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ABSTRACT

Large foundation models are becoming ubiquitous, but training them from scratch
is prohibitively expensive. Thus, efficiently adapting these powerful models to
downstream tasks is increasingly important. In this paper, we study a principled
finetuning paradigm – Orthogonal Finetuning (OFT) – for downstream task adap-
tation. Despite demonstrating good generalizability, OFT still uses a fairly large
number of trainable parameters due to the high dimensionality of orthogonal matri-
ces. To address this, we start by examining OFT from an information transmission
perspective, and then identify a few key desiderata that enable better parameter-
efficiency. Inspired by how the Cooley-Tukey fast Fourier transform algorithm
enables efficient information transmission, we propose an efficient orthogonal
parameterization using butterfly structures. We apply this parameterization to OFT,
creating a novel parameter-efficient finetuning method, called Orthogonal Butter-
fly (BOFT). By subsuming OFT as a special case, BOFT introduces a generalized
orthogonal finetuning framework. Finally, we conduct an extensive empirical study
of adapting large vision transformers, large language models, and text-to-image
diffusion models to various downstream tasks in vision and language.

1 INTRODUCTION

Recent models such as ChatGPT [4, 9] and Stable Diffusion [73], demonstrate the remarkable
generalization ability of large foundation models. The rapid increase in the performance of such
models is paired with a dramatic increase in the number of parameters (e.g., GPT-3 has around 175B
parameters). As a result, it has become increasingly challenging for researchers to train a foundation
model from scratch. Broad progress in the field therefore requires the ability to adapt such models
without retraining them from scratch. That is, we must be able to efficiently adapt existing foundation
models to downstream tasks. There are primarily three ways to perform efficient task adaptation:
model finetuning [6, 23, 29, 67, 69, 92, 97], where the model architecture remains unchanged and a
subset of the model parameters gets finetuned; adapter tuning [24, 28, 48, 65, 71], where additional
trainable parameters are added to the original model; and prompt tuning [39, 42], where additional
trainable prefix tokens are attached to the input. Among these methods, model finetuning distinguishes
itself as a simple yet powerful approach, and more importantly, introduces no inference latency.

The fundamental principle behind model finetuning is to ensure that the pretrained model and the
finetuned model are similar based on certain measurements, such that the pretraining knowledge is
preserved. For instance, current model finetuning methods often adopt a small learning rate. This ad
hoc approach encourages a small discrepancy between the pretrained and the finetuned model. Given
the structured nature of weight matrices, a more principled approach tries to preserve the relational
information of the weight matrices, i.e. the pairwise angles between neurons. This insight leads to a
novel model finetuning framework, known as Orthogonal Finetuning (OFT) [67], where neurons in the
same layer are transformed by the same orthogonal matrix such that pairwise angles between neurons
are provably preserved throughout the finetuning process. Although OFT has demonstrated promising
generalizability and convergence for finetuning text-to-image diffusion models [67], the number of
trainable parameters in OFT can be quite large due to the high dimensionality of orthogonal matrices.
To address this, OFT introduces a block-diagonal structure to reduce the number of parameters.
However, the parameter efficiency also comes at a price – the orthogonal matrix has a fixed sparsity
pattern and the orthogonal transformation is applied independently in different blocks. This block-
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diagonal sparsity pattern, despite saving parameters, may introduce some undesirable inductive biases
(e.g., the block-diagonal orthogonal matrix reduces expressiveness and cannot approximate classic
linear transforms), and more importantly, how to find a good sparsity pattern remains a mystery.

The key to addressing this problem is to generate a dense orthogonal matrix, while still being
parameter-efficient. While this may seem infeasible at first glance since a d-dimensional dense
orthogonal matrix requires O(d2) parameters, we take a novel route to compose a dense orthogonal
matrix with multiple factorized sparse matrices. This approach is guided by the insight that the
number of trainable parameters can be reduced by trading computation time for space. Since we
represent the orthogonal matrix with the multiplication of sparse matrices, the multiplication has to
be performed repeatedly in each training iteration. To put the matrix factorization into perspective, we
interpret the generation of a dense orthogonal matrix as an information transmission problem. Under
this problem formulation, generating a dense orthogonal matrix by multiplying sparse matrices can
be understood as transmitting information on a grid-structured graph. This information transmission
framework enables us to design many possible ways to perform sparse matrix factorization that limit
the number of trainable parameters while still being expressive enough to generate dense matrices.

To achieve parameter efficiency in our information transmission framework, we draw inspiration
from the butterfly structures in the Cooley-Tukey fast Fourier transform algorithm [12] in which
information from different nodes can be exchanged efficiently [36]. Specifically, the butterfly graph in
the Cooley-Tukey algorithm inherently induces a way to perform sparse matrix factorization, called
butterfly factorization. With butterfly factorization, we are able to generate a d-dimensional dense
matrix with a product of O(log d) sparse matrices, each with O(d) non-zero entries. By ensuring
that each sparse matrix is orthogonal, we arrive at an efficient orthogonal parameterization with
only O(d log d) parameters, which is a significant reduction from the original parameterization. By
leveraging such an efficient orthogonal parameterization, we propose a novel parameter-efficient
finetuning method – Orthogonal Butterfly (BOFT). BOFT subsumes OFT as a special case and
provides a general orthogonal finetuning framework. There is a shared characteristic for the block-
diagonal structure and the butterfly structure – sparsity. Both structures introduce data sparsity into
orthogonal matrices to reduce the effective number of trainable parameters. It is interesting to contrast
our approach with the low-rank structure in LoRA [29]; both low-rank matrices and sparse matrices
are major families of structured matrices [5] that achieve parameter efficiency.

Compared to the block-diagonal structure that OFT uses to trade off expressivity and regularity,
BOFT uses the butterfly structure to construct a smoother interpolation between matrices from the full
orthogonal group (expressivity) and identity matrices (regularity). This enables us to find a smaller
hypothesis class within the orthogonal group for downstream tasks. Given the widespread use of the
butterfly structure in many fast linear transforms, such as the discrete Fourier and discrete cosine
transforms, we argue that our structured approach to parameter efficiency will introduce an implicit
inductive bias that benefits generalizability and prevents overfitting. Our intuition comes from the
property that the butterfly structure can easily recover many classic linear transforms while it is
impossible for the block-diagonal structure in OFT to recover any. Our contributions are listed below:

• We study the problem of parameter efficiency in orthogonal finetuning with a novel information
transmission framework. This framework transforms the task of crafting a parameter-efficient dense
orthogonal matrix into an information transmission problem within a grid-structured graph.

• Inspired by the butterfly structures in the Cooley-Tukey algorithm, we propose Orthogonal Butterfly,
a parameter-efficient orthogonal finetuning method, within the information transmission framework.

• We provide a few theoretical insights for why BOFT is able to significantly reduce the number of
trainable parameters while still yielding a good expressivity and training stability. Thanks to the
matrix factorization, BOFT also comes with an intriguing weight interpolation (see Figure 10).

• For the very first time, we apply orthogonal finetuning to various tasks beyond controllable text-
to-image generation [67], showing its great potential as a generic model finetuning method. To
this end, we apply BOFT to a number of adaptation applications ranging from computer vision to
natural language processing. BOFT outperforms current state-of-the-art methods by a considerable
margin, validating its superior parameter-efficiency and generalization ability.

2 RELATED WORK

Parameter-efficient finetuning (PEFT). As foundation models (e.g., [4, 35, 68, 73]) become
increasingly large and powerful, finetunig these models for downstream tasks in a parameter-efficient
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way has sparked considerable interest [18, 45, 82]. Among many PEFT methods [1, 3, 8, 10, 19,
21, 23, 24, 28–31, 33, 39, 42, 46, 49, 54, 56, 78, 79, 86, 88, 92, 98], reparameterization-based
methods [1, 19, 29] are the most relevant to our work. LoRA [29] updates the pretrained weight
matrix by adding a product of two low-rank matrices, achieving promising performance on natural
language tasks. Since the rank of all added matrices is set to a constant in LoRA, several methods
[84, 95, 97] dynamically adjust the rank for different layers such that the parameter budget is
adequately allocated. Due to its simplicity, such a low-rank weight reparameterization has gained great
popularity [6, 16, 102]. Inspired by how hyperspherical energy characterizes generalization [50, 52],
[67] proposes orthogonal �netuning, an alternative yet effective method to �netune text-to-image
diffusion models. Speci�cally, OFT learns an orthogonal matrix to transform the neurons of the
same layer, and it achieves stronger generalization and consistently more stable training than LoRA.
Despite strong performance, OFT generally has more trainable parameters than LoRA. Therefore,
making OFT more parameter-ef�cient is a useful goal. Moreover, whether OFT is applicable to
a wider spectrum of adaptation tasks (beyond controlling text-to-image diffusion models [67]) is
unknown. BOFT improves the parameter ef�ciency of OFT via butter�y factorization. Thanks to this,
we are now able to demonstrate the power of orthogonal �netuning in general adaptation tasks.

Butter�y structures . The radix-2 Cooley-Tukey algorithm recursively reduces theN -point discrete
Fourier transform to twoN2 -point discrete Fourier transforms, and this process induces a butter�y
structure that can be written as a product of multiple sparse matrices (the product is also called a
butter�y matrix). Butter�y matrices have already been used to parameterize orthogonal matrices
to avoid pivoting in Gaussian elimination and improve ef�ciency [63], to stabilize the training of
recurrent neural networks [32] and in kernel approximation [60]. [13, 14] learn fast linear transforms
with butter�y parameterizations. [7, 15] utilize butter�y matrices to enable the ef�cient training of
neural networks. Butter�y structures are also found useful in fast matrix-vector multiplication [57, 61],
data-sparse matrix approximation [43], and network transmission [36, 40, 70]. In contrast to previous
work, we focus on harnessing butter�y structures to enhance the parameter ef�ciency of OFT.

3 AN INFORMATION TRANSMISSIONV IEW ON ORTHOGONAL FINETUNING

Figure 1: A comparison of reparameterization between LoRA and OFT.

We start with some preliminaries
of OFT. To �netune the pretrained
weight matrix, OFT reparameter-
izes the new weight matrix as the
product of a learnable orthogonal
matrix and the frozen pretrained
weight matrix. Compared to LoRA
which updates the weights with an additive low-rank matrix, OFT uses a multiplicative orthogonal
matrix to update the weights. To achieve parameter-ef�ciency, LoRA uses a low-rank structure, and
in contrast, the original OFT uses a block-diagonal orthogonal structure [67] (the smaller the size of
diagonal blocks is, the more parameter-ef�cient OFT is). An intuitive comparison is given in Figure 1.
The motivation for applying orthogonal transformation to �netune the weight matrix is to preserve
the pair-wise angles of neurons [50, 52, 67], such that the semantic knowledge from pretraining can
be largely preserved. Concretely, OFT optimizes an orthogonal matrixR 2 Rd� d for a pretrained
linear layerW 0 2 Rd� n , and modi�es the forward pass fromz = ( W 0)> x to z = ( RW 0)> x ,
wherex 2 Rd andz 2 Rn are the input and output vector, respectively. To achieve zero initialization,
OFT initializesR as an identity matrix. To ensure the orthogonality ofR throughout the �netuning
process, we follow [52, 67] to employ Cayley parameterization,i.e., R = ( I + Q)( I � Q) � 1

whereQ is a skew-symmetric matrix withQ = � Q> . For parameter-ef�ciency, the block-diagonal
structure is introduced by parameterizing the orthogonal matrixR asdiag(R 1; R 2; � � � ; R r ) where
R i 2 R b� b; 8i is a small orthogonal matrix andbr = d. The parameter-ef�ciency brought by the
block-diagonal structure comes at a price – it introduces an assumption that the dimensions of a
neuron (i.e., a column vector of the weight matrixW 0) are divided byr groups and dimensions in
different groups are transformed separately using different orthogonal matrices. Despite the empirical
effectiveness of the block-diagonal structure, it makes no sense to divide the dimensions of a neuron
into r groups based on their indices, which makes dense orthogonal matrices desirable. A natural
question arises:Can we construct a dense orthogonal matrix without losing the parameter-ef�ciency?

To address this question, we propose to compose a dense orthogonal matrix with a product of multiple
sparse orthogonal matrices. To provide a uni�ed yet intuitive perspective to study the sparsity pattern
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Figure 2: An illustration of the information transmission view on
generating dense matrices. This example usesd = 4 andm = 5 .

of orthogonal matrix factorization, we frame the
problem of generating a dense orthogonal matrix in
OFT as an information transmission problem. Specif-
ically, generating a dense matrixR 2 Rd� d by a
product ofm square matricesR = B m B m � 1 � � � B 1
can be viewed as transmitting information in a grid
with d� (m+1) nodes, as illustrated in Figure 2. The
motivation behind the information transmission view
comes from the observation that ad-dimensional
dense square matrix can be interpreted as a dense
connectivity fromd nodes to anotherd nodes. For
the matrixR , if the elementRij is zero, then it
indicates that information from thej -th node can-
not �ow to the i -th node. IfRij is non-zero, then
the information can be transmitted. Therefore, rep-
resenting the dense matrixR with multiple matrices
B m B m � 1 � � � B 1 can also be interpreted as perform-
ing sequential information exchange based on the graphs induced byB i ; 8i . The information �ows
following B 1 �rst and B n in the end. As a concrete example in Figure 2, we consider the factorization
R = B 5B 4B 3B 2B 1 whose sparsity patterns and induced graph are visualized. The graph in Fig-
ure 2 is the result of unrolling the matrix multiplication. In the induced graph, the matrixB i is viewed
as the connectivity matrix from thei -th level nodes to the(i +1) -th level nodes. More speci�cally, the
(j 1; j 2) element ofB i denotes whether there is a directed edge from thej 2-th node in thei -th level to
thej 1-th node in the(i + 1) -th level (zero means no edge). ForB 5B 4B 3B 2B 1 to be a dense matrix,
every node in the �rst level should be able to transmit information to all the nodes in the6-th level. If
we only considerR = B 4B 3B 2B 1 which corresponds to the source nodes in the �rst level and the
receiver nodes in5-th level, then we �nd that information from the node1 cannot be transmitted to
the node3. Therefore, the sparsity pattern ofB 4B 3B 2B 1 has a zero element at the(3; 1) position.
ConsideringR = B 3B 2B 1 andR = B 2B 1, the same correspondence holds between the induced
graph and the sparsity pattern. Generally, for a matrixR 2 Rd� d to be dense, them factorization
matricesB m ; � � � ; B 1 needs to correspond to a set of directed edges on ad � (m + 1) grid where
one directed edge can only connect two nodes between adjacent levels (i.e., columns), such that
information from every node in the �rst level can be transmitted to every node in the(m + 1) -th level.

Figure 3: An example of block-
diagonal structure in OFT.

The information transmission view can help us gain a better understanding
of the sparsity pattern of factorization matrices in OFT. Figure 3 visualizes
the block-diagonal structure ofR in the original OFT. Despite reducing the
number of trainable parameters, the block-diagonal structure cannot construct
a dense matrixR . Our goal is to compose a dense orthogonal matrix with
m sparse orthogonal matrices, using as few effective trainable parameters
as possible. Under the information transmission view, the general desiderata
towards our goal are(i) dense connectivity: every node in the �rst level has at least one path to
every node in the last level, and(ii) minimum free edges: the total number of edges should be as
small as possible under the orthogonality constraint. We note that orthogonality injects a delicate
constraint to the edges between adjacent levels. For example, for each matrixB i to be full-rank (a
necessary condition of orthogonality), we need to haved edges to form a bijection between all the
nodes in thei -th level and all the nodes in the(i = 1) -th level, which makes the number of edges
between adjacent levels at leastd (e.g., 4 for the example in Figure 2). Thesed edges is necessary for
orthogonality and should not be counted into the number of edges, because these elements are not
trainable (e.g., for ad � d orthogonal withd non-zero entries, these entries can only be� 1). Because
orthogonal matrices require less number of parameters than full matrices, the orthogonality constraint
will bring in additional dependency among edges. As an example, for a2 � 2 orthogonal matrix, one
zero at the(1; 1) position will imply another zero at the(2; 2) position (i.e., one missing edge could
imply another missing edge). Therefore, for each feasible set of edge connections, the orthogonality
may sometimes add or remove some edges. By visualizing the non-zero pattern of the composed
orthogonal matrix, the information transmission framework is particularly useful in OFT, because we
only care about the non-zero trainable elements ofR and their speci�c values do not matter.

A naive dense connection between two levels takesO(d2) edges (i.e., a single dense orthogonal
matrix), yieldingd2 � d edges (ford = 4 , it is 12 edges). Figure 2 gives an example of a feasible matrix
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factorization and it takes10edges in total, which is actually less than a single dense orthogonal matrix.
This framework enables us to study the parameter-ef�ciency of OFT from a graphical perspective,
and we can easily come up with feasible factorizations with this framework. We draw inspiration from
an interesting topology from the Cooley-Tukey algorithm, called butter�y graphs [12], which can
densely connectd source nodes andd receiver nodes ef�ciently withO(d logd) edges. For example,
the topology in Figure 2 takes10 edges to achieve dense connectivity, while the butter�y network
only takes8 edges. Next, we introduce how the butter�y structure can improve parameter ef�ciency.

4 ORTHOGONAL PARAMETERIZATION BY BUTTERFLY FACTORIZATION

Figure 4: The butter�y structure (d = 8 ).

The butter�y structure is originally used in the Cooley-Tukey al-
gorithm to perform fast Fourier transform. In Fourier transform, a
local change in the frequency domain can cause a global change in
the spatial domain, which is conceptually similar to our information
transmission problem – every node in the �rst level can transmit
information to all the nodes in the last level. The butter�y structure
also becomes a popular computer network topology [41, 75] used
for ef�cient information exchange. Assuming thatk � 2 is a power
of 2, we start by de�ning thebutter�y factor ~B F (k) as

~B F (k) =
�
diag(d1) diag(d2)
diag(d3) diag(d4)

�
2 Rk � k ; (1)

whered i 2 R
k
2 ; 8i are some vectors. Withd = 2 N , we then de�ne

thed-dimensionalbutter�y matrix B (d) 2 Rd� d recursively as

B (d) = ~B (d; d) �
�
B 1( d

2 ) 0
0 B 2( d

2 )

�
= ~B (d; d) ~B (d;

d
2

) � � � ~B (d; 2); (2)

whereB 1( d
2 ) andB 2( d

2 ) are twod
2 -dimensional butter�y matrices.

We then de�ne thebutter�y componentas ~B (d; k)= diag(B F
1 (k); � � � ; B F

d=k (k)) that is a block-
diagonal matrix of sized � d with the block sizek, whereB F

i (k); 8i are butter�y factors de�ned in
Equation 1. Now we are ready to use the butter�y matrix to parameterize an orthogonal matrix. To
achieve this, we only need to ensure that all multiplicative factors~B (d; k); 8k in the butter�y matrix
B (d) are orthogonal. We �rst look into the block-diagonal matrix~B (d;2) with the block size2, and
we can easily guarantee~B (d;2) to be orthogonal with Cayley transform (or2-dimensional rotation)
to parameterize each block, same as [52, 67]. The non-zero pattern of every butter�y component
can be viewed as a permutation of the non-zero pattern of~B (d;2), so all the butter�y components
can be easily parameterized as orthogonal matrices. This gives us an ef�cient parameterization of
orthogonal matrices built upon many2 � 2 orthogonal matrices. We generalize the butter�y matrices
following [7], and de�ne a block butter�y component~B b(d; k) where each entry ind i ; 8i becomes a
b� bmatrix. To guarantee the block butter�y component~B b(d;2) to be orthogonal, we parameterize
each2b� 2bblock matrix to be orthogonal. The non-zero pattern of the other butter�y components
~B b(d; k); k > 2 are the block-wise permutation of the non-zero pattern of~B b(d;2) and therefore

can be similarly turned into orthogonal matrices. Combining pieces, the forward pass in BOFT is

z =
�
R (m; b) � W 0 � > x ; s.t.

�
R (m; b) =

mY

i =1

~B b
( d;i ) &

� ~B b
( d;j )

� > ~B b
( d;j ) = ~B b

( d;j )

� ~B b
( d;j )

� > = I d
| {z }

8 j 2 [1 ;m ]

�
;

where we denote~B b(d;2m � i +1 ) as ~B b
(d;i ) for simplicity, andI d is an identity matrix of sized.

The orthogonal matrixR (m; b) 2 Rd� d is composed of a product of multiple orthogonal butter�y
components. For convenience, we denote BOFT withR (m; b

2 ) as BOFT(m,b), whereb � 2. When
m =1 , then BOFT(1,b) reduces to the block-diagonal OFT [67] with the block sizeb. BOFT(1,d)
reduces to the original OFT [67] with an unconstrained full orthogonal matrix. BOFT(log 2d

b ,b)
uses the block butter�y matrixB

b
2 (d) asR , and yields a dense orthogonal matrixR . In general,

BOFT(m,b) takes1
2 (b� 1)dm effective trainable parameters for �netuning a linear layer of sized� n.

If we use the butter�y matrix,i.e., m = log d; b= 2 , BOFT usesO(d logd) parameters. In contrast,
the original OFT with a full dense orthogonal matrix usesO(d2) parameters, and the block-diagonal
OFT with the block numberr usesO(bd). Therefore, the original OFT has to use the block size
b = d to generate a dense orthogonal matrix, while BOFT can use anyb to achieve this.
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Identity initialization for BOFT . Finetuning methods usually start with the exact pretrained model
such that the �netuned model will not deviate too much from the pretrained one. For example, LoRA
uses zero initialization for the low-rank weights. In BOFT, we initialize all the butter�y components
with identity matrices (i.e., the skew-symmetric matrix is initialized as zeros in Cayley transform).

Multiplicative Dropout for BOFT . LoRA [29] further implements a Dropout layer for the low-rank
weight update to prevent over�tting. The conventional Dropout [77] naturally works for LoRA, but
not for BOFT due to our multiplicative weight update. To address this, we propose a multiplicative
Dropout for BOFT. Because the orthogonal matrixR (m; b) is composed ofm orthogonal butter�y
components which can be easily permuted to2b � 2b block-diagonal orthogonal matrices. The
multiplicative Dropout �rst randomly picksp1 percent of the butter�y components andp2 percent of
the diagonal blocks in each butter�y component, and then replaces these blocks as identity matrices.

5 INTRIGUING INSIGHTS AND DISCUSSIONS

Figure 5: Expressiveness of BOFT.

Expressivity of BOFT. The butter�y structure along with permutations
can perfectly recover many classic fast linear transform [13, 14] (e.g.,
fast Fourier transform, Hadamard transform), but how well our orthogo-
nal butter�y matrix can approximate a general orthogonal matrix remains
unknown. We start by conducting a simulation to approximate a random
dense orthogonal matrix [2] with size512� 512. The results in Figure 5
are averaged over 10 random seeds. The y-axis denotes the approxi-
mation error, and the x-axis denotes the number of effective trainable
parameters. Each curve with the same color denotes BOFT with the same
block size, and the leftmost point is the error of BOFT(1,b) (i.e., the original block-diagonal OFT
with block sizeb). BOFT generally yields better parameter ef�ciency than OFT. For example, the
expressiveness of BOFT(9,2) is better than that of BOFT(1,16) but has much less parameters. BOFT
with smallerb and largerm is generally more parameter-ef�cient. For example, BOFT(6,4) uses
much less parameters but yields a similar approximation error to BOFT(2,16). In general, the butter�y
matrix represents a more structured subset of the orthogonal group (compared to the block-diagonal
structure), which makes BOFT provably more expressive than OFT with the same block size.

Theorem 1(Expressivity of BOFT). BOFT is more expressive than OFT with the same block size.
For the butter�y matrix to approximate all orthogonal matrices of sized, we can multiply butter�y
matrices withB d� 1;1(d)B >

d� 1;2(d) � � � B 1;1(d)B >
1;2(d), whereB i;j (d); 8i; 8j are butter�y matrices.

Theorem 1 suggests a simple generalization for BOFT – the �nal orthogonal matrix is generalized to
R G (m1; b1; m2; b2; l )= R l; 1(m1; b1)R T

l; 2(m2; b2) � � � R 1;1(m1; b1)R T
1;2(m2; b2) whereR T

i;j (m; b)
denotes the orthogonal matrix used in BOFT. Whenm1 = m2 = log d, b1 = b2 = 2 andl = d � 1,
thenR G (m1; b1; m2; b2; l ) can represent the entire orthogonal group. Such a matrix composition is
also called kaleidoscope hierarchy [14]. However, we note that better expressiveness does not always
lead to better performance in �netuning, as full �netuning, despite its universal expressiveness, often
yields unsatisfactory performance. The trade-off between expressivity and regularity is the key to the
generalizability of model �netuning. BOFT enlarges the �netuning parameter space with structural
priors, which enables us to �nd a better trade-off between expressivity and regularity.

Spectral properties. Orthogonal �netuning generally yields better spectral property than LoRA,
because it perfectly preserves the spectral norm of the pretrained weight matrixW 0. We can see
this by singular value decomposition:W 0 = U � V > whereU ; V are orthogonal matrice and� is
a singular vale diagonal matrix. Both OFT and BOFT multiply an orthogonal matrixR to the left
and obtain the �netuned weightsRU � V > , which does not affect the largest singular value (i.e., the
spectral norm ofW 0). Such a preservation has been shown to greatly bene�t training stability and
generalization [58, 90]. We introduce more interesting mathematical properties in Appendix G.

Orthogonal �netuning as learning bilinear similarity . BOFT can be written as learning the bilinear
similarity w 0

i Rx wherew 0
i is thei -th neuron (i.e., column vector) of the weight matrixW 0. BOFT

can be viewed as learning the bilinear similarity matrixR with a strong regularity (i.e., R needs to
be orthogonal), which intrinsically connects to distance metric learning [89] and bilinear form [72].

Inductive bias and generalization in BOFT. SinceR (m; b) in BOFT usually represents a structured
subset of the orthogonal group which constrains the hypothesis class, BOFT will naturally induce
an inductive bias. We argue that the structured inductive bias induced by butter�y factorization is
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bene�cial to generalization, as it has a shared structured pattern of many classic linear transforms [14],
such as discrete Fourier transform, discrete sine/cosine transform and Hadamard transform. Moreover,
the sparse matrix factorization in BOFT may also bring some implicit inductive bias [22, 44, 51].

Comparison to butter�y-based sparse training. There are quite a few works [7, 13–15] that study
sparse training with the butter�y parameterization. They typically focus on reparameterizing the
weight matrices directly with the butter�y parameterization and training neural networks from scratch.
[15] considers to �netune the pretrained weights by �rst projecting the weights on a variant of butter�y
matrices and then optimizing the projected components for downstream tasks. BOFT proposes a very
different �netuning strategy that transforms the weights with layer-shared weight matrices.

6 APPLICATIONS AND EMPIRICAL RESULTS

We apply BOFT to �netune large language models (DeBERTaV3 [25], Llama-2 [81]), vision founda-
tion models (DINOv2 [62], SAM [35]), and text-to-image generative models (Stable Diffusion [73])
on various downstream tasks. To ensure a fair comparison, we use exactly the same settings for all
the compared baselines. The results are averaged over5 random seeds, and the gains have passed
signi�cant tests withp < 0:05. Experimental details and more results are provided in the appendices.

6.1 ADAPTATION OF LARGE LANGUAGE MODELS (LLM S)

Method # Param MNLI SST-2 CoLA QQP QNLI RTE MRPC STS-B All

Full Finetuning 184M 89.90 95.63 69.1992.40 94.03 83.75 89.46 91.60 88.25
BitFit [92] 0.1M 89.37 94.84 66.96 88.41 92.24 78.70 87.75 91.35 86.20
H-Adapter [28] 1.22M 90.13 95.53 68.64 91.91 94.11 84.48 89.95 91.48 88.28
P-Adapter [65] 1.18M 90.33 95.61 68.77 92.04 94.29 85.20 89.46 91.54 88.41
LoRAr =8 [29] 1.33M 90.65 94.95 69.82 91.99 93.87 85.20 89.95 91.60 88.50
AdaLoRA [97] 1.27M 90.76 96.10 71.45 92.2394.55 88.09 90.69 91.84 89.46

OFT b=16 0.79M 90.33 96.33 73.91 92.10 94.07 87.36 92.16 91.91 89.77
BOFT m =2

b=8 0.75M 90.25 96.44 72.95 92.10 94.23 88.81 92.40 91.92 89.89

Table 1: Results on the GLUE development set. We report the matched accuracy for MNLI,
Matthew's correlation for CoLA, average correlation for STS-B and accuracy for other tasks.

Natural language under-
standing. To evaluate the per-
formance of BOFT on LLM
adaptation, we �rst �netune a
pretrained DeBERTaV3-base
model [25] on the GLUE
benchmark [87], which con-
sists of some representative
sentence classi�cation tasks
and is widely used for assess-
ing the natural language un-
derstanding ability [17, 25, 53]. Results are presented in Table 1. “# Param” in the table denotes
the total number of effective trainable parameters for each method. We note that OFT [67] with the
block size16 is BOFT(1,16). One can observe that orthogonal �netuning performs better than current
state-of-the-art methods. More importantly, BOFT outperforms OFT while still using less parameters.

MMLU (5-shot) MMLU (0-shot)
Method # ParamHums. STEM Social Other Avg.Hums. STEM Social Other Avg.

Llama-2-7B - 43.0 36.9 51.6 52.1 45.738.8 33.3 46.8 45.0 40.8
LoRAr =16 0.125% 42.9 38.5 54.5 53.8 47.042.5 37.1 51.5 52.3 45.5
LoRAr =32 0.25% 42.9 38.7 54.6 54.7 47.3 42.5 36.7 52.8 52.7 45.9

OFT b=16 0.13% 44.0 38.9 54.2 54.3 47.544.0 36.7 52.9 52.0 46.2
BOFT m =2

b=8 0.12% 44.5 39.0 54.4 55.1 47.9 44.3 37.4 53.1 52.8 46.7

Table 2: Accuracy (%) on MMLU. “# Param” denotes the percentage of �netuned parameters.

Massive multitask language un-
derstanding. We use Alpaca [80]
as our �netuning dataset and
evaluate both zero-shot and few-
shot performance on the MMLU
dataset [27] which consists of
57 language tasks. All methods
use the pretrained Llama-2-7B
model [81]. Results in Table 2 show a consistent improvement over LoRA, but BOFT uses fewer
parameters. Notably, BOFT(2,8) produces a block-diagonal orthogonal matrix with the block size 16,
and yet still outperforms OFT with the same block size (i.e., BOFT(1,16)) by a considerable margin.
This result implies that the butter�y structure can incorporate a generalizable inductive bias.

Method # Param GSM8K MATH

Llama-2-7B - 14.6 2.5
LoRAr =32 0.25% 50.2 7.8

OFT b=16 0.13% 50.1 8.4
BOFT m =2

b=8 0.12% 50.6 8.6

Table 3: Results on GSM8K and MATH.

Mathematical question answering. We also evaluate our method in
mathematical question answering using two challenging benchmarks:
GSM8K [11] and MATH [27]. For all the �netuning methods, we
use MetaMathQA-40K [91] as the �netuning dataset, and the Llama-
2-7B model [81] as the pretrained backbone. As can be observed in
Table 3, BOFT excels in mathematical reasoning on both datasets.
We note that even though improvement on the MATH dataset is in
fact quite challenging, BOFT achieves more than 10% relative improvement over LoRA while only
using half of the number of trainable parameters for LoRA. Moreover, BOFT outperforms OFT even
with the same effective block number, again verifying that the butter�y structure can introduce a
generalizable inductive bias. We also provide a case study of a few questions in Appendix E.
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Full Finetuning 304.467.6 91.7 77.9 99.7 93.7 92.852.3 88.1 96.1 90.9 77.267.2 59.8 58.1 82.8 83.662.0 36.9 39.4 74.6

Linear Probing 0 73.2 90.9 78.1 99.795.2 40.3 59.3 84.2 92.9 86.8 75.648.1 44.4 45.9 65.4 25.5 37.0 18.5 30.962.7

BitFit [92] 0.27 78.5 91.7 80.4 99.7 95.0 67.3 60.2 85.2 96.1 90.7 75.784.1 63.0 52.7 78.9 83.8 61.928.0 37.7 74.2

FacTttr =16 [31] 0.12 76.2 89.4 77.3 99.7 94.7 89.6 58.987.1 94.3 88.7 74.083.1 63.3 56.2 83.1 61.7 37.1 23.3 32.672.1

FacTtkr =32 [31] 0.12 75.0 89.1 78.6 99.7 95.0 92.1 58.986.1 94.6 89.5 74.284.3 62.0 57.7 85.268.4 38.3 31.244.2 73.9

LoRAr =4 [29] 1.77 77.2 92.8 80.3 99.7 94.8 92.7 59.588.3 96.4 91.4 77.4 74.7 62.4 58.1 85.285.8 57.2 31.8 37.276.6

GLoRAr =4 [6] 4.87 80.1 93.7 80.2 99.7 94.4 89.6 59.985.9 96.0 91.0 76.261.8 62.3 56.985.8 65.7 57.2 37.041.4 74.5

OFT b=16 2.10 77.7 91.9 80.1 99.7 94.792.9 59.3 88.4 96.4 91.5 77.2 81.0 64.7 60.5 84.0 92.2 61.1 34.8 40.377.3

BOFT m =4
b=4 1.77 78.2 91.4 79.6 99.7 94.9 92.8 59.4 88.1 96.4 91.6 76.2 81.9 65.4 60.0 84.5 92.9 61.3 37.1 39.3 77.4

BOFT m =6
b=2 1.11 78.3 91.5 79.9 99.7 95.0 92.0 60.2 88.2 96.5 91.4 77.2 80.5 64.1 61.4 85.0 91.6 60.8 34.0 38.5 77.1

Table 4: Results (%) on the VTAB-1K benchmark. “# param” speci�es the number of trainable parameters of each method. The average accuracy
is obtained by averaging over all 19 tasks. The best results are marked with “bold”, and the second/third best results are marked with “underline”.

6.2 ADAPTATION OF V ISION FOUNDATION MODELS

Model # Param
DIS COIFT HRSOD ThinObject Average

mIoU mBIoU mIoU mBIoU mIoU mBIoU mIoU mBIoU mIoU mBIoU

SAM (baseline) 0 62.0 52.8 92.1 86.5 90.2 83.1 73.6 61.8 79.5 71.1
Finetune SAM 4.06M 78.9 70.3 93.9 89.3 91.8 83.4 89.4 79.0 88.5 80.5
HQ-SAM [34] 1.33M 78.6 70.4 94.8 90.1 93.6 86.9 89.5 79.9 89.1 81.8
BOFT-SAM m =3

b=4 0.04M 78.2 69.7 94.9 90.5 93.1 86.0 91.7 80.1 89.5 81.6

Table 5: Results on HQSeg-44K [34] (DIS [66], COIFT [47], HRSOD [93], ThinObject [47]).

Transfer learning on VTAB-1K .
We evaluate the �netuning perfor-
mance of BOFT on the VTAB-
1K benchmark [94], which has
been extensively used to evaluate
parameter-ef�cient transfer learn-
ing algorithms. VTAB-1K con-
sists of 19 image classi�cation tasks that are divided into three categories: natural images, specialized
tasks (e.g., remote sensing and medical images), and structured tasks (e.g., depth and orientation
prediction). In VTAB-1k, each dataset provides 800 labeled training set samples, a subset of their
original training set. We use them to �ne-tune our base model and the Top-1 classi�cation accuracy on
their respective original test set is used as the performance measure. Notably, all compared methods
introduce no inference latency, so they have the same inference speed. Because the �nal classi�cation
layer will always get retrained and the trainable parameters of that linear classi�cation layer vary
across different tasks, we follow the common practice and do not take them into account when
reporting the total trainable parameters for each method. Different from previous work [6], we use a
much larger pretrained vision transformer [62] (DINOv2-large) with more than 300M parameters.
The accuracy scores are presented in Table 4. We observe that orthogonal �netuning achieves the best
overall testing accuracy on the VTAB-1K benchmark, and BOFT withm = 4 ; b = 4 again achieves
the best performance. Remarkably, BOFT's performance enhancement is both stable and consistent
across tasks, as almost all our results outperform the simplest full �netuning baseline. BOFT is
marginally worse than full �netuning on three tasks: dSpr-Ori (� 0:7%), Caltech101 (� 0:3%) and
sNORB-Ele (� 0:1%). In contrast, LoRA is signi�cantly worse than full �netuning on sNORB-Azim
and dSpr-Ori by5%. These results validate the effectiveness of BOFT for vision transformers.

Figure 6: Qualitative comparison of between SAM and BOFT-SAM.

High-quality segmentation with SAM. The Seg-
ment Anything Model (SAM) [35] is a vision
foundation model for promptable image segmen-
tation, demonstrating impressive zero-shot capa-
bilities. SAM consists of three main components:
a pre-trained image encoder to generate a fea-
ture embedding of the input image, a prompt en-
coder to embed prompts, and a mask decoder
to map these input embeddings to a segmenta-
tion mask. Despite its impressive performance
in general image segmentation, SAM lacks the
ability to perform highly accurate segmentation
in challenging situations. To address this, HQ-
SAM [34] proposes to train an additional HQ-Output Token and a global-local feature fusion module
on a high-quality segmentation dataset, HQSeg-44K [34], to improve the mask quality, achieving
state-of-the-art performance in high-quality segmentation. Using the same dataset and loss function
as HQ-SAM, we �netune the original SAM with BOFT for10epochs. Speci�cally, we only apply
BOFT to all linear layers of the mask decoder of SAM, while keeping the other part of SAM frozen.
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Figure 7: Qualitative comparison of controllable generation. The �gure is best viewed digitally, in color and signi�cantly zoomed in.

We compare to �netuning the entire mask decoder, training the HQ-SAM modules [34] and �netuning
linear layers with BOFT. Table 5 shows that BOFT-SAM uses only3% of trainable parameters used
in HQ-SAM, and yet matches its performance. Moreover, since the multiplicative weights learned by
BOFT can be combined back to the weights of SAM, BOFT-SAM has exactly the same inference
speed as SAM, while, in contrast, HQ-SAM has additional modules that affect its inference speed.

6.3 CONTROLLING TEXT-TO-IMAGE DIFFUSION MODELS

Method # Param Error

LoRAr =128 20.17M 8.038

LoRAr =16 2.52M 8.878

OFT r =16 2.71M 8.876

OFT r =4 10.50M 6.537

BOFT m =2
r =32 2.66M 8.070

BOFT m =5
r =16 12.93M 6.387

BOFT m =4
r =8 20.76M 5.667

Table 6: Face landmark error between
control signal and prediction.

Since OFT is originally used to control text-to-image diffusion mod-
els [67], we also evaluate BOFT with the same task for better compar-
ison. We �netune the pretrained Stable Diffusion [73] for two tasks:
controllable generation (e.g., [59, 96]) and subject-driven generation
(e.g., [74]). Controllable generation enables adding spatial control sig-
nals to the text-to-image diffusion models. Subject-driven generation
aims to synthesize images of a subject in novel contexts by �netuning on
a few images of that subject to learn a unique identi�er. We follow the
same setting as [67] for evaluating controllable generation. To be easily
comparable to OFT, where the block structure is characterized by the
number of blocksr , we also use the number of blocks to characterize
BOFT (instead of the block sizeb). Becauserd = b, largerr indicates less number of parameters. For
example, for BOFT withr = 32 to generate a dense orthogonal matrix, we need to havem = 6 . We
start by comparing LoRA, OFT and BOFT with a small parameter budget (less than 3M parameters).
We see from Table 6 that BOFT withr = 32; m = 2 yields signi�cantly better performance than
both LoRA and OFT with the block number16 under the 3M parameter budget. Under this small
budget setting, we also provide a qualitative comparison among LoRA (r = 16), OFT (r = 16) and
BOFT (r = 32; m = 2 ) in Figure 7. We also evaluate how BOFT performs with a dense orthogonal
matrix usingr = 16; m = 5 andr = 8 ; m = 4 . We observe that BOFT withr = 8 ; m = 4 achieves
the best performance and signi�cantly outperforms LoRA with a similar number of parameters.

Figure 8: Howm affects controllability.

Finally, we conduct an ablation study on how the number of butter�y
componentsm affects the performance of controllable generation. We
�rst �x the block number asr = 32, and then vary the number of
butter�y components in BOFT from0 (i.e., OFT with the block number
32) to 6 (BOFT with a dense orthogonal matrix). Figure 8 shows that
BOFT with a largerm yields better control performance for Stable
Diffusion �netuning. More interestingly, we also �nd that, with the
same number of blocks, an increased number of butter�y components
generally leads to faster and more stable convergence. This implies that
orthogonal �netuning with a denser orthogonal matrix converges faster
in �netuning text-to-image diffusion models. This also matches our intuition that a dense orthogonal
matrix can transform neurons more effectively due to its more ef�cient information transmission.

BOFT also performs consistently better than both LoRA and the original OFT in subject-driven
generation. A qualitative comparison is given in Figure 9 and Appendix C. For all the compared
methods, we use the best possible hyperparameters. We empirically observe that BOFT can generally
capture more intrinsic identity characteristics of the input subject, and therefore, the generated images
are visually more plausible in terms of the subject identity preservation. We can see from Figure 9
that the original OFT also shows good performance in preserving subject identity while LoRA has
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Figure 9: Qualitative comparison of subject-driven generation. The �gure is best viewed digitally, in color and signi�cantly zoomed in.

Figure 10: Model weight interpolation by setting the trained butter�y components one by one to identity matrix. We use BOFT(m = 5 ; r = 16 )
to �netune Stable Diffusion (SD). No retraining is performed when we gradually set each trained orthogonal matrix (~B i ) to an identity. The
number in the �gure denotes the number of remaining orthogonal butter�y components that has not been set to identity. Text prompt:a man
with a beard smiling (for the �rst row) anda smiling woman(for the second row). *0 matrix is the case of SD with a learned control head.

better text prompt following ability. In sharp contrast, BOFT can achieve the best of both worlds
by simultaneously demonstrating good subject identity preservation as well as accurate text prompt
following ability. Notably, for the bottom-left toy duck case in Figure 9, we observe that BOFT can
capture the essence of the toy and generate a cubed shaped toy with a conceptually similar color.

BOFT comes with free weight interpolation. We have a surprising yet interesting discovery that
uniquely distinguishes BOFT from existing methods in controllable generation. BOFT consists of
multiple orthogonal matrices (i.e., multiple butter�y components), and the product of these matrices
gives the complete �netuned model. However, what will happen if we set the trained orthogonal
butter�y components to identity matrix one by one without retraining? If we set all the butter�y
components to identity, the model reduces to Stable Diffusion. If no butter�y components are set
to identity, then we have the full BOFT-�netuned model. After the BOFT training, the structure
of multiple butter�y components provides us with a free weight interpolation on the orthogonal
manifold. We perform the weight interpolation for all the BOFT-�netuned layers in Stable Diffusion.
Speci�cally, we use BOFT withm = 5 ; r = 16, so we have6 butter�y components. We set the
butter�y components one by one to identity matrix, starting from left-hand side. The results are given
in Figure 10 Surprisingly, although these interpolated weights have not been retrained, they can still
generate plausible images. In fact, as we set more butter�y components to identity, the interpolated
model produces a smooth interpolated result, from a landmark-controlled image to an uncontrolled
Stable Diffusion image. These results well validate that the hypothesis weight space (i.e., model
space) in BOFT can well preserve the semantics and effectively eliminate many bad local minima.

7 CONCLUDING REMARKS AND L IMITATIONS

Our paper proposes Orthogonal Butter�y, a generic parameter-ef�cient �netuning method for foun-
dation models based on the butter�y structure. The key insight to better parameter-ef�ciency is to
parameterize a dense orthogonal matrix with the product multiple sparse orthogonal matrices. To
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easily �nd feasible matrix factorizations, we propose a graphical information transmission framework.
Under this framework, we �nd that the butter�y structure can effectively achieve our desiderata
of sparse orthogonal matrix factorization. We demonstrate the empirical effectiveness of BOFT in
�netuning large language models, large vision models and text-to-image generative models. Our
experiments also validate the superiority of BOFT as a generic mode �netuning method.

Despite empirical effectiveness, BOFT is by no means perfect. Since the �nal orthogonal matrix in
BOFT is the product of multiple orthogonal matrix, the training runtime overhead is slightly larger
than OFT. How to improve BOFT's training runtime remains an open problem. Fortunately, after the
�netuning stage, the BOFT-learned orthogonal matrices can be directly multiplied into the pretrained
model and there is no additional inference latency. Moreover, whether the butter�y network is the
most ef�cient way to transmit information is also unknown. Our information transmission framework
further enables us to draw inspiration from a distinct research discipline – computer networking,
where the ef�ciency of a network topology for transmitting information is heavily studied. We expect
that more ef�cient network structures can be used for composing dense orthogonal matrices.
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A EXPERIMENTAL DETAILS

A.1 NATURAL LANGUAGE UNDERSTANDING

For our experiments on the GLUE benchmark [87], we follow the setting of [97] and only tune
the learning rate, the multiplicative dropout rate, and the number of training epochs. We use the
pre-trained DeBERTaV3 [25]1 as our base model and apply the OFT and BOFT to every linear layer
in every transformer blocks. All runs can be trained on a single NVIDIA A100-SXM4-80GB GPU.
See the hyperparameters used in our runs in Table 7.

Method Dataset MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B

DeBERTaV3-base
OFT (16)

Batch Size 32 32 32 32 32 32 32 32
# Epochs 5 2 14 5 4 9 34 11
Learning Rate 8E-05 2E-04 9E-04 4E-04 2E-04 3E-04 3E-04 7E-04
OFT Dropout 1E-01 1E-01 1E-01 5E-02 1E-01 1E-01 5E-02 1E-01
Max Seq. Len. 256 128 320 64 512 320 320 128

DeBERTaV3-base
OFT (8,1)

Batch Size 32 32 32 32 32 32 32 32
# Epochs 10 11 16 15 4 10 6 8
Learning Rate 7E-05 5E-05 8E-04 5E-04 2E-04 3E-04 4E-04 7E-04
OFT Dropout 15E-02 15E-02 1E-01 15E-02 5E-02 5E-02 5E-02 5E-02
Max Seq. Len. 256 128 320 64 512 320 320 128

Table 7: Hyperparameter setup used for DeBERTaV3-base on the GLUE benchmark.

A.2 TRANSFERLEARNING ON VTAB-1K

In our VTAB-1K experiments, we employ the DINOv2-large [62]2 as our base model for �ne-tuning.
Our architecture design aligns with GLoRA [6], injecting trainable OFT and BOFT weights into every
linear layer in all multihead self-attention (MSA) and MLP blocks. To ensure a fair comparison, we
maintain the identical training setups for our and the baseline methods: a total number of 30 training
epochs, a �xed training batch size of64, an AdamW optimizer, and a cosine learning rate scheduler
with a warmup ratio of0:1. Notably, due to the supernet structure of GLoRA [6], we tested both
training for 30 and 100 epochs. We conduct a grid search on the learning rate for both our method
and baseline methods and report the best �nal test set's Top-1 classi�cation accuracy after the �nal
epoch. For BOFT and OFT, we additionally adopt a multiplicative dropout rate of0:1 and apply a
weight decay rate of0:02. All methods are trained on a single NVIDIA A100-SXM4-80GB GPU.
The exact learning rate details for OFT and BOFT can be found in Table 8.

Dataset C
ifa

r1
00

C
al

te
ch

10
1

D
T

D

F
lo

w
er

s1
02

P
et

s

S
V

H
N

S
un

39
7

C
am

el
yo

n

E
ur

oS
AT

R
es

is
c4

5

R
et

in
op

at
hy

C
le

vr
-C

ou
nt

C
le

vr
-D

is
t

D
M

La
b

K
IT

T
I-

D
is

t

dS
pr

-L
oc

dS
pr

-O
ri

sN
O

R
B

-A
zi

m

sN
O

R
B

-E
le

OFT b=16 8e-4 5e-4 6e-4 2e-3 3e-4 3e-3 1e-3 9e-4 9e-4 5e-4 1e-3 2e-4 4e-4 2e-3 1e-3 2e-3 3e-4 4e-3 6e-4
BOFT m =4

b=4 8e-4 5e-4 6e-4 2e-3 3e-4 3e-3 1e-3 1e-3 6e-4 9e-4 2e-3 2e-4 3e-4 3e-3 9e-4 4e-3 5e-4 5e-3 8e-4
BOFT m =6

b=2 8e-4 9e-4 1e-3 1e-3 8e-4 3e-3 1e-3 4e-3 9e-4 1e-3 2e-3 4e-4 4e-4 4e-3 3e-3 4e-3 8e-4 4e-3 9e-4

Table 8: Hyperparameter setup (i.e., learning rate) used for DINOv2-large on the VTAB-1K benchmark.

A.3 EXPERIMENTAL DETAILS IN LLAMA FINETUNING

In the Llama-related �netuning experiments, language understanding and mathematical question
answering, we �xed the batch size as 64 and the training epoch as 2. For all the Lora, OFT, and BOFT
experiments, we use the cosine learning scheduler and the warmup of the �rst 100 learning steps.
We �netune the Llama model on the �rst generated 512 tokens, which is suf�cient for these two
tasks. We use the AdamW optimizer with a 1e-4 learning rate and 8e-4 learning rate for the language
understanding task and mathematical question-answering task, respectively. The multiplicative
dropout used for language understanding and mathematical question answering is 0.1 and 0.05,

1https://huggingface.co/microsoft/deberta-v3-base
2https://huggingface.co/facebook/dinov2-large
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respectively. For language understanding, we evaluate the performance on MMLU with both zero-
shot and 5-shot evaluation. For mathematical question answering, we basically follow the evaluation
tools in MetaMathQA [91], where they use the Alpaca [80] prompt and evaluate the model in
zero-shot. The generation temperature is set as 0 for both tasks.

A.4 EXPERIMENTAL DETAILS IN SAM FINETUNING

We generally follow the training and evaluation settings as HQ-SAM [34]. Speci�cally, we use a
learning rate of 0.0005, a cosine annealing learning rate scheduler, AdamW optimizer with a weight
decay rate of 0.01 and a multiplicative dropout rate of 0.005. During �ne-tuning, we keep the SAM
model [35]3 frozen.

A.5 EXPERIMENTAL DETAILS IN CONTROLNET AND DREAMBOOTH

For our experiments on the ControlNet [96] and DreamBooth [74], we mainly follow the setting
of OFT [67] but re-implement them using HuggingFace's Diffusers [85] and Parameter-Ef�cient
Fine-Tuning (PEFT) [55]4. Speci�cally, we use Stable Diffusion [73] (v2.1)5 as our pretrained model,
and DDIMScheduler [76] as our scheduler function. The attached �ne-tuned PEFT layers within UNet
aref to q, to v, to k, query, value, key g. Both training and testing are conducted
on NVIDIA A100-SXM4-80GB, memory ef�cient attention from xFormers [38] is employed. Some
speci�c settings for ControlNet and DreamBooth are as follows:

ControlNet We train ControlNet image encoder (lightweight 8-conv-layer network same as Con-
trolLoRA [26]) and the attached PEFT layers within UNet, with the learning rate of 1e-5. Regarding
the optimizer, we use AdamW with a weight decay as 1e-2, adam epsilon as 1e-8, and a constant learn-
ing rate scheduler. For datasets, we train Segmentation-to-Image (S2I) task on ADE20K [99, 100],
and Landmark-to-Face (L2F) task on CelebV-HQ [101], both for 20 epochs, with 16 batch size.
Speci�cally, we employ dropout (p2 = 0 :1) andf PEFTg only bias type on PEFT layers (BOFT,
OFT, LoRA).

DreamBooth Instead of �ne-tuning text transformer [20, 37], we exclusively �ne-tune the cross-
attention layers (K, V, Q) of UNet with a learning rate of 3e-5, batch size of 4 for 2000 steps.
Regarding the optimizer, we use AdamW with a weight decay as 1e-2 and Adam epsilon as 1e-8,
a constant learning rate scheduler. Furthermore, we pre-generate 200 images conditioned on each
class of input images, for prior preservation training weighted by 1.0. We use the same dataset as
DreamBooth [74] with the resolution of 512. Same as ControlNet, we employ dropout (p2 = 0 :1)
andf PEFTg only bias type on PEFT layers (BOFT, OFT, LoRA).

Task Metric LoRA OFT BOFT
# Params 2.52M 20.89M 20.76M

S2I
mIoU " 24.72 29.44 28.83
mAcc " 37.88 42.12 41.24
aAcc" 60.43 67.53 67.74

L2F Error# 8.038 6.537 5.667

Table 9: Quantitative evaluation of S2I and L2F. The
best results are marked with “bold”, and the second
best results are marked with “underline”.

More Results For ControlNet, apart from Landmark-to-
Face (L2F) generation, we also benchmark different �ne-
tuning methods on Segmentation-to-Image (S2I) generation.
The quantitative results are given in Table 9. Notably, these
reported numbers represent the best possible results achieved
by methods, across all variations of parameter con�gurations
(#Param spans from 2M to 20M), trained for 20 epochs. We
observe that different control task requires different �netun-
ing �exbility and some control task may be easier than the
other. We �nd that the S2I task is generally easier than the L2F task and does not require strong
�netuning �exibility. In the S2I task, the best performance of BOFT from 2M to 20M is similar
to that of OFT. However, BOFT can still achieve better control performance than OFT given less
amount of parameter budget, demonstrating its parameter ef�ciency.

More qualitative results of ControlNet are shown in Figure 17 and Figure 16. Regarding DreamBooth,
more subject-driven generations are shown from Figure 9 to Figure 15.

3https://github.com/facebookresearch/segment-anything
4https://huggingface.co/docs/peft
5https://huggingface.co/stabilityai/stable-diffusion-2-1
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B MORE QUALITATIVE RESULTS ONHIGH-QUALITY SEGMENTATION

Figure 11: More qualitative comparison of mask prediction between SAM and BOFT-SAM.
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C MORE QUALITATIVE RESULTS IN SUBJECT-DRIVEN GENERATION

Figure 12: Qualitative comparison of Subject-driven Generation.
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