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Abstract
Open-vocabulary semantic segmentation aims to assign
pixel-level labels to images based on textual descriptions,
even for categories beyond predefined closed sets. While
vision-language foundation models like CLIP are widely used
for this task, fine-tuning them for pixel-level predictions of-
ten compromises their generalization capabilities. To address
this, we propose a novel fine-tuning strategy, CP-CLIP, which
generates customized parameters for CLIP without sacrific-
ing its generalization. Our method employs a customized
parameter generator that produces newly added parameters
based on random noise, using local visual features from
CLIP’s image encoder as conditions, enabling generalization
to new images from unseen scenarios. Additionally, we in-
troduce an orthogonal adaptation technique to ensure the up-
date direction is orthogonal to the pre-trained weights, largely
preserving the initial generalization ability. Extensive exper-
iments demonstrate that CP-CLIP achieves state-of-the-art
performance across multiple benchmarks in open-vocabulary
semantic segmentation.

Introduction
The objective of open-vocabulary semantic segmentation
is to create a segmentation model that can assign pixel-
level labels to images based on textual descriptions, even
for categories beyond a predefined closed set. Vision-
language foundation models (Tan and Bansal 2019; Lu
et al. 2019; Zhao et al. 2024; Tang et al. 2025; Tang
et al.), especially CLIP (Radford et al. 2021), are com-
monly utilized to enable open-vocabulary recognition. Thus,
open-vocabulary semantic segmentation essentially involves
adapting these vision-language foundation models, which
are initially trained with image-level supervision, to perform
pixel-level predictions.

Existing studies (Yu et al. 2023; Xie et al. 2023; Cho et al.
2024; Xu et al. 2023b; Shao et al. 2024; Zhang et al. 2023;
Xu et al. 2022a; Wu et al. 2024; Yang et al. 2025a,b,c; Peng
et al. 2025b,a) often fine-tune CLIP on closed-set datasets
with segmentation annotations, e.g., COCO-stuff (Caesar,
Uijlings, and Ferrari 2018), to enhance its segmentation ca-
pabilities. A common belief is that freezing CLIP’s text en-
coder helps preserve its robust text embeddings for a wide
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range of classes, which is thought to improve generaliza-
tion on open sets (Li et al. 2022; Liang et al. 2023; Xu
et al. 2023b). However, since the pre-trained text encoder
is optimized for image-level classification, it is not aware
of the dense knowledge for pixel-level recognition, leading
to degraded segmentation performance. Recent works (Cho
et al. 2024; Xie et al. 2023) attempt to fine-tune the text
encoder with a small learning rate, balancing the preser-
vation of CLIP’s generalization capabilities with improved
segmentation performance compared to former approaches.
However, fine-tuning CLIP’s text encoder remains a double-
edged sword: while it significantly enhances segmentation
performance, it risks undermining the model’s pre-trained
generalization capabilities. This occurs because CLIP’s text
encoder is fine-tuned on specific classes, thus its parame-
ters after fine-tuning, cannot adapt to generalizable features
for recognizing unseen classes. Faced with this dilemma, we
pose a question by the light of nature: Is there a way to fine-
tune CLIP without sacrificing its generalization capabilities?

In this paper, to offer a solution to this question, we pro-
pose two principles for fine-tuning CLIP: (1) the pre-trained
weights should remain frozen, and the newly added param-
eters for CLIP’s text encoder should be customized for each
image, enabling generalization to new images from unseen
classes; and (2) the update direction of the newly added pa-
rameters should be orthogonal to the pre-trained parameters,
thereby largely preserving the initial generalization capabil-
ities. To achieve this, we draw inspiration from recent meth-
ods for neural network parameter generation (Ha, Dai, and
Le 2017; Wang et al. 2024; Jin et al. 2024), which generate
parameters using diffusion models (Rombach et al. 2022).
As a result, the model’s parameters are not fixed after train-
ing on specific datasets. By conditioning on different scenar-
ios or tasks, the model can generate distinct parameters from
random noise, enabling generalization to new scenarios.

Based on this motivation, we propose a novel fine-tuning
strategy, named CP-CLIP, for generating customized pa-
rameters for CLIP. CP-CLIP achieve the newly added pa-
rameters ∆ω by adopting a low-rank adaptation (LoRA)-
like (Hu et al. 2022) fine-tuning framework to reduce com-
putation cost, i.e., ∆ω = α ·β, where α and β are low-rank
weights. Then, we introduce a customized parameter gener-
ator that takes random noise as input to generate the value
of α. Specifically, the generator consists of multiple layers,
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each containing a cross-attention block and a feed-forward
network. The random noise and local visual features, ex-
tracted from the final layer of CLIP’s vision encoder, in-
teract within the cross-attention block as conditions. Subse-
quently, a linear projection is applied to derive the value of
α. Finally, the value of β is orthogonally parameterized and
fixed to ensure that ∆ω maintains an orthogonal direction
relative to the pre-trained weights of CLIP’s text encoder.
Interestingly, the behavior of our method aligns with exist-
ing multi-modal large language models (Alayrac et al. 2022;
Chen et al. 2022; Dai et al. 2023; Liu et al. 2023; Ma et al.
2024) designed for visual question-answering tasks (Lu et al.
2022; Goyal et al. 2017). Instead of focusing on specific
classes, these models dynamically inject visual features into
large language models, enhancing their generalization abil-
ity to address zero-shot vision-related problems. Addition-
ally, our method can be viewed as a form of test-time adap-
tation (Wang et al. 2020, 2022), as it dynamically adjusts pa-
rameters to adapt to new images during inference. Extensive
experiments demonstrate that CP-CLIP achieves state-of-
the-art performance in open-vocabulary semantic segmen-
tation across multiple benchmarks.

Related Work

Open-vocabulary Semantic Segmentation

Previous research on open-vocabulary semantic segmenta-
tion often relies on CLIP (Radford et al. 2021) as a founda-
tional model. Initial approaches (Yu et al. 2023; Xie et al.
2023; Cho et al. 2024; Xu et al. 2023b; Shao et al. 2024;
Zhang et al. 2023), such as (Zhou, Loy, and Dai 2022), di-
rectly fine-tune CLIP on standard segmentation datasets like
COCO (Caesar, Uijlings, and Ferrari 2018). However, these
methods face criticism because fully fine-tuning CLIP’s en-
coder can significantly reduce its ability to generalize to un-
seen classes. To address this, alternative methods (Ghiasi
et al. 2022; Ding et al. 2022; Xu et al. 2022b, 2023a) adopt a
different strategy: they freeze CLIP to preserve its general-
ization capabilities and instead fine-tune an additional mask
generator (Cheng et al. 2022) for segmentation. Despite this,
the frozen parameter space in such approaches often re-
sults in a lack of segmentation awareness, causing misalign-
ment between image regions and textual descriptions (Liang
et al. 2023). More advanced techniques (Yu et al. 2023; Xu
et al. 2023b; Cho et al. 2024) propose selectively fine-tuning
specific parameters, such as certain layers of CLIP, to en-
able pixel-level predictions while keeping most of CLIP’s
parameters fixed. Although these methods show promise,
their reliance on very small learning rates to minimize de-
viations from the pre-trained CLIP can constrain segmenta-
tion performance. In summary, while fine-tuning typically
improves segmentation performance, it often compromises
CLIP’s generalization capabilities. To address this, we pro-
pose a novel fine-tuning pipeline that generates customized
parameters for CLIP’s text encoder, dynamically controlled
by individual images, thereby preserving its generalization
ability when encountering new scenarios.

Neural Network Parameter Generation
Neural network parameter generation (Ha, Dai, and Le
2017; Wang et al. 2024) represents a significant advance-
ment in artificial intelligence-generated content. As an early
pioneer in the deep learning era, HyperNetworks (Ha, Dai,
and Le 2017) is proposed to generate parameters for various
architectures of larger networks, often applied to fine-tune
models for personalized downstream tasks, such as subject-
driven generation (Ruiz et al. 2023). With the emergence
of diffusion models, e.g., latent diffusion model (Rombach
et al. 2022) (LDM), recent works (Erkoç et al. 2023; Pee-
bles et al. 2022) have leveraged diffusion models for neu-
ral network parameter generation. For example, Tina (Pee-
bles et al. 2022) introduces text-controlled parameter gener-
ation methods, broadening the scope of personalized model
adaptation. However, the diffusion process typically requires
manually pre-collecting a large set of parameters optimized
through traditional back-propagation as targets, which is
time-consuming and limits its broader applicability. In this
paper, we simplify the diffusion process of LDMs and pro-
pose a customized parameter generator to equip CLIP with
segmentation ability, largely preserving CLIP’s open-set
recognition ability for open-vocabulary semantic segmenta-
tion.

Preliminary Background
In this section, we first describe the learning paradigm
for fine-tuning CLIP (Radford et al. 2021), followed by
an overview of one of the most widely used fine-tuning
paradigms: parameter-efficient fine-tuning, upon which our
framework is built.
Fine-tuning CLIP. Given a visual-language model F , e.g.,
CLIP (Radford et al. 2021), the goal of fine-tuning CLIP
F(I;ω) is to adapt it to a new downstream task, e.g., open-
vocabulary semantic segmentation, where I is an input im-
age from a dataset of the new task and ω ∈ Ωl denotes the
trainable parameters, where Ωl refers to the parameter set
of F . Accordingly, the objective function of fine-tuning is
formulated as:

ω∗ = argmin
ω

L(I,Y), (1)

where Y is a full dense label map. For segmentation tasks,
the loss function L is commonly selected as a cross-entropy
loss. To preserve CLIP’s pre-trained generalization capa-
bilities, we draw inspiration from parameter-efficient fine-
tuning (PEFT) paradigms, which typically introduce train-
able parameters ∆ω as the trainable parameters and keep
the ω frozen. The updated parameters are then computed as
ω∗ = ω + ∆ω through optimization. Here, we briefly re-
view LoRA (Hu et al. 2022), a representative PEFT method
for CLIP adaptation, as our approach builds upon it.
LoRA. LoRA (Hu et al. 2022) introduced a learnable low-
rank matrix ∆ω that works in parallel to the original weight
matrix ω ∈ RD×U , which is frequently associated with the
parameter matrix in the self-attention block of each trans-
former layer. ∆ω is derived by a matrix factorization de-
composition, denoted as ∆ω = α · β, where α ∈ RD×r,
β ∈ Rr×U . r ≪ min{D,U}.
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Figure 1: Overview of the proposed CP-CLIP framework. (a) Illustration of the pipeline of our customized parameter generator.
We use µ random noises with local visual features obtained from CLIP’s image encoder as conditions to generate {αi}µi=1
values via a generator G for updating the entire parameter space of CLIP’s text encoder. Then, M orthogonal subspace spans
{β1, · · · , βr} are employed to transform these α values into customized parameters ∆ω. (b) Orthogonal adaptation introduces
a simple method to achieve approximate orthogonality. It ensures that the orthogonal subspace spans {β1, · · · , βr} prevent
interference between the update direction of customized parameters ∆ω and the update direction of pre-trained parameters ω.

Methodology
Fig. 1 illustrates the proposed CP-CLIP framework, which
consists of two core components: (1) a customized param-
eter generator and (2) orthogonal adaptation. To obtain the
∆ω = α · β in CP-CLIP, the customized parameter gener-
ator leverages local visual features from CLIP’s image en-
coder as conditions to generate α. Orthogonal adaptation
initializes β using orthogonal parameterization and keeps it
fixed, ensuring that the update direction of ∆ω is orthogonal
to the original ω, preserving semantic information in CLIP’s
text encoder and maintaining its generalization ability.

Customized Parameter Generator
Inspired by the denoising U-Net architecture in latent dif-
fusion model (LDM) (Rombach et al. 2022), which gen-
erates images from random noise by incorporating exter-
nal knowledge (e.g., images) as conditions, we adapt this
concept to generate customized parameters for CLIP’s text
encoder tailored to each image. Specifically, this genera-
tor G comprises M layers, each featuring a cross-attention
block (Attn) and a feed-forward network (FFN), to gener-
ate α ∈ RD×r. Given an input random noise x ∈ RD and
local visual features—specifically, N patch tokens with D
feature dimensions, C ∈ RN×D—from the image encoder
V , the random noise and local visual features interact within
the cross-attention block. Similar to LDM, we designate the
random noise as queries and the local visual features as keys
and values. Formally, this process is formulated as:

Attn(xq,Ck,Cv) = softmax

(
xqCkT

√
D

)
Cv, (2)

where xq = xωQ, Ck = CωK , and Cv = CωV . Here,
ωQ ∈ RD×U , ωK ∈ RD×U and ωV ∈ RD×U are learnable
weights. U represents the dimension of each attention head.
Then, the output features from h attention heads are con-
catenated and linearly transformed using a learnable weight
ωO ∈ RD×D to generate the input of FFN. The entire for-
ward process of G is summarized as:

xm = Gm(xm−1,C),m = 1, 2, ...,M, (3)

where C = V(I), with I being an input image fed into V ,
and Gm = Attnm ◦ FFNm. After that, xm is transformed
through a linear projection P to obtain α in our proposed
CP-CLIP for fine-tuning.

Notably, updating the entire parameter space of CLIP’s
text encoder requires different variations of newly added
weights for distinct locations, e.g., shallow and deep layers.
However, a single input random noise can only produce one
α for updating ∆ω, resulting in identical weights across all
locations. To address this, we initialize a set of random noise
X0 ∈ RµM×D, where µ represents the number of locations
requiring newly added weights in each layer. Then, we can
rewrite Eq. (3) as:

Xm = Gm(Xm−1,C),m = 1, 2, ...,M. (4)

Finally, we utilize the P to generate distinct α values for
updating the entire parameter space of CLIP’s text encoder.

Orthogonal Adaptation
In this section, we begin by analyzing the update mechanism
of CLIP’s text encoder. Building on this analysis, we intro-
duce a simple method to ensure that the update direction of
∆ω remains orthogonal to the original parameter space de-
fined by ω.
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Analysis. Without loss of generality. We first detail the up-
dating process of CLIP’s text encoder as follows:

h = ω∗t = (ω +∆ω)t, (5)

where t is a text feature embedding derived from the input
text description, and h is the output text embedding. No-
tably, the introduced learnable parameters ∆ω often influ-
ence the pre-trained parameters ω, and thus lead to the drop
of generalization capabilities. In CP-CLIP, although the cus-
tomized parameters α, generated via Eq. (4) and integrated
into CLIP’s text encoder, enable adaptation to unseen sce-
narios, there is no explicit constraint on how α adapts. Simi-
larly, this lack of constraint may lead to conflicts between the
newly added customized parameters and the pre-trained pa-
rameters, potentially compromising the generalization capa-
bilities of ω∗. To address this issue, we introduce an orthog-
onal adaptation strategy to minimize interference between
the customized parameter α and the pre-trained parameter
ω. Specifically, we begin by analyzing the gradient of ω to
illustrate the derivation process, which is expressed as fol-
lows:

∂L
∂ω∗ =

∂L
∂h

∂h

∂ω∗ =
∂L
∂h

tT , (6)

where L is a loss function. The change of ω∗ can then be
obtained as:

▽ωω
∗ = −η

∂L
∂h

tT , (7)

where η is the learning rate. For our proposed CP-CLIP,
when updating the customized parameter α in Eq. (5), the
gradient of α is computed as:

∂L
∂α

=
∂L
∂h

∂h

∂α
=

∂L
∂h

tTβT . (8)

In analogy, the change of ω∗ can be rewritten as follows:

▽αω
∗ = −η

∂L
∂α

β = −η
∂L
∂h

tTβTβ

= ▽ωω
∗βTβ. (9)

According to Eq. (9), the each row vector of ▽ωω
∗ can be

projected into a subspace span {β1, · · · , βr} by the projec-
tion matrix βTβ, where βi is the i-th row vector of β.

Our analysis shows that updating α is equivalent to mod-
ifying the pre-trained parameters ω within the subspace
span{β1, · · · ,βr}. Since we expect α to be customized,
we would like to ensure α and ω to be non-interfering of
each other. Then, prior to generating the customized param-
eter α, we can strategically design an orthogonal subspace
span {β1, · · · , βr} to avoid the conflicts between the newly
added customized parameters and the pre-trained parame-
ters, while achieving a good trade-off between stability and
plasticity. The core challenge of this strategy is to design a
set of basis vectors {βi}ri=1 that are orthogonal to each other,
i.e., βT

i βj = 0. This is particularly difficult because the pre-
trained dataset is unknown, making it infeasible to strictly
enforce orthogonality among the designed basis vectors βi.
To address this, we propose a simple method to achieve ap-
proximate orthogonality by leveraging a zero-mean Gaus-
sian distribution.

Proposition 1 (Approximate Orthogonality). Random
Gaussian sampling can yield approximately orthogonal ma-
trices.
Proof. Let ai ∼ N (0, σ2I) and bi ∼ N (0, σ2I) for all
i ∈ [1, d] independently, then E[aTb] = E[

∑d
i=1 aibi] =∑d

i=1 E[aibi] =
∑d

i=1 E[ai]E[bi] =
∑d

i=1 0 · 0 = 0. Sim-
ilarly, let A ∈ Rm×n and B ∈ Rm×n, where all entries of
A and B are independently sampled from N (0, σ2I), then
E[ATB] = 0 ∈ Rm×m. ■

Building upon Proposition 1, we develop a simple strat-
egy to achieve approximate orthogonality. Specifically, we
sample the basis vectors βi from a zero-mean Gaussian
distribution with standard deviation σ: βi ∼ N (0, σ2I).
Naturally, the resulting projection matrix βTβ is approxi-
mately orthogonal, as it satisfies the expectation condition
E[βT

i βj ] = 0 for i ̸= j. Notably, this design method does
not require any prior knowledge of the pre-training data.

Experiments
Experimental Setup
Datasets. Following previous studies (Cho et al. 2024; Xie
et al. 2023), we utilize the COCO-Stuff dataset (Caesar,
Uijlings, and Ferrari 2018) for training. For evaluation,
we benchmark our method ADE20K (Zhou et al. 2019),
PASCAL VOC (Everingham et al. 2010), and PASCAL-
Context (Mottaghi et al. 2014).
Implementation Details. Our method is implemented using
the Transformer-based CLIP model. Following the protocol
established in (Cho et al. 2024), we evaluate our results on
two versions of the CLIP model: ViT-B/16 and ViT-L/14.
For training, we follow the same experimental setup as (Cho
et al. 2024). Besides, we use the Adam optimizer (Kingma
and Ba 2014) with an initial learning rate of 1 × 10−5 for
CLIP, and a weight decay of 10−4. Training is performed
with one image per mini-batch. We inject the newly gener-
ated weights into the ωQ and ωV linear projections within
the self-attention block of each CLIP layer. The number of
layers M is set to 3. The rank r is set to 32 for CLIP’s
text encoder. σ is set to 0.01. We also employ the LoRA-
like framework to update CLIP’s image encoder, with a
rank of 128. The decoder follows the cost-based approach
from (Cho et al. 2024).

Comparisons with State-of-the-arts
We compare CP-CLIP with several state-of-the-art ap-
proaches, as shown in Table 1. Overall, our method achieves
the best performance. Following the classification of fine-
tuning methods outlined in (Han et al. 2024), most exist-
ing approaches fall into two categories: (1) selective fine-
tuning and (2) additive fine-tuning. The former typically
fine-tunes a subset of CLIP’s parameters, e.g., specific lay-
ers with a small learning rate, to enhance its segmentation
ability. However, directly modifying CLIP’s pre-trained pa-
rameter space can compromise its generalization capabil-
ities. The latter often augments CLIP with segmentation-
oriented architectures, aiming to preserve its generalization
ability. However, this approach retains CLIP’s pre-trained
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Model VLM Additional Backbone A-847 PC-459 A-150 PC-59 PAS-20 PAS-20b

Selective Fine-Tuning
ZS3Net (Bucher et al. 2019) - ResNet-101 - - - 19.4 38.3 -
OpenSeg (Ghiasi et al. 2022) ALIGN ResNet-101 4.4 7.9 17.5 40.1 - 63.8
ZegCLIP (Zhou et al. 2023) CLIP ViT-B/16 - - - - 41.2 93.6 -
SED (Xie et al. 2023) CLIP ConvNeXt-B - 11.4 18.6 31.6 57.3 94.4 -
CAT-Seg (Cho et al. 2024) CLIP ViT-B/16 - 12.0 19.0 31.8 57.5 94.6 77.3

Additive Fine-Tuning
ZegFormer (Ding et al. 2022) CLIP ViT-B/16 ResNet-101 4.9 9.1 16.9 42.8 86.2 62.7
ZSseg (Xu et al. 2022b) CLIP ViT-B/16 ResNet-101 7.0 - 20.5 47.7 88.4 -
SAN (Xu et al. 2023b) CLIP ViT-B/16 Side Adapter 10.1 12.6 27.5 53.8 94.0 -
OVSeg (Liang et al. 2023) CLIP ViT-B/16 ResNet-101c 7.1 11.0 24.8 53.3 92.6 -

Reparameterized Fine-Tuning
CP-CLIP CLIP ViT-B/16 - 12.8 19.3 32.5 57.9 95.1 77.1

Selective Fine-Tuning
OpenSeg (Ghiasi et al. 2022) ALIGN Eff-B7 8.1 11.5 26.4 44.8 - 70.2
SED (Xie et al. 2023) CLIP ConvNeXt-L - 13.9 22.6 35.2 60.6 96.1 -
CAT-Seg (Cho et al. 2024) CLIP ViT-L/14 - 16.0 23.8 37.9 63.3 97.0 82.5

Additive Fine-Tuning
SAN (Xu et al. 2023b) CLIP ViT-L/14 Side Adapter 12.4 15.7 32.1 57.7 94.6 -
OVSeg (Liang et al. 2023) CLIP ViT-L/14 Swin-B 9.0 12.4 29.6 55.7 94.5 -
ODISE (Xu et al. 2023a) CLIP ViT-L/14 Stable Diffusion 11.1 14.5 29.9 57.3 - -
FC-CLIP (Yu et al. 2023) CLIP ConvNeXt-L - 14.8 18.2 34.1 58.4 95.4 -

Reparameterized Fine-Tuning
CP-CLIP CLIP ViT-L/14 - 16.9 24.0 38.8 63.7 97.3 83.1

Table 1: Comparison with SOTA methods on several benchmarks. The best results are presented in bold, while the second-best
results are underlined. We categorize these fine-tuning methods based on the classification outlined in (Han et al. 2024).

parameter space, which is optimized for image-level clas-
sification, potentially limiting its performance in pixel-level
recognition tasks. Unlike most previous methods, our pro-
posed CP-CLIP introduces a reparameterized fine-tuning ap-
proach for CLIP, preserving its initial generalization capabil-
ities while enhancing segmentation ability. CP-CLIP signif-
icantly outperforms the latest SOTA method, CAT-Seg (Cho
et al. 2024), achieving a 0.9% improvement on the A-847
dataset, which includes 847 unseen classes, using ViT-B/16
as the base model. These results underscore the effectiveness
of our method in maintaining generalization capabilities.
Qualitative results. We present visual comparisons of our
method’s segmentation results against leading approaches,
e.g., CAT-Seg (Cho et al. 2024) and SAN (Xu et al. 2023b),
on the A-847 dataset. As shown in Fig. 2, our method
achieves superior accuracy in predicting the semantics of un-
seen objects and maintaining internal consistency within ob-
jects. This highlights the preservation of CLIP’s pre-trained
generalization capabilities.

Ablation Study
Ablation of fine-tuning CLIP. We assess the effective-
ness of different fine-tuning design variants for CP-CLIP,
as shown in Table 2. We also compare the performance
with several commonly used fine-tuning methods, such as
LoRA (Hu et al. 2022) and HyperNetwork (Ha, Dai, and Le
2017), since our proposed method is inspired by them. Com-
pared to the baseline, i.e., fully freezing CLIP’s encoders
(see row 1), fine-tuning with each existing method (see rows

2 to 5) leads to significant improvements, demonstrating that
fine-tuning effectively equips CLIP with segmentation capa-
bilities for pixel-level recognition. When compared to exist-
ing fine-tuning strategies, our method also achieves optimal
performance (see row 8). Moreover, if we use random ini-
tialization for β and keep it fixed, i.e., “w/o using OA” (see
row 6), the performance drops significantly on the A-847
dataset. This is because random adaptation could interfere
with CLIP’s pre-trained weights, resulting in a loss of gen-
eralization ability. Additionally, if we do not use local visual
features as conditions for the proposed customized param-
eter generator, i.e., “w/o using CPG”, there will be no in-
teraction between the input random noise and local visual
features in the generator. As a result, the parameters remain
fitted to specific classes, leading to a lack of generalization
capabilities for adapting to new unseen classes after fine-
tuning. Finally, by integrating these two core designs in our
CP-CLIP, we significantly preserve CLIP’s generalization
and achieve the best performance, as shown in Table 2.

Why also fine-tune CLIP’s image encoder? We evaluate
the effectiveness of updating the parameters of CLIP’s im-
age encoder, as shown in Table 3. As detailed in the im-
plementation details paragraph, we also adopt a LoRA-like
parameter-efficient fine-tuning strategy for the image en-
coder. The reason for fine-tuning CLIP’s image encoder is
that freezing it can only preserve the original image-to-text
alignment, while the alignment of text encoder is already
shifting from image-to-text to pixel-to-text. This alignment
discrepancy may impede optimization, and visual features
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Input Image SAN (Xu et al. 2023b) CAT-Seg (Cho et al. 2024) Ours Ground Truth

Figure 2: Comparison of qualitative reults on A-847 (Zhou et al. 2019). We compare our method with other two state-of-the-art
methods, i.e., SAN (Xu et al. 2023b) and CAT-Seg (Cho et al. 2024). The results demonstrate that our method achieves more
accurate segmentation, particularly in terms of predicting the semantics of unseen objects and region consistency.

Method CPG OA A-847 PC-459 A-150 PC-59 PAS-20 PAS-20b

Baseline (Freeze) - - 4.4 6.6 24.8 49.4 92.5 71.9
Reparameterized Fine-Tuning

LoRA (Hu et al. 2022) - - 11.4 17.6 28.6 55.1 94.2 76.7
Additive Fine-Tuning

VPT (Jia et al. 2022) - - 5.7 10.2 23.7 54.3 93.8 75.1
Adapter (Houlsby et al. 2019) - - 10.4 16.5 28.8 54.9 94.2 75.2
HyperNetwork (Ha, Dai, and Le 2017) - - 10.9 16.7 29.1 56.5 94.2 76.2

✓ w/o using 11.5 18.0 30.9 57.1 94.2 76.5
CP-CLIP (Ours) w/o using ✓ 11.9 18.5 31.9 56.5 94.1 76.2

✓ ✓ 12.8 19.3 32.5 57.9 95.1 77.1

Table 2: Ablation on the fine-tuning encoder in CP-CLIP and comparison of universal fine-tuning methods. The base model
is ViT-B/16. “CPG”: Customized parameter generator. “OA”: Orthogonal adaptation. “w/o using CPG”: Without using local
visual features as conditions. “w/o using OA”: Without orthogonal adaptation.

Fine-tuned Encoder A-847 PC-459 A-150 PC-59 PAS-20b

Text only 11.2 17.2 30.3 55.9 75.6
Image only 10.4 16.5 28.9 56.2 76.1

Both (CP-CLIP) 12.8 19.3 32.5 57.9 77.1

Table 3: Ablation on the different fine-tuning strategies.

at image-level granularity are also sub-optimal for segmen-
tation tasks. (2) Fine-tuning CLIP’s text encoder is essen-
tial, as it enables the task adaptation of CLIP from text-to-
image to text-to-pixel recognition. Based on this, fine-tuning
CLIP’s image encoder can further enhances performance by
providing visual features better suited for pixel-level under-

M A-847 PC-459 A-150 PC-59 PAS-20b

1 11.2 17.2 30.8 56.5 75.9
2 12.4 19.4 31.7 57.2 76.6
3 12.8 19.3 32.5 57.9 77.1
4 12.7 19.2 32.3 58.5 77.9

Table 4: Ablation on the number of layers M in G.

standing. Importantly, using these refined visual features as
conditions facilitates improved parameter generation for the
text encoder, culminating in our model, CP-CLIP.
Ablation of the number of layers M in G. The number
of layers M represents the interaction times between the in-
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r A-847 PC-459 A-150 PC-59 PAS-20b

8 11.0 17.7 31.0 55.9 75.6
16 12.1 18.5 31.8 56.9 76.4
32 12.8 19.3 32.5 57.9 77.1
64 12.6 19.5 32.3 57.8 78.0

Table 5: Ablation on the value of r in α.

Layer A-847 PC-459 A-150 PC-59 PAS-20b

1 11.6 18.2 31.2 57.3 76.8
6 12.4 19.2 32.3 57.8 76.7

12 12.8 19.3 32.5 57.9 77.1

Table 6: Discussion on selecting visual features from which
layer of CLIP’s image encoder as conditions.

Freeze A-847 PC-459 A-150 PC-59 PAS-20b

✗ 11.1 18.2 31.0 57.6 77.0
✓ 12.8 19.3 32.5 57.9 77.1

Table 7: Discussion on whether β should be frozen or not.
✗: fine-tuning. ✓: keep it fixed.

put random noise and local visual features. To investigate
its impact, we conduct an ablation study on the M by sys-
tematically adding the number of layers in G. As shown in
Table 4, accuracy improves incrementally on all datasets.
However, on datasets with more classes (e.g., A-847), the
accuracy performance plateaus around 3 layers. This indi-
cates that while increasing the number of layers allows for a
more comprehensive utilization of local visual features, the
denoising process may become over-parameterized for ana-
lyzing new images from unseen scenarios.
Ablation of value of r in α. The value of r in α for CLIP’s
text encoder represents the demand of CLIP’s text encoder
for segmentation ability. The smaller the value, the closer
CLIP’s text encoder operates to a zero-shot setting, i.e.,
when r = 0. To explore its impact, we conduct an abla-
tion study on r by systematically varying its value from 8 to
64. As shown in Table 5, at first, accuracy improves globally
on all datasets, which indicates that CLIP’s text encoder is
equipped with the pixel-level recognition ability. Then, on
datasets with more classes (e.g., A-847), the accuracy per-
formance reaches a saturation point around a value of 32.
This demonstrates that even for the largest open-vocabulary
semantic segmentation dataset, with a value of only 32, our
model can effectively equip CLIP’s text encoder with seg-
mentation capabilities without compromising the general-
ization abilities of the pre-trained parameters.
Which layer’s visual features should be selected as con-
ditions? We are also interested in determining which layer’s
visual features should be selected as conditions. As shown
in Table 6, we choose layers 1, 6, and 12 to represent low-
, middle-, and high-level local visual features, respectively.
Consistent with prior studies (Zhang et al. 2021), high-level

Parameter Memory (GB) FLOPs (G) Latency (s)
Frozen 15.3 1815.9 0.165

Customized (Ours) 15.8 (+0.5) 1993.7 (+9.8%) 0.184 (+0.019)

Table 8: Efficiency comparison during inference in terms
of (Memory, FLOPs, and Latency) compared to baseline
(Freeze), i.e., fixed parameters.

features often contain more semantic information, which is
particularly beneficial for CLIP’s text encoder when encoun-
tering new images in unseen scenarios. In contrast, low-level
and middle-level features contain more detailed information,
offering less benefit to CLIP’s text encoder.
Whether β should be frozen or not? Lastly, we investigate
whether β should be frozen, providing deeper insights into
the design of orthogonal adaptation. As shown in Table 7,
making β trainable leads to a significant performance drop
across all datasets. This occurs because if β is learnable, the
update of ∆ω = α · β becomes unconstrained, potentially
interfering with the generalization capabilities embedded in
CLIP’s pre-trained weights ω. Consequently, the generaliza-
tion ability on unseen classes is compromised, particularly
for datasets with a larger number of unseen classes, such
as A-847. More importantly, We quantify the update direc-
tions by computing the cosine similarity between ∆ω and ω
across layers, all are smaller than 10−3 (≈89.94◦), confirm-
ing that the update directions are approximately orthogo-
nal to the original weights.
Efficiency of CP-CLIP. Although we introduce an addi-
tional side network to generate visual-feature-conditional
parameters, this network comprises only three cross-
attention layers and FFNs, making it highly lightweight
(∼30MB) compared to CLIP’s backbone. Furthermore, we
compare the efficiency of CP-CLIP with its baseline, i.e.,
freezing CLIP’s pre-trained weights. The comparison, sum-
marized in Table 8, shows that our method incurs only a
small inference overhead in terms of memory, FLOPs, and
Latency, while achieving significant improvement.

Conclusion
We propose CP-CLIP, a novel fine-tuning strategy that gen-
erates customized parameters for open-vocabulary semantic
segmentation by conditioning on local visual features from
CLIP’s image encoder. This approach ensures adaptability
to new images from unseen scenarios while preserving the
model’s initial generalization ability. Additionally, we in-
troduce an orthogonal adaptation technique to ensure that
the update direction remains orthogonal to the pre-trained
weights, further enhancing generalization. Extensive exper-
iments demonstrate that CP-CLIP achieves superior perfor-
mance across multiple dense prediction benchmarks.
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