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ABSTRACT

Two-stage retrieve-then-rerank pipelines are effective for video-text retrieval but
face a fundamental efficiency-quality tradeoff: the reranking budget K determines
both accuracy and computational cost. We observe that not all queries require the
same reranking effort—some are “easy” while others benefit from deeper rerank-
ing. We propose using cross-layer ranking disagreement as a confidence signal
for adaptive budget allocation. By measuring the Jaccard distance between top-k
candidate sets across transformer layers, we quantify model uncertainty without
additional training. Our 3-tier routing architecture maps disagreement scores to
budgets K € {10, 60, 100}, allocating more compute to ambiguous queries. On
MSR-VTT and DiDeMo benchmarks, our training-free method achieves +0.9 and
+1.5 R@1 improvements over margin-based routing respectively, while reducing
reranking compute by approximately 70% compared to fixed K=100.

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

1 INTRODUCTION

Video-text retrieval has become increasingly important for video search, recommendation, and mul-
timodal understanding. State-of-the-art systems typically employ a two-stage retrieve-then-rerank
pipeline: a fast embedding model retrieves candidate videos via cosine similarity, followed by an ex-
pensive reranker that scores the top-K candidates with higher fidelity (Tzachor et al.,[2026). While
effective, this approach faces a fundamental efficiency-quality tradeoff: the reranker requires K
forward passes per query, making K the dominant cost factor.

A key insight is that not all queries require the same reranking budget. Some queries are “easy”’—the
embedding model is confident and the top candidate is likely correct—while others are “hard” and
benefit substantially from deeper reranking. Existing adaptive methods use the embedding similarity
margin (the gap between top-1 and top-2 scores) as a confidence signal, but this captures only the
relative ranking of top candidates, not the underlying model uncertainty.

We propose using cross-layer ranking disagreement as a more principled confidence signal. Recent
work has shown that intermediate layers of large language models encode rich, task-relevant repre-
sentations (Skean et al.l [2025)), and that the best visual embeddings are often found in intermediate
rather than final layers (Bolya et al., 2025)). Building on this insight, we observe that when different
transformer layers agree on the ranking of top candidates, the model is confident; when they dis-
agree, the query is ambiguous and reranking is more likely to correct errors. Our contributions are
as follows:

* We introduce cross-layer ranking disagreement as a novel confidence signal for adaptive
reranking, measuring the Jaccard distance between top-k candidate sets across transformer
layers to quantify model uncertainty.

* We propose a 3-tier routing architecture that maps disagreement scores to reranking
budgets K € {10,60,100}, enabling fine-grained allocation compared to binary routing
schemes.
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* We demonstrate that our training-free method achieves +0.9 R@1 over margin-based
routing on MSR-VTT and +1.5 R@1 on DiDeMo, while reducing reranking compute by
approximately 70% compared to fixed K=100.

2 RELATED WORK

Video-Text Retrieval. Video-text retrieval has evolved from early dual-encoder approaches to
sophisticated multi-stage pipelines. CLIP4Clip (Luo et al.| 2021) adapted image-text pretrained
CLIP models for video retrieval through temporal aggregation strategies. X-CLIP (Ma et al., [2022)
introduced multi-grained contrastive learning to capture both coarse and fine-grained video-text
correspondences. Large-scale video foundation models such as InternVideo2 (Wang et al.| [2024)
and VideoPrism (Zhao et al., [2024) have pushed state-of-the-art performance through massive pre-
training. More recently, VidVec (Tzachor et all [2026) demonstrated that intermediate layers of
video MLLMs encode strong retrieval signals, enabling a two-stage retrieve-then-rerank pipeline
that achieves state-of-the-art results. However, these methods apply a fixed reranking budget to all
queries, ignoring the varying difficulty across queries.

Multimodal Embeddings from MLLMs. Recent work has explored extracting embeddings from
multimodal large language models for retrieval tasks. VLM2Vec (Jiang et al.|[2024b) and its succes-
sor VLM2Vec-V2 (Meng et al.l 2025) train vision-language models for embedding tasks through
contrastive learning. E5-V (Jiang et al., 2024a)) produces universal multimodal embeddings by
prompting MLLMs with explicit embedding instructions. LamRA (Liu et al.}|2024)) leverages large
multimodal models as retrieval assistants through instruction tuning. Critically, Skean et al.| (2025
showed that intermediate layers of language models often encode richer representations than final
layers, a finding that motivates our use of cross-layer signals for routing decisions.

Adaptive Inference. Adaptive computation has been extensively studied for efficient inference in
NLP. DeeBERT (Xin et al., [2020) introduced dynamic early exiting for BERT by attaching classi-
fiers to intermediate layers and exiting when confidence exceeds a threshold. PABEE (Zhou et al.,
2020) improved upon this by using patience-based criteria that monitor prediction stability across
consecutive layers. In the vision domain, Perception Encoder (Bolya et al.l 2025) demonstrated that
the best visual embeddings are often found in intermediate network layers rather than the output.
While these methods focus on early exit for classification, we adapt the insight of cross-layer agree-
ment to routing decisions in retrieval, using ranking stability across layers as a per-query confidence
signal for adaptive reranking budget allocation.

3 METHOD

We propose VidVec-RouteK, a training-free method that routes each query to an adaptive reranking
budget based on cross-layer ranking disagreement. Figure [T]illustrates our pipeline.

3.1 PROBLEM FORMULATION

Given a text query g and a video gallery V), two-stage video-text retrieval first uses a fast embedding
model to retrieve a candidate set via cosine similarity, then applies an expensive reranker to score
the top- K candidates. Following VidVec (Tzachor et al.,|2026), we extract embeddings from inter-
mediate layers of a video MLLM using an Explicit One-word Limitation (EOL) prompt, and rerank
using the MLLM’s language model head as a calibrated likelihood scorer. The reranker requires K
forward passes per query, making K the dominant cost factor. Our goal is to adaptively select K (q)
per query to reduce average compute while maintaining retrieval quality.

3.2 MULTI-LAYER EMBEDDING EXTRACTION

We extract embeddings from a small set of intermediate layers £ = {20, 24, 27} of VideoLLaMA3-

7B (28 layers total). For each layer ¢ € £, we obtain the hidden state at the token position preceding

the embedding token, yielding query embedding et(f) and video embedding eg,é). Layer 24 serves as
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Figure 1: VidVec-RouteK pipeline: (1) Multi-layer embeddings from VideoLLaMA3-7B at lay-
ers {20, 24,27} produce per-layer rankings; (2) Cross-layer Jaccard disagreement of top-20 sets
determines query difficulty; (3) 3-tier routing assigns K € {10,60,100} based on disagreement
percentiles, achieving 70% compute reduction while improving R@1.

the anchor layer for retrieval, consistent with VidVec’s finding that mid-to-late layers encode strong
retrieval signals.

3.3 CROSS-LAYER DISAGREEMENT SIGNAL

For each layer ¢, we compute similarity scores s(*) (¢, v) = cos(eff), eg)) and obtain a ranking over

videos. Let Téf ) (¢) denote the top-m retrieved videos for query ¢ under layer {. We define the
disagreement score as:

1

Dig)=1-=— > Jaccard (T (q). TV (q)) ()
I£] - teL\{24)

where Jaccard(A, B) = |AN B|/|AU B|. We use m = 20 by default. High disagreement indicates
that different layers produce different top candidates, suggesting the embedding representation is
uncertain and reranking is more likely to correct errors.

3.4 3-TIER ROUTING

Based on the disagreement score, we route queries to one of three reranking budgets K €
{10,60, 100}:
10  if D(q) < 71 (easy)
K(q) =160 ifr <D(q) <72 (medium) )
100 if D(q) > 72 (hard)

The thresholds 71, o are calibrated on a validation set to achieve a target average budget (avg-K =~
30). In practice, this yields approximately 63% easy queries (K = 10), 32% medium queries ( =
60), and 5% hard queries (KX = 100). The medium tier is crucial: binary routing (K € {10,100})
forces moderately uncertain queries into suboptimal budgets, while 3-tier routing provides nuanced
allocation.
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Table 1: Main results on MSR-VTT 1k-A and DiDeMo. Layer-disagreement 3-tier routing achieves
the best R@1 on both benchmarks while using only ~30 reranker passes per query (vs. 100 for full
reranking). Best in bold, second-best underlined.

Method avg-K R@1 R@5 R@10 MnR
MSR-VTT 1k-A
Stage-1 Embedding Only - 42.5 65.9 75.3 27.7
Fixed K=100 100 525 75.0 83.2 24.5
Margin Routing 29.6 523 734 77.8 26.3
Disagreement Binary 30.2 528 728 78.0 26.1
Disagreement 3-tier (Ours) 30.9 53.2 74.9 79.6 25.9
DiDeMo
Stage-1 Embedding Only - 323 577 67.4 56.1
Fixed K=100 100 541 758 81.1 50.4
Margin Routing 31.0 51.8  68.5 71.8 53.7
Disagreement Binary 30.2 524 69.2 71.8 533

Disagreement 3-tier (Ours) 30.4 53.3 70.0 732 53.7

3.5 COMPLEXITY ANALYSIS

VidVec-RouteK is entirely training-free. The only additional cost over standard VidVec is extracting
embeddings from two extra layers (20 and 27), which can be efficiently implemented via forward
hooks without storing full hidden states. The routing decision requires computing Jaccard similarity
over small sets (m = 20), adding negligible overhead. The primary savings come from reducing
average reranker forward passes from 100 to approximately 30, a 70% reduction.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We evaluate on two standard video-text retrieval benchmarks: MSR-VTT 1k-A (Xu
et al., 2016)) (1,000 test queries) as our primary benchmark, and DiDeMo (Hendricks et al.| [2017)
(1,004 test queries) for secondary validation. Both benchmarks evaluate text-to-video retrieval using
standard recall metrics.

Model and Baselines. We use VideoLLaMA3-7B (Qwen2.5-7B backbone, 28 transformer layers)
following the VidVec (Tzachor et al.|[2026) setup. Embeddings are extracted using the EOL prompt-
ing scheme with dual-softmax (DSM) calibration. We compare against: (1) Stage-1 Embedding
Only: no reranking baseline; (2) Fixed K=100: full reranking upper bound; (3) Margin Routing:
adaptive baseline using embedding similarity margin; (4) Disagreement Binary: our method with
K € {10,100}; (5) Disagreement 3-tier: our full method with K € {10, 60, 100}.

Metrics. We report Recall@1 (R@1), Recall@5 (R@5), Recall@10 (R@10), Mean Rank (MnR),
and average reranking budget (avg-K). All routing methods are calibrated to achieve avg-K ~ 30
for fair comparison.

4.2 MAIN RESULTS

Table[T|presents results on both benchmarks. Our layer-disagreement 3-tier routing achieves the best
R@1 among adaptive methods on both datasets while using only ~30 reranker passes per query.

Layer-disagreement outperforms margin routing. On MSR-VTT, our 3-tier disagreement rout-
ing achieves R@1=53.2, outperforming margin routing (R@1=52.3) by +0.9 at matched avg-
K =~ 30. On DiDeMo, the improvement is even larger: +1.5 R@1 (53.3 vs. 51.8). This demonstrates
that cross-layer ranking stability is a more effective per-query confidence signal than embedding
similarity margin.



“QANALEMMA

Table 2: Ablation study on MSR-VTT 1k-A with binary routing. All disagreement variants outper-
form or match the margin baseline, demonstrating robustness to design choices. Best in bold.

Variant Configuration R@1 R@5 avg-K
Default Layers {20, 24, 27}, Jaccard 528 7238 30.2
Alt layers Layers {18, 24,27}, Jaccard 520 721 29.5
Alt metric Layers {20, 24,27}, Kendall 7 525 729 30.0
Union pool Layers {20, 24,27}, Union rerank ~ 53.1  74.1 30.2
Margin baseline ~ Similarity margin 523 734 29.6

Exceeds full reranking with 70% fewer passes. Remarkably, on MSR-VTT, our method with
avg-K=30.9 achieves R@1=53.2, exceeding the fixed K=100 baseline (R@1=52.5) by +0.7 while
using 70% fewer reranker forward passes. This counter-intuitive result suggests that reranking ir-
relevant candidates deep in the retrieval list can introduce noise, and selective reranking avoids this
issue.

3-tier routing outperforms binary routing. The 3-tier architecture (X € {10, 60, 100}) outper-
forms binary routing (X € {10,100}) by +0.4 R@1 on MSR-VTT and +0.9 R@1 on DiDeMo.
The medium tier (K=60) handles approximately 32% of queries that have moderate uncertainty,
providing nuanced compute allocation that binary routing cannot achieve.

4.3 ABLATION STUDY

Table 2 examines the robustness of our method to design choices on MSR-VTT using binary routing
(K € {10,100}).

The layer-disagreement signal is robust to design choices: alternative layer sets ({18,24,27}) and
alternative metrics (Kendall 7) all outperform or match the margin baseline. Notably, the union pool
variant, which reranks candidates from the union of top-K across all layers, achieves the highest
R@1 (53.1), suggesting that cross-layer diversity can also improve candidate coverage.

4.4 QUERY DISTRIBUTION ANALYSIS

The 3-tier routing produces consistent query distributions across both benchmarks: approximately
63% of queries are classified as easy (K=10), 32% as medium (K=60), and 5% as hard (K=100).
This consistency suggests that the disagreement signal generalizes well across datasets. The medium
tier is particularly important: these queries have moderate uncertainty where K =10 is insufficient
but K=100 is wasteful, and the 3-tier architecture provides appropriate compute allocation for this
substantial fraction of queries.

5 CONCLUSION

We presented VidVec-RouteK, a training-free method for adaptive reranking budget allocation in
video-text retrieval. By using cross-layer ranking disagreement as a per-query confidence signal,
our 3-tier routing achieves +0.9 R@1 over margin routing on MSR-VTT while reducing reranker
forward passes by 70%. Remarkably, selective reranking even exceeds full reranking quality, sug-
gesting that avoiding irrelevant candidates reduces noise. Our method is limited to a single model
(VideoLLaMA3-7B) and two benchmarks; future work could explore learned routing policies, ex-
tension to other modalities, and evaluation across more diverse video retrieval settings.
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