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Abstract

Open-vocabulary semantic segmentation seeks to label each pixel in an image
with arbitrary text descriptions. Vision-language foundation models, especially
CLIP, have recently emerged as powerful tools for acquiring open-vocabulary
capabilities. However, fine-tuning CLIP to equip it with pixel-level prediction
ability often suffers three issues: 1) high computational cost, 2) misalignment
between the two inherent modalities of CLIP, and 3) degraded generalization ability
on unseen categories. To address these issues, we propose H-CLIP, a symmetrical
parameter-efficient fine-tuning (PEFT) strategy conducted in hyperspherical space
for both of the two CLIP modalities. Specifically, the PEFT strategy is achieved
by a series of efficient block-diagonal learnable transformation matrices and a
dual cross-relation communication module among all learnable matrices. Since
the PEFT strategy is conducted symmetrically to the two CLIP modalities, the
misalignment between them is mitigated. Furthermore, we apply an additional
constraint to PEFT on the CLIP text encoder according to the hyperspherical energy
principle, i.e., minimizing hyperspherical energy during fine-tuning preserves the
intrinsic structure of the original parameter space, to prevent the destruction of
the generalization ability offered by the CLIP text encoder. Extensive evaluations
across various benchmarks show that H-CLIP achieves new SOTA open-vocabulary
semantic segmentation results while only requiring updating approximately 4% of
the total parameters of CLIP.

1 Introduction

The aim of open-vocabulary semantic segmentation is to create a segmentation model capable of
labeling each pixel in an image with categories that are not limited to a specific closed set according to
text descriptions. Vision-language foundation models [43, 5, 34, 39, 11, 17, 26, 21,27, 13, 18, 29, 10,
28, 45], especially CLIP [39], are often utilized to endow open-vocabulary recognition capabilities.
Consequently, open-vocabulary semantic segmentation essentially boil down to transferring these
vision-language foundation models, originally trained with image-level supervision, to perform
pixel-level predictions.

To this end, current methods [52, 48, 7, 50] typically fine-tune CLIP on a benchmark dataset with
segmentation annotations, i.e., COCO [2], to equip it with the segmentation ability. However, this
often leads to three main issues. First, fine-tuning CLIP on limited categories would affect its
generalization ability, resulting in significant performance degradation on unseen categories. Second,
current fine-tuning strategies are usually asymmetrical, which inevitably causes a misalignment
between the two inherent modalities of CLIP, i.e., image and text [52], which may lead to sub-
optimal performance. Third, although remarkable performance gains, these approaches often rely on
computationally extensive full fine-tuning, which raises concerns about scalability and affordability.
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To address these issues, we propose a symmetric parameter-efficient fine-tuning (PEFT) strategy
for CLIP, dubbed H-CLIP. Specifically, we implement this PEFT through a partial orthogonal fine-
tuning (POF) strategy, which introduces a series of efficient block-diagonal learnable transformation
matrices into the hyperspherical space. Then, to preserve CLIP’s generalization ability, we leverage
the hyperspherical energy principle [32, 38], which suggests that maintaining the same hyperspherical
energy during fine-tuning preserves the intrinsic structure, i.e., generalization ability. In light of this,
we upgrade our POF by incorporating orthogonal constraints in the learnable matrices for updating
CLIP’s text encoder, as orthogonal transformations keep the hyperspherical energy unchanged during
fine-tuning. Subsequently, we introduce a dual cross-relation communication (DCRC) module to
explicitly encourage cross-modal and cross-layer communications within all learnable matrices.
This communication not only preserves the hyperspherical energy but also further mitigating the
misalignment problem.

Extensive results demonstrate that H-CLIP achieves new state-of-the-art open-vocabulary semantic
segmentation results across three benchmarks by fine-tuning CLIP with approximately 4% of the
total parameters of CLIP.

2 Related Work

2.1 Open-vocabulary Semantic Segmentation

Prior open-vocabulary semantic segmentation works typically perform this task through leveraging
CLIP [39]. initial efforts like [56] directly fine-tune CLIP on mainstream segmentation datasets, e.g.,
COCO [2]. However, they claim that fine-tuning CLIP’s encoder significantly reduces its ability
to generalize to unseen classes. To address this issue, some methods [15, 8, 51, 49] swing to the
opposite extreme, fine-tuning an additional mask generator [6] for segmentation while keeping CLIP
frozen to maintain generalization-oriented recognition. However, this frozen parameter space lacks
segmentation awareness, resulting in a misalignment between regions and text descriptions [30].
Other studies [52, 50, 7] propose an advanced solution that fine-tunes only selected parameters, e.g.,
certain layers of CLIP, to enable pixel-level predictions while keeping most of CLIP’s parameters
fixed, thus minimizing losing of generalization. Although the advantages are remarkable, these
methods often work with a very small learning rate, implicitly encouraging a small deviation from
the pre-trained CLIP, limiting the segmentation performance. In a nutshell, the trade-off between
preserving CLIP’s generalization and learning segmentation knowledge persists, hindering the final
performance. Based on the paradigm of existing fine-tuning-based methods, our method explores a
better trade-off from a fresh viewpoint: hyperspherical space.

2.2 Large-scale Model Fine-tuning

Along with the improvement of large-scale foundation models [26, 34, 28, 23, 53, 42, 41, 40, 60],
e.g., segment anything model [23], numerous fine-tuning works [37, 36, 4, 57, 58, 14, 54, 47, 31, 61]
are proposed to adapt these models to various downstream scenarios. The core of these approaches
lies in updating only limited parameters to capture the specific characteristics of different scenarios,
while keeping most parameters fixed to maintain generalization. In contrast, fine-tuning CLIP
for open-vocabulary semantic segmentation often meets a dilemma. On the one hand, limited
parameters typically fall short in facilitating the transition from a classification model, i.e., CLIP, to a
segmentation task. On the other hand, directly increasing the number of trainable parameters risks
undermining CLIP’s ability to generalize to unseen classes, as experimented in CAT-Seg [7]. Most
methods [52, 48] solve this issue by simply freezing CLIP’s text encoder and fine-tuning its image
encoder, inevitably causing misalignment between the two modalities of CLIP. In this paper, we shed
light on how to preserve generalization in a symmetric parameter-efficient fine-tuning manner and
strive to explore an appropriate fine-tuning method for open-vocabulary semantic segmentation.

3 Preliminaries

3.1 Hyperspherical Energy

Existing fine-tuning methods implicitly assume that a smaller Euclidean distance between the fine-
tuned model and the pre-trained model indicates better preservation of the pre-trained ability. However,
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the Euclidean difference is unable to fully capture the degree of semantic preservation. According to
the inspiration from Thomson problem[44] which is to determine the minimum electrostatic potential
energy configuration of N mutually-repelling electrons on the surface of a unit sphere, we adopt the
Hyperspherical Energy to characterize the diversity of the model. The hyperspherical energy function
of a fully connected layer W' is defined as HE(W):=3> ", [|w; — w; | =1, where w; :=w; /||w;]|
denotes the ¢-th normalized neuron. The power of the model representation can be characterized by the
hyperspherical energy of its neurons. Higher energy implies higher redundancy, while lower energy
indicates that these neurons of the model are more diverse. For the original semantic information not
to be destroyed in the case of fine-tuning, we hypothesize that a good fine-tuning model should have
a minimal difference in hyperspherical energy compared to the pre-trained model:

N - <0 .0y -1
Dl — oy |7 =D by — |

i#] i#]

rré‘i/_nHHE(W) —~HE(WW")| & min : (1

One can easily observe that the attainable minimum is zero for Eq. (1). In this case, the hyperspherical

energy should satisfy an invariance property (the application of the same orthogonal transformation
for all neurons demonstrates the pairwise hyperspherical similarity). Based on the hyperspherical
energy invariance property, the minimum of zero can be achieved as long as W and WP differ
only up to a rotation or reflection, i.e., W = RW? in which R€R%*? is an orthogonal matrix (The
determinant 1 or —1 means rotation or reflection, respectively).

3.2 Notation of Tensor Product

In this section, we introduce the fundamental concept underlying our DCRC (Sec. 4.3): tensor product.
A p-order tensor is indexed by p indices and can be represented as a multidimensional array of data.
Formally, a p-order tensor A can be written as A = (a;, i,,... 4,) € R™**"2*"»_Slices of a tensor
are matrices defined from the tensor by holding all but two indices constant. For a 3-order tensor,
A(:,:, k) corresponds the k' frontal slice. For p-order tensors, matrix slices of p-order tensors can be
referenced using linear indexing by reshaping the tensor into an ny X ng X ngny - - - ny, 3-order tensor
and referring to the k™ frontal slice as A(:, 1, k). A; € R™MXm2X"p=1 forj = 1,. ..  n, denotes the
(p — 1)-order tensor created by holding the pth index of A fixed at i. It is possible to create a tensor
in a block circulant pattern, where each block is a tensor of (p — 1)-order:

Al -Anp »Anp—l -/42

Ay AT AL A
cire(A) = | : : e

Auy An 1 Ao e A

where circ(-) creates a block circulant tensor and the size of circ(\A) is (n11, X nan, X - - - Xn,_on, X
np—1). define unfold(-) to take an n; X - - - X n,, tensor .4 and return an nqn, X ng X - - - nyp_1 block
tensor in the following way:

unfold(4) = [A1 A - A, ]".

The operation that takes unfold back to tensor form is the “fold” command. Specially, fold(-,n,,)
takes an njn, X ng X - -+ X n,_1 block tensor and returns an ny X - - - X n,, tensor, defined as:

fold(unfold(.A), n,) = A.

4 Methodology

4.1 Overview of H-CLIP

Fig. 2 illustrates the proposed H-CLIP framework, which is based on two core components: (1) POF
updates the pre-trained parameter space of CLIP using a series of block-diagonal transformation
matrices. According to analysis in Sec. 1, each parameter matrix in CLIP’s text encoder is orthogonal
to preserve generalization. (2) DCRC incorporates cross-modal and cross-layer communication
within all tunable matrices, facilitating alignment between different modalities.
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Figure 1: A schematic representation of H-CLIP. In the H-CLIP framework, we propose a partial
orthogonal fine-tuning strategy, where each pre-trained weight matrix is paired with a tuned block-
diagonal transformation matrix, some of which are orthogonal to preserve generalization. Then, we
introduce a dual cross-relation communication mechanism to facilitate communication among all
matrices, enabling alignment between different modalities.

4.2 Partial Orthogonal Fine-tuning

The core idea of partial orthogonal fine-tuning (POF) is to introduce the concept of hyperspherical
space for fine-tuning CLIP. In this hyperspherical space, we fine-tune CLIP’s text encoder under an
orthogonality design principle from OFT [38] to preserve the hyperspherical energy of the pre-trained
parameter space. Similarly, we use Cayley parameterization [3] to ensure a tunable matrix R is
strictly orthogonal, formally as:

R=(I+Q)I-Q), @

where Q) is skew-symmetric. Here, for R in CLIP’s image encoder, we remove the orthogonality
constraint, defined as:
R'R=RR'" =1, (©)

where I is an identity matrix. Considering the relatively large dimension d of the pre-trained matrix,
for better efficiency, we introduce a block-diagonal structure by parameterizing R with b blocks,
formally as:

Ry
R = diag(R1, Rz, - Ri, -+ ,Ry) = ; )
Ry
where R; € R¥/*4/b  Specifically, denote RV = {R,1, -+, Ry, -~ ,R,r} and R¥ =
{Re¢1,"+ ,Res, -+ ,Rer} as the sets of block-diagonal matrices in CLIP’s image encoder and

text encoder, respectively, where L is its number of Transformer layers, R,, € Ravxdv  gpd
R., € R%*d For simplicity, we set d, = d. = d. Overall, we develop a H-CLIP framework,
and for an input feature map My in the /" Transformer layer of CLIP, the right branch produces the
adjusted feature map via H-CLIP, My, formally via:

M N ]:g(Mg; R@Wg), if Ry € RV (5)
e Fi(My; RyWy), st. R/ Ry = R,R] =1 otherwise,

where W is a pre-trained weight matrix in /' layer of CLIP’s encoder, and F, represents ¢ layer of

CLIP’s encoder. During the fine-tuning phase, H-CLIP is fine-tuned in conjunction with the original

parameter space of CLIP, which is loaded from the pre-trained checkpoint and remains frozen.

4.3 Dual Cross Relation Communication

Although in POF, we relax the orthogonal constraint for CLIP’s image encoder to learn segmentation
knowledge, each layer of the image encoder still incorporates a limited number of parameters, which
largely restricts the flexibility of the projection adjustment due to the limitation of Hidden Markov
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Chain along layers [24, 46, 36]. To address this limitation, one might consider fully fine-tuning
instead of using a small number of parameters. However, this approach can cause a misalignment
between image and text features in CLIP, resulting in sub-optimal performance [52]. Based on
the above analysis, we introduce Dual Cross-Relation Communication (DCRC), which facilitates
interaction among different layers and modalities (i.e., text and image). DCRC explicitly enhances
the flexibility of fine-tuned projection adjustments and prevents misalignment issues.

DCRC introduces cross-layer and cross-modality communication among different block-diagonal
matrices, achieved through two relation projections. To do this, we first treat all blocks in /! layer as
an individual slice in this 3-order tensor 7,, which is derived as follows:

72 = [R’Uflv Re@lv e 1R’Ufia ReZi» e 7R’Ufb7 Reéb} S RquX(b+b)a (6)

Where g = d/b. Then, we treat the tensor 7, as an individual slice within a 4-order tensor 7, defined
as follows:

T:[,]dlaﬁv 7727"' ;E]ERquX(lFFb)XL' (7)
Initially, according to the characteristics of gradient propagation in deep learning theory, i.e., chain
rule, each frontal slice R.,; € {R9*%}(+0)xL js ypdated sequentially in CLIP’s encoder. As a result,
updating the 7 lacks cross-frontal-slice communication, limiting the flexibility of adjusting fine-tuned
projection. To address this, we introduce two special tensor products, i.e., 3-order T-product and
Higher-order T-product.

Definition 4.1(3-order T-product) For A € R"1X"2%"s and B € R"2*/*"3 the 3-order T-product
C € Rm*IxXxns — A x Bis defined as:
C = A« B = fold(circ(A) - unfold(B)), (8)

TR

where

Definition 4.2(Higher-order T-product) For A € R™ X72Xn3:Xnp and B ¢ R12XEXn3 X XNy the
High-order T-product C € R™*!XnsXns — A x B is defined as:

C = A« B = fold(circ(A) * unfold(B)). )

represents standard matrix product.

If A € RmM*"2Xn3 according to the 3-order T-product, there is an invertible transform Ss(+) :
Rmxm2xns _y R xm2xn3 jp third dimension and it transform the Eq. (8) as:

C = S;(S3(A) @ S3(B)) = S5 (A e B) = S5 (0), (10)

where C = A ® B denotes the frontal-slice- Wlse product (Definition 2.1 refers to [19]) C(;,;,i) =
AG,;,4) - B(G,;,4),i=1,2,-- ,nzand Sy 1(.) is the inverse transform of S3(-). According to the
definition of the frontal-slice-wise product, the invertible transform Ss(-) is formulated as:

A= 53(A) = A x3S3, (11)

where “x 3" denotes the mode-3 product and S3 € R"™3*"3 {s an arbitrary invertible matrix. Similarly,
the inverse transform of Eq. (11) is derived as:

A=S;"A)=Axz85". (12)
Similarly, if A € R™t*"2X %% gccording to the Higer-order T-product, there are invertible
transform S;(+) : RmiXmnex-Xnp oy RuaxnaXe-Xnp i — 3 4 ... pin i® dimension and they
transform the Eq. (9) as:
czé—l(S(A)QS(B)) =5 Ao B)=S5710), (13)
where S(A) = S,(Sp_1(---S3(A)---)), C = A © B denotes the frontal-slice-wise product
C(;ys,1) = A(,5,4) - B(;,5,0),4 = 1,2,-++ ,n3ng---n, and STI(-) is the inverse transform
of S(-). Similarly, the inverse transform .S(- ) is formulated as:
A=S(A) = Ax3S3x484-- %, Sy, (14)
and its inverse transform is derived as:
A=5"1A)=Ax385" x4 85" x, 8. (15)
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Model \ VLM Additional Backbone | A-847 PC-459 A-150 PC-59 PAS-20 PAS-20°

Traditional Fine-Tuning

ZS3Net [1] - ResNet-101 - - - 19.4 383 -
LSeg [25] CLIP ViT-B/32 ResNet-101 - - - - 474 -
ZegFormer [8] | CLIP ViT-B/16 ResNet-101 4.9 9.1 169 428 86.2 62.7
ZSseg [51] CLIP ViT-B/16 ResNet-101 7.0 - 20.5 477 88.4 -
OpenSeg [15] ALIGN ResNet-101 4.4 79 17.5 40.1 - 63.8
OVSeg [30] CLIP ViT-B/16 ResNet-101c 7.1 11.0 248 533 92.6 -
ZegCLIP [59] | CLIP ViT-B/16 - - - - 412 936 -
CAT-Seg [7] |CLIP ViT-B/16 - 120 19.0 31.8 575 946 71.3
Parameter-efficient Fine-Tuning
SAN [50] CLIP ViT-B/16 - 10.1 126 275 538 94.0 -
Ours CLIP ViT-B/16 - 124 193 324 579 952 78.2
Traditional Fine-Tuning
LSeg [25] CLIP ViT-B/32 ViT-L/16 - - - - 52.3 -
OpenSeg [15] ALIGN Eff-B7 8.1 11.5 264 4438 - 70.2
OVSeg [30] CLIP ViT-L/14 Swin-B 9.0 124 296 557 94.5 -
SAN [50] CLIP ViT-L/14 - 124 15.7 32.1 577 94.6 -
ODISE [49] | CLIP ViT-L/14  Stable Diffusion 11.1 14.5 299 573 - -
CAT-Seg [7] | CLIP ViT-L/14 - 16.0 238 379 633 970 82.5
Parameter-efficient Fine-Tuning
SAN [50] CLIP ViT-L/14 - 124 15.7 32.1 577 94.6 -
Ours CLIP ViT-L/14 - 16.5 242 384 64.1 97.7 83.2

Table 1: Comparison with state-of-the-art methods on standard benchmarks. The best-
performing results are presented in bold, while the second-best results are underlined. “VLM”:
visual language model.

Derivation. please refer to supplementary material. ]

According to Egs. (29), (30) and (31), we adopt its idea and design arbitrary invertible relation matrix
S3 € ROFD)x(+0) and S, € RE*L to capture the cross-modality and cross-layer information in 7.
Then the updated tensor 7, is formulated as:

Toy =T X3 S3 x4 Sy € RI¥IX(bHO)XL (16)

where the relation matrix S3 and Sy are learnable. To better capture the nonlinear interactions inside
the whole parameter space, we further adopt k layers deep neural network (DNN) f3(-) and fy4(+) to
replace the transform x3S3 and x4Sy, respectively, and the DNN f5(-) is formulated as:

f3(T) = J(J("'J(O'(A X3 Wl) X3 Wg) ) X kal) X Wk, (17)

where o(-) is a nonlinear scalar function and matrices {W; € R(+t) };‘?:1. The DNN f,(-) is similar.
Finally, the 7 is updated by 7 = T + aT,,, where a € R(Ot?) XL 5 a learnable parameter.

5 Experiments

5.1 Experimental Setup

Datasets. Following previous studies [7, 48], we utilizes the COCO-Stuff dataset [2] as our training
set. This dataset comprises approximately 118,000 densely annotated images across 171 distinct
semantic categories. During inference, we carry out comparisons with state-of-the-art methods across
several semantic segmentation datasets, including ADE20K [55], PASCAL VOC [12], and PASCAL-
Context [35]. ADE20K [55] is a classical semantic segmentation dataset comprising around 20,000
training images and 2,000 validation images. Besides, it includes two different test sets: A-150 and
A-847. The test set A-150 has 150 common categories, while the test set A-847 has 847 categories.
PASCAL VOC [12] is a small dataset for semantic segmentation, which includes 1464 training
images and 1449 validation images. The dataset contains 20 different foreground categories. We
name it as PAS-20. In line with [7], we also report a score on PAS-20%, which involves “background”
as the 21st category. PASCAL-Context [35] is upgraded from the original PASCAL VOC dataset.
It includes two different test sets: PC-59 and PC-459 for evaluation. The test set PC-59 has 59
categories, while the test set PC-459 has 459 categories.
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Image Ground truth CAT-Seg [7] Ours

Figure 2: Comparison of qualitative reults on ADE20K [55] with 150 categories. we compare Our
method with CAT-Seg [7].

Evaluation metric. Following prior works [7, 48], we adopt mean Intersection over Union (mIoU)
to evaluate the semantic segmentation performance on the three benchmarks.

Implementation Details. We implement our method using the Transformer-based CLIP model.
Following the protocol established in [7], we evaluate our results on two versions of the CLIP model:
ViT-B/16 and ViT-L/14. For training, we use the Adam optimizer [22] with an initial learning rate
of 5 x 1076 for CLIP, and a weight decay of 10~*. Training is conducted with one image per
mini-batch. We set ¢ = 128 for balancing efficiency and performance. The function f3(-) and f4(+)
are implemented using two 2-layer MLPs. We act the cost-based approach provided in [7] as our
decoder. All models are trained over 80,000 iterations on 4 NVIDIA RTX 3090 GPUs.

5.2 Main Results

Comparing to SOTAs. Here, we compare
our proposed H-CLIP with several state-of- Methods | OVSeg [30] CAT-Seg[7] SAN[50] Ours
the—art methods, as shown in Table 1, using Param. (M) ‘ 1472 25.6 R4 5.6
six test sets across three benchmarks. Over-

all, we achieve the best results. Most exist- Table 2: Efficiency comparison in terms of learnable pa-
ing open-vocabulary semantic segmentation —rameters.

methods employ traditional fine-tuning approaches, i.e., full or partial fine-tuning (tuning certain lay-
ers of CLIP). While these methods offer sufficient flexibility for learning new knowledge, they often
result in a significant performance drop on unseen classes, as observed with OVSeg [30]. Among
these methods, CAT-Seg [7] achieves performance comparable to ours. However, its fine-tuning
scheme is manually controlled through different layer combinations, necessitating a careful design to
balance generalization and flexibility, while ours does not suffer from such an issue. Then, compared
to SAN [50], another parameter-efficient fine-tuning method that introduces only a limited number of
tunable parameters, our approach significantly outperforms it, achieving improvements of 6.6% on
the PC-459 dataset and 3.9% on the PC-59 dataset with ViT-B/16 as the base model. These results
demonstrate the effectiveness of our method in preserving generalization while learning segmentation
knowledge.

Qualitative results. Here, we visualize our method’s representative example segmentation results
against prevailing methods, e.g., CAT-Seg [7] in the PC-459 dataset. As shown in Figs. 2 - 4, we
observe that our approach is able to generalize on diverse scenarios and produce more accurate
results.
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Image Ground truth CAT-Seg [7] Ours
Figure 3: Comparison of qualitative reults on VOC2010 [12] with 59 categories.

Image Ground truth CAT-Seg [7] Ours

Figure 4: Comparison of qualitative reults on ADE20K [55] with 847 categories.

Method ~ |POF DCRC Param. (M) |A-847 PC-459 A-150 PC-59 PAS-20 PAS-20"

Freeze X X 0 4.4 6.6 248 494 925 71.9
LoRA[16]| X X 7.5 11.4 176  28.6 55.1 94.2 76.7
v X 5.62 12.3 19.0 316 564 946 76.3
H-CLIP X v 0.01 7.6 109 268 536 927 74.5
v v 5.63 124 193 324 579 952 78.2

Table 3: Ablation study on the components of H-CLIP. “LoRA”: a mainstream parameter-efficient
tuning method with a comparable number of parameters for comparison. “POF”: Partial Orthogonal
Fine-tuning. “DCRC”: Dual Cross Relation Communication. The base model is ViT-B/16.

Efficiency comparison. We compare the efficiency of our method with other approaches, including
OVSeg [30], CAT-Seg [7], and SAN [50], all of which utilize CLIP ViT models. The comparison,
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| Block dimension ¢~ Param. (M) | A-847 PC-459 A-150 PC-59 PAS-20 PAS-20”

256 x 256 22.52 12.4 19.2 327 576 954 77.9
(a) 128 x 128 5.63 124 19.3 324 579 95.2 78.2
64 x 64 1.41 11.7 18.4 31.7 569 95.0 76.4

‘ Orthogonal Constraint Param. (M) ‘ A-847 PC-459 A-150 PC-59 PAS-20 PAS-20°
w/o 7.51 11.9 18.5 322 575 95.3 76.9
(b) with 3.76 12.2 19.1 314 57.1 94.3 76.8
POF 5.63 124 19.3 324 579 95.2 78.2

Table 4: Ablation study on different designs in POF. We show the impact of (a) different block
dimensions ¢ and (b) orthogonal constraints. The base model is ViT-B/16.

summarized in Table 2, shows that our method employs the fewest trainable parameters while
balancing the generalization of the pre-trained model and the flexibility for learning new knowledge.
Additionally, since we introduce a lightweight architecture for calculating relations, specifically two
relation matrices, the inference overhead is negligible during the inference phase.

5.3 Ablative Studies

Ablation of Main Components. Here, we conduct an ablation study to demonstrate the benefits
of each component of our proposed H-CLIP: partial orthogonal fine-tuning (POF) and dual cross-
relation communication (DCRC). We use the ViT-B/16 [9] version of CLIP as the baseline, shown in
row 1 of Table 3. Additionally, we implement a mainstream parameter-efficient fine-tuning (PEFT)
method, LoRA [16], for comparison with a similar number of learnable parameters, as shown in row
2. Note that LoRA can improve performance compared to the baseline, demonstrating that PEFT is a
viable approach for this task. Then, comparing row 5 to row 2, we observe significant performance
gains, indicating that our results are driven by our targeted solution rather than merely the number of
parameters. Moreover, row 3 shows that using only POF preserves generalization on unseen classes,
particularly in the A-847 dataset. Meanwhile, solely adapting DCRC shows limited improvement, as
it only enhances communication among frozen weight matrices. Finally, integrating DCRC with POF
yields clear performance gains, e.g., a 12.6% improvement on the PC-459 dataset.

Different Design of POF. Table 4 presents experiments introducing different designs into POF. The
design of POF is related to (1) block dimension, i.e., ¢, and (2) how orthogonality constraints are
applied. In (a), the results show that larger In (a), the results show that larger ¢ generally performs
better than smaller q. However, we find a good trade-off between performance and parameter
efficiency, with ¢ = 128 working well across datasets and tasks. Therefore, we maintain this setting
in other experiments. In (b), we show that both blindly applying orthogonality constraints to the
learnable matrices of all layers and not using any constraints at all can degrade performance on most
test sets, demonstrating the value of our analysis with the hyperspherical energy principle.

6 Conclusion

In this paper, we propose a H-CLIP framework to address three issues: 1) high computational cost, 2)
misalignment between the two inherent modalities of CLIP, and 3) degraded generalization ability
on unseen categories when equipping CLIP with pixel-level prediction ability for open-vocabulary
semantic segmentation. Specifically, we propose a symmetrical parameter-efficient fine-tuning (PEFT)
strategy conducted in hyperspherical space for both of the two CLIP modalities. Specifically, the
PEFT strategy is achieved by a series of efficient block-diagonal learnable transformation matrices and
a dual cross-relation communication module among all learnable matrices to mitigate misalignment
between different modalities. Furthermore, we apply an additional constraint to PEFT on the CLIP
text encoder according to the hyperspherical energy principle, i.e., minimizing hyperspherical energy
during fine-tuning preserves the intrinsic structure of the original parameter space, to prevent the
destruction of the generalization ability offered by the CLIP text encoder. Extensive experiments
demonstrate that the proposed H-CLIP framework generalized improves segmentation performance
across several benchmarks while introducing approximately 4% of CLIP’s total parameters. We hope
our approach will provide a new direction and inspire future research in this field.
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Appendix of H-CLIP

A Derivation of the Definition

In this section, we provide derivations of definitions in the main paper.

Definition 4.1(3-order T-product) For A € R"1X"2%"s and B € R"2*/X"3 _the 3-order T-product
C € Rm*IxXxns — A x Bis defined as:

C = Ax B = fold(circ(A) - unfold(B)), (18)

9

where

Definition 4.2(Higher-order T-product) For A € R X"2Xns X"y and B € R™2XIXn3X X0y the
High-order T-product C € R™*!XnsXns — A x B is defined as:

C = A x B = fold(circ(A) * unfold(B)). (19)

represents standard matrix product.

Derivation. According to [20], if A is ny X ng X ng, A can be block diagonalized by using Discrete
Fourier Transformer (DFT) matrix F,,, € R"3*"3 as:

D,

(Fpn, ® 1)) - circ(unfold(A)) - (F;,. ® I,,,) = D = € Rmmsxn2ns - (20)
D,

TR

where “®” denotes the Kernecker product, “F7}, > denotes the conjugate transpose of F,,,, “-” means
standard matrix product and D is a block diagonal matrix. In fact, the i-th block matrix D; of D can
be computed by applying DFT of A along 3-rd dimension. The 3-order T-product in Eq. (18) can
be computed as:

(F, @L,,)  (Fn, ® 1) - circ(unfold(A)) - (F;,, ®1,,)) - (Fn; ® I,,) -unfold(B).  (21)

It is readily shown that (F,, ® I,,)unfold can be computed by applying DFT of B along 3-rd
dimension: the result called B. Thus, Eq. (21) remains to multiply each block matrix D; of D with
each block matrix B; of B, then take an inverse DFT along the 3-rd dimension of the result. Hence,
the 3-order T-product in Eq. (18) can be re-formulated as:

C = DFT; '(DFT3(A) © DFT3(B)) = DFT; ' (A ® B) = DFT; *(C), (22)

where DFT3(+) is DFT along 3-rd dimension and DFT; *(-) is the inverse DFT along 3-rd dimension.
In mathematics, the DFT of .4 along 3-rd dimension is formulated as:

A=DFT3(A) = A x3 F,,. (23)
Similarly, the inverse DFT of A along 3-rd dimension is derived as:
A=DFT;'(A) = Ax3 F, . (24)

By the detailed theoretical analysis in [33], the DFT has been extended to a general invertible
transform S with an invertible transform matrix S. In mathematics, the invertible transform of A
along 3-rd dimension is formulated as:

A=S;3(A)=Ax38S,,. (25)
Similarly, the inverse transform of A along 3-rd dimension is derived as:
A=8;"(A)=Ax38,}. (26)

Similarly, if A € R™*"2X"X"» - A can be block diagonalized by using a sequence of DFT matrices
F,, e R"*™ =34, pas:

(FTLp & an71 - ® Fns ® Iﬂl) “A- (F:Lp ® F:p,l - ® Ftld ® I"z) = Dv (27)
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where A = circ(unfold(A)) € R™1"sna " npXn2ns= 7y - Since the matrix D is block diagonal with
n3ny - - - Ny, blocks each of size n; x ng, the Higher-order T-product in Eq. (19) can be computed
as:

(F* ® Im) ’ ((F ® Im) A (F* ® Inz)) ’ (Fns ® Inz) B, (28)

whereF =F, ®F, , ®---®F,,. Using the DEF, it is straightforward to show that the block
diagonal matrix D in Eq. (27) can be obtained by repeated DFTs of .4 along each dimension expect
for 1-st and 2-nd dimension. Similarly, by using a sequence invertible transform S;(-),i = 3,4, -, p
with invertible transform matrix S;, the Higher-order T-product in Eq. (19) can be re-formulated as:

C=8"1S(A)eS8B)=5SYAeB) =5710), (29)
where S(A) = S,(Sp_1(---S3(A)---)), C = A © B denotes the frontal-slice-wise product
C(;ys,1) = A(,5,4) - B(;y;,4),4 = 1,2,-++ ,n3ng---n, and S™I(-) is the inverse transform
of S(-). The inverse transform S(-) is formulated as:

AZS(A):AX?,S?, ><4S4-~-><pSp, (30)

and its inverse transform is derived as:
A=5"1A) =Ax38;" x4 87" %, 8. (31)
[ |
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract clearly states the following claims about the paper’s contribu-
tions and scope. We aim to address a significant challenge in open-vocabulary semantic
segmentation: fine-tuning CLIP to achieve per-pixel predictions without compromising
its generalization capabilities. To this end, we propose a novel H-CLIP, which introduces
a partial orthogonal fine-tuning strategy that prevents a drop in hyperspherical energy,
thereby preserving generalization. Subsequently, H-CLIP employs dual cross-relation com-
munication to increase projection flexibility, facilitating the acquisition of segmentation
knowledge.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [NA]

Justification: Those are not discussed in the paper.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: All assumptions are proved clearly in the main paper or the supplemental
material.

Guidelines:

* The answer NA means that the paper does not include theoretical results.
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* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The detailed experimental settings and information are provided in Sec. 5, and
this information is sufficient to reproduce the main experimental results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: The code will be made public after acceptance.

17



610

611

612
613

614
615
616
617

618
619
620

621
622

623
624
625

626
627

628
629
630

631

633

634

635

636

637

638
639

640
641
642

643
644

645

646

647

648
649
650
651
652
653
654
655
656
657
658
659
660
661
662

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: All the experimental settings are clarified in Sec. 5. (and Appendix).
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: error bars are not reported because it would be too computationally expensive.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.
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10.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: The computing requirements are provided in Sec. 5.

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We ensure our research adheres to the guidelines.

» The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: there is no societal impact of the work performed.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.
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* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: the paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification: All the assets used are properly credited and are the license and terms of use
explicitly mentioned and properly respected.

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.
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* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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