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Abstract

Large language models (LLMs) achieve strong
generalization across diverse tasks, but their
size hinders personalized deployment on user
devices. Low-Rank Adaptation (LoRA) en-
ables user-specific fine-tuning with minimal ad-
ditional parameters, and its structural separabil-
ity naturally supports collaborative edge infer-
ence, where the frozen base model runs on an
edge server and lightweight LoRA adapters re-
side on user devices for privacy and scalability.
However, each LoRA layer induces two edge—
device communication rounds to exchange hid-
den states and LoRA-updated projections, mak-
ing communication latency dominate inference
time. Our empirical analysis shows that the
impact of LoRA is highly uneven across lay-
ers and tokens, and skipping LoRA in low-
impact regions leads to negligible accuracy
loss. Building on this observation, we pro-
pose TLC-Calibrator, a two-tiered commu-
nication calibration framework that adaptively
decides when LoRA-related communication is
necessary. A server-side calibrator determines
whether to transmit intermediate activations to
the device, while a device-side calibrator de-
cides whether the resulting LoRA projections
should be sent back. Experiments show that
TLC-Calibratorachieves up to 2.4 x speedup
with less than 1.9% accuracy loss.

1 Introduction

Recent advances in large language models (LLMs)
have enabled strong general-purpose reasoning and
generation across diverse natural language tasks
(Brown et al., 2020; Xu et al., 2025; Wei et al.,
2022). To support downstream adaptation with-
out retraining full models, Low-Rank Adaptation
(LoRA) has emerged as a parameter-efficient fine-
tuning method (Hu et al., 2022; Yin et al., 2023).
By injecting a small number of trainable low-rank
matrices, typically into the Q/K/V projections of
each Transformer layer, LORA achieves strong task-
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Figure 1: Comparison of three strategies for personalized
LLM deployment on user devices.

specific performance with minimal parameter and
memory overhead.

With the growing demand for personalized and
privacy-preserving LLM deployment in user en-
vironments (Qu et al., 2025; Zheng et al., 2025;
Liu et al., 2024), extensive efforts have been made
to reduce the resource demands of LoRA-based
LLMs on resource-constrained user devices, such
as model quantization (Xiao et al., 2023; Lee et al.,
2025; Xia et al., 2024) in Fig. 1 (Left) and model
distillation (Muralidharan et al., 2024; Ko et al.,
2024) in Fig. 1 (Middle). However, quantization
still requires substantial memory and computation
for mainstream LLM inference, often beyond con-
sumer devices, and typically incurs non-negligible
performance degradation (Xu et al., 2024; Jin et al.,
2024; Gong et al., 2024). Model distillation, in
contrast, greatly reduces resource usage but com-
promises the general-purpose capability of LLMs
(Yang et al., 2024; Zhu et al., 2024).

Inspired by split inference (Matsubara et al.,
2022; Wang et al., 2024; Jung et al., 2025),
a promising paradigm for mitigating the above
dilemma is to exploit the inherent structural sepa-
rability of LoRA and decouple the LLM into two
parts: (1) the frozen base model, deployed on a
capable edge server; and (2) user-specific LoORA
adapters, deployed on resource-constrained user de-
vices. As shown in Fig. 1 (Right), this architecture,
termed LoRA-Split Inference (LoS-Inference), to-
gether with low-latency edge infrastructure pro-
viding microsecond-level edge—device communica-



Table 1: Impact of skipping LoRA in different layers, reported
as EM score drop (%) on a QA task.

Layer EM Drop (%)

LLaMA-3B LLaMA-7B OPT-13B
1 < 0.1 < 0.1 < 0.1
8 < 0.5 < 0.5 < 0.5
16 0.7 1.0 1.2
24 1.2 1.7 2.0

tion (Mao et al., 2017; Luo et al., 2021; Hua et al.,
2023), enables scalable multi-user inference: the
heavy base model is shared across users, while
lightweight LoRA adapters capture personal or
task-specific preferences locally without exposing
sensitive parameters.

However, unlike most split-inference frame-
works, where only a single forward transmission
crosses the partition (Wu et al., 2022; Lim et al.,
2024), LoS-Inference for LLMs incurs substantial
communication overhead. Each base model layer
requires two rounds of edge—device interaction:
(1) the edge sends intermediate hidden states to the
device for LoRA projection, and (2) the device re-
turns the adapted Q/K/V values, which are merged
with the base projections at the edge to continue
the layer computation. This overhead becomes par-
ticularly pronounced in autoregressive generation,
where inference proceeds token by token across all
layers, raising a natural question:

Can we skip LoRA communication and compu-
tation without noticeably degrading performance?

To answer this, we perform a preliminary study
that measures the per-layer accuracy impact when
selectively disabling LoRA across different lay-
ers under the same setting, as shown in Table 1.
We observe: (1) for some layers, especially early
ones handling generic or factual context, the output
quality remains nearly unchanged when LoRA is
skipped; (2) in contrast, skipping LoRA in other
layers causes substantial drops in the final EM
score. These results indicate that the utility of
LoRA varies across layers and tokens, and that
skipping low-impact LoRA is both feasible and ben-
eficial, provided we can accurately identify when
and where to do so.

Therefore, we first conduct a comprehensive em-
pirical study to identify which layer-wise metrics
best capture the impact of a layer’s LoRA adapter
on final performance. We then propose a Two-
Tiered LoS-Inference Communication Calibrator
(TLC-Calibrator), which selectively prunes un-
necessary communication during split inference of

LoRA-based LLMs. TLC-Calibrator comprises
two lightweight decision modules: Calibrator-1 on
the edge decides whether to send the current hid-
den state to the device for LoRA processing, and
Calibrator-2 on the device decides whether the re-
sulting LoRA projections are significant enough to
be transmitted back. Both calibrators are trained
to estimate the contextual importance of LoRA
adaptation and are optimized to minimize com-
munication while preserving accuracy. Notably,
Calibrator-2 requires no access to base model pro-
jections and relies solely on local statistics, intro-
ducing no extra communication. Experiments show
that TLC-Calibrator achieves speedup by up to
60% with less than 1.9% performance degradation.

The main contributions are summarized as:

e We present the first split-inference framework
for LoRA-adapted LLMs in edge environments,
enabling collaborative edge-device inference while
preserving user personalization and privacy.

e We propose efficient and interpretable commu-
nication calibrators based on lightweight features,
supporting selective low-latency transmission of
hidden states and LoRA-adapted projections.

e We conduct extensive experiments on multiple
LLMs and network settings, showing that our two-
tiered calibration substantially reduces communica-
tion overhead with negligible impact on accuracy.

2 Background

2.1 Low-Rank Adaptation

LLMs consist of stacked Transformer layers, where
each layer applies Q/K/V projections, multi-head
attention (MHA), and a feedforward network (FFN)
to the incoming hidden states. Fully fine-tuning
these layers on user tasks is often impractical due
to the large dimensionality and resource constraints.
Low-Rank Adaptation provides a lightweight alter-
native by injecting trainable low-rank matrices into
pretrained weights such as the Q/K/V projections.

Formally, the Q/K/V projection weight matrix
W € R4 in each layer is reparameterized as

where B € R¥™*7 A € R"™*? r <« d, and only A
and B are updated on user-specific data while W
remains frozen. Since the number of trainable pa-
rameters satisfies 2dr < d?, LoRA attains strong
adaptation performance with minimal parameter
and memory overhead.
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2.2 LoRA Split Inference

By harnessing the powerful computational capabil-
ities of edge servers and high-speed transmission
capabilities of edge computing, this paper intro-
duces a novel collaborative inference paradigm for
LoRA-based LLM in edge environments, where
the full LLM base model is hosted on edge, while
personalized LoRA adapters are placed on device.
This paradigm enables efficient reuse of the heavy
base model across multiple users on the edge, as
well as the personalized and privacy-preserving
adaptation via LoRA modules on the device.

As shown in Fig. 2, the collaborative LoS-
Inference in each Layer [ involves five steps:

1) Compute base projections, Qpase, Kbase> Vbase
at edge using the hidden state h' of the base model;

2) Send the hidden state h' from edge to device;

3) Compute LoRA projections, Qoras Kiora> Viora
at device using the transmitted h!;

4) Send the LoRA projections back to edge;

5) Merge base and LoRA projections at edge,
followed by MHA and FFN of Layer [ at edge.

2.3 Communication Bottleneck

Despite the low-latency communication supported
by edge computing, the two rounds of edge—
device communication in each layer during auto-
regressive token generation (coupled with the high
dimension of hidden states and LoRA adaptations)
quickly become a bottleneck.

1) Each layer takes two-round transmission, i.e.,
the dotted green arrows 1 and 2 in Fig. 2.

2) The two-round transmission includes high-
dimensional vectors h! € R? and three sets of
LoRA Q/K/V projections.

3) For L-layer LLM, this yields 2L x 7' rounds
for the auto-regressive generation of 7" tokens.

We profile the latency breakdown of LoS-
Inference for several LLMs in Appendix A.l,
where communication overheads are over 90%.

3 LoRA Impact Indicators
3.1 Layer-Wise and Output-Level Metrics

We assess three layer-wise metrics, which capture
distinct aspects of the impact perturbations intro-
duced by the LoRA adapter against the final output-
level metric, to identify the most reliable proxy for
communication calibration.

1) Layer-Wise Metrics

e Attention Output Divergence (AOD) (Tong
et al., 2019), measures the magnitude of raw pertur-
bations in the attention! outputs caused by LoRA
adapter. Formally, for the [-th layer,

AODl = ||Attn£)ase - Attnfora”%

where Attn!__. denotes the attention output of the
base model and Attnfm1 denotes the output after
applying LoRA.

e Representation Direction Alteration (RDA)
(Chang et al., 2023), captures the extent to which
the semantic direction of the attention changes after
LoRA integration. It is defined as:

RDAl =1—cos (Attn{)asm Attnfora) :

Here, cos(+, -) is cosine similarity.
e Variance Shift (VS) (DeRose et al., 2020), quan-
tifies how LoRA affects attention dispersions.

_ Var(Attnf_,)

VSl = o
Var(Attng,. )

When VS! > 1, LoRA amplifies the variance of
representation space; If VS! < 1, it compresses it.

2) Output-Level Metric

e Final Logit Shift (FLS) (Hanna et al., 2023),
measures the extent to which the final prediction
logits” change by LoRA adaptation. Formally, let
Yoase denote the logits of base model and yoy, the
corresponding logits after integrating LoRA, then

FLS = HYbase - YIora”2-

3.2 Metric Correlation Analysis

The correlation analysis in Table 2 shows that AOD
provides the strongest alignment with output-
level indicators across all model-dataset pairs. Its

In the I-th Transformer layer, Attn! =
1l T _
Softmax(cz\/Ka ) V', where Q/K/V' = H'"DW}, v

are the Q/K/V projections of the hidden state H =1 from
previous layer, and dy, is the key dimension.

2y € R!VI denotes the vector of unnormalized scores
(logits) over the vocabulary V' at the final layer, which are
converted into token probabilities by p(¢) = Softmax(y).



Table 2: Pearson correlation between the layer-wise metric
(AOD/RDA/VS) and output-level metric (FLS).

OPT-13B LLaMA-7B

COQA

AOD 0.91 0.88 0.91 0.91
RDA 0.75 0.72 0.81 0.85
VS 0.55 0.55 0.61 0.64

Metric
ELIS COQA ELI5

correlations with FLS reaches 0.91 on ELIS5, consis-
tently outperforming the other metrics. RDA offers
moderate predictive strength (0.72-0.85), while
VS shows the weakest association, typically below
0.64, respectively.

We also observe a generally positive association
between layer-wise metrics and FLS across models
and datasets, as shown in Fig. 10 of Appendix B.1.
Among the metrics, AOD aligns most tightly with
FLS, showing clear monotonic trends in both shal-
low and deep layers. RDA also tracks performance
degradation but with more variance, while VS ap-
pears the least stable, often exhibiting dispersed
and noisy correlations.

Taken together, these observations highlight
AOQOD as the most reliable layer-wise proxy for pre-
dicting downstream degradation.

4 Two-Tiered Communication
Calibration

We now present TLC-Calibrator, a runtime
framework that adaptively determines whether to
invoke LoRA communication at each layer and to-
ken. Building on the empirical observations in Sec-
tion 3, TLC-Calibrator aims to preserve model
performance while minimizing redundant transmis-
sions. It consists of two lightweight calibrators
deployed at edge and device, respectively, each re-
sponsible for filtering unnecessary communication
based on local statistics. Together, they enable a
fine-grained, per-layer and per-token control over
LoRA invocation, as shown in Fig. 3.

e Tier-1 Calibrator 71 (edge-side, on the top
of Fig. 3): decides whether to send the current
activation h() to device.

o Tier-2 Calibrator 71, (device-side, at the bot-
tom of Fig. 3): decides whether to transmit the
resulting LoRA Q/K/V projections Q/K/Viora
back to edge.

These calibrators are model-agnostic, require
only lightweight statistics as input, and are trained
to approximate the importance of LoRA adapters
with minimal latency overhead.
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Figure 3: Workflow of TLC-Calibrator at each layer /.
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Figure 4: Tier-1 calibrator at ES, decides whether to transmit
the hidden state h'(¢;) to UD for LoRA adaptation.

4.1 Tier-1 Calibrator

The Tier-1 calibrator 7r1; determines whether the
intermediate activation h'(¢;) at layer [ contains
sufficient semantic or syntactic information to war-
rant transmission to device for LoRA adaptation.
1) Input Features. For each layer [ and token ;,
we extract the following features from h'(t;):
Token-Wise {5 Norm (Wang et al., 2025) mea-
sures the importance of token ¢; by evaluating the
magnitude of its activation at layer [/, defined as:

() = I (t)ll2 = | D hhE)? (1)

J=1

where d is the activation dimension.
Mean and Max Activations of token ¢; at layer
[ are defined as:

d
1
aﬁnean(ti) = a Z hé (ti)a (2)
j=1
l N\ — Lt
Apax (ti) = m]ax (hj(tz)) 3)

where hé‘ (;) is the j-th component of h'(t;).
Positional Standard Deviation (Chi et al.,
2023) is computed as:

N

o) = || 3o (h(t) - B(E)* @

n=1

where h! (;) is the activation of token ¢; at layer [
for input sequence n, h(;) is the mean activation
of token ¢; across all sequences, and N is the total
number of input sequences.

2) Predictor Design. As shown in Fig. 4, the
Tier-1 calibrator 71 utilizes a shallow Multi-Layer
Perceptron (MLP) at layer [ of the base model in



edge to learn the relationship between the feature
vector z!(¢;) and the utility of transmitting h'(t;)
for LoRA adaptation. The MLP outputs an im-
pact score ATI’ which indicates the contribution of
LoRA at layer {:

AR = (2 ().

The decision to transmit hl( i) from edge to device
is made by comparing ATI’ to a threshold 7:

A 1
S, =
a1,

4.2 Tier-2 Calibrator

The Tier-2 calibrator at device decides whether
LoRA adaptations should be sent back to edge.

1) Input Features. For each layer [ and token ¢,
the following features are computed from the LoRA
adaptation values AQ'!, AK}, AV} at device:

Energy Ratio (Ma et al., 2021) is defined as:

1Q/ K/ Vi all2

e ALt
lfATll > T

otherwise

I
ro/iv(ti) = )

/e 1Q/ K/ Vil
where Q/K/VﬁgﬁA = AWé/K/Vh (t;) and

Q/K/Vblaze = Q/K/Vhl( i). The base model’s
£5-norm is lightweight, and its computation finishes
before LoRA projections, ensuring low overhead.

Self-Similarity of Q projection is computed as:

@bé? (i) = COS(QLORA> QlLo}lzzi) (6)

Similar self-similarities, 1% (¢;) and ¢!, (¢;), can
be computed for K/V projections.

Token Entropy (Lu et al., 2024) of Q projection
is calculated as:

d
> palog(pa) (7)
a=1

where p, is the probability distribution over the
token’s LoRA projection, computed as:

exp(vq)
Pa = y (8)
Z?:l exp(v;)

with v = QlLf)’R A+ € R?being the Q projection.
Projection Diversity (Nguyen et al., 2022) of Q
projection is calculated as:

dy o(ti) = HQLORA Qlorall3 )
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Figure 5: Tier-2 calibrator at the UD, decides whether to send
back the LoRA adaptation Q/K /Viera to ES for merging.

where QlLoR A 1s the mean projection across tokens.

2) Predictor Design. Similar to Tier-1, the Tier-
2 calibrator 7, uses a shallow MLP (Fig. 5) to
output an importance score A

AR = 7TTz(ul(lfi))-

If AITEZ > 79, the LORA projections are transmitted
back to edge; otherwise, they are discarded.
Inference algorithm is detailed in Appendix B.2.

S Experiments

5.1 Experimental Setup

Models: 1) OPT-1.3B (FP32): a lightweight trans-
former suitable for fully on-device execution. 2)
LLaMA-3B (FP16): a compact LLaMA-series
model that offers stronger reasoning capability. 3)
LLaMA-7B (FP16): a widely adopted mid-size
LLM that serves as a standard reference point.
4) OPT-13B (INT&8): a high-capacity model that
stresses both communication and computation in
edge-server pipelines.

Datasets: 1) COQA (Reddy et al., 2019), a
multi-turn dialogue dataset where each question de-
pends on prior user turns. 2) ELIS (Fan et al.,
2019), a long-form, user-generated QA dataset
from Reddit.

Baselines: 1) Local [Device-Only] (Hu et al.,
2022), runs base model and LoRA adapters on
device, ensuring full privacy. 2) MLoRA [Device-
Only] (Li et al., 2025), is an on-device optimization
that reduces KV-cache memory by dynamically
pruning low-importance entries. 3) LInfer [Device-
Edge], is a native edge-device pipeline where the
base model runs on edge and LoRA adapters on
device. 4) DLoRA [Device-Edge] (Gao and Zhang,
2024), skips LoRA activations of low-importance
tokens. 5) Server [Edge-Only], places both base
model and LoRA adapters entirely on edge, achiev-
ing the highest throughput regardless of privacy.

Metrics: 1) Latency, denotes the average per-
token inference latency. 2) F1 Score, denotes the
accuracy of the generated answer.

Implementation: Experiments run on NVIDIA
A800 (edge) and 13 TFLOPS-class GPUs (device).



Table 3: Average latency/token (s) and F1 (%). OOM: Out-Of-Memory. D-O: Device-Only, D-E: Device-Edge, E-O: Edge-Only.

C0QA ELI5
Type Method
OPT-13B  LLaMA-3B  LLaMA-7B OPT-13B OPT-13B  LLaMA-3B  LLaMA-7B  OPT-13B
Lat. Fl Lat. Fl Lat. Fl  Lat. Fl  Lat. Fl Lat Fl Lat Fl  Lat. Fl
Do Local 0236 621 0263 674 OOM OOM OOM OOM 0223 402 0254 436 OOM OOM OOM OOM
© MLoRA 0203 614 0222 667 OOM OOM OOM OOM 0197 389 0216 427 OOM OOM OOM OOM
Linfer  0.107 621 0.50 674 0206 753 0262 776 0094 402 0142 436 0204 469 0263 521
D-E DLoRA 0078 612 0105 665 0139 746 0165 767 0073 387 0095 425 0123 459 0154 511
Ours 0057 608 0074 662 0094 745 0107 763 0054 383 0072 421 0098 456 0102 507
EO Server 0026 621 0032 674 0038 753 0045 776 0027 402 0032 436 0039 469 0045 521
Latency (s/token)  F1 Score (%) Latency (s/token) F1 Score (%)
System and method parameters are set as follows, 5 | 0 16
unless otherwise specified: LoRA rank is 16, band- £ =i g,
i . . . S . M2+D2 ;
width is 1Gbps, edge and device computing capac- 2 £
L. . glOOM < 4
ities are 150TFLOPS and 13TFLOPS. Tier-1 and T o5 ® ® oIz 006 & 8
Tier-2 calibration thresholds are 0.6 and 0.8, Tier-1 (a) Bandwidth (b) LoRA Rank
f t . ht 02 0 3 03 02 T 2f t Latency (s/token) F1 Score (%) Latency (s/token) F1 Score (%)
eature weights are 0.2, 0.3, 0.3, 0.2, Tier-2 feature ~ £3x .20
i= Q
weights are 0.3, 0.3, 0.2, 0.2.
g >
S 70 35
5.2 Main Results 015 0075 60 80 01z 0.6 60 80
(c) Edge Capacity (d) Device Capacity

Table 3 reports end-to-end latency and F1 for four
models on COQA and ELIS, where TLC-Calibrator
delivers the best latency—accuracy tradeoff among
all privacy-preserving methods (the first five lines
except for Server, which provides the global lower-
bound latency, e.g., 0.026-0.045 s, but sacrifices
privacy completely).

Latency Reduction: TLC achieves consistent,
large latency reductions relative to collaborative
baselines (LInfer and DLoRA). On COQA, TLC
reduces OPT-1.3B latency from 0.107 s (LInfer)
and 0.078 s (DLoRA) to 0.057 s, corresponding to
1.9% and 1.37x improvements, respectively. For
larger models (LLaMA-7B, OPT-13B), TLC fur-
ther lowers latency to 0.094 s and 0.107 s, yielding
2.2-2.4x speedups over LInfer. On ELIS5, where
sequences are much longer, TLC’s gains are even
more pronounced, achieving 1.7-2.0x improve-
ments across all models.

Accuracy Preservation: Despite aggressive
communication pruning, TLC maintains accuracy
nearly identical to full LoRA usage. On COQA,
TLC matches or closely tracks LInfer and DLoRA,
within 0.3%-1.3% F1 of the strongest baseline for
each model. On ELIS, where long-form genera-
tion is more sensitive to pruning, TLC similarly
preserves performance (e.g., 38.3% vs. 40.2% for
OPT-1.3B and 45.6% vs. 46.9% for LLaMA-7B).

5.3 System Parameter Analysis

Impact of Bandwidth: Across 100, 500, and
1000 Mbps settings, TLC-Calibrator shows sub-

Figure 6: System parameter analysis under varying band-
widths, LoRA ranks, and edge/device computing capacities,
showing latency and F1 trends across models LLaMA-7B
(M1), OPT-13B (M2) and datasets COQA (D1), ELIS (D2).

stantial latency scaling while maintaining stable
accuracy. At 100 Mbps, communication dominates
inference, yielding high delays (e.g., 0.712s and
0.926s on COQA; 0.703 s and 0.902 s on ELIS).
Increasing bandwidth to 500 Mbps reduces latency
by 4-5x, and moving to 1 Gbps provides another
1.5-2x improvement.

Impact of LoRA Rank: Varying the LoRA
rank r = {4,8,16} produces only mild latency
growth in TLC-Calibrator, with increases of merely
3-5% from r = 4tor = 16 (e.g., 0.090 —
0.094 s on LLaMA-7B/COQA and 0.099—0.102 s
on OPT-13B/ELIS). In contrast to traditional LoORA
inference—where projection size scales linearly
with rank—TLC absorbs most of the additional
overhead by pruning low-impact layers.

Impact of Edge Capacity: Across all mod-
els and datasets, TLC latency improves modestly
(e.g., 0.123—0.094 s on LLaMA-7B/COQA and
0.132—0.107 s on OPT-13B/COQA), while accu-
racy stays nearly unchanged. Since cross-device
transfers constitute the main bottleneck, edge com-
puting capacity primarily affects absolute runtime
rather than TLC’s pruning behavior.

Impact of Device Capacity: Increasing de-
vice capacity from 7—13—20 TFLOPS yields only
minor latency gains for TLC (typically 3-6%, e.g.,



0.097—0.091 s on LLaMA-7B/COQA), since com-
munication dominates overall cost.

5.4 Method Parameter Analysis

Tier-1 Threshold: Fig. 7(a) shows that lower
thresholds (e.g., 71 = 0.2) retain more layers and
lead to the highest latency (e.g., 0.103 s on LLaMA-
7B+COQA and 0.119s on OPT-13B+COQA). In-
creasing 71 gradually suppresses edge—device
LoRA transfers on less-personal tokens, with 7 =
0.6 achieving the best latency-accuracy tradeoff
(0.094-0.107 s) while maintaining stable F1. How-
ever, at 7 = 0.8 latency reduction saturates—due
to transmission startup costs that persist regardless
of transfer size—and accuracy drops, especially on
ELIS (12-13% F1), indicating that overly aggres-
sive Tier-1 pruning is detrimental.

Tier-2 Threshold: In Fig. 7(a), raising 7
from 0.2 to 0.4 steadily reduces device—edge re-
turns and lowers latency (e.g., LLaMA-7B+COQA:
0.105—0.094s; OPT-13B+COQA: 0.114—0.107s).
When 7 > 0.6, latency gains plateau while ac-
curacy degrades sharply. At 7o = 0.8, accuracy
collapses further (e.g., to 57.4% F1 on COQA and
32.3% F1 on ELIS), even though latency barely
changes. This reflects that Tier-2 controls only
whether to return device-side LoRA updates and ex-
cessive pruning removes useful adaptation needed
for final prediction quality.

Tier-1 and Tier-2 Feature Weights: Fig.
7(b) assess the effect of feature-weights,
Wi:0.1,0.2,0.3,0.4 W2:0.2,0.3,0.3,0.2
W3:0.25,0.25,0.25,0.25 W4:0.4,0.3,0.2,0.1
Since 71 and 7 are fixed, the effective pruning
ratio remains nearly unchanged, producing mod-
est latency variation (5-10%). In contrast, accu-
racy is more sensitive to weight imbalance: biased
schemes such as W1 and W4 yield noticeably lower
F1, whereas the uniform setting (W3) consistently
achieves the best overall accuracy (e.g., 74.5% on
COQA and 45.6% on ELIS5 for LLaMA-7B).

5.5 Ablation Study

Tier-1 Feature Ablation: In Fig. 8(a), re-
moving any of the four Tier-1 feature groups
(1, Amean, @max, 0) increases latency (from 0.094-
0.102s to 0.112-0.139 s), while accuracy remains
largely stable within 30-60% F1. The largest
slowdown appears when feature 1 (token-wise /o
norm) is removed (e.g., 0.094—0.127 s on COQA;
0.098—0.125 s on ELIS), suggesting that incom-
plete feature sets cause Tier-1 to misidentify less-
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Figure 7: Method parameter analysis on calibration thresholds
and feature weights, across models LLaMA-7B (M1), OPT-
13B (M2) and datasets COQA (D1), ELI5 (D2).

personal tokens as essential and preserve unneces-
sary communication.

Tier-2 Feature Ablation: In Fig. 8(b), sim-
ilar trends are observed, with modest magnitude
compared to Tier-1 (Tier-2 Feature: r, 1, e, d). Fea-
ture 1 contributes most: its removal raises latency
from 0.094-0.102 s to 0.111-0.121 s across model-
dataset pairs. Dropping features 2—4 produces
smaller slowdowns (2-5%).

Effect of Tier-1 and Tier-2 Calibrators:
Fig. 8(c) illustrates that disabling Tier 1 increases
latency from 0.094-0.102 s to 0.158-0.213 s, due
to the loss of layer-level pruning. Removing Tier 2
also increases latency (0.135-0.188s), but to a
lesser extent, as it mainly optimizes device—edge
returns of LoRA adaptation results. When both
tiers are removed, latency rises significantly (0.204—
0.263 s), more than doubling the TLC latency. Ac-
curacy remains stable with the removal of a single
tier (within <80% F1), but removing both tiers
allows full LoRA usage, slightly boosting F1.

Impact Metric Ablation: In Fig. 8(d), AOD
(Ours) clearly provides the best latency—accuracy
balance: across all model-dataset pairs, it achieves
the lowest latency (0.094-0.107 s) and the highest
F1, outperforming RDA and VS by 1.0%-1.5% F1
and 12-18% latency reduction. These trends mir-
ror the correlation analysis in Sec. 3.2, reinforcing
AQD as the most reliable layer-wise LoRA impact
signal for communication calibration.

5.6 Visualization Analysis

Hidden Activation Consistency. Fig. 9(a)
visualizes the hidden activations of shal-
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Figure 8: Ablation studies across models LLaMA-7B (M1),
OPT-13B (M2) and datasets COQA (D1), ELI5 (D2).

low/middleldeep layers across 50 random samples,
comparing pruned (orange-bar) and preserved
(blue-bar) representations. (1) shallow layers show
highly overlapping activation distributions, indi-
cating early-layer LoRA has limited influence; (2)
middle layers exhibit moderate divergence, where
TLC selectively skips tokens whose activation
(orange-bar) remain close to preserved (blue-bar)
distributions; (3) deep layers present the largest
representational sensitivity, yet skipped activations
still cluster within the manifold of unskipped ones,
demonstrating that TLC’s decisions align with the
AOD-identified stability regions.

Multi-Head Attention Consistency.
Fig. 9(b) visualizes the 40 attention heads of a
fixed layer for three representative query types:
common Sample 1, medium Sample 2, and
personal Sample 3. The common sample 1 shows
almost indistinguishable attention maps, indicating
low AOD sensitivity and allowing aggressive but
safe pruning. The medium Sample 2 exhibits
moderate head-level deviations while maintaining
global alignment, prompting TLC to preserve only
part of the layer. In contrast, for the personal
Sample 3, attention maps show noticeable sparsity
variation between pruned and unpruned runs, yet
their aggregated structure remains coherent.

Calibration Behavior Trend. In Fig. 9(c-d),
the horizontal axis denotes preserved edge—device
communication, while the vertical axis indicates
pruned device—edge transmission. Sample groups
range from common factual queries (Group 1)
to highly personalized ones (Query 4). Group 1
concentrates near the pruning axis, reflecting low
semantic complexity and low AOD/RDA scores;
Groups 2-3 shift rightward with increasing per-
sonalization, requiring more retained communi-
cation; Group 4 sits in the high-communication

W ol i ol

W 55 3

bbby
M\M«h M“ﬂ hli HH Wlakblny

h “ﬂh | W Mm ﬂm . [ iﬂ"‘”‘gz

Sample 1

Middle layer (15nd)

Biiny
R L N PR P

50 Samples Shallow layer (3;11)

(a) Hidden Activations.

40 Heads

(b) Head Attention.

=
8

—— Group 1-Samplel Group 2--Samplel 40
Group 1-Sample2 | —— Group 2--Sample2
Group 1-Sample3 Group 2--Sample3

—— Group 1-Samplel
Group 1-Sample2 | ——
Group 1-Sample3

p 2-Samplel
roup 2--Sample2
roup 2--Sample3

w
v

w
&
)

roup 3-Samplel
i 3-Sample2

&
N
&

S

Grou
G
G
! —— Group 3-Samplel
30 ps
G
G
G
G

S
S

Tier-1 communication decision: pruning
S

&
Tier-2 communication decision:
&

o u
o u

0 5 10 15 20 25 30 35
Tier-2 communication decision: preserving

(d) Tier-2 Behavior.

5 10 15 20 25 30 35
Tier-1 communication decision: preserving
(c) Tier-1 Behavior.

Figure 9: Visualization Analysis. (a) Hidden activations under
pruned (orange-bar) and preserved (blue-bar) LoRA deci-
sions for shallow/middle/deep layers. (b) Multi-head attention
under pruned (orange-bar) and preserved (blue-bar) LoRA
decisions for three representative samples. (c-d) Tier-1 and
Tier-2 communication decisions across sample groups.

region, consistent with strong deep-layer seman-
tic contributions. This shows that TLC can adjust
pruning according to sample personalization, ag-
gressively pruning less-personal queries while pre-
serving deeper edge-device interaction for more
personalized ones.

5.7 Case Studies & Overhead Analysis

We additionally give a detailed case study on two
representative QA samples (common factual and
highly personal) in Appendix C.1, showing the
impact scores, calibration decisions, and time costs
of each layer for each generated token, along with
the entire QA text. These details reveal the running
rules of TLC-Calibrator on different samples and
their tokens, in each layer.

We also conduct an overhead analysis and find
that the time and memory costs are much smaller
than the efficiency gains of TLC, details of which
could be seen in Appendix C.2.

6 Conclusion

This paper presented a two-tiered communication
calibration framework that adaptively decides when
LoRA-related communication is needed in split in-
ference. By coordinating server- and device-side
calibrators, TLC-Calibrator reduces communica-
tion overhead while maintaining accuracy, making
LoRA-based personalized LLM deployment more
practical in edge environments.



Limitations

The proposed LoS-Inference framework has some
limitations. It heavily relies on high-speed edge-
device communication, which could become a bot-
tleneck in real-world scenarios with limited net-
work bandwidth. Furthermore, LoRA computa-
tion on user devices is not fully optimized for long
sequences, and the overhead may increase signif-
icantly when processing longer queries, such as
those involved in in-context learning or retrieval-
augmented generation.
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A Appendix for Motivation

A.1 Communication Bottleneck of
LoS-Inference

As shown in Table 4, communication dominates the
per-layer latency under a 1 Gbps edge—device setup.
For all four models, the combined E—D and D—E
time is around 1-3 ms, accounting for over 80% of
the total, while the base forward computation re-
mains below 1 ms and the LoRA projection below
0.15 ms. The increase in model size from OPT-
1.3B to OPT-13B leads to only modest growth in
on-device and server-side computation, but barely
changes the communication cost (%), indicating
that network bandwidth rather than GPU through-
put is the primary bottleneck. Moreover, E—D
and D—E latencies are roughly symmetric, so both
directions must be reduced to achieve meaningful
speedups. These observations suggest that further
kernel-level optimization on GPU computations
offers limited gains, and that selectively pruning
LoRA-related communication is essential for im-
proving end-to-end latency in LoS-Inference.

Table 4: Per-layer latency (ms) for different LLMs under a 1
Gbps edge-device setup. “Base" refers to forward computation
(projection + attention + FFN) on the edge server. “LoRA" is
the low-rank projection computation time on the user device.
“Comm” groups the communication latencies from edge to
device (E—D) and device to edge (D—E). “Comm%” is the
communication time as a percentage of total per-layer infer-
ence time.

Comm

Model Base LoRA Total Comm%
E—D D—E

OPT-1.3B 0.52 0.07 1.03 1.00 2.68 80.6

LLaMA-3B 0.63 0.10 2.15 2.06 4.21 85.1

LLaMA-7B 0.79 0.10 2.68 2.57 6.44 87.7

OPT-13B 0.86 0.13 2.76 2.66 6.55 36.8

B Appendix for Method

B.1 Metric Correlation Analysis

In Fig. 10, we observe a generally positive asso-
ciation between layer-wise metrics (AOD, RDA,
VS) and FLS across models and datasets, using 200
query samples from COQA. Among the metrics,
AOD align most tightly with FLS, showing clear
monotonic trends in both shallow and deep lay-
ers, as shown by red star points. RDA also tracks
performance degradation but with more variance,
while VS appears the least stable, often exhibiting
dispersed and noisy correlations. Model capacity
influences separability: larger models (e.g., OPT-
13B) reveal sharper distinctions between low- and
high-impact layers as shown in the right column
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of Fig. 10, indicating that LoRA-induced represen-
tational shifts translate more directly into output-
level effects as scale increases. Dataset charac-
teristics also modulate the patterns: ELIS yields
relatively consistent monotonicity, while CoQA
introduces wider spreads, especially for VS and
RDA.

B.2 Inference Algorithm

Algorithm 1 details one autoregressive step of
LoS-Inference equipped with the two-tier TLC-
Calibrator. The procedure starts on the user de-
vice, where the previous token ¢; is embedded into
h?(;), and this embedding is the only token-level
representation that leaves the device at the begin-
ning of the step. For each Transformer layer /, the
edge server first computes the base forward pass
and extracts lightweight Tier-1 features 2! (;) from
the intermediate activation h’(;). The Tier-1 pol-
icy 71 predicts an importance score A(Tliti); only
when this score exceeds a learned threshold 71 does
the server transmit h!(¢;) to the device for LoORA
processing, otherwise LoRA is skipped and the
layer relies solely on the base projections. If h!(t;)
is offloaded, the device computes the correspond-
ing low-rank updates AQ!, AK!, AV} and derives
Tier-2 features u/(t;), from which the Tier-2 policy
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Figure 10: Layer-wise metric correlations. Each figure plots AOD/RDA/VS against FLS for the indicated layer.

T2 estimates A(le’ti). Only when this second score

exceeds 7o are the LoORA projections sent back;
otherwise, transmission is suppressed and the edge
continues with the base Q/K/V.

In this way, each token-layer pair can either
use full LoRA, base-only computation, or partially
pruned communication, so bandwidth is concen-
trated on high-impact locations while low-utility
updates are skipped. Importantly, token embed-
ding (Line 1) and final logit computation (Lines
23 and 24) are always performed on the device, so
only intermediate activations and optional low-rank
updates are exchanged. This design reduces com-
munication overhead while preserving both model
accuracy and user privacy.

C Appendix for Experiments

C.1 Case Study

We present a case study for two representative
queries, i.e., common factual (Sample 1 in Table 5)
and highly personal (Sample 3 in Table 6), showing
the impact scores, calibration decisions of distinct
layers for different generated tokens, along with
the entire QA text.
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Figure 11: Overhead analysis of TLC w.r.t. device GPU usage, edge GPU usage, and time costs.

Algorithm 1: LoS-Inference with TLC-
Calibrator at Step 7 + 1

Input: Token ¢; from the previous step %

Qutput: Token t; 1 of the current step ¢ + 1

/* Runs on device */
1 h°(t;) + TokenEmbedding(t;);
2 Transmit h°(¢;) to edge;
3foril=1,...,Ldo

/* Runs on edge */
4 Extract Tier-1 features z'(¢;) from h'(¢;);
so| ALY e ()
o | ALY > 7 & 1> 1then
7 | Transmit h'(#;) to device;
8 else
9 | Skip LoRA for token ¢; at layer [;
/* Runs on device */
10 if receives h'(t;) from edge then
1 Compute LoRA projection:
AQL, AKL AV +
AWgh!(t;), AWkh!(t;), AWy hi(t);
12 Extract Tier-2 features u'(t;) from LoRA
projections;
13 A%’ti) — mr(ul (t:));
14 if A(le’ti) > 19 then
15 | Transmit AQ/K/V back to edge;
16 else
17 Skip projection transmission for ¢; at
L layer [;
18 else
19 | Skip LoRA for t; at layer [;
/* edge resumes MHA and FFN */
20 Merge received AQ)/K/V if available, else use
base projections Q/K/V;
21 Compute MHA and FFN, producing h!*? (t:);
/* Runs on edge */
22 Transmits h' (¢;) to device;
/* Runs on device */

23 Computes final logits § = Decoder(h” (t;));
24 Sample token ¢;41 based on y;
25 return t;q

13

C.2 Overhead Analysis

As shown in Fig. 11, we analyze the overhead of
TLC-Calibrator w.r.t. GPU memory usage of de-
vice and edge, and time costs.

1) Device GPU Memory Usage. On the de-
vice side, TLC-Calibrator obviously reduces mem-
ory usage compared to edge-device collaborative
framework, e.g., LInfer and DLoRA. For exam-
ple, in the case of OPT-13B, TLC-Calibrator uses
75.16MB for LoRA adapter, and 58.59MB for acti-
vation, whereas LInfer uses 75.16/117.37 MB. This
reduction is crucial for resource-constrained de-
vices, enabling more efficient personalization and
lowering the risk of out-of-memory errors. Across
all models, TLC-Calibrator consistently requires
less memory than LInfer and DLoRA, emphasizing
its advantage for resource-efficient deployment of
personalized LL.Ms on user devices.

2) Edge GPU Memory Usage. The edge GPU
memory usage of TLC-Calibrator is similar to
that of LInfer and DLoRA across different models.
For instance, for OPT-13B, TLC-Calibrator uses
12.75GB for base model, and 2.21GB for activation,
which is almost identical to LInfer (12.75/2.25 GB)
and DLoRA (12.75/2.19 GB). This shows that TLC-
Calibrator does not significantly increase memory
demands, allowing the system to handle large mod-
els with minimal overhead. The same pattern is
seen in OPT-1.3B, LLAMA-3B and LLAMA-7B,
where base model usage remain stable, with minor
variations in activation. This efficient use of edge
GPU memory is key for scalable LLM deployment
in edge environments.

3) Latency Costs. TLC-Calibrator consis-
tently offers lower system latency than LInfer and
DLoRA, particularly in reducing communication
overhead. For OPT-13B, TLC-Calibrator achieves
0.107 seconds total latency, including 0.045 sec-
onds for base model processing, 0.009 seconds for
LoRA adaptation, and 0.053 seconds for commu-
nication. In contrast, LInfer incurs 0.263 seconds



and DLoRA 0.165 seconds. Across models, TLC-
Calibrator consistently achieves the lowest latency,
enhancing split-inference efficiency. This reduc-
tion in communication time is especially valuable
for edge devices, where minimizing latency is cru-
cial, making TLC-Calibrator ideal for large-scale,
personalized, and privacy-preserving LLM deploy-
ment.
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Table 5: Common Sample 1: "What habits help improve sleep?'s Impact Scores (IS) and Calibrator Decision (CD) across 8
layers. (x denotes that CD is pruning, v' denotes that CD is preserving.)

Tokens Layer3 Layer4 Layer5 = skip = Layer20
IS-1 CD-1 IS-2 CD-2|IS-1 CD-1 IS-2 CD-2|IS-1 CD-1 IS-2 CD-2 IS-1 CD-1 IS-2 CD-2
Regular |.001 X - - 1.001 x - - 1.002 x - - 616 v 294 x
sleep 001 x - - 1.001 x - - 1.003 x - - 213 x - -
habits  |.003  x - - 1.001 x - - 1.048 X - - 148 x - -
can .001  x - - 1.001 x - - 1.044 X - - 768 v 938 V
significantly|.002 X - - 1.001 x - - |.012 x - - 302 x - -
improve |.002 X - - 1.002 x - - 1.003 x - - 019 x - -
sleep 001  x - - 1.001 x - - 1.002 x - - 720 v 263 X
quality  1.003 X - - 1.001 x - - 1.018 x - - 012 x - -
. 003 x - - 1.001 x - - 1237 x - - 221 x -
Going |.003 X - - 1.002 x - - 1.099 x - - 379 X - -
to 004 x - - 1.001 x - - |.143 X - - 030 x - -
bed .003  x - - 1.003 x - - 1.096 x - - A53 0 % - -
and 005 x - - 1.002  x - - .005 x - - 873 v 044 X
waking |.004  x - - 1.001 x - - 1436 X - - 003 x - -
up 001  x - - 1.009 x - - 1.069 x - - 242 x -
Keeping [.003 X - - 1.001 x - - .006 x - - 951 v 526 X
the 003  x - - 1.001 x - - 1.065 x - - 024 x - -
bedroom |.001 X - - 1.002  x - - 014 x - - 881 v 850 V
dark 001 x - - 1.003 x - - 1.003 x - - 794 v 036 x
, 004 x - - 1.001 x - - 1.001 x - - 085 X - -
quiet 003  x - - 1.002  x - - 1.056 X - - 011 x - -
, .001  x - - 1.003 x - - ].058 x - - 097 x - -
and 005 x - - 1.001 x - - 1.004 x - - 106 x -
cool .003  x - - 1.003 x - - 1.019 x - - 026 X - -
supports [.003 X - - 1.004 x - - 1.057 x - - 123 x - -
better  |.003 X - - 1.003 x - - 1.035 x - - 686 v 009 x
sleep 001  x - - 1.006 x - - 1.003 X - - 192 x - -
quality 1.004 X - - 1.001 x - - 113 x - - 347 X -
. 002 x - - 1.001 x - - 1.334 x - - 029 X - -
Tokens Layer21 Layer22 = skip = Layer35 Layer36
IS-1 CD-1 IS-2 CD-2|IS-1 CD-1 IS-2 CD-2 IS-1 CD-1 IS-2 CD-2| IS-1 CD-1 IS-2 CD-2
Regular 986 v .034 x [.105 X - - 899 v 277 x |.033 X - -
sleep 99% v 884 v |.002 X - - 264 x - - 171 x - -
habits  |.959 v .673 x |.004 X - - 928 v 827 v |.082 X - -
can 164 x - - 1.077 x - - 985 v 660 x |.003 X - -
significantly| 476 X - - 121 x - - 919 v 461 x | 452 X - -
improve 732 v 322 x |.252 X - - 836 v 987 v |.128 X - -
sleep 758 v 859 v |.028 x - - 982 v 794 v |74 v 029 x
quality 1979 v 394 x [.006 X - - 813 v 319 x |.005 X - -
. .637 X - - 1.009 x - - 133 x - - 1.025 x -
Going |.776 v 434 x |.039 x - - 882 v 699 x |.120 X - -
to 956 v 984 v |.006 x - - 539 x - - |.064 x - -
bed 988 v .822 v |.205 X - - 049  x - - |.071 x - -
and 384 x - - 1.027 X - - 129 x - - 1.038 x - -
waking |.997 v 960 v |.078 X - - 817 v 909 v |.009 X - -
up J51 v 964 v 032 x - - 493 x - - |.772 v 058 X
Keeping |.516 X - - |.029 x - - 412 x - - |.011 x - -
the L6l v 979 v |.039 x - - 848 v 142 x | .046 X - -
bedroom |.358 X - - 1.012 X - - J76 v 409 x| .001 X - -
dark 99% v 857 v |.003 x - - 934 v 902 v |55 v .004 x
, 744 v 652 x |.014 x - - 976 v 098 x |.003 X - -
quiet 371 x - - 1.011 x - - a6 v 977 v | .021 X - -
, 884 v 848 v |.113 x - - 892 v 886 v |.008 X - -
and 856 v 983 v |619 v 005 X 399 x - - |.014 x - -
cool 856 v 934 v |.002 x - - 229 X - - | .878 v 079 x
supports |.887 v 849 v ].025 X - - 444 x - - 1.106 x - -
better |.883 v 503 x [.004 X - - 020 X - - | 127 x -
sleep 793 v 949 v |.012 X - - 919 v 329 x |.007 X - -
quality 1947 v 969 v [.105 X - - 804 v 878 v |.010 X - -
. 990 v 985 v |.005 x - - 971 v 762 v |.0190 X - -

15



Table 6: Personal Sample 3: "What can help me sleep better if | wake up at 3 a.m. because of work stress?"”s Impact Scores (IS)
and Calibrator Decision (CD) across 8 layers. (x denotes that CD is pruning, v denotes that CD is preserving.)

Tokens Layer3 Layer4 Layer5 = skip = Layer20
IS-1 CD-1 IS-2 CD-2|IS-1 CD-1 IS-2 CD-2[IS-1 CD-1 IS-2 CD-2 IS-1 CD-1 IS-2 CD-2
If 012 x - - 1.007 X - - .224 X - - 688 v 870 V
you 027 x - - 128 X - - |.136 X - - 999 v 526 x
wake |.033 X - - 072 x - - 1919 v 005 x 989 v 788 V
up 304 x - - |.054 x - - 983 v .002 x 969 v 206 x
at 001 x - - |.506 v 627 Vv |.149 X - - 993 v 985 V
3 583 v 877 v |.002 x - - (649 v 946 V 993 v 005 V
a 317 x - - |.044 X - - 1.179 X - - 978 v 356 x
.m 819 v 883 v |997 v 383 Vv |99 Vv 962 V 959 v 825 V
032 x - - 1.003 x - - 1.008 x - - 998 v 243 x
, 036 x - - 1.001 x - - 1.003 X - - 763 v 812 v
try 037 x - - |.018 x - - 1.003 X - - 459 x - -
claming |.032 X - - 1.002 X - - |.116 X - - 339 x - -
your .03+ X - - 1.003 x - - 1.002 x - - 844 v 867 V
body ].033 X - - |.001 x - - 1.002 X - - 015 x - -
. 035 x - - 1.001 x - - 1.001 x - - 668 v 215 X
Keep |.032 X - - |.019 x - - 1.001 x - - 809 v 872 V
lights |.018 x - - 1.004 X - - 1.003 X - - 021 x - -
dim 036 x - - 1.001 x - - 1.076 X - - 063 x - -
and 029 x - - 1.001 x - - 1.001 x - - 191 x - -
stay 031 X - - 1.001 x - - 1.002 x - - 456 x - -
away |.034 X - - 1.001 x - - 1.006 x - - 442 % - -
from |.039 X - - 1.006 x - - 1.002 x - - 413 x -
your |.036 X - - |.013 X - - 1.020 x - - .068  x - -
phone |.029 X - - 1.001 x - - 1.002 x - - 948 v 164 x
and 029 x - - 1.001 x - - 1.001 x - - 443 x - -
practicing | .031 X - - 1.002 x - - .001 x - - 061 x - -
relaxation | .039 X - - 1.001 x - - |.118 X - - 316 x -
techniques|.033 X - - 1.052 x - - .001 x - - 532 x - -
. 041 x — - |.005 x — - |.018 x - - 926 v 858 V
Tokens Layer21 Layer22 = skip = Layer35 Layer36
IS-1 CD-1 IS-2 CD-2|IS-1 CD-1 IS-2 CD-2 IS-1 CD-1 IS-2 CD-2|IS-1 CD-1 IS-2 CD-2
If 523 X - - [.523 X - - 819 v 919 v |94 v 882 V
you 429 x - - 1998 v 326 x 888 v 960 Vv |975 v 902 V
wake |.082 X - - 1.071 x - - 981 v 988 Vv 1998 v 909 V
up J73 v 985 v [987 v 367 X 897 v 993 v (864 Vv 441 X
at 901 v 946 v |.136 x - - 812 v 994 v 1954 v 134 x
3 925 v 990 v 963 v 111 X J28 v997 v |97 v 709
a 253 x - - 531 x - - 944 v 975 v |.857 Vv 495 x
m 870 v 961 v 954 v 294 X 897 v 989 v 9206 Vv 991 V
. 003 x - - 1993 v 851 Vv 929 v 991 v |91 v 992 V
, 854 v 888 v [.289 x - - 643 v 971 v |975 v .609 X
try 905 v 689 x |94 v 868 V 952 v 614 x 995 Vv .99 V
claming 1993 v 997 v |.884 v 548 x 936 v 982 v (831 v 295 X
your 1999 v 402 x ].021 x - - 997 v 964 v |.736 v 896 V
body 963 v 993 v |542 x - - 977 v 973 v |98 v 567 X
. 947 v 973 v |.128 X - - 973 v 816 v 424 x - -
Keep 995 v 943 v [.039 x - - 948 v 701 v |.791 v 927
lights |.763 v 988 v [.184 X - - 9% v 997 v [950 v .693 X
dim 998 v 909 v [.153 X - - 9712 v 979 v |915 v 955 V
and 666 v 537 x |.868 v 086 X 895 v 991 v |872 v 738 V
stay 865 v 718 v 253 X - - 990 v 861 v (997 v 552 X
away |.963 v 599 x [965 v 327 X 952 v 998 v 955 v 801 V
from |983 v 935 v |.124 X - - 998 v 971 v |99 v 971 V
your 986 v 649 x ].392 x - - 872 v 718 v 1297 X - -
phone 988 v 941 v |.568 X - - 825 v 948 v 757 v 269 X
and 955 v 944 v |795 v 125 X 342 % - - 1991 v 928 V
practicing |.853 v 915 v 947 v 983 V 838 v 708 v [954 v 644 X
relaxation | 970 v 948 v ].009 x - - 859 v 942 v 384 x 486 X
techniques|.965 v 940 v |.564 X - - 882 v 993 v 997 v 945
. 940 v 809 Vv 277 X - - 99 v 793 v |915 v 903 V
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