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Abstract
Parameter-efficient fine-tuning (PEFT) has become a standard ap-
proach for adapting large language models to downstream tasks.
However, most existing PEFT methods rely on uniform and static
adaptations, without accounting for the structured heterogeneity
of attention across dimensions, heads, layers, and input tokens.
In practice, attention representations exhibit non-uniform behav-
ior, and positional encoding mechanisms such as rotary positional
embeddings (RoPE) induce dimension-dependent positional struc-
ture, making uniform adaptation suboptimal. In this work, we pro-
pose DyPAM (Dynamic Positional Attention Modulation), a PEFT
method that adapts how positional information contributes to at-
tention by operating directly on the query and key representations.
DyPAM combines input-conditioned, dimension-wise modulation
with head-wise and layer-wise structural modulation, performing
fine-grained adaptation of positional attention aligned with the
RoPE-induced structure without modifying the pretrained back-
bone. Extensive experiments on mathematical and commonsense
reasoning benchmarks across multiple backbone models demon-
strate that DyPAM consistently outperforms existing strong PEFT
baselines. The code is available for reproducibility1.
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1 Introduction
Large language models (LLMs) have been widely adopted across a
broad range of real-world applications, including question answer-
ing, code generation, and mathematical reasoning [5, 31, 53, 54].
Despite their strong general-purpose capabilities, different appli-
cation scenarios and downstream tasks often impose substantially
different requirements on model behavior. Effectively adapting an
LLM to diverse task-specific requirements is essential in practical
deployment [24, 25, 56, 61].

Full-parameter fine-tuning for a specific task is effective but
computationally and storage intensive, which limits its practicality
in many settings. Parameter-efficient fine-tuning (PEFT) addresses
this issue by updating only a small subset of parameters while
keeping the backbone model frozen, achieving a favorable balance
between efficiency and performance [14, 26, 32, 35]. Representative
PEFT methods include LoRA[16], which reparameterizes weight
updates into a low-rank subspace, IA3 [28], which modulates in-
termediate activations via lightweight scaling vectors, BOFT [29],
which applies orthogonality-constrained multiplicative transforma-
tions with butterfly factorization, and Bone [21], which introduces
block-wise affine updates with shared parameters.

Despite their strong empirical performance, most existing PEFT
methods apply additional parameters in a largely uniform manner
across layers, attention heads, and feature dimensions (i.e., individ-
ual dimensions of the hidden representations), and therefore lack
mechanisms to account for the structured and heterogeneous roles
of different model components in a fine-grained manner.

Figure 1 visualizes attention activation patterns of Llama-3.2-3B,
focusing on the query (Q) representations used in self-attention.
Similar heterogeneous patterns are also observed for key (K) rep-
resentations, while such patterns are not significant for value (V)
representations. Activations vary substantially across query dimen-
sions, attention heads, and layers. As shown in Figure 1(a), attention
exhibits distinct activation patterns across dimensions at different
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layers, indicating that different dimensions contribute differently
to attention. Figure 1(b) further shows clear head-wise variation
within the same layer, indicating that different attention heads ex-
hibit distinct activation patterns. Figures 1(c) and (d) show that
activation patterns also depend on the input tokens. Tokens with
different semantic roles induce systematically different activation
distributions, both when aggregated across dimensions and when
examined at the level of individual dimensions for a fixed head
and layer. Together, these visualizations demonstrate that attention
in pretrained LLMs operates in a structured and heterogeneous
manner across dimensions, heads, layers, and input tokens.

Such heterogeneous activation patterns are consistent with the
fact that different components of LLMs play distinct functional
roles [58]. Recent studies have shown that Transformer modules
are not functionally uniform, with different layers and components
specializing in different aspects [11]. For example, feed-forward net-
works have been shown to primarily store factual information [33],
while attention mechanisms are more closely associated with con-
textual interaction [7]. Within the attention module, architectural
design choices further introduce structured differences in how infor-
mation is processed. In particular, positional encoding mechanisms
in Transformer-based LLMs introduce structured differences in in-
ternal representations, resulting in non-uniform usage of attention
dimensions across layers and heads [2, 20]. Beyond structural dif-
ferences across model components, attention behavior also varies
with the input, where different tokens can induce different acti-
vation patterns depending on their semantic roles and contextual
requirements [18, 51]. Taken together, these findings suggest that
LLMs exhibit intrinsic functional heterogeneity across components
and inputs, and effective adaptation methods should account for
such fine-grained structural differences.

These observations suggest three requirements for structure-
aware adaptation. First, adaptation should distinguish attention
dimensions, since different dimensions exhibit different positional
and functional behaviors. Second, it should account for head-wise
and layer-wise differences, because the same dimension can play
different roles across attention heads and network depths. Third,
adaptation should remain input-conditioned, as different tokens
and contexts can induce different attention activation patterns. This
provides a direct way to adapt dependency modeling while keeping
the original attention architecture unchanged.

Motivated by these observations, we proposeDyPAM (Dynamic
Positional Attention Modulation), a PEFT method that adapts how
positional information contributes to attention. DyPAM addresses
attention heterogeneity from two complementary perspectives.
It combines input-conditioned, dimension-wise modulation with
head-wise and layer-wise structural modulation to adapt atten-
tion behavior. In contrast to prior PEFT methods that apply static
adaptation shared across inputs, DyPAM models heterogeneity
jointly at the token, dimension, head, and layer levels, and aligns
the modulation with the RoPE-induced dimension pairing. Exten-
sive experiments across multiple models and tasks demonstrate the
effectiveness of this design.

We summarize the main contributions of this work as follows:
• We propose DyPAM, the first parameter-efficient fine-tuning
method that explicitly adapts large language models by modulat-
ing positional attention in a fine-grained and structured manner.
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Figure 1: Activation heterogeneity in a pretrained Llama-
3.2-3B model. The x-axis in (a), (b), and (d) indexes query
dimensions of attention mechanism. Activation patterns
vary across layers (a), heads (b), and input token types (c,
d), indicating that attention operates heterogeneously across
dimensions, heads, layers, and tokens.

• DyPAM introduces input-conditioned, dimension-wise modula-
tion, enabling different attention dimensions to be dynamically
adjusted according to the input context.

• DyPAM further incorporates head-wise and layer-wise structural
modulation, allowing different attention heads and network lay-
ers to maintain distinct positional preferences.

• Extensive experiments across multiple backbone models and
downstream tasks demonstrate the effectiveness and robustness
of DyPAM compared to existing PEFT methods.

2 Preliminaries
We briefly review the attention mechanism, Rotary Position Em-
bedding (RoPE), and parameter-efficient fine-tuning (PEFT), which
provide the necessary background for describing our method.

2.1 Attention in Large Language Models
Large language models are typically built upon the Transformer
architecture [48], where self-attention is the core mechanism for
modeling interactions among tokens. Given an input sequence,
each layer ℓ of the model produces a sequence of hidden states
H(ℓ ) = [h(ℓ )

1 , h(ℓ )
2 , . . . , h(ℓ )

𝑇
], where h(ℓ )

𝑡 ∈ R𝑑 denotes the hidden
representation of the 𝑡-th token. In each attention layer, the hidden
states are linearly projected into query, key, and value representa-
tions,

Q(ℓ ) = H(ℓ )W(ℓ )
𝑄
, K(ℓ ) = H(ℓ )W(ℓ )

𝐾
, V(ℓ ) = H(ℓ )W(ℓ )

𝑉
, (1)

whereW(ℓ )
𝑄
,W(ℓ )

𝐾
,W(ℓ )

𝑉
∈ R𝑑×𝑑 are learned projection matrices.

The projected representations are then reshaped into 𝐻 atten-
tion heads. For each head ℎ ∈ {1, . . . , 𝐻 }, we denote the per-head
matrices as Q(ℓ,ℎ) ,K(ℓ,ℎ) ,V(ℓ,ℎ) ∈ R𝑇×𝑑head , where 𝑑head = 𝑑/𝐻 .
For a given token position 𝑡 , we denote by q(ℓ,ℎ)

𝑡 ∈ R𝑑head and
k(ℓ,ℎ)𝑡 ∈ R𝑑head the query and key vectors corresponding to the 𝑡-th
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Figure 2: Position-dependent responses across attention di-
mensions induced by RoPE. (a) Different dimensions respond
differently to relative positional distances. (b) Heatmap of
all dimensions, showing non-uniform positional sensitivity.

token. We further denote by 𝑞 (ℓ,ℎ)
𝑡, 𝑗

the 𝑗-th feature dimension of
q(ℓ,ℎ)𝑡 . Self-attention is computed independently for each head. For
head ℎ at layer ℓ , the attention output is given by

Attn
(
Q(ℓ,ℎ) ,K(ℓ,ℎ) ,V(ℓ,ℎ)

)
= softmax

(
Q(ℓ,ℎ)K(ℓ,ℎ)⊤

√
𝑑head

)
V(ℓ,ℎ) . (2)

Notably, the attention operation itself is permutation-invariant
and does not encode positional order [38]. As a result, positional in-
formation must be explicitly incorporated into the attention compu-
tation. Modern LLMs achieve this by applying position-dependent
transformations to the query and key representations.

2.2 Rotary Position Embedding
Rotary Position Embedding (RoPE) [45] incorporates positional
information into attention by applying position-dependent trans-
formations to the query and key representations. For each attention
head, RoPE views the per-head vector as two halves of equal size: a
“real” part and an “imaginary” part, each of dimension𝑑head/2. RoPE
then applies a 2D rotation to each index 𝑖 by jointly rotating the
paired components

(
𝑧real𝑖 , 𝑧

imag
𝑖

)
. As a consequence, the two halves

share the same rotation at each index, and thus exhibit closely
related positional behavior across corresponding dimensions.

The rotations vary across dimensions, resulting in different posi-
tional behaviors. Figure 2 visualizes this effect, showing that differ-
ent attention dimensions respond differently to relative positional
distances in a non-uniform and multi-scale manner. As a result,
different attention dimensions play different roles in encoding posi-
tional information, which motivates treating them differently when
adapting positional attention.

2.3 Parameter-Efficient Fine-Tuning
Parameter-efficient fine-tuning (PEFT) adapts LLMs by introducing
lightweight transformations, while keeping the pretrained back-
bone fixed. We describe PEFT by applying a constrained transfor-
mation to an intermediate representation z in the model. Formally,
the adapted representation can be written as

z′ = T
(
z;𝜽

)
, (3)

where T (·;𝜽 ) denotes a parameter-efficient transformation with
a small number of trainable parameters 𝜽 . Many existing PEFT
methods adopt an additive update,

z′ = z + Δz, Δz =A
(
z;𝜽

)
, (4)

where the adaptation module A(·) is typically applied in a static
and largely uniform manner across model components.

While effective, this formulation typically applies the same adap-
tation mechanism uniformly across layers, attention heads, feature
dimensions, and input tokens. However, attention behavior in mod-
ern LLMs is highly heterogeneous, particularly in how positional
information is encoded. This motivates PEFT approaches that per-
form fine-grained and structure-aware adaptation.

In this work, we follow the PEFT paradigm and apply multiplica-
tive modulation to attention representations:

z′ = s(x) ⊙ z, s(x) =M
(
x;𝜽

)
, (5)

where s(x) is an input-conditionedmodulation signal and ⊙ denotes
element-wise multiplication. In DyPAM, this modulation is applied
to the query and key representations in attention and indexed by the
internal structure of attention, including layers, heads, tokens, and
feature dimensions. Both formulations follow the same parameter-
efficient adaptation paradigm. The key difference is that DyPAM
performs input-conditioned, structure-aware modulation, enabling
fine-grained adaptation of positional attention.

3 Method
In this section, we introduce DyPAM, a PEFT method for LLMs that
explicitly modulates positional information in attention. We first
present an overview of the DyPAM framework and its core design
principles, and then describe each component in detail.

3.1 Framework Overview
In RoPE-based LLMs, attention exhibits heterogeneous behavior
across feature dimensions, layers, heads, and input tokens. However,
most existing PEFT methods rely on uniform and static adaptation
mechanisms, without accounting for such heterogeneity.

To address this limitation, we propose Dynamic Positional At-
tention Modulation (DyPAM), a parameter-efficient fine-tuning
method that adapts how positional information contributes to atten-
tion. DyPAMoperates directly on the query and key representations
and jointly models input-conditioned, dimension-wise modulation
together with head-wise and layer-wise structural modulation, en-
abling fine-grained and structured adaptation of positional atten-
tion. As illustrated in Figure 3, DyPAM introduces modulation
into attention representations in a manner aligned with the inter-
nal structure of attention and conditioned on the input. The two
modulation sources play different roles. The input-conditioned com-
ponent captures token-dependent variation by generating modula-
tion features from hidden states. The structural bias terms capture
persistent preferences associated with heads and layers. Their com-
bination allows DyPAM to adapt to each input while maintaining
stable structural differences across the attention hierarchy.

In the following, we present DyPAM by detailing how the mod-
ulation is constructed and how it is applied to attention representa-
tions, and summarize the overall procedure in Algorithm 1.

3.2 Query–Key Representations and
Modulation Features

DyPAM operates on the query and key representations used in self-
attention. At each Transformer layer ℓ , these representations are
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Figure 3: The architecture of DyPAM framework. DyPAM applies input-conditioned, dimension-wise modulation together with
head-wise and layer-wise structural biases to the query and key representations before RoPE, enabling fine-grained adaptation
of positional attention within the PEFT paradigm.

derived from the token-level hidden states H(ℓ ) ∈ R𝐵×𝑇×𝑑 , where
𝐵 is the batch size, 𝑇 is the sequence length, and 𝑑 is the model
dimension. Following the standard attention formulation described
in Section 2.1, the hidden states are linearly projected to obtain
the query and key matrices Q(ℓ ) and K(ℓ ) , which are subsequently
reshaped into per-head representations Q(ℓ,ℎ) and K(ℓ,ℎ) as defined
in Eq. (1).

To enable input-conditioned adaptation of attention behavior,
DyPAM derives modulation features directly from the same hidden
statesH(ℓ ) . Since the hidden states encode token-specific contextual
information, the resulting modulation features are token-dependent
and differ across inputs, providing the basis for input-conditioned
modulation. Concretely, we apply a lightweight low-rank projection
to the hidden states, yielding modulation features:

M(ℓ ) = H(ℓ )A(ℓ )B(ℓ ) , M(ℓ ) ∈ R𝐵×𝑇×(𝐻 ·𝑑𝑒 ) , (6)

whereA(ℓ ) ∈ R𝑑×𝑟 andB(ℓ ) ∈ R𝑟×(𝐻 ·𝑑𝑒 ) are learnablematrices with
rank 𝑟 ≪ 𝑑 , 𝐻 is the number of attention heads, and 𝑑𝑒 denotes the
feature dimension per head.

The projected features are reshaped into 𝐻 head-specific com-
ponents, yielding modulation features m(ℓ )

𝑡,ℎ
∈ R𝑑𝑒 for each token

position 𝑡 and attention head ℎ. These features encode contextual
information associated with each token and attention head, captur-
ing how the current input is represented at different heads within
the layer. They serve as an intermediate representation that bridges
the token-level hidden states and the dimension-wise modulation
subsequently applied to the query and key representations.

3.3 Input-Conditioned Dimension-Wise
Modulation

Given the modulation features constructed from the hidden states,
DyPAM maps them to dimension-wise modulation values that are
aligned with the query and key representations in attention. This
mapping determines how the contribution of each attention dimen-
sion is modulated in an input-conditioned manner, allowing the
model to dynamically adjust the influence of each dimension. By
conditioning on both the token and its context, DyPAM enables
fine-grained control over how positional information is utilized
across different attention dimensions.

For each layer ℓ , DyPAM introduces learnable dimension em-
bedding matrices that project modulation features to the attention
dimension space. Concretely, for the query and key representations,
we use separate embedding matrices

E(ℓ )
𝑄

∈ R
𝑑head

2 ×𝑑𝑒 , E(ℓ )
𝐾

∈ R
𝑑head

2 ×𝑑𝑒 , (7)

where each row corresponds to one pair of attention dimensions.
This design reflects the structure induced by RoPE, where each pair
of dimensions shares the same positional rotation and therefore
exhibits similar positional behavior. By assigning a single modu-
lation value to each dimension pair, DyPAM reduces parameter
overhead while respecting the RoPE-induced structure. This pair-
wise sharing also avoids assigning unrelated modulation values to
two coordinates that jointly represent the same rotated subspace.
In this way, DyPAM changes the strength of each RoPE-aligned
channel without breaking the internal pairing used by the posi-
tional transformation. This also supports grouped-query attention
(GQA) [1], where multiple attention heads share key and value
projections. In such cases, the key-side modulation is shared across
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heads that use the same key representation, while the query-side
modulation remains head-specific.

Given the modulation feature m(ℓ )
𝑡,ℎ

∈ R𝑑𝑒 for token position 𝑡
and attention head ℎ, the dimension-wise modulation scores for
queries and keys are computed as

g(ℓ )
𝑡,ℎ,𝑄

= E(ℓ )
𝑄

m(ℓ )
𝑡,ℎ
, g(ℓ )

𝑡,ℎ,𝐾
= E(ℓ )

𝐾
m(ℓ )
𝑡,ℎ
, (8)

where g(ℓ )
𝑡,ℎ,𝑄

, g(ℓ )
𝑡,ℎ,𝐾

∈ R
𝑑head

2 denote the modulation scores for query
and key dimension pairs, respectively. Each entry corresponds to
one RoPE dimension pair, and we use 𝑖 to index dimension pair 𝑖 .

At this stage, the modulation scores provide input-conditioned,
dimension-wise adjustments for the query and key representations.

Discussion. Input-conditioned dimension-wise modulation en-
ables DyPAM to adapt the contribution of individual attention
dimensions based on the input context. By aligning modulation
with RoPE-induced dimension pairing, DyPAM selectively adjusts
how positional information influences attention, while maintaining
parameter efficiency. This mechanism provides fine-grained con-
trol over positional attention that is sensitive to both token-level
context and the structured organization of attention dimensions.

3.4 Head-Wise and Layer-Wise Structural
Modulation

While input-conditioned dimension-wisemodulation captures token-
dependent variation, attention behavior also exhibits differences
across attention heads and network layers. To model such structure-
level heterogeneity, DyPAM introduces head-wise and layer-wise
structural modulation that is independent of the input.

For each layer ℓ , DyPAM maintains layer-wise bias vectors

𝜷 (ℓ )
𝑄
, 𝜷 (ℓ )

𝐾
∈ R

𝑑head
2 , (9)

which capture layer-specific preferences over attention dimension
pairs for the query and key representations. In addition, for each
attention head ℎ at layer ℓ , DyPAM introduces head-wise bias vec-
tors

𝜷 (ℓ )
ℎ,𝑄
, 𝜷 (ℓ )

ℎ,𝐾
∈ R

𝑑head
2 , (10)

allowing different heads within the same layer to maintain distinct
structural biases. Here the subscripts 𝑄 and 𝐾 indicate that the
query and key representations use separate bias vectors of the
same shape. These bias terms are added to the dimension-wise
modulation scores. For queries and keys, the structurally augmented
modulation scores are given by

g̃(ℓ )
𝑡,ℎ,𝑄

= g(ℓ )
𝑡,ℎ,𝑄

+ 𝜷 (ℓ )
ℎ,𝑄

+ 𝜷 (ℓ )
𝑄
, (11)

g̃(ℓ )
𝑡,ℎ,𝐾

= g(ℓ )
𝑡,ℎ,𝐾

+ 𝜷 (ℓ )
ℎ,𝐾

+ 𝜷 (ℓ )
𝐾
, (12)

where g(ℓ )
𝑡,ℎ,𝑄

and g(ℓ )
𝑡,ℎ,𝐾

are the input-conditioned dimension-wise
scores from Section 3.3. The bias terms are shared across token po-
sitions and encode structural preferences that persist across inputs.

At this stage, the modulation scores integrate input-conditioned,
dimension-wise adjustments with head-wise and layer-wise struc-
tural biases, capturing both token-dependent variation and per-
sistent structural preferences in attention. These scores are then
transformed into bounded modulation factors and applied to the
query and key representations.

Algorithm 1 DyPAM: Dynamic Positional Attention Modulation
Input: Input sequence x = (𝑥1, . . . , 𝑥𝑇 ), pretrained RoPE-based

LLM, DyPAM parameters
Output: Model output distribution and training loss L
1: Obtain token embeddings from x
2: for each Transformer layer ℓ = 1, . . . , 𝐿 do
3: Compute hidden states H(ℓ )

4: Project hidden states to query and key representations
5: Q(ℓ ) ,K(ℓ ) according to Eq. (1)
6: Reshape Q(ℓ ) ,K(ℓ ) into per-head representations
7: Q(ℓ,ℎ) ,K(ℓ,ℎ)

8: Construct modulation features from hidden states
9: m(ℓ )

𝑡,ℎ
according to Eq. (6)

10: Compute input-conditioned, dimension-wise modulation
scores

11: g(ℓ )
𝑡,ℎ,𝑄

, g(ℓ )
𝑡,ℎ,𝐾

according to Eq. (8)
12: Add head-wise and layer-wise structural biases
13: g̃(ℓ )

𝑡,ℎ,𝑄
, g̃(ℓ )
𝑡,ℎ,𝐾

according to Eq. (11) and (12)
14: Normalize modulation scores to obtain modulation factors
15: 𝑠

(ℓ )
𝑡,ℎ,𝑖

according to Eq. (13)
16: Apply modulation to query and key representations
17: Q̂(ℓ,ℎ) , K̂(ℓ,ℎ) according to Eq. (14)
18: Apply RoPE to modulated query and key representations
19: Compute attention outputs using modulated queries and

keys
20: end for
21: Compute model outputs and training loss L using Eq. (15)

3.5 Applying Modulation in Attention
The combined modulation scores obtained from the previous steps
encode both input-conditioned and structural adjustments over
attention dimensions. We next apply a normalization step that
maps these scores to bounded modulation factors, ensuring stable
and controlled adaptation.

Here, 𝑔 (ℓ )
𝑡,ℎ,𝑖

denotes the modulation score for dimension pair 𝑖
in the combined score vector for the query or key representation
at layer ℓ , head ℎ, and token position 𝑡 . For brevity, we omit the
explicit 𝑄/𝐾 subscript when the formulation applies identically
to both. For each layer ℓ , token position 𝑡 , attention head ℎ, and
dimension pair 𝑖 , the normalized modulation factor is computed as

𝑠
(ℓ )
𝑡,ℎ,𝑖

= 1 + 𝛼 ·
(
𝜎 (𝑔 (ℓ )

𝑡,ℎ,𝑖
) − 0.5

)
, (13)

where 𝜎 (·) is the sigmoid function and 𝛼 controls the modulation
strength. This normalization maps the modulation factors to a
bounded interval

[
1− 𝛼

2 , 1+
𝛼
2
]
, centering them around the original

scale and preventing deviation from the pretrained representations.
Themodulation factors are applied to the query and key represen-

tations before positional encoding. Let q(ℓ,ℎ)
𝑡,𝑖

∈ R2 and k(ℓ,ℎ)
𝑡,𝑖

∈ R2

denote the paired dimensions of the query and key vectors corre-
sponding to dimension pair 𝑖 . Both dimensions within each pair
are modulated using the same factor:

q̂(ℓ,ℎ)
𝑡,𝑖

= 𝑠
(ℓ )
𝑡,ℎ,𝑖

· q(ℓ,ℎ)
𝑡,𝑖

, k̂(ℓ,ℎ)
𝑡,𝑖

= 𝑠
(ℓ )
𝑡,ℎ,𝑖

· k(ℓ,ℎ)
𝑡,𝑖

. (14)

This operation corresponds to the multiplicative PEFT formu-
lation introduced in Eq. (5), where the pretrained representation z
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corresponds to the query or key vectors, and the modulation signal
s(x) is indexed by layer, head, token position, and dimension pair.
Following the convention above, 𝑠 (ℓ )

𝑡,ℎ,𝑖
is computed independently

for the query and key sides from their respective scores g̃(ℓ )
𝑡,ℎ,𝑄

and

g̃(ℓ )
𝑡,ℎ,𝐾

, so the query and key representations are modulated by their
own factors. As the two coordinates within each pair share the
same factor, the modulation signal s(x) takes a common value over
each pair and thus spans the full 𝑑head dimensions of the query and
key vectors. The modulated query and key representations are then
passed through the RoPEmechanism and used in the standard atten-
tion computation. By applying modulation prior to RoPE, DyPAM
aligns adaptation with the RoPE-induced positional structure.

More broadly, DyPAM addresses attention heterogeneity by
jointly modeling input-conditioned, dimension-wise modulation
and head-wise, layer-wise structural modulation. This design en-
ables attention dimensions to adapt to input context, while allowing
different heads and layers to maintain distinct positional prefer-
ences. Rather than introducing uniform parameter updates, DyPAM
performs targeted modulation aligned with how positional infor-
mation is encoded and utilized in attention. As a result, DyPAM
provides a structured and fine-grained mechanism for adapting
positional attention within the PEFT paradigm.

3.6 Training Details
DyPAM is trained end-to-end using the standard cross-entropy loss
for language modeling. Given an input sequence x = (𝑥1, . . . , 𝑥𝑇 )
and the corresponding target sequence y = (𝑦1, . . . , 𝑦𝑇 ), the training
loss is defined as

L = −
𝑇∑︁
𝑡=1

log 𝑝 (𝑦𝑡 | 𝑥≤𝑡 ), (15)

where 𝑝 (𝑦𝑡 | 𝑥≤𝑡 ) denotes the model output distribution at position
𝑡 . The model is parameterized by the pretrained backbone together
with the DyPAM parameters. Algorithm 1 summarizes the overall
forward computation and training procedure.

4 Experiments
This section evaluates DyPAM across tasks, models, and experi-
mental settings. Our experimental design is organized around a
set of research questions that assess overall performance, scala-
bility across model sizes, component contributions, and learned
positional modulation behavior.

Specifically, we investigate the following research questions:
• RQ1: Does DyPAM outperform existing PEFT methods with
comparable numbers of trainable parameters?

• RQ2: Is DyPAM effective across different backbone model sizes?
• RQ3:Which components of DyPAM contribute most to its per-
formance?

• RQ4: How sensitive is DyPAM to its hyperparameters?
• RQ5:What positional modulation patterns does DyPAM learn?

We first introduce the experimental setup, followed by a system-
atic evaluation of DyPAM with respect to each research question.

4.1 Experimental Setup

Datasets.We evaluate DyPAM on mathematical and commonsense
reasoning tasks with distinct reasoning patterns and positional sen-
sitivity, and train on two datasets drawn from multiple existing
benchmarks [17], emphasizing multi-step arithmetic and general
commonsense reasoning, respectively. Mathematical reasoning per-
formance is evaluated on GSM8K [9], AQuA [27], MAWPS [23],
AddSub [15], MultiArith [42], SingleEq [22], and SVAMP [37], while
commonsense reasoning is evaluated on BoolQ [6], PIQA [4], Social
IQA [44], ARC-Easy and ARC-Challenge [8], OpenBookQA [34],
HellaSwag [57], and WinoGrande [43]. Across benchmarks, inputs
are natural-language questions and outputs are either final nu-
meric answers or discrete choices, and we report accuracy as the
evaluation metric with further details provided in the Appendix.

Backbone Models. Experiments are conducted on three widely
used RoPE-based LLM families with different architectures and
design choices, namely LLaMA 3.2, Qwen3, and Gemma 3 [12,
46, 47], to evaluate the robustness and generality of DyPAM.

Baseline Methods. We compare DyPAM with a diverse set of
PEFT methods that adopt different adaptation strategies. Low-rank
adaptation methods include LoRA [16] and AdaLoRA [58], which
parameterize weight updates in a low-dimensional subspace, with
AdaLoRA further adjusting rank allocation across layers according
to their relative importance. We also consider structured weight
reparameterization approaches, including OFT [39] and Bone [21],
where OFT constrains updates to orthogonal transformations and
Bone employs block-wise affine parameterization to capture struc-
tured correlations within weight matrices. In addition, we include
lightweight modulation-basedmethods such as IA3 [28] and LNTun-
ing [60], which adapt the model by rescaling internal activations or
normalization parameters with minimal trainable parameters. We
further compare against FourierFT [10], which performs adaptation
in the frequency domain by learning a compact set of spectral coef-
ficients for weight updates. Finally, we include SHiRA [3], which
applies sparse high-rank adapters to update only a small subset
of backbone weights, and RoSA [36], which performs RoPE-aware
selective adaptation over attention dimensions and layers.

Implementation Details. All experiments are conducted using
DeepSpeed [41] with bfloat16 precision on NVIDIA RTX 4090 GPUs.
For DyPAM, we use a modulation embedding dimension 𝑑𝑒 = 64,
a low-rank projection rank 𝑟 = 128, and a modulation strength
𝛼 = 0.3. For baseline methods, except for extremely low-parameter
approaches, we match the number of trainable parameters to a com-
parable scale. Additional implementation details are provided in the
appendix, and all code and data are released to ease reproducibility2.

4.2 Overall Performance (RQ1)
Across both mathematical and commonsense reasoning bench-
marks, DyPAM consistently outperforms existing PEFT baselines
under comparable parameters, providing a clear positive answer
to RQ1. The improvements are observed across all evaluated back-
bone models and task categories, indicating that the effectiveness
of DyPAM generalizes across different models and datasets.

2https://github.com/Beihang-BIGSCity/DyPAM
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Table 1: Comparison of DyPAM with PEFT baselines on mathematical reasoning benchmarks across three backbone models.
Micro-avg and macro-avg denote micro- and macro-averaged performance. Best results are highlighted in bold, and second-best
results are underlined. ∗ indicates statistically significant improvements over the best baseline (two-sided t-test, 𝑝 < 0.05).

Backbone LLM Method Param(%) MultiArith GSM8K AddSub AQuA SingleEq SVAMP MAWPS micro-avg(%)↑ macro-avg(%)↑

LLaMA 3.2 3B

LoRA 1.12 71.50 33.21 78.48 22.44 81.50 54.10 76.47 54.96 59.67
AdaLoRA 2.22 75.67 36.32 80.51 22.83 87.80 55.60 78.57 57.90 62.47
OFT 0.73 87.17 40.18 85.82 24.02 86.42 61.50 84.03 62.75 67.02
Bone 1.14 87.50 39.73 85.57 23.62 86.61 63.70 81.93 63.03 66.95
IA3 0.02 58.33 27.37 68.61 20.47 72.83 47.90 58.82 46.89 50.62
LN-Tuning 0.01 58.00 26.38 66.58 21.26 74.80 44.90 60.08 46.01 50.29
FourierFT 0.73 78.67 33.21 82.03 20.47 85.43 54.30 77.31 56.72 61.63
SHiRA 1.12 82.50 38.82 84.81 24.02 87.99 56.90 81.93 60.59 65.28
RoSA 0.54 84.33 37.91 82.78 22.83 87.01 52.50 78.99 59.02 63.77
DyPAM (ours) 0.92 88.50 39.88 86.33 25.20 88.78 63.00 84.03 63.58∗ 67.96*

Qwen3 8B

LoRA 0.79 97.67 74.91 89.87 35.83 90.55 84.70 89.08 82.04 80.37
AdaLoRA 1.57 95.17 73.01 90.63 37.01 92.32 84.80 91.60 81.62 80.65
OFT 0.51 95.67 73.46 90.38 33.07 94.09 84.90 91.60 81.80 80.45
Bone 0.81 98.00 72.25 91.65 33.46 93.90 83.80 90.34 81.55 80.49
IA3 0.02 92.50 72.18 84.81 35.04 86.61 80.90 86.55 78.49 76.94
LN-Tuning 0.00 91.67 68.69 85.32 39.76 87.40 78.00 85.71 77.01 76.65
FourierFT 0.37 94.50 70.05 87.34 31.50 86.81 82.70 81.09 78.28 76.28
SHiRA 0.79 94.83 75.36 90.13 37.01 93.90 85.70 90.34 82.57 81.04
RoSA 0.36 97.83 74.07 90.38 35.43 94.49 84.80 92.02 82.48 81.29
DyPAM (ours) 0.61 99.17 76.72 91.90 40.94 95.28 85.50 92.86 84.24∗ 83.20*

Gemma 3 4B

LoRA 1.33 86.00 51.25 72.41 25.98 75.59 62.20 75.21 63.26 64.09
AdaLoRA 2.62 82.67 51.86 66.33 31.50 73.82 62.30 73.95 62.49 63.20
OFT 0.75 85.83 54.28 72.91 32.28 75.59 63.80 76.47 65.02 65.88
Bone 1.41 86.17 45.87 71.39 30.31 72.64 55.10 73.11 59.69 62.08
IA3 0.03 42.67 38.89 40.51 27.17 40.75 37.20 37.39 38.62 37.80
LN-Tuning 0.01 32.67 30.63 45.06 23.62 56.69 40.80 37.82 37.64 38.18
FourierFT 1.10 60.83 31.24 65.32 28.35 66.73 46.30 65.97 47.89 52.10
SHiRA 1.33 72.67 42.08 73.16 31.50 76.57 61.30 75.63 58.92 61.84
RoSA 0.40 34.50 38.51 66.84 31.10 63.19 43.70 62.18 45.53 48.58
DyPAM (ours) 0.62 86.33 55.19 73.42 32.68 76.18 62.70 76.89 65.28∗ 66.20*

Table 2:Macro-averaged accuracy onmathematical reasoning
benchmarks across Qwen3 model scales. The comparison
includes representative strong PEFT baselines from the main
experiments.

Baseline Qwen 3 0.6B Qwen 3 1.7B Qwen 3 4B Qwen 3 8B

LoRA 64.06 66.64 75.60 80.37
OFT 65.96 67.81 75.54 80.45
SHiRA 63.95 64.65 73.33 81.04
RoSA 63.99 67.38 77.92 81.29
DyPAM (ours) 66.13 69.24 78.24 83.20

Specifically, on mathematical reasoning benchmarks as shown
in Table 1, DyPAM demonstrates strong and stable gains across het-
erogeneous tasks that require multi-step computation, and numeri-
cal reasoning. The improvements are reflected in both micro- and
macro-averaged metrics, suggesting that DyPAM enhances overall
reasoning capability rather than favoring a small subset of bench-
marks. In contrast, existing PEFT baselines exhibit more uneven be-
havior. Low-rankmethods such as LoRA and AdaLoRA tend to yield
limited gains, particularly on more challenging datasets. Frequency-
domain approaches such as FourierFT show moderate performance
but lack robustness across datasets. Methods with extremely small
parameter budgets, including IA3 and LN-Tuning, generally un-
derperform due to their limited adaptation capacity. Structured or
orthogonal methods such as OFT and Bone often perform well on
specific tasks but struggle to maintain consistent improvements

across the full benchmark suite, whereas sparse adaptation meth-
ods like SHiRA, which selectively activate a subset of parameters
during fine-tuning, achieve strong performance on multiple tasks,
highlighting the potential of structured parameter updates. RoSA
also benefits from structured adaptation by introducing rotational
subspace updates, leading to competitive results on several bench-
marks. However, RoSA applies a static RoPE-aware selection that is
shared across all inputs, whereas DyPAM modulates query and key
dimension pairs in an input-conditioned, token-dependent manner
coordinated with head-wise and layer-wise structure. This fine-
grained and input-conditioned modulation, rather than the use of
positional structure alone, accounts for the consistent margin of
DyPAM over RoSA across backbones. Compared with these base-
lines, DyPAM achieves more balanced improvements across tasks
and models, indicating superior robustness and generalization.

A similar pattern is observed on commonsense reasoning tasks
as shown in Table 3. DyPAM yields balanced improvements across
diverse datasets spanning factual verification and social common-
sense. The consistent gains inmacro-averaged performance indicate
improved robustness at the task level, while the improvements in
micro-averaged accuracy reflect stronger overall performance.

Overall, these results show that DyPAM provides a more reliable
and general-purpose adaptation mechanism than prior PEFT ap-
proaches. By delivering consistent gains across tasks, domains, and
backbone models, DyPAM effectively addresses RQ1 and demon-
strates clear advantages over existing PEFT baselines.
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Table 3: Comparison of DyPAM with PEFT baselines on commonsense reasoning benchmarks across three backbone models.
Micro-avg and macro-avg denote micro- and macro-averaged performance. Best results are highlighted in bold, and second-best
results are underlined. ∗ indicates statistically significant improvements over the best baseline (two-sided t-test, 𝑝 < 0.05).

Backbone LLM Method Param(%) BoolQ PIQA SocialIQA ARC-C ARC-E OpenBookQA HellaSwag WinoGrande Micro Avg Macro Avg

LLaMA 3.2 3B

LoRA 1.12 63.61 79.71 66.94 69.45 84.05 67.00 73.94 55.56 71.94 70.03
AdaLoRA 2.22 63.52 78.94 67.09 68.94 85.14 70.20 78.11 56.35 73.95 71.04
OFT 0.73 65.63 79.54 70.37 70.39 85.06 71.80 83.15 66.38 77.52 74.04
Bone 1.14 64.56 75.68 69.34 64.42 79.76 70.20 75.92 65.75 72.77 70.70
IA3 0.02 62.32 77.09 59.67 57.94 77.10 57.40 50.48 52.25 58.66 61.78
LN Tuning 0.01 62.51 76.99 59.52 59.81 76.52 59.00 52.02 52.17 59.42 62.32
FourierFT 0.73 62.14 79.49 61.98 61.86 80.93 62.40 73.21 49.09 69.75 66.39
SHiRA 1.12 65.23 79.65 69.14 71.16 84.97 71.20 83.18 65.67 77.35 73.78
RoSA 0.54 64.53 79.65 69.86 69.28 84.43 70.80 83.12 63.54 77.00 73.15
DyPAM (ours) 0.92 65.93 79.76 70.88 70.39 85.19 71.80 83.71 65.35 77.83* 74.13*

Qwen3 8B

LoRA 0.79 70.49 86.34 77.18 90.19 96.51 87.60 89.50 72.85 85.19 83.83
AdaLoRA 1.57 70.73 86.51 76.71 90.36 96.55 87.20 88.92 72.38 84.91 83.67
OFT 0.51 69.97 86.83 76.56 89.93 96.97 88.00 89.17 76.48 85.20 84.24
Bone 0.81 69.02 85.31 75.64 88.91 95.58 87.60 89.30 76.56 84.71 83.49
IA3 0.02 69.51 86.34 76.71 90.27 96.09 84.40 85.12 66.77 82.59 81.90
LN Tuning 0.00 69.33 86.40 75.95 90.27 96.00 83.00 83.86 65.43 81.82 81.28
FourierFT 0.37 69.54 84.49 73.13 85.92 95.29 77.80 80.48 62.27 79.34 78.62
SHiRA 0.79 70.83 87.05 77.33 90.36 96.97 88.20 89.56 75.77 85.57 84.51
RoSA 0.36 68.96 86.94 75.33 89.85 96.38 88.20 89.43 76.16 84.99 83.91
DyPAM (ours) 0.61 70.89 87.11 77.33 90.53 97.05 88.80 89.53 76.80 85.66* 84.75*

Gemma 3 4B

LoRA 1.33 65.72 79.71 69.40 74.49 87.08 71.00 74.53 55.01 73.37 72.12
AdaLoRA 2.62 66.09 79.49 68.73 76.54 89.02 74.00 73.20 58.09 73.30 73.14
OFT 0.75 65.69 81.99 74.51 76.71 88.47 78.00 83.86 65.27 79.17 76.81
Bone 1.41 64.68 75.35 71.24 70.39 82.83 75.80 78.33 64.48 74.70 72.89
IA3 0.02 62.17 71.49 57.32 57.51 73.19 55.20 44.89 57.85 55.30 59.95
LN Tuning 0.00 62.60 66.70 49.85 49.91 63.59 45.20 47.29 60.46 53.90 55.70
FourierFT 0.37 63.94 75.57 67.14 67.32 76.05 57.80 71.81 59.35 69.76 67.37
SHiRA 0.79 65.57 82.25 74.53 76.19 89.71 78.20 83.19 64.48 78.94 76.77
RoSA 0.40 63.70 79.54 67.40 72.27 86.66 69.40 48.53 47.51 60.62 66.88
DyPAM (ours) 0.62 66.21 82.59 74.82 77.13 89.23 79.20 84.09 65.35 79.56* 77.33*

4.3 Scalability Analysis (RQ2)
Table 2 evaluates the scalability of DyPAM across Qwen3 models
from 0.6B to 8B using macro-averaged accuracy on mathematical
reasoning benchmarks. As model size increases, DyPAM consis-
tently achieves better performance than the strongest PEFT base-
lines at each scale. Moreover, the performance difference between
DyPAM and baselines becomes larger as the backbone grows, indi-
cating that DyPAM continues to benefit from increased capacity.

Overall, these results demonstrate that DyPAMmaintains strong
scalability across model sizes and remains effective when applied
to both small and large backbone models, directly addressing RQ2.

4.4 Ablation and Sensitivity Analysis (RQ3, 4)
We further analyze DyPAM through ablation studies and parameter
sensitivity experiments, aiming to understand the contribution of
individual components and the robustness of key hyperparameters.

The ablation results show that each core component of DyPAM
plays a complementary role in overall performance. Removing any
single component consistently leads to performance degradation,
indicating that the gains of DyPAM arise from their joint design
rather than isolated architectural choices. In addition, the sensitivity
analysis on the modulation strength 𝛼 demonstrates the effective-
ness of this design choice. Proper modulation significantly improves
performance compared to weak or overly strong modulation. Over-
all, these analyses confirm that the performance improvements of
DyPAM are structurally grounded and robust.

4.5 Analysis of Modulation Patterns (RQ5)
We analyze the learned modulation from two perspectives: the
structural bias terms and the effective modulation ranges.

Figure 5 visualizes the learned layer-wise query bias over atten-
tion dimensions on LLaMA-3.2-3B under commonsense and mathe-
matical reasoning settings. Rather than exhibiting uniform shifts,
the bias values vary across both layers and dimensions, indicating
that DyPAM learns heterogeneous, dimension-specific adjustments.
This structured non-uniformity suggests that different attention di-
mensions develop distinct positional preferences at different depths,
aligning with the intuition that positional information is utilized
differently across layers. In addition, faint horizontal band patterns
can be observed, hinting that certain layers may exhibit consistent
preferences over specific subsets of attention dimensions.

Figure 6 summarizes the effective modulation range of query
and key representations under the same two settings. The scale
factors remain centered around 1, while the range varies across
layers and training data. This restrained behavior preserves the
pretrained attention structure while allowing flexibility.

Overall, these visualizations demonstrate that DyPAM learns
structured and stable positional modulation patterns. By combin-
ing dimension-wise modulation with restrained head-wise and
layer-wise scaling, DyPAM adapts positional attention in a targeted
manner, shaping how token dependencies are formed and thereby
helping explain its consistent performance gains across models and
tasks.
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Figure 4: Ablation and hyperparameter sensitivity of DyPAM.
The ablation removes individual modulation components,
while the sensitivity study varies the modulation strength 𝛼 .

Figure 5: Learned layer-wise query bias over attention di-
mensions on LLaMA-3.2-3B under commonsense and math-
ematical reasoning settings. The heatmaps show that the
structural bias varies across layers and dimensions rather
than following a uniform pattern.

Figure 6: Layer-wise modulation range of query and key
representations on LLaMA-3.2-3B under commonsense and
mathematical reasoning settings. The mean scale remains
close to 1, while the effective range changes across layers and
training data.

5 Related Work
5.1 Parameter-Efficient Fine-Tuning
Recent advancements in PEFT focus on reducing the number of
trainable parameters while maintaining performance. Low-rank
approaches such as LoRA [16] and AdaLoRA [58] adapt pre-trained
weights through additive low-rank updates, while scaling-based
methods including IA3 [28] and LNTuning [60] employ lightweight
gating to modulate activations under strict parameter constraints.
Structured PEFT approaches, such as OFT [39] and Bone [21], fur-
ther constrain the update space by enforcing geometric proper-
ties, whereas spectral-domain methods like FourierFT [10] perform

adaptation via frequency-based transformations of model repre-
sentations. In addition, RoSA [36] is motivated by the structure of
RoPE and proposes RoPE-aware selective adaptation by emphasiz-
ing low-frequency attention components. Compared with RoSA,
which applies static RoPE-aware selection, DyPAM generates input-
conditioned modulation over query and key dimension pairs. In
contrast to these approaches, our method explicitly models fine-
grained, input-conditioned modulation within attention, enabling
structure-aware adaptation.

5.2 Structured Modeling in Transformer
Transformer attention has been recognized for its structural hetero-
geneity, with different attention heads specializing in various se-
mantic or syntactic aspects of the input [40]. Recent works have an-
alyzed head-level specialization and layer-wise differences, demon-
strating that attention heads should not be treated uniformly [49,
59]. Beyond language modeling, attention- and frequency-aware
designs have also been widely adopted in spatiotemporal model-
ing [19, 30] and financial prediction [50, 52], further underscoring
the value of structure-aware mechanisms. Positional encodings, par-
ticularly in RoPE and its variants, are not just external biases but
integral to the attention computation, providing a way to model rel-
ative positional relationships more effectively [13]. Newer methods,
such as ComRoPE [55], introduce dynamic and input-conditioned
positional encodings, enhancing the flexibility of position represen-
tations in transformers. RoSA [36] is also motivated by the structure
of RoPE and explores selective adaptation of attention components
guided by frequency characteristics. While these studies highlight
the structured and positional nature of attention, they largely rely
on static or coarse-grained mechanisms, motivating the need for
fine-grained and input-conditioned modulation within attention.

6 Conclusion
In this work, we introduce DyPAM, a PEFT method that adapts
LLMs by modulating positional attention in a fine-grained and
structured manner. Motivated by heterogeneous attention behav-
ior across dimensions, heads, layers, and input tokens, DyPAM
operates directly on the query and key representations and aligns
adaptation with the RoPE-induced positional structure. It jointly
models input-conditioned, dimension-wise and head-wise, layer-
wise structural modulation, providing a principled approach to
adapting positional attention within the PEFT paradigm. By re-
shaping how positional information influences attention, DyPAM
adjusts the way dependencies are formed across tokens, which is
consistent with its gains on tasks that rely on multi-step and rela-
tional reasoning. Extensive experiments across mathematical and
commonsense reasoning benchmarks demonstrate that DyPAM
consistently outperforms strong PEFT baselines. Future work will
further optimize the runtime implementation and extend DyPAM
across diverse architectural mechanisms.
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A Attention Activation Patterns
A.1 Effect of Positional Encoding Schemes
To verify that the heterogeneous attention behavior motivating
DyPAM is tied to the positional encoding mechanism, we compare
query activation patterns across models using different positional
encodings, including RoPE, ALiBi, and learned positional embed-
dings. Specifically, we visualize query representations from LLaMA-
3.2-3B, BLOOM-560M, and OPT-350M under a unified scheme cov-
ering all attention dimensions (Figure 7). RoPE-basedmodels exhibit
structured, dimension-dependent activation patterns, whereas mod-
els using ALiBi or learned positional embeddings display substan-
tially more homogeneous behavior across dimensions, supporting
our focus on RoPE-induced positional structure.
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Figure 7: Cross-model comparison of query activation pat-
terns across layers and attention dimensions. RoPE-based
LLaMA-3.2-3B shows structured, dimension-dependent pat-
terns, while ALiBi-based BLOOM-560M and OPT-350M with
learned embeddings are more homogeneous.
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Figure 8: Token-type activation patterns across layers and
attention dimensions for LLaMA-3.2-3B, BLOOM-560M, and
OPT-350M. Token-dependent variation is most pronounced
in the RoPE-based model.

A.2 Token-Dependent Activation Patterns
We further examine token-dependent variation in attention acti-
vations. We visualize query activations conditioned on different
token types and input contexts, extending the analysis of Fig. 1(c,d)
to multiple models (Figure 8). In the RoPE-based model, different
tokens induce systematically different activation patterns, while
such token-dependent structure is less pronounced under alterna-
tive positional encoding schemes. These observations motivate the
input-conditioned, token-level component of DyPAM.

B Experimental and Implementation Details
All experiments reported in the main paper use a primary random
seed of 2333, with additional runs using seeds 1000, 2000, 3000, and
4000 to assess statistical significance and reproducibility. Training
employs mixed-precision (BF16) and DeepSpeed [41] with ZeRO
Stage 1. A randomly selected validation set of 300 samples from the
training data is used for checkpoint selection, and the checkpoint
with the lowest validation loss is used for testing.

The default hyperparameter settings are summarized below:
• Optimizer: AdamW; learning rate 1 × 10−3 with cosine schedule;
warmup ratio 0.05; weight decay 0.

• Batch size: 2 (gradient accumulation steps of 2); max sequence
length: 2048.

• Modulation feature dimension 𝑑𝑒 = 64; low-rank projection rank
𝑟 = 128; modulation strength 𝛼 = 0.3.
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Table 4: Statistics of the training datasets for commonsense
and mathematical reasoning tasks.

Dataset Samples Total Tokens Avg. Tokens/Sample

Math10K 9,919 2,273,016 229.16
Commonsense15K 15,119 1,778,782 117.65

Table 5: Statistics of Mathematical Reasoning Test Datasets.

Dataset Samples Answer Type

MultiArith 600 Numeric
GSM8K 1,319 Numeric
AddSub 395 Numeric
AQuA 254 Multiple Choice (A–E)
SingleEq 508 Numeric
SVAMP 1,000 Numeric
MAWPS 238 Numeric

B.1 Software and Environment
The software environment uses PyTorch 2.7.0, DeepSpeed 0.18.4,
NumPy 2.2.6, PEFT 0.18.1, Transformers 4.51.0, Tokenizers 0.21.4,
and CUDA 12.8. Experiments run on Ubuntu 24.04 LTS with an
Intel Xeon Gold 6330 CPU, an NVIDIA GeForce RTX 4090 GPU,
and 512GB RAM. For baseline methods, except for extremely low-
parameter approaches, we match the number of trainable parame-
ters to a comparable scale; all other hyperparameters follow their
default configurations from the PEFT library [32] or the original im-
plementations. Detailed implementation and datasets can be found
in our codebase3.

C Dataset Details
We use two instruction-tuning datasets from the LLM-Adapters
benchmark suite [17]: Math10K for math word problems with
step-by-step solutions and Commonsense15K for commonsense
reasoning questions normalized into a consistent instruction format.
Statistics are summarized in Table 4.

We evaluate onwell-established commonsense andmathematical
reasoning benchmarks; detailed statistics are in Table 5 (Mathemat-
ical) and Table 6 (Commonsense).
a) Mathematical Reasoning: MultiArith [42] (multi-step arith-
metic), GSM8K [9] (grade-schoolmulti-step reasoning), AddSub [15]
(addition/subtraction), AQuA [27] (algebraic problems with ratio-
nales), SingleEq [22] (equation-tree parsing), SVAMP [37] (struc-
tural variations), and MAWPS [23] (unified word-problem bench-
mark).
b) Commonsense Reasoning: BoolQ [6] (yes/no QA), PIQA [4]
(physical commonsense), SIQA [44] (social commonsense), ARC-
Challenge/ARC-Easy [8] (science QA), OBQA [34] (open-book sci-
ence QA), HellaSwag [57] (adversarial NLI), and WinoGrande [43]
(pronoun resolution).

3https://github.com/Beihang-BIGSCity/DyPAM

Table 6: Statistics of Commonsense Reasoning Test Datasets.

Dataset Samples Answer Format

BoolQ 3,270 true / false
PIQA 1,838 solution1 / solution2
SIQA 1,954 answer1 / answer2 / answer3
ARC-Challenge 1,172 answer1 / answer2 / answer3 / answer4
ARC-Easy 2,376 answer1 / answer2 / answer3 / answer4
OBQA 500 answer1 / answer2 / answer3 / answer4
HellaSwag 10,042 ending1 / ending2 / ending3 / ending4
WinoGrande 1,267 option1 / option2

Table 7: Inference overhead of DyPAM compared with the
base model and representative PEFT baselines on LLaMA-
3.2-3B. Latency is reported per token. The per-token value is
lower at batch size 32 because more tokens are processed in
parallel.

Method BS=1 (ms/tok) BS=32 (ms/tok) Mem (GB) FLOPs overhead

Base 14.49 0.49 6.00 —
LoRA (unmerged) 27.64 1.52 6.06 73.0M (+1.13%)
RoSA 22.40 1.45 6.03 34.9M (+0.54%)
DyPAM (ours) 24.98 1.49 6.06 66.1M (+1.03%)

D Evaluation Protocol and Metrics
All model outputs are generatedwith greedy decoding (do_sample=
False, max_new_tokens=256) via the generate() API in Hugging
Face Transformers, using the unified instruction template below.

<s>Below is an instruction that describes a task. Write a
response that appropriately completes the request.
### Instruction:
{instruction}

### Response:

Predictions are extracted with task-specific regular expressions:
for mathematical reasoning, numerical answers (absolute toler-
ance 10−3) or alphabetic choices (A–E) for AQuA; for common-
sense reasoning, exact-match answers (true/false and option labels)
against ground-truth labels. All extraction and accuracy computa-
tion scripts are provided in our codebase.

E Inference Overhead
We report the inference overhead of DyPAM against the base model
and representative PEFT baselines in Table 7, measured on LLaMA-
3.2-3B. DyPAM adds 1.03% FLOPs overhead, lower than unmerged
LoRA (1.13%), as it avoids low-rank updates to all linear layers and
the per-token modulation introduces only a small cost. DyPAM is
about 10% faster than unmerged LoRA at batch size 1 and compa-
rable at batch size 32, with negligible memory overhead. Unlike
LoRA, DyPAM cannot be merged into the backbone weights due to
its input-conditioned design, but the overhead remains controlled
and can be further reduced with optimizations such as KV-cache
reuse and kernel fusion.
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