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Abstract

Although Large Language Models (LLMs)
have achieved remarkable success in Machine
Translation (MT), a significant performance
gap persists between high-resource and low-
resource languages due to imbalanced pre-
training data. In this paper, we first investigate
the internal mechanisms driving this perfor-
mance disparity from a layer-wise perspective.
We propose a metric termed Activation Dispar-
ity (A R) to quantify the activation divergence
between high- and low-resource MT. Based
on this metric, we distinguish between Task-
Adaptive Layers (TAL, AR > 0) that encode
task-specific signals and Legacy-Inert Layers
(LIL, AR < 0) dominated by pre-trained bias.
Leveraging this finding, we propose the Layer-
aware Dual-directional Modulation (LaDM).
Integrated with Low-Rank Adaptation (LoRA),
LaDM employs a sparse strategy to bidirection-
ally modulate optimization dynamics. Specif-
ically, it amplifies contributions from TAL
to accelerate feature consolidation while in-
hibiting LIL to dampen misaligned legacy bi-
ases. Extensive experiments on Chinese-to-
seven low-resource language translation using
Llama-3.1, Qwen2.5, and Gemma-2 demon-
strate that LaDM significantly outperforms
standard LoRA fine-tuning, achieving an av-
erage improvement of 1.73 spBLEU. Code is
available at https://github.com/zzssqqq/
LaDM.

1 Introduction

Large Language Models (LLMs) have demon-
strated excellent performance in Machine Trans-
lation (MT) (Jiao et al., 2023; Zhang et al., 2025).
This success stems from the cross-lingual capa-
bilities that emerge during the pre-training phase
from massive data (Wang et al., 2024; Hua et al.,
2024; Conneau et al., 2020). Based on this, LLMs
can achieve high-quality results with parameter-
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Infrared images show that
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locations are likely caves.
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Figure 1: The Phenomenon of activation disparity in
MT. Compared to the High-Resource Anchor (zh-en),
the Low-Resource MT (zh-lo) exhibits a significant
divergence. We term this gap Activation Disparity
(AR). The intermediate layers show a negative dispar-
ity (AR < 0), identifying them as Legacy-Inert Layers
(LIL) dominated by pre-trained bias. Conversely, deeper
layers show a positive disparity (AR > 0), identifying
them as Task-Adaptive Layers (TAL) that struggle to
encode fragile task-specific signals.

efficient fine-tuning (PEFT) (Zhu et al., 2024; Chen
et al., 2023a; Jiang et al., 2026).

Although LLMs have achieved remarkable per-
formance in MT, a significant gap persists between
high- and low-resource languages (Li et al., 2025;
Hendy et al., 2023). This gap is attributed to
imbalances within the pre-training datasets (Luo
et al., 2025). From an interpretability perspective,
such disparity may manifest as representational di-
vergence across specific layers or components of
LLMs. Consequently, a critical question arises:
How to identify the divergence across LLM layers
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between high and low-resource languages MT?
Extensive works have established that different
LLM layers exhibit distinct functional roles (Yang
et al., 2025; Belrose et al., 2025; Song et al., 2025).
These works reveal that layers specialize in captur-
ing distinct hierarchical linguistic and semantic fea-
tures. From the perspective of layer-wise special-
ization, we investigate the functional divergence
between low- and high-resource MT. We conduct a
preliminary layer-wise analysis and observe a clear
divergence in activation patterns between low- and
high-resource MT. As illustrated in Figure 1, we
observe that the model exhibits a distinct internal
activation disparity under low-resource settings. To
quantify the activation divergence between high-
and low-resource MT, we introduce a metric named
Activation Disparity (AR). Based on this metric,
we categorize layers into Task-Adaptive Layers
(TAL, AR > 0), which capture task-specific infor-
mation, and Legacy-Inert Layers (LIL, AR < 0),
which retain a dominance of pre-trained bias.
Leveraging these findings, we propose the
Layer-aware Dual-directional Modulation (LaDM).
LaDM introduces learnable latent gating param-
eters to derive differentiable modulation factors,
which adaptively regulate the magnitude of layer
outputs. Integrated with Low-Rank Adaptation
(LoRA), structurally differentiates optimization dy-
namics. LaDM amplifies TAL to consolidate criti-
cal features, while inhibiting LIL to dampen mis-
aligned pre-trained biases. This distinct control
strategy reduces interference, explicitly empow-
ering the adapters to enhance task-specific repre-
sentations. Extensive experiments on Chinese-to-
Target translation across seven low-resource pairs
using Llama-3.1, Qwen2.5, and Gemma-2 confirm
LaDM’s effectiveness, demonstrating an average
improvement of 1.73 spBLEU points over the stan-
dard LoRA. Our method significantly outperforms
PEFT baselines, effectively validating its capacity
to overcome pre-training bias in data-scarce scenar-
10s. Our contributions are summarized as follows:

* We propose a detection method based on Ac-
tivation Disparity (AR) and observe a func-
tional divergence across layers. We identify
that while TAL exhibit high engagement, LIL
show an activation deficit and are dominated
by legacy biases.

* we propose the LaDM and integrate it into
mainstream PEFT methods. Our framework
strengthens task-relevant representations in

TAL while implementing an inhibitory mech-
anism to suppress legacy biases in LIL.

* We conduct extensive experiments showing
our method outperforms uniform and weight-
decomposed fine-tuning baselines. Results on
Llama-3.1, Qwen2.5, and Gemma-2 across ex-
tremely low-resource language pairs demon-
strate that LaDM significantly enhances per-
formance compared to standard PEFT meth-
ods.

2 Functional Localization of Layer in
Low-Resource MT

This section locates the critical layers for the pro-
cessing differences between high- and low-resource
MT based on the analysis of layer divergence.
We utilize neuron-level probing to pinpoint MT-
sensitive components within attention and MLP
blocks. And introduce Activation Disparity (AR)
as a metric to quantify the relative difference in a
layer’s functional involvement between high- and
low-resource MT.

2.1 Identifying MT-Sensitive Modules

To identify which neural components drive task
adaptation during translation, we quantify the
functional engagement of core sub-modules using
the Accumulated Activation Intensity (I,ln). Here,
m € {MLP, @, K, V, O} denotes the specific sub-
module within layer [. Specifically, we employ a
hook-based mechanism to extract the hidden states
hyy, € Rimotel We calculate the accumulated inten-
sity I', by accumulating the proportion of activated
neurons across the full translation context:

T ddim
Il = Z( > I mt>o> (1)

d
dlmi 7

where 7' denotes the length of the generated se-
quence, dgi, represents the dimension of sub-
module m, and I(-) is the indicator function for
active neurons. A higher I!, indicates that the com-
ponent is persistently engaged in processing the
linguistic information flow.

Based on this, we distinguish MT-sensitive mod-
ules by analyzing their activation patterns across
the model’s depth. We quantify this sensitivity by
calculating the Cross-Layer Activation Variance

(02):

=2 (B [1)] - 1), @
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where E,.p[I!,(z)] denotes the expected activa-
tion intensity of module m at layer [ over the
dataset D, and I,,, represents the global average
intensity across all L layers.

Finally, we identify the primary MT-sensitive
module 7 by selecting the component that maxi-
mizes this cross-layer variance:

m= argmaxmeMa?n, 3)

where M represents the set of candidate sub-
modules defined previously. We target m for fine-
tuning, identifying it as the most task-sensitive com-
ponent across layers.

2.2 Locating Task-Adaptive and Legacy-Inert
Layers

We propose a layer-wise categorization method
based on neuron activation patterns. For each layer
[, we measure the activation behavior of a target
module 1 by defining the activation ratio r'(x)
for a sequence x as the proportion of neurons in Mm
that have positive cumulative activation:

rl(x) =

1 dpm T
L3 (S as) @
moi=1 t=1

where d,; denotes the hidden dimension of module
m, and hé,t,m represents the post-activation output
of the i-th neuron at time step ¢ in layer /. We then
define the Activation Disparity (AR') to com-
pare neuron engagement between low-resource MT
(Dr) and high-resource MT (Dgy):

AR = Ex~p, {rl(x)} — Ex~p, [rl(x)} . 9

Based on AR!, we categorize layers into two
distinct functional types:

Task-Adaptive Layers (TAL, AR! > 0): These
layers exhibit increased neuron engagement. The
higher activation suggests that the model recruits
more neurons to acquire new task-specific features
required for the low-resource MT.

Legacy-Inert Layers (LIL, AR' < 0): These lay-
ers show reduced activation levels. This indicates a
heavy reliance on general, pre-trained knowledge,
suggesting that these layers fail to adapt effectively
to the specific characteristics of the target task.

To validate this categorization, we further intro-
duce the Entropy Gap (A H) based on the Singular
Value Decomposition (SVD) of hidden states. De-
fined as AH = H(Dy) — H(Dpg), a positive en-
tropy gap (AH > 0) suggests that representations

in the low-resource setting are less concentrated
than those in the high-resource setting. We take
this as a sign that LIL are less effective at forming
compact task-relevant representations.

2.3 Empirical Analysis

This section provides empirical evidence for the
layer-wise differentiation of LLMs during low-
resource MT.

Identification of MT-Sensitive Modules. As
shown in Figure 2, different sub-modules exhibit
distinct layer-wise activation profiles (Ifn). The
attention sub-modules (Q, K, V, O) remain rela-
tively stable across layers. In contrast, the MLP
sub-modules exhibit much larger variation. This
difference suggests that MLPs are more sensitive
to layer-wise functional changes, motivating our
subsequent analysis of MLP sub-modules.
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Figure 2: Layer-wise accumulated activation intensity

(I',) of Llama-3.1 sub-modules. The attention sub-

modules (Q/K/V/O) remain relatively stable across lay-
ers, whereas the MLP sub-module exhibits much larger
variation.

Activation and Entropy Patterns across TAL
and LIL. Figure 3 shows the layer-wise variation
in the neuron activation ratio (1), providing sup-
porting evidence for the TAL/LIL categorization
introduced in Section 2.2. As shown in Figure 3,
TAL are associated with positive activation dis-
parity (AR' > 0), indicating higher neuron en-
gagement in the low-resource setting than in the
high-resource anchor. In contrast, the middle layers
identified as LIL show negative activation disparity
(AR! < 0), reflecting lower neuron engagement in
the low-resource setting.

As shown in Figure 4, AH in TAL remains rela-
tively stable or slightly decreases. By contrast, the
LIL region is associated with higher entropy gap
values. This pattern suggests that representations in
LIL are less concentrated than those in TAL under
the low-resource setting.
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Figure 3: Layer-wise neuron activation ratio (') across
Llama-3.1 layers for several language pairs. Compared
with the high-resource anchor (zh-en), low-resource
settings tend to show lower activation in middle layers
and higher activation in deeper layers.
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Figure 4: Layer-wise entropy gap (A H) across Llama-
3.1 layers. Values represent the mean entropy difference
between the low-resource language set (zh-lo, zh-km,
zh-bn) and the high-resource anchor (zh-en). The LIL
region (green) is associated with higher entropy gap val-
ues, whereas the TAL region (yellow) remains relatively
stable.

3 Layer-aware Dual-directional
Modulation Framework

Building upon the functional divergence identified
in Section 2, we propose the Layer-aware Dual-
directional Modulation (LaDM). LaDM intro-
duces a hierarchical control mechanism that adap-
tively regulates information flow based on layer-
specific functional priors. We adopt a Top-k selec-
tion in which modulation is applied only to the k&
layers with the largest positive AR for amplifica-
tion and the k layers with the most negative AR
for inhibition, while intermediate layers remain
unmodulated to preserve stability.

3.1 Latent Gating Parameters

To achieve differentiable control over layer engage-
ment, we introduce a set of learnable latent gating
parameters, denoted as g; € R, for each selected
layer [. Unlike direct scalar multipliers, g; serves

as an unconstrained control variable governing the
potential of a layer’s contribution.

We employ a category-aware initialization strat-
egy for g; based on the layer’s functional grouping.
Specifically, for layers in Star. (where AR! > 0),
g is initialized to a near-neutral value. This posi-
tioning allows for flexible, bidirectional optimiza-
tion, enabling the model to freely amplify or fine-
tune these critical signals. In contrast, for layers
in Sy (where AR! < 0), we adopt a conservative
initialization strategy with a lower gate value. This
differential setting functions as a soft constraint.
This soft constraint dampens misaligned legacy bi-
ases, ensuring they do not interfere with the emer-
gence of compensatory optimization dynamics.

3.2 Layer-wise Modulation Factors

The latent parameter g; is transformed into an ex-
plicit modulation factor a!. To prevent training
instability, we bound the scaling factors using lin-
ear interpolation on the sigmoid activation o(g;).

Let Ramplity = [Dmin, bmax] be the amplification
range and Rinhibit = [Mmin, Mmax] be the inhibition
range. The modulation factor is defined as:

bmin"’(bmax_bmin)o'(gl) l S 8TAL7
al = mmax_(mmax_mmin)o-(gl) le SLIL7 (6)
1 otherwise.

For Star, higher gate activation drives ol toward
bmax, boosting the layer’s contribution. Crucially,
for Sy, we implement an inverse control mecha-
nism: higher gate activation drives ol toward My,
imposing stronger suppression. This allows the
model to learn the optimal degree of dampening
for these inert layers via gradient descent.

3.3 Integration with LoRA and Optimization
Dynamics

We integrate the modulation factors into the LoRA
architecture. LaDM acts as a structural gate for the
output of the FFN sub-module. Formally, given
the input x, the frozen pre-trained weights Wy, and
low-rank adapters B, A, the modulated forward
pass is:

h! = o (Wox n %BAX) . %)

Optimization and Gradient Scaling. A critical
advantage of LaDM lies in how the gating parame-
ters reshape the optimization landscape. The scalar
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! is jointly optimized with the adapter parame-
ters Oora = {A, B}. Considering the gradient
dynamics:

oL, [OL ,

This dependency establishes a self-regulating
feedback loop that differentiates optimization
strategies according to specific layer roles. For
TAL where o/ > 1, The modulation acts as sig-
nal amplification. By scaling up the forward pass,
the effective learning rate for these layers is in-
creased, accelerating the convergence of adapters
to consolidate task-critical features. In contrast, For
LIL where 0 < o! < 1, The modulation imposes
inertia inhibition. By scaling down the forward
pass, LaDM explicitly suppresses the dominance of
the frozen representations (WWyx) which are identi-
fied as having negative functional divergence. This
dampening effect reduces the interference of mis-
aligned pre-trained biases on subsequent layers.
Consequently, the optimization process is struc-
turally encouraged to rely more heavily on the adap-
tive parameters 6 ,ra to reconstruct task-relevant
representations, effectively shifting the layer’s be-
havior from preserving legacy inertia to learning
new task-specific alignments.

4 Experimental Analysis

4.1 Experimental Setup

Datasets and Benchmarks. We evaluate our
method on Chinese-to-Target (Zh — X) transla-
tion across seven language pairs. Training data
is sourced from the Asian Language Treebank
(ALT) (Riza et al., 2016) and NLLB (Costa-Jussa
et al., 2022) corpora. To simulate a standardized
low-resource setting, we subsample datasets to
20k sentence pairs per direction. Target languages
are categorized into two groups based on resource
scarcity: Extreme Low-Resource (Khmer [km], Lao
[1o], Burmese [my]) and Moderate Low-Resource
(Vietnamese [vi], Hindi [hi], Serbian [sr], Ben-
gali [bn]). For evaluation, we employ the FLORES-
200 (Costa-Jussa et al., 2022) as the test set.

Baselines and Backbones. To assess architec-
tural generalization, we conduct experiments using
three LLMs: Llama-3.1-8B-Instruct (Dubey et al.,
2024), Qwen2.5-7B-Instruct (Team et al., 2024b),
and Gemma-2-9b-it (Team et al., 2024a). We
benchmark LaDM against standard PEFT methods,
specifically LoRA (Hu et al., 2022) and DoRA (Liu

et al., 2024a). For LoRA, we examine two con-
figurations: (1) LoORA-MLP, which adapts only
the MLP modules (Wyate, Waup, Waown); and (2)
LoRA-All, which applies adaptation to all lin-
ear projections, including attention (W 1. ,, ,) and
MLPs. LaDM is added to the two LoRA configu-
rations to isolate the gains attributed to our layer-
aware modulation. For additional LoRA variants
used in our experiments, we use the same training
setup as LoRA-AIl unless otherwise specified, in-
cluding the optimizer, learning rate, batch size, and
target module scope.

Implementation Details. All models are fine-
tuned on 8 x NVIDIA A40 GPUs with a batch size
of 4 and a learning rate of 1 x 10~°. For LoRA-
based methods, we use rank r = 8, LoRA scaling
factor o = 16, and dropout 0.05. DoRA follows
the same target-module setting as LoRA-All. For
LaDM, we apply modulation to the top-3 layers ex-
hibiting the highest positive A R (for amplification)
and the top-3 layers with the most negative AR
(for inhibition). The latent gating parameters are
initialized to g = —0.3 for amplification and g =
—1.0 for inhibition. Given the sensitivity-tuned
modulation ranges of Rampiity = [1.03,1.07] and
Rinhibic = [0.91,0.96], this initialization sets the
starting scaling factors to approximately a ~ 1.05
and a =~ 0.95, respectively. This ensures a conser-
vative start closer to identity before optimization
dynamics diverge.

Evaluation Metrics.Translation quality is assessed
using spBLEU (Costa-Jussa et al., 2022) and
ChrF (Popovi¢, 2015). This combination provides
a robust evaluation of both token-level lexical pre-
cision and character-level morphological fluency.

4.2 Main Results

The experimental results across seven language
pairs and three model architectures consistently
validate the efficacy of LaDM. As shown in Ta-
ble 1, LaDMy s achieves superior performance
across almost all metrics, yielding average sp-
BLEU gains of +3.51, +0.89, and +1.00 over the
LoRA-AIll on Llama-3.1, Qwen2.5, and Gemma-
2, respectively, and surpassing the stronger DoRA
baseline. These consistent improvements suggest
that LaDM’s layer-aware modulation enables more
effective task-specific adaptation across different
backbones. A closer analysis on Llama-3.1 further
shows that for language pairs where the base model
is already strong (zh-hi and zh-bn), standard PEFT
methods can underperform the zero-shot baseline,
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Med zh-lo zh-my zh-km zh-vi zh-sr zh-hi zh-bn Avg
Llama-3.1-8B-Instruct
Base 1.35/17.2 273/18.66 5.29/23.61 27.29/45.98 13.97/31.67 18.45/40.21 13.52/34.64 11.80/30.28
LM 3.92/2342 2.61/27.32 10.77/23.42 23.86/44.61 14.47/39.08 13.01/34.77 7.54/29.21 10.88/31.69
LA 5.55/28.06 3.29/28.68 10.08/31.47 28.23/48.31 15.67/40.12 13.89/35.40 10.40/31.98 12.44/34.86
DA 8.97/31.01 5.21/32.57 13.43/33.49 24.68/45.74 15.24/39.77 14.21/36.72 8.85/29.94 12.94/35.61
LaDMpnm 10.05/31.88 5.85/28.68 12.13/32.76 25.05/46.00 19.19/42.95 14.10/36.00 10.43/32.03 13.83/35.76
LaDMra 13.83/35.33 8.67/39.63 13.99/34.65 29.15/49.13 20.16/43.76 14.78/37.17 11.06/32.44 15.95/38.87
Owen2.5-7B-Instruct
Base 1.84/15.73 196/23.29 3.93/21.93 19.42/42.26 7.60/2996 2.53/14.80 4.49/2094 597/24.13
LM 11.18/32.69 6.69/32.88 10.57/29.17 27.85/48.42 14.16/38.18 13.27/34.75 8.99/28.04 13.24/34.88
LA 10.78 /32.40 6.03/32.41 12.70/33.21 28.49/48.66 14.07/38.09 13.29/34.65 8.82/27.20 13.45/35.23
DA 11.94/31.01 6.90/32.57 13.49/33.49 27.42/45.74 14.08/39.77 13.71/36.72 8.10/29.94 13.66/35.61
LaDMrm 12.29/34.15 7.23/39.06 14.01/34.88 29.01/48.96 14.47/38.85 13.70/3534 9.41/28.28 14.30/37.07
LaDMpa 12.43/34.24 7.37/39.09 14.02/34.97 29.12/48.88 14.53/38.49 13.50/35.16 9.40/28.85 14.34/37.10

Gemma-2-9b-it

Base 4.08/19.29 5.71/2799 8.02/27.48 28.57/49.73 16.31/35.86 16.88/34.80 12.07/27.66 13.09/31.83
LM 14.89/36.68 9.49/40.43 16.30/36.97 29.82/49.48 20.06/43.57 20.27/41.16 16.97/37.34 18.26/40.80
LA 14.96/36.86 9.39/40.27 16.14/36.67 30.26/49.91 19.79/43.21 20.61/41.75 16.72/36.88 18.27/40.79
DA 15.31/37.44 9.24/40.64 16.83/37.70 31.15/51.27 21.01/45.57 21.37/42.04 17.53/38.27 18.92/41.85
LaDMprm 15.66/37.54 9.13/40.96 17.23/37.75 31.36/51.75 21.33/45.80 21.94/42.97 17.93/38.44 19.23/42.17
LaDMrpa 15.83/37.57 9.45/41.44 17.13/37.67 31.32/51.72 21.41/45.86 22.01/42.91 17.76/38.42 19.27/42.23

Table 1: Translation performance (spBLEU / ChrF) across seven language pairs. Methods are denoted as: Base
(Zero-shot), LM (LoRA-MLP), LA (LoRA-All), DA (DoRA), LaDMr (LaDM + LoRA-MLP), and LaDM, o
(LaDM + LoRA-All). Bold denote the best performance among fine-tuned models.

likely due to forgetting caused by fine-tuning on
limited low-resource data. In contrast, LaDM sub-
stantially mitigates this regression and consistently
outperforms the standard PEFT baselines in such
sensitive settings; for example, on zh-km, LaDMy o
achieves a +3.91 spBLEU gain over LoRA-AlL
Overall, LaDM’s layer-aware structural modula-
tion acts as an effective regularizer, leading to more
stable and effective adaptation.

4.2.1 Comparison with Other LoRA Variants

To further compare LaDM with recent parameter-
efficient fine-tuning methods, we evaluate
it against two representative LoRA variants,
VeRA (Kopiczko et al., 2023) and AFLoRA (Liu
et al., 2024b), on three low-resource translation
directions: zh-lo, zh-km, and zh-bn. Table 2
reports the results on Qwen2.5-7B-Instruct. VeRA
exhibits limited effectiveness in these settings,
indicating that fixed random projections may be
inadequate for the fine-grained representational
adjustments required in low-resource machine
translation. In contrast, AFLoRA provides a
substantially stronger baseline and consistently
improves over standard LoRA-All. LaDMjya

Method zh-lo zh-km zh-bn

1.84/15.73 3.93/21.93
10.78 /32.40 12.70/33.21
0.71/10.26  3.01/20.10
12.41/34.14 13.64/34.64
12.43/34.24 14.02/34.97

4.49/20.94
8.82/27.20
2.45/18.78
8.85/27.63
9.40/28.85

Base
LoRA-All
VeRA
AFLoRA
LaDMpa

Table 2: Translation performance (spBLEU / ChrF)
across three low-resource translation directions (zh-lo,
zh-km, and zh-bn) on Qwen2.5-7B-Instruct. Methods
include Base (Zero-shot), LoORA-All, VeRA, AFLoRA,
and LaDMp,p (LaDM + LoRA-All). Bold denotes the
best performance in each translation direction.

achieves the best overall performance across the
three language directions. In particular, it remains
competitive on zh-lo and further improves over
AFLoRA on zh-km and zh-bn. These results show
that LaDM provides additional gains over existing
PEFT methods in severely low-resource settings.

4.3 Further Analysis

4.3.1 Impact of Randomized and Reversed
Modulation

To verify whether the efficacy of LaDM stems
from its precise layer-wise targeting, we conduct
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Model Pair [LaDMps| LaDMRgang LaDMge. Method zh-lo zh-km zh-bn
zh-lo| 13.83 | 0.07 (199.5%) 4.83 (165.1%) Base 1.35/17.20 5.29/23.61 13.52/34.64
L3 zh-km| 13.99 | 0.06 (]99.6%) 0.07 (199.5%) LoRA-All 5.55/28.06 10.08/31.47 10.40/31.98
zh-bn| 11.06 | 10.18 ({8.0%) 0.05 (]99.5%) Layer-wise LR 12.18/33.72 13.23/33.36 10.77/32.23
Q2 zh-km|  14.02 13.13 (16.3%) 13.72 (12.1%) Ex.treme—a 10.70/31.63 12.03/32.62 9.58/30.33
zh-bn 9.40 8.98 (J4.5%) 8.65 (]8.0%) Mid-« 10.74 /31.50 13.56/33.67 10.70/31.77
LaDMypa 13.83/35.33 13.99/34.65 11.06/32.44
zh-lo | 15.83 |[15.46 ({2.33%) 15.54 (1.83%)
G2 zh-km| 17.13 |17.06 (J0.41%) 16.98 (]0.86%) ) . . . .
zh-bn| 17.76  [17.47 (J1.63%) 17.23 (12.98%) Table 4: Comparison with static gradient-control base-

Table 3: Effect of randomized and reversed variants of
LaDM;y, 4. L3, Q2, and G2 denote Llama-3.1, Qwen2.5,
and Gemma-2, respectively. Each cell reports spBLEU,
followed by the relative drop from LaDMy, a.

a sensitivity analysis by introducing randomized
(LaDMRanq) and reversed (LaDMg,, ) variants of
LaDMy, 5. As shown in Table 3, the results reveal
clear differences across model architectures in their
sensitivity to perturbation. While Qwen2.5 and
Gemma-2 exhibit robustness, Llama-3.1 suffers a
catastrophic collapse, confirming its extreme sen-
sitivity to layer-wise intervention. Crucially, on
Llama-3.1, LaDMRg,q results in near-zero perfor-
mance, even worse than LaDMge,,. This suggests
that random selection disrupts critical backbone
layers that LaDM leaves unmodulated. Therefore,
precise layer targeting is strictly necessary to pre-
vent model collapse, rather than being an optional
improvement.

4.3.2 Comparison with Static Gradient
Reweighting

We further complement our evaluation with com-
parisons against static gradient-control baselines
across three translation directions: zh-lo, zh-km,
and zh-bn. Specifically, we consider two types of
static baselines. The first uses layer-wise learning-
rate tuning, assigning a larger learning rate to TAL
layers and a smaller one to LIL layers. The second
applies fixed TAL/LIL scaling to LoRA updates,
using several preset coefficient configurations de-
rived from Eq. (6), including Init-«, Extreme-c,
and Mid-a.

As shown in Table 4, static gradient-control
baselines consistently outperform standard LoRA-
All, suggesting that non-uniform update allocation
across layers is beneficial for translation adaptation.
However, LaDM consistently outperforms all static
baselines. This suggests that its gains cannot be ex-
plained solely by fixed reweighting of gradients or
LoRA updates. Instead, the gains of LaDM appear

lines on Llama-3.1-8B. Layer-wise LR uses TAL/LIL
learning-rate multipliers of x2.0/ x 0.5. Init-a,
Extreme-«, and Mid-a denote fixed TAL/LIL scaling
settings of 1.05/ 0.95, 1.07 / 0.91, and 1.05 / 0.935.
Bold denotes the best performance in each translation
direction.

to stem from dynamic layer-wise modulation dur-
ing training. Rather than relying on fixed scaling
rules, LaDM adjusts layer contributions throughout
training.

4.3.3 Layer-wise Representation Change

We employ Linear Centered Kernel Alignment
(CKA) (Nakai et al., 2025) to measure represen-
tational similarity between the fine-tuned model
and the frozen base model. As shown in Figure 5,
LaDM maintains lower CKA similarity than LoRA
across most layers, indicating greater representa-
tional deviation from the base model. The gap is
most evident in the deeper layers, where Vanilla
LoRA stays relatively close to the base represen-
tation. This pattern is consistent with the view
that standard PEFT tends to preserve more of the
original representation, whereas LaDM encourages
stronger representational adaptation in later layers.

1.0 Vanilla LoRA vs Base
LaDM vs Base
0.8
2
806
£
o
go4
o
0.2
0.0
0 5 10 15 20 25
Layer Index

Figure 5: Layer-wise CKA similarity for Llama-3.1-8B
on zh-km. Lower values indicate larger representational
changes relative to the base model.
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4.3.4 Parameter Update Intensity Analysis

To examine how modulation affects parameter up-
dates, we measure update intensity using the Frobe-
nius norm |[AW||r of the LoRA weights. As
shown in Figure 6, LaDM produces larger parame-
ter updates than Vanilla LoRA in the selected lay-
ers, with the strongest increase observed in the LIL
layers. The model-level average update magnitude
is also higher under LaDM. This pattern suggests
that layer-wise modulation increases the magnitude
of parameter updates in the selected TAL/LIL lay-
ers, with the strongest effect observed in the LIL
layers.

Vanilla LoRA

Ours (TAL)

ours (LIL)

Vanilla LoRA Avg (All Layers)
= Ours Avg (All Layers)

Parameter Change Magnitude [|AW||
O o FH F N N W W A

o in o W o u» o b o
T 2 T 2T 2 49

LO L7 L27 L20 L21 L22 Avg
Selected Layers vs Model Average

Figure 6: Parameter update magnitude (||AW || ) for
Llama-3.1-8B on zh-km. Compared with Vanilla LoRA,
LaDM shows larger update magnitudes in the selected
layers, with the largest differences appearing in the LIL
layers.

4.3.5 Training Dynamics of Latent Gates

We track the evolution of the gating parameters
o(g') to visualize how the model re-regulates its
representational stream during training. As shown
in Figure 7, we observe a sharp divergence in learn-
ing dynamics. Gates in Starp rapidly saturate to
maximum amplification, accelerating the consoli-
dation of essential translation features. In contrast,
gates in Sy exhibit a steady rising trend. Un-
der our inverse control mechanism (Eq. 6), this
increase in o(g) corresponds to a progressive tight-
ening of the inhibition constraint, driving o/ toward
its minimum bound. This suggests that the model
autonomously identifies and further suppresses the
inertia of these layers as training proceeds. By
initially dampening entrenched biases and subse-
quently intensifying this inhibition, LaDM prevents
these layers from being locked in their pre-trained
states. This approach drives a systemic restructur-
ing of internal states, compelling stagnant layers to
break from pre-trained biases and contribute to the
translation performance.

3
\

PP g

-

Gate Sigmoid Value
o
O s
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\
A}
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. —&- Layer22 (LIL)
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- —#- Layer 20 (LIL)
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Figure 7: Training Dynamics of Latent Gates in
Qwen2.5-7B on zh-km. Evolution of ¢(g) reveals dis-
tinct strategies: TAL gates saturate quickly for signal
enhancement, while LIL gates exhibit a steady rise.

4.3.6 Hyperparameter Sensitivity Analysis

We evaluate the impact of modulation intensity
and layer scope (k) to identify the optimal balance
between task adaptation and structural stability.
As illustrated in Figure 8, translation performance
is highly sensitive to the modulation range. The
configuration R2 (Rpeost: 1.03-1.07, Ryte: 0.91—
0.96) consistently yields the peak performance
across both scaling and scope dimensions. This
suggests that low-resource MT requires precise re-
calibration rather than aggressive weight modifica-
tion. While minor scaling (R1) is insufficient to
overcome functional inertia, excessive scaling (R3)
triggers representational drift, leading to a sharp
decline in BLEU. Furthermore, we observe that the
optimal layer scope remains sparse (T3, £ = 3).
Performance degrades as k increases (T5-T10),
confirming that modulating a sparse set of polar-
ized layers is sufficient to trigger compensatory
updates without destabilizing the model.

5 Related Work

5.1 Layer-wise Specialization in LLMs

Extensive research has established that LLM layers
exhibit distinct functional specializations during in-
formation processing (Chen et al., 2023b; Liu et al.,
2024c; Jin et al., 2025). Early probing studies sug-
gest a bottom-up hierarchy, where lower layers cap-
ture surface-level linguistic features and deeper lay-
ers encode complex semantic mappings (He et al.,
2024; Marks and Tegmark, 2023; Mao et al., 2025;
Hatua, 2025). More recently, interpretability re-
search has highlighted that model layers do not
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Figure 8: Sensitivity Analysis in Qwen2.5-7B on zh-bn.
Performance peaks at intensity R2 (k = 3) and scope
T3 (Range=R2). BLEU scores decline when scaling is
reduced (R1) or excessively increased (R3), and simi-
larly drop as the modulation scope expands from TS to
T10.

contribute uniformly to specific tasks (Zhang et al.,
2024; Fan et al., 2024; Ikeda et al., 2025). These
findings have motivated growing interest in moving
beyond uniform model updates toward layer-aware
adaptation strategies. We locate the exact structural
bottlenecks in cross-lingual transfer, providing a
functional map to guide our dual-directional modu-
lation.

5.2 PEFT Advancements in MT

PEFT has become the standard paradigm for adapt-
ing LLMs to MT (Alves et al., 2023; Liang
et al., 2025; Aggarwal et al., 2024). LoRA and
its variants, including DoRA (Liu et al., 2024a),
which decouples direction and magnitude in weight
updates, VeRA (Kopiczko et al., 2023), which
adopts a vector-based reparameterization, and
AFLoRA (Liu et al., 2024b), which improves
efficiency through adaptive freezing during fine-
tuning, have demonstrated strong performance in
cross-lingual transfer (Acharya et al., 2025). How-
ever, conventional PEFT methods typically treat
all layers uniformly, without accounting for their
functional differences. Such uniform updates may
be insufficient in low-resource settings. We instead
introduce a layer-aware modulation framework that
adaptively regulates layer outputs based on layer-
wise differences.

6 Conclusion

In this paper, we identify functional polarization
as a key bottleneck in adapting LLMs for low-
resource translation. We propose LaDM, a layer-
aware framework that leverages functional diver-
gence to re-regulate internal representation streams.
Unlike layer-agnostic updates, LaDM performs tar-

geted structural recalibration by amplifying fragile
task-specific signals while Extensive experiments
show that LaDM consistently outperforms strong
PEFT baselines. These results suggest that effec-
tive low-resource adaptation requires not only ac-
quiring new task knowledge but also overcoming
entrenched pre-trained bias.
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Limitations

Although LaDM significantly improves perfor-
mance in extremely low-resource settings, it is
still sensitive to the predefined modulation bounds.
While the gating scalars are learnable, their effec-
tiveness depends on being constrained within a
suitable range rather than left fully unconstrained.
In addition, LaDM is designed primarily for data-
scarce scenarios. In moderate-resource settings,
where useful pre-trained representations remain
more stable, strong inhibition may bring smaller
gains or interfere with knowledge preservation. Fu-
ture work may explore adaptive strategies for learn-
ing these bounds more flexibly under different re-
source conditions.
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A Mechanistic Analysis Details

A.1 Representational Entropy and Entropy
Gap

All mechanistic analyses in this work are conducted
on the FLORES-200 devtest, which contains 1,012
sentence pairs for each translation direction. This
benchmark is used consistently for identifying MT-
sensitive modules, localizing TAL/LIL layers, and
computing the entropy gap. We base these analyses
on devtest examples rather than training data so that
the resulting observations reflect the model’s behav-
ior on unseen inputs rather than training-specific
artifacts.

To characterize layer-wise representational struc-
ture, we adopt a spectral-entropy view of hidden
states. For a given layer, let X € RY*P denote
the centered hidden-state matrix collected from N
tokens, where D is the hidden dimension. We ap-
ply singular value decomposition (SVD) to X and
obtain singular values {o;}. These values are nor-
malized into a spectral distribution,

%
pi = )
> j i
which reflects how representational energy is dis-
tributed across latent directions.

Based on this distribution, we define the repre-

sentational entropy as

Hea ==Y pilogpi.
7

(©))

(10)

A lower value indicates that the representation is
concentrated in a smaller number of dominant di-
rections, whereas a higher value corresponds to a
more diffuse spectrum.

We further compare this quantity between low-
resource and high-resource settings by defining the

entropy gap
AH = HSY — H&, (11)

S

When AH > 0, the low-resource setting exhibits a
flatter spectral profile than the corresponding high-
resource setting. In our analysis, this pattern sug-
gests that the layer is less effective at organizing
task-relevant information into a compact low-rank
structure, indicating weaker representational spe-
cialization.

A.2 Stability of TAL/LIL Partition

We further analyze the stability of the TAL/LIL
partition with respect to anchor choice, model ar-
chitecture, and translation setting.

Target Anchor Top-3 TAL Top-3 LIL
zh-fr 0,1,2 11,12, 14
zh-lo zh-de 0,1,2 11,12, 14
en-fr 0,1,2 11,12, 14
zh-fr 0,2,30 11,12, 13
zh-km zh-de 0,2,30 11,12, 13
en-fr 0,2,30 11,12, 13
zh-fr 27,28,29 0,5,6
zh-bn zh-de 27,28,29 0,5,12
en-fr 217, 28,29 0,5,12

Table 5: Top-3 TAL and Top-3 LIL identified under
different high-resource anchors for zh-lo, zh-km, and
zh-bn.

Stability across anchor choices. To verify that
the partition does not depend on a single high-
resource reference pair, we recompute the activa-
tion disparity A R using alternative anchors, includ-
ing zh-fr, zh-de, and en-fr. As shown in Table 5, the
resulting Top-3 TAL and Top-3 LIL layers remain
highly consistent across anchors. In particular, for
zh-lo and zh-km, the identified TAL/LIL layers
are identical across all tested anchors. For zh-bn,
the TAL set remains unchanged, while the LIL set
shows only minor variation.

Stability across architectures and language di-
rections. We also examine whether the observed
structural pattern transfers across model families
and translation settings. To this end, we analyze
Qwen2.5-7B on en-tg (with en-fr as the anchor)
and Qwen2.5-3B on zh-lo (with zh-en as the an-
chor). As shown in Table 6, although the exact
layer indices vary across architectures, the regional
organization remains consistent: TALs concentrate
near the early or late parts of the network, whereas
LILs are consistently located in the middle layers.

B Additional Experimental Analyses

B.1 Activation Intensity in TAL

To examine how LaDM affects activation patterns
in the identified Task-Adaptive Layers (TAL), we
measure the mean activation level within TAL
across three translation directions. As shown in
Figure 9, LaDM consistently yields slightly higher
TAL activation than standard LoRA for all eval-
uated language pairs, with an overall increase of
0.8%. This pattern suggests that LaDM is associ-
ated with stronger activation in TAL during adapta-
tion.
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Model #Layers Top-3 TAL TAL Region Top-3 LIL LIL Region  Structural Pattern
Qwen2.5-7B-Instruct 28 25,26, 27 Late (3/3) 20,21,22 Middle (3/3) TAL late / LIL middle
Qwen2.5-3B-Instruct 36 0,34,35 Early+Late (1+2) 26,28,30 Middle (3/3) TAL edge / LIL middle

Table 6: Top-3 TAL and Top-3 LIL under alternative high-resource anchors. The identified layer sets are highly
consistent across anchors for all evaluated translation directions.
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Figure 9: Mean activation in TAL across three transla-
tion directions. LaDM shows slightly higher activation
in TAL for all language pairs.

Model Pair | Amplify-only | Inhibit-only LaDM

zh-lo 7.13 7.41 13.83
L3 zh-km 0.88 0.98 13.99
zh-bn 10.68 10.86 11.06
zh-lo 11.07 11.32 12.43
Q2 zh-km 13.22 13.39 14.02
zh-bn 8.67 9.10 9.40
zh-lo 15.53 15.68 15.83
G2 zh-km 16.75 16.63 17.13
zh-bn 17.53 17.69 17.76

Table 7: Ablation results for dual-directional modu-
lation(spBLEU). L3, Q2, and G2 denote Llama-3.1,
Qwen2.5, and Gemma-2.

B.2 Ablation on Dual-directional Modulation

To examine the contribution of the two modulation
directions, we compare full LaDM with two single-
direction variants: Amplify-only, which modulates
only layers with positive AR, and Inhibit-only,
which modulates only layers with negative AR. As
shown in Table 7, LaDM consistently achieves the
best performance across all evaluated backbones
and language pairs. The gap is particularly large
on Llama-3.1-8B for zh-km, where the full model
substantially outperforms either single-direction
variant. These results suggest that amplification
and inhibition are complementary, and combining
them is more effective than either alone.

B.3 Implementation Details of Additional
LoRA Variants

For the additional LoRA variant comparisons in
Section 4.2.1, we implement VeRA and AFLoRA
under the same overall training framework as the
main experiments. Both methods use the same
target modules: q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, and down_proj. VeRA uses
its vector-based parameterization with r = 128,
dropout 0.05, and djpitizy = 0.1. AFLoRA uses a
LoRA configuration with rank 8, scaling factor 16,
and dropout 0.05, and performs adaptive freezing
from step 1000 every 500 steps by freezing 10%
of the active LoRA parameters with the lowest
gradient scores.

B.4 Case Study

Source | ZLAMEMEREIR, BRI AR IRIX E TR
(Zh) Al REEIR .

Infrared images show that the temperature

variations from night and day show that they are

likely caves.
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Analysis: The baseline decomposes "Infrared” into "Red
Photo" (literal hallucination), omits the subject "these
locations”, and generates confused modal verbs due to weak
semantic activation.
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Analysis: Our method retrieves the correct technical term
"Infrared Image", restores the missing subject via targeted
layer modulation, and accurately aligns probabilistic
markers for native-like fluency.
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Figure 10: Case study on zh-lo with translation outputs
from the reference, LoRA, and LaDM.

Figure 10 presents a qualitative comparison on
zh-lo. LoRA shows typical errors, including mis-
translating the technical term infrared and omitting
part of the source meaning. In contrast, LaDM is
more consistent with the reference, translating the
term more accurately and preserving the omitted
content. This example shows that LaDM improves
translation fidelity in low-resource settings.
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