 4 of a unified AVT en-
coder is used to supervise its own single-modal
sub-encoders. Lp alone gives the dominant
single-loss gain; the Tuple-InfoNCE term Lr
further improves the A <>V routes.

e OmniRetriever-7B, an open 7B AVT retriever
evaluated zero-shot on six standard audio—text
and video—text benchmarks, with controlled ex-
ternal loss ablations on Clotho and MSR-VTT.

e OmniRetriever-Bench, a 12-direction AVT re-

trieval pool of 3,782 held-out triples covering
all six single- and six dual-modal directions, the
first public benchmark to evaluate dual-modal
AVT queries.

2 Related Work

Pairwise contrastive vision-language align-
ment. CLIP (Radford et al., 2021) and
ALIGN (Jia et al.,, 2021) establish image—text
InfoNCE as the standard recipe. Subsequent
work scales the data pipeline (Schuhmann et al.,
2022; Fang et al., 2024; Xu et al., 2024), re-
places softmax with the sigmoid loss (Zhai et al.,
2023; Tschannen et al.,, 2025), and re-anchors
with vision foundation models (Siméoni et al.,
2025; Assran et al., 2025; Fini et al., 2025).
A parallel line of work turns MLLMs into en-
coders (Wang et al., 2024a; BehnamGhader et al.,
2024; Lee et al., 2025). Multimodal extensions
(VLM2Vec (Jiang et al., 2025), GME (Zhang
et al., 2025), MM-Embed (Lin et al., 2025),
Qwen3-VL-Embedding (Li et al., 2026)) fine-tune
MLLMs with contrastive supervision over LLM-
synthesized triplets. All apply pairwise InfoNCE
per modality combination. Our PAIRWISE base-
line follows this recipe.

Omni-modal embedding. ImageBind (Girdhar
et al., 2023) and LanguageBind (Zhu et al., 2024a)
align N > 3 modalities pairwise to a fixed image
or language anchor. AudioCLIP (Guzhov et al.,
2022) and VATT (Akbari et al., 2021) optimize
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Figure 2: OmniRetriever training overview. A shared encoder fy consumes the three modalities jointly, producing
the full-modal anchor zpy 4, or individually, producing zr,zy,z 4. Lp (fusion-as-teacher distillation, primary;
Section 3.2) pulls each single-modality embedding toward a stop-gradient copy of z7v 4. L1 (Tuple-InfoNCE
refinement; Section 3.3) contrasts z7y 4 with an independently augmented joint view and a modality-cycled
corrupted-tuple pool zy ; (Equation (4)). L4 (pairwise alignment; Section 3.1) ties pairs of single-modality
embeddings via symmetric InfoNCE. At each step the hard negative perturbs one of 7', V, A on a period-3 sched-

ule.

three pairwise InfoNCE losses over video, audio,
and text. VAST (Chen et al., 2023b) adds a 4-
way alignment objective on video—audio—subtitle—
caption quadruples. WAVE (Tang et al., 2025) ex-
tends Qwen2.5-Omni with hierarchical visual fu-
sion and a dual audio encoder but still adds two-
modality InfoNCE losses, as does Omni-Embed-
Nemotron (Xu et al., 2025). In all of these systems,
the joint multimodal embedding is produced as a
side effect of pairwise training and never used as a
supervision target inside the same backbone.

Masked reconstruction and teacher construc-
tion. Multimodal masked autoencoders such as
MultiMAE and M3AE learn cross-modal repre-
sentations by reconstructing masked inputs or
features (Bachmann et al., 2022; Geng et al.,
2022). PHG-MAE instead masks entire modal-
ities and can aggregate predictions from multi-
ple random masking paths (Pirvu and Leordeanu,
2025). Related hypergraph systems combine pre-
dictions along multiple task pathways into pseudo-
label teachers (Marcu et al., 2023; Pirvu et al.,
2023). These methods and ours share the use of
multimodal context for self-supervision. OmniRe-

triever neither reconstructs masked content nor
ensembles outputs from repeated masking runs:
it performs retrieval-space self-distillation, using
the same encoder’s fused tuple embedding as a
stop-gradient teacher for its single-modal represen-
tations and directly contrasting augmented fused
views.

3 Method

Let D = {x;} be an AVT dataset where each x; =

(a:Z(T) , :cz(v), xl(A)) carries text, video, and audio. A

unified embedder fy : X — R? produces single-

modal embeddings zl(-m) = f@(l’z(-m)) and a joint
embedding ZETVA) = fo(T3,V;, A;) from the same
forward backbone. Figure 2 overviews the three
training objectives.

3.1 Preliminary: Pairwise Alignment (L 4)

Existing open AVT embedders (Girdhar et al.,
2023; Zhu et al., 2024a; Tang et al., 2025; Xu
et al., 2025) optimize a symmetric InfoNCE loss
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The PAIRWISE baseline we report throughout
uses L4 alone. Since L4 never operates on the
joint (T, V, A) vector, zry 4 is neither supervised
nor distilled: pairwise alignment binds the three
streams only to the extent that each pair enforces
in isolation. OmniRetriever retains L4 and adds
two joint-level losses, Lp and L7, described next.

3.2 Fusion-as-Teacher Distillation (Lp)

The joint forward of fy on (7,V, A) is the only
step at which all three modalities interact in the
network. We use z7y 4 as the teacher. A symmet-
ric InfoNCE pulls each single-modal embedding
toward a stop-gradient copy of z7y 4 and pushes it
away from the joint vectors of other in-batch sam-
ples:

m,s A))
Lp = W Z £NCEg(TV 2)
meM

with M = {T,V, A}. The teacher sg(zry ) al-
ready encodes the three modalities jointly, so each
single-modal student is trained against the joint ge-
ometry that an A+7'+V query reaches at infer-
ence. Teacher and student share fy and live in the
same batch; the only additional cost over the pair-
wise baseline is one extra joint forward pass.

Fusion vs. unimodal teacher. A unimodal
teacher g,,(z("™), e.g. SigLIP (Tschannen et al.,
2025), Whisper, or BEATs (Chen et al., 2023a),
is trained on the marginal p(z("™) and therefore
carries no information about cross-modal neigh-
bors of xz. By contrast, zpy 4 is computed
on the joint input, so distillation into z4 propa-
gates 0sim(z4,sg(zrva))/004, which encodes
the T, V' neighbors that an audio-only query will
see at inference. This predicts two effects, both
of which we confirm. Audio-anchored directions
benefit most from L£p (audio-related mean +3.73
vs. video-only +2.48, Table 5).

3.3 Tuple-InfoNCE Refinement (L)

L7 complements pairwise alignment by directly
optimizing the fused representation z7y 4. Pair-
wise L4 does not back-propagate through this
joint vector, whereas L contrasts two joint views

of a matched tuple against both ordinary in-
batch negatives and tuples corrupted in exactly
one modality. All embeddings below are {¢5-
normalized.

Tuple-InfoNCE. For tuple x; = (T;,V;, 4;), let
a apply independent text, video, and audio aug-

mentations, and let Z; be the single-slot corruption
defined below. We compute

z; = norm( fp(x;)), ZZF = norm(fy(a(z;))),
h; = sg(norm(fp(%:))), €)
where sg stops gradients only through the cor-

rupted tuple. For query batch (), globally gathered
key batch K, and local corrupted-tuple pool H, de-

fine
DIY(Q,K) =Y e/,
jeg

Dhard Q H ZeqZ /TT

i r(z)/TT
(Q K H :——Zl ggpkey%»phard’
Lr=3{0(Z, 2", H) +0(Z*,Z,H)},

“)

where G indexes the differentiably gathered global
keys and 7 (i) is the matching global index. Both
Z and Z7 receive gradients; H is detached and
reused in both directions. Thus, unlike an average
of unimodal similarities, L7 directly supervises
the fused embeddings.

Modality-cycled hard negatives. Each ordi-
nary in-batch negative may differ from the an-
chor in all three modalities. We additionally con-
struct one corrupted tuple per local sample by re-
placing exactly one slot. At step ¢, the slot is
my = {T, A,V }[t mod 3]. Text uses a nonmatch-
ing caption from the same dataset type; audio and
video use a local-batch derangement. Every query
contrasts against the complete local pool H. This
schedule exposes all three single-slot mismatch
types without increasing the number of corrupted
tuples per sample. Empirically, £p provides the
dominant aggregate gain, while £ has a smaller,
task-dependent effect (Tables 5 and 6).

3.4 Final Objective

OmniRetriever optimizes

ADLp + ALy +AaLly, (5)

£OmmRetrlever
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Algorithm 1 OmniRetriever training step (batch
B, step t).
1: Forward: z7,z(V) 24 fo (single-modal); Z <
norm(fo(T,V, A))
2: Pairwise L4 <+ Z(m,m’)e{(T,V),(T,A),(V,A)} ‘Crglrgém )
o g m,sg(Z
3: Distill Lp %ZmE{T,V,A} [,I(\,CE &(Z))
4: Positive view: zZt —
norm(fo (ar (T), ay (V), aa(A)))
5: Cycled HN: m; < {T', A, V'}[t mod 3]; replace slot m
with a nonmatch to form B _
: Detached pool: H < sg(norm(fo(B)))
. Tuple: Lr < L[0(Z, 2, H)+ (2%, 2, H)]
: Update 0 < 0 — nVo(ApLp + ArLr + Aala)

e IEN o)

with (Ap,Ar,A\4) = (1,1,1) chosen a priori
(not tuned on OmniRetriever-Bench); Appendix D
shows that the recipe is insensitive to the loss-
weight ratio across a wide range. Algorithm 1
gives the per-step training loop. Relative to the
pairwise baseline, the full method evaluates the
original joint view Z, an augmented joint view
Z7*, and a detached corrupted-tuple view H; in-
ference latency is reported in Appendix C.

4 Experiments

4.1 Setup

OmniRetriever-7B is an adapter fine-tune of the
open-weights WAVE-7B (Tang et al., 2025) back-
bone, with LoRA adapters on the LLM trunk, an
all-layer fusion head, and a BEATs adaptor; full
architectural details are in Appendix A. The train-
ing data is a 1.5 M-triple subset sampled from
four public video—text datasets, InternVid (Wang
et al., 2024b), InternVid-FLT (Wang et al., 2024b),
Panda-70M (Chen et al., 2024), and PVD (Bolya
et al., 2025), together with a small in-house video
corpus collected with consent. We restrict the
pool to clips that contain text, video, and audio
(Appendix E). We release model weights, evalua-
tion code, and OmniRetriever-Bench. The training
set is sample-identifier disjoint from every evalua-
tion pool in this paper, and the third-party bench-
marks (Clotho, SoundDescs, MSR-VTT, MSVD,
DiDeMo, VATEX) are curated by other groups un-
der different caption styles.

We compare OmniRetriever-7B (ours) against
the frozen open-weights WAVE-7B (Tang
et al., 2025) backbone and open Omni-Embed-
Nemotron (Xu et al., 2025). On OmniRetriever-
Bench, we additionally include a closed Gemini
Embedding 2 configuration (Shanbhogue et al.,
2026) as a descriptive API reference, not as

evidence for a training or routing claim. Our
trainable configurations are reported as the mean
over three seeds {42,43,44}; aggregate seed std
is < 0.18 R@1, which we treat as the noise floor.
The PAIRWISE ablation (L 4 alone, the recipe used
by recent unified embedders (Wei et al., 2024;
Jiang et al., 2025; Zhang et al., 2025)) is reported
in Table 5.

Systems we do not compare against. Qwen3-
VL-Embedding (Li et al., 2026) has no audio path
and cannot serve the ten audio-anchored direc-
tions. A head-to-head comparison is left to future
work. The CLAP audio-text specialists (Table 2)
have no video stream and cannot serve the six V-
anchored directions.

4.2 Results on Standard Audio-Text
Benchmarks

We evaluate OmniRetriever-7B  zero-shot on
two standard audio—text retrieval benchmarks,
Clotho (Drossos et al.,, 2020) and SoundDe-
scs (Koepke et al., 2023), and compare with the
published audio—text specialist literature, contem-
porary open omni-modality embedders. Table 2
reports R@1; full R@k and NDCG@10 are in Ta-
ble S7.

The CLAP-family specialists are audio—text
dual-tower models trained on AudioCaps-style
pairs without video exposure, and form the
strongest single-task audio-retrieval band (19 to
21 R@1 on Clotho T—A). OmniRetriever-7B
reaches 19.14 on Clotho T—A, within ~2 R@1
of this band. On Clotho A—T, OmniRetriever-
7B reaches 16.08, still below the specialist band
(25 to 26.5) but well above prior open omni-
modality systems on the same direction (Image-
Bind reports 6.0 T— A, LanguageBind 16.7 T—A;
neither reports A—T). On SoundDescs T—A and
A—T, OmniRetriever-7B reaches 25.00 and 20.70,
the strongest open-system numbers in our liter-
ature search. Scaling the training corpus is ex-
pected to push OmniRetriever-7B’s A—T perfor-
mance toward and potentially beyond the special-
ist band, since cross-modal supervision scales nat-
urally with additional multimodal data.

4.3 Results on Standard Video-Text
Benchmarks

We evaluate OmniRetriever-7B zero-shot on four
standard video—text benchmarks (MSR-VTT (Xu
et al.,, 2016), MSVD (Chen and Dolan, 2011),
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Table 1: Comparison with prior cross-modal retrieval benchmarks. Each column under Single-modal or Dual-
modal marks whether the benchmark supports a given retrieval direction-pair (a v'indicates both directions of the
pair are evaluated). Toral is the resulting number of retrieval directions and NN is the size of the standard test pool.
OmniRetriever-Bench is the first public benchmark to cover all three AVT modalities in one pool and the first to

evaluate dual-modal queries.

Single-modal pairs

Dual-modal pairs

Benchmark

TV T+A VoA ToAV ATV Ve AT Total N

Video—text retrieval

MSR-VTT (Xu et al., 2016) v - - - - - 2 1,000
MSVD (Chen and Dolan, 2011) v - - - - - 2 670
DiDeMo (Anne Hendricks et al., 2017) v - - - - - 2 1,004
VATEX (Wang et al., 2019) v - - - - - 2 4,468
Audio—text retrieval

Clotho (Drossos et al., 2020) - v - - - - 2 1,045
SoundDescs (Koepke et al., 2023) - v - - - - 2 1,000
AudioCaps (Kim et al., 2019) - v - - - - 2 975
OmniRetriever-Bench (ours) v v v v v v 12 3,782

Table 2: Audio-text retrieval R@1 on Clotho and SoundDescs (zero-shot). Specialised retrievers fine-tuned

on each task are marked FT. Cited rows draw on the original papers’ published values.

On Clotho T—A

OmniRetriever-7B’s 19.14 sits within ~2 R@1 of the current zero-shot contrastive SOTA band (Cacophony, MGA-
CLAP, M2D-CLAP at 20 to 21) without task-specific fine-tuning.

Clotho SoundDescs
Model Year Setting T—A A—T T—A A—T
Audio—text specialists
MMT (Koepke et al., 2023) 2022 FT 6.7 7.0 30.7 31.4
CLAP-HTSAT (Deshmukh et al., 2023) 2023 ZS 16.7 20.0 — —
LAION-CLAP fusion (Wu et al., 2023) 2023 A 18.2 25.7 — —
WavCaps-HTSAT (Mei et al., 2024) 2023 A 19.5 23.4 — —
WavCaps-CNN14 (Mei et al., 2024) 2023 A 21.2 259 — —
FLAP fusion (Yeh et al., 2023) 2023 ZS 20.3 255 — —
Cacophony (Zhu et al., 2024b) 2024 A 20.2 26.5 — —
MGA-CLAP (Li et al., 2024) 2024 A 20.8 26.5 — —
M2D-CLAP (Niizumi et al., 2025) 2025 A 20.1 25.0 — —
GLAP (Dinkel et al., 2026) 2026 A 19.4 21.8 — —
Open-source omni-modality embedders
ImageBind (ViT-H) (Girdhar et al., 2023) 2023 VA 6.0 — — —
LanguageBind (CLIP-H/14) (Zhu et al., 2024a) 2024 A 16.7 — — —
Omni-Embed-Nemotron (Xu et al., 2025) 2025 zZS 6.4 3.5 6.4 4.8
OmniRetriever-7B (ours) 2026 ZS 19.1 16.1 25.0 20.7

DiDeMo (Anne Hendricks et al., 2017), VA-
TEX (Wang et al., 2019)). Table 3 reports R@1
on the evaluated pools; full R@% and NDCG@10
are in Table S6.

OmniRetriever-7B reaches 47.60/43.70 R@1
on MSR-VTT and 66.88/63.33 on MSVD. Be-
cause published systems can differ in preprocess-
ing and evaluation pools, these values are reported
without a data-parity claim. The controlled MSR-
VTT loss ablation in Table 6 isolates the effect of
the proposed objectives under one fixed pipeline.

Why a unified AVT embedder. Pairing a
CLAP-style audio specialist with an InternVideo2
video specialist covers four of the twelve direc-
tions, but neither system produces embeddings for

the six dual-modal directions (1" <> AV, etc.) in
one shared index, and neither can anchor an audio
query against text grounded in shared video con-
text. OmniRetriever targets the setting in which a
single shared (7', V, A) index is required.

OmniRetriever-7B serves audio—text, video—
text, and the six dual-modal directions with one
shared encoder and index.

4.4 OmniRetriever-Bench: A 12-Direction
AVT Probe

The benchmarks above evaluate single-modal di-
rections only and do not stress-test the joint repre-
sentation z7y 4 that OmniRetriever is built around.
A practical AVT retriever also needs to serve
six dual-modal queries (T" <~ AV, A & TV,
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Table 3: Zero-shot video—text retrieval with OmniRetriever-7B. R@1 is reported on each evaluated pool; NV is

the number of query—target pairs.

Benchmark N
MSR-VTT 1,000
MSVD 480
DiDeMo 315
VATEX 2,494

T—AV AV—=T
47.60 43.70
66.88 63.33
46.03 45.08
57.98 54.97

V < AT) that compose two modalities on one
side. No public suite covers these directions:
standard video—text and audio—text benchmarks
each evaluate two single-modal directions, never
both video and audio in the same pool. Table 1
contrasts OmniRetriever-Bench with these prior
benchmarks across modality coverage, number of
retrieval directions, and evaluation-pool size.

OmniRetriever-Bench contains 3,782 held-out
aligned (7, V, A) triples, scored against the same
gallery in every direction; the metric is Recall@1.
Triples are curated from in-house video sources
that are disjoint from the training data at the
sample-identifier level. All 3,782 captions are
reviewed and corrected by trained human an-
notators: twenty trained in-house annotators re-
vised Gemini 3.0 Pro drafts against both the video
and audio, after which a different annotator per-
formed a second review. The second-pass accep-
tance rate exceeded 90%. We release source identi-
fiers, clip intervals, and captions under a research-
use license, but do not redistribute the underlying
media. Full annotation guidelines, the distribution
mismatch with the training corpus, and a caption-
paraphrase robustness check are in Appendices E,
Fand L.

Table 4 reports R@1 on all 12 directions of
OmniRetriever-Bench. OmniRetriever-7B reaches
AVG-all 34.84, +9.52 over the frozen WAVE-
7B backbone and +8.03 over Omni-Embed-
Nemotron. These open-system gaps exceed the
seed noise floor (< 0.18 R@1 std). The closed-
API row is included only as an external reference
on the same benchmark pool and is not used for a
data-parity or causal claim.

4.5 Ablation and Analysis

Table 5 reports the per-direction stair-step ab-
lation against the frozen WAVE-7B base on
OmniRetriever-Bench, isolating the contribution
of each loss in the OmniRetriever objective.

Pairwise baseline. The PAIRWISE baseline (£ 4
only, on our training corpus) lifts AVG-all from

25.32 to 31.08 (+5.76). The gain is unevenly dis-
tributed: 7' <+ V and most dual-modal directions
improve by 5 to 9 R@]1, but audio-anchored R@1
stays low (a —t 9.00, a — tv 17.00). This obser-
vation does not isolate whether the remaining gap
comes from data, routing, or capacity; it motivates
the matched joint-objective ablations below.

Fusion-as-teacher distillation (Lp). Adding
Lp lifts AVG-all by +3.52 (31.08 — 34.60), the
dominant single-loss contribution. The gain spans
both regimes (video-only +2.48, audio-related
+3.73; Table 5), consistent with the joint forward
providing cross-modal context to the single-modal
students.

Tuple-InfoNCE refinement (L7). Adding L
on top of Lp+L4 lifts AVG-all by +0.24
to 34.84. The aggregate gain is small
but stable across seeds: the per-seed A,
is {+0.24,40.21,40.27} on {42,43,44} (Ta-
ble S9), well above the aggregate seed std (<
0.07). The per-direction breakdown (Table 5)
shows that Lp redistributes capacity: it adds
+2.03 to +2.86 R@1 on the four A <> V routes
(above per-direction noise of £0.5 to +0.8) while
losing ~2 R@1 on text-anchored dual-modal
routes. We keep L7 in the released model as
a complementary term. Controlled external abla-
tions show a task-dependent contribution: +2.50
R@1 on MSR-VTT T—V and +0.91 on Clotho
T— A (Table 6). Alternative joint-view, joint-only,
regression, and EMA controls are reported in Ta-
ble 7.

Discussion. Pairwise InfoNCE optimizes three
pair softmaxes independently, so the joint
(T, V, A) vector inherits whichever pair carries the
largest cosine gap (in practice 7-V') and leaves
the audio axis slack. £p supplies the cross-modal
teacher that closes the audio gap at the single-
modal level. L7 then redistributes the remaining
joint-level capacity toward the A <>V axis.
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Table 4: Recall@1 on the 12 directions of OmniRetriever-Bench. Bold: best per direction. The ours row is
shaded. The pairwise-only baseline (PAIRWISE, L 4 alone) is reported in Table 5.

Single-modal Dual-modal Averages
System t=wv v—=t t—a a—t v—a a—v t—av av—t a—tv tv—a v—at at—v single dual all
External closed-API reference
Gemini Embedding 2 (Shanbhogue et al., 2026) 55.13 53.83 12.61 148 1380 1576 5545 50.16 6.00 16.79 5497 6145 2544 40.80 33.12
Open-source omni-modality embedders
WAVE-7B (Tang et al., 2025) 4127 3445 8.67 338 14.89 1293 4495 4268 227 15.65 38.74 4392 19.27 3137 2532
Omni-Embed-Nemotron (Xu et al., 2025) 4355 39.74 12,19 883 14.07 1235 36.12 3453 1475 16.63 4130 47.67 21.79 31.84 26381
OmniRetriever (ours) 48.89 4630 1420 11.92 2546 24.99 4537 4447 2345 26.07 5249 5447 28.63 41.05 34.84
Table 5: Per-direction stair-step ablation on  Table 7: Alternative objective controls on
OmniRetriever-Bench. Each A is the increment over ~ OmniRetriever-Bench (AVG-all R@1). Back-

the preceding stage; the columns sum to the final
OmniRetriever-7B score.

bone, training data, schedule, and evaluation are held
fixed.

Direction WAVE-7B Ayl Aig D Ay cp OmniRetriever-7B
t—wv 41.27 +4.73 +3.13 —-0.24 48.89
v—t 3445 +10.55 +1.83 —0.53 46.30
t—a 8.67 +3.33 +2.46 —0.26 14.20
a—t 338 +45.62 +42.42 +40.50 11.92
v—a 14.89 +6.11 +42.43 +2.03 25.46
a—v 12.93 +3.07 +6.16 +2.83 24.99
t—av 4495 +1.05 +1.70 —2.33 45.37
av—t 4268 +2.32 +1.35 —1.88 44.47
a—tv 227 +14.73 +48.28 —1.83 2345
tv—a 15.65 +7.35 +3.84 —-0.77 26.07
v—at 38.74 +6.26 +4.63 +2.86 52.49
at—v 4392  4+4.08 +3.98 +42.49 54.47
AVG all 2532 +5.76 +3.52 +0.24 34.84

4.6 Controlled Validation

We test whether the loss attribution survives
changes in the evaluation pool, objective design,
and backbone while holding the remaining factors
fixed within each comparison.

External benchmarks. Under the matched
WAVE-7B pipeline, Lp adds +3.00 R@1 over
pairwise alignment on MSR-VTT T—V and
+1.80 on Clotho T—A; L7 adds a further +2.50
and +-0.91, respectively. The joint losses therefore
remain useful outside OmniRetriever-Bench, with
a task-dependent effect.

Table 6: Controlled loss ablations on external bench-

marks (R@1). All fine-tuned rows hold the backbone,
data, schedule, and evaluation code fixed.

Dataset / direction Frozen La La+Lp Full
MSR-VTT T—V 36.90 42.10 45.10 47.60
Clotho T—A 14.08 16.43 18.23 19.14

Alternative objectives. Direct joint-view con-
trastive training alone remains at the pairwise base-
line, while joint-only training fails to preserve a
useful unimodal space. Normalized-MSE distilla-
tion trails the contrastive teacher by 0.95 R@1. An
EMA teacher is within 0.05 R@1 of the same-step
fused teacher but requires additional teacher state.

Objective AVG-all
Pairwise £ 4 31.08
L A + direct joint-view contrastive control 31.12
Joint supervision only 20.67
Replace £p with normalized MSE 33.89
EMA teacher for Lp 34.79
Full method 34.84

Cross-backbone transfer. On the architec-
turally different Omni-Embed-Nemotron-3B, Lp
again supplies the dominant added gain (+2.43
over pairwise), and Lp contributes a smaller
40.33. This reproduces the WAVE-7B attribution
pattern under a short 3,000-step transfer run; full
setup details are in Appendix K.

Table 8: Cross-backbone validation on Omni-
Embed-Nemotron-3B (3,000 LoRA steps each,
OmniRetriever-Bench AVG-all R@1; A vs. the frozen
base).

Variant AVGall A vs. base
Nemotron-3B (frozen) 26.81 —
PAIRWISE (L 4 only) 29.42 +2.61
Lp+La (no Lr) 31.85 +5.04
Full OmniRetriever 32.18 +5.37

4.7 Sensitivity, Efficiency, and Failure Modes

Loss-weight sensitivity. The released model
uses uniform weights (A7, Ap,A\4) = (1,1,1).
A deliberately skewed (50, 10, 1) setting remains
above the pairwise baseline (31.08 AVG-all) and
changes AVG-all by only —0.71 R@1 (Table 9).
The uniform setting provides the stronger single-
and dual-modal averages; the full per-direction
comparison is in Appendix D.
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Table 9: Loss-weight sensitivity on OmniRetriever-
Bench R@1. A compares (50, 10, 1) with the released
uniform setting.

Metric (1,1,1)  (50,10,1) A
AVG single 28.63 2809 —0.54
AVG dual 41.05 4017 —0.88
AVG all 34.84 3413 —0.71

Joint-space geometry. We measure the mean
triple-cosine score between the three modalities
for matched triples and for mismatched triples
in OmniRetriever-Bench. Although InfoNCE dis-
perses absolute cosine values, the matched-minus-
mismatched gap grows from 0.060 in the frozen
base to 0.078 after pairwise training and 0.080
with the full method (Table 10).

Table 10: Mean triple-cosine geometry on
OmniRetriever-Bench (N = 3,782). The gap is
matched minus mismatched.

Variant matched mismatched gap
WAVE-7B (frozen) 0.495 0.435 0.060
PAIRWISE (L4 only)  0.375 0.297 0.078
Full OmniRetriever 0.322 0.243 0.080
Inference cost. Table 11 reports full-stack

single-query latency at bf16 and batch size 1, in-
cluding the modality towers, LLM trunk, and fu-
sion head. Joint AV is the most expensive path at
125.1 ms. Peak memory over all paths is 20.13 GB,
of which model loading accounts for 17.92 GB.
Table 11: End-to-end inference latency of
OmniRetriever-7B. Meantstd over 10 iterations
after 3 warmups; one RTX PRO 6000 Blackwell
Max-Q GPU.

Inference path Latency (ms)

Text-only 209 £ 0.1
Video-only 105.6 + 0.2
Audio-only 346 £ 0.1
Joint AV 125.1 + 0.1

Failure modes. Among 60 sampled queries (5
per direction) whose gold target falls outside the
top 10, 74% place it at ranks 11-50. The highest-
ranked alternatives are often semantic near-ties,
such as dialogue clips differing mainly in speaker
identity or product B-roll differing in object sub-
category. This suggests that many residual errors
require fine-grained instance discrimination rather
than broader cross-modal alignment.

5 Conclusion

A unified AVT encoder can compute a joint em-
bedding zry 4 on every (7,V,A) forward, but

pairwise InfoNCE leaves it unsupervised. We
turn z7y 4 into a training signal: Lp distills its
stop-gradient copy into the single-modal embed-
dings, and L7 supervises it directly against a
tuple grid with modality-cycled hard negatives.
Both losses reuse the same backbone parame-
ters without an external teacher and apply to any
unified retriever whose forward produces a joint
embedding. A cross-backbone replication repro-
duces the dominant L effect. OmniRetriever-7B
reaches the zero-shot audio—text specialist band
on Clotho T— A, reduces the open omni-modality
gap on A—T, and reaches 34.84 AVG-all R@1 on
OmniRetriever-Bench. To probe the joint represen-
tation that pairwise training cannot expose, we re-
lease OmniRetriever-Bench, the first AVT bench-
mark scoring 3,782 human-corrected triples on a
shared gallery across all 12 single- and dual-modal
directions. Model weights, training code, and the
benchmark are released.

Limitations

Comparisons with closed systems and published
results are contextual because their training data,
preprocessing, and service implementations are
not controlled. We therefore do not make data-
parity or causal claims from those comparisons. A
unified (7', V, A) embedder at our training scale is
also not expected to match dedicated single-task
encoders on every benchmark. Beyond accuracy,
our analyses do not study embedding compres-
sion beyond the post-hoc int8/binary baselines re-
ported in Appendix G; a compression-aware train-
ing recipe is left to future work.

Ethical Considerations

The training corpus combines four public video—
text datasets (InternVid, InternVid-FLT, Panda-
70M, PVD) with a small in-house corpus collected
with consent. We do not redistribute the assem-
bled training subset. OmniRetriever-Bench is built
from sources held out from training and is released
following the standard video-benchmark protocol:
source identifiers, clip intervals, and captions are
released, while the underlying media is not re-
distributed. We release OmniRetriever-7B and
OmniRetriever-Bench for research on cross-modal
retrieval. The research-use license accompanying
the release prohibits deployment in surveillance
applications affecting natural persons.
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* Appendices A and B: backbone, LoRA configu-
ration, and full training hyper-parameters.

* Appendix C: measurement details for the main-
paper inference-latency table.

* Appendix D: full per-direction sensitivity of Om-
niRetriever to the loss weights (A, Ap, A4).

* Appendix E: training-corpus description and
caption-length statistics.
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struction, licensing, and test-clip duration statis-
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nary quantization, front-dim truncation).
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all six external benchmarks.

* Appendix J: definition and mismatch construc-
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A Backbone and LoRA Fine-Tuning
Details

We take WAVE-7B (Tang et al., 2025), an open-
weights extension of Qwen2.5-Omni with a hier-
archical visual fusion and a dual audio encoder,
as our baseline backbone. WAVE-TB is the
strongest open starting point on tri-modal tasks
but, like all prior open systems, relies on pair-
wise contrastive losses and lags closed competi-
tors on audio-involved retrieval, OmniRetriever
retrofits the joint-objective recipe on top of it. The
choice of WAVE-7B (vs. alternative AVT back-
bones) is incidental to the OmniRetriever contri-
bution: L£p and L7 act on the backbone’s joint
and single-modal embeddings, not on its internal
architecture, and would transfer to any AVT model
that exposes a fusion path. We freeze the entire
WAVE-7B backbone, namely the LLM trunk, the
visual tower (SigLIP + merger), the audio tower
(Whisper), and the BEATs encoder transformer
(all adopted from WAVE without modification),
and tune three small surfaces: (i) LoRA adapters
(r=16, ®=32) inserted into the ¢, k, v projections
of every LLM layer (28 layers x 3 = 84 matri-
ces, 6.88 M params); (ii) the all-layer fusion head
Linear(28d—d) — GELU — Linear(d—d) with
d=3584, 372.51 M params; (iii) the BEATs adap-
tor on top of the frozen BEATs encoder (Layer-
Norm + projector, 15.61 M params). The fusion
head consumes the concatenation of the last-token
hidden states of all 28 LLM layers and projects
them into the shared R3%%* embedding space; sub-
modal embeddings reuse the same head. Total
trainable parameters: &~ 395.0M (4.20% of the
9.41 B backbone). Training uses bfl16 + Deep-
Speed ZeRO-0, batch size 64, LR 1 x 10~ cosine,
1 epoch over the training corpus, on 4xNVIDIA
RTX PRO 6000 (Blackwell architecture, Max-
Q variant, 96 GB). Total wall-clock: =~109h
(35.6 s/step over 11,192 steps).

B Hyper-Parameters and
Reproducibility

Table S1 lists every hyper-parameter that affects
the reported numbers. We run all reported num-
bers under three independent seeds {42,43,44}
and report the mean; aggregate seed std on
OmniRetriever-Bench AVG-all is < 0.18 R@1.

C Inference Measurement Details

Table 11 measures full-stack single-query latency
on one RTX PRO 6000 Blackwell Max-Q GPU at
bf16 and batch size 1, averaged over 10 timed iter-
ations after 3 warmups. The forward pass includes
the modality towers, LM trunk with all-layer hid-
den states retained, and the 28d — d — d fusion
head. Text uses 24 tokens; video uses 8 frames
at 224 px (~268 LM tokens); audio uses 8s of
16 kHz mono; joint AV concatenates video, audio,
and prompt tokens (~470 total). Cosine search
and text-side preprocessing are excluded.

D Loss-Weight Sensitivity

The released OmniRetriever-7B uses uniform loss
weights (A, Ap,Aa) = (1,1,1). To test sensi-
tivity to this choice, we re-train OmniRetriever
from the same WAVE-7B initialisation under the
skewed setting (Ap, Ap, Aa) = (50, 10, 1), which
scales the Tuple-InfoNCE loss by 50 and the dis-
tillation loss by 10 x relative to pairwise alignment.
Table S2 reports both configurations on the 3,782-
sample OmniRetriever-Bench.

Discussion. Both configurations improve over
the pairwise-CL ablation (31.08), so the method’s
central claim is unaffected by the specific weight-
ing. The heavily-anchor-weighted (50, 10, 1) set-
ting slightly improves audio-anchored directions
(a - v +0.74, a — tv +1.19) at the cost of
text-anchored ones (t — av —1.95, av — ¢
—2.27): putting more loss mass on the fusion an-
chor pulls the audio sub-encoder closer to it but de-
emphasizes the pairwise alignment that benefits
text-anchored composition. The uniform setting
is a Pareto-friendly default. Per-pair temperature
tuning or curriculum schedules over (Ap, Ap, Aa)
are left as future work.

E Training Corpus Description

Sources and scale. The training corpus con-
tains approximately 1.5M (7T, V, A) triples sam-
pled from four public video—text datasets, Intern-
Vid (Wang et al., 2024b), InternVid-FLT (Wang
et al., 2024b), Panda-70M (Chen et al., 2024), and
PVD (Bolya et al., 2025), plus a small in-house
video corpus collected with consent. We restrict
the pool to clips that contain all three modalities:
a text caption, video frames, and an audible audio
track. We do not redistribute the assembled train-
ing subset; the public sources can be downloaded
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Table S1: Full hyper-parameters for OmniRetriever training. Tunable surfaces: LoRA on the q,k,v projections
of all 28 LLM layers (84 matrices) plus, at full precision, the all-layer fusion head and the BEATs adaptor (Layer-
Norm + projector). Frozen: LLM trunk weights, vision tower (incl. merger), Whisper audio tower, and the BEAT's
encoder backbone. Trainable budget: ~ 395.0M total (4.20% of the 9.41 B backbone), distributed as 6.88 M
(LoRA), 372.51 M (all-layer fusion head: Linear(28d — d)+GELU+Linear(d — d) with d = 3584), and 15.61 M
(BEATSs adaptor). Loss settings: single shared temperature 7 (no per-pair 7,,,,/); hard negatives are deterministi-
cally cycled {T-shuffle, A-shuffle, V-shuffle} with period 3, tightening the joint cluster on every modality direction

(Section 3.3 in main paper).

Hyper-parameter

Value

Backbone (baseline)

LoRA rank r / o« / dropout
Embedding dim d

Text max length

Video frames / Audio duration
Audio encoders / Vision teacher
Optimiser

Learning rate / Warm-up / WD
Batch size

Epochs / Precision / DeepSpeed
Tuple-InfoNCE temperature 7
Loss weights (A7, Ap, Aa)

WAVE-7B (Tang et al., 2025)
16/32/0.05

3584

2048 tokens

8/8s @ 16kHz
Whisper-Large-v3 + BEATs / SigLIP-2-SO400m
AdamW (8:=0.9, 8,=0.95)
107° cosine / 3% / 0.01

64 (8/GPU x 4 GPUs x 2 acc)
1/bf16 / ZeRO-0

0.01

(1.0,1.0,1.0)

Hardware
Total wall-clock (11,192 steps)

4 xRTX PRO 6000 Blackwell-MaxQ
~ 109 h (35.6 s/step)

from their original releases. OmniRetriever-Bench
is built from sources held out from training, with
sample-identifier disjointness enforced.

Caption sources. For triples drawn from the
public datasets, we keep the captions provided
by the original release. For the in-house por-
tion, captions are produced by an automatic mul-
timodal captioning pipeline with a held-out coher-
ence filter on (7, V, A) alignment. OmniRetriever-
Bench captions, in contrast, are human-corrected:
each caption begins as a Gemini 3.0 Pro draft and
is then verified against the video and audio and
rewritten where necessary by a trained annotator.
The resulting OmniRetriever-Bench captions there-
fore reflect a distinct human-validated distribution
from any caption in the training corpus. We ad-
ditionally test sensitivity to caption surface form
with the paraphrase analysis in Appendix L.

Human review and quality control. Twenty
trained in-house annotators, compensated through
their salaried positions, processed the 3,782 bench-
mark captions. One annotator corrected each
draft against the visible and audible content, and
a different annotator conducted a second review.
More than 90% were accepted on that second pass.
Exact-caption and near-duplicate screening was
performed manually before inclusion.

Caption length distribution. Table S3 reports
caption-word quantiles measured on the training
corpus. Captions are dense and uniform, with
mean 32.0 words, median 30, and 99t percentile
76.

F OmniRetriever-Bench: Construction
and License

The OmniRetriever-Bench evaluation pool con-
tains 3,782 held-out (7,V, A) triples; the same
pool serves as queries and gallery for all twelve
retrieval directions. OmniRetriever-Bench is re-
leased for research use under a custom license:
caption text, public source identifiers, and retrieval
indices are redistributed, while the underlying me-
dia is not. OmniRetriever-Bench triples come
from internal video sources held out from the
training subset, with sample-identifier disjointness
from the training data enforced. Figure S1 visu-
alises the 12 valid query—target cells of the 6 x 6
source/target matrix.

Distribution. Following the protocol of prior
video-language benchmarks (Wang et al., 2019;
Xu et al., 2016; Chen and Dolan, 2011), we
redistribute the OmniRetriever-Bench evaluation
pipeline, the held-out caption text, source video
identifiers, and clip time intervals; the underly-
ing media is not redistributed, and users obtain it
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Table S2: Loss-weight sensitivity on OmniRetriever-Bench R@1. OmniRetriever-7B under two loss-weight
configurations (A7, Ap,A4). Both configurations improve over the pairwise-CL ablation (31.08) on AVG-all.
Differences between the two settings are at most 2.27 R@1 in every direction and within 0.71 R@1 on AVG-all.

We use the uniform (1, 1, 1) setting for the released model.

Direction (1,1,1) (50,10,1) A
text—video 48.89 47.41 —1.48
video—text 46.30 45.08 —1.22
text—audio 14.20 13.78 —0.42
audio—text 11.92 11.42 —0.50
video—audio 25.46 25.12 —0.34
audio—video 24.99 25.73 +0.74
text—audio+video 45.37 43.42 —1.95
audio+video—text 44.47 42.20 —2.27
audio—text+video 23.45 24.64 +1.19
text+video—audio 26.07 25.78 —-0.29
video—audio+text 52.49 50.45 —2.04
audio+text—video 54.47 54.52 +0.05
AVG single 28.63 28.09 —0.54
AVG dual 41.05 40.17 —0.88
AVG all 34.84 34.13 —0.71

Table S3: Caption-word statistics of the training corpus.

mean median p90 P99 max min
Caption (#words) 32.04 30 49 76 11,938 1
target — G Extended Compression Analysis
T v A AV AT TV

AV

AT

query —

TV

Figure S1: OmniRetriever-Bench retrieval directions.
12 valid query—target cells across a 6 x 6 matrix: 6
single<>single (top-left 3 x 3), 3 single—dual (top-
right), 3 dual—single (bottom-left). Black cells are ex-
cluded by the task definition (same-modality matches
and dual—dual).

from the source platform via the released identi-
fiers. Sample-identifier disjointness with the train-
ing subset is enforced via SHA-256 identifier com-
parison.

Table S4 reports the per-direction breakdown un-
der three operating points: the 3584-d fp32 de-
fault, a 1024-d int8 setting (uniform dimension
downsampling followed by symmetric per-vector
min-max int8 quantization), and a 512-d binary
setting (uniform downsampling followed by sign
hashing). The same random indices are applied
to query and gallery, and we report the mean
over 5 random seeds. All compression is applied
post-hoc on the released OmniRetriever-7B em-
beddings without retraining.

Under uniform-downsample 14x byte compres-
sion to int8/1024, AVG-all drops from 34.84 to
27.19; under 224x binary compression it drops
to 9.14. The audio-related dual-modal directions
retain more of their full-precision accuracy than
the text—video directions at int8/1024. We leave
compression-aware training (MRL+QAT) for fu-
ture work.

Front-dim truncation sanity check. As an al-
ternative to random downsampling, we also keep
the first d dimensions of the embedding (the naive
“head-of-vector” fallback used by some MRL de-
ployments) and re-apply the same int8/binary
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Figure S2: OmniRetriever-Bench sample cards. Each card pairs a mid-clip video keyframe and the recorded
audio waveform with the caption used as 7'. The displayed samples are everyday user-generated content covering
cooking, scenery, pets, narration over still imagery, ambient music, and casual dialogue, representative of the

natural mix of short-form video in the pool.

Table S4: Per-direction R@1 of OmniRetriever-7B under post-hoc uniform downsampling and quantization
(mean over 5 random-dimension seeds, std < 0.6 everywhere). All compression is applied without retraining or
MRL fine-tuning. Storage: fp32 = 14,336 B; int8/1024 = 1,024 B; bin/512 = 64 B.

Direction p32 int8/1024 bin/512
text—video 48.89 34.87 4.12
video—text 46.30 27.44 2.03
text—audio 14.20 8.60 0.91
audio—text 11.92 543 0.45
video—audio 25.46 23.11 11.46
audio—video 24.99 22.94 11.59
text—audio+video 45.37 30.29 3.93
audio+video—text 44.47 27.98 291
audio—text+video 23.45 21.18 8.63
text+video—audio 26.07 24.30 10.40
video—audio+text 52.49 48.47 24.81
audio+text—video 54.47 51.72 28.47
AVG single 28.63 20.40 5.09
AVG dual 41.05 33.99 13.19
AVG all 34.84 27.19 9.14

quantization. Differences vs. random downsam-
pling are small (4+-0.62 R@1 at int8/1024, +0.21
at bin/512 on AVG-all, within 1 to 20 of the
random-sample spread), so the two schemes are
substantively equivalent. We adopt the random-
sample formulation throughout since it does not
assume any particular basis ordering.

H OmniRetriever-Bench Test-Clip
Duration Statistics

Table S5 shows duration quantiles measured on
the OmniRetriever-Bench test pool (N = 3,782).
The quantiles justify our 32-frame / 0.5s video
sampling and 8 s audio crop at inference time.

I External Cross-Modal Retrieval
Benchmarks

This section complements main paper Sections 4.2
and 4.3 (Tables 2 and 3) with per-k and

NDCG@10 details for all six benchmarks (Ta-
bles S6 and S7).

The remainder of this section reports per-k and
NDCG@10 details for completeness.

Evaluation protocol. All six bench-
marks use the same N — N diagonal-
retrieval setup as OmniRetriever-Bench: N
(multimodal_item, text_caption) pairs, the multi-
modal side being video+audio (when the original
clip carries audio) for the four video tasks and
audio for the two audio tasks. Recall@Fk counts
the gold target landing in top-k; NDCG@10
reduces to 1/logy(rank+1) if rank < 10 else 0
under the single-relevant-document assumption.
We use each benchmark’s official evaluation
annotations; the evaluated pool size N is shown
in each result table.
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Table S5: Duration quantiles (seconds) on the OmniRetriever-Bench test pool. (N = 3,782). Audio is the

original recorded waveform.

Stream mean p90 P99 max
Video 3.25 6.13 16.17 30.16
Audio 3.13 5.99 16.02 30.00

Table S6: Full external video—text benchmark results. R@1/R@5/R@10/NDCG@10. T'— AV sets the
text caption as query against the video—audio item gallery; AV — T the reverse. OmniRetriever-7B runs zero-shot

without per-task fine-tuning.

T—AV AV—T
Benchmark (V) R@l R@5 R@10 NDCG@10 R@l R@5 R@I0 NDCG@I10
OmniRetriever-7B (ours, zero-shot)
MSR-VTT (1000) 47.60 74.00 82.80 64.38 4370 71.80 80.60 61.49
MSVD (480) 66.88 92.71 97.08 82.02 63.33 88.75 95.00 79.59
DiDeMo (315) 46.03 7524 84.76 64.31 45.08 73.65 80.00 63.13
VATEX (2494) 57.98 89.05 94.63 76.80 5497 8721 93.18 74.68

J Triple-Geometry Definition

For the analysis in Table 10, we use the triple
cosine score ¢3(i) = %(ZET)TZZ(»V) + ZET)TZZ(A) +
ZEV)TZEA)) on the OmniRetriever-Bench held-out
pool of 3,782 triples and report both the intra-
sample mean E[¢1"] (matched T', V, A from sam-
ple i) and the inter-sample mean E[¢M] (mis-
matched: T3, Vi1, Ait1).

K Cross-Backbone Training Details

To test whether fusion-as-teacher distillation is
specific to the WAVE-7B backbone,
train OmniRetriever on Omni-Embed-Nemotron-
3B (Xu et al., 2025), an architecturally differ-
ent unified embedder with an LLM trunk over
Qwen2.5-Omni-Thinker, bidirectional attention, a
mean-pool embedding, no all-layer fusion head,
and ~3 B parameters. The backbone is frozen ex-
cept for LoRA adapters (r=16, «=32) on every
LLM decoder layer’s gq/k/v/o projections, match-
ing the LoRA budget used on WAVE-7B. We run
three configurations on the same training corpus
for 3,000 optimizer steps at per-step batch size 32;
the run is short, intended as a transfer check rather
than a SOTA comparison. The configurations are
PAIRWISE (L 4 only), Lp+L 4, and full OmniRe-
triever (L7+Lp+L 4). Results under the main pa-
per’s 12-direction protocol are reported in Table 8.

weE r¢-

L Caption-Paraphrase Robustness on
OmniRetriever-Bench

OmniRetriever-Bench ~ captions are human-
corrected starting from a Gemini 3.0 Pro draft
(Appendix F), so they are distinct from any
caption in the training corpus. To verify that
OmniRetriever-7B’s retrieval scores do not
depend on specific caption surface forms, we
paraphrase every OmniRetriever-Bench gold
caption with a held-out LLM (gemini-2.5-pro)
under a prompt that preserves every concrete
entity, action, and audio cue while changing at
least 60% of content words and avoiding the
original’s template phrases. We then re-evaluate
OmniRetriever-7B on the paraphrased gallery
without retraining. Table S8 reports the two text-
anchored bench directions (T" — AV, AV — T),
where caption surface form has the largest impact.

The drop is modest, consistent with the para-
phrase merely lowering the caption-style align-
ment of the text encoder rather than degrading
the underlying multimodal grounding. The audio-
anchored directions (A — T, A — TV) on
OmniRetriever-Bench only use the rewritten text
as the retrieval target (not as the query modality);
we observe a similar ~1 R@1 drop on those direc-
tions when the rewritten captions are placed in the
gallery.
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Table S7: Full external audio—text benchmark results. R@1/R@5/R@10/NDCG@ 10 for OmniRetriever-7B
under zero-shot evaluation.

T—A A—-T

Benchmark (V) R@l R@5 R@10 NDCG@10 R@l R@5 R@I0 NDCG@10

OmniRetriever-7B (ours, zero-shot)
Clotho (1045) 19.14 43.73 56.46 36.06 16.08 38.37 51.00 31.68
SoundDescs (1000) 25.00 52.70 66.40 43.95 20.70 46.50 58.80 37.98

Table S8: Paraphrase-robustness on OmniRetriever- A . V/ .
Bench. The paraphrase rewrites every gold caption and
we re-evaluate against the same audio+video gallery.

Direction  Original  Paraphrased A
OmniRetriever-7B (ours)

T—AV 45.37 43.81 —1.56
AV T 44.47 43.39 —1.08

M L Seed-Stability Analysis

The aggregate +0.24 R@1 gain from adding L1
on top of Lp+L 4 (main paper Table 5) is close
to the seed noise floor on aggregate, so we re-run
both configurations under three seeds {42, 43,44}
and report the per-seed difference. Table S9 shows
the result.

Table S9: Per-seed L ablation on OmniRetriever-
Bench AVG-all R@1. We report Lp+L 4 and full Om-
niRetriever (L7+Lp—+L 4) under three seeds, plus the
per-seed delta. The L1 contribution is positive in every
seed (40.21 to 40.27), and the spread between seeds
is small (< 0.08 R@1 in either column), so the +0.24
aggregate gain is above seed noise.

Seed Lp+La full-OmniRetriever Ar,

42 34.60 34.84 +0.24
43 34.56 34.77 +0.21
44 34.63 34.90 +0.27
mean 34.60 34.84 +0.24
std 0.04 0.07 0.03

The seed std on either column is < 0.07 R@1,
much smaller than the +0.24 delta, so the L7 gain
on aggregate is well outside the noise envelope.
The per-seed delta is positive in all three seeds;
with only three seeds, we treat this as a consistency
check rather than a formal significance test. The
per-direction picture in Table 5 confirms the same
story: L7 adds +2 to +3 R@1 on the four hard-
est A <> V routes, well above per-direction noise.
We conclude that L7 is a real but small aggregate
effect that primarily redistributes capacity toward
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