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Abstract

Although Multimodal Large Language Models have shown remarkable potential in Visual
Document Retrieval (VDR) through generating high-quality multi-vector embeddings, the
substantial storage overhead caused by representing a page with thousands of visual tokens
limits their practicality in real-world applications. To address this challenge, we propose an
auto-regressive generation approach, CausalEmbed, for constructing multi-vector embed-
dings. By incorporating iterative margin loss during contrastive training, CausalEmbed
encourages the embedding models to learn compact and well-structured representations. Our
method enables efficient VDR tasks using only dozens of visual tokens, achieving a 30–155×
reduction in token count while maintaining highly competitive performance across various
backbones and benchmarks. Theoretical analysis and empirical results demonstrate the
unique advantages of auto-regressive embedding generation in terms of training efficiency and
scalability at test time. Consequently, CausalEmbed introduces a flexible test-time scaling
strategy for multi-vector VDR representations and sheds light on the generative paradigm
within multimodal document retrieval. Our code is available at this URL.

1 Introduction

Visual Document Retrieval (VDR) (Barboule et al., 2025), which focuses on retrieving relevant pages from
extensive corpora of documents, is a cornerstone of modern information systems, ranging from enterprise
search to domain-specific Retrieval-Augmented Generation (RAG) (Gao et al., 2025; Zheng et al., 2025; Zhang,
2025). Unlike traditional text-based retrieval systems that necessitate Optical Character Recognition (OCR)
for content extraction (Smith, 2007), VDR treats document pages as visual entities (Faysse et al., 2024). By
formulating retrieval as a multimodal problem, VDR preserves critical structural and layout information
that is often lost in text-only pipelines. Catalyzed by the rapid evolution of Multimodal Large Language
Models (MLLMs), recent research (Meng et al., 2025; Günther et al., 2025) has pivoted toward leveraging
these backbones to generate unified multimodal embeddings, building on their superior cross-modal reasoning
and alignment capabilities.

Conventional single-vector VDR (Jiang et al., 2024) encodes an entire document page and a corresponding
query into a solitary vector, typically employing cosine similarity for retrieval. This paradigm has been
further refined by contemporary models such as Eager Embed (Balarini, 2025; Meng et al., 2025), which
utilizes the pre-trained backbones like Qwen3-VL (Bai et al., 2025a). Nevertheless, these approaches are
inherently constrained in their ability to represent content-dense pages, as a single embedding often fails
to encapsulate the multifaceted visual complexity of a full visual page. To circumvent this, multi-vector
VDR methods leverage patch-level representations. Pioneered by ColPali (Faysse et al., 2024), this paradigm
aligns patch-level visual tokens with textual query embeddings, treating each of the hundreds or thousands of
visual tokens as a distinct representation of a document patch. This approach has demonstrated promising
performance in both VDR (Faysse et al., 2024; Macé et al., 2025) and general multimodal retrieval tasks (Jiang
et al., 2024; Meng et al., 2025). The efficacy of multi-vector retrieval has been further validated by models
such as EvoQwen2.5-VL-Retriever (ApsaraStackMaaS, 2026), tomoro-colqwen3 (Huang & Tan, 2025), and
ColNomic (Team, 2025), which integrates hard negative mining and large-scale data curation, as well as by
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explorations into diverse backbones like Llama 3.2 (Grattafiori et al., 2024) and Gemma 3 (Team et al., 2025)
through Llama-Nemoretriever-Colembed (Xu et al., 2025) and ColNetraEmbed (Kolavi & Jain, 2025).

Figure 1: Comparison of traditional multi-vector embeddings (e.g.,
ColPali/ColQwen (Faysse et al., 2024)) with our auto-regressive
paradigm for multi-vector generation in the VDR domain.

Despite their empirical success, multi-
vector representations impose a
formidable storage burden, often re-
quiring hundreds or even thousands of
vectors per page (Yan et al., 2025), which
precludes their scalability in production
environments. Consequently, recent
research has focused on compressing
these multi-vector representations. For
instance, MetaEmbed (Xiao et al., 2025)
employs matryoshka representation
learning (Kusupati et al., 2022b) to
facilitate flexible token counts during
inference. However, such methods often
require a fixed token budget during
training, limiting adaptability. Other
strategies, such as Light-ColPali (Ma
et al., 2025a) and DocPruner (Yan
et al., 2025), utilize clustering or merging
techniques for token pruning. While
these methods achieve high compression
ratios by identifying salient tokens, their
performance is fundamentally capped
by the quality of the original dense
representations and frequently results in
non-negligible retrieval accuracy loss.

This raises a fundamental question: can
the generative prowess of MLLMs be har-
nessed to produce multi-vector embed-
dings while simultaneously mitigating the
substantial redundancy inherent in patch-
level representations? We posit that such
an objective is attainable. A compelling
direction involves auto-regressive representation generation, a methodology that has demonstrated significant
effectiveness in natural language generation (Brown et al., 2020), visual entity synthesis (Tian et al., 2024),
and even explicit latent reasoning (Hao et al., 2024). Nevertheless, the potential of the auto-regressive
paradigm for embedding tasks remains largely underexplored, notwithstanding preliminary efforts (Cui et al.,
2025b; Lan et al., 2025b; Liu et al., 2025a; Tsai et al., 2025) that incorporate textual reasoning trajectories
prior to mutlimodal encoding or iteratively refine single-vector text embeddings via latent reasoning.

In this work, we endeavor to transform the current encoding landscape by generating multi-vector document
embeddings in a sequential, auto-regressive manner, a framework we designate as CausalEmbed. Specifically,
we fine-tune a pre-trained MLLM to synthesize latent representations in a token-wise fashion, as illustrated
in Figure 1. Relative to ColPali-style architectures, our approach realizes a 30× token compression ratio
while simultaneously surpassing the performance of clustering-based baselines at identical compression
scales. Extensive empirical evaluations validate the generalizability of the proposed method and reveal its
distinctive advantages in test-time scaling. Furthermore, our results demonstrate the superior efficiency of
the auto-regressive paradigm in distilling dense and high-level semantics compared to traditional spatial-grid
representations. The key contributions of this paper are as follows:
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❶ We introduce a novel auto-regressive paradigm for visual document embedding that generates latent
multi-vector representations sequentially, thereby departing from the conventional parallel patch-based
encoding.

❷ Our method demonstrates superior performance over pruning-based baselines under stringent com-
pression regimes, successfully achieving an optimal trade-off between storage efficiency and retrieval
accuracy.

❸ We identify a test-time scaling characteristic inherent to auto-regressive embeddings, where retrieval
precision can be dynamically adjusted by modifying the number of generated tokens during the
inference phase.

❹ Our approach exhibits robust generalizability across diverse backbones. When applied to underper-
formed models such as PaliGemma, our method yields a 14.6% performance uplift while utilizing
30× fewer tokens than the full-resource ColPali baseline.

2 Related Work

2.1 Multimodal Embedding

Multimodal embedding focuses on representing heterogeneous inputs into a shared latent space for cross-modal
understanding and retrieval (Zhang et al., 2025b). Built on the contrastive training paradigm proposed
by (Radford et al., 2021), pre-trained models like CLIP (Radford et al., 2021), BLIP (Li et al., 2022), and
SigLIP (Zhai et al., 2023) exhibit remarkable performance in multimodal encoding and modality alignment.
Recently, pre-trained Multimodal Large Language Models (MLLMs) have also been adapted for multimodal
embedding tasks, utilizing backbones that are more powerful for multimodal understanding. For instance,
VLM2Vec (Jiang et al., 2024) adapts Phi-3.5-V (Abdin et al., 2024), LLaVE (Lan et al., 2025a) fine-tunes
LLaVA-OneVision (Li et al., 2024), while VLM2Vec-V2 (Meng et al., 2025), jina-embeddings-v4 (Günther
et al., 2025), and Nomic Embed Multimodal (Team, 2025) are built upon the Qwen-VL series (Wang et al.,
2024; Bai et al., 2025b;a). Beyond these advancements, recent studies have also discussed innovative strategies
regarding data scheduling (Team, 2025; Jian et al., 2025) and training pipelines (Li et al., 2025), providing
further insights into the dynamics of multimodal embedding training. Furthermore, combining embedding
models with reasoning ability has been explored in text embedding (Tsai et al., 2025) and multimodal
retrieval (Lan et al., 2025b; Yu et al., 2025; Cui et al., 2025a), an area that is still in its early stages.

2.2 Visual Document Retrieval

VDR has evolved significantly from traditional OCR-based pipelines, which often lose critical layout and
structural information during text extraction (Most et al., 2025; Zhang et al., 2025a). The advent of MLLMs
first prompted a shift towards single-vector representations, but these are inherently constrained in their
ability to capture the fine-grained details of content-dense pages (Ma et al., 2024; Zhang et al., 2024; Liu et al.,
2025c). Consequently, multi-vector methods, epitomized by ColPali (Faysse et al., 2024), have become
state-of-the-art, achieving superior performance by representing pages as hundreds or thousands of patch-level
embeddings (Günther et al., 2025; OpenSearch-AI, 2026; Jayaram et al., 2024; Huang & Tan, 2025). This
approach, however, introduces a critical efficiency bottleneck due to prohibitive storage overhead (Khattab
& Zaharia, 2020; Santhanam et al., 2022; Cha et al., 2026). To mitigate this, recent research has explored
three primary optimization paradigms: (i) pruning methods like DocPruner (Yan et al., 2025), which aim to
identify and discard redundant embeddings post-encoding; (ii) merging approaches such as Light-ColPali
(Ma et al., 2025b), which employ clustering techniques to aggregate similar embeddings into a more compact
set; and (iii) strategies like MetaEmbed (Xiao et al., 2025), which introduce a fixed set of learnable tokens
whose final representations serve as a concise multi-vector set. While these methods focus on compressing or
selecting from existing representations, they remain fundamentally limited by the initial encoding quality or a
pre-defined token budget. In contrast, CausalEmbed diverges from these compression-centric paradigms by
reframing embedding creation as an auto-regressive generation process, synthesizing a compact and expressive
set of latent vectors sequentially to achieve a more optimal trade-off between efficiency and performance.
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2.3 Autoregressive Generation

Autoregressive generation is the cornerstone paradigm for modern, high-performing LLMs (Achiam et al.,
2023; Team et al., 2023; Guo et al., 2025). While this paradigm dominates natural language generation,
several works have begun to explore its adoption in computer vision (Sun et al., 2024; Tian et al., 2024).
For example, LlamaGen (Sun et al., 2024) directly applies the original next-token prediction paradigm of
large language models to the visual generation domain. Meanwhile, VAR (Tian et al., 2024) introduces a
coarse-to-fine next-scale (resolution) prediction strategy, enabling efficient learning of visual distributions and
strong generalization capabilities in autoregressive transformers. Moreover, recent research has increasingly
focused on building unified models that combine both understanding and generation (Wu et al., 2025; Chen
et al., 2025; Liu et al., 2025b), facilitating end-to-end autoregressive generation for both visual and textual
modalities. Beyond general generation tasks, some works have explored combining the generative paradigm
with text and multimodal embeddings (Cui et al., 2025b; Tsai et al., 2025; Lan et al., 2025b; Liu et al.,
2025a; Lin et al., 2025; Zhou et al., 2024). For instance, Tsai et al. (2025) iteratively refines single-vector text
embeddings through latent reasoning, drawing inspiration from the latent reasoning paradigm introduced in
COCONUT (Hao et al., 2024).

3 Preliminary

Notations. We consider a multimodal embedding system M that maps a visual document page I and a
textual query T into a shared latent space via a sequential generation process. Concretely, let I ∈ I denote a
visually rendered document page, and let T ∈ T denote a tokenized text query. The system is defined as

M = ⟨fθ(·), H, Z, S, T , I⟩, (1)

where fθ denotes a vision–language model parameterized by θ, consisting of a vision encoder Φ and an
auto-regressive language model Ψ, i.e., θ ≜ {Φ, Ψ}. The shared latent space is denoted by H, while Z ⊂ RD is
an unconstrained embedding space of dimension D. The similarity function S specifies the scoring mechanism,
S : T × I → R.

Forward-based Multi-vector Embeddings. Following Faysse et al. (2024), multi-vector embedding
models typically leverage a pre-trained vision–language model to produce patch-/token-level representations
for document pages and textual queries. Given a visual page I, the vision encoder Φ projects it into the
latent space H as a sequence of visual features:

H(v) = Φ(I) =
[
h(v)

1 , . . . , h(v)
Nv

]
, (2)

where Nv is the length of the resulting visual feature sequence. These features are then fed into the language
model Ψ to produce the document embedding sequence:

D = Ψ
(

H(v)
)

= [d1, . . . , dNv ] . (3)

Similarly, for a textual query T = [T1, . . . , Tt], the language model produces a query embedding sequence

Q = Ψ(T ) = [q1, . . . , qNt ] , (4)

where Nq is the number of query embedding vectors. We denote the above processes using a unified forward
function:

Df = fθ(I), Qf = fθ(T ). (5)

Late Interaction Mechanism. To capture fine-grained semantic alignment, the multi-vector embedding
paradigm employs a late-interaction scoring function S(T, I), which aggregates local correspondences between
the query and document embedding sequences. In particular, the max-sim aggregation is widely applied as

S(T, I) =
Nq∑
i=1

Ndmax
j=1

⟨Qi, Dj⟩ , (6)
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Figure 2: Overview of our overall framework.

where ⟨·, ·⟩ denotes the dot product and Nd is the number of document embedding vectors.

Contrastive Alignment. We train the model such that relevant query-document pairs receive higher
late-interaction scores than non-relevant pairs. Given an in-batch set B = {(Tk, Ik)}b

k=1, where Ik is the
ground-truth page for query Tk, we use a contrastive objective that compares the positive score s+

k ≜ S(Tk, Ik)
against the hardest in-batch negative s−

k ≜ maxl∈{1,...,b}, l ̸=k S(Tk, Il). The training loss is then defined as

Lm = 1
b

b∑
k=1

log
(
1 + exp

(
s−

k − s+
k

))
. (7)

4 CausalEmbed: Efficient Auto-regressive Multi-vector Generation

Auto-regressive Generative Embedding The core of CausalEmbed lies in transcending fixed-size
representations by learning a dynamic generation policy. Formally, let C denote the initial context embeddings
derived from the input, where C = H(v) for visual pages or C = T for textual queries. We aim to generate a
sequence of latent vectors Z = [z1, . . . , zL], where L ∈ {Nd, Nq} denotes the target embedding budget. Let
z0 be the hidden state sequence obtained from the initial pass Ψ(C). For each step k ∈ {1, . . . , L}, the model
Ψ conditions on the original input and the history of previously generated latent states to produce the next
embedding:

zk = τ (Ψ ([C, z1, . . . , zk−1])) , (8)

where [·] denotes sequence concatenation along the temporal dimension, and τ(·) extracts the hidden state
corresponding to the final token of the sequence. We further denote this process using a unified generation
function:

Dg = gθ(I), Qg = gθ(T ). (9)

4.1 Rethinking Multi-vector Embeddings from the Perspective of Gradient Flow

Problem Setup. We now delve deeper into the training dynamics of multi-vector embeddings through
the lens of gradient flow. Consider a triplet sample (T, I+, I−) with corresponding embedding sequences
(Q, D+, D−). Let

j∗(i; Q, D) ≜ arg max
j

⟨qi, dj⟩ (10)
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denote the index of the best-matched document token for query token qi. The late-interaction score can be
written as:

S(Q, D) =
∑

i

q⊤
i dj∗(i;Q,D). (11)

The pairwise contrastive loss is defined as L = log (1 + exp (S− − S+)), where S+ = S(Q, D+) and S− =
S(Q, D−). Define the error signal as

δ ≜
∂L

∂S+ = − ∂L
∂S− = σ(S− − S+) − 1,

where σ(·) is the sigmoid function.

Forward-based Patch-level Learning. Let Qf = {q1, . . . , qNt} and Df = {d1, . . . , dNv }. For patch-level
multi-vector embeddings, the gradient is:

∇θLf = δ ·
(
∇θS+ − ∇θS−) , (12)

where

∇θS(Q, D) =
Nt∑
i=1

(
∂qi

∂θ
· dj∗(i;Q,D) +

∂dj∗(i;Q,D)

∂θ
· qi

)
. (13)

Here, qi and dj are generated in parallel by fθ(·). Plugging Eq. equation 13 into Eq. equation 12, we get:

∇θLf = δ ·
Nt∑
i=1

( ∂qi

∂θ
·
(

d+
j∗(i;Q,D+) − d−

k∗(i;Q,D−)

)
︸ ︷︷ ︸

Query update Q

+

∂d+
j∗(i;Q,D+)

∂θ
· qi︸ ︷︷ ︸

PosDoc update D+

−
∂d−

k∗(i;Q,D−)

∂θ
· qi︸ ︷︷ ︸

NegDoc update D−

)
,

(14)

where k∗(i; Q, D−) ≜ arg maxj⟨qi, d−
j ⟩, and ∂d

∂θ denotes the Jacobian. This decomposition suggests that each
query token contributes to parameter updates via ∂qi/∂θ, while only the selected document tokens d+ and
d− receive direct gradient signals on the document side. Given that Nt ≪ Nv in practice, most document
tokens are rarely selected, which can lead to low training efficiency (see in Appendix C.1).

Auto-regressive Multi-vector Learning. Let Qg = {q1, . . . , qNq
} and Dg = {d1, . . . , dNd

} denote the
generated query and document multi-vectors from CausalEmbed. To account for the recursive dependency
introduced by auto-regressive generation, we adopt a gradient backpropagation view:

ddt

dθ
= ∂dt

∂θ
+
∑
k<t

∂dt

∂dk
· ddk

dθ
, (15)

where ∂dt

∂dk
captures historical dependencies. Then:

∇θLg = δ ·
Nq∑
i=1

[(
∂qi

∂θ
+
∑
τ<i

∂qi

∂qτ
· dqτ

dθ

)
· ∆di+

q⊤
i ·

dd+
j∗(i;Q,D+)

dθ
− q⊤

i ·
dd−

k∗(i;Q,D−)

dθ

]
,

(16)

where ∆di ≜ d+
j∗(i;Q,D+) − d−

k∗(i;Q,D−). Compared with Eq. equation 14, CausalEmbed enables each token
to depend on the full preceding context, allowing gradients to propagate through the entire generation chain
and resulting in higher training efficiency. Detailed theoretical analysis can be found in Appendix C.
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Table 1: nDCG@5 of dferent methods on ViDoRe V3 and V2 benchmarks. Bold and underlined denote
the best and second-best results among compression methods. Yellow and blue cells represent trainable
and our proposed methods respectively. ↑ indicates higher values are better; while ↑ indicates performance
surpassing the full-token base model.

Method Token ViDoRe V3 ViDoRe V2
HR Fin-E Ind. Phar. C.S. Ener. Phys. Fin-F Avg (↑) ESG Bio Econ ESG-H Avg (↑)

ColQwen2.5
Base 4962 0.473 0.500 0.416 0.561 0.686 0.571 0.434 0.375 0.502 0.549 0.591 0.544 0.620 0.576
Random 32 0.248 0.250 0.203 0.384 0.492 0.348 0.338 0.144 0.301 0.293 0.425 0.354 0.304 0.344
SemCluster 32 0.359 0.366 0.307 0.481 0.594 0.453 0.390 0.267 0.402 0.426 0.515 0.485 0.395 0.455
K-Means 32 0.365 0.360 0.309 0.467 0.579 0.464 0.383 0.247 0.397 0.413 0.504 0.530 0.359 0.452
1D-Pooling 32 0.260 0.283 0.237 0.404 0.561 0.397 0.379 0.186 0.338 0.251 0.472 0.417 0.261 0.350
BiQwen2 1 0.336 0.333 0.236 0.460 0.550 0.399 0.383 0.200 0.362 0.413 0.487 0.493 0.504 0.464
CausalQwen 32 0.429 0.395 0.327 0.483 0.643 0.460 0.390 0.285 0.426 0.498 0.505 0.522 0.537 0.516

ColPali
Base 1031 0.321 0.232 0.228 0.391 0.488 0.248 0.248 0.144 0.288 0.350 0.433 0.397 0.406 0.397
Random 32 0.161 0.127 0.119 0.239 0.301 0.148 0.152 0.060 0.163 0.230 0.272 0.337 0.191 0.258
SemCluster 32 0.251 0.165 0.164 0.319 0.390 0.236 0.188 0.102 0.227 0.291 0.366 0.371 0.271 0.325
K-Means 32 0.230 0.163 0.158 0.308 0.380 0.233 0.194 0.100 0.221 0.299 0.354 0.334 0.243 0.308
1D-Pooling 32 0.204 0.108 0.125 0.223 0.339 0.111 0.134 0.053 0.162 0.163 0.286 0.353 0.216 0.255
BiPali 1 0.197 0.104 0.100 0.182 0.372 0.150 0.175 0.071 0.169 0.155 0.259 0.369 0.216 0.261
CausalPali 32 0.353↑ 0.280↑ 0.234↑ 0.436↑ 0.532↑ 0.353↑ 0.332↑ 0.169↑ 0.336↑ 0.357↑ 0.493↑ 0.503↑ 0.464↑ 0.454↑

4.2 Overall Training Objective

Although the theoretical analysis in Section 4.1 highlights the advantages of auto-regressive multi-vector
learning, directly applying Eq. 7 often leads to representation collapse due to unsupervised iteration process.
To address this, we introduce regularization terms on both the document and query sides to promote
progressive refinement and representational diversity.

♠ Progressive Refinement Loss (Ld) enforces a marginal gain on the document embedding sequence. We
assume that each additional auto-regressive step should help better retrieval, which can be formalized as a
telescoping sum:

Ld = −
[
S(q, d+

1:Nd
) − S(q, d+

1 )
]

+
[
S(q, d−

1:Nd
) − S(q, d−

1 )
]

. (17)

This term encourages the model to fully utilize the sequence length Nd to enhance positive matches while
distinguishing negative examples earlier in the sequence.

♣ Diversity Regularization (Lq) serves as an anti-homogenization constraint. To prevent the auto-
regressive generator from collapsing into repetitive patterns, we penalize the cosine similarity between distinct
tokens in the generated query sequence:

Lq = 1
Z

Nq∑
i=1

∑
j ̸=i

(
q⊤

i qj

∥qi∥∥qj∥

)2

, (18)

where Z is the total number of off-diagonal token pairs.

Final Objective. The total training loss of CausalEmbed combines the components as:

L = λmLm + λdLd + λqLq, (19)

where we use λm = 1 and λd = λq = 0.1 by default throughout our experiments.

5 Experiment

5.1 Experiment Setup

Training Details To evaluate the effectiveness of CausalEmbed, we conduct experiments using various
backbones of different sizes, including PaliGemma-3B (Beyer* et al., 2024) and Qwen2.5-VL-3B (Bai et al.,
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Table 2: nDCG@5 of dferent methods on the ViDoRe V1 benchmark. Bold and underlined denote the best
and second-best results.

Method Token ViDoRe V1 Avg(↑)Arxiv Doc Info TabF TatD Shift Syn-AI Syn-En Syn-GR Syn-HI

ColQwen2.5

Base 5046 0.876 0.622 0.931 0.874 0.805 0.847 0.983 0.960 0.955 0.993 0.885
Random 32 0.721 0.414 0.744 0.849 0.685 0.488 0.854 0.867 0.838 0.844 0.730
SemCluster 32 0.832 0.529 0.851 0.877 0.705 0.654 0.933 0.914 0.902 0.938 0.813
K-Means 32 0.837 0.524 0.861 0.866 0.672 0.725 0.932 0.921 0.889 0.928 0.816
1D-Pooling 32 0.730 0.432 0.829 0.791 0.614 0.625 0.883 0.873 0.873 0.931 0.758
BiQwen2 1 0.833 0.516 0.829 0.833 0.661 0.723 0.940 0.861 0.925 0.952 0.807
CausalQwen 32 0.807 0.553 0.857 0.825 0.620 0.737 0.927 0.907 0.935 0.941 0.811

ColPali

Base 1031 0.586 0.506 0.735 0.710 0.546 0.467 0.923 0.826 0.861 0.894 0.705
Random 32 0.464 0.280 0.577 0.656 0.435 0.187 0.791 0.687 0.677 0.779 0.554
SemCluster 32 0.540 0.410 0.668 0.663 0.463 0.367 0.855 0.740 0.804 0.797 0.631
K-Means 32 0.537 0.412 0.652 0.681 0.450 0.382 0.762 0.692 0.769 0.823 0.616
1D-Pooling 32 0.461 0.288 0.598 0.526 0.360 0.205 0.803 0.646 0.784 0.731 0.540
BiPali 1 0.422 0.282 0.627 0.669 0.284 0.288 0.618 0.553 0.602 0.624 0.497
CausalPali 32 0.746↑ 0.492 0.787↑ 0.832↑ 0.520 0.614↑ 0.871 0.851↑ 0.904↑ 0.888 0.750↑

2025b). Following the practice of ColPali (Faysse et al., 2024), we train our model on the same training set1

to ensure a fair comparison. Additional training details are provided in Appendix E.

Baselines We compare against two main categories of pruning baselines, following (Ma et al., 2025a) and
(Yan et al., 2025): (i) multi-vector clustering methods, which include semantic clustering techniques such as
K-Means (McQueen, 1967), Hierarchical Clustering (Ward Jr, 1963), 1D pooling, and random selection; and
(ii) single-vector methods, which train BiEncoder models with single-vector retrieval capabilities on similar
architectures. In our experiments, we utilize the pre-trained BiQwen2 and BiPali models. For comprehensive
reference, we also include the results of ColQwen2.5 and ColPali in our tables.

Evaluation We assess the general multimodal embedding capability of CausalEmbed using three versions
of the ViDoRebenchmark (Faysse et al., 2024; Macé et al., 2025; Loison et al., 2026), and report standard
nDCG@5 as the evaluation metric. ViDoRe is widely adopted to benchmark visual document retrieval across
various domains. Notably, ViDoRe V2 addresses performance saturation by introducing more generalized
settings and multilingual subsets, while the latest ViDoRe V3 evaluates the model’s ability to retrieve accurate
information from complex, visually-rich documents across diverse industrial contexts.

5.2 Main Results

Tables 1 and 2 present a comparison of various methods across ViDoRe V1 to V3. Our key findings are as
follows:

Existing Pruning-based Methods Struggle with the Performance–Efficiency Trade-off. As shown
in Table 1, pruning-based baselines generally compromise the performance of base models on visually-rich
document retrieval tasks. On ViDoRe V2, even the best-performing baselines incur an average performance
drop of 19.4% and 18.1% on ColQwen2.5 and ColPali respectively. This gap widens further on the more
challenging ViDoRe V3, reaching 19.9% and 21.2%. The performance of clustering-based methods is highly
correlated with representation quality, which shows significant degradation on ColPali. A similar trend is
observed in Table 2, although the pruning loss is somewhat mitigated given each base model is fine-tuned on
similar data sources for certain epochs.

CausalEmbed Achieves Competitive Performance under Extreme Compression Ratios. Results
in Tables 1 and 2 demonstrate that CausalEmbed outperforms almost all other approaches under equivalent
compression constraints. On ViDoRe V2 and V3, CausalQwen achieves nDCG@5 scores of 0.516 and 0.426,

1Training set: vidore/colpali_train_set. Pre-trained BiEncoders: vidore/biqwen2-v0.1 and vidore/bipali.
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significantly surpassing the best-performing baselines, SemCluster and BiQwen2, respectively. On ViDoRe V1,
CausalQwen also achieves a highly competitive average nDCG@5 of 0.811, trailing the best baseline by only
0.005. Remarkably, when applying to PaliGemma, CausalPali even outperforms the full-source ColPali on
all three ViDoRe versions by nearly 5%, further highlighting the strength of CausalEmbed in generating
high-quality document embeddings.

CausalEmbed Demonstrates Strong Generality and Robustness across Backbones and Bench-
marks. In contrast to previous methods that are often sensitive to the quality of the initial representations,
CausalEmbed shows consistent superiority across varying architectures and evaluation scenarios. Whether
applied to the stronger Qwen2.5-VL or the comparatively weaker PaliGemma backbone, our proposed approach
consistently surpasses traditional clustering and pooling methods under the same token budget. Moreover,
the observed performance gains hold across different domains, from the academic-oriented ViDoRe V1 to
the more diverse and multilingual V2 and V3. This consistency suggests that our learned generative policy
effectively captures universal visual semantics without overfitting to specific data distributions. These findings
further validate CausalEmbed as a robust and generalizable solution for efficient visual document retrieval.

5.3 Test-time Scaling of CausalEmbed

To investigate the influence of latent sequence length in CausalEmbed, we conduct additional experiments
on CausalQwen with varying length budgets during both training and inference across multiple domains,
as illustrated in Figure 3. Surprisingly, we observe clear test-time scaling behaviors. (i) Performance
consistently improves with longer sequence lengths. The nDCG@5 score of CausalQwen increases
steadily as the test-time token budget grows from 1 to 32, verifying the benefit of additional tokens in capturing
fine-grained semantics. As the sequence length further increases, the performance gradually approaches the
dotted-line upper bound of ColQwen. (ii) This trend generalizes across domains and languages.
Similar scaling tendencies are observed on both the multilingual Biomedical V2 dataset and its English-only
counterpart, as well as in industrial domains such as Energy and Artificial Intelligence. These results suggest
that test-time scaling is a general property of CausalEmbed rather than a domain-specific phenomenon.

Figure 3: Test-time scaling curves of CausalEmbed. We train
CausalQwen with sequence lengths of 32, 64, and 128, and evalu-
ate its test-time performance under different inference budgets.

(iii) The model exhibits
robustness beyond training-
time configurations. Although
CausalQwen is trained with a
fixed sequence length, its test-time
performance remains stable un-
der moderately shorter or longer
inference budgets. Moreover, the
performance follows a pattern
reminiscent of Matryoshka
Representation, where retrieval
quality is progressively refined
as the token length increases
from 8 to the maximum budget.
This property enables flexible
deployment strategies, ranging from
low-latency short sequences for
fast inference to longer sequences
for higher accuracy. We attribute
this behavior to the auto-regressive
generation mechanism and the
inclusion of a progressive refinement
term in the training objective, further demonstrating the practical value of CausalEmbed in supporting
adaptive inference-time trade-offs.
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(a) Visualization of a successful case. For each query token, document token with highest score is highlighted with a
red box.

(b) Visualization of a failure case. For each query token, document token with highest score is highlighted with a
red box.

Figure 4: Case study of CausalQwen on ViDoRe V2. Heatmaps visualize the self-similarity within query and
document sequences, as well as their cross-similarity.

5.4 Framework Analysis

Latency. A key concern of the auto-regressive paradigm is computational efficiency. Here, we evalu-
ate the end-to-end latency of different document embedding methods. All methods incur a similar for-
ward encoding cost Tf . Subsequently, CausalEmbed generates latent token sequences auto-regressively
benefiting from KV caching, whereas clustering-based baselines prune multi-vector embeddings to a
fixed number of vectors, incurring additional adaptation latency Ta. We define the overall latency as
T = Tf + Ta. Figure 5 reports the latency-performance trade-off on ViDoRe V2 with 32 tokens. The
bubble size reflects the adaptation latency Ta of each method. Compared with clustering-based base-
lines, CausalEmbed achieves lower adaptation latency due to KV caching while delivering superior re-
trieval performance at the same compression ratio. A more detailed analysis is provided in Appendix F.3.

Figure 5: Trade-off between retrieval performance and latency on
ViDoRe V2. Bubble size indicates adaptation overhead.

Visualization. Figure 4 illustrates the
decision-making process of CausalQwen
on ViDoRe V2. Consistent with
the objectives described in Section 4.2,
CausalQwen produces diverse yet com-
pact token-wise embeddings for both
queries and documents. Notably, most
document information is concentrated in
the early tokens, which contribute the
most to the final similarity score, while
later tokens progressively capture finer-
grained details, as reflected by the distri-
bution of highlighted document tokens.
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5.5 Ablation Study

Query-Side Autoregressive Ablation. To investigate the necessity of query-side autoregressive generation,
we conduct an ablation study comparing our full method (CausalQwen) with a variant that uses standard
forward-pass encoding for queries while maintaining autoregressive generation exclusively for documents.
Table 3 presents the results on ViDoRe V1 datasets.

Table 3: Ablation study on query-side autoregressive generation (NDCG@5). Query-Forward + Doc-AR uses
standard forward-pass encoding for queries and autoregressive generation only for documents. ∆ denotes the
performance change compared to CausalQwen (Ours). Negative values indicate performance degradation.

Method ArxivQA ∆ DocVQA ∆ InfoVQA ∆ TabFQuad ∆ TAT-DQA ∆

CausalQwen (Ours) 0.807 – 0.553 – 0.857 – 0.825 – 0.620 –
Query-Forward + Doc-AR 0.702 -0.105 0.472 -0.081 0.794 -0.063 0.707 -0.118 0.505 -0.115

Method ShiftProject ∆ Syn-AI ∆ Syn-Energy ∆ Syn-Gov ∆ Syn-Health ∆

CausalQwen (Ours) 0.737 – 0.927 – 0.907 – 0.935 – 0.941 –
Query-Forward + Doc-AR 0.440 -0.297 0.856 -0.071 0.776 -0.131 0.871 -0.064 0.913 -0.028

As shown in Table 3, forcing the query into a standard forward vector leads to consistent performance
degradation across all datasets. The most significant drops occur on ShiftProject (−0.297), Syn-Energy
(−0.131), and TabFQuad (−0.118). This degradation occurs because representing a complex multimodal
query with standard vectors often leads to knowledge conflict and representation bottlenecks. Autoregressively
generating a few vectors for the query effectively mitigates this issue by allowing the model to capture diverse
aspects of the query semantics.

Table 4: Ablation study of four variants, each modifying a key
component of CausalQwen.

Method Variant ViDoRe V1 ViDoRe V2
Ours (Full Model) 81.1 51.6

w/o Ld 69.7 ↓14.1% 43.6 ↓15.5%

w/o Lq 69.5 ↓14.3% 48.0 ↓7.0%

w/o Lm 0.4 ↓99.5% 1.2 ↓97.7%

w/ ReLU(∆S) 63.3 ↓21.9% 36.5 ↓29.3%

Loss Function Ablation. We conduct
an ablation study on ViDoRe V1 and Vi-
DoRe V2 to assess the contribution of
each objective term in Eq. equation 19,
with results summarized in Table 4. Re-
moving Lm leads to an almost complete
performance collapse on both benchmarks,
highlighting its indispensable role in sta-
bilizing training and establishing a mean-
ingful embedding space. Disabling either
the document-side objective Ld or the
query-side objective Lq also results in con-
sistent performance degradation as well.
This indicates that explicitly encouraging
marginal gains from longer document tra-
jectories and mitigating representation homogenization can be critical for effective auto-regressive embedding
generation. More detailed analysis of training efficiency can be found in Appendix F.

6 Conclusion

Multi-vector multimodal embeddings have been widely adopted for visual document retrieval. However, their
patch-level representations lead to significant storage and deployment overhead. In this paper, we propose a
novel paradigm, CausalEmbed, which generates multi-vector embeddings in an auto-regressive manner with
significantly shorter sequence lengths. Extensive experiments demonstrate that CausalEmbed outperforms
pruning-based baselines, achieving superior performance at an extreme 30× compression ratio. In-depth
theoretical analysis and empirical results reveals the favorable test-time scaling behavior of CausalEmbed,
along with its advantages in training efficiency and inference latency, providing additional flexibility for
real-world deployment. Ultimately, CausalEmbed represents a critical step toward making generative
embeddings in visual document retrieval more practical, scalable, and economically viable in real-world
applications.
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A Broader Impact Statement

Ethical Considerations. We affirm that the development and deployment of the proposed CausalEmbed
framework raises no ethical concerns with regard to its motivation, algorithmic design, training process, or
data usage. CausalEmbed operates on publicly available benchmark datasets and emphasizes efficiency,
interpretability, and generalization. Our method adheres to AI research best practices and contributes to
sustainable and responsible development in multimodal information retrieval.

Societal Implications. CausalEmbed introduces a compact and adaptive auto-regressive paradigm for
visual document retrieval, offering a substantial reduction in token count without sacrificing retrieval accuracy.
This paradigm shift alleviates the storage and latency bottlenecks that hinder real-world deployment of
multi-vector systems. By enabling efficient, high-quality retrieval in low-resource settings, CausalEmbed
can democratize access to multimodal document understanding across domains such as digital libraries, legal
archives, healthcare, and education.

B Use of LLMs

We used AI assistants for two purposes: (1) generating routine code and boilerplate functions, which were
subsequently reviewed and debugged by humans, and (2) performing grammatical review and sentence-level
editing of the manuscript. The research methodology, findings, and analysis were independently proposed
and conducted.

C Additional Analysis and Proofs

C.1 Analysis of Training Efficiency

Theorem C.1 (Preceding-Token Coverage). Under a MaxSim-based late-interaction objective, assume
the index of the maximally matched document token for each query token is uniformly distributed over its
valid range. Let Lforward and Lcausal denote the total preceding-token coverage under forward-based and
auto-regressive embedding paradigms, respectively. Then,

E[Lforward] = NtNv

2 ,

E[Lcausal] = Nq

(
Nv + Nd − 1

2

)
.

(20)

Moreover, when Nq ≈ Nt and Nd ≪ Nv, it holds that

E[Lcausal] ≫ E[Lforward]. (21)

Proof. We analyze the expected number of document-side tokens that are affected by gradient propagation
under the MaxSim objective.

Forward-based Multi-vector Embedding. In the forward-based paradigm, document embeddings are
produced in parallel and indexed as {d0, d1, . . . , dNv

}. For each query token, the MaxSim operation selects a
document index

j ∼ Uniform{0, 1, . . . , Nv}.

Since document tokens are generated independently, only the selected token dj receives a direct gradient
signal, and the number of document tokens preceding it equals j. Thus, the expected preceding-token coverage
for a single query token is

E[Lforward
i ] = 1

Nv + 1

Nv∑
j=0

j = Nv

2 . (22)
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Summing over all Nt query tokens yields

E[Lforward] = Nt · Nv

2 . (23)

Auto-regressive Embedding (CausalEmbed). In the auto-regressive paradigm, document embeddings
are generated sequentially after the visual tokens, with indices

{dNv+1, . . . , dNv+Nd
}.

For each query token, the MaxSim-selected index satisfies

j ∼ Uniform{Nv + 1, . . . , Nv + Nd}.

Due to the causal dependency, the gradient flowing into dj propagates through all preceding generated tokens.
Hence, the number of affected document tokens equals j − 1.

The expected preceding-token coverage for a single query token is therefore

E[Lcausal
i ] = 1

Nd

Nd∑
k=1

(Nv + k − 1)

= Nv + Nd − 1
2 .

(24)

Aggregating over all Nq query tokens gives

E[Lcausal] = Nq

(
Nv + Nd − 1

2

)
. (25)

Comparison. When Nq ≈ Nt and Nd ≪ Nv, the dominant term in E[Lcausal] is NqNv, while E[Lforward]
scales as NtNv/2. Thus,

E[Lcausal] ≈ 2E[Lforward] + O(NqNd), (26)

which completes the proof.

C.2 Analysis of Proposed Training Objective

In this section, we further analyze the gradient flow of CausalEmbed under the overall objective in Eq. 19.
All symbols follow the main body. For convenience, we define and recall the late-interaction (MaxSim)
scoring function

S(Q, D) =
Nq∑
i=1

max
1≤j≤Nd

⟨qi, dj⟩ =
Nq∑
i=1

q⊤
i dj∗(i;Q,D),

j∗(i; Q, D) ≜ arg max
1≤j≤Nd

⟨qi, dj⟩.
(27)

Prefix-recursive gradient decomposition. Due to the auto-regressive dependency, both query- and
document-side embeddings admit a prefix-recursive total derivative:

dqi

dθ
= ∂qi

∂θ
+
∑
τ<i

∂qi

∂qτ

dqτ

dθ
, i = 1, . . . , Nq,

ddt

dθ
= ∂dt

∂θ
+
∑
k<t

∂dt

∂dk

ddk

dθ
, t = 1, . . . , Nd.

(28)
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Input : Batch of visual documents I1, . . . , Ib

Batch of text queries T1, . . . , Tb

Vision-language model fθ = {Φ, Ψ}
Number of doc/query tokens Nd, Nq

Loss weights λm, λd, λq

Output : Total training loss L
1 foreach (Ik, Tk) in batch do
2 // Step 1: Encode document and query input
3 H

(v)
k ← Φ(Ik) ; // Visual context from image

4 Cd ← H
(v)
k , Cq ← Tk

5 // Step 2: Generate latent embeddings auto-regressively
6 Dk = [ ]; for t = 1 to Nd do
7 dt ← Ψ([Cd; d<t]) ; // Append document token
8 Dk ← Dk ∪ {dt}
9 end

10 Qk = [ ]; for t = 1 to Nq do
11 qt ← Ψ([Cq; q<t]) ; // Append query token
12 Qk ← Qk ∪ {qt}
13 end
14 // Step 3: Compute MaxSim similarity scores
15 s+

k ← S(Qk, Dk) ; // Positive pair
16 s−

k ← maxl̸=k S(Qk, Dl) ; // Hard negative
17 end
18 // Step 4: Compute losses
19 Lm ← 1

b

∑b

k=1 log(1 + exp(s−
k − s+

k )) ; // Margin-based contrastive loss
20 Ld ← −S(q, d+

1:Nd
) + S(q, d+

1 ) + S(q, d−
1:Nd

)− S(q, d−
1 ) ; // Progressive refinement

21 Lq ← 1
Z

∑Nq

i=1

∑
j ̸=i

(
q⊤

i qj

∥qi∥∥qj ∥

)2
; // Diversity regularization

22 return L = λmLm + λdLd + λqLq

Algorithm 1: Training Schema of CausalEmbed with Auto-Regressive Embedding

Therefore, the score gradient can be written as

∇θS(Q, D) =
Nq∑
i=1

[(dqi

dθ

)⊤
dj∗(i;Q,D)︸ ︷︷ ︸

query-side signal

+ q⊤
i

(ddj∗(i;Q,D)

dθ

)
︸ ︷︷ ︸

document-side signal

]

=
Nq∑
i=1

[(∂qi

∂θ
+
∑
τ<i

∂qi

∂qτ

dqτ

dθ

)⊤
dj∗(i;Q,D) + q⊤

i

(∂dj∗(i;Q,D)

∂θ
+

∑
k<j∗(i;Q,D)

∂dj∗(i;Q,D)

∂dk

ddk

dθ

)]
.

(29)

Eq. equation 29 explicitly shows that gradients can penetrate the visual context and propagate through the
entire auto-regressive generation chain on both sides.

Contrastive alignment loss Lm. Recall the contrastive objective

Lm = 1
b

b∑
k=1

log
(

1 + exp(s−
k − s+

k )
)

,

s+
k ≜ S(Qk, Dk), s−

k ≜ S(Qk, Dℓ∗(k)), ℓ∗(k) = arg max
ℓ̸=k

S(Qk, Dℓ),

δk ≜ σ(s−
k − s+

k ) − 1,

(30)
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whose gradient is

∇θLm = 1
b

b∑
k=1

δk

(
∇θs+

k − ∇θs−
k

)
= 1

b

b∑
k=1

δk

(
∇θS(Qk, Dk) − ∇θS(Qk, Dℓ∗(k))

)
,

(31)

where each ∇θS(·, ·) is expanded by Eq. equation 29.

Progressive refinement loss Ld. For the progressive refinement objective, we have

Ld = −
(

S(q, D+
1:Nd

) − S(q, d+
1 )
)

+
(

S(q, D−
1:Nd

) − S(q, d−
1 )
)

, (32)

and thus
∇θLd = −∇θS(q, D+

1:Nd
) + ∇θS(q, d+

1 ) + ∇θS(q, D−
1:Nd

) − ∇θS(q, d−
1 ), (33)

where the document-side prefix decomposition is governed by Eq. equation 28.

Diversity regularization loss Lq. Similarly, the diversity regularizer is defined as

Lq = 1
Z

Nq∑
i=1

∑
j ̸=i

(
cij

)2
, cij ≜

q⊤
i qj

∥qi∥∥qj∥
, (34)

with the per-token gradient

gi ≜
∂Lq

∂qi
= 2

Z

∑
j ̸=i

cij

(
qj

∥qi∥∥qj∥
− cij

∥qi∥2 qi

)
. (35)

Combining with the prefix-recursive derivative in Eq. equation 28, we obtain

∇θLq =
Nq∑
i=1

g⊤
i

dqi

dθ
=

Nq∑
i=1

g⊤
i

(
∂qi

∂θ
+
∑
τ<i

∂qi

∂qτ

dqτ

dθ

)
, (36)

which explicitly exposes the query-side prefix recursion.

Overall gradient. Finally, the gradient of the overall objective L = λmLm + λdLd + λqLq is

∇θL = λm∇θLm + λd∇θLd + λq∇θLq

= λm · 1
b

b∑
k=1

δk

(
∇θS(Qk, Dk) − ∇θS(Qk, Dℓ∗(k))

)
︸ ︷︷ ︸

MaxSim + AR chains

+ λd ·
(

− ∇θS(q, D+
1:Nd

) + ∇θS(q, d+
1 ) + ∇θS(q, D−

1:Nd
) − ∇θS(q, d−

1 )
)

︸ ︷︷ ︸
Late-early Separation

+ λq ·
Nq∑
i=1

g⊤
i

(
∂qi

∂θ
+
∑
τ<i

∂qi

∂qτ

dqτ

dθ

)
︸ ︷︷ ︸

Query Orthogonalization

.

(37)

C.3 Training Process of CausalEmbed

To describe the training process of our framework more precisely, we illustrate it in pseudocode, as shown in
Algorithm 1.
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D More Related Work

D.1 Matryoshka Representation Learning

Matryoshka Representation Learning (MRL), proposed by (Kusupati et al., 2022a), aims to encode features
at multiple granularities within a single vector using a nested structure. By incorporating training-time
objectives across various truncation dimensions, MRL enables a flexible trade-off between performance and
efficiency. This method has been widely adopted in recent embedding models (Meng et al., 2025; Li et al.,
2026; Zhuang et al., 2024). Recently, MetaEmbed (Xiao et al., 2025) extended this idea to a token-wise
Matryoshka structure by truncating prefix sequences of varying lengths during multi-vector training, where
the selectable lengths are predefined. In our work, we observe the natural emergence of the Matryoshka
phenomenon in CausalEmbed models as a consequence of autoregressive training. This observation offers
new insights into the training dynamics and intrinsic characteristics of our proposed method.

E Training Details

We trained CausalQwen and CausalPali on the ColPali training set using four NVIDIA A800 GPUs for one
epoch, with a batch size of 8. During training, we disabled gradient checkpointing and enabled KV caching.
Low-Rank Adaptation (LoRA) was employed with a configuration of rank r = 32 and α = 32. The learning
rate was set to 2 × 10−5, and the temperature was maintained at 0.02. For the CausalEmbed loss, the
hyperparameters were configured as λm = 1 and λd = λq = 0.1. Our training framework is based on the
official implementation of ColPali2. In our main experiments, we set Nq = 16 and Nd = 32, and we explored
various values of Nd (32, 64, 128) to analyze the train- and test-time scaling behaviors of CausalEmbed.

F Supplemental Results

F.1 Empirical Validation of Uniform Distribution Assumption

In Section C.1, our theoretical analysis of training efficiency relies on the assumption that MaxSim-selected
document indices are uniformly distributed. To validate this assumption empirically, we visualize the
distribution of selected indices for both our autoregressive method and the standard forward-pass method on
real and synthetic data.

Figure 6: Empirical distribution of MaxSim-selected document indices on real data (left) and synthetic
data (right). The distributions align remarkably well with the theoretical uniform distribution assumption,
validating our efficiency analysis in Theorem C.1.

As shown in Figure 6, the empirical distributions of our autoregressive method closely match the theoretical
uniform distribution on both real-world and synthetic datasets. This alignment robustly validates the
assumptions underlying our training efficiency analysis.

2https://github.com/illuin-tech/colpali
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Figure 7: Training and evaluation loss curves of CausalQwen and CausalPali over one epoch.

F.2 Training Dynamics

We visualize the training dynamics of CausalQwen and CausalPali in Figure 7. Unlike conventional multi-
vector approaches, where only a selected subset of tokens contributes to the gradient updates of the backbone,
CausalEmbed conditions on all preceding tokens and enables more comprehensive parameter updates at
each generation step. As shown in Figure 7, both training and evaluation losses decrease rapidly and converge
within a single epoch of approximately 10,000 steps, a behavior commonly observed in auto-regressive LLM
pre-training. This training trajectory indicates that CausalEmbed achieves efficient sample utilization and
rapid convergence under limited computational budgets, whereas previous methods often require 3-5 epochs to
reach comparable stability.

F.3 Comprehensive Latency Breakdown

To provide a complete picture of the latency trade-offs, we present a detailed end-to-end latency breakdown
in Table 5. The benchmarks are averaged over 5 runs with 512 samples and a batch size of 64. Here, Tf

denotes forward pass time and Ta denotes aggregation/autoregressive time.

Table 5: End-to-end latency breakdown (in milliseconds) comparing CausalEmbed with baseline methods.
While autoregressive generation introduces a slight query encoding overhead (702.68 ms vs 219.81 ms for
Vanilla), it dramatically accelerates the critical Late Interaction (MaxSim) phase by approximately 11.8×
(3.74 ms vs 44.30 ms) due to extreme token compression.

Method Doc Tokens Doc Encode Query Encode Late Interaction Total E2E
(Tf + Ta) (Tf + Ta) (ms)

Vanilla 759 80309.26 219.81 44.30 80573.37
1D-Pool 32 80442.32 219.81 5.28 80667.42
KMeans 32 102459.53 219.81 4.39 102683.74
SemCluster 32 97120.73 219.81 4.04 97344.58
Ours 32 81215.20 702.68 3.74 81921.61

The results demonstrate that although CausalEmbed introduces additional query encoding time due to
autoregressive generation, this overhead is more than compensated by the substantial speedup in the MaxSim
computation phase. This trade-off is particularly advantageous in large-scale retrieval scenarios where the
late interaction phase dominates the overall latency.

F.4 Test-time Scaling

In Figure 8, we present additional results on the test-time scaling behavior of CausalEmbed across different
datasets. The experiments are primarily conducted using CausalQwen. The overall trends consistently align
with our analysis in Section 5.3.
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F.5 Case Study

In Figures 9, 10, 11, and 12, we present additional examples from CausalQwen and ColPali. These cases illus-
trate the multi-vector representations generated by the models, along with their corresponding interactions.
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Figure 8: Additional results illustrating the test-time scaling characteristics of CausalQwen on ViDoRe V1
and V2.
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Figure 9: Success cases of CausalQwen.

Figure 10: Success cases of CausalPali.
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Figure 11: Failure cases of CausalQwen.

Figure 12: Failure cases of CausalPali.
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