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Abstract

Large language models (LLMs) encounter significant challenges when
adapting to diverse multitask fine-tuning settings. Mixture-of-experts
(MoE) offers a promising solution with a dynamic architecture that en-
ables effective task decoupling. However, scaling up the number of MoE
experts incurs substantial parameter and computational overhead and
yields limited performance gains due to naive routing mechanisms. In
this paper, we design a novel framework, Mixture-of-rAnk-oNe-experTs
(MoANT), which leverages the combination of ultra-low-rank experts to con-
struct LoRA weights on pretrained LLMs. The rank-1 experts enable a
mix-and-match mechanism that quadratically expands the vector subspace
of experts with linear parameter overhead, achieving approximate error
reduction with optimal efficiency. In addition, MoANT offers implicit guid-
ance to the router by leveraging the inherent semantic clustering of training
embeddings as prior knowledge, enabling optimized feature allocation
across experts for smoother convergence. Extensive theoretical and em-
pirical results demonstrate that MoOANT achieves superior efficiency and
generalizability across a diverse range of tasks. Compared with traditional
LoRA, MoANT achieves up to 1.78% mean accuracy improvement with
around 30%-40% fewer trainable parameters across 14 public datasets.

1 Introduction

Large language models (LLMs) (Touvron et al., 2023; Jiang et al., 2023; Wen et al., 2026)
exhibit profound capabilities across various domains, excelling in downstream tasks such
as content generation, enhancing interactive entertainment, and inspiring artistic endeav-
ors. Despite the transformative impact of LLMs on natural language processing (NLP),
as evidenced by their mastery of unsupervised pretraining and subsequent supervised
fine-tuning (Hu et al., 2021), the intricate settings of complex multitask learning (MTL) envi-
ronments pose a unique challenge. The diversity of tasks in these environments tests the
adaptability of LLMs (Zhang et al., 2023; 2026¢), pushing the boundaries of their application
and capability.
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Mixture-of-Experts (MoE) (Masoudnia & Ebrahimpour, 2014; Jacobs et al., 1991; Zhang
et al., 2026b) has recently gained attention as a practical approach to multi-task fine-tuning,
leveraging its dynamic architecture to efficiently adapt pretrained LLMs to diverse down-
stream tasks. Like humans, who demonstrate superior multitasking abilities by selectively
activating specific brain regions in response to explicit cues, MoE dynamically engages
and combines different experts for each task. However, applying MoE to LLM multi-task
learning raises several unresolved challenges. @ Significant parameter and computational
overheads: Unlike single-task MoE, where only a few experts suffice, multitask MoE re-
quires scaling the number of experts with the number of tasks, leading to significant costs in
training and storage. While prior works (Liao et al., 2025; Zhu et al., 2023) have explored
parameter-efficient finetuning (PEFT) experts using Low-rank adapter (LoRA) (Hu et al.,
2021; Huang et al., 2023), the parameter overhead still scales linearly with the number of
experts. @ Unfair router task allocation: Traditional MoE routers, often based on a linear
layer with softmax, struggle with fine-grained task differentiation, resulting in suboptimal
expert allocation. Recent approaches (Chen et al., 2026; Zhang et al., 2024b) have introduced
uncertainty-aware mechanisms (Lakshminarayanan et al., 2017; He et al., 2026) and explicit
feature guidance to enhance routing, but their effectiveness in MTL remains unproven.

To address these challenges, we propose Mixture-of-rAnk-oNe-experTs (MoANT), which
leverages @ ultra-lightweight rank-1 experts with a Mix-and-Match (MaM) mechanism.
Specifically, MoANT allows multiple rank-1 vectors 4; € R"*! and b € R™! to pair
freely into rank-1 LoRA experts AW;; = aib]-T. This MaM mechanism enables MoANT to
construct more LoRA experts to cover a higher-dimensional subspace of the weight-matrix
space with sublinear growth in the number of additional parameters. MaM also facilitates
more effective interaction and cross-fusion of shared feature representations across tasks,
ultimately boosting the model’s generalization capability. Mathematically, MoANT has
been shown to increase representational capacity relative to other LoRA-based methods,
thereby achieving higher accuracy across tasks.
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expert’s need to identify and learn task-specific capabilities. To address this, we redefine
expert tasks by clustering training embeddings. We assign inputs to experts based on the
similarity between input embeddings and the corresponding task centroids. Specifically,
MOoANT leverages the correlation between the input and these centroids as an implicit
intuition, which conditions the router’s decision-making and leads to smooth convergence.

Both theoretical derivations and extensive experiments demonstrate the superiority of our
proposed MoANT against state-of-the-art baselines. As shown in Fig. 1, MoANT enables
a sizable gain of both performance and efficiency over the Pareto frontier of trade-off
for existing LORA-MoE-based PEFT and MoE methods, delivering an increase in overall
accuracy by up to 1.78% with around 30%-40% less parameter overhead. The contributions
of MoANT include:

1https ://github.com/open-compass/opencompass
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* We devise a novel LoORA MoE paradigm that leverages ultra-lightweight rank-1
experts via a mix-and-match mechanism for efficient multi-task fine-tuning.

* Drawing on the concept of intuition akin to that of a human brain, we provide
conditional guidance for the router by leveraging the resemblance between the
input task instance and predefined embedding clusters to guide all the experts to
converge smoothly.

* We provide a theoretical analysis showing that MoANT achieves expert-linear-
combination subspace expansion, enabling approximate error reduction and guid-
ing experts to converge smoothly, ultimately enhancing overall model performance.

2 Related Work

Multi-task learning. MTL aims to enhance a model’s generalization across multiple tasks
by sharing insights. The shared-bottom model (Caruana, 1997) uses hard-shared parameters
but can suffer from negative transfer. To address this, studies (Kirchdorfer et al., 2026;
Chen et al., 2018) propose adaptive loss weighting to balance multi-task losses. Models
like Cross-stitch (Misra et al., 2016; Beardsley et al., 2026) dynamically blend task-specific
representations while using static task weights. Our method utilizes an MoE to achieve
precise task allocation by assigning input to a combination of specialized experts.

Mixture of Experts. MoE was initially introduced by (Jordan & Jacobs, 1994) to process
different samples with independent modules. For example, (Shazeer et al., 2017) employs
MOoE in large-scale LSTM-based models. Switch Transformer (Fedus et al., 2021) was the first
to introduce MoE in Transformers and largely scale up model size using top-1/2 routing
strategies. (Dai et al., 2022) stabilize the training process with fixed routing strategies. (Zhu
et al., 2023) proposes parameter-efficient adapters as experts to decrease MoE size, while
(Zhang et al., 2026b) leverages MoE to achieve layer-skipping in the robot manipulation
model. Our method enhances routing using multi-task data insights and employs a rank-1
expert to improve efficiency.

Parameter-efficient finetuning. PEFT (Ding et al., 2023) adjusts minimal parameters to
reduce storage demands. PEFT methods include specification-based (Zaken et al., 2021),
reparameterization-based (Ding et al., 2021), and addition-based approaches. The most
prevalent addition-based PEFTs, such as Adapter-Tuning (Zhang et al., 2023; 2026a), Prefix
Tuning (Li & Liang, 2021; Ding et al., 2026), and Prompt Tuning (Lester et al., 2021; Yang
et al., 2026), add new modules to the base model. Recent studies have combined low-rank
adapters (LoRA) (Hu et al., 2021; Che et al., 2026) with MoE to enhance flexibility in PEFT.
However, existing LORA-MoE methods (Zadouri et al., 2023; Zhu et al., 2023; Liao et al.,,
2025) face challenges in effectively balancing the parameter efficiency and the scalability to
more experts. To address this, MoANT incorporates rank-1 mix-and-match experts to scale
up LoRA-MoE with minimal overhead.

3 Methodology

3.1 Preliminary

Problem formulation. In multitask learning with K distinct tasks, each task k is defined
over an input space X C R™, an output space ), and a distinct objective such as classifica-
tion, generation, or retrieval. Given a pretrained weight matrix Wy € R"*" representing
the parameters of an LLM, the goal of the multitask fine-tuning is to adapt Wy for each
task efficiently while avoiding catastrophic forgetting. For an input x € X} from task k, the
model’s output z € ) is computed as z = f(Wy, x), where f(-) denotes the forward pass
to generalize across heterogeneous domains.

LoRA-MoE. LoRA-MoE (Zadouri et al., 2023) introduces N experts added onto Wy, and a
router dynamically selects and combines these experts based on the input. As illustrated
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Figure 2: Illustration of (a) Vanilla LoRA, (b) LoRA-MoE, and (c) MoANT. rq,1, <
min{m,n}. Six experts are demonstrated for both LoORA-MoE = 6W, & 6W, = 6W!"*

experts
and MoANT = 3W, x 2W, = 6WMoANT

experts

in Fig. 2 (b), the i-th expert is parameterized as: f;(x) = AW;x, where AW; is a low-rank
matrix achieved via parameter-efficient finetuning methods like LoRA. The overall layer
output is computed as:

N
z = Wox + Z G;(x)AW;x, (1)
i=1 .
Expert Contribution
where G;(x) represents the routing weight for the i-th expert, dynamically computed for
each input x. We integrate subspace projections and semantic-aware intuition scores to
improve the routing mechanism, as detailed in Sec. 3.3.

3.2 Mix-and-Match for rank-1 experts

To tackle the scalability challenges of MoE, we introduce Rank-1 Experts, designed to maxi-
mize parameter efficiency while preserving the flexibility of expert composition. Specifically,
we start with a decoupled left-right basis decomposition of the LoRA update, as shown in
Fig. 2(c). Formally, for a pretrained weight matrix Wy € R"*", the i-th rank-1 LoRA expert
is defined as

AW; = a;b], where a; € R", b; € R". ()

Here, {a;} and {b;} are trainable left and right basis vectors, spanning the column and row
subspaces of the adaptation matrix, respectively. With N such one-to-one paired experts,
the layer output is computed as:

z = Wox + A diag(g(x)) B"x, ©)]

where A = [a;] - - - |ay] € R™*N, B = [by|- - |by] € R"*N, and g(x) € RN denotes the
input-dependent routing weights.

The above rank-1 MoE is a compact design for LoORA-MoE. However, the number of available
experts is still tied to the number of paired basis vectors: with N left and N right vectors,
it constructs only N rank-1 experts through one-to-one pairing. To enhance flexibility and
reduce the parameter overhead of scaling up the expert pool, we decouple this one-to-one
correspondence between the left and right bases. Specifically, any a; can be paired with any

b;, forming a mix-and-match expert f;;(x) = aib]-Tx. This mechanism expands the expert
pool from linear to quadratic scaling through cross-combinations. The overall output is:

I J ~
z=Wox+) ) Gij(x)(al-b]T)x = Wox+AG(x)B'x, 4)
i=1j=1

where A = [a;] -+ -|aj] € R"*!and B = [by| - - - [bj] € R**J contain I left and ] right basis
vectors, respectively. The routing matrix G(x) € R'*/ is no longer required to be square or
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diagonal, and it dynamically activates the cross-combined rank-1 experts. Furthermore, the
mix-and-match mechanism can be expressed through standard column-wise vectorization:

I ] ~
vec(AW(x)) = Z Y Gij(x)(b; ® a;) = (B® A)vec(G(x)). ()

Here, ® denotes the Kronecker product, vec(-) denotes column-wise vectorization, and
N = I x ] is the total number of virtual rank-1 experts. This design achieves quadratic
scaling of the virtual expert pool with only linear growth in additional basis parameters,
fundamentally differing from the capacity-parameter trade-off of standard LoRA. The
pseudo-code is shown in Algorithm 1.

3.3 Semantic-aware router with intuition clustering

Naive MoE often exhibits weak alignment between routing decisions and the underlying
task structure, yielding undertrained or redundant experts. Therefore, MoANT introduces a
semantic prior to guide expert allocation over the MTL space. However, human-defined
task labels are often coarse and ambiguous: token embeddings from the 20 training datasets
show that samples within the same labeled category can scatter widely, while samples
from different categories may cluster closely. We therefore define expert specialization
using semantic clusters of training embeddings: each virtual expert is associated with one
semantic cluster, and inputs are routed according to their similarity to the corresponding
cluster centroids.

Formally, suppose MOANT has N = [ x ] virtual experts. We first collect embeddings

from the multitask training tokens, & = E(X) € RY, using a text embedding model. These
embeddings are grouped into N semantic clusters, corresponding to the N virtual experts,
using k-means clustering:

¢ = {&: 18~ mlB < &~ wIB, vr < (L1}, ©

where p; € R? is the centroid of the i-th cluster. During fine-tuning, for an input x with
embedding e = E(x), we compute the semantic intuition score for each centroid as

si(x) = cos Z(e )—i (7)
= = Telallwll

The scores are collected into a vector s(x) = [s;(x)]Y.; € RN and reshaped into a semantic
score matrix S(x) € R'*/. We then fuse this semantic prior with the learnable routing logits
R(x) € R/ before normalization:

G(x) = reshape,, | (softmax (vec(R(x)) + A vec(S(x)))), 8)

where A > 0 controls the strength of the semantic prior. This enhanced routing signal is used
to construct the final expert combination, enabling a more semantically informed allocation
of rank-1 experts.

4 Theoretical Analysis of MOANT

4.1 Rank-1 Experts with Subspace Expansion

Let A = [ajy,...,a;] € R™*land B = [by,...,b;] € R"*/ denote the left and right bases.
Given an input-dependent routing matrix G(x) € R'*/, MoANT produces
- LJ .
AW(x) = AG(x)B' = 21 21 Gij(x)ab; . )
i=1j=

Thus, MoANT routes over I] virtual rank-1 experts while storing only I + | basis vectors.
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Algorithm 1: MoANT: Mixture of Rank-1 Experts with Semantic-Aware Routing

Input :Input x, pretrained weight Wy € R"*", basis sizes I, ], semantic centroids
{n k}]y: 1, embedding model E, prior strength A.

Output:Layer output z.

Initialize: Left bases {a;}/_,, right bases {bj}]jzl, and router logits R(+) € R!™/.
Compute semantic scores s(x) = [cos A(E(x),yk)]gzl. // Step 1: Semantic prior
Reshape S(x) = reshape;, ;(s(x)). // Prior over expert slots

Compute routing weights
G(x) = reshape,, | (softmax (vec(R(x)) + A vec(S(x)))).
// Semantic-aware routing

Compute update AW(x) = YL, E]Ll éij(x)aib]T. // Step 2: Mix-and-Match mixture

Return: z = Wox + AW (x)x.
// Adapted output

Lemma 4.1 (Tensor-product subspace). The reachable update set

Sap = {AGB' : G ¢ R/} (10)
has dimension rank(A)rank(B) < I], with equality when A and B are full column rank. Moreover,
rank(AW(x)) < min{rank(A), rank(G(x)), rank(B)} < min{I, J}. (11)

Proof. By column-wise vectorization,
vec(AGB') = (B ® A)vec(G). (12)

Hence,

dim(Sa ) = rank(B ® A) = rank(B)rank(A). (13)
The rank bound follows from the submultiplicativity of matrix rank. |

Proposition 4.2 (Best approximation in the learned subspace). Let AW* € R"*" be a target
update. Let P and Py be the orthogonal projectors onto col(A) and col(B), respectively. Then,

min |[AGB' — AW*||2 = |[AW* — PAAW*Pg 2. (14)
GeRIXJ

Proof. The space Sp g consists of matrices with column space in col(A) and row space in
col(B). Therefore, the Frobenius-orthogonal projection of AW* onto this space is PA AW*Pg.
This projected matrix lies in Sa g, and the residual is orthogonal to every element in S .
The result follows from the projection theorem. |

This proposition shows that the approximation error depends on the alignment between
the target update and the learned left-right subspaces. Increasing I or | helps only when it
improves this subspace coverage.

4.2 Semantic Intuition as a Routing Prior
MoANT further uses semantic intuition to guide routing within the expanded virtual expert
space. The intuition signal serves as a soft prior rather than a hard assignment.

Proposition 4.3 (Centroid similarity as coordinate prior). Let {p,} N | be unit-norm orthonormal
semantic centroids, and let & = e/||e||, lie in their span. The least-squares coordinates

2
N
¢* =arg min |[é — Y c;u; 15
ch]RN 1:21 l"lz 5 ( )
are
¢k =ple=cos/(e ). (16)
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Evolution of Expert Combination Evolution of Expert Combination Evolution of Expert Combination
Parameters in Latent Space for LoRA Parameters in Latent Space for Rank-1 Parameters in Latent Space for 0A T

Figure 3: 3D trajectory of router weights for (a) traditional LoRA, (b) rank-1 experts with
Mix-and-Match, and (c) MoANT with semantic intuition during MoE training.

Proof. For orthonormal centroids, the least-squares solution is the orthogonal projection of &

onto their span. The coordinates are the inner products p; & which equal cosine similarities
since both vectors are normalized. u

In MoANT, N = I]. The cosine scores are reshaped into S(x) € R'*/ and fused with
learnable routing logits R(x):

G(x) = reshape,, | (softmax (vec(R(x)) + A vec(S(x)))) . (17)

The final update is AW(x) = AG(x)B . Although real centroids are not necessarily orthog-
onal, the proposition motivates centroid similarity as a coordinate-like routing prior, while
the learnable router can adapt this prior during fine-tuning.

5 Experiment

51 Implementation Details, multitask Datasets and baselines

Implementation details. We leverage an extensive collection of open-source LLM back-
bones, including LLaMA-3 (Grattafiori et al., 2024), LLaMA-2 (Touvron et al., 2023), Mis-
tral (Jiang et al., 2023), Yi (Young et al., 2024), Gemma (Team et al., 2024), and Tiny-
LLaMA (Zhang et al., 2024a). The MoE module is implemented in alignment with conven-
tional LoRA standards. To generate instance embeddings, we utilize nomic-embed-text-
vl (Nussbaum et al., 2024). Our PEFT procedures are performed over three epochs with a
batch size of 64, using Adam with a learning rate of 5e-5 and cosine decay.

Datasets. We create a comprehensive multitask dataset by aggregating 20 datasets from
diverse sources, spanning 5 empirically determined dimensions (Contributors, 2023). The
reasoning category includes ANLI (Nie et al., 2020), ReCoRD (Wang et al., 2019), and
HellaSwag (Zellers et al., 2019); for examination, we feature MMLU (Hendrycks et al., 2021)
and ARC (Clark et al., 2018); WiC (Wang et al., 2019) and WinoGrande (Sakaguchi et al., 2021)
represent language; OpenBookQA (Mihaylov et al., 2018) and MultiRC (Wang et al., 2019)
embody understanding; CommonSenseQA (Talmor et al., 2019) and BoolQ (Wang et al.,
2019) epitomize knowledge; Alpaca (Taori et al., 2023) encompasses mixed dimensions.

Baselines. The comparative methodologies include conventional LoRA (Hu et al,
2021) with the rank values set to 32, marked as LoRA-32. Additionally, we involve
MoLoRA (Zadouri et al., 2023), which introduces lightweight experts and is capable of
generalizing to new tasks independently of prior knowledge, SiRA (Zhu et al., 2023) that
enhances LoRA by integrating sparse MoE with capacity-limited top-k expert routing, and
HMOoRA (Liao et al., 2025) that combines MoE and LoRA with hierarchical hybrid routing
and auxiliary loss. The experts in SiRA, MoLoRA, and HMoRA are set as 8 x LoRA-4,
aligning the learnable parameters of LoRA-32, while our MoANT adopts a total of 32 Rank-1
experts via the Mix-and-Match (MaM).
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Table 1: Performance evaluation across 14 datasets on 4 LLaMA-series backbones.

Method | MUL. MMLU BOO. WIC WG WSC ANLI PIQA SIQA RTE COPA OBQA CSQA HS |#ATP| AVG?
LLaMA-2 13B

LoRA | 9031 6048 90.13 75.47 87.66 6442 76.10 8870 82.40 90.71 100.00 8490 84.80 96.49|+0.95% 83.76
MoLoRA | 90.35 6230 89.73 74.84 86.50 66.35 76.90 87.83 82.60 90.00 98.00 85.60 84.64 96.36|+1.06% 83.73
SiRA 90.20 6094 90.34 74.61 87.19 67.31 76.30 88.79 82.96 90.61 100.00 84.20 84.44 9544 |+1.06% 83.81
HMOoRA | 90.65 59.76 90.42 73.66 87.13 59.61 7530 88.03 8290 90.97 98.00 86.80 86.24 95.80|+2.13% 83.23
MoANT | 90.98 59.33 91.24 73.26 86.71 69.27 76.40 88.98 83.65 93.78 98.00 86.40 86.42 96.67 | +0.62% 84.37

LLaMA-3 8B

LoRA |90.00 61.87 90.03 74.39 8454 6525 7570 89.36 83.06 89.95 99.00 88.40 84.38 95.10|+1.03% 83.80
MoLoRA | 89.91 61.01 90.00 74.14 83.98 58.65 72.60 89.88 82.96 88.09 97.00 89.40 83.70 95.49|+1.16% 82.63
SiRA 90.18 61.07 90.52 74.76 85.56 63.46 7590 90.26 83.88 88.81 99.00 87.80 84.93 95.52 | +1.16% 83.69
HMoRA | 90.18 61.85 90.48 73.04 86.10 71.15 74.70 88.08 8213 91.33 97.00 8620 83.94 94.79 | +2.24% 83.64
MoANT | 90.35 61.33 9043 7492 86.19 65.38 7810 89.45 83.01 90.25 99.00 87.80 84.93 94.95|+0.69% 84.01

LLaMA-2 7B

LoRA | 88.00 5271 8856 70.69 80.51 57.69 73.80 84.93 81.47 86.28 95.00 8220 83.29 93.50|+1.17% 79.90
MoLoRA | 88.90 54.02 87.80 70.38 78.69 53.85 71.60 84.82 82.60 87.36 97.00 82.80 8231 93.86|+1.30% 79.71
SiRA 88.59 53.23 8749 71.63 78.06 63.46 70.80 84.82 81.63 87.36 97.00 83.80 8231 93.85|+1.30% 80.29
HMoRA | 8859 54.86 88.44 71.94 81.61 49.03 7090 84.65 8198 89.89 96.00 85.80 83.45 94.12|+2.65% 80.09
MoANT | 8851 53.76 8832 71.16 80.66 68.27 71.50 85.31 82.65 89.89 96.00 83.40 82.80 94.38|+0.76% 81.19

Tiny-LLaMA 1B

LoRA | 83.04 41.80 79.94 60.34 58.72 47.12 51.60 7541 7416 84.84 83.00 70.60 73.63 81.99|+2.24% 69.01
MoLoRA | 81.70  44.61 78.69 58.62 56.75 52.88 49.60 75.63 7242 83.03 83.00 67.80 7240 80.82|+2.51% 68.42
SiRA 81.54 42.85 79.05 57.37 5391 43.27 47.40 7410 7262 8195 80.00 65.00 7199 79.51|+251% 6647
HMOoRA | 80.87 4258 7691 67.86 52.48 58.65 52.40 72.68 7144 80.14 82.00 66.60 7035 81.84|+4.22% 68.34
MoANT | 82.78 4350 80.61 66.61 59.43 48.08 51.20 75.68 74.05 8592 87.00 6880 73.55 81.80|+1.55% 69.93

Performance Comparison on Big-Bench Hard Tasks (Gemma 2B) Performance Comparison on Big-Bench Hard Tasks (Yi 6B)
100 100
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Figure 4: Out-of-distribution generalization capabilities of MoANT compared with baselines,
including LoRA, MoLoRA, and SiRA, on the BBH dataset based on model backbone (a)
Gemma 2B and (b) Yi 6B.

5.2 Quantitative Results

Performance enhancement. We evaluate MoANT across 14 datasets on seven LLM back-
bones using four baselines, without additional prompt examples to ensure a fair compari-
son. As shown in Tab. 1 where #ATP stands for additional trainable parameters, MoANT
achieves the highest average score (AVG) across all models, showcasing superior multitask
capabilities. Specifically, MOANT demonstrates significant performance improvements in
challenging tasks such as WSC and ANLI. For instance, MoOANT improves WSC perfor-
mance by 7.54% on the Mistral model and achieves a substantial 4.80% gain on LLaMA-2 7B,
showcasing its ability to handle complex reasoning tasks. On the WG, COPA, and HS tasks,
MOoANT outperforms almost all the baselines across multiple backbones, demonstrating
exceptional consistency and robustness, with minimal performance variance across different
models. Notably, MoANT attains these gains with substantially fewer additional trainable
parameters (#ATP), consistently across settings, e.g., only +0.62% on LLaMA-2 13B and
+0.76% on Mistral, highlighting both efficiency and scalability. This contrast is particularly
pronounced compared with HMoRA, which requires more than 2% #ATP due to its hybrid
router structure. However, HMoRA remains unstable. It can outperform others by up to
5.77% with LLaMA-3, yet it underperforms by nearly 20% with LLaMA-2 7B on WSC,
resulting in a poor average performance. These results solidify MoANT as an effective
MTL solution, excelling in both performance and efficiency.



Published as a conference paper at COLM 2026

Table 2: Performance evaluation across 14 datasets on 4 various LLM backbones.

Method | MUL. MMLU BOO. WIC WG WSC ANLI PIQA SIQA RTE COPA OBQA CSQA HS |#ATP| AVG?
Mistral 7B

LoRA | 90.37 59.63 90.61 72.41 86.03 65.38 76.30 87.83 81.93 90.97 96.00 86.20 84.44 95.06|+1.15% 83.08
MoLoRA | 90.14 59.05 90.49 73.82 86.50 66.35 75.50 88.52 81.63 90.61 97.00 87.80 83.37 95.12|+1.28% 83.28
SiRA 90.00 5846 89.91 74.14 86.98 60.58 75.10 89.23 82.86 89.89 96.00 8740 83.62 95.07|+1.28% 82.80
HMOoRA | 89.89 5754 90.03 71.47 8350 53.84 7390 88.13 81.11 8844 98.00 8520 8321 93.77|+2.47% 8129
MoANT | 90.24 62,97 90.76 74.76 87.06 70.19 78.30 90.70 83.57 90.61 99.00 87.60 86.08 96.21|+0.76% 84.86

Yi 6B

LoRA | 89.93 6277 89.08 73.82 8335 63.46 7120 87.70 8193 88.81 96.00 87.60 84.36 95.18|+1.18% 82.51
MoLoRA | 89.83 61.66 88.96 73.98 83.82 63.46 7170 8792 8245 88.81 96.00 8720 83.37 95.10|+1.33% 8245
SiRA 89.44 61.79 8896 7351 83.50 68.27 7210 87.92 83.01 88.09 97.00 88.60 85.42 95.21|+1.33% 83.06
HMoRA | 89.33 59.56 88.16 73.82 82.24 69.23 68.60 84.76 79.52 86.64 95.00 85.60 83.78 93.34|+2.82% 81.40
MoANT | 89.47 6257 88.86 73.75 83.87 6450 72.10 88.05 8243 8892 98.00 8720 85.06 95.68 | +0.82% 83.89

Gemma 2B

LoRA | 8453 4350 8529 71.16 67.56 60.58 62.50 79.54 76.87 85.56 83.00 7520 73.63 87.49|+1.54% 74.03
MoLoRA | 85.00 4520 85.11 70.06 65.59 49.04 60.50 79.92 76.87 86.28 88.00 77.00 7543 86.92|+1.70% 73.64
SiRA 84.74 4455 8483 69.75 66.85 52.88 60.30 7894 75.64 84.12 88.00 7580 7551 86.29|+1.70% 73.44
HMoRA | 8345 4232 83.09 6896 65.19 53.84 56.10 76.87 73.33 84.47 85.00 7180 7051 81.76|+2.29% 7120
MoANT | 85.52 45.85 84.89 68.65 68.67 57.69 63.00 80.36 76.82 88.09 89.00 77.20 76.74 87.85|+0.96% 75.02

Efficiency analysis. We extend our analysis to eval- Table 3: Additional computational over-
uate MoANT's efficiency. To this end, we benchmark head with different methods on GeForce
MoANT against four established baselines by com- RTX 3090.

paring the number of #ATP and the additional com- Method | Rank [#ATP | FLOPs | Speed | Acc. |
putational cost during training, measured in FLOPs Mistral 7B

and throughput speed, on the Mistral 7B model. The = ci= 5500 501G es7it/s s5.13
results, summarized in Tab. 3, demonstrate a signif- ~ SiRA [32+32| 938M 945G 6.32it/s 82.80
icant reduction in computational overhead during —YioboRa|32+32| S3.8M = 545G gigﬁfz o
training compared to LoRA, SiRA, MoLoRA, and  “yoaNT| 18 399M 7.86G  6.92it/s 8486
especially for HMoRA. Specifically, MoANT adds
only 39.9M parameters, an additional 7.86G FLOPs, and a training speed of 6.92 it/s on a
commercial-grade RTX 3090, while achieving superior performance with 84.86 accuracy. In
contrast, HMoRA fails to capitalize on its 130M additional trainable parameters, resulting in
a slow throughput of 6.48 it/s and an accuracy of only 81.29. In addition, although LoRA
attains a similar throughput of 6.87 it/s, MoANT shows a 1.33% performance gain, clearly
demonstrating the effectiveness of our approach. These findings highlight that MoANT
optimizes resource usage, delivering better performance with a smaller training footprint.

Intuition generalizability. We investigate the gen- Table 4: OOD and ID data exploration
eralization ability of MoANT, attributed to its of MoANT based on Tiny-LLaMA 1B.
intuition-guided design. To isolate the impact of intu- “Method | Data | Drop-A Drop-B Drop-C Drop-D
ition, we exclude the Mix-and-Match from MoANT, —xa D | 858 7243 845 6715
focusing solely on the effectiveness of prior knowl- MoANT‘ ‘ 7122 7261 7169  68.03
edge guidance. Specifically, we randomly exclude  LorA ‘OOD‘ 4387 5268 5035 5941
five sub-datasets from the training set in each experi- T D82 BB 0B BN
ment, treating the excluded Drop-X datasets as out-of-distribution (OOD) and the remaining
ones as in-distribution (ID). As shown in Tab. 4, MoANT consistently achieves improve-
ments in both the OOD and ID scenarios. Notably, for the Drop-A setting, MoANT improves
ID performance by 2.48% and OOD performance by 1.55%, respectively. These results
highlight the strong generalization capability of our intuition-guided routing.

In this study, we evaluated the OOD generalization capabilities of our proposed MoANT on
the Big-Bench Hard (BBH) dataset (Suzgun et al., 2022) in a zero-shot setting, with similar
computational overhead baselines without any fine-tuning. The results?, presented in
Fig 4, demonstrate that MOANT consistently outperforms competing methods across various
LLM backbones. This superior performance is attributed to its ability to effectively integrate
multitask priors into the MoE, thereby enhancing OOD knowledge acquisition. For instance,
MoANT achieves accuracies of 40.97% and 47.69% on Gemma 2B and Yi 6B, consistently
surpassing LoRA by over 1%.

2Zero-value points were excluded for clarity in visualization.
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5.3 Ablation Studies

Mix-and-Match strategy. We conduct additional Table5: Computational costs with differ-
experiments to evaluate the effectiveness of the Mix- ent Mix-and-Match strategies on Nvidia
and-Match (MaM) strategy, which leverages the flex- GeForce RTX 3090.

ible combination of Rank-1 experts, as detailed in ;s d[Experts|#ATP | FLODs | Speed | Acc. |
Tab. 5. We first compare a traditional rank-1 MoE-
LoRA with 32 experts to MoANT with 4x8 experts.
The rank-1 LoRA-MOoE attains 69.40 accuracy ata sub- _Rank-1[32x32|57.865M 849G 9.13it/s 69.40
stantially higher computational cost of only 9.13it/s, iy P3N Sae gaae T
whereas MOANT reaches 69.93 accuracy with more  MoANT —~—-

than 2x fewer #ATP. These results provide initial 2x16
evidence for the effectiveness of the MaM strategy.

Tiny-LLaMA 1B

25.63M 7.99G 10.01lit/s 67.52
19.71IM 7.00G 10.14it/s 67.65

4x8 |17.35M 6.81G 10.32it/s 69.93

In addition, we further analyze five configurations with different numbers of matrices A
and B. Among these, the 8 x8 configuration achieves the highest accuracy of 70.75, albeit at
the cost of increased computational overhead, with an 8G increase in FLOPs. Interestingly,
we observe that the closer the ranks of the low-rank matrices are, the better the model’s
performance. For example, compared to the 4x16 configuration, the 8 x8 configuration
achieves an accuracy of 70.75. Among the 32-expert settings, the 4 x8 configuration achieves
the highest accuracy of 69.93. From a theoretical perspective, this can be attributed to the fact

that balancing the number of A and B experts ensures a higher rank in the final AGBT matrix
and equalizes the gradient scale between the A and B matrices. For fair computational
comparisons, we use the 4x8 configuration as the default in all experiments.

Module functionality. To validate the superior Table 6: Ablation study and efficiency
performance of MoANT, we evaluated the effec- improvement of MoANT with different
tiveness of implicit intuition and Rank-1 experts modules on different backbones.

on various LLM backbones. As shown in Tab. 6, -~ R1|LLaMA-2 Mistral Phi2 T-LLaMA
both components consistently enhance LLM perfor-

mance. For instance, incorporating implicit intu- ‘)/( ; g?:gg gg:gg ;g}l;?; gg:g%
ition and Rank-1 experts into LLaMA-2 7B yields x| 8060 8332 7941 69.70
performance MoANT of up to 1.12% and 0.70%, _/ /| 8L11 8384 8000 70.36
respectively. These components also complement e | §.19 886 7390 993
each other, working synergistically to further elevate

MoANT’s capabilities. Notably, their combination

yields a significant 1.35% improvement over Tiny-LLaMA, underscoring the effectiveness
of our approach. Moreover, when integrating the MaM mechanism, MoANT achieves a
performance boost of 1.02% while reducing parameter overhead by 40.6% for Mistral 7B.
In addition, since k-means clustering is computationally lightweight and requires only a
single offline step, its centroids can be frozen and the process offloaded to the CPU, prevent-
ing interference with GPU training. It should be noted that the intuition module reveals a
minimal performance impact, with inference speeds of 10.83 iter/s compared to the full
model’s, indicating an overhead of just 4.94%.

6 Conclusions

We propose MoANT, a method that enhances LLM adaptability in multi-task learning by
leveraging semantic-aware implicit intuitions and Mix-and-Match Rank-1 experts. Through
extra-low-rank experts, MOANT enables a linear combination of low-rank matrices, expand-
ing the vector subspace to improve performance and efficiency via the MaM mechanism.
Extracting implicit intuition from semantic diversity via text embeddings guides all ex-
perts toward generalizable convergence. Rigorous theoretical analysis shows that MOANT
expands the model’s subspace and steers optimization toward low-loss regions during
fine-tuning. Comprehensive experiments further demonstrate that MoANT outperforms
state-of-the-art baselines in both in-distribution and out-of-distribution settings, achieving
superior performance and efficiency.
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