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its capacity to express complex weight updates, leav-
ing a performance gap compared with full fine-
tuning. Existing extensions improve expressivity,
but they often sacrifice parameter mergeability or
rely on sparse, block-diagonal updates that restrict
global information flow. We propose SeMi-LoRA
(Separation and Mixing LoRA), a novel frame-
work that enables complete high-rank updates while
preserving mergeability. SeMi-LoRA decomposes
adaptation into channel-wise compression followed
by two-stage latent mixing, namely Rank Mix and
Channel Mix. Our structural analysis shows that,
under a fixed base rank, the rank capacity of the
update increases with the number of channels and
supports complete updates rather than partial sparse
ones. Extensive experiments on commonsense rea-
soning, mathematical reasoning, natural language
understanding, and dialogue generation benchmarks
demonstrate that SeMi-LoRA consistently outper-
forms strong PEFT baselines with favorable param-
eter efficiency.

1 Introduction

Adapting large language models (LLMs) to application sce-
narios usually presents a significant challenge, especially
under the growing demands of model training, evaluation,
and deployment [Guo™ et al., 2023; Chen er al., 2026;
Jin er al., 2024]. Full fine-tuning (FFT) is often impracti-
cal due to its high resource cost. Parameter-Efficient Fine-
Tuning (PEFT) techniques have thus become a critical re-
search area [Houlsby er al., 2019], offering efficient solutions
by optimizing a small subset of parameters while maintaining
performance.

Among various PEFT methods, LoRA (Low Rank Adap-
tation) has emerged as one of the most widely adopted so-
lutions due to its high flexibility and scalability [Hu er al.,
2022]. LoRA approximates the updated weights by adjusting
a set of low-rank adapters while keeping the original model
weights frozen, thereby effectively reducing the computational

Table 1: Comparison of existing PEFT methods. SeMi-LoRA in-
corporates advantages across all dimensions, whereas other methods
exhibit weaknesses in certain aspects. Efficiency (C): computation
efficiency; Efficiency (M): memory efficiency.

resources and memory overhead. Furthermore, unlike methods
such as Adapter [Pfeiffer ez al., 2021] and P-Tuning [Li and
Liang, 2021], LoRA’s update parameters can be merged into
the original model weights, eliminating additional inference
latency. However, its low-rank approximation may introduce
performance gaps [Ren et al., 2024]. A straightforward way
to address this is by increasing LoRA’s rank, but this results in
a linear increase in computation and memory costs.

To address this limitation, various solutions have been pro-
posed. [Zadouri erf al., 2024] introduce the LoRA-MoE con-
cept, which utilizes the Mixing of Experts (MoE) framework
to integrate multiple LoORA modules for more flexible parame-
ter updates. However, LORA-MOoE involves computationally
complex nonlinear functions, which prevent the new parame-
ters from being directly merged into the model weights. This
increases both the inference cost and the difficulty of deploy-
ment. VeRA [Kopiczko et al., 2024] shares high-rank matrices
with lightweight scaling, but its restricted expressivity often
demands more compute to match performance. Sparse ap-
proaches also target higher effective rank. MELoRA [Ren et
al., 2024] builds a high-rank block-diagonal update by com-
posing multiple mini low-rank adapters, and MoRA [Jiang et
al., 2024] uses non-parametric operators with a shared high-
rank matrix. However, these designs structurally restrict AW,
limiting global information flow and preventing full updates
across W. Overall, existing methods tend to trade off merge-
ability, efficiency, or complete update support; Table 1 sum-
marizes these limitations.

Our goal is to achieve efficient high-rank updates while
preserving parameter mergeability and the capacity for com-
plete updates. Inspired by Depthwise Separable Convolu-
tion [Howard et al., 20171, we propose a novel PEFT method:
SeMi-LoRA. Depthwise separable convolution separates a
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standard convolution into depthwise and pointwise operations,
reducing computational complexity while preserving strong
representation capacity. Similarly, we separate feature mixing
across channels and apply a two-stage mixing strategy to the
separated features.

Specifically, SeMi-LoRA consists of four stages: Compress,
Rank Mix, Channel Mix, and Decompress. We first split
features into non-overlapping channels and apply per-channel
low-rank compression. We then perform two linear mixers in
the latent space: Rank Mix (intra-channel, along rank) and
Channel Mix (inter-channel, at fixed rank indices), enabling
both local and cross-channel interactions. Finally, Decompress
projects features back to the original dimension, yielding a
mergeable update that supports global modifications of W
with only marginal overhead.

Overall, our main contributions are as follows:

* We propose a novel PEFT method, SeMi-LoRA, which
achieves high-rank updates by separating and mixing
LoRA matrices.

We provide two complementary perspectives of SeMi-
LoRA from feature mixing and matrix multiplication, and
show that both MELoRA and LoRA are special cases of
SeMi-LoRA.

We conduct extensive experiments on commonsense rea-
soning, math reasoning, natural language understanding,
and generation. Code and additional implementation de-
tails are available for reproducibility'. SeMi-LoRA con-
sistently outperforms strong PEFT baselines, improving
over LoRA by +5.02% and +7.58% absolute on common-
sense and math reasoning, averaged across benchmarks:

2 Related Work

Parameter-Efficient Fine-Tuning (PEFT). With the
widespread adoption of LLMs, fine-tuning them often
requires substantial resources, which has driven the rapid
development of Parameter-Efficient Fine-Tuning (PEFT)
techniques. The core idea of PEFT is to enhance fine-tuning
efficiency by selectively adjusting certain parameters of the
model or introducing a small number of trainable parameters,
without significantly increasing memory and computational
demands [Houlsby et al., 2019]. Early research includes
methods such as adapter [Pfeiffer er al., 20211, prefix
tuning [Li and Liang, 2021],and prompt tuning [Lester et
al., 20211, however, these approaches may lead to issues
such as non-mergeable incremental parameters and increased
inference costs. Other methods improve efficiency through
partial fine-tuning, such as BitFit [Ben Zaken et al., 2022],
or through feature scaling, such as TA3 [Liu et al., 2022],
and re-parameterization fine-tuning, such as LoRA [Hu et
al., 2022]. Notably, LoRA has become an important method
for fine-tuning large-scale language models (LLMs) due to
its high parameter efficiency and mergeable incremental
parameters.

LoRA Extensions and Variations. LoRA has become a fo-
cal point of research owing to its effectiveness in fine-tuning
large language models while demanding fewer computational

"https://github.com/thinkingmanyangyang/peft-code

resources. Building on LoRA’s potential, researchers have
proposed various extensions and optimization methods to en-
hance its performance and applicability. LoRA+ [Hayou et
al., 2024] refines learning rate strategies to improve train-
ing effectiveness. DoRA [Liu ef al., 2024] improves learn-
ing capacity and stability by decomposing weights into mag-
nitude and direction. Furthermore, ReLoRA [Lialin ef al.,
2023] aims to increase the rank of the final parameters
by continuously integrating current-step LoRA updates into
the LLM during training. Meanwhile, VeRA [Kopiczko et
al., 2024] further improves parameter efficiency by freez-
ing the LoRA matrix and introducing trainable scaling vec-
tors. Methods like LORA-MOoE [Zadouri et al., 2024] and
MELORA [Ren et al., 2024], through multi-LoRA expert en-
sembles, further enhance LoRA’s flexibility and robustness.
Related multilingual LLM studies also explore efficient train-
ing and LoRA-based knowledge transfer [Sun ez al., 2024;
Dong et al., 2025].

3 Preliminary

LoRA utilizes low-rank decomposition techniques to repa-
rameterize model weight updates, allowing LLMs to adapt
to new tasks. Formally, given a pre-trained weight matrix
W, € RéutXdin the expression for the weight update can be
written as:

h = (Wo + AW)X = W()X + BAx (1)

where AW € RutXdin represents the low-rank weight up-
dates. In LoRA, AW is constructed as the product of two
low-rank matrices A € R"*%n» and B € R%u*" where the
rank » < min(diy, doyt ). During the training process, the
original weight matrix Wy remains frozen, while A and B
are optimized as trainable parameters. During inference, the
low-rank weight update matrix can be merged into the original
matrix to reduce latency in the inference process.

4 SeMi-LoRA

We propose SeMi-LoRA, a parameter-efficient fine-tuning
(PEFT) framework that reformulates separation-and-mixing
for low-rank weight updates to approximate high-rank updates
while remaining fully linear and mergeable. The architec-
ture decomposes the feature transformation into four linear
stages: Compress, Rank Mix, Channel Mix, and Decompress.
Specifically, input features are partitioned into c channels and
projected into an r-dimensional latent subspace. Subsequently,
the representation undergoes alternating intra-channel mixing
(Rank Mix) and inter-channel mixing (Channel Mix), both sta-
bilized by residual connections, before being projected back
to the output space. Figure 1 illustrates the framework from
both feature mixing and matrix multiplication perspectives.

4.1 Feature Mix View of SeMi-LoRA

We use column vectors. Let the input feature be x € R%n.
SeMi-LoRA follows a split-transform-merge paradigm.

Stage 1: Compress
We reshape x into ¢ non-overlapping channels:

x" = Tlex g (X) 2)
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,i Pseudocode of SeMi-LoRA in a PyTorch-like style

# inputs shape: [batch, h_in]
# c: channel size, r: rank size

:> # Compress

# A: [c, h_in/c, r]
x = X.reshape(batch, c, h_in/c)
comp_x = torch.einsum("bci,cij->bcj", x, A)

ank Mix

(a) Feature Mix View of SeMi-LoRA

D Zero Pad D Trainable Param dﬂ

I_L

torch.einsum("bci,cij->bcj", comp_x, R)
X_r + comp_x

#R

> HRE Cy Py Plly sxrs [0y @y [Pl
x_r
x_r

hannel Mix

dout

= torch.einsum("bir,rij->bjr", x_r, C)

#C
#C: [r, c, c], xc: [b, c, r]
X_C
X_C

= X_C + x_r

# Decompress

# B: [c, r, h_out/c]

decomp_x = torch.einsum("bci,cij->bcj", x_c, B)

B™ cm R™ A™
(b) Matrix Multiplication View of SeMi-LoRA

x_out = decomp_x.reshape(b, h_out)

(¢) Torch-like pseudo-code of SeMi-LoRA

Figure 1: Overview of SeMi-LoRA: (a) illustrates the feature mixing view of SeMi-LoRA, while (b) presents the matrix multiplication view,
demonstrating the operation with a rank of 3 and a channel of 2. (c) presents the pseudo-code.

where 7.5, reshapes x € R%» into x¥ = [x¥,...,xY] €
R¢*9 with g = di, /c. Here c is the number of channels.

For each channel i € {1,...,c}, we compress x¢ € RY into
an r-dimensional latent subspace using a mini compression
matrix A; € R"*9:

u v
x; = A;x7,

i1=1,...,c 3)
obtaining x* = [x{,...,x¥] € R°*". We refer to r as the
rank dimension (latent dimension per channel).

Stage 2-3: Rank Mix and Channel Mix

To enable expressive yet efficient interactions.in the latent
space, we introduce two linear mixers with residual connec-
tions, inspired by the MLP-Mixer design [Tolstikhin et al.,
2021]. Rank Mix operates within each channel along the rank
dimension, while Channel Mix operates across channels at
each fixed rank index (without rank-to-rank mixing).

Rank Mix (intra-channel). For each channel ¢, we apply a
trainable matrix R; € R"*" with a residual connection:

x; =Rx{ +x¢, i=1,...,c 4)

Let R = [Ry,...;R.]. Stacking all channels yields x" =
[x],...,x] € Rx™,

Channel Mix (inter-channel). Channel Mix exchanges in-
formation across channels while preserving rank indices. We
transpose X" € R¢*" to obtain x" € R"*¢, where the t-th

row xgl € RR¢ corresponds to features at rank index ¢ across
all channels. We then mix channels independently for each
rank index ¢:

t=1,...,r (5)

where C = [Cy,...,C,] and each C; € R*¢. After stack-

ing all rows, we obtain x¢ € R™¢ and transpose it back to
XC 6 RCX’I".

d r’ r’
x; = Cxy +xj

Stage 4: Decompress

Finally, we map the mixed latent features back to the output
dimension. For each channel ¢, we use a mini decompression
matrix B; € RF¥*" with k = doy/c:

i=1,...,c (6)

X(Z?/ = B;xj§,
and aggregate x°" € Rk into the output vector
x° = y(x%) € Rowe )

where 7(-) concatenates (or stacks) the ¢ channel outputs back
to the original output space.

4.2 Matrix Multiplication View and Mergeability

A key advantage of LoRA is mergeability: the learned update
can be folded into the base weight, incurring no inference over-
head. We now show that SeMi-LoRA preserves this property.
Since all stages above are linear, the overall transformation
is also linear and can be written explicitly as a product of
structured matrices.

Define the block-diagonal compression and decompression
matrices A™ € R X% and B™ € RutXer a5

A™ = diagi_,(A;), B™ =diag{_,(B;). ®)

Rank Mix is block-diagonal across channels:
R™ = diag;_, R; € R*" ©)

The residual form in Eq. (4) corresponds to multiplying by
(R™ + 1), where I € R¢"*¢" is the identity matrix.

Channel Mix as a sparse matrix. In the feature view, Chan-
nel Mix transposes x” € R°*" to x” € R"*¢ and mixes
channels within each rank index. This transpose only per-
mutes the same cr latent entries; therefore Channel Mix can
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be represented as a structured sparse matrix C” € R <"

diag(C.1,1) diag(C.1,2) diag(C. 1,c)
Cm diag(C;72,1) diag(C;,g,g) diag(C;,z,c)
diag(.C;,cﬂl) diag(chcyg) diag(é;ﬁc,c)

(10)
Here C € R"“*¢ is a tensor, and C.;; € R" stores the
mixing weights from channel j to channel ¢ at each rank
index. Each (4, j) block is diagonal (no rank-to-rank mixing),
matching Eq. (5). The residual form in Eq. (5) corresponds to
multiplying by (C™ + I).
Putting everything together, the overall weight update of
SeMi-LoRA can be written as

AW = B™(C™ + I)(R™ + T)A™ (11)

which is a linear operator and thus can be merged into the
base weights. We now characterize its rank capacity. For any
feasible parameters,

Rank(AW) = Rank(B™(C™ +I)(R™ + I)A™)
< min { Rank(B™), Rank(C™ +1I), (12)
Rank(R™ + 1), Rank(Am)}.

Since A™ = diag;_; A; and B™ = diag;_; B, the block-
diagonal structure gives Rank(A™) = >°7 | Rank(A;) and
Rank(B™) = >°7_, Rank(B;). When the mini adapters are
full-rank in the low-dimensional subspace, i.e., Rank(A;) =
Rank(B;) = r, we have Rank(A™) = Rank(B™) = cr.
The residual mixers (R™ + I) and (C™ + I) are square op-
erators in the same cr-dimensional latent space; except for
degenerate cancellations, they do not reduce this latent rank.
Therefore,

Rank(AW) < min(diy, dout, €r). (13)

This shows that the channel number ¢ expands the rank capac-
ity of the update while preserving the linear and mergeable
structure of SeMi-LoRA.

4.3 Relations with MELoORA and LoRA
We relate SeMi-LoRA to LLoRA variants via the expansion:

AW = B™(C"R™+ R™ + C™ + I)A™.

Equivalently, this expansion contains the block-diagonal term
B™A™ and the cross-mixing term B C™R™A™, which
introduces cross-block channel interactions. This expands the
support of AW beyond block-diagonal and enables non-local
(cross-channel) updates, while the overall mapping remains
linear and thus mergeable. The leading term B C™R™A™
forms a non-zero ¢ x ¢ block matrix, allowing cross-channel
blocks (i, j) to be updated instead of restricting AW to inde-
pendent block-diagonal groups.

MELoRA. Setting R™ = 0 and C™ = 0 disables both
mixers and reduces the update to

AW = B™A™ = diag(B1A1,...,B.A,) (14

Even with a high rank, the block-diagonal structure isolates
input channels, preventing cross-channel interactions. SeMi-
LoRA overcomes this by employing C™ and R™ for channel
and subspace mixing. This enables non-zero off-diagonals,
enhancing the expressivity of AW without sacrificing merge-
ability.

LoRA. Standard LoRA uses AW = BA with A € R"*%n
and B € Ré%ux Tet A = [Ay,...,A.] (column-wise)
and B = [B,...,B/|T (row-wise), where A; € R"™9,
B; € RF*", g = dip/c, and k = dyyi/c. Set R™ = 0 and
choose C such that C. ; ; = 0 and diag(C.; ;) = L, for all
i # j. Then B™(C™+I)A™ produces blocks (i, j) = B, A,
yielding AW = BA. Therefore, SeMi-LoRA exactly reduces
to LoRA under this construction.

5 Experiment

We evaluated SeMi-LoRA across commonsense reasoning,
mathematical reasoning, text classification, and text gen-
eration, covering over<20 benchmarks. Baselines include
LoRA [Hu et al, 2022], PiSSA [Meng et al., 2024],
DoRA [Liu et al., 2024], VeRA [Kopiczko et al., 2024],
MoRA [Jiang et al., 2024], HiRA [Huang ef al., 2025], and
MELORA [Ren et al., 2024].

5.1 Commonsense Reasoning

Experiment Setup: We evaluated PEFT methods for com-
monsense reasoning by fine-tuning LLaMA2-7B [Touvron
et al, 2023] and LLaMA3-8B with SeMi-LoRA, LoRA,
and other baselines on eight datasets. The datasets in-
clude BoolQ [Clark et al., 2019], PIQA [Bisk et al., 20201,
SIQA [Sap et al., 2019], HellaSwag [Zellers et al., 2019],
WinoGrande [Sakaguchi et al., 2021], ARC-e, ARC-c [Clark
et al., 2018], and OBQA [Mihaylov et al., 2018]. These
tasks are all in the form of multiple-choice questions. We
followed the experimental settings of [Hu er al., 2023;
Liu et al., 2024], integrated the training datasets of all eight
tasks during the training process, and evaluated the model
performance on the independent test set of each task. The
performance of all models is measured using accuracy (%),
and the best model is selected based on the validation set loss.
We followed the optimizer, scheduler, and training protocol
used in the corresponding baseline papers.

Result: As summarized in Table 2, SeMi-LoRA achieves the
best average performance among the compared PEFT meth-
ods on commonsense reasoning benchmarks. On LLaMA2-
7B, SeMi-LoRA attains 82.63% average accuracy, consis-
tently surpassing partial-update approaches (e.g., MELoRA
and MoRA) as well as high-rank variants such as HiRA under
comparable parameter budgets. These results support our cen-
tral hypothesis that a complete update formulation is crucial
for faithful weight approximation in parameter-constrained
regimes. Moreover, SeMi-LoRA exhibits a markedly im-
proved efficiency—performance trade-off: it matches standard
LoRA while using only one quarter of the trainable param-
eters. This advantage carries over to larger backbones: on
LLaMA3-8B, SeMi-LoRA achieves 87.55%, demonstrating
strong scalability and robustness against competitive baselines.
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Models | Method Param r x c|BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.
ChatGPT | - - - 73.10 85.40 68.50 78.50 66.10 89.80 79.90 74.80 77.00
LoRA 56M 32 | 69.80 79.90 79.50 83.60 82.60 79.830 6470 81.00 77.61
PiSSA 56M 32 | 67.60 78.10 78.50 76.60 78.00 75.80 60.20 75.60 73.80
VeRA 1M 1024 | 59.00 78.00 76.70 48.50 76.90 77.10 59.60 72.80 68.57
MELoRA 56M  32x8| 71.90 83.00 76.10 88.40 82.70 84.50 70.50 79.20 79.54
L2-7B | DoRA 57M 32 | 71.80 83.70 76.00 89.10 82.60 8370 6820 82.40 79.69
MoRA 56M 32 | 72.17 80.79 79.53 29.09 80.19 8531 7142 81.20 72.46
HiRA 56M 32 | 71.22 83.35 79.53 88.12 83.98 86.74 73.81 84.60 81.42
SeMi-LoRA 14M 8x4 | 67.82 81.18 77.79 86.64 84.06 86.06 71.84 81.20 79.57
SeMi-LoRA 57M 32x8| 72.21 85.26 80.55 88.91 86.01 87.92 7455 85.60 82.63
LoRA 57M 32 | 70.80 85.20 79.90 91.70 84.30 84.20 71.20 79.00 80.79
L3.8B MELoRA 57M  32x8| 73.88 89.34 82.14 92.61 88.56 93.31 8259 89.80 86.53
HiRA 5TM 32 | 75.40 89.70 81.15 95.36 87.70 9327 8290 88.32 86.72
SeMi-LoRA 58M 32x8| 77.22 89.72 82.45 95.65 89.58 93.34 84.52 8790 87.55

Table 2: Commonsense reasoning results on LLaMA2-7B (L2-7B) and LLaMA3-8B (L3-8B).

Models Param 7 xc | SST-2 MRPC CoLA QNLI RTE STS-B - Avg.
Full FT 355M - 96.4 90.9 68.0 947 866 924 882
Adpt 0.8M - 96.6 89.7 67.8 948 80.1 919 868
LoRA 0.8M 8 96.2 90.2 682 948 852 923 878
VeRA 0.06M 256 | 96.1 90.9 68.0 944 89 91.7 878
MELoRA | 0.8M 8x8 | 96.1 90.5 684 941 - 871 919 88.0
HiRA 0.8M 8x8 | 96.3 90.8 685 947 868 925 882
SeMi-LoRA | 0.24M  2x4 | 96.2 91.1 682 950 862 92.1  88.1
SeMi-LoRA | 09M  8x8 | 964 91.6 69.5 949 874 925 887

Table 3: RoBERTa-large model performance on GLUE benchmark. We report Matthew’s correlation for CoL A, Pearson correlation for STS-B,
and accuracy for the remaining tasks. Higher value is better for all metrics.

These results are consistent with the rank analysis in Sec-
tion 4.2, which shows that channels can increase adaptation
capacity without changing the base rank.

5.2 GLUE Benchmark

Experiment Setup: We employed the RoBERTa-large model
on the GLUE benchmark [Wang er al., 2018] to evaluate the
effectiveness of our method on natural language understanding
(NLU). GLUE is a benchmark that includes classification,
similarity/paraphrase, and natural language inference tasks.
Following VeRA [Kopiczko et al., 2024], we evaluated on six
GLUE tasks: CoLA, SST-2, MRPC, STS-B, QNLI, and RTE.
We adopted the same evaluation metrics as [Hu et al., 2022]
to ensure a consistent comparison.

We performed five runs using different random seeds and

reported the median, following the standard GLUE fine-tuning
protocol used by the compared PEFT baselines.
Result: Table 3 reports the GLUE results. With 0.9M train-
able parameters, SeMi-LoRA obtains the highest average score
among the compared PEFT methods, outperforming LoRA,
MELOoRA, and HiRA. Moreover, with only 0.24M trainable
parameters, SeMi-LoRA remains close to the strongest base-
lines while using substantially fewer trainable parameters,
suggesting favorable parameter efficiency on natural language
understanding tasks.

5.3 Math Reasoning

Experiment Setup: Low-rank update methods (such as
LoRA) often exhibit shortcomings when faced with math rea-

Backbone Method Param r x ¢ GSM8K MATH
LoRA 320M 128 42.30 5.50
PiSSA 320M 128 53.07 7.44
VeRA 1.6M 1024 4592 6.30
L2-7B MELoRA 320M 128x8 49.55 6.96
HiRA 320M 128 42.96 5.85
SeMi-LoRA 21M 8x16 43.13 5.60
SeMi-LoRA 351M 128x8 54.43 8.52
LoRA 168M 64 67.70  19.68
Mistral SeMi-LoRA 21.2M 8x8 69.92  20.66
SeMi-LoRA 176M 64x8 73.54 21.79
LoRA 200M 64 7490 31.28
Gemma  SeMi-LoRA 252M 8x8 76.63  31.82
SeMi-LoRA 207M 64x8 7841 32.15

Table 4: Performance of different fine-tuning methods on GSM8K
and MATH across backbones.

soning tasks that require deeper knowledge and reasoning
abilities. These tasks depend on the model’s knowledge accu-
mulation and complex logical reasoning capabilities. LoRA’s
limitations lie in its low-rank update mechanism, which makes
it difficult to effectively learn and store new knowledge [Jiang
et al., 2024]. To evaluate SeMi-LoRA on mathematical rea-
soning, we fine-tuned LLaMAZ2-7B, Mistral, and Gemma
on GSMS8K [Cobbe et al., 2021] and MetaMathQA [Yu et al.,
2023], and reported exact-match accuracy on the correspond-
ing test sets using the last checkpoint. All experiments fol-
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(a) LoORA Rank=8 (b) LoRA Rank=32

(c) LoRA Rank=64

(d) MELORA Rank=8x 8 (e) SeMi-LoRA Rank=8 x 8

Figure 2: Visualized fitting results of different PEFT methods on a two-spiral dataset. 8 X 8 means that rank 8 has been extended by 8 times

through the rank extension mechanism.

Model Method Param BLEU BERT F1 BERT-R BERT-P Meteor R-L Avg.

P-Tuning - 0.60  83.29 83.33 8328 15.11 12.36 46.33
MoRA 56M  1.09  84.09 84.65 8359 1097 9.57 45.66
L2-7B LoRA S56M  1.82  84.41 84.71  84.16 11.38 10.55 46.17
DoRA S56M  1.73  84.18 84.61 83.81 11.25 10.41 46.00
HiRA S56M 270  84.86 84.98 8477 13.56 12.80 47.28

SeMi-LoRA 57M 2.82  85.73 85.68 85.62 1431 13.75 47.99

P-Tuning - 1.50  81.52 81.07 82.01 15.49 13.55 45.86
MoRA 5TM  1.60  84.22 84.06 8443 1237 11.19 46.31
1.3-8B LoRA 5STM 226  84.32 84.00 84.67 12.51 11.77 46.59
DoRA 5TM 229 8432 84.06 84.62 12.63 11.78 46.62
HiRA 5TM 341 84.81 84.40 8525 14.87 14.05 47.80

SeMi-LoRA 58M 3.63  85.63 8524 8572 16.47 14.87 48.59

Table 5: ConvAI2 Dialogue Generation Results (BLEU, BERTScore
P/R/F1, METEOR, ROUGE-L).

lowed the optimizer, scheduler, and training protocol of [Meng
et al., 2024].

Result: Table 4 shows that SeMi-LoRA consistently improves
mathematical reasoning across backbones. On LLaMA2-7B,
SeMi-LoRA achieves the best GSM8K and MATH scores
among the compared PEFT methods. The gains also transfer to
Mistral and Gemma, where SeMi-LoRA improves over LoRA
under both parameter-efficient and comparable-parameter set-
tings.

5.4 Open-Domain Dialogue Generation (ConvAI2)

Experiment Setup: We evaluated SeMi-LoRA on the Con-
vAI2 dataset [Dinan et al., 20191, which comprises 17,878
multi-turn dialogues for training and 1,000 for testing. Each
example includes persona profiles and the dialogue history.
Following prior work [Song et al., 2021], we adopted the
self-persona setting, where only the speaker’s own persona
is provided as context. Experiments were conducted with
two backbones, LLLaMA-2-7B and LLaMA-3-8B, and we
compared SeMi-LoRA against strong PEFT baselines. For
evaluation, we reported BLEU [Papineni et al., 2002] and
BERTScore [Zhang et al., 2019] to assess generation quality
and semantic similarity, and additionally included METEOR
and ROUGE-L for a more comprehensive comparison. We
followed the optimizer, scheduler, and training protocol used
by [Huang et al., 2025].

Result: The results are summarized in Table 5. Overall, SeMi-
LoRA delivers strong performance with both backbones and
remains competitive with all baselines under comparable pa-
rameter budgets. Relative to standard LoRA and its variants
(e.g., MoRA and HiRA), SeMi-LoRA consistently improves

generation-focused metrics, including BLEU, METEOR, and
ROUGE-L. These gains highlight the effectiveness of SeMi-
LoRA for persona-grounded open-domain dialogue genera-
tion.

6 Analysis

6.1 Does SeMi-LoRA’s High Rank Improve Model
Fitting Ability?

To examine whether SeMi-LoRA improves fitting ability
through higher-rank updates, we constructed a two-spiral
dataset with 1500 samples and used a multi-layer MLP to
fit the non-linear decision boundary. The weights W of the
MLP linear layers were frozen, and different PEFT methods
were used to approximate the update matrix AW. We trained
all methods for 200 epochs with learning rate Se-4.

Figure 2 visualizes the fitting results. Comparing LoRA
Rank 8, Rank 32, and Rank 64 shows that increasing the rank
improves the fitting of non-linear data. However, MELoRA,
despite its partial high-rank design, remains limited because
its block-wise update restricts global interactions. In contrast,
SeMi-LoRA with rank 8 x 8 produces a decision boundary
close to LoRA Rank 64, indicating that its separation-and-
mixing design effectively improves high-rank update capacity.

6.2 How is SeMi-LoRA’s System Efficiency?

In this section, we explore the practical performance of the
SeMi-LoRA method with a focus on system efficiency, pri-
marily examining its performance in terms of GPU memory
consumption and training latency. We compare the resource
consumption of SeMi-LoRA with LoRA, VeRA, MELoRA,
and DoRA when fine-tuning LLaMA2-7B (using the Com-
monsense Reasoning dataset) on an Nvidia A100 GPU. We use
the same setup as the commonsense reasoning experiments.

As shown in Figure 3a, SeMi-LoRA, LoRA, VeRA, and
MELOoRA exhibit similar GPU memory consumption, indicat-
ing that SeMi-LoRA’s GPU memory requirements are com-
parable to those of low-rank methods such as LoRA, without
adding extra burden. DoRA, due to its complex parameter
learning strategy, has higher memory consumption.

Figure 3b compares the training time of different methods.
SeMi-LoRA, LoRA, and MELoRA show similar training du-
rations, indicating that SeMi-LoRA remains computationally
efficient despite the additional mixing stages. VeRA incurs
slightly higher training time, possibly due to its very high-rank
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Figure 3: GPU memory and time cost comparison on the common-
sense reasoning dataset. Despite two extra mixing stages, SeMi-
LoRA adds only slight overhead over LoRA, while remaining more
efficient than other high-rank PEFT methods.

Methods SST-2 MRPC CoLA RTE

w/o C-Mix 96.3  90.8 68.7 872
w/o R-Mix 96.2 912 69.1 86.1
w/o Res 9.2 913 69.3 86.9
C-Mix->R-Mix 960 914  69.7 87.1
R-Mix->C-Mix 964 916 695 874

Table 6: Impact of key components on selected GLUE tasks. C-Mix
denotes Channel Mix, R-Mix denotes Rank Mix, and Res denotes
residual connection.

auxiliary frozen matrix, while DoRA shows more obvious
training latency. This efficiency comes from the small addi-
tional computation in the compact latent space. Moreover,
our einsum-based Channel Mix avoids large-scale activation
permutes/transposes, reducing extra memory movement.

In summary, SeMi-LoRA surpasses the strongest existing
baseline on commonsense reasoning while retaining LoRA-
like memory usage and training throughput; compared to
DoRA, it cuts training time by 54.4%, highlighting SeMi-
LoRA as a practical and efficient high-rank extension of
LoRA.

6.3 What’s the Component Effect on SeMi-LoRA?

To investigate the impact of feature separation and mixing
strategies (Channel Mix and Rank Mix) in SeMi-LoRA on
performance, we conducted a series of ablation experiments.
All variants used the ‘same backbone and training protocol,
isolating the effect of each component. The experimental
results are shown in Table 6. After removing the Rank Mix (R-
Mix) mechanism and the Channel Mix (C-Mix) mechanism,
the model performance decreased. This indicates that Rank
Mix and Channel Mix are indispensable components in SeMi-
LoRA. The experimental results show that after removing the
Residual Connection (Res) structure, the model performance
slightly decreased. This suggests that the Residual Connection
structure may play a role in integrating the advantages of
various mixing methods. We also conducted experiments to
swap the order of Rank Mix and Channel Mix. The results
show that the order of Rank Mix preceding Channel Mix yields
relatively better performance, but overall the performance is
comparable.

C-Mix Init. R-Mix Init. SST-2 MRPC CoLA RTE

Kaiming Orthogonal 959 90.5 68.1 85.8
Kaiming  Kaiming 962 912 685 86.3
All One  Orthogonal 964 908 693 87.8
All One Kaiming 964 91.6 69.5 874

Table 7: Impact of different initialization strategies on selected GLUE
tasks.

6.4 How Does Initialization Impact Model
Performance?

In this section, to investigate the impact of different initial-
ization strategies on SeMi-LoRA performance, we designed
various schemes and evaluated them on the GLUE Benchmark.
We followed LoRA’s initialization strategy, where matrix A
in the LoRA decomposition is initialized with the Kaiming
uniform distribution and matrix B is initialized with the zero
matrix. For the Rank Mix module specific to SeMi-LoRA, we
compared the initialization effects of orthogonal initialization
and the Kaiming uniform distribution. For the Channel Mix
module, we compared the differences between the Kaiming
uniform distribution and all-one initialization. The experimen-
tal results of Table 7 show that SeMi-LoRA achieves optimal
performance when the Rank Mix is initialized with the Kaim-
ing uniform distribution, and the Channel Mix is initialized
with all ones.

7 . Conclusion

We have presented SeMi-LoRA, a method for improving the
performance and efficiency of parameter-efficient fine-tuning
on complex tasks. The core idea of SeMi-LoRA lies in a
separation-and-mixing strategy, including Rank Mix and Chan-
nel Mix, which enables information interaction across feature
dimensions, realizing a high-rank approximation of the param-
eter increment matrix. SeMi-LoRA combines feature-mixing
and matrix-multiplication views, and supports merging new
parameters into the original model weights during inference,
achieving zero additional inference overhead. Extensive ex-
periments on reasoning, understanding, and generation tasks
validate the effectiveness of SeMi-LoRA, while analyses ex-
plore its mechanisms and efficiency under different settings.

8 Limitations

SeMi-LoRA demonstrates strong performance but introduces
the channel number c as an additional hyperparameter, which
may require tuning for new tasks or backbones. Rank Mix and
Channel Mix also slightly increase implementation complexity
compared with standard LoRA, although empirical memory
and latency overhead remains small. Future work will inves-
tigate automatic channel selection and adaptive rank-channel
allocation.
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