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Abstract

Multimodal representation learning primarily
relies on contrastive objectives such as In-
foNCE to align diverse modalities. However,
these methods focus almost exclusively on di-
rectional alignment and often neglect the intrin-
sic role of embedding magnitudes (L2-norm)
in the contrastive process. To bridge this gap,
we propose L2Dir, a plug-and-play framework
designed to optimize L2-norm alignment and
Directional consistency jointly. As a highly
efficient solution, L2Dir doesn’t require ex-
tra data, distillation, or external supervision.
It can be integrated seamlessly into existing
pipelines by employing a lightweight MLP
to reconstruct magnitudes from backbone fea-
tures. Extensive evaluations across 95 tasks
using UniIR and VLM2Vec-V2 frameworks
demonstrate that L2Dir yields consistent and
significant performance gains over established
baselines across various backbones and scales,
proving that explicit magnitude modeling is
a versatile and potent method for refining un-
supervised multimodal representations. The
source code is available at https://github.
com/tianyuzong/L2Dir_ACL2026.

1 Introduction

In multimodal retrieval tasks, existing approaches
are primarily categorized into two paradigms. The
first one comprises Twin-Tower architectures such
as CLIP (Radford et al., 2021a) and UniIR (Wei
et al., 2024), which encode modalities indepen-
dently using dedicated encoders like ViT (Doso-
vitskiy et al., 2021) and RoBERTa (Liu et al.,
2019). While known for their inference efficiency,
these models often struggle with fine-grained cross-
modal interaction and precise semantic alignment.
The second one leverages Vision-Language Mod-
els (VLMs) such as LLaVA (Liu et al., 2023a) and
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Figure 1: The radar plots report the Recall@1 (left)
and Recall@10 (right) performance for L2Dir (Ours)
versus the baselines. Our method achieves consistent
improvements across all 9 scenarios, spanning different
backbones (Qwen2-VL 2B/7B, GME 2B, CLIP-B/L),
various retrieval frameworks (VLM2Vec-V2, UniIR),
and multiple training data settings (Image-Text, VisDoc-
T, and Full-set) for VLM2Vec-V2. Detailed in Sec. 4.

the Qwen-VL series (Bai et al., 2023; Wang et al.,
2025b), which adopt a ViT-Projector-LLM architec-
ture to inject visual features into Large Language
Models (LLMs). By harnessing the contextual rea-
soning and powerful representation space of LLMs,
VLM-based methods, exemplified by recent works
such as VLM2Vec-V2 (Meng et al., 2025), have
achieved superior modal alignment and have be-
come an emerging trend in complex retrieval tasks.

Regardless of the underlying architecture, these
models primarily rely on unsupervised contrastive
objectives, such as InfoNCE (van den Oord et al.,
2018), to learn effective representations. This dom-
inant paradigm focuses almost exclusively on align-
ing embedding directions within a unit hypersphere,
while largely neglecting the magnitudes (L2-norm)
of the representation vectors. However, sole re-
liance on directional alignment can be limiting
when semantically distinct pairs exhibit similar di-
rections. The L2-norm provides a complementary
structural constraint that, when optimized along-
side directional consistency, enforces a more rigor-

https://github.com/tianyuzong/L2Dir_ACL2026
https://github.com/tianyuzong/L2Dir_ACL2026
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Figure 2: This figure visualizes the initial embed-
ding distributions of Qwen2-VL-2B (MMEB-V2 (Meng
et al., 2025)) and TNCSE (Wiki1M (Gao et al., 2021))
before training. We randomly select 100 samples from
each dataset and project the embeddings into a 2D space
employing t-SNE (Cieslak et al., 2020). Light gray lines
connect corresponding positive pairs.

ous matching criterion for positive pairs. Integrat-
ing magnitude alignment as an auxiliary objective
regularizes the feature space, leading to a more
comprehensive alignment mechanism.

Despite its potential, semantic norm alignment in
multimodal settings remains theoretically and em-
pirically underexplored. Existing technique, such
as TNCSE (Zong et al., 2025), is tailored explic-
itly for unimodal text scenarios. In contrast, mul-
timodal tasks involve inherent structural dispari-
ties where visual and textual embeddings differ
fundamentally in their distribution geometry. As
visualized in Fig. 2, TNCSE embeddings spread
evenly across the representation space. In contrast,
queries and targets represented with Qwen2-VL are
almost entirely segregated into two distinct groups
that are far apart from each other. This structural
disparity and clustered geometry render the orig-
inal alignment objective less compatible, leading
to persistent numerical instability and sub-optimal
convergence (see Ablation Study 5.1). These find-
ings underscore the necessity of a multimodality-
aware redesign of the norm alignment mechanism
to ensure stable and effective optimization.

To address these challenges, we propose L2Dir, a
plug-and-play framework that jointly optimizes L2-
norm alignment and directional consistency during
contrastive learning. This framework introduces
a refined similarity metric that effectively couples
L2-norm constraints with the directional objectives
of InfoNCE, enabling the collaborative optimiza-
tion of embedding magnitude and direction within
standard pipelines. By leveraging this metric, we
formulate a stable contrastive loss that ensures ro-
bust multimodal training. We theoretically verify

that the resulting gradient updates align with de-
sired norm-consistency trends, effectively resolv-
ing the instability and convergence issues observed
in prior methods. Doesn’t require extra data or dis-
tillation, L2Dir achieves consistent retrieval gains
across diverse architectures, ranging from CLIP-
style towers to 7B-scale VLMs. In Fig. 1, we
report the performance boost of L2Dir when inte-
grated with mainstream backbones across various
multimodal retrieval tasks. The radar chart clearly
illustrates that L2Dir-enhanced models consistently
outperform their base counterparts. We summarize
our main contributions as follows:

• We propose L2Dir, a lightweight and plug-
and-play framework that achieves synergistic
optimization of L2-norm alignment and di-
rectional consistency in unsupervised settings.
This framework is efficient as it doesn’t re-
quire auxiliary data, knowledge distillation, or
external supervision during training.

• We introduce a novel contrastive loss for sta-
ble multimodal L2-norm alignment. Analyti-
cally verified for its value range and gradient
behavior, this loss provides a reliable objec-
tive, overcoming the convergence failures of
prior methods in multimodal settings.

• Extensive evaluations across 95 diverse tasks
from the VLM2Vec-V2 and UniIR frame-
works demonstrate the broad efficacy of
L2Dir. It consistently yields performance
gains across multiple retrieval metrics and
diverse architectures, including Qwen2-VL
(2B/7B), GME 2B, and CLIP-B/L, proving
its robustness as a general enhancement for
multimodal representations.

2 Related Works

Multimodal retrieval has evolved from tradi-
tional Twin-Tower architectures to modern Vision-
Language Model (VLM) paradigms. CLIP (Rad-
ford et al., 2021a) pioneers the Twin-Tower ap-
proach, utilizing InfoNCE loss to align heteroge-
neous modalities in a shared directional space. Sub-
sequent frameworks, such as UniIR (Wei et al.,
2024), generalize this paradigm to diverse retrieval
scenarios via the M-BEIR benchmark, demonstrat-
ing the scalability of contrastive objectives. How-
ever, these methods focus exclusively on direc-
tional consistency. This approach effectively treats



embeddings as points on a unit hypersphere, leav-
ing the L2 norm unmodeled.Recent studies have
begun to uncover the critical role of geometric
properties in Transformer representations. Specif-
ically, it has been demonstrated that the L2 norm
of embedding vectors serves as a reliable proxy for
aleatoric certainty, where high-magnitude vectors
correspond to clear semantic content and low mag-
nitudes reflect inherent data ambiguity (Kirchhof
et al., 2023). Despite its importance, the preserva-
tion of such geometric information faces architec-
tural and objective-level challenges. For instance,
while LayerNorm stabilizes Transformer training,
it can suppress essential signals through forced
numerical normalization, thereby limiting the dy-
namic range of features (Singhal and Kim, 2025).
Furthermore, the traditional InfoNCE loss tends
to force embeddings onto a unit hypersphere; this
excessive pursuit of uniformity often leads to the
loss of semantic density information, making it dif-
ficult for models to distinguish samples with vary-
ing confidence levels (Wang and Liu, 2021).The
VLM paradigm addresses the alignment challenge
by using efficient projection layers to inject vi-
sual features into LLMs. Within this landscape,
GME (Zhang et al., 2024) and LamRA (Liu et al.,
2025) explore unsupervised contrastive learning to
refine these cross-modal bridges. More recently,
VLM2Vec (Jiang et al., 2025) and VLM2Vec-V2
(Meng et al., 2025) have established new state-of-
the-art benchmarks on MMEB (Jiang et al., 2025)
and MMEB-V2 (Meng et al., 2025) by leverag-
ing powerful backbones such as Phi-3.5-V (Abdin
et al., 2024) and Qwen2-VL (Wang et al., 2025b).
While techniques like GradCache optimize train-
ing efficiency, the underlying objective still relies
solely on InfoNCE.This persistence highlights a
critical gap across both paradigms, where the L2

norm remains a vital but neglected dimension in
multimodal alignment. In our work, we intervene at
the architectural level to explicitly learn magnitude
alignment while optimizing directional consistency.
This design protects the geometric richness of the
representation space and achieves more discrimi-
native multimodal alignment, effectively comple-
menting directional consistency to achieve a more
comprehensive representation space.

3 Method

We first revisit L2-norm constraints and analyze the
monotonicity of the TNCSE-based LTN loss. To
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Figure 3: The gradient field of LTN highlights regions
dominated by the cosine similarity t (red) and the mag-
nitude ratio k (green). The point (1, 1) denotes perfect
alignment, where both direction and magnitude are opti-
mally matched.

address multimodal embedding gaps, we propose
Tensor Norm Similarity (simTN) and a stable con-
trastive loss, InfoTN. Finally, we present the L2Dir
framework, which enables the joint optimization
of L2-norm and embedding direction through the
unified training of InfoTN and InfoNCE.

3.1 Concise LTN Definition
Existing unsupervised contrastive learning meth-
ods rely on the InfoNCE loss, which focuses solely
on aligning the directions of positive samples. Con-
versely, TNCSE has demonstrated that explicitly
focusing on the L2 Norm of the representation ten-
sor can improve performance in semantic text simi-
larity tasks. The tensor norm constraint objective
is defined as Eq. 1:

LTN (hq,ht) =
∥hq − ht∥
∥hq∥+ ∥ht∥

, (1)

where hq and ht denote the representative of a
query and its corresponding target in a positive pair,
and γ is the angle between them. ∥·∥ represents the
L2 norm. By applying the Law of Cosines to the
numerator ∥hq − ht∥, Eq. 1 is expressed as Eq. 2:

LTN =

√
∥hq∥2 + ∥ht∥2 − 2 ∥hq∥ ∥ht∥ cos γ

∥hq∥+ ∥ht∥
.

(2)
This loss is reformulated as a bivariate function
LTN (k, t), where k = ∥ht∥/∥hq∥ ∈ (0,∞) de-
notes the norm ratio and t = cos γ ∈ [−1, 1] repre-
sents the cosine similarity. Since the cosine func-
tion is bounded, t ∈ [−1, 1]. Therefore, Eq. 1 can
be expressed in the compact form of Eq. 3:

LTN (k, t) =

√
1 + k2 − 2 · kt

1 + k
. (3)



The ideal minimum, LTN (k, t) = 0, is achieved
when both k = 1 perfect L2-Norm alignment and
t = 1 perfect directional alignment. Our objective
is to rigorously analyze and adapt this approach for
multimodal retrieval, as its convergence properties
and the existence of local optima have not been
systematically investigated in prior work.

3.2 Proposed InfoTN Loss Function

We first visualize the initial t-SNE distribution in
Fig. 2. The results reveal that Qwen2-VL exhibits
severe modal separation, rendering LTN unsuitable.
Specifically, due to this substantial inter-modal dis-
parity, directly minimizing the norm difference via
LTN is counterproductive. This straightforward ob-
jective fails to drive the L2-norm ratio of positive
pairs toward the expected unity (k = 1), instead
causing persistent ratio instability during training1.
Therefore, we shift the optimization focus from di-
rect difference minimization to relative norm rank-
ing within the L2-norm space. We reconstruct LTN

into a similarity-based representation, as Eq. 4:

simTN (hq,ht) = 1− LTN . (4)

To establish the mathematical foundation of this
metric, we first determine its range. We prove that
LTN is strictly bounded within [0, 1], as Eq. 5. The
derivation is provided in Appendix B.

0 ≤ LTN (k, t) ≤ 1. (5)

This derivation directly ensures that simTN is
bounded within [0, 1], providing a stable numer-
ical range for contrastive learning.

Beyond boundedness, we analyze the optimiza-
tion landscape of LTN to justify the effectiveness
of simTN. LTN is monotonically decreasing with
respect to t and possesses a unique global minimum
at k = 1, ensuring it reaches its optimum if and
only if the positive pair achieves perfect alignment,
and the rigorous mathematical proof and visualiza-
tion are reported in Appendix A. The landscape is
inherently consistent with our objective of achiev-
ing simultaneous alignment in both magnitude and
direction. This well-behaved landscape identifies
LTN as a faithful reflection of dissimilarity; conse-
quently, our proposed simTN (hq,ht) inherits these
desirable properties. It functions as a comprehen-
sive similarity metric that is strictly and positively
correlated with feature consistency, ensuring that

1We report these findings in Appendix D.

an increase in the similarity score accurately re-
flects any optimization progress toward the target.
This is further supported by the gradient field in
Fig. 3, where the distinct regions of dominance
for t and k provide complementary and consistent
optimization signals across the functional space,
guiding the model efficiently toward the target.

Leveraging these properties, simTN introduces a
norm-based perspective to the standard contrastive
framework, complementing the existing directional
alignment. While conventional methods primar-
ily rely on the InfoNCE loss to align directional
semantics, we incorporate InfoTN to account for
magnitude consistency explicitly. By integrating
simTN into the training process, the model achieves
a more comprehensive alignment of representations
across both direction and magnitude. The standard
InfoNCE and our proposed InfoTN loss are formu-
lated as Eq. 6 and Eq. 7:

LNCE
(
hq,h

+
t

)
= − log

esim(hq ,h
+
t )/τ∑

D esim(hq ,h
j
t)/τ

, (6)

LInfoTN
(
hq,h

+
t

)
= − log

esimTN(hq ,h
+
t )/τTN∑

D esimTN(hq ,h
j
t)/τTN

,

(7)
where hq and h+

t represent the query and positive
target embeddings, while D denotes the set of all
in-batch target samples. Temperature parameters τ
and τTN are declared in Appendix C.

3.3 Proposed L2Dir Framework

To effectively implement the L2Dir framework,
which jointly optimizes directional alignment
LInfoNCE and L2-Norm ranking LInfoTN, we intro-
duce the Norm Alignment Projector, NAP. The
NAP is a simple randomly initialized FFN designed
to reconstruct the L2-Norm features from the hid-
den states normalized by RMSNorm (Zhang and
Sennrich, 2019) or LayerNorm, which are often
suppressed by normalization layers in the back-
bone. The NAP’s Output, PO, is used exclusively
for the LInfoTN loss. This design strategy ensures
our method can be flexibly adopted to different en-
coder architectures. We detail the integration of
NAP into two distinct classes of foundational mod-
els: UniIR-based CLIP models and VLM2Vec-V2-
based Qwen2-VL models.
L2Dir for VLM Model. For models utiliz-
ing a ViT-Projector-LLM architecture, such as
VLM2Vec-V2 based on Qwen2-VL and GME, we
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Figure 4: The overall architecture of the L2Dir framework which is instantiated on two multimodal backbones. (a)
L2Dir is built upon VLM with the VLM2Vec-V2, with embeddings extracted via EOS token pooling. (b) L2Dir is
built upon CLIP with the UniIR, with embeddings obtained via mean pooling.

use the LLM encoded Last Hidden States (LHS) for
training. Since LHS is normalized by RMSNorm,
its L2 Norm features are clipped, retaining only di-
rectional information for LInfoNCE. To reconstruct
the norm features, we apply NAP. We do not use
the Language Model head (LM head) for genera-
tive tasks because its excessively sparse logit distri-
bution and large output dimension cause memory
overflow even with LoRA (Hu et al., 2022) fine-
tuning. NAP is an FFN placed immediately after
the LLM output LHS, operating in parallel with the
RMSNorm output flow. Its input and output dimen-
sions align with the LHS dimension, preventing
memory overflow. The NAP’s output, PO, captures
the reconstructed L2 Norm features. We employ
PO in the LInfoTN objective and LHS in the stan-
dard LInfoNCE, training them jointly
L2Dir for Twin-Tower Model. For Twin-Tower
models, we adopt the UniIR framework built upon
CLIP (Radford et al., 2021a). The UniIR frame-
work adds a T5 stack (Raffel et al., 2020) as a
Merge Layer after the CLIP encoders. This T5
stack output, which serves as the final merged em-
bedding, still terminates with a LayerNorm. Conse-
quently, the features are directional only, retaining
no L2 Norm information for the LInfoTN constraint.
To capture essential norm features, NAP is applied
in parallel with the final T5 LayerNorm. This strat-
egy yields a representation with L2 Norm features.
We utilize the LayerNorm output for the directional
constraint LInfoNCE, while the PO is used for the
LInfoTN norm constraint. This architectural strat-
egy enables the joint training of directional and L2
Norm features within the Twin-Tower structure.
The loss function for L2Dir. In summary, for

both the VLM models and the Twin-Tower models,
the L2Dir framework achieves joint optimization
of directional features LInfoNCE and L2 norm fea-
tures LInfoTN by applying NAP in parallel after the
normalization layer. Since both are negative log
likelihood losses, they can be directly summed. We
define the overall loss function LL2Dir as Eq. 8:

LL2Dir = λ · LNCE
(
LHSq,LHS+

t

)
+ (1− λ) · LInfoTN

(
POq,PO+

t

)
,

(8)

where λ ∈ [0, 1], as detailed in Section 5.

4 Experiments

4.1 Experimental Setup
To widely assess the effectiveness of the L2Dir
framework, we apply the L2Dir framework to two
distinct architectures: the VLM structure, based on
VLM2Vec-V2, and the Twin-Tower model, based
on UniIR. We use these architectures to train and
evaluate multimodal retrieval tasks.
L2Dir for VLM. All experiments are conducted
within the L2Dir framework applied to represen-
tative VLM architectures, utilizing the MMEB
V2-train dataset derived from the VLM2Vec-V2
pipeline. Our evaluation focuses on three pivotal
multimodal retrieval categories: Image-Text (I-
T, 36 tasks), VisDoc-Text (VD-T, 27 tasks), and
Video-Text (V-T, 18 tasks). To rigorously vali-
date the generalization of the proposed method,
we implement three progressive training settings
for the Qwen2-VL-2B backbone: (i) I-T Training
Only, to assess zero-shot transferability on VD-T
and V-T; (ii) Joint I-T + VD-T Training, to exam-
ine zero-shot performance on V-T; and (iii) Full



Types T-I T-IT IT-T
Tasks VisualNews MSCOCO Fashion200k EDIS WebQA OVEN InfoSeek
Metrics @1 @10 @1 @10 @10 @50 @1 @10 @1 @10 @1 @10 @1 @10
UniIR-B 4.46 16.83 30.01 71.20 3.96 13.09 17.68 44.96 34.61 70.89 9.8 32.0 6.6 20.9
L2Dir-B 4.77 19.12 31.11 71.73 4.54 13.44 18.02 47.30 32.90 68.58 10.1 33.5 6.5 21.0
UniIR-L 8.07 26.90 44.26 83.28 9.66 23.79 21.01 53.22 44.60 79.73 17.05 42.10 8.28 24.68
L2Dir-L 12.37 36.20 46.25 84.24 11.05 25.13 21.78 57.11 38.15 76.18 21.82 50.07 11.95 32.82
Types I-T IT-I IT-IT
Tasks VisualNews MSCOCO FashionIQ Fashion200k CIRR OVEN InfoSeek
Metrics @1 @10 @1 @10 @10 @50 @10 @50 @1 @10 @1 @10 @1 @10
UniIR-B 4.32 16.96 43.20 81.04 4.81 14.32 11.48 26.07 5.95 37.15 24.06 51.50 10.82 33.89
L2Dir-B 4.78 18.83 43.06 81.60 5.11 15.14 11.83 27.52 5.18 36.93 26.55 53.37 11.31 36.65
UniIR-L 7.84 26.46 59.50 92.08 9.88 24.69 18.94 36.93 10.26 50.07 38.13 65.04 19.04 45.03
L2Dir-L 12.50 36.30 62.52 92.28 10.86 27.06 19.67 38.11 7.91 45.56 43.95 71.29 23.77 54.55

Tasks Image-Text Video-Text VisDoc-Text AllCLS GD QA RET CLS MRET QA RET OOD VDRv1 VDRv2 VR

Qwen2-VL 2B VLM2V-2 63.36 75.40 56.43 66.21 34.27 30.42 31.65 23.85 29.15 18.33 13.76 37.09 42.63
L2Dir 64.00 76.63 57.52 67.81 34.68 36.43 31.01 25.45 26.65 18.00 14.78 45.32 43.98

Qwen2-VL7B VLM2V-2 66.23 78.70 56.78 70.11 42.71 42.52 30.84 32.63 34.39 20.58 12.43 58.59 47.24
L2Dir 65.95 78.73 57.61 70.02 43.31 41.06 32.50 32.48 37.43 39.15 20.29 57.63 50.42

GME 2B VLM2V-2 62.14 73.08 56.05 67.83 30.20 37.20 29.94 24.30 34.40 37.49 26.36 43.56 46.67
L2Dir 61.49 74.65 55.78 69.46 33.53 37.97 30.38 24.74 35.76 49.48 32.24 48.21 49.57

Qwen2-VL 2B VLM2V-2 64.07 76.55 56.47 67.44 38.40 36.18 32.08 26.41 36.95 51.05 36.37 63.32 51.93
L2Dir 63.88 79.83 57.30 68.18 37.18 38.44 32.56 26.03 38.05 53.88 35.55 64.16 52.70

Qwen2-VL 2B VLM2V-2 64.02 75.33 56.89 67.57 37.34 32.89 33.17 26.32 38.00 54.51 38.59 68.36 52.86
L2Dir 64.39 77.28 56.10 67.86 40.47 33.94 33.83 28.62 35.75 51.31 39.83 70.12 53.09

Qwen2-VL7B VLM2V-2 63.48 74.85 56.23 69.38 40.43 39.90 33.73 30.78 40.90 56.76 32.43 73.08 53.95
L2Dir 64.82 79.50 57.17 69.18 41.01 37.16 35.61 30.49 41.95 58.84 42.90 74.71 55.80

GME 2B VLM2V-2 61.71 76.23 57.14 69.20 36.43 34.15 32.79 25.09 41.14 67.49 43.29 66.34 54.79
L2Dir 63.20 78.33 57.09 70.73 39.31 37.00 33.99 27.27 41.39 67.28 46.01 65.49 55.95

Model Q2B Q7B G2B Q2B Q2B Q7B G2B Metrics @1 @10
VLM2V2 42.6/42.2 47.2/46.7 46.7/46.2 51.9/51.4 52.7/52.3 54.0/53.4 54.8/54.2 UR-B/L 17.4/25.3 35.5/44.8
L2Dir 44.0/43.6 50.4/49.9 49.6/49.0 52.7/52.1 53.1/52.6 55.8/55.2 56.0/55.4 LD-B/L 17.7/27.5 36.4/48.4

Model Q2B Q7B G2B Q2B Q2B Q7B G2B
VLM2V2 40.3/63.5/71.1 50.2/74.4/81.2 43.6/68.3/75.5 48.2/73.0/80.1 49.0/73.7/80.5 50.2/74.4/81.2 50.6/75.5/82.4
L2Dir 41.9/64.7/81.9 51.4/75.2/82.1 46.1/70.5/77.7 49.1/73.4/80.8 49.2/73.7/80.8 51.4/75.2/82.1 51.5/76.3/83.0

Table 1: The table consists of four sections. The first reports detailed Recall metrics for CLIP models under the
UniIR and L2Dir frameworks. The second presents Hit@1 results comparing VLM models across the VLM2Vec-V2
and L2Dir frameworks. The third summarizes average performance by reporting MRR@1 and NDCG@1 across 81
tasks for the VLM2Vec-V2 comparison, as well as Recall@1 and Recall@10 for the UniIR comparison. The fourth
provides the mean Recall@1/5/10 across 81 tasks specifically for the VLM2Vec-V2/L2Dir comparison. , , and

denote training on I-T data, I-T + VD-T data, and the full dataset, respectively. Note that models and frameworks
in the third and fourth sections are presented using abbreviations. Better performance is Bolded.

Dataset Training, for a comprehensive evaluation
across all modalities. To further demonstrate the
broad applicability of L2Dir, we extend our base-
lines to include larger-scale and alternative archi-
tectures, specifically Qwen2-VL-7B and GME 2B.
To evaluate retrieval performance, we primarily re-
port Hit@1, MRR@1, NDCG@1, and Recall@1,
5, 10. These metrics measure the model’s accuracy
in ranking relevant items within the top results.

L2Dir for Twin-Tower Model. For the Twin-
Tower architecture, we apply the L2Dir frame-
work to the UniIR structure, utilizing the M-BEIR
dataset, which is explicitly associated with the
UniIR framework. Our evaluation focuses on six
distinct cross-modal retrieval tasks: Text-Image

(T-I, 3 tasks), Image-Text (I-T, 3 tasks), Image,
Text-Text (IT-T, 2 tasks), Text-Image, Text (T-IT,
2 tasks), Image, Text-Image (IT-I, 2 tasks), and Im-
age, Text-Image, Text (IT-IT, 2 tasks). Retrieval
performance is measured via Recall@5/10, with
Recall@10/50 reported for specific tasks to main-
tain consistency with the UniIR framework’s origi-
nal settings. Under the feature fusion mode of the
UniIR framework, we employ the ViT-B/32 and
ViT-L/14 versions of CLIP as our baselines.

Baseline Implementation and Fairness. To en-
sure a fair comparison, all baselines are locally re-
produced, with their hyperparameters strictly main-
tained according to the official open-source settings.
This rigorous replication ensures that our proposed
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Figure 5: The ratio is defined as ∥hq∥ /
∥∥h+

t

∥∥ for positive pairs within a batch. (a–c) Temporal evolution of Ratio
Max, Ratio Min, and Ratio Std; (d–f) Statistical distributions across experimental groups. In panels (d) and (e), Bias
and Std are calculated relative to the target value of 1.0; in panel (f), they represent the standard arithmetic mean
and deviation of the data. Boxplots show the interquartile range (IQR; 25th to 75th percentiles) as boxes, with the
median marked by a red line. Whiskers extend to the most extreme data points within 1.5 × IQR from the quartiles.

framework is evaluated against the baselines under
identical experimental environments. Our hyperpa-
rameter settings are detailed in Appendix C.

4.2 Experimental Results and Analysis

We report the comprehensive evaluation results
in Table 1, which consistently validate the supe-
riority of our proposed method across multiple
benchmarks. On the M-BEIR, our approach, ap-
plied to CLIP-B and CLIP-L backbones, outper-
forms the baselines across the majority of the 14
multimodal retrieval tasks, demonstrating its effec-
tiveness in traditional Twin-Encoder architectures.
Our method consistently outperforms the baselines
across all backbones and evaluated metrics within
the extensive MMEB-V2 benchmark. Specifically,
we observe superior performance in both Hits@1,
MRR@1, NDCG@1, and Recall@1, 5, and 10
compared to existing methods. We consider av-
erage performance across 81 tasks spanning three
meta-categories: Image-Text (36 tasks: CLS, QA,
RET, GD), Video-Text (18 tasks: CLS, QA, RET,
MRET), and VisDoc-Text (27 tasks: VDRv1/v2,
VR, OOD). The results indicate that our approach
maintains a significant lead in retrieval perfor-
mance across these diverse categories, regardless
of the training configuration. This consistent gain,
even under data-restricted settings such as train-
ing on I-T data only, underscores the robustness
of the norm alignment mechanism and its excep-
tional cross-modal generalization capabilities. The
details of Table 1 are supplemented in Appendix E.
In Appendix G, we report the number of trainable

Metric @1 @5 @10
InfoNCE Only 63.7 84.1 88.7
InfoNCE +LTN 63.8 83.5 85.6
InfoTN Only 3.3 5.8 7.2
InfoNCE+InfoTN (Ours) 64.9 85.0 89.5

Table 2: This table reports the average Recall@1/5/10
performance across 36 image-text retrieval tasks under
four loss function settings.

parameters introduced by the NAP network and the
corresponding performance improvement.

5 Ablation Study

All ablation studies are conducted on the
VLM2Vec-V2 framework.

5.1 Stability Analysis of Our Setting

To evaluate training dynamics, we monitor the mag-
nitude ratio (∥hq∥ /

∥∥h+
t

∥∥) for positive pairs. Ide-
ally, this ratio should converge toward unity with
minimal variance. As shown in Fig. 5(a) and 5(b),
while all configurations trend toward the 1.0 equi-
librium, except InfoTN Only, our InfoNCE + In-
foTN setting maintains narrower 5th ∼ 95th per-
centile intervals, demonstrating superior stability.
Fig. 5(c) and 5(f) further quantify this stability,
showing that InfoNCE + InfoTN yields a standard
deviation near zero and the smallest bias relative to
zero, confirming its superior convergence among
all loss settings. Moreover, statistical analysis of
the initial 2,500 steps (Fig. 5(d) and 5(e)) reveals
that our setting consistently achieves the minimum
Bias and Std relative to 1.0. These results confirm
that InfoTN facilitates a more rapid and precise
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Figure 6: This figure presents t-SNE visualizations of 100 randomly selected positive sample pairs under two loss
function settings. The embeddings are sampled every 500 steps, from step 100 to 2100.

alignment of representation norms, ensuring a more
stable optimization process than InfoNCE only. Ta-
ble 2 reports the performance on 36 I-T tasks for
the checkpoints derived from the four aforemen-
tioned loss function configurations.

5.2 The Necessity of InfoNCE

While Fig. 3 visualizes InfoTN’s contribution to
directional alignment, we investigate if it can func-
tion independently. Theoretically, InfoNCE en-
sures uniform directional distribution by repelling
negative samples, whereas InfoTN focuses solely
on norm consistency. Without InfoNCE’s repul-
sive force, the inherent representation collapse in
Qwen2-VL is significantly exacerbated. To vali-
date this, we compare our complete setting against
an InfoTN-only baseline. t-SNE visualizations of
positive pairs (Fig. 6) reveal that under InfoTN-
only, embeddings remain collapsed with a persis-
tent modal gap. In contrast, the integration of In-
foNCE effectively mitigates collapse and bridges
the modal separation as training progresses. Quan-
titatively, InfoTN-only yields negligible improve-
ments in average Recall@1/5 across 36 I-T retrieval
tasks, confirming that InfoNCE is indispensable for
driving effective optimization.

5.3 Decoupling Loss and Architecture

To verify that the performance gains stem from
the design of InfoTN rather than the increased
parameter count from the NAP module, we com-
pared InfoNCE + InfoTN (NAP) against InfoNCE
+ InfoNCE (NAP). Under identical experimental
conditions, the former outperformed the latter in
Hit@1/5/10 metrics across 36 I-T retrieval tasks, as
reported in Table 3. These results demonstrate that
InfoTN can more effectively leverages the features
extracted by NAP to enhance representation quality
through directional alignment optimization.

Metric @1 @5 @10
InfoNCE Only (Baseline) 63.7 84.3 88.7
InfoNCE+InfoNCE (NAP) 63.8 84.5 88.9
InfoNCE+InfoTN (NAP) 64.9 85.0 89.5

Table 3: This table reports the ablation results for de-
coupling the additional network NAP and InfoTN.

Settings Dir+Norm Dir Only Norm Only
VLM2V2 (Q) 63.7/84.1 62.6/83.8 58.9/80.1
L2Dir (Q) 64.9/85.0 64.7/85.0 60.3/81.1
VLM2V2 (G) 63.6/84.6 63.0/84.1 59.3/80.5
L2Dir (G) 64.4/84.8 63.8/84.2 61.8/87.4

Table 4: This table reports the Hit@1/5 performance of
models utilizing Qwen2-VL-2B and GME2B as back-
bones across 36 image-text retrieval tasks, evaluated by
various metrics.

5.4 Impact of NAP in Retrieval Tasks

We investigate the role of the embedding norm
generated by the NAP network in retrieval, while
the LHS determines the semantic direction. By
comparing three similarity strategies, including
direction-only, combined direction and norm, and
norm-only matching, we observe that direction-
only retrieval achieves the best performance,
whereas norm-only matching yields the lowest
scores, as reported in Table 4. This observation has
a clear geometric interpretation. Under norm-only
matching, embeddings are distributed onto con-
centric hyperspheres centered at the origin, which
causes a query to be matched with any target shar-
ing a similar radius regardless of its semantic di-
rection. Consequently, semantically unrelated sam-
ples with close norms are erroneously retrieved,
and performance degrades. Crucially, the norm
produced by the NAP network is not intended to
serve as a direct retrieval cue but instead functions
as a vital auxiliary training signal. It regularizes the
representation space and guides the model toward
a more structured geometry, thereby facilitating su-



λ 0.1 0.3 0.5 0.7 0.9
36 I-T Avg. 63.9 64.4 64.9 64.5 64.2

Table 5: Performance comparison across different val-
ues of λ on the Qwen2VL-2B model. Results are re-
ported as the average score across 36 Image-Text (I-T)
tasks. The best performance is highlighted in bold.

perior directional alignment in the LHS. Instead
of providing explicit matching information during
inference, the NAP network acts as a structural sta-
bilizer, enhancing the overall discriminative power
of the multimodal embedding space. In Appendix
F, we report the impact of training models without
NAP, using hidden states without RMSNorm for
magnitude alignment instead.

5.5 Hyperparameter Analysis of λ in LL2Dir

We investigate the impact of the hyperparame-
ter λ in Eq. 8 by evaluating values in the range
{0.1, 0.3, 0.5, 0.7, 0.9}. These experiments are
conducted using the Qwen2VL-2B model, with
training restricted exclusively to the Image-Text
dataset. By observing the performance on represen-
tative Image-Text tasks, we find that the optimal
results are achieved at λ = 0.5. Consequently, we
extend this configuration to all other task settings
and frameworks within this study. Throughout this
work, λ is uniformly set to 0.5. The comprehensive
experimental results are detailed in Table 5.

5.6 InfoTN vs. Simple Regularization

To verify that L2Dir’s gains stem from magnitude
consistency rather than generic regularization, we
replace InfoTN with a unit-norm geometric regular-
izer Lgeo = λ

∑
(∥vi∥ − 1)2

(
λ = 10−3

)
. Evalu-

ated on 12 representative image-text retrieval tasks
(1,000 steps), geometric regularization degrades
performance versus the baseline (Hit@1: 55.60
vs. 56.65), whereas L2Dir yields significant im-
provements (57.32). This confirms that rigid norm
constraints hinder discriminative feature learning.
Instead, L2Dir complements InfoNCE’s angular
alignment by modeling magnitude consistency, en-
abling richer geometric reconstruction in the joint
embedding space.

5.7 Semantic Significance of Magnitudes

To investigate whether learned embedding norms
encode interpretable semantic signals, we analyze
statistical correlations between magnitudes and
multiple linguistic metrics on 50K Wikipedia cor-
pora, including Word Entropy, Char Entropy, Digit

Metric Baseline Ours
Word Entropy r = +0.069 r = +0.216
Char Entropy r = +0.191 r = +0.328
Digit Count r = +0.094 r = +0.162
Stopword Ratio r = -0.149 r = -0.042

Table 6: Pearson correlation analysis between embed-
ding magnitudes and linguistic metrics under InfoNCE
baseline and InfoTN enhanced settings.

Count, and Stopword Ratio. Observations reveal
a geometric silencing effect in standard normal-
ized architectures, where magnitude signals exhibit
weak or decoupled correlations with semantic den-
sity indicators. After introducing InfoTN, this se-
mantic coupling is substantially restored, enabling
the magnitude dimension to actively encode infor-
mational saliency and structural complexity while
reducing sensitivity to redundant noise, experimen-
tal results are presented in Table 6. The mechanism
achieves multiplicative recovery of information
density coupling, strengthens perception of struc-
tural complexity, improves sensitivity to factual
details, and significantly enhances robustness to
semantic noise. Based on the above, L2Dir demon-
strates that magnitude is a vital carrier of semantic
saliency rather than a mere regularization term. By
harmonizing magnitude and Direction during train-
ing, we ensure that directional vectors inherit a
precise and semantically grounded structure. This
restoration effectively bridges the gap between the
rich geometric properties of early embeddings and
the training stability of modern Transformers.

6 Conclusion

In this work, we propose InfoTN, a training objec-
tive designed to constrain the L2-norm of positive
representations in unsupervised contrastive learn-
ing, and introduce L2Dir, a training framework
optimized for multi-modal retrieval tasks. Lever-
aging the VLM2Vec-V2 framework, we evaluate
our approach using Qwen2-VL (2B/7B) and GME
2B models across 81 multi-modal retrieval tasks.
The results demonstrate that L2Dir consistently
outperforms baselines. Furthermore, experiments
conducted on CLIP (Base/Large) models within
the UniIR framework show that L2Dir achieves su-
perior performance across 14 image-text retrieval
tasks. Finally, we provide extensive ablation stud-
ies to analyze the stability and necessity of joint
training with InfoTN and InfoNCE, revealing that
the complementarity between these two objectives
is crucial for achieving superior alignment.



Limitation

Our current work focuses on fine-tuning generative
models for retrieval, which typically compromises
their original generative capabilities. We do not
investigate the proposed method within an autore-
gressive training framework in this study, primarily
because substantial computational resources are
required for joint optimization (Yu et al., 2025a).
Consequently, exploring the synergy between con-
trastive and autoregressive objectives under limited
hardware constraints remains a key direction for
future research.

Ethical Considerations

This study adheres to rigorous ethical standards and
poses no significant risks to ethics. Our research
does not involve the use of personal data, sensi-
tive information, or high-risk application scenar-
ios. All experiments were conducted using publicly
available multimodal benchmark datasets in strict
accordance with their respective usage guidelines.
No ethically controversial datasets or models are
utilized. Furthermore, our methodology involves
no processing of original data that could introduce
privacy concerns or algorithmic bias.

AI Assistants Usage

In this paper, the AI Assistants are used solely for
text polishing.
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∂LTN(k, t)

∂t
= − k

1 + k
· 1√

1 + k2 − 2kt
. (A-1)

Define f(k, t) = 1 + k2 − 2kt. The singu-
lar points are found by solving f(k, t) = 0.The
discriminant of f(k, t) with respect to k is ∆ =
4(t2 − 1).

• If |t| < 1, ∆ < 0, =⇒ f(k, t) > 0 for all
k ≥ 0.

• If t = 1, f(k, 1) = (k − 1)2, which implies
f(k, t) = 0 at (k, t) = (1, 1).

• If t = −1, f(k,−1) = (k + 1)2, which im-
plies f(k, t) = 0 at k = −1 (not in domain).

The only singularity in the feasible domain is at
(k, t) = (1, 1).

For k > 0, the prefactor − k
1+k < 0, and√

f(k, t) > 0 for (k, t) ̸= (1, 1).

∂LTN(k, t)

∂t
< 0,

∀(k, t) ∈ [0,+∞)× [−1, 1] \ {(1, 1)}
(A-2)

Conclusion: LTN(k, t) is strictly decreasing in t
almost everywhere. Given LTN(k, t) is continuous
on the closed domain, its global minimum over
t ∈ [−1, 1] occurs at t = 1 for all k > 0.

A.2 Monotonicity with respect to k

The partial derivative of LTN(k, t) with respect to
k is:

∂LTN(k, t)

∂k
=

(k − 1) · (1 + t)

(1 + k)2 ·
√
k2 − 2kt+ 1

(A-3)

The sign of the derivative is determined by (k− 1).

• If k ∈ [0, 1):(k− 1) < 0 =⇒ ∂LTN(k,t)
∂k < 0.

• If k > 1: (k − 1) > 0 =⇒ ∂LTN(k,t)
∂k > 0.

• If k = 1: (k − 1) = 0 =⇒ ∂LTN(k,t)
∂k = 0.

Conclusion: For any fixed t ∈ [−1, 1), LTN(k, t)
attains a local minimum at k = 1 along the k-
direction.
Final Summary: The minimum of the L2 Norm
loss function LTN(k, t) is uniquely attained when
both t and k reach their optimal values derived
from the partial derivatives:

minLTN(k, t) is achieved at

(k∗, t∗) = (1, 1)
(A-4)

This implies that the LTN objective pushes the
model to align positive pairs perfectly in both di-
rection (t → 1) and L2 norm (k → 1).

A.3 Visualization of LTN Partial Derivatives

In this subsection, we visualize the partial deriva-
tives of LTN with respect to t and k. The cor-
responding top-down views of these derivatives
provide an intuitive perspective on the optimiza-
tion landscape, clearly reflecting the monotonicity
of LTN within the specific domains of t and k as
illustrated in Fig. A-1.

B Strict Mathematical Derivation of
0 ≤ LTN(k, t) ≤ 1

B.1 Definition and Constraints

The LTN function is defined as:

LTN(k, t) =

√
1 + k2 − 2kt

1 + k
(A-5)

Constraints:

• Norm ratio: k ≥ 0

• Cosine similarity: t ∈ [−1, 1]

B.2 Proving the Lower Bound (LTN(k, t) ≥ 0)

We analyze the term inside the square root,
f(k, t) = 1 + k2 − 2kt, using the upper constraint
t ≤ 1.

f(k, t) = 1 + k2 − 2kt

≥ 1 + k2 − 2k(1) (−2k ≤ 0 and t ≤ 1)

= 1− 2k + k2

= (k − 1)2

(A-6)
Since (k−1)2 ≥ 0 for all real k, we have f(k, t) ≥
0.

Since the numerator is the square root of a non-
negative number (

√
f(k, t) ≥ 0) and the denomi-

nator (1 + k) is strictly positive for k ≥ 0:

LTN(k, t) =

√
f(k, t)

1 + k
≥ 0 (A-7)

The equality LTN(k, t) = 0 holds if and only if
f(k, t) = 0, which requires (k − 1)2 = 0 and
t = 1, meaning k = 1 and t = 1.
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Figure A-1: Quantitative analysis of the LTN loss with respect to cosine similarity (t) and norm ratio (k). (a)–(b)
Visualization of the partial derivatives ∂LLTN

∂t and ∂LLTN

∂k , respectively. (c)–(d) Top-down sign distributions of
these gradients, where blue and red regions indicate negative and positive values, with color intensity reflecting
magnitude. The point (1, 1) is marked in (a) and (b) to denote perfect alignment.

B.3 Proving the Upper Bound (LTN(k, t) ≤ 1)
We analyze f(k, t) using the lower constraint t ≥
−1.

f(k, t) = 1 + k2 − 2kt

≤ 1 + k2 − 2k(−1) (as above)

= 1 + k2 + 2k

= (k + 1)2

(A-8)

Taking the square root of both sides (since both are
non-negative):√

f(k, t) ≤
√

(k + 1)2 (A-9)

Since k ≥ 0,
√

(k + 1)2 = k + 1.√
1 + k2 − 2kt ≤ k + 1 (A-10)

Dividing both sides by the positive term (1 + k):
√
1 + k2 − 2kt

1 + k
≤ k + 1

k + 1
(A-11)

LTN(k, t) ≤ 1 (A-12)

The equality LTN(k, t) = 1 holds if and only if
t = −1, irrespective of the value of k.
Conclusion: Combining the derivations for the
lower and upper bounds, we rigorously confirm the
range of the LTN loss function

0 ≤ LTN(k, t) ≤ 1. (A-13)

C Hyperparameter Settings

This section details the hyperparameter configura-
tions used in our experiments. For both UniIR5

5https://github.com/TIGER-AI-Lab/UniIR
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Figure F-1: This figure illustrates the difference in train-
ing architecture with and without the NAP.

and VLM2Vec-V26 frameworks, we strictly adhere
to the default configurations provided in their re-
spective open-source repositories to reproduce the
baseline results faithfully.

C.1 UniIR Framework
Within the UniIR framework, all models are evalu-
ated under the Feature Fusion mode. The temper-
ature parameter for the directional InfoNCE loss
is set to the default τ = 0.01, our proposed norm-
alignment loss utilizes τTN = 0.02. Fellow default
parameters, epoch set to 20.

• CLIP-Base: We apply a learning rate of 5.0×
10−5 for the T5 module and 2.5 × 10−6 for
the CLIP backbone.

• CLIP-Large: We apply a learning rate of
5.0× 10−4 for the T5 module and 1× 10−5

for the CLIP backbone.

C.2 VLM2Vec-V2 Framework
For models within the VLM2Vec-V2 framework,
we employ Low-Rank Adaptation (LoRA) for fine-
tuning (r = 64, α = 16). We use a linear learn-
ing rate scheduler with a peak learning rate of
5× 10−5 and 100 warmup steps. Following the de-
fault setting, the InfoNCE temperature is τ = 0.02,
whereas the InfoTN loss employs τTN = 0.01.

• 2B-scale Models (Qwen2-VL-2B, GME 2B):
We utilize GradCache to achieve an effective
batch size of 1024. The total training steps
are set to 5000, conducted on a cluster of 8×
H100 GPUs.

• 7B-scale Models (Qwen2-VL-7B): Due to
memory constraints, we utilized 8× H20 (8×

6https://github.com/TIGER-AI-Lab/VLM2Vec

96GB) GPUs with a physical batch size of
4 per GPU. To account for gradient accu-
mulation differences and computational ca-
pacity (not explicitly detailed in the original
VLM2Vec-V2 report), we set the training du-
ration to 20, 000 steps.

D Supplementary Experiments on LTN

Instability

To verify that the unsuitability of LTN stems
from inconsistent initial norm distributions, we de-
signed a controlled study using three distinct back-
bones: the initial Qwen2-VL-2B, our L2Dir-2B
(pre-trained on the I-T dataset), and the publicly
available VLM2Vec-V2-2B.

First, we visualized the t-SNE distributions of
100 random query-target positive pairs for each
backbone, as Fig. D-1. Compared to the severe
modal separation of the initial Qwen2-VL, both
L2Dir-2B and VLM2Vec-V2 exhibit a more uni-
form representation space. We then trained all three
backbones using a unified TNCSE-based loss func-
tion (InfoNCE + LTN ) under identical configura-
tions. As shown in Fig. D-2, the L2-norm ratios
for L2Dir and VLM2Vec-V2 consistently converge
toward the expected unity (k = 1), correlating with
their better-conditioned initial distributions. In con-
trast, for the original Qwen2-VL, the convergence
of the norm ratio toward k = 1 is far from ideal
throughout the training process.

Furthermore, our analysis of the norm ratio dis-
tributions and raw data scatter plots reinforces this
conclusion: backbones with a well-aligned initial
state respond as expected to LTN , whereas the sig-
nificant modal disparity in raw VLMs hinders effec-
tive norm alignment. These results provide robust
evidence that directly incorporating LTN into un-
supervised contrastive learning is suboptimal for a
multimodal backbone without a sufficiently aligned
initial distribution.

E Supplementary Results of the Main
Experiment

We evaluate the performance of different VLM
backbones within the VLM2Vec-V2 framework,
reporting the Overall score and detailed subcate-
gory results across 81 tasks. Specifically, we report
Recall@K (K = 1, 5, 10) to quantify the retrieval
effectiveness of each backbone, as shown in Table
E-1. Furthermore, we report the specific perfor-
mance of GME2B trained on the Image-Text (I-T)
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Figure D-1: This series of subfigures visualizes the embedding distributions of Qwen2-VL, VLM2Vec-V2-Qwen2-
VL, and L2Dir-Qwen2-VL across 100 random sample pairs in a 2-dimensional space.
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Figure D-2: A comparative study of embedding norm ratios across three distinct initialization models: Qwen2-VL
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jittered scatter plots show the convergence behavior relative to the ideal target value (1.0, indicated by the horizontal
dashed line). The calculated Bias (mean deviation from 1.0) and Std (root mean square deviation from 1.0) are
annotated for each model.

dataset across all 81 tasks, as shown in Tables E-2,
E-3, and E-4.

F Necessity of NAP

The purpose of adding a feedforward neural net-
work NAP in L2Dir is to reconstruct the norm
feature of the normalized last hidden state for joint
training. Since the LLM output representation in

Method 36 Avg Hit@1
VLM2Vec-V2 63.7
w/o. NAP 62.4
Our Setting 64.9

Table F-1: This table reports ablation results about
whether to add FFN.



Qwen2-VL is not normalized and inherently pos-
sesses norm features, this representation passes
through a final RMSNorm for normalization. The
resulting LHS is then utilized for unsupervised
contrastive learning training. To obtain the norm
feature, an intuitive approach is to use the hidden
state input to InfoTN without RMSNorm for norm
alignment, while employing LHS for InfoNCE to
achieve directional alignment, as shown in Fig. F-
1. However, this may be influenced by generative
pretraining, introducing noise unrelated to norm
alignment. Therefore, our approach involves ini-
tializing a decoupled FNN that maps raw hidden
states to a new representation space, making their
norm features more suitable for the InfoTN loss.
We evaluate on 36 image-text retrieval tasks with
consistent training hyperparameters, reporting re-
sults in Table F-1.

G NAP Overhead vs. Performance Gains

This section reports the relative increase in train-
able parameters introduced by the NAP module
(with respect to the original model) and compares
it with the corresponding improvement in model
performance, as Table G-1. The gains for VLM
models are reported based on training on the image-
text dataset.



Model CLIP-B CLIP-L Qwen2-VL 2B Qwen2-VL 7B GME 2B

Original Params (trainable). 158.36M 438.04M 9.20M 20.51M 9.20M
Trainable Params. (NAP) 0.26M 0.59M 0.05M 0.12M 0.05M
Parameter Ratio (%) 0.17% 0.13% 0.55% 0.58% 0.55%

Recall@10 Gains (14 or 81 Avg.) +0.90% +3.60% +10.80% +0.90% +2.20%

Table G-1: Comparison of parameter overhead and performance gains.



Recall@1

Tasks Image Video VisDoc AllCLS GD QA RET CLS MRET QA RET OOD VDRv1 VDRv2 VR

Qwen2-VL 2B VLM2V2 63.4 75.4 56.4 66.2 34.3 29.6 31.6 23.9 2.8 18.3 4.1 35.6 40.4
L2Dir 64.0 76.6 57.5 67.8 34.7 35.8 31.0 25.5 2.6 18.0 5.8 43.9 41.9

Qwen2-VL7B VLM2V2 66.2 78.7 56.8 70.1 42.7 41.5 30.8 32.6 3.3 20.6 5.0 56.7 44.9
L2Dir 66.0 78.7 57.6 70.0 43.3 40.2 32.5 32.5 3.6 39.1 8.0 55.8 47.5

GME 2B VLM2V2 62.1 73.1 56.1 67.8 30.2 36.5 29.9 24.3 3.7 37.5 10.0 41.8 43.6
L2Dir 61.5 74.7 55.8 69.5 33.5 37.3 30.4 24.7 3.4 49.5 11.8 46.6 46.1

Qwen2-VL 2B VLM2V2 64.1 76.6 56.5 67.4 38.4 35.5 32.1 26.4 3.3 51.1 14.8 61.4 48.2
L2Dir 63.9 79.8 57.3 68.2 37.2 37.7 32.6 26.0 3.4 53.9 15.5 62.2 49.1

Qwen2-VL 2B VLM2V2 64.0 75.3 56.9 67.6 37.3 32.0 33.2 26.3 3.4 54.5 16.3 66.4 49.0
L2Dir 64.4 77.3 56.1 67.9 40.5 33.1 33.8 28.6 3.2 51.3 15.3 68.1 49.2

Qwen2-VL7B VLM2V2 63.5 74.9 56.2 69.4 40.4 38.9 33.7 30.8 3.8 56.7 12.2 71.0 50.2
L2Dir 64.8 79.5 57.2 69.2 41.0 36.2 35.6 30.5 4.0 58.8 15.6 72.7 51.4

GME 2B VLM2V2 61.7 76.2 57.1 69.2 36.4 33.3 32.8 25.1 3.5 67.4 18.1 64.4 50.6
L2Dir 63.2 78.3 57.1 70.7 39.3 36.1 34.0 27.3 3.5 67.2 18.2 63.5 51.5

Recall@5

Tasks Image Video VisDoc AllCLS GD QA RET CLS MRET QA RET OOD VDRv1 VDRv2 VR

Qwen2-VL 2B VLM2V2 83.7 91.5 78.5 86.8 65.0 71.5 100.0 44.8 10.7 34.6 17.1 57.1 63.5
L2Dir 83.9 91.5 79.7 88.2 66.2 75.5 100.0 47.5 10.3 34.1 16.7 65.0 64.7

Qwen2-VL7B VLM2V2 84.6 91.8 78.8 89.5 70.3 77.8 100.0 56.5 15.1 38.4 13.0 77.2 67.2
L2Dir 84.5 91.9 79.9 88.9 72.7 77.7 100.0 55.4 17.4 61.5 26.6 77.5 71.5

GME 2B VLM2V2 83.8 90.8 78.5 88.6 61.9 77.8 100.0 46.4 16.0 58.2 26.1 62.8 68.3
L2Dir 83.3 90.4 77.7 89.0 64.1 76.9 100.0 47.4 15.9 69.7 29.8 69.5 70.5

Qwen2-VL 2B VLM2V2 84.3 91.1 78.5 87.5 68.4 76.5 100.0 49.0 17.9 73.7 35.6 82.4 73.0
L2Dir 84.0 91.3 79.1 88.4 66.8 77.6 100.0 48.5 18.6 75.2 37.4 81.7 73.4

Qwen2-VL 2B VLM2V2 84.7 90.7 80.1 87.8 68.4 75.1 100.0 48.4 18.1 74.0 37.9 86.4 73.7
L2Dir 84.8 91.2 79.0 87.6 71.5 73.6 100.0 51.1 17.2 73.2 37.8 86.3 73.7

Qwen2-VL7B VLM2V2 83.0 88.5 78.0 89.0 69.2 79.8 100.0 53.2 20.5 78.7 34.1 88.5 74.4
L2Dir 82.9 91.1 79.3 88.4 67.5 77.7 100.0 54.3 22.0 79.0 40.8 89.7 75.2

GME 2B VLM2V2 82.9 91.2 79.8 89.0 67.5 75.7 100.0 46.6 22.1 84.7 43.9 85.4 75.5
L2Dir 84.2 92.5 79.7 90.4 70.0 76.6 100.0 50.8 21.9 83.4 46.4 84.8 76.3

Recall@10

Tasks Image Video VisDoc AllCLS GD QA RET CLS MRET QA RET OOD VDRv1 VDRv2 VR

Qwen2-VL 2B VLM2V2 88.1 93.8 84.5 91.0 80.5 99.9 100.0 54.8 17.2 43.9 28.0 63.7 71.1
L2Dir 88.3 93.6 85.8 92.4 81.6 99.9 100.0 57.7 15.9 42.5 25.1 73.3 71.9

Qwen2-VL7B VLM2V2 89.3 94.2 85.2 93.1 84.9 99.9 100.0 65.8 24.2 47.0 20.2 82.9 74.1
L2Dir 89.2 94.4 86.4 92.7 86.0 100.0 100.0 64.8 28.0 69.1 37.7 83.1 78.6

GME 2B VLM2V2 88.1 93.3 84.6 92.8 76.8 99.9 100.0 56.4 25.1 66.9 35.1 69.8 75.5
L2Dir 88.0 93.2 84.0 92.9 79.4 99.9 100.0 57.1 24.8 76.3 40.7 75.8 77.7

Qwen2-VL 2B VLM2V2 89.1 93.3 85.0 91.6 82.4 99.9 100.0 58.4 28.7 79.7 47.8 87.8 80.1
L2Dir 88.4 93.6 85.4 92.6 81.2 99.9 100.0 58.4 30.2 82.5 50.1 87.4 80.8

Qwen2-VL 2B VLM2V2 88.9 93.1 86.0 91.8 80.8 99.9 100.0 57.8 27.6 80.3 49.6 91.1 80.5
L2Dir 89.2 93.5 85.5 91.7 83.5 99.9 100.0 60.2 26.2 80.0 51.2 90.2 80.8

Qwen2-VL7B VLM2V2 87.5 91.5 84.9 92.8 83.5 99.9 100.0 62.4 32.1 83.8 45.7 92.7 81.2
L2Dir 87.8 93.4 85.8 92.5 82.5 99.9 100.0 63.5 34.4 83.3 52.4 93.6 82.1

GME 2B VLM2V2 87.4 93.4 85.9 93.1 81.1 99.9 100.0 56.5 34.1 89.4 55.7 90.7 82.4
L2Dir 88.7 94.9 85.7 93.6 82.6 100.0 100.0 59.9 34.5 87.8 58.7 89.7 83.0

Table E-1: This table compares the proposed L2Dir method against the VLM2Vec-V2 (VLM2V2) baseline using
various backbones (Qwen2-VL-2B/7B, GME 2B). Evaluation metrics include Recall@1, @5, and @10 across
Image, Video, and VisDoc categories. Bold text indicates the best performance for each model-backbone pair.
L2Dir demonstrates a robust performance boost across diverse architectures and data configurations. , , and
denote training on I-T data, I-T + VD-T data, and the full dataset, respectively.



Modality Group Task Hit@1
Baseline Ours

Image-Text

CLS

Country211 (Radford et al., 2021b) 21.40 21.70
HatefulMemes (Kiela et al., 2020) 61.20 61.30
ImageNet-1K (Russakovsky et al., 2015) 82.40 82.10
ImageNet-A (Hendrycks et al., 2019) 46.00 44.80
ImageNet-R (Hendrycks et al., 2021) 86.10 88.00
N24News (Wang et al., 2022) 77.80 78.20
ObjectNet (Barbu et al., 2019) 54.40 45.20
Place365 (Zhou et al., 2018a) 35.30 37.80
SUN397 (Xiao et al., 2010) 70.80 69.90
VOC2007 (Everingham et al., 2010) 86.00 85.90
10 Avg. 62.14 61.49

GD

MSCOCO (Lin et al., 2014) 63.90 63.90
RefCOCO (Kazemzadeh et al., 2014) 80.40 82.40
RefCOCO-Matching 76.90 82.70
Visual7W-Pointing (Zhu et al., 2016) 71.10 69.60
4 Avg. 73.08 74.65

QA

A-OKVQA (Schwenk et al., 2022) 48.50 47.00
ChartQA (Masry et al., 2022) 49.30 49.10
DocVQA (Mathew et al., 2021) 90.30 90.90
GQA (Ainslie et al., 2023) 51.50 48.60
InfographicsVQA (Mathew et al., 2022) 59.20 59.70
OK-VQA (Marino et al., 2019) 55.40 53.40
ScienceQA (Lu et al., 2022) 39.10 38.90
TextVQA (Singh et al., 2019) 71.20 72.90
Visual7W (Zhu et al., 2016) 53.00 54.10
VizWiz (Gurari et al., 2018) 43.00 43.20
10 Avg. 56.05 55.78

RET

CIRR (Liu et al., 2021b) 53.40 54.80
EDIS (Liu et al., 2023b) 80.30 87.00
FashionIQ (Wu et al., 2021) 25.50 27.70
MSCOCO_i2t 71.60 73.50
MSCOCO_t2i 73.30 73.70
NIGHTS (Diament et al., 2023) 67.40 66.30
OVEN (Hu et al., 2023) 69.30 71.20
VisDial (Das et al., 2017) 80.00 81.40
VisualNews_i2t (Liu et al., 2021a) 76.80 77.70
VisualNews_t2i (Liu et al., 2021a) 74.90 75.00
WebQA (Chang et al., 2022) 88.40 90.00
Wiki-SS-NQ (Ma et al., 2024a) 53.10 55.20
12 Avg. 67.83 69.46

Table E-2: This table reports the experimental results of image-text retrieval for GME2B, trained under the
VLM2Vec-V2 and L2Dir frameworks, respectively, using only the Image-Text dataset.



Modality Group Task Hit@1
Baseline Ours

Video-Text

CLS Breakfast (Kuehne et al., 2014) 11.78 11.55
HMDB51 (Kuehne et al., 2011) 34.40 38.20
K700 (Carreira et al., 2019) 23.80 34.50
SmthSmthV2 (Goyal et al., 2017) 28.30 37.70
UCF101 (Soomro et al., 2012) 52.70 45.70
4 Avg. 30.20 33.53

MRET

Charades-STA (Gao et al., 2017) 19.53 19.39
MomentSeeker (Yuan et al., 2025) 36.39 38.01
QVHighlight (Lei et al., 2021) 55.68 56.51
3 Avg. 37.20 37.97

QA

ActivityNetQA (Yu et al., 2019) 51.50 50.90
EgoSchema (Mangalam et al., 2023) 21.80 24.00
MVBench (Li et al., 2024) 30.33 29.90
NExTQA (Xiao et al., 2021) 20.10 19.90
Video-MME (Fu et al., 2025) 26.00 27.19
4 Avg. 29.94 30.38

RET

DiDeMo (Hendricks et al., 2017) 25.70 25.00
MSR-VTT (Xu et al., 2016) 26.40 27.50
MSVD (Chen and Dolan, 2011) 42.69 41.49
VATEX (Wang et al., 2019) 20.46 22.69
YouCook2 (Zhou et al., 2018b) 6.26 7.01
5 Avg. 24.30 24.74

Table E-3: This table reports the experimental results of video-text retrieval for GME2B, trained under the VLM2Vec-
V2 and L2Dir frameworks, respectively, using only the Image-Text dataset.



Modality Group Task Hit@1
Baseline Ours

VisDoc-Text

OOD

MMLongBench-doc (Ma et al., 2024b) 36.04 39.98
MMLongBench-page (Ma et al., 2024b) 4.30 4.30
ViDoSeek-doc (Wang et al., 2025a) 91.68 94.75
ViDoSeek-page (Wang et al., 2025a) 5.60 4.03
3 Avg. 34.40 35.76

VDRv1
(Faysse et al., 2025)

ViDoRe_arxivqa 37.40 52.60
ViDoRe_docvqa 19.73 21.06
ViDoRe_infovqa 49.80 60.53
ViDoRe_shiftproject 23.00 39.00
ViDoRe_artificial_intelligence 50.00 65.00
ViDoRe_energy 52.00 62.00
ViDoRe_government_reports 45.00 56.00
ViDoRe_healthcare_industry 44.00 62.00
ViDoRe_tabfquad 44.64 63.21
ViDoRe_tatdqa 9.36 13.43
10 Avg. 37.49 49.48

VDRv2
(Macé et al., 2025)

ViDoRe_biomedical_lectures_v2 25.63 28.75
ViDoRe_biomedical_lectures_v2_ML 23.59 26.25
ViDoRe_economics_reports_v2 31.03 41.38
ViDoRe_economics_reports_v2_ML 31.03 34.05
ViDoRe_esg_reports_human_labeled_v2 25.00 30.77
ViDoRe_esg_reports_v2 26.32 35.09
ViDoRe_esg_reports_v2_ML 21.93 29.39
7 Avg. 26.36 32.24

VR
(Yu et al., 2025b)

VisRAG_ArxivQA 39.46 49.75
VisRAG_ChartQA 39.68 53.97
VisRAG_InfoVQA 65.04 60.72
VisRAG_MP-DocVQA 25.38 31.64
VisRAG_PlotQA 23.64 26.65
VisRAG_SlideVQA 68.17 66.55
6 Avg. 43.56 48.21

Table E-4: This table reports the experimental results of visdoc-text retrieval for GME2B, trained under the
VLM2Vec-V2 and L2Dir frameworks, respectively, using only the Image-Text dataset.
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