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Abstract

Mixture-of-Experts (MoE) benefits from a dy-
namic routing mechanism among their special-
ized experts, which existing Parameter- Effi-
cient Fine-Tuning (PEFT) strategies often fail
to leverage. This motivates us to investigate
whether adaptation modules themselves should
incorporate routing mechanisms to align with
MoE’s multi-expert architecture. We analyze
dynamics of core components when applying
PEFT to MoE language models, and examine
how different routing strategies affect adap-
tation effectiveness. Extensive experiments
adapting OLMoE-1B-7B and Mixtral-8x7B on
various commonsense and math reasoning tasks
validate the performance and efficiency of our
routed approach. We identify optimal configu-
rations for different scenarios and provide em-
pirical analyses with practical insights to facili-
tate better PEFT and MoE applications.

1 Introduction

As modern transformer-based large language mod-
els (LLMs) continue to scale (Vaswani et al.,
2017), Mixture-of-Experts (MoE) has emerged as
a promising approach (Shazeer et al., 2017), pow-
ering series of frontier models (Jiang et al., 2024;
Qwen, 2024; DeepSeek-Al, 2025). Fine-tuning
these sparse yet massive models poses unique chal-
lenges, that direct full fine-tuning is not only expen-
sive but ignores the routed dynamics and sparsity
of experts, negating their computational advantages
(Wang et al., 2024). Existing Parameter-Efficient
Fine-Tuning (PEFT) strategies like LoRA (Low-
Rank Adaptation) have been widely studied on
dense LLMs (Houlsby et al., 2019; Hu et al., 2022;
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He et al., 2022). Yet directly adapting MoE LLMs
with PEFT is not an ideal solution, since current
practice often treats MoE as dense and only ad-
dresses MoE-irrelevant modules.

These observations motivate us to investigate
the designs for PEFT modules that consider the
underlying routing mechanisms of MoE. Recent
studies have explored MoE-inspired PEFT modules
targeting dense backbones (Zadouri et al., 2023; Li
et al., 2024; Hao et al., 2024), which inspired us to
propose that a mixture of PEFT modules should be
similarly required for adapting MoE LLMs.

To verify this, we start by analyzing the dy-
namics between key memory vectors (Geva et al.,
2021) in experts and expert vectors in routers. In
§2.1 and Figure 1, We demonstrate that properly
routed PEFT experts can unlock a much more ex-
pressive adaptation space while maintaining MoE’s
efficiency and flexibility.

Guided by these insights, we introduce a frame-
work to explore meaningful design choices for inte-
grating PEFT modules into MoE LLMs in §2.2 and
Figure 2. We define (i) functional strategies, includ-
ing the architecture, multiplicity, routing among
PEFT experts; and (ii) compositional strategies,
specifying how PEFT modules interact with the
original MoE module. Within this framework,
we further propose Parameter-Efficient Routed
Fine-Tuning (PERFT) and three ablated variants
(PERFT-E/D/S) in §2.3 and Figure 3. These strate-
gies allow us to systematically verify if MoE actu-
ally demands a mixture of adaptation modules.

We evaluate our proposed strategies on OLMoE-
1B-7B (Muennighoff et al., 2024) and Mixtral-
8x7B (Jiang et al., 2024) across 14 commonsense
and arithmetic reasoning tasks. PERFT yields up
to 17.9% average improvement over MoE-agnostic
baselines with equivalent number of activated pa-
rameters, showing that mixture of adaptation mod-
ules can indeed achieve better results on MoE
LLMs. We also systematically explore the opti-
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Figure 1: Dynamics between key memory vectors in experts and expert vectors in routers. a. Dense Feed-
Forward Network (FFN) projects hidden state h* € R onto D, key memory vectors k; € R” in weight matrix
W,p, yielding activation scores a’ € RPa_ b, Router for N FFN experts projects ht onto N expert vectors g; € R
in router weight matrix W,, yielding token-to-expert affinity scores s* € RY. Each g; symbolizes a characteristic
h! pattern with the activation of corresponding expert’s k;. ¢. Routers for both FEN and PEFT experts introduce
interesting dynamics among their expert vectors, resulting a flexible space for fine-tuning.

mal scaling, sparsity, and routing configurations,
and empirically analyzed our findings with insights
that generalize across settings and may facilitate
better PEFT and MoE applications.
The primary contributions of this paper are:
1. Dynamics between experts and routers when
applying PEFT to MoE LLMs;

2. Framework & Strategies for systematic explo-
ration of PEFT design choices;

3. Evidence & Guidelines for the gains of routed
adaptation strategies on MoE LLMs.

2 Methodology

We start from investigating how the core compo-
nents of MoE and PEFT modules interact, which
creates new opportunities for designing PEFT on
MoE LLMs.

2.1 The Dynamics

For a transformer with L layers, each with attention

and a Feed-Forward Network (FFN), given token
embeddings a:ll):T € RT*P layer | computes:?

hiT = SelfAttn (x} ) + 2, (D)

xj = FFN;(h{) + hj. 2)

Key Memory Vectors. A standard FFN takes form

as a(thp)Wdown3, where o (-) represents the ac-

tivation. Following the key-value memory perspec-

tive of Geva et al. (2021), each column k; € R”

in Wy, serves as a key memory vector that fires on

LayerNorms and dropout are omitted for clarity.
3For alternative FEN structures, see Appendix A.2.

certain input patterns. Projecting h! € R onto
these keys yields activation scores a’ € R« (Fig-
ure la). These key vectors function as specialized
h! pattern detectors, with their activations deter-
mining the subsequent output of the value memory
vectors for each token.

Expert Vectors. Scaling up transformers brings
redundancy in FFN, with most tokens trigger only
a few keys (Elhage et al., 2021). MoE groups key
memory vectors into NV sparse experts F;. A router
G(+) picks the top-K experts per token:

N

FEN(R') =) Gi(h') Ei(h'), (3)
=1

Gi(R") = TopK(Softmax(h'W,)) . (4)

The router learns its weight matrix W, € RP*N
that can be interpreted as a set of NV individual D-
dimensional expert vectors g;, each responding to
a characteristic hidden state h; that should activate
the corresponding expert E; (and their key memory
vectors) (Zhou et al., 2022), as illustrated in Figure
1b. During training, G dynamically learns which
g; and k; should better fire together.
PEFT for MoE. A PEFT block A(h) =
UpProj (Act (DownProj(h))) mirrors the FFEN
structure but is much smaller (He et al., 2022),
with Act(-) as non-linear o (-) or identity function
in LoRA. Its down-projection contains new keys
k ; that respond to task-specific patterns.

When integrating PEFT into MoE, we can
choose between several intuitive approaches. A
straightforward but limited one is MoE-agnostic
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adaptation of individual matrices, which fails to
leverage any of the rich dynamics* described above.
We focuses on the other approach that introduces
PEFT module(s) in parallel with FFN experts’.
This brings additional configurations with intrigu-
ing dynamics. A single parallel PEFT module acts
as a shared expert that is always active (Dai et al.,
2024). Alternatively, we can attach M PEFT ex-
perts with their own router G(-) (Figure 1c). The
two routers, g; and g;, can interact so that k j can ei-
ther refine existing subspaces or explore new ones.
This interaction can substantially enlarge the adap-
tation space while keeping the backbone frozen.

2.2 The Framework

Based on our insights in §2.1, we examine how
PEFT designs can integrate with MoE. As illus-
trated in Figure 2, we introduce a framework fo-
cusing on two key design dimensions: how the
adaptation modules operate, and how they interact
with MoE’s existing expert routing mechanisms.

2.2.1 Functional Strategies

Architecture inside PEFT Experts. Each PEFT
expert uses the bottleneck layout in Eq.2.1:
DownProj(-) : RP + RP2 and UpProj(-) :
RP5 — RP. The bottleneck Dp linearly sets
the trainable-parameter budget, like the rank 7 in
LoRA (Hu et al., 2022). It controls the capacity
for adaptation and the effectiveness of learning (Hu
etal., 2022).

Multiplicity of PEFT Experts. More experts cre-
ate multiple copies 4A;, increasing adaptation diver-
sity. Studies on dense models show that adapter
count strongly affects performance (Zadouri et al.,
2023; Liu et al., 2023a; Dou et al., 2023; Li et al.,
2024), and the optimum varies by task, model, and
layer (Gao et al., 2024).

Routing among PEFT Experts. The third is
whether to add a separate router G(:). Prior
MoE-style PEFT targets dense LLMs (Hao et al.,
2024; Gao et al., 2024; Wu et al., 2024); our design
leverages MoE-specific dynamics (§2.1). Token-
wise routing over M PEFT experts mirrors Eq.4:

Ay =30 (G amy).

“As Figure lc, and discussed in §2.2.2 & Appendix A.

5As MoE experts run in parallel and prior work shows
parallel PEFT works the best (He et al., 2022; Hu et al., 2023;
Luo et al., 2024; Hao et al., 2024), we only consider parallel
composition of PEFT modules in this study.

a. Functional Strategies

Routing

itz among PEFT experts

Adapted

° Multiplicity
Module r

of PEFT experts

Architecture
inside PEFT experts

@ Embedded PEFT experts

PEFT
Module

@ MoE-Agnostic PEFT

Figure 2: The framework of how PEFT designs can
integrate with an MoE module. a. Functional strate-
gies specify the internal implementation of the PEFT
module introduced. b. Compositional strategies de-
scribe the PEFT module’s interaction with the original
MOoE mechanism.

2.2.2 Compositional Strategies

Shared PEFT Experts. A single PEFT block can
act as a shared expert that runs in parallel with the
MOoE layer. With input h"7', we have:

N
m1:T — Z Gi(hlzT) Ei(hLT)
iz ©)
+ A(hlzT) + hl:T'
The PEFT block sees the same input and adds its
output to the residual stream alongside the MoE
result. Like shared FFN experts, this block captures
common adaptations for all routed experts and can
raise parameter efficiency.
Embedded PEFT Experts. Here, each PEFT ex-
pert pairs with one FFN expert and receives the
same token-wise input from the MoE router:

N
z' =) Gi(h')(Ei(h') + Ai(h")) + B!, ()
=1

where both outputs are weighted by G; and then
added to the residual.

MoE-Agnostic PEFT. MoE-agnostic PEFT treats
the model as dense and ignores routing mecha-
nisms. We keep it as a baseline to compare the
gains of our MoE-aware designs.
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Figure 3: Illustration of PERFT and its ablated variants. PERFT holds an independent routing among the
introduced PEFT experts. PERFT-E embeds PEFT experts within the original MoE module and directly utilizes its
routing patterns. PERFT-D and PERFT-S simply work as independent shared expert(s) alongside the MoE module.

2.3 The Strategies

Within our framework of all meaningful design
choices, we implement Parameter-Efficient Routed
Fine-Tuning (PERFT), a PEFT strategy tailored for
MoE models (Figure 3), whose parallel block owns
an independent router:

ZG th

=1

M
Z hl T hl T) hl:T.

hl T)
®)

The new G() : RD — RM introduces vectors g;
that interact with g; and enable flexible adaptation,
as demonstrated in §2.2.1 and Figure 1c.

If M equals N, we can also reuse the pretrained
G and yield the variant PERFT-E (Embedded):

ZG th

N
+ ZG(th) Ai(h1:T) + hl:T
=1

hl T)

N
ZGl th E‘—FAi)(hl:T) —l—hl:T.
=1

©))

Our experiments show that reusing G helps when
data are too scarce to train a fresh router.

Dropping the routing mechanism and sharing all
PEFT experts gives PERFT-D (Dense):

ZG th

+ ZAj(hlzT) + hl:T‘

hl T)
(10)

And further collapsing the M blocks into one yields

PERFT-S (Single):

N
— Z Gi(hl:T) Ei(hl:T)
i=1
+A0(h1:T)

Together, with PERFT and its variants, we can
systematically experiment the design choices in our
framework and verify if MoE demands a mixture
of adaptation modules as expected.

(11)
e

3 Experiments and Analyses

3.1 Experiment Setup

Datasets. We follow the benchmark suite proposed
by Hu et al. (2023). It contains 8 commonsense-
reasoning datasets and 6 arithmetic-reasoning
datasets. We utilize their amalgamated training
sets Commonsense 170K and Math50K to fine-tune
models respectively for each domain. Evaluations
are conducted correspondingly across all individual
benchmark test sets.

LLM Backbones. We use two open-source
MoE LLMs as backbones: OLMoE-1B-7B (Muen-
nighoff et al., 2024) and Mixtral-8 x 7B (Jiang et al.,
2024), selected among publicly available MoE
models based on their outstanding performance
in the 1B and 10B activated parameter ranges.

Baselines. Applying LoRA to attention matrices
W, and W, is the most popular PEFT setting un-
der a tight parameter budget (Hu et al., 2022). We
therefore adopt it as our primary baseline for all
scales and tasks. For the smaller OLMoE-1B-7B,
we additionally LoRA-tune the router matrix W,
(results in Table 6, Appendix D).

Additional training details and design choices
are provided in Appendix A.
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LLM | Arch. Strategy | #Act. %Act. | BoolQ PIQA SIQA HellaS WinoG ARC-e ARC-c OBQA | MultiA GSMSK AddSub AQuA SingleEq SVAMP | Avg” %Err)
LoRA; W, W,@Attn 0.26M 0.020 | 62.02 71.11 59.77 28.48 50.36 70.37 48.89 48.00 | 20.00 8.72 43.04 2047 5295 2940 |43.42 -
LoRAg PERFT(Topl/l) 0.29M 0.023 | 63.43 77.53 70.68 42.13 66.14 77.10 59.30 66.20 | 17.00 6.22 3418 17.32 39.17 30.20 |51.59 1444
LoRA; W, W,@Attn 0.52M 0.041 | 60.40 73.61 6290 32.08 50.20 74.12 52.65 51.20 | 21.83 8.11 40.51 2047 50.79 28.80 |45.45 -
LoRAg PERFT(Top2/2) 0.59M 0.046 | 65.26 78.18 7231 42.11 71.82 7790 60.49 67.80 | 2333 7.35 51.65 1850 5276 33.50 |53.26 14.31
OLMOoE LoRAg W, W,@Attn 1.05M 0.082 | 63.76 74.86 65.30 37.01 50.83 76.81 5546 5640 | 17.33 8.57 44.05 24.02 5059 30.90 |48.58 -
1B-7B | LoRAs PERFT(Top2/2) 1.11M 0.087 | 66.18 77.97 72.52 4399 70.64 7824 60.75 69.80 | 26.50 8.49 52.15 20.87 56.69 3230 5430 11.12
(Top8/64) LoRAjg W, W,@Attn 2.10M 0.164 | 64.95 76.88 69.60 39.27 5335 78.07 57.34 6340 | 1883 9.02 46.58 24.02 50.59 29.20 |50.52 -
LoRA32 PERFT(Top2/2) 2.16M 0.169 | 65.81 79.38 73.59 49.42 7159 77.78 61.18 71.80 | 23.67 9.25 4481 21.65 5335 3520 | 5646 12.02
LoRA; PERFT-E(Top8/64) | 2.10M 0.164 | 64.80 79.49 74.36 58.39 72.69 75.00 5845 72.20|26.67 644 46.58 2205 5394 32.10 |59.35 17.85
LoRA3; W, W,@Attn 4.19M 0.327 | 66.79 78.56 70.93 41.63 5841 79.38 60.41 65.00 | 19.17 8.79 4354 2323 5197 2820 | 5231 -
LoRA ;s PERFT(Top4/4) 4.33M 0.337 | 65.44 79.43 73.08 4835 71.19 77.48 5998 7340 | 21.50 743 45.06 20.87 59.84 3030 |55.71 7.12
LoRAg PERFT-E(Top8/64) | 4.19M 0.327 | 65.81 78.84 73.85 58.84 71.51 7441 56.06 69.20 | 28.33  7.81 43.80 21.26 57.28 32.60 |59.43 14.93
Mixtral | LoORAs W, W, @Attn 3.41IM 0.026 | 73.49 90.04 81.17 89.67 82.16 93.56 83.87 86.20 | 60.00 50.87 90.13 28.74 89.37 69.20 |82.78 -
13B-47B | LoRAs  PERFT (Top2/2) 4.46M 0.035|74.68 89.77 81.47 9433 86.27 92.05 81.48 89.80 | 82.83 55.80 87.59 29.92 89.76 68.30 | 8543 1539
(Top2/8) LoRAg  PERFT (Top2/8) 5.24M 0.046|73.76 89.12 81.63 94.51 85.16 91.75 80.89 88.60 | 79.00 54.06 87.34 29.13 8898 70.30 |85.10 13.46

Table 1: Evaluation results of baseline and PERFT variants on 8 commonsense and 6 arithmetic reasoning
benchmarks. “Arch.” denotes the architecture inside PEFT modules. “#Act.” and “%Act.” represent the number
of activated trainable parameters and their ratio to the total activated parameters. “(TopK/N)” refers to activating
K experts among the total number of N experts. Performance is averaged with weight adjusted by benchmark
testset sizes. Improvement is measured by reduced error ratio. Dataset names are partially abbreviated, including
BoolQ (Clark et al., 2019), PIQA (Bisk et al., 2020), Social IQa (Sap et al., 2019), HellaSwag (Zellers et al., 2019),
WinoGrande (Sakaguchi et al., 2021), Easy Set and Challenge Set of ARC (Clark et al., 2018), OpenBookQA
(Mihaylov et al., 2018); MultiArith (Roy and Roth, 2015), GSMS8K (Cobbe et al., 2021), AddSub (Hosseini et al.,

2014), AQuA (Ling et al., 2017), SingleEq (Koncel-Kedziorski et al., 2015), and SVAMP (Patel et al., 2021).

3.2 Experiment Results

We validate the optimal configurations by exhaus-
tively fine-tuning OLMOoE under each configura-
tion. The results are summarized in Figure 4. Ta-
ble 1 presents a numerical comparison between
some best-performing PERFT configurations and
MoE-agnostic baselines with equivalent levels of
activated trainable parameters. PERFT on average
improves by up to 17.2% in commonsense, 12.3%
in arithmetic, and 15.5% overall.® Appendix D lists
full results for each configuration and task.
PERFT outperforms baselines. Our results veri-
fied that designing PEFT with considering the un-
derlying MoE mechanisms can indeed achieve bet-
ter results. Notably, PERFT and its variants yields
drastically different performance patterns. PERFT
and PERFT-E are the best-performing variants, es-
pecially at higher efficiency levels.

PERFT and PERFT-E can benefit from scaling
up. Different variants show different scaling per-
formances. PERFT and PERFT-E gain from larger
bottleneck sizes Dp within a certain range (shown
by bigger markers in Figure 4).

PERFT is more sensitive to overall PEFT expert
number rather than activated ratio. Figure 5
isolates the effect of total activated PEFT-expert

®Notice that the reported PERFT-E performs better than
PERFT on commonsense reasoning tasks with similar activated
trainable parameters, yet this is achieved with much higher
total number of trainable parameters, which is intuitive as
commonsense reasoning is more knowledge-intensive and
benefit from a broader pool of PEFT experts.

count and trainable parameter efficiency. When
fixing total number, the performance gain from
increasing the activated ratio is relatively modest.

Additional results are provided in Appendix D,
underlining the effectiveness of balanced expert
count, sparsity and computational efficiency in tun-
ing PERFT family.

3.3 Discussion

We observe two consistent patterns across all tasks.
First, token-wise routing among PEFT experts
(the PERFT-R family) drives most of the gains
and enables extreme parameter efficiency. Sec-
ond, when the number of PEFT experts is large,
re-using the pretrained MoE router (PERFT-E) is
more stable than training a new router from scratch.
Detailed ablations and analyses are provided in
Appendix C.

3.3.1 Role of Routing

Across most tasks and budgets, the routed variant
PERFT outperforms PERFT-S/D/E, showing that a
learnable router is the main driver of PEFT gains.
We summarize the advantage in three aspects.

Sparse Activation. Figure 4 shows that PERFT-
S/D, which always activate every PEFT block, de-
grade quickly as the bottleneck widens. This phe-
nomenon stems from inefficient parameter utiliza-
tion in always-activated shared experts. Section
2.2.1 shows that the bottleneck must balance ca-
pacity against learning effectiveness to reach peak
performance. PERFT avoids this by activating only
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Figure 4: Performance of OLMOE fine-tuned with baselines and PERFT. Scores on y-axes are averaged
performance across each individual benchmark; Activated Parameter Efficiency on z-axes indicates the ratio of
activated trainable parameters to the total activated parameters. “qvLoRA” stands for applying LoRA on attention
matrices W, and W,,. Transparency indicates different sparsity levels (ratio of activated PEFT experts).

the few experts whose keys k; match the token,
guided by router vectors g;. Without routing, when
the PEFT module’s dimensions exceed the intrin-
sic amount required, the surplus capacity becomes
detrimental rather than beneficial.

Weight Distribution. When G/(-) is absent, adding
more PEFT experts hurts performance: PERFT-D
consistently lags behind PERFT-S, and the gap
widens as the expert count grows. Even when
every PEFT is allowed to fire (Top/N/N), PERFT
still beats non-routed baselines, confirming that
token-wise weights, not mere capacity, lift per-
formance. The router assigns token-wise gating
weights, letting the model control how much each
expert adapts. This dynamic weighting improves
capacity utilization and supports the analysis in
§2.2.1. This operates similarly to how Gated Lin-
ear Units (GLU) improve FFN layers (Dauphin
et al., 2017). Without such a mechanism, the po-
tential benefits of multiple PEFT experts would be
counterbalanced by the redundancy across them.
Efficiency. With effective routing, total PEFT ca-
pacity module matters more than the number of
the activated parameters, enabling highly efficient
adaptation. Figure 5 shows that for a fixed total

number of PEFT experts, increasing the sparsity
by activating fewer PEFT experts does not severely
impact performance. Figure 6 supports this result
with UMAP projections of k; and g; in OLMoE
and l~ci and g; in different PERFT variants. Com-
paring Top2/4 with Top4/4, it confirms that an ade-
quate subset of activated k; is sufficient to capture
the appropriate adaptation space.

3.3.2 Pretrained Routing

The relationship between PERFT-E and PERFT
reveals important insights about leveraging pre-
trained knowledge versus learning new adaptation
patterns, as discussed in Section 2.2.2. We notice
that the performance between PERFT-E and PERFT
can vary in practice, especially when considering
scenarios with different activated parameters. Re-
sults in Figure 4a show that given the same total
number of PEFT experts, PERFT-E outperforms
PERFT (Top8/64) across all bottleneck sizes; while
many PERFT configurations with fewer experts in
turn outperform PERFT-E. Figure 6 illustrates the
distinct dynamics between PERFT-E and PERFT.
PERFT-E utilizes the frozen g; in G(-) for FFN
experts, while PERFT learns an independent G/(-)
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Figure 5: Performance of PERFT configurations with different total number and activated number of PEFT
experts. Results from OLMOE fine-tuned for commonsense reasoning. x-axes indicate activated parameter
efficiency. Transparency represents different sparsity levels. Marker size represents bottleneck size Dp.

from scratch for PEFT experts. These results sug-
gest that when using a larger number of PEFT ex-
perts, leveraging the well-pretrained G(-), which
already encodes effective patterns for distributing
hidden space across FFN experts, would provide
more stable and efficient learning for PEFT ex-
perts. In contrast, the routed PERFT may expend
too much training resources exploring larger sub-
spaces without effectively capturing the optimal
distribution patterns for the large number of PEFT
experts. This variability highlights the complex
trade-off between the flexibility offered by learning
new routing mechanisms versus the stability gained
from utilizing pretrained components in large-scale
models, underscoring the need to consider train-
ing configuration- and task-specific factors when
choosing between these approaches for large-scale
model adaptation.

4 Related Work

4.1 Mixture-of-Experts

MoE was originally introduced as a viable solution
to the computational challenges of scaling up and
improving specialization (Jacobs et al., 1991; Jor-
dan and Jacobs, 1994; Eigen et al., 2013; Shazeer
et al., 2017). With the rise of transformers, re-
searchers observed that FFNs hold the largest share
of parameters and capture substantial knowledge
(Geva et al., 2021; Dai et al., 2022). This capac-
ity is linked to sparsely represented features in
their activations (Dalvi et al., 2019; Durrani et al.,
2020; Gurnee et al., 2023). MoE leverages this
sparsity by activating only a subset of experts for
each input, which improves resource utilization
(Liu et al., 2023b). The idea has led to several suc-
cessful MoE LLMs (Lepikhin et al., 2020; Du et al.,
2022; Fedus et al., 2022; Zoph et al., 2022a; Jiang
et al., 2024; Dai et al., 2024; Qwen, 2024; Grok,
2024; DeepSeek-Al, 2025). Recent studies explore

shared experts, modules that run in parallel with
routed FFN experts and remain active for every
token. This design captures common knowledge
and can improve parameter efficiency (Gou et al.,
2023; Dai et al., 2024; Qwen, 2024).

4.2 Parameter-Efficient Fine-tuning

Classical full fine-tuning approaches have become
increasingly expensive as transformers scale (De-
vlin et al., 2019; Qiu et al., 2020). Recent work
introduce diverse PEFT methods offering compa-
rable performance with significantly reduced com-
putational demands. He et al. (2022) present a
unified view for PEFT, where any PEFT method
can be viewed as a combination of several design
dimensions. This perspective has inspired many
hybrid designs. They also show that parallel PEFT
modules outperform sequential ones and that modi-
fying FFN is more effective than modifying atten-
tion. Later studies confirm these findings (Hu et al.,
2023; Zhang et al., 2023; Dettmers et al., 2024;
Hao et al., 2024).

Recent success of MoE has sparked MoE-
structured PEFT methods. Some insert mixtures of
LoRA experts into the attention layers (Liu et al.,
2023a; Luo et al., 2024). Others place them next to
dense FFNs (Zadouri et al., 2023; Dou et al., 2023;
Page-Caccia et al., 2024; Chen et al., 2024; Hao
et al., 2024; Li et al., 2024; Wu et al., 2024; Gao
et al., 2024). All these studies primarily focus on
adapting dense models, which motivates us to in-
vestigate designing PEFT modules considering the
underlying routing mechanisms of MoE. Recently,
Wang et al. (2024) propose expert-specialized fine-
tuning as an alternative approach to PEFT, which
selectively fine-tunes the most relevant experts for
downstream tasks and comes closest to this re-
search gap, although no PEFT techniques are in-
volved and the experts weights are modified. In
our exploration of whether MoE LLMs requires
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Figure 6: Visualization of key memory vectors and expert vectors in OLMoE and PERFT fine-tuned for
commonsense reasoning. Results show projections of vectors with Dp = 32 from layer 8 of OLMOoE. Each
subplot corresponds to a different configuration: “Base Model” showing vectors of FFN experts and router in the
original MoE layer; “S”, “D”, “R” and “E” referring to vectors in the PEFT experts and router (if any) of the
corresponding PERFT variants. Markers @ represent key memory vectors in FEN or PEFT experts, and % expert
vectors in routers for either FFN experts (in Base Model and PERFT-E) or PEFT experts (in PERFT). All vectors are
projected using the same PCA and UMAP trained on FFN experts’ key memory vectors. Different colors distinguish

vectors associated with different indices.

mixture of adaptation modules, we directly con-
sider introducing PEFT modules for MoE LLMs,
offering more flexible and efficient solutions while
preserving the original weights untouched.

5 Conclusion

This study addresses the gap in efficiently adapting
MOoE LLMs to downstream tasks. We investigate
the dynamics of core components when perform-
ing PEFT for MoE. Building on these insights, we
introduce a unified framework with a comprehen-
sive set of design dimensions. We further propose
a flexible family of PEFT strategies tailored for
MoE modules. Extensive experiments on OLMoE
and Mixtral, covering commonsense and arithmetic
reasoning, show that our methods outperform MoE-
agnostic baselines in both effectiveness and scala-
bility. We identify the optimal configuration for
each design dimension and analyze the results.
These observations provide practical guidance for
future PEFT and MoE applications.

Limitations

Model scale and hardware assumptions. Due to
computational resource constraints, all experiments
in this study are performed on OLMoE-1B-7B and
Mixtral-8 X 7B, i.e., MoE backbones with activated
parameter counts in the 1B—10B range (see §3.1).
It remains unclear whether the efficiency—quality

trade-offs of the PERFT family generalize to sub-
stantially larger or smaller models, or to environ-
ments with limited hardware resources such as edge
GPUs or CPUs. As efficiency metrics, we report
the number of activated trainable parameters and
their ratio to total activated parameters (activated
parameter efficiency), since these directly corre-
spond to FLOPs and memory usage, which can be
precisely derived from the chosen sparsity pattern.
We do not report other system-specific efficiency
measures, such as inference latency, throughput, or
energy costs, as these can vary significantly across
hardware and device configurations, and in most
cases these measures are approximately propor-
tional to the reported parameter-based metrics.

Mergeability and inference cost. In PERFT, a key
difference from conventional PEFT methods such
as LoRA is that adapters cannot be merged into
the backbone weights for static inference because
routing is input-dependent, which raises concerns
about increased inference overhead. However, the
additional cost remains modest and controllable.
The per-token latency and memory overheads from
routing and extra adapters is marginal compared
to total MoE computation cost, since only a small
(<1%) bottleneck is added and the number of ac-
tivated PEFT experts per token is fixed as Top-
K. Meanwhile, PERFT-E allows eliminating the
routing overhead entirely by reusing the pretrained

4446



MOoE router. Overall, the ability to adapt in a MoE-
aware manner brings consistent efficiency gains at
matched activated parameter efficiency.

Hyperparameter search cost. Determining the op-
timal bottleneck size D g, number of PEFT experts
M, and routing sparsity K /N required a compre-
hensive grid search (§3.2, Figures 4b, 5). Once se-
lected, these configurations generalized well across
all evaluated tasks. However, replicating such a
search may be impractical for practitioners with
limited computational resources. Developing adap-
tive or automated hyperparameter tuning strategies
could address this challenge.

Task coverage. Our evaluation focuses on 14
widely used English benchmarks: 8 commonsense
reasoning and 6 arithmetic reasoning datasets (Ta-
bles 1, 6 - 10). This scope allows us to test design
predictions from our formalization without con-
founds from task-specific prompting/decoding, in
order to isolate how routing and adapter multiplic-
ity interact in MoE under controlled settings. The
gains may not directly transfer to other domains
such as language generation, code synthesis, safety,
multilingual, low-resource, or scenarios under dis-
tribution shift with adversarial or noisy inputs.

Bias and societal risk. While our experiments
utilize 2 open-source MoE LLMs and 14 widely
adopted English academic benchmarks commonly
used in a broad body of peer-reviewed research,
they are nonetheless limited in scope and may not
capture the full range of biases present in real-
world applications. Both the underlying MoE back-
bone LLMs and the fine-tuning datasets could re-
flect demographic or geographic biases originating
from large-scale web corpora. We did not under-
take a dedicated bias or robustness audit (e.g., eval-
uating accuracy by gender, ethnicity, or language
variety), nor did we assess privacy leakage or data
memorization in this study, and we stress that the
absence of such analyses means that potential fair-
ness, privacy, or safety issues may persist. It is in-
cumbent upon downstream users and deployers to
conduct appropriate task-specific fairness, privacy,
and safety evaluations before considering any real-
world deployment. We expressly disclaim respon-
sibility for any unintended consequences arising
from the use or deployment of models fine-tuned
by our methods.

These limitations highlight promising directions
for extending the current study and for responsibly
deploying PEFT techniques on sparse MoE LLMs.
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Hyperparameters | OLMoE-1B-7B  Mixtral-8x7B

Training precision BFloat16
Dropout 0.05
Optimizer AdamW
LR le-5 2e-5
LR scheduler Linear
Batch size 16
Warmup steps 100
Epochs 3
Auxiliary loss coef. 0.01 0.02

Table 2: Hyperparameter configurations for OLMoE-
1B-7B and Mixtral-8 x7B.

A Additional Experiment Setup and
Discussions

A.1 Training Configurations.

Hardware. For each experiment we trained
OLMOoE-1B-7B on a single NVIDIA A100 GPU.
Mixtral-8x7B was trained on our 4xNVIDIA
H100 GPUs connected with NV-link. Both models
are evaluated on NVIDIA A100 GPUs.

Hyperparameters. We display the hyperparam-
eter configurations used in fine-tuning and evalu-
ating OLMoE-1B-7B and Mixtral-8 x 7B in Table
2. We use the LoRA settings recommended by Hu
et al. (2023) and keep all other hyperparameters at
their model-default values.

Loss Functions. In our experiments, we main-
tain consistency with the original training process
of each LLM by incorporating their respective aux-
iliary losses alongside the cross-entropy loss for
token outputs. All evaluated models include a
load-balancing loss, which encourages an equal
token distribution among experts (Shazeer et al.,
2017). OLMOoE-1B-7B additionally incorporates
a router z-loss to penalize large routing logits and
stabilize training (Zoph et al., 2022b). To ensure a
fair comparison, we keep all auxiliary losses active
during fine-tuning for baseline and all PERFT vari-
ants. For PERFT, we extend this approach with the
load balancing loss for the PEFT expert router as
well for a similar balanced distribution of tokens
among PEFT experts. Detailed hyperparameters
and resource configurations for our experiments
are provided in Table 2.

A.2 Gated Linear Unit

Modern transformers often adopt the Gated Lin-
ear Unit (GLU), which adds an element-wise mul-
tiplicative gate after activation (Dauphin et al.,
2017; Shazeer, 2020). Formally: FFNgLy(h) =
[0(hWae) @ (RWyp)]Waown. We focus on the
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Hypothesis Mean A 95% CI p-value
H1: Weighted aggregate 5.77% [3.67%, 6.84%] <0.001
H2: Unweighted aggregate 3.90% [2.79%, 5.03%] <0.001
H3a: OLMoE-1B-7B 6.71% [4.12%, 8.07%] <0.001

H3b: Mixtral-8 x 7B 2.48% [0.60%, 3.75%] 0.013

Table 3: Aggregate hypothesis statistics. H1 tests
whether PERFT and variants generally improve over
LoRA baselines using dataset-size-weighted aggrega-
tion (primary hypothesis). H2 verifies robustness us-
ing unweighted aggregation. H3a and H3b test model-
specific improvements. All tests use one-sided permu-
tation testing with bootstrap 95% confidence intervals.
Each hypothesis pools multiple configurations to test
the general efficacy of routing rather than individual
configuration performance.

matrix Wy since it directly processes h and its
output passes through o(-), which controls key-
memory activation. The same argument applies to
both vanilla FFN and GLU variants.

B Statistical Significance Analysis

To test whether routed PEFT modules improve over
MoE-agnostic baselines, we formulated four pre-
specified hypotheses pooling configurations across
14 benchmarks. This aggregate framework evalu-
ates the general efficacy of routing while avoiding
multiple comparison penalties. For each compari-
son, we computed weighted mean improvements
across benchmarks (weights proportional to test set
sizes), then tested whether the mean significantly
exceeds zero using one-sided permutation testing
with bootstrap 95% confidence intervals.

For the major results presented in Table 1, we
tested four hypotheses: HI1 (primary): PERFT
and variants improve over LoRA baselines using
weighted aggregation across all 9 configurations
(7 on OLMOoE-1B-7B, 2 on Mixtral-8x7B). H2
(sensitivity): improvement using unweighted ag-
gregation to verify robustness. H3a and H3b:
model-specific improvements on OLMoE-1B-7B
and Mixtral-8 x 7B respectively.

Table 3 presents the overall results for all hy-
potheses. Our primary hypothesis (H1) confirms
significant improvement over LoRA baselines (p <
0.001), with the sensitivity analysis (H2) yield-
ing consistent results. Model-specific tests reveal
stronger improvements on OLMoE-1B-7B (H3a:
p < 0.001) compared to Mixtral-8x7B (H3b:
p = 0.013). All four hypotheses achieve statistical
significance (a = 0.05), with H1, H2, and H3a
reaching p < 0.001. The effect is robust across

diverse configurations, evaluation domains, and
analytical choices. Table 4 provides detailed per-
comparison statistics for reference.

C Additional Analyses for Design
Configurations

C.1 Architecture inside PEFT Experts

LoRA Versus Parallel Adapters. We centre our
study on LoRA adapters because they are simple
yet effective. Output scaling with « also reduces
the need to retune hyperparameters when the bot-
tleneck size changes (Yang and Hu, 2020; Hu et al.,
2022). Motivated by results on dense models (He
et al., 2022; Hu et al., 2023), we also analyze paral-
lel adapters (Houlsby et al., 2019; He et al., 2022),
which add an activation after the bottleneck.

Table 5 compares the commonsense reasoning
performance of LoRA and Parallel Adapters (PA)
as PEFT experts in OLMoE-1B-7B with several
well-performing PERFT configurations. As we can
see, under equivalent activated trainable parame-
ter levels, the average performance difference be-
tween LoRA and PA is only marginal. Interest-
ingly, on specific tasks, certain architectures con-
sistently outperform others. For instance, parallel
adapters generally perform better on BoolQ, PIQA,
and ARC, while LoRA excels in SIQA and OBQA.
These task-specific gaps may reflect differences in
required knowledge or data distribution. A deeper
investigation into these task-specific variations is
beyond the scope of this study. Given the similar
average performance, we opted to focus on LoRA
for our experiments due to its simpler structure
without the additional activation function.

It is also viable to consider copying the original
FFN structure as PEFT experts. We have opted not
to investigate this option further in our current study
based on two reasons. First, copying the full FFN
violates the spirit of PEFT because it effectively up-
sizes the model to a version with more experts. Sec-
ond, recent advancements have introduced more
complex implementations that go beyond the sim-
ple 0(hWyp) Wown pattern how FEN was initially
designed as. GLU has become widely adopted
in modern transformers including OLMoE-1B-7B
and Mixtral-8 x7B. The increased complexity of
GLU, with its three matrices, presents challenges
for a fair controlled comparison under the same
parameter budget. Given these considerations, we
focus on experimenting within our current scope.

Bottleneck Sizes. We experiment with different
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PERFT Variant Baseline ‘ Abs. A %ZErr.| 95% CI (Rel) Perm. p
OLMoE-1B-7B
LoRAg PERFT(Topl/1) LoRA> W,, W, @Attn 8.17% 14.44% [4.24%, 19.14%] 0.0112
LoRAg PERFT(Top2/2) LoRA4 W,, W, @Attn 7.80% 14.31% [8.91%, 19.85%] <0.001
LoRA;¢ PERFT(Top2/2) LoRAg W,, W, @Attn 5.72% 11.12% [6.67%, 16.96%] <0.001
LoRA32 PERFT(Top2/2) LoRA;¢ W,, W, @Attn 5.95% 12.02% [3.95%, 16.28%] <0.001
LoRA,4 PERFT-E(Top8/64) | LoRAjg W,, W, @Attn 8.83% 17.85% [1.04%, 26.76%] 0.0319
LoRA32 PERFT(Top2/4) LoRA32 Wy, W, @Attn 3.40% 7.12% [-0.12%, 11.02%] 0.0651
LoRAg PERFT-E(Top8/64) | LoRAsz2 W,, W, @Attn 7.12% 14.93% [-2.42%, 24.08%] 0.1347
Mixtral-8X 7B
LoRAg PERFT(Top2/2) LoRAg W,, W, @Attn 2.65% 15.39% [0.67%, 29.40%] 0.0498
LoRAg PERFT(Top2/8) LoRAg Wy, W, @Attn 2.32% 13.46% [-1.81%, 28.96%] 0.1062

Table 4: Individual comparison statistics (exploratory). These individual tests are presented for descriptive
purposes; the primary statistical results stay significant as presented in Table 3.

bottleneck sizes ranging from 2 to 128. Here we
provide a detailed empirical analysis about the inef-
ficient parameter utilization when always-activated
shared experts are employed without an effective
routing mechanism. Such cases reveal a mismatch
between task dimensionality and adapter capac-
ity. When the bottleneck is too wide, the extra
dimensions add little signal and can even hurt per-
formance. Large, randomly-initialized bottlenecks
in PERFT-S or PERFT-D inject noise into otherwise
unused subspaces and may corrupt pretrained rep-
resentations. If the residual stream is viewed as
limited bandwidth between modules (Elhage et al.,
2021), then only a small subspace should carry
task-specific adaptation when most weights stay
frozen. Any over-parameterized adaptation can
unnecessarily disrupt normal functioning on the
residual stream’s bandwidths, potentially destabi-
lizing the original gradient flow in the transformer
and leading to unstable training or sub-optimal so-
lutions (Aghajanyan et al., 2021). Simultaneously,
in the PEFT context with limited adaptation infor-
mation compared to model pretraining, an exces-
sively large parameter space without gating control
can easily result in over-fitting on fine-tuning data,
which is exacerbated by the sparse nature of the
MoE module we are adapting. As the MoE module
hosts multiple different patterns on various combi-
nations of activated FFN experts that dynamically
interact with each other on the residual stream, the
always-activated PERFT-S and PERFT-D variants
may learn unnecessary adaptations during the train-
ing process, further aggravating the disrupted func-
tionality and over-fitting problems.

It is also worth noting that since FFN tends
to learn task-specific textual patterns (Geva et al.,
2021) and attention learns more about positional
interactions (Elhage et al., 2021), the nature of dif-

ferent components to which PEFT is introduced
also contributes to different phenomena. For the
baseline LoRA operating on attention matrices, in-
dividual attention heads are already operating on
relatively smaller subspaces and can easily write
outputs to disjoint subspaces without interaction.
Because each attention head operates in a low-rank
subspace, its read/write patterns are relatively fixed.
Consequently, additional parameters introduced by
scaling the bottleneck of attention LoORA may not
interfere with information from other components
as severely as adapting the MoE FFN module.

C.2 Multiplicity of PEFT Experts

We vary the total number of PEFT experts from
1 to 64 and the number of activated experts from
1 to 8. This grid lets us study how expert count
and activation ratio affect performance. We denote
K out of M routed PEFT experts activated per
token as “(TopK/M)”, and N shared PEFT experts
without routing as “(N)”.

Our observations reveal that naively scaling up
the number of experts without a routing mechanism
leads to severe performance degradation. Consis-
tently, PERFT-D underperforms PERFT-S, with per-
formance declining as the number of PEFT experts
increases. Figure 6 visualizes this effect through
UMAP projections of key memory vectors and
expert vectors. In an ideal adaptation scenario,
PEFT expert key vectors that may activate simul-
taneously should be distributed evenly within sub-
spaces formed by task-relevant FFN experts’ key
vectors, maximizing hidden space utilization. How-
ever, PERFT-D variants exhibit tightly clustered key
vectors from different experts (shown with differ-
ent colors), indicating functional redundancy and
inefficient use of model capacity.

Without routing to specialize different experts
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Arch Strategy | #Act % Act. | BoolQ PIQA  SIQA  HellaS WinoG ARC-e ARC-c OBQA | Avg.
LoRA4 PERFT (Topl/1) 0.16M 0.013 62.48 75.73 68.17 25.16 51.07 76.81 55.72 61.60 59.59
PA4 PERFT (Topl/1) 0.16M 0.013 63.09 76.50 64.94 31.23 52.72 77.02 56.31 55.40 59.65
LoRAg PERFT (Topl/1) 0.29M 0.023 63.43 77.53 70.68 42.13 66.14 77.10 59.30 66.20 65.31
PAg PERFT (Topl/1) 0.29M 0.023 65.63 78.94 68.68 40.46 53.75 79.25 56.14 61.20 63.01
LoRA 16 PERFT (Top1/1) 0.56M 0.043 64.98 78.56 72.52 41.99 67.25 77.82 58.70 68.20 66.25
PAi6 PERFT (Topl/1) 0.56M 0.043 66.61 78.56 71.34 41.26 59.75 78.87 59.30 66.20 65.24
LoRA3z2 PERFT (Topl/1) 1.08M 0.084 66.36 78.84 72.36 42.83 63.38 78.62 58.36 71.20 66.49
PA32 PERFT (Topl/1) 1.08M 0.084 66.61 79.54 72.62 42.36 66.46 79.29 62.03 67.40 67.04
LoRA4 PERFT (Top2/2) 0.33M 0.026 64.86 76.71 69.60 40.89 62.43 717.23 55.80 63.60 63.89
PA4 PERFT (Top2/2) 0.33M 0.026 65.44 77.48 69.40 41.14 51.54 78.83 57.94 63.20 63.12
LoRAg PERFT (Top2/2) 0.59M 0.046 65.26 78.18 72.31 42.11 71.82 77.90 60.49 67.80 66.98
PAg PERFT (Top2/2) 0.59M 0.046 67.31 80.03 71.14 41.70 61.80 78.58 58.87 66.60 65.75
LoRA ;6 PERFT (Top2/2) 1.11M 0.087 66.18 71.97 72.52 43.99 70.64 78.24 60.75 69.80 67.51
PA16 PERFT (Top2/2) 1.11M 0.087 66.76 79.38 72.47 43.52 69.85 80.85 61.26 71.00 68.14
LoRA3z2 PERFT (Top2/2) 2.16M 0.169 65.81 79.38 73.59 49.42 71.59 77.78 61.18 71.80 68.82
PA32 PERFT (Top2/2) 2.16M 0.169 67.61 80.96 73.18 45.57 70.64 80.68 61.18 72.00 68.98
LoRA4 PERFT (Top2/4) 0.66M 0.051 63.98 75.68 69.29 40.26 65.75 77.36 59.56 67.40 64.91
PA4 PERFT (Top2/4) 0.66M 0.051 65.93 77.75 69.96 40.81 61.09 79.17 58.28 65.80 64.85
LoRAg PERFT (Top2/4) 1.18M 0.092 65.02 77.86 71.90 41.61 68.75 77.31 59.13 68.80 66.30
PAg PERFT (Top2/4) 1.18M 0.092 64.40 78.07 71.24 41.80 70.17 79.76 61.09 67.80 66.79
LoRA;1¢ PERFT (Top2/4) 2.23M 0.174 64.07 76.61 73.59 42.10 71.90 78.32 60.58 71.20 67.30
PAi6 PERFT (Top2/4) 2.23M 0.174 65.99 79.92 72.62 43.14 61.64 80.09 60.58 69.20 66.65
LoRA32 PERFT (Top2/4) 4.33M 0.337 66.30 77.75 75.44 45.88 71.43 76.18 60.58 70.60 68.02
PA32 PERFT (Top2/4) 4.33M 0.337 66.70 79.33 73.18 42.57 70.40 81.10 62.20 70.60 68.26

Table 5: Commonsense reasoning performance of OLMoE with PERFT using LoRA and Parallel Adapter
(PA). “Arch.” denotes the architecture inside PEFT modules. “# Act.” and “% Act.” represent the number of
activated trainable parameters and their ratio to the total activated parameters. “(TopK/N)” refers to activating K
experts among the total number of N experts. Dataset names are partially abbreviated, including BoolQ (Clark
et al., 2019), PIQA (Bisk et al., 2020), Social IQa (Sap et al., 2019), HellaSwag (Zellers et al., 2019), WinoGrande
(Sakaguchi et al., 2021), Easy Set and Challenge Set of ARC (Clark et al., 2018), and OpenBookQA (Mihaylov

etal., 2018).

on different input patterns, all PEFT experts re-
ceive identical gradients for each token, causing
their parameters to converge toward similar solu-
tions. This redundancy means that adding more
experts provides diminishing returns—the effective
capacity grows sublinearly with expert count while
computational cost grows linearly. The cluster-
ing observed in Figure 6 directly reflects this: key
memory vectors from different PERFT-D experts
occupy nearly identical regions of the representa-
tion space, confirming they have learned redundant
transformations.

C.3 Routing among PEFT Experts

We investigate both learned routing (PERFT) and
embedded routing using the pretrained MoE router
(PERFT-E). We also include non-routed variants
(PERFT-D/S) for comparison. This allows us to
systematically study the impact of parameter effi-
ciency on performance across PERFT variants.
Comparing PERFT to PERFT-S and PERFT-D in
Figure 4, we observe that even when all experts are
activated (Top/N/N), PERFT still improves perfor-
mance significantly by introducing learnable token-
wise gating weights that dynamically assign im-
portance to each expert’s output. This mechanism
parallels how Gated Linear Units (GLU) improve

FFN layers in transformers (Shazeer, 2020), since
the gating provides input-dependent modulation
that improves capacity utilization. Figure 6 shows
that gating weights lead to more balanced vector
distribution and more effective utilization of hid-
den space. The router learns to specialize different
PEFT experts on different input patterns, breaking
the symmetry that causes redundancy in PERFT-D.
Without such a mechanism, the potential benefits
of increased expert count are counterbalanced by
capacity redundancy.

For a fixed total number of PEFT experts, in-
creasing sparsity by activating fewer experts does
not severely degrade performance, as shown in Fig-
ure 5. This is also supported by Figure 6, which
suggests that an adequate subset of activated expert
vectors is sufficient to capture the distribution of
the adaptation space. Key memory vectors from
different PEFT experts that appear clustered can
be utilized by a sparser router to ensure they are
not activated simultaneously, maintaining perfor-
mance while reducing computation. This finding
indicates that total PEFT module capacity may be
more critical than activated capacity for determin-
ing performance.
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D Additional Results
D.1 OLMOE-1B-7B for Commonsense Reasoning

Arch. Strategy | #Act. % Act. | BoolQ PIQA SIQA HellaS WinoG ARC-e ARC-c OBQA | Avg.
Base (pretrained) — — 4242 52.61 1653 2127 28.10 13.13 13.99 6.80 |24.36
Base (instruct) — — 59.94 62.68 12.03 22.27 5.84 15.15 17.15 8.00 |25.38

LoRA3 Wy, W, @Attn | 0.26M  0.020 | 62.02 71.11 59.77 2848 5036 7037 48.89 48.00 | 54.88
LoRA4 W, W, @Attn | 0.52M  0.041 | 60.40 73.61 6290 3208 5020 7412 52.65 51.20 |57.15
LoRAg W,, W, @Attn | 1.OSM  0.082 | 63.76 7486 6530 37.01 50.83 7681 5546 5640 |60.05
LoRA1g W,, W, @Attn | 2.10M 0.164 | 6495 7688 69.60 3927 5335 78.07 5734 6340 |62.86
LoRA3> W,, W, @Attn | 419M 0327 | 66.79 7856 70.93 41.63 5841 7938 60.41 65.00 |65.14
LoRAgy W,, W, @Attn | 839M 0.654 | 67.13 80.30 73.34 4428 6590 80.72 61.95 70.00 |67.95
LoRA128 W, , W, @Attn | 16.8M 1309 | 68.32 82.64 74.16 4571 7245 8136 63.82 73.60 |70.26

LoRA, W, @Gate 0.14M 0011 | 62.14 5979 39.66 2594 51.62 42.63 3652 29.00 |43.41
LoRAg W, @Gate 027M  0.021 | 59.11 6649 4759 2737 5170 5206 42.06 3320 |47.45
LoRAjs W, @Gate 0.54M  0.042 | 62.05 64.04 4785 28.08 4933 5737 4317 3440 |4829
LoRAg; W, @Gate 1.0SM  0.084 | 5924 60.07 43.19 2662 49.09 4150 32.34 3160 |42.96
LoRA;,  PERFT-S (1) 026M 0020 | 63.82 7231 63.87 2545 50.12 7391 4949 5640 |56.92
LoRAs  PERFT-S (1) 0.52M 0041 | 63.52 73.56 6633 2545 5193 72.60 5247 61.00 |5836
LoRA1g PERFT-S (1) 1.0SM  0.082 | 6349 7171 6571 2511 5122 7113 50.60 6120 |57.52
LoRA3>  PERFT-S (1) 2.10M 0.164 | 62.08 6828 64.69 2537 5217 6473 44.54 5480 |54.58
LoRAgy PERFT-S (1) 4.19M 0327 | 61.59 63.76 59.11 2448 5406 5375 36.86 43.80 |49.68
LoRAs  PERFT-D (2) 0.52M 0041 | 62.14 7187 6653 2541 5107 72.60 5043 57.80 |57.23
LoRAs  PERFT-D (2) 1.0SM  0.082 | 62.87 7144 6341 2547 5170 6528 46.84 54.80 |55.23
LoRA1g PERFT-D (2) 2.10M 0.164 | 62.14 59.68 4698 2551 4925 4596 3345 3920 |45.27
LoRA3s> PERFT-D (2) 4.19M 0327 | 62.17 4820 32.86 2538 48.86 2487 2517 25.60 |36.64
LoRAs  PERFT-D (4) 1.0SM  0.082 | 62.87 6937 6198 2493 5091 6578 46.08 55.60 |54.69
LoRAs  PERFT-D (4) 2.00M 0.164 | 62.17 4929 33.06 2457 4957 2546 2500 2220 | 3643
LoRA1g PERFT-D (4) 419M 0327 | 62.17 50.60 3321 24.67 4878 2601 2474 30.00 |37.52
LoRA3> PERFT-D (4) 839M 0.654 | 62.17 5218 3347 2502 5051 2580 22.18 26.00 |37.17
LoRA;  PERFT-D (8) 2.10M 0.164 | 62.11 48.86 35.11 2457 4822 2551 2338 27.80 |36.94
LoRAs  PERFT-D (8) 4.19M 0327 | 62.17 49.13 3327 2537 4941 2500 2423 2640 |36.87
LoRA1s PERFT-D (8) 839M 0.654 | 62.17 5201 3347 2491 5320 2529 2696 2520 |37.90
LoRAs> PERFT-D (8) 168M 1309 | 62.17 5092 33.88 2458 49.64 24.16 2671 2520 |37.16

LoRA4 PERFT (Topl/1) | 0.16M 0.013 | 6248 7573 68.17 25.16 51.07 7681 5572 61.60 |59.59
LoRAg PERFT (Topl/1) | 0.29M 0.023 | 63.43 77.53 70.68 42.13 66.14 77.10 5930 66.20 |65.31
LoRA1¢  PERFT (Topl/1) |5.57M 0.043 | 6498 7856 7252 4199 6725 77.82 5870 68.20 | 66.25
LoRA32  PERFT (Topl/1) | 1.0OSM 0.084 | 66.36 78.84 7236 42.83 6338 78.62 5836 71.20 |66.49

LoRA4 PERFT (Top1/2) | 0.20M 0.015 | 63.67 77.04 69.09 3992 58.09 76.81 5580 6240 |62.85
LoRAg PERFT (Top1/2) | 0.33M 0.026 | 63.98 78.13 7093 41.00 58.88 7811 56.66 65.80 |64.19
LoRA1¢  PERFT (Topl/2) | 0.59M 0.046 | 65.14 7693 7242 4139 70.64 78.03 59.56 69.20 | 66.66
LoRA3z2  PERFT (Topl/2) | 1.1IM 0.087 | 65.60 78.18 73.13 4347 69.61 77.40 5853 70.00 |66.99
LoRAgs  PERFT (Topl/2) |2.16M 0.169 | 66.09 77.97 73.75 4636 72.61 7879 6220 69.20 | 68.37

LoRA4 PERFT (Top2/2) |0.33M 0.026 | 64.86 76.71 69.60 40.890 6243 7723 5580 63.60 | 63.89
LoRAg PERFT (Top2/2) | 0.59M 0.046 | 65.26 78.18 7231 42.11 71.82 7790 6049 67.80 | 66.99
LoRA1¢  PERFT (Top2/2) | 1.1IM 0.087 | 66.18 77.97 7252 4399 70.64 7824 60.75 69.80 |67.51
LoRA3z2  PERFT (Top2/2) |2.16M 0.169 | 65.81 79.38 73.59 4942 7159 7778 61.18 71.80 | 68.82
LoRAgs  PERFT (Top2/2) |4.26M 0332 | 6596 79.87 72.82 5393 7340 7891 6220 7220 |69.91
LoRA128 PERFT (Top2/2) | 845M 0.659 | 67.09 80.09 74.67 6844 7032 7955 6049 73.80 |71.81

LoRA,4 PERFT (Topl/4) | 0.39M 0.031 | 63.94 76.88 6991 39.14 60.54 7849 57.68 6540 | 64.00
LoRAg PERFT (Topl/4) | 0.66M 0.051 | 64.34 77.75 71.75 4030 67.01 77.06 5896 64.80 |65.25
LoRA1¢ PERFT (Topl/4) | 1.ISM 0.092 | 6446 77.04 7129 4183 6251 77.57 5939 65.00 | 64.89
LoRA3z2  PERFT (Topl/4) |2.23M 0.174 | 66.21 7851 7149 4387 69.61 77.69 61.01 70.20 |67.32
LoRAgs  PERFT (Topl/4) 433 0337 | 6532 79.60 7349 4533 7111 77.69 6220 71.00 |68.22

LoRA4 PERFT (Top2/4) | 0.66M 0.051 | 63.98 75.68 69.29 4026 6575 7736 59.56 6740 |64.91
LoRAg PERFT (Top2/4) | 1.18M 0.092 | 65.02 77.86 71.90 41.61 68.75 7731 59.13  68.80 | 66.30
LoRA1¢ PERFT (Top2/4) |223M 0.174 | 64.07 76.61 7359 4210 7190 7832 60.58 71.20 |67.30
LoRA3z2  PERFT (Top2/4) | 4.33M 0337 | 66.30 77.75 7544 4588 7143 76.18 60.58 70.60 | 68.02

LoRA4 PERFT (Top4/4) | 1.1I8M 0.092 | 64.25 7584 71.03 4140 6922 77.65 57.08 6840 |65.61
LoRAg PERFT (Top4/4) | 2.23M  0.174 | 65.14 77.64 7298 4267 7245 7698 5939 6640 |66.71
LoRA1¢  PERFT (Top4/4) |4.33M 0337 | 6544 7943 73.08 4835 71.19 7748 5998 7340 |68.55
LoRA32  PERFT (Top4/4) | 8.52M 0.665 | 66.70 79.49 73.75 5595 7143 7753 60.07 7040 |69.41
LoRAgs  PERFT (Top4/4) | 169M 1319 | 66.02 79.71 7549 5929 7332 76.64 5990 71.80 |70.27
LoRA 28 PERFT (Top4/4) |33.7M 2628 | 6599 7894 75.13 6721 7372 7824 5990 74.80 |71.74

Table 6: (Part 1/2) Evaluation results for OLMoE with baseline methods and PERFT variants on eight
commonsense reasoning benchmarks. “Arch.” denotes the architecture inside PEFT modules. “# Act.” and
“% Act.” represent the number of activated trainable parameters and their ratio to the total activated parameters.
“(TopK/N)” refers to activating K experts among the total number of NV experts. Dataset names are partially
abbreviated, including BoolQ (Clark et al., 2019), PIQA (Bisk et al., 2020), Social IQa (Sap et al., 2019), HellaSwag
(Zellers et al., 2019), WinoGrande (Sakaguchi et al., 2021), Easy Set and Challenge Set of ARC (Clark et al., 2018),
and OpenBookQA (Mihaylov et al., 2018).
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Arch. Strategy | #Act. % Act. | BoolQ PIQA SIQA HellaS WinoG ARC-e ARC-c OBQA | Avg.

LoRA4  PERFT (Topl/8) 0.52M  0.041 | 63.73 7530 6991 40.77 66.77 77.69 57.51 64.60 | 64.54
LoRAg  PERFT (Topl1/8) 0.79M 0.061 | 6498 77.09 70.78 41.65 6693 7778 57.76  66.40 | 65.42
LoRA1¢ PERFT (Topl/8) 1.31IM  0.102 | 6489 77.26 70.88 4195 70.09 7731 5939 67.40 | 66.15
LoRA32 PERFT (Topl/8) 236M 0.184 | 6425 77.58 7252 4230 70.64 77.82 5853 67.40 |66.38

LoRA4  PERFT (Top2/8) 0.79M 0.061 | 6428 76.99 6888 40.61 6685 77.57 57.34 6540 |64.74
LoRAg  PERFT (Top2/8) 1.31IM  0.102 | 6391 76.88 71.03 4345 69.69 7723 58.11 68.00 | 66.04
LoRA1¢ PERFT (Top2/8) 236M 0.184 | 64.68 77.64 7236 4333 7151 7597 5845 67.80 | 66.47
LoRA3z2 PERFT (Top2/8) 446M 0348 | 6440 78.13 7421 4680 7159 7639 5879 71.20 | 67.69

LoRA4  PERFT (Top4/8) 1.3IM  0.102 | 64.74 77.04 71.60 42.82 70.01 7731 59.73 68.20 | 66.43
LoRAg  PERFT (Top4/8) 236M  0.184 | 64.86 76.61 73.69 4210 6946 7698 58.02 67.20 | 66.12
LoRA¢ PERFT (Top4/8) 4.46M 0.348 | 6578 7633 7257 4561 69.53 7622 5828  69.20 | 66.69
LoRA32 PERFT (Top4/8) 8.65M 0.675 | 6520 77.37 73.64 4636 7245 77.02 56.83 69.20 | 67.26

LoRA4  PERFT (Top8/8) 236M 0.184 | 6498 7737 72777 4571 7032 77.15 5896 68.60 | 66.98
LoRAg  PERFT (Top8/8) 446M 0348 | 6498 78.13 7421 4675 6985 77.19 59.56 70.00 | 67.58
LoRA1¢ PERFT (Top8/8) 8.65M 0.675 | 6593 77.58 7441 55.14 7198 7647 5759 7140 |68.81
LoRA32 PERFT (Top8/8) 17.0M 1329 | 65.78 78.07 7492 5844 7182 7605 6135 73.80 |70.03
LoRAg4 PERFT (Top8/8) 33.8M 2638 | 6520 80.25 75.13 65.68 73.01 7567 59.47 7240 |70.85

LoRA4  PERFT (Topl/16) 0.79M 0.061 | 64.65 75.73 70.83 40.04 63.61 77.06 59.04 6440 |64.42
LoRAg  PERFT (Topl/16) 1.0SM 0.082 | 6498 76.17 69.60 40.17 6748 7630 58.02 67.00 |64.97
LoRA1¢ PERFT (Topl/16) 1.57M  0.123 | 63.79 77.04 7329 4239 70.56 76.60 5896 69.00 |66.45
LoRA3z2 PERFT (Topl/16) 2.62M  0.204 | 6425 7579 7221 4398 7024 76.18 59.04 69.20 | 66.36

LoRA4  PERFT (Top2/16) 1.0OSM  0.082 | 63.94 7731 7144 4123 6922 7837 5811 67.00 |65.83
LoRAg  PERFT (Top2/16) 1.57M  0.123 | 6245 76.12 71.55 41.75 67.80 76.14 5947 68.00 | 6541
LoRA1¢ PERFT (Top2/16) 2.62M  0.204 | 6450 76.06 71.03 4321 6922 7559 5930 68.00 |65.86
LoRA3z2 PERFT (Top2/16) 472M 0368 | 6535 7650 7298 47.08 6930 7479 58.19 67.80 | 66.50

LoRA4  PERFT (Top4/16) 1.57M  0.123 | 6437 7552 7236 4212 69.61 7635 5759 68.00 |65.74
LoRAg  PERFT (Top4/16) 2.62M 0204 | 64.92 7655 7221 43.09 69.61 7567 5930 67.20 | 66.07
LoRA1¢ PERFT (Top4/16) 472M  0.368 | 6550 76.50 7380 4382 7143 7403 5734 69.80 | 66.53
LoRA32 PERFT (Top4/16) 89IM 0.695 | 6547 77.09 73.64 4504 69.77 7449 5870 67.80 |66.50

LoRA4  PERFT (Top8/16) 2.62M 0.204 | 6425 76.06 7231 4146 71.11 76.81 60.67 68.00 |66.33
LoRAg  PERFT (Top8/16) 472M 0368 | 64.50 77.53 7334 4522 7174 7492 5751 67.80 | 66.57
LoRA1¢ PERFT (Top8/16) 89IM 0.695 | 64.53 7791 73.54 4724 7127 7500 5478  71.20 | 66.93
LoRA3z2 PERFT (Top8/16) 17.3M 1350 | 65.57 76.82 7451 53.13 70.01 74.07 57.17 70.60 |67.73

LoRA4  PERFT (Top8/32) 3.15M 0245 | 63.82 7552 7257 4175 7230 7437 5725 69.00 | 65.82
LoRAg  PERFT (Top8/32) 524M 0409 | 63.79 7535 71.70 4390 67.88 74.03 58.28 67.80 | 65.34
LoRA1¢ PERFT (Top8/32) 9.44M 0.736 | 64.07 7590 7339 4459 7222 7231 5529 6520 |65.37
LoRA3z2 PERFT (Top8/32) 17.8M  1.390 | 64.71 7535 7395 47.17 70.72 7222 5546 67.80 | 6592

LoRAs  PERFT (Top8/64) 4.19M 0327 | 63.55 76.06 70.11 42.16 69.14 7231 53.67 64.80 | 63.98
LoRAg  PERFT (Top8/64) 6.20M 0491 | 6453 7552 7221 41.79 7040 7138 5392  66.20 | 64.49
LoRA1¢ PERFT (Top8/64) 10.5M  0.818 | 64.71 73.61 7226 4235 70.88 71.09 5478  65.80 | 64.44
LoRA32 PERFT (Top8/64) 1I89M 1472 | 62.81 7443 7231 41.11 6922 6949 5384 65.60 | 63.60

LoRA;  PERFT-E (Top8/64) | 1.05M  0.082 | 65.54 79.11 7359 50.06 7324 7727 5870 72.80 | 68.79
LoRA4  PERFT-E (Top8/64) | 2.10M  0.164 | 6480 79.49 7436 5839 72.69 7500 5845 7220 |69.42
LoRAg  PERFT-E (Top8/64) | 4.19M 0.327 | 65.81 7884 7385 5884 71.51 7441 56.06 69.20 | 68.56
LoRA1¢ PERFT-E (Top8/64) | 8.39M 0.654 | 6520 7824 7497 6435 7230 7441 5546 69.40 |69.29
LoRA3z2 PERFT-E (Top8/64) | 16.8M  1.309 | 66.51 76.39 7426 6255 73.09 7222 56.14 70.60 |68.97
LoRAgs PERFT-E (Top8/64) | 33.6M  2.617 | 65.57 77.09 7380 59.89 7332 71.72 5640 68.80 | 68.32

Table 7: (Part 2/2) Evaluation results for OLMoE-1B-7B with baseline methods and PERFT variants on eight
commonsense reasoning benchmarks. “Arch.” denotes the architecture inside PEFT modules. “# Act.” and
“% Act.” represent the number of activated trainable parameters and their ratio to the total activated parameters.
“(TopK/N)” refers to activating K experts among the total number of N experts. Dataset names are partially
abbreviated, including BoolQ (Clark et al., 2019), PIQA (Bisk et al., 2020), Social IQa (Sap et al., 2019), HellaSwag
(Zellers et al., 2019), WinoGrande (Sakaguchi et al., 2021), Easy Set and Challenge Set of ARC (Clark et al., 2018),
and OpenBookQA (Mihaylov et al., 2018).
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D.2 OLMOoE-1B-7B for Arithmetic Reasoning

Arch. Strategy | #Act. % Act. | MultiArith GSMS8K AddSub AQuA SingleEq SVAMP | Avg.
LoRA; W, W,@Attn |0.26M 0.020 20.00 872 4304 2047 5295  29.40 |29.10
LoRA; W, W,@Attn |0.52M 0.041 21.83 8.11 4051 2047 5079  28.80 |28.42
LoRAs ~ W,, W,@Attn | 1.05M 0.082 17.33 8.57 4405 2402 5059 3090 |29.24
LoRA1g W, W,@Attn |2.10M 0.164 18.83 902 4658 2402 5059 2920 |29.71
LoRAzy W,, W, @Attn |4.19M 0.327 19.17 879 4354 2323 5197 2820 [29.15
LoRAg, W,, W, @Attn |839M 0.654 17.00 910 4709 2283 4980  27.10 |28.82
LoRA1os W,, W, @Attn |168M 1309 15.00 8.11 4481 2283 49.02 2650 |27.71
LoRA;  PERFT-S (1) 0.26M  0.020 21.00 561 4000 1850 5059  28.90 |27.43
LoRAs  PERFT-S (1) 0.52M  0.041 17.00 6.22 3418 17.32 39.17 3020 |24.02
LoRA1g PERFT-S (1) 1.0SM  0.082 14.83 6.29 3519 2126 4173 27.30 |24.43
LoRA3>  PERFT-S (1) 2.10M  0.164 16.17 4.09 3468 1811 3740  23.60 |22.34
LoRAs  PERFT-D (2) 0.52M  0.041 18.67 5.76 3797 2008 4075  24.60 |24.64
LoRAs  PERFT-D (2) 1.0SM  0.082 15.67 5.46 3316 1811 3740  24.40 |22.37
LoRA1g PERFT-D (2) 2.10M 0.164 14.00 485 30.13 1693  34.65  22.00 |20.43
LoRA3> PERFT-D (2) 4.19M 0327 8.17 3.87 2911 1929 2539 1570 |16.92
LoRA;  PERFT-D (4) 1.0SM  0.082 14.17 5.08 3418 2205 3543 21.80 |22.12
LoRAs  PERFT-D (4) 2.10M  0.164 9.17 3.94 3165 19.69  29.13  20.60 |19.03
LoRA1g PERFT-D (4) 4.19M 0327 9.33 3.03 2177 2087 2146 1330 |14.96
LoRA3> PERFT-D (4) 8.39M  0.654 433 1.97 1620 2165 1890 1290 |12.66
LoRA;  PERFT (Topl/2)  |020M 0.015 18.83 7.88 4177 1693 4488  26.10 |26.07
LoRAs  PERFT (Topl/2)  |0.33M  0.026 19.00 7.51 4709 19.69 5335 3190 |29.75
LoRA1g PERFT (Topl/2) | 0.59M 0.046 21.17 879 5215 1969  57.68  32.00 |31.91
LoRA3o  PERET (Topl/2) 1.1IM  0.087 27.17 933 50.89 20.87  57.09  32.00 |32.89
LoRA;  PERFT (Top2/2)  |0.33M  0.026 21.17 8.19 4582 1811  49.02 3030 |28.77
LoRAs  PERFT (Top2/2)  |0.59M 0.046 23.33 7.35 51.65 1850 5276  33.50 |31.18
LoRA1s  PERFT (Top2/2) L1IM  0.087 26.50 849 5215 2087 5669 3230 |32.83
LoRAss> PERFT (Top2/2)  |2.16M  0.169 23.67 9.25 4481 2165 5335 3520 |31.32
LoRA;  PERFT (Topl/d)  |039M  0.031 18.83 8.87 4886 21.65 5020  29.10 |29.59
LoRAs  PERFT (Topl/d) |0.66M 0.051 20.83 9.48 4405 1732 5591  29.60 |29.53
LoRA1g  PERET (Topl/4) LISM  0.092 22.67 7.88 46.84 2047 5177 3350 |30.52
LoRA3> PEREFT (Topl/d) |223M 0.174 25.67 7.35 5418  19.69 5472 32.10 |3228
LoRA;  PERFT (Top2/4)  [0.66M 0.051 19.33 773 4532 1693 4921 31.70 | 28.37
LoRAs  PERET (Top2/4) LLISM  0.092 16.33 697 4430 1654  48.82  30.10 |27.18
LoRA1g PERFT (Top2/d)  [223M 0.174 20.83 834 4734 1850 51.18 3370 |29.98
LoRA3>  PERFT (Top2/4)  |4.33M 0337 28.00 910 4937 1929  57.09 3320 |32.67
LoRA;  PERET (Topd/4) 1.ISM  0.092 20.67 7.58 4785 2008 5335 3130 |30.14
LoRAs  PERFT (Topd/d)  |2.23M 0.174 25.33 773 4051 2008  49.02 3070 |28.89
LoRA1g PERFT (Topd/d)  |4.33M 0337 21.50 7.43 4506 2087 59.84 3030 |30.83
LoRA3s PERFT (Topd/d)  |8.52M  0.665 22.17 834 5038 2008 5531  30.80 |31.18
LoRA;  PERFT (Top2/8) |0.79M 0.061 21.83 7.88 50.80 2126 5197 2990 |30.62
LoRAs  PERET (Top2/8) 13IM  0.102 20.00 826 4734 1929 5276 2830 |29.33
LoRA1g PERFT (Top2/8)  |2.36M 0.184 2233 872 4608 2087 5039 3020 |29.76
LoRA3> PERFT (Top2/8)  |4.46M 0.348 22.50 743 46.84 1890 5059 3090 |29.53
LoRA;  PERFT (Top8/8)  [2.36M 0.184 28.33 7.81 4785 1693 5315 3120 |30.88
LoRAs  PERFT (Top8/8)  |4.46M 0.348 21.00 849 4937 2126 5197  31.60 |30.6l
LoRA1g PERFT (Top8/8) |8.65M  0.675 28.50 804 4582 2087 5374 3290 |31.64
LoRA3o  PERET (Top8/8) 17.0M  1.329 27.67 849 4506 2126 5295  32.60 |31.34
LoRA;  PERFT-E (Top$/64) | 2.10M  0.164 26.67 644 4658 2205 5394 3210 |31.30
LoRAs  PERFT-E (Top8/64) | 4.19M 0327 28.33 7.81 4380 2126 5728  32.60 |31.85
LoRA1g PERFT-E (Top8/64) | 8.390M  0.654 25.17 842 4329 1929 4882 2950 |29.08
LoRA3> PERFT-E (Top8/64) | 16.8M  1.309 26.17 6.75 4405 2087 5276 32.80 |30.56

Table 8: Evaluation results for OLMoE-1B-7B with baseline methods and PERFT variants on six arithmetic
reasoning benchmarks. “Arch.” denotes the architecture inside PEFT modules. “# Act.” and “% Act.” represent
the number of activated trainable parameters and their ratio to the total activated parameters. “(TopK/N)” refers
to activating K experts among the total number of N experts. Dataset names are partially abbreviated, including
MultiArith (Roy and Roth, 2015), GSM8K (Cobbe et al., 2021), AddSub (Hosseini et al., 2014), AQuA (Ling et al.,
2017), SingleEq (Koncel-Kedziorski et al., 2015), and SVAMP (Patel et al., 2021).
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D.3 Mixtral-8x7B for Commonsense Reasoning

Arch. Strategy | #Act. % Act. | BoolQ PIQA SIQA HellaS WinoG ARC-e ARC-c OBQA | Avg.
Base (pretrained) — — 51.10 81.12 46.11 4754 49.88 5320 5299 39.20 |52.64
Base (instruct) — — 68.87 88.30 68.58 72.06 5998 89.52 7850 74.40 |75.03

LoRAg W,, W, @Attn |34IM 0.026 | 7349 90.04 81.17 89.67 82.16 9356 83.87 8620 |85.02

LoRA1¢ PERFT-S (1) |4.19M  0.033 | 75.11 90.26 81.63 9426 84.85 9285 8140 87.60 |8599
LoRAg  PERFT (Top2/2) 446M 0.035 | 74.68 89.77 81.47 9433 8627 9205 81.48 89.80 |86.23
LoRA¢ PERFT (Topl/4) 472M  0.037 | 72.84 89.12 80.40 92.69 8437 9184 8225 8580 |84.91
LoRAg  PERFT (Top2/4) 472M  0.037 | 7471 90.10 79.38 94.18 8571 92.09 81.31 8580 |85.41
LoRAg  PERFT (Top2/8) 524M 0.041 | 73.76 89.12 81.63 9451 8516 91.67 80.20 87.80 | 8548

LoRAg  PERFT-E (Top2/8) | 4.19M 0.033 | 74.13 90.21 80.81 91.36 8642 9221 81.06 88.60 |85.60

Table 9: Evaluation results for Mixtral-8 x 7B with baseline methods and PERFT variants on eight common-
sense reasoning benchmarks. “Arch.” denotes the architecture inside PEFT modules. “# Act.” and “% Act.”
represent the number of activated trainable parameters and their ratio to the total activated parameters. “(TopK/N)”
refers to activating K experts among the total number of N experts. Dataset names are partially abbreviated,
including BoolQ (Clark et al., 2019), PIQA (Bisk et al., 2020), Social 1Qa (Sap et al., 2019), HellaSwag (Zellers
et al., 2019), WinoGrande (Sakaguchi et al., 2021), Easy Set and Challenge Set of ARC (Clark et al., 2018), and
OpenBookQA (Mihaylov et al., 2018).

D.4 Mixtral-8x7B for Arithmetic Reasoning

Arch.  Strategy | #Act. % Act. | MultiArith GSM8K AddSub AQuA SingleEq SVAMP | Avg.
LoRAg W, , W, @Attn | 3.4IM  0.026 | 60.00 50.87 90.13 28.74 89.37 69.20 | 64.72
LoRAg PERFT (Top2/2) | 446M  0.035 82.83 55.80 87.59 29.92 89.76 68.30 | 69.04
LoRAg PERFT (Top2/8) | 5.24M  0.041 79.00 54.06 87.34 29.13 88.98 70.30 | 68.13

Table 10: Evaluation results for Mixtral-8 x7B with baseline methods and PERFT variants on six arithmetic
reasoning benchmarks. “Arch.” denotes the architecture inside PEFT modules. “# Act.” and “% Act.” represent
the number of activated trainable parameters and their ratio to the total activated parameters. “(TopK/N)” refers
to activating K experts among the total number of N experts. Dataset names are partially abbreviated, including
MultiArith (Roy and Roth, 2015), GSM8K (Cobbe et al., 2021), AddSub (Hosseini et al., 2014), AQuA (Ling et al.,
2017), SingleEq (Koncel-Kedziorski et al., 2015), and SVAMP (Patel et al., 2021).
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