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Abstract

Contrastive Language-Image Pretraining (CLIP) has demon-
strated impressive generalization on vision-language tasks
by aligning images and short texts. However, its inher-
ent 77-token length limits the capacity of capturing com-
plex semantics in long captions. Existing long-text adap-
tations for CLIP typically rely on either multi-stage train-
ing or truncation-based alignment, both inevitably result-
ing in semantic degradation and cumbersome tuning. There-
fore, we propose OneLIP, a unified framework that extends
CLIP to understand long captions within a single training
stage, eliminating the need for brittle truncation or multi-
stage pipelines. OneLIP addresses semantic degradation by
introducing two key innovations: (1) Token Refinement and
Importance-guided Modeling (TRIM) module, which selects
and refines informative tokens via SVD-based contribution
scoring and cross-modal relevance modeling; (2) Per-sample
Online Hard Negative Mining (PO-HNM) strategy dynam-
ically maintains sample-specific negatives based on dual-
consistency difficulty tracking, which is superior in long-text
scenarios where key semantics are distributed in scattered po-
sitions. Extensive experiments on long-text image retrieval,
short-text image retrieval, zero-shot classification, and text-
to-image generation demonstrate OneLIP’s robustness and
versatility across diverse input lengths, offering a faithful so-
lution for long-text representation learning of CLIP.

1 Introduction

Contrastive Language-Image Pretraining (CLIP) (Radford
et al. 2021) has emerged as a cornerstone of vision-language
models, powering both visual understanding (Pan, Dong,
and Yang 2025; Lyu et al. 2025; Shao et al. 2024; Chen
et al. 2023; Cai, Pan, and Yang 2025) and multimodal gen-
eration (Bai et al. 2025; Zhou et al. 2024; Liu et al. 2023; Li
et al. 2022) via its contrastive learning paradigm. By align-
ing images with concise textual descriptions (captions or
phrases), CLIP learns rich and transferable cross-modal rep-
resentations, enabling strong zero-shot generalization across
diverse downstream tasks(Tschannen et al. 2025; Sun et al.
2024; Song et al. 2024; Pan et al. 2023; Mu et al. 2022).
Despite its success, CLIP’s text encoder is inherently lim-
ited to short input sequences (e.g., 77 tokens), which restricts
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This image captures a charming scene in a bedroom. The
main subject is a black cat standing on its hind legs on a
gray nightstand. The nightstand hosts a few other items...

In the background, you can see a bed covered with a
comforter and adorned with a pillow, adding a pop of
color to the scene...
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Figure 1: Attention distribution collapse in long-text
CLIP: Semantic degradation appears due to deficient rep-
resentation learning of back tokens, revealing poor long-
range dependency modeling of several baselines. OneLIP
addresses this challenge via a unified one-stage adaptation,
focusing on both front and back tokens.

its capacity to capture complex and fine-grained semantics
in long-text scenarios. To overcome this, prior efforts have
explored long-text adaptations, primarily by modifying po-
sitional encoding schemes and distilling knowledge from the
base encoder into a long-text encoder (Chun and Yun 2025;
Zhang et al. 2024; Jing et al. 2024; Fang et al. 2023), fol-
lowed by contrastive alignment. While partially effective,
these methods suffer from several limitations: (1) During
distillation, existing approaches truncate long texts to a fixed
length for an arbitrary alignment with pre-trained base en-
coder (Najdenkoska et al. 2025; Zheng et al. 2024), lead-
ing to inevitable semantic degradation and loss of critical
information. As observed in Figure 1, the attention distri-
bution of current long-text CLIP collapses towards front to-
kens as sequence length increases, indicating a deficiency
to capture long-range dependencies. This collapse correlates
with a stagnating performance at longer sequence lengths
(see Figure 3), underscoring the bottleneck in current tex-
tual representation learning. (2) Long-text adaptation typi-



cally requires multi-stage training pipelines involving care-
ful initialization, distillation, and contrastive alignment (Na-
jdenkoska et al. 2025; Gao et al. 2024), resulting in complex
training procedures and heightened computation overhead.
(3) Since contrastive learning is highly sensitive to nega-
tive sample quality, a dependence on either offline negative
mining or static batch-shared negatives (Huynh et al. 2022;
He et al. 2020) is indispensable, while both strategies lack-
ing in the flexibility to track how sample difficulty evolves
during training. This limitation is especially pronounced in
long-text scenarios, where key semantics are distributed in
more scattered positions and semantic drift is more common,
rendering static negatives rapidly outdated. Together, these
challenges not only hinder long-text representation learning,
but also result in unstable optimization and non-trivial train-
ing overhead, ultimately limiting the effectiveness of long-
text CLIP adaptation.

To address the above limitations, we propose One-Stage
Long-Text Adaptation for CLIP (OneLIP), a unified
framework that enables CLIP to process arbitrarily long
texts within a single training stage, avoiding multi-stage
tuning pipelines or brittle truncation-based aligning strate-
gies that may cause semantic degradation. At the core
of OneLIP are three synergistic components: (1) We re-
place the absolute positional encoding with relative po-
sitional encoding to unlock long-text position awareness
and scalability. (2) To mitigate semantic degradation caused
by truncation-based distillation, we introduce Token Re-
finement and Importance-guided Modeling (TRIM), a
lightweight select-then-refine module that first selects the
informative and modality-relevant tokens via TRIM-Select,
which consists of SVD-based structural importance and
cross-modal relevance modeling. Then, TRIM-Refine is in-
troduced to further refine the selected tokens through learn-
able embeddings and dynamic weighting, aligning with the
representation space of the base encoder. In this way, TRIM
enables a fine-grained token-wise distillation that preserves
semantic integrity and captures sufficient long-range depen-
dencies, in contrast to prior truncation-based or pooling-
based approaches. Notably, TRIM uniquely combines both
training-free and training-based mechanisms, striking a bal-
ance between effectiveness and efficiency without introduc-
ing significant overhead. (3) Motivated by the scarcity and
volatility of high-quality negatives in long-text scenarios,
we further introduce Per-sample Online Hard Negative
Mining (PO-HNM), which maintains sample-specific neg-
ative queues. Negatives are dynamically updated based on a
dual-consistency difficulty score that jointly considers cross-
modal and intra-modal consistency, ensuring sufficient ex-
posure to challenging and informative negatives throughout
the training process.

Altogether, OneLIP unifies long-text encoding, token se-
lection, and contrastive alignment in a fully end-to-end man-
ner, eliminating redundant tuning or counterintuitive trunca-
tion, as well as preserving semantically faithful adaptation
to long texts. Extensive experiments on long-text image re-
trieval, short-text image retrieval, zero-shot image classifi-
cation, and text-to-image generation demonstrate the robust-
ness and versatility of OneLIP. Moreover, OneLIP remains

8252

competitive under a limited batch sizes, demonstrating prac-
tical advantages for real-world deployment.

Our key contributions are summarized as follows: (1)
We propose OneLIP, a one-stage adaptation framework
for long-text CLIP. Unlike prior studies that rely on trun-
cation or multi-stage pipelines, OneLIP enables end-to-
end adaptation via a lightweight token refinement module
TRIM to support token-wise distillation. This effectively
mitigates semantic degradation and strengthens contrastive
alignment over long texts. (2) We introduce PO-HNM, a
novel hard negative mining strategy that dynamically main-
tains sample-specific negatives using a dual-modality diffi-
culty score. This design effectively addresses the challenges
in long-text scenarios, i.e., scattered semantics and evolving
training dynamics. (3) Extensive experiments demonstrate
that OneLIP not only enhances long-text understanding, but
also consistently improves short-text and general vision-
language tasks, highlighting its scalability and semantic fi-
delity across diverse textual inputs.

2 Related Work

Long-Text Adaptation for CLIP Contrastive language-
Image Pretraining (Radford et al. 2021) demonstrate strong
generalization but are inherently limited by their short-text
input length. To overcome this, some works (Yu et al. 2022;
Alayrac et al. 2022) support longer texts via generative de-
coding or external cross-attention, though they diverge from
CLIP’s contrastive architecture. More closely related ap-
proaches (Chun and Yun 2025; Jing et al. 2024; Wu et al.
2024; Zheng et al. 2024; Zhang et al. 2024) extend CLIP for
long-text scenarios using truncation-based supervision and
multi-stage training. For example, (Zhang et al. 2024) in-
terpolates absolute position embeddings for longer inputs,
which enables extended input lengths but fails to explicitly
model long-range dependencies. (Najdenkoska et al. 2025)
follows a two-stage pipeline that first initializes a long-text
encoder, then aligns it with base encoder using truncated in-
puts. However, this leads to semantic degradation for tokens
beyond the truncation window, and the multi-stage design
brings optimization complexity and sensitivity. Other meth-
ods (Wu et al. 2024; Zheng et al. 2024) attempt to enrich su-
pervision by synthesizing multi-sentence captions and sam-
ple sub-captions for alignment, yet still avoiding full long-
text modeling. In summary, balancing efficient and faith-
ful long-range semantic understanding still remains an open
challenge in long-text CLIP.

Hard Negative Mining in Contrastive Learning Hard
negative mining (HNM) plays an important role in con-
trastive learning. CLIP and its variants (Li et al. 2023; Mu
et al. 2022; Yang et al. 2022; Radford et al. 2021) primarily
rely on large batch sizes to ensure diverse negatives per an-
chor. A few works (Yang et al. 2022; Zhou et al. 2022) fur-
ther incorporates label-derived samples and near-synonym
captions to enhance semantic discrimination. In broader
contrastive learning literature beyond CLIP, SimCLR (Chen
et al. 2020) and BYOL (Grill et al. 2020) demonstrate that
increasing the pool of negatives can boost representation
learning, but this effect saturates when the samples are se-



This image captures a charming scene in a
bedroom. The main subject is a black cat
standing on its hind legs on a gray nightstand.
The nightstand hosts a few other items: a
beige lamp, a white tissue box with blue
flowers, and a pink jar. Each item is neatly
arranged on the nightstand, creating a
harmonious tableau. The cat, full of curiosity,
is reaching its paw into a white cup adorned
with blue and green designs...
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Figure 2: Overview of OneLIP. First, TRIM is proposed to facilitate token-wise distillation, which largely mitigates potential
semantic degradation. Then, Per-sample Online Hard Negative Mining (PO-HNM) continually ensures the quality of hard
negatives during training. The auxiliary warm-up (Lcoarse), token-wise distillation (Lioken-wise), and contrastive alignment (L;_

and L) are trained in an end-to-end manner.

mantically trivial (He et al. 2020). To address this, other ap-
proaches introduce memory banks (He et al. 2020), inter-
class nearest sampling (Khosla et al. 2020), or pseudo-
labeling (Chen and He 2021; Gao, Yao, and Chen 2021; Pan,
Yang, and Zhao 2025) to improve the diversity and difficulty
of negatives. Nonetheless, these methods often focus on a
single modality, and rely on static, batch-shared negatives
without modeling sample-specific difficulty or adapting to
the evolving training dynamics (Xu et al. 2023). This limita-
tion is particularly pronounced in long-text scenarios, where
key semantics are more dispersed and the effectiveness of
static negatives quickly deteriorates.

3 Methods

3.1 Preliminary

Given N image-text pairs {(I;, T;)};, CLIP encodes each
image I; into a visual embedding v;, and each text T into
a textual embedding t; using separate vision and text en-
coders. A symmetric contrastive objective is employed to
construct a shared embedding space:

i) /7)

> 1exp(cos(v“ ‘)/T),

exp cos (v;, t

Zl

where cos(+) denotes cosine similarity and 7 is a learnable
temperature parameter. Text-to-image loss Ly; is formu-
lated analogously by swapping images and texts. Equation
1 captures semantic correspondences between two modali-
ties, form the main objective of contrastive alignment.

ey

3.2 One-Stage Long-Text Adaptation for CLIP

Task Formulation OneLIP aims at extending CLIP to
long texts and mitigating semantic degradation through one
training stage, which is composed of three synergistic com-

ponents. First, we initialize a long-text encoder f,o° and un-
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lock its capability of processing long texts; Next, we intro-
duce TRIM, a select-then-refine module that first identifies
informative and modality-relevant tokens, then refine the se-
lected tokens via dynamic weighting, facilitating subsequent
token-wise distillation to preserve semantic integrity; Fi-
nally, PO-HNM maintains a sample-specific queue of chal-
lenging negatives, which is updated via a dual-consistency
difficulty score. Each component is detailed below.

From Absolute to Relative: Unlock Long-text Position
Modeling To process sequences beyond 77-token limit,
we replace the base encoder’s absolute positional encod-
ing with Rotary Positional Embeddings (RoPE) (Su et al.
2024), which inject relative positional information by rotat-
ing the query and key vectors in self-attention. Formally, for
a query-key pair (q, k) at position 7 and j, RoPE defines:

(2)

where 6;_; encodes the relative distance, and qf- denotes
the orthogonal rotation of q;. Equation 2 encodes relative
distance and directional information among tokens. Given
a long-text caption z = [x1, X9, X3, - , ], the output of
long-text encoder is Ziex = fore () € RE%e, where d
is the embedding dimension. However, extended sequences
lead to instability due to rapid phase rotations. To address
this, we apply Neural Tangent Kernel (NTK) scaling (bloc97
2023) to proportionally stretch positional frequencies with
respect to sequence length, resulting in smoother rotation
trajectory and improved long-range token interaction. In ad-
dition, we also set an auxiliary synchronous warm-up by
aligning the first 77 tokens from long-text encoder with the
base text encoder:

Att (q;, k;) = cos (0;

Ziext (T<77) + Ziext (T<77)

| Ziext (@<77) || - | Zeext (2 <77) |

»Ccoarse = EIND



where Ziex = f25¢(x) € RE2*4 represents the base encoder
output. Unlike prior methods that rely on multi-stage tuning,

Lcoarse 18 optimized jointly with other learning objectives.

Token Refinement and Importance-guided Modeling
(TRIM) TRIM is designed to address semantic degrada-
tion and enable token-wise distillation. It selects and re-
fines a subset of informative and modality-relevant tokens
from long texts, supporting efficient and faithful alignment
in the one-stage training of OneL.IP. TRIM consists of two
sub-modules: TRIM-Select, which identifies the informa-
tive tokens through a combination of SVD-based token con-
tribution scoring and cross-modal relevance modeling; and
TRIM-Refine, which refines the selected tokens via a set of
learnable queries and dynamic weighting.

TRIM-Select. Given the embedding of a long text Zy €
RL1xd TRIM-Select evaluates an importance score for each
token by considering structural importance and cross-modal
relevance. First, we apply Singular Value Decomposition
(SVD): Ziexe = USV' T, where U € RL1 %" contains the left
singular vectors, ¥ € R"*" the top-r singular values, and
V' T the semantic basis. The structural importance of token
x; 1s defined as:

”
I(i) = > _ Uyl - 05, “)
j=1

which reflects its contribution to dominant semantic compo-
nents. Next, to measure cross-modal relevance of token z;,
we compute A(i) = (Ziexi], Zimg), Where Zims € RY is
the pooled visual embedding, and (-) denotes inner product.
A(7) quantifies token-image alignment and provides a cross-
modal grounding signal. The final importance-guided score
for token x; contains a weighted combination:

S(i) = (1—a)-I(i) +a- A(). (5)

Top-K tokens with the highest S Igz) are selected to constitute
the compact sequence Z/,, € RE* filtering out redundant
or low-contribution tokens.

TRIM-Refine. Intuitively, the choice of K in TRIM-Select
should be kept within a moderate range to ensure perfor-
mance, especially due to the substantial variation in token
lengths across long texts. To improve the robustness and
decouple sensitivity from K, we further introduce TRIM-
Refine to further condenses Z/.,, while preserving key se-
mantics. Specifically, TRIM-Refine aggregates the selected
tokens using a set of lightweight learnable queries @) €
REL2%4which extract contextually aligned representations

via attention-weighted aggregation over Z/,,,. The refined
representation can be expressed as:
Z{aegx% = Attn(Q? Z{CX{? Zt/ext)v (6)

where Attn(-) represents scaled dot-product attention, and
728 ¢ RI2*d gerves as the final textual representation,
which is aligned in shape with the base encoder output Zlext.
TRIM-Refine avoids a full reliance on parameter-free SVD
and decouples K from token dimensions, greatly enhancing
the model’s robustness.

Token-wise Distillation. As mentioned before, a fine-
grained supervision can mitigate semantic degradation and
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boost one-stage adaptation. Thus, we introduce a token-wise
distillation in long-text CLIP adaptation, which can be ex-
pressed as:

Lo
1 a A s
‘Ctoken—wise = fz § [1 — COS (Ztae%(%[z]a Ztext m)] ’ (7)
i=1

where Ziey, denotes the base encoder output, and Z% repre-
sents the most informative set of tokens learned through both
TRIM-Select and TRIM-Refine. This enables Liken-wise tO
operate on compact yet informative latent tokens, yielding a
more robust and semantically faithful distillation process.

Per-sample Online Hard Negative Mining (PO-HNM)
Most CLIP variants typically adopt hard negative mining
(HNM) via either offline HNM (e.g., via pre-computed sim-
ilarities) during pre-processing, or batch-shared negatives.
However, such static strategies become suboptimal in long-
text scenarios, which is primarily due to the inherently di-
verse and evolving semantic structures of long texts. In these
cases, negatives that are effective in earlier stages may be-
come trivial as the training evolves, leading to less informa-
tive contrastive updates. To address this issue, we propose
PO-HNM, a dynamic and fine-grained strategy that main-
tains a dedicated negative queue for each training sample
and updates it online throughout training. This design al-
lows the model to continuously track the difficulty of nega-
tives based on evolving representations across both modali-
ties. Concretely, for each training sample, we select M can-
didate negatives and compute their difficulty score using a
dual-consistency similarity function:

d = B cos(Zimg, Zu) + (1 = B) cos(ZE8, Zd),

text
Zimg and Zy

text
Zng is the negative token embedding from the base encoder,

and 3 € [0,1] balances inter-modal and intra-modal diffi-
culty. These candidates are inserted into a per-sample queue,
which is periodically updated every Tipgae Steps. For each
stored negative, we re-compute its difficulty score dyrent
and compare it with the previously stored dpey to obtain a
difficulty change metric as: Ad = |dprev — deurrent|- To de-
termine whether a negative should remain in the queue, we
introduce a binary indicator I, € {0,1} based on both
difficulty magnitude and evolution dynamics:

®)

are the anchor image/long-text embedding,

0 1f dcurrent S 6?
0 if |Ad| < d and deygrent > 0,
1 if |Ad| > § and deyrrent > 0,

9

erep =

where 6 is a difficulty threshold distinguishing “easy” from
“hard” negatives, and d controls the minimum required dy-
namics for a hard negative to be considered still informative.
A negative is retained (Ixeep = 1) if and only if it is both dif-
ficult (deysrent > 0) and still evolving (|Ad| > 0). In contrast,
negatives that are either too easy or have stagnated are re-
moved and replaced with new candidates, ensuring a contin-
ually challenging and informative negative pool throughout
training. We provide additional pseudocode and efficiency
analysis with other HNM strategies in the Appendix.



3.3 Learning Objective

As illustrated in Figure 2, the learning objective of OneLIP
consists of three parts: (1) Lioken-wise in Equation 7 enforces
fine-grained semantic alignment between the long-text en-
coder and the base encoder at the token level, serving as
the foundation for faithful long-text representation; (2) Bi-
directional contrastive alignment loss (£, in Equation 1)
aligns Z, 5% and Zim, through a symmetric Info-NCE based
objective; (3) auxiliary warm-up Loase in Equation 3. No-
tably, the contrastive alignment is enhanced by PO-HNM,
thus negatives will be updated throughout training. The over-
all learning objective is defined as:

L= )\lﬁcoarse + /\2£loken-wise + )\3 (Ei—t + ‘Ct—i)a (10)

where a specific weight is added to each objective balance
the contribution of each component. Importantly, Equation
10 is optimized end-to-end, enabling OneLIP to seamlessly
support long-text adaptation in a single training stage. This
unified formulation not only mitigates semantic degradation
but also avoids the inefficiency of multi-stage tuning.

4 Experiments
4.1 Experimental Settings

Datasets OneLIP is trained on ShareGPT4V (Chen
et al. 2024) dataset, including 1M image-text pairs with
instruction-style long captions. Evaluation is conducted
across four tasks: long-text image retrieval, short-text image
retrieval, zero-shot image classification, and text-to-image
generation. For long-text retrieval, we test on ShareGPT4V
test set (1,000 samples) and Urban-1K (Zhang et al.
2024), including 1000 fine-grained urban scene descrip-
tions. For short-text image retrieval, we follow Long-
CLIP to validate on full Flickr30K (Young et al. 2014)
(31,783 images) and MSCOCO (Lin et al. 2014) (5,000
images). Each image within both datasets is described by
5 different captions. For zero-shot image classification,
we evaluate on ImageNet (Deng et al. 2009), ImageNet-
O (Hendrycks et al. 2021), ImageNet-V2 (Ramesh et al.
2022), CIFAR-10 (Krizhevsky, Hinton et al. 2009), and
CIFAR-100 (Krizhevsky, Hinton et al. 2009).

Implementation Details OneLIP is implemented on
CLIP-ViT-B/16 and CLIP-ViT-L/14. We use a batch-size of
256 and train for 20 epochs. For long-text encoding, RoPE is

extended using NTK scaling with factor (’y . %) —(y=1)to

accommodate new higher token positions, where - is set to
8.0. In TRIM-Select, we set o = 0.5 and select top-K=100
tokens. TRIM-Refine reduces them to Ly = 77 via learn-
able attention. In PO-HNM, the per-sample negative query
size is M = 1024, which are updated every Typgae = 2000
steps. Difficulty score balancing uses 5 = 0.6, with pruning
thresholds & = 0.4, and 6 = 0.05. Loss weights are ini-
tialized as A1 = 0.2, Ay = 0.1, and A3 = 0.7 for the first
5,000 warm-up steps, then adjusted to 0.05, 0.25, and 0.7,
respectively for the rest of the training. All experiments are
conducted on NVIDIA A100 GPU.
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ShareGPT4V Urban-1K
Method =T Tol | 1T Tl
© CLIP 78.2 79.6 68.1 53.6
= | Fine-tuned CLIP 94.1 93.6 80.4 79.8
ﬁ Long-CLIP 94.6 93.3 78.9 79.5
& | TULIP 98.6 98.6 88.1 86.6
OneLIP (ours) 99.1 98.7 88.0 87.2
< CLIP 81.8 84.0 68.7 52.8
= | Fine-tuned CLIP 95.3 95.4 78.0 76.5
i Long-CLIP 95.8 95.6 82.7 86.1
| TULIP 99.0  99.0 | 90.1 91.1
OneLIP (ours) 99.1 99.5 92.3 93.0

Table 1: R@1 performance comparison for long-text image
retrieval on ShareGPT4V and Urban-1K. The best results
are highlighted in bold, and the second-best results are un-
derlined.
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Figure 3: Average R@1 performance trained with different
max sequence length. Three baselines stagnate early as se-
quence length increases, indicating that extended semantics
in longer captions suffer from degradation.

Evaluation Metrics and Baselines We use Recall@K
(R@K) top-1 accuracy (Acc@1) to evaluate retrieval tasks
and image classification, respectively. The baselines are
composed of the vanilla CLIP (Radford et al. 2021), Fine-
tuned CLIP (CLIP trained with long texts following the po-
sitional interpolation strategy of Long-CLIP (Zhang et al.
2024)), Long-CLIP, and TULIP (Najdenkoska et al. 2025).

4.2 Results and Analysis

Long-Text Image Retrieval Table 1 reports the R@]1
performance on long-text image retrieval. Across both
backbones, OneLIP consistently outperforms all baselines.
Notably, on ShareGPT4V, OneLIP achieves 99.1% (I-T)
and 98.7% (T-I) under the ViT-B/16, slightly surpassing
TULIP (Najdenkoska et al. 2025) while offering a more ef-
ficient end-to-end training pipeline. On Urban-1K, OneLIP
achieves an overall improvement, demonstrating its superi-
ority to capture long-range semantic dependencies of dense
urban scenes. While Long-CLIP (Zhang et al. 2024) and
Fine-tuned CLIP show improvements over vanilla CLIP,
their gains plateau for longer captions, echoing the atten-
tion collapse observed in Figure 1. Moreover, we visualize
the average R@1 performance across different maximum se-



| | MS-COCO | Flickr30K
Method I-T T—I I-T T—I
R@l R@5 R@10|R@l R@5 R@I0|R@I R@5 R@I0|R@1 R@5 R@10

o | cLP 518 768 843 | 327 577 682 | 441 682 770 | 247 451 546
S| Fine-tuned CLIP | 374 623 72.1 | 21.8 434 545 | 257 458 554 | 179 345 431
2 | Long-CLIP 576 81.1 878 | 404 658 752 | 468 714 798 | 341 563 65
£ tuLe 568 803 - | 407 661 - | 461 708 - |352 574 -

OneLIP (ours) | 58.1 81.6 87.8 | 42.1 664 757 | 47.0 722 812 | 356 575 663
_|cup S6.1 795 868 | 354 601 702 | 485 726 802 | 280 493 587
2 | Fine-tuned CLIP | 37.9 63.1 722 | 23.1 451 559 | 260 463 556 | 17.9 349 435
= | Long-CLIP 62.8 851 912 | 463 708 798 | 534 775 853 | 412 641 726
£ TuLp 626 847 - | 461 7.1 - |567 795 - | 416 643 -

OneLIP (ours) | 63.4 855 91.6 | 49.0 719 813 | 56.8 80.0 855 | 44.0 66.1 73.4

Table 2: Performance comparison for short-text image retrieval on MS-COCO 5K and full Flickr30K. The best results are
highlighted in bold, and the second-best results are underlined.

‘ Method ‘ Datasets ‘ Average

| | IN IN-O IN-V2 C-10 C-100|
o |CLIP 684 422 619 90.8 673 | 66.12
& | Fine-tuned CLIP |55.1 31.7 44.8 839 592 | 54.94
& | Long-CLIP 66.8 42.7 612 90.7 69.3 | 66.14
~ | OneLIP (ours) [68.1 43.0 62.5 914 69.2 | 66.84
< | CLIP 75.5 319 699 955 76.8 | 69.92
| Fine-tuned CLIP |58.4 29.2 527 92.7 68.7 | 60.30
&= | Long-CLIP 73.5 337 679 953 785 | 69.78
~ | OneLIP (ours) |75.0 352 729 967 79.3 | 71.82

Table 3: Acc@1 performance comparison for zero-shot
image classification. “IN”, “IN-O”,“IN-V2”,“C-10" and
“C-100” are the abbreviations of ImageNet, ImageNet-O,
ImageNet-V2, CIFAR-10 and CIFAR-100, respectively. The
best results are highlighted in bold, and the second-best re-
sults are underlined.

quence lengths in Figure 3. It is observed that baseline meth-
ods stagnate early as sequence length increases, confirm-
ing that critical semantics in later tokens are poorly lever-
aged and suffer from degradation. OneLIP continues to im-
prove with longer sequences, validating that our design mit-
igates both truncation-induced information loss and insuffi-
cient token-level supervision, leading to more faithful long-
text representation learning.

Short-Text Image Retrieval To evaluate whether OneLIP
retains the performance of CLIP in conventional short-
text settings, we conduct experiments on two widely used
benchmarks: MS-COCO 5K and full Flickr30K. As shown
in Table 2, OneLIP achieves consistently superior results
across both backbones and retrieval directions, demonstrat-
ing strong robustness and transferability beyond the long-
text regime. Unlike fine-tuned CLIP, which shows degraded
performance likely due to overfitting to long texts, OneLIP
maintains high accuracy across all short-text metrics. For
instance, on MS-COCO with ViT-B/16, OneLIP achieves
58.1% R@1 (I-T) and 42.1% R@1 (T-I), surpassing all base-
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Baseline TRIM TRIM TRIM
Dataset (CLIP) TRIM +HNM +PO-HNM +PO-HNM
(M=1024) (M=512) (M=1024)
SG4V (I-T) | 782 932 94.3 96.9 99.1
UIK (T-) 53.6  80.0 83.9 87.0 87.2
COCO (I-T)| 51.8 555 56.3 56.4 58.1
F30K (T-I) 247 320 32.3 34.9 35.6
CIFAR10 90.8 904 90.7 90.9 914
CIFAR100 67.3 68.1 68.5 69.2 69.2

Table 4: Ablation study of components in OneLIP, where
vanilla CLIP is set as the baseline. Dataset abbreviations:
SG4V for ShareGPT4YV, U1K for Urban-1K, COCO for MS-
COCO, F30K for Flickr30K, M for negative query size.

lines. On Flickr30K, OneLIP obtains 44.0% R@1 (T-I) un-
der ViT-L/14, outperforming strong multi-stage baselines.

These results suggest that instead of degrading perfor-
mance, OneLIP also adapts gracefully to short texts by pre-
serving salient token semantics. This confirms that OneLIP
not only enhances long-text representations, but also gener-
alizes robustly to short captions, achieving a universal adap-
tation through a single-stage training pipeline.

Zero-shot Image Classification To assess the generaliza-
tion ability of OneLIP in open-world settings, we further
evaluate its zero-shot classification performance. As shown
in Table 3, OneLIP achieves competitive performance across
most datasets. Notably, with ViT-B/16, OneLIP attains the
best average accuracy (66.84%), indicating its robustness to
diverse image domains, where similar trends are observed
under ViT-L/14. While OneLIP exhibits a slight drop on Im-
ageNet under ViT-L/14 (75.0% vs. 75.5% for vanilla CLIP),
we attribute this to minor representational shifts introduced
by long-text adaptation, which may slightly affect class
name grounding. Importantly, OneLIP surpasses all base-
lines in average accuracy, and maintains strong performance
on out-of-distribution benchmarks such as ImageNet-O and
ImageNet-V2.



Long-Text Prompt

A red fox stands alert on a quiet, snowy hill at Baseline
dusk, its slender frame silhouetted against the
fading sky. Its thick, dense fur catches the last
golden traces of daylight, reflecting a soft,
reddish sheen that glows subtly in the dimming
light. Around the fox, there is only a vast,
untouched field of white snow stretching down
the slope. The sky above is brushed with gentle
hues of lavender and pale orange, signaling the
quiet end of a long, cold winter day. The fox’s
pointed ears are perked attentively, and its
sharp gaze remains fixed on something far off,
perhaps a distant sound or subtle movement
hidden in the quiet landscape. Long, dark
whiskers twitch slightly in the breeze. Its bushy
tail curls behind its legs, thick and fluffy like a
plume, barely moving. A faint wind stirs the
surface of snow, sending soft flurries swirling
through the still air. In the background, a row of
tall pine trees lines the hill’s edge, their branches weighed down by snow,
standing silent like sentinels. Everything is hushed, unmoving. The fox
remains perfectly still, as though time itself has paused.

OneLIP

A

Short-Text Prompt

A blue bicycle leans against a brick wall in a
quiet alleyway. Its frame is slightly worn,
with scuffed paint on the handlebars and
pedals. A basket mounted on the front
contains a folded newspaper. Sunlight filters
in at an angle, casting long shadows.

Fine-grained Text Prompt

A young woman with soft almond-shaped
eyes, a delicate nose, and full lips. Her skin
is smooth with a warm olive tone, and
faint freckles dot her cheeks and upper
nose. Long, dark eyelashes gently frame
her expressive eyes.

Figure 4: Plug-and-play text-to-image generation results, which qualitatively validate the text representations of OneLIP. Three
types of prompts are compared: long texts, short texts, and fine-grained texts.

4.3 Ablation Study

We perform ablation studies to quantify the contributions of
each component in OneLIP across the above three tasks us-
ing ViT-B/16 as the backbone. Starting from the CLIP base-
line, we incrementally add TRIM and different hard negative
mining strategies for comparison, as shown in Table 4.

Introducing TRIM alone leads to significant gains across
all tasks. On ShareGPT4V (I-T), R@1 improves from 78.2
to 93.2, and on Urban-1K (T-I), from 53.6 to 80.0, in-
dicating that selecting informative and modality-relevant
tokens substantially enhances long-text alignment. TRIM
also improves performance on short-text datasets (+4.6 on
Flickr30K T-I), showing adaptability to various sequence
lengths without overfitting to long inputs. Next, we assess
hard negative mining. Compared to offline HNM, PO-HNM
yields notable improvements (+4.8 on SG4V and +3.3 on
Urban-1K) while requiring only half the number of nega-
tives per sample (M = 512 vs. M = 1024), demonstrat-
ing both effectiveness and efficiency in long-text scenarios
where semantic drift is common. For zero-shot classifica-
tion, improvements are generally milder but still consistent,
reflecting the inherently difference between classification
and retrieval. Nonetheless, performance improvements on
CIFAR-10 and CIFAR-100 confirm that OneLIP preserves
generalization without sacrificing classification capability.

In summary, the ablations validate the contribution of
each component in OneLIP. More studies on TRIM sub-
modules, sequence length sensitivity, and update frequency
in PO-HNM (T}pdace) are in the Appendix.

4.4 Plug-and-play Text-to-Image Generation

To evaluate OneLIP’s long-text representation beyond re-
trieval and classification, we further conduct studies on text-
to-image generation. Specifically, we replace the original
CLIP-L text encoder in Stable Diffusion XL (Podell et al.
2023) with the long-text encoder in OneLIP. Importantly,
we keep all settings unchanged and no additional training
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is introduced to ensure a fair comparison, reflecting the en-
coder’s ability to capture textual semantics.

We compare against LongCLIP (Zhang et al. 2024) un-
der three prompting scenarios: (1) long-text prompt with
detailed descriptions; (2) short-text prompt with around 50
words; and (3) fine-grained prompts focusing on subtle de-
tails and precise modeling of attributes typically located at
the end of the input.

As shown in Figure 4, OneLIP consistently generates im-
ages that better reflect text semantics. In long-text prompt
case, OneLIP produces a more vivid “red fox” with finer
texture and improved scene composition such as “a line of
pine trees stands along the slope” and “dark green needles
heavy with snow”, which are entirely absent in the baseline,
suggesting OneLIP’s superiority in late-positioned seman-
tics. Under short prompts, OneLLIP more accurately captures
localized objects like the “basket mounted on the front”
and “pedals”, indicating stronger token grounding. In fine-
grained prompts, OneLIP preserves more realistic and subtle
facial cues like the “almond-shaped eyes”, “faint freckles”,
and “long dark eyelashes”, demonstrating that OneLIP not
only improves long-text understanding but also enhances se-
mantic fidelity and detail preservation in generative tasks.

5 Conclusion

We present OneLIP, a one-stage framework for adapting
CLIP to long texts without truncation or multi-stage tuning.
OneLIP introduces two key innovations: (1) TRIM selects
and refines informative tokens for token-wise distillation to
mitigate semantic degradation; and (2) PO-HNM strategy
dynamically maintains sample-specific negatives via dual-
modality difficulty tracking, which is crucial for addressing
dispersed semantics in long captions. Extensive experiments
across retrieval, classification, and generation tasks demon-
strate that OneLIP provides an efficient, scalable, and se-
mantically faithful solution for long-text CLIP adaptation.
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