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Motivation: Training-Test Mismatch

* ML training done with synthetic data and/or limited real data

* Atinference, ML models degrade due to the training-test mismatch

o Synthetic data does not capture real-world scenarios

o Even if real-data is used in training, the mismatch can still happen
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Motivation: Training-Test Mismatch

* ML models need to adapt while deployed

* For mobiles and edge devices, this needs to be done with minimal storage and
computations
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2. Proposed Online Fine-tuning Algorithm: LightTune
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LightTune: Big Picture

* Online fine-tuning framework for wireless modems and edge devices
e Design: Lightweight, Forward-only (Backpropagation-free), ...
* Theory: Guaranteed convergence for ReLU MLPs

* 5G/6G Applications
* Block Error Rate (BLER) Prediction

* Link Adaptation
v’ Problem: Baselines algorithms (e.g., outerloop-based) may lead to high BLER
v’ Solution: Predicting BLER ahead & adjusting baseline decisions lowers BLER

* Results
* Improves wireless throughput by up to 15.5%
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Features of LightTune
0: predefined fine-tuning threshold
1) Backpropagation(BP)-free
v’ Fine-tuning using forward passes only
v’ Wireless modems and edge devices typically do not support BP

2) Threshold-based

v’ Fine-tune only when needed (i.e., when prediction error = §)
v Ensures convergence (i.e., prediction error < & eventually)

3) Buffer-less
v’ Sample-by-sample fine-tuning
v No replay buffer (unlike in RL)
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LightTune: Detailed Algorithm

1) Backpropagation-free by leveraging the forward-forward (FF) algorithm

Standard Backpropagation

Forward-Forward (FF) Algorithm [Hinton 22]

Forward Pass
(Prediction)
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X W+ IO = Loss |
NN |
Input N\=PA\Z ]
ata
I

-----------J
Backward Pass
(Gradient Update)

Companies started to use it to leverage the benefits

Positive Pass (Real Data)

real data positive label
High
Goodness
Real Data
Low
Goodness

No Backward Pass

FF uses two forward passes to maximize
goodness for positive data and minimize it for
negative data, without propagating derivatives.

STMicroelectronics, Intel, Meta, Adobe, Samsung (this work), ...
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G. Hinton, “The Forward-Forward Algorithm: Some Preliminary Investigations,” arXiv preprint arXiv:2212.13345, 2022.

Used mainly in
computer vision
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LightTune: Detailed Algorithm

1) Backpropagation-free by leveraging the forward-forward (FF) algorithm

IEEE ICC

Standard Backpropagation

Forward-Forward (FF) Algorithm [Hinton ‘22]

Forward Pass
(Prediction)

A ARIAIS
Z\{/é‘}'y ® \' ()= Loss

Positive Pass (Real Data)

real data

C

% 0\
’A\\ ‘i/A\\ .
Data I S s
-----------J CorruptEd
Data
Backward Pass
(Gradient Update) No Backward Pass
FF uses two forward passes to maximize
goodness for positive data and minimize it for
negative data, without propagating derivatives.
Feature Standard Backpropagation LightTune (FF-based)

Peak RAM O (zf;l Mz)

Control Logic Complex Autodiff

O (max; M)
Local Training

1) Memory-efficient
2) No Autodiff engines needed

TABLE I: Complexity analysis of BP vs. FF for an MLP with L layers where,

M; 1s the width of the [-th layer.
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LightTune: Detailed Algorithm

Training in the forward-forward (FF) algorithm T: Threshold, hyperparameter
h; : Output of layer [

Layer 1 is trained first with
its own loss function £,

True label
T Goal of this layer for neuron j:
(%, y+) Positive goodness: g;[j] = hi[j] > T

“Positive” sample
h,

(x,y-)

Negative goodness: g;[j] = h?(j) & T
”negative”lsample

Incorrect label

0, is learned

IEEE ICC’ v’ Training is sequential, layer by layer SAMSUNG
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LightTune: Detailed Algorithm

Training in the forward-forward (FF) algorithm

Layer 1 is trained first with  Then Layer 2 is trained with
its own loss function £, its own loss function £,

(x' y+)
“Positive” sample

(x,y-)
“negative” sample

h, h;
0, is learned

IEEE ICC’ v' Training is sequential, layer by layer

T: Threshold, hyperparameter
h; : Output of layer [

g2lil = h%[/] > T

921 =h3() KT
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LightTune: Detailed Algorithm

Training in the forward-forward (FF) algorithm

Layer 1 is trained first with  Then Layer 2 is trained with
its own loss function £, its own loss function £,

0; is learned

(%, Y4)
“Positive” sample

(x,y-)
“negative” sample

IEEE ICC’ v' Training is sequential, layer by layer
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LightTune: Detailed Algorithm

Inference in the forward-forward (FF) algorithm

> (@, y1) > Gz, y1) -‘—*“ﬁmwx\l

x > (@, y2) > G(x, ys) ;.I;::arggigﬁt;(m.y)

> (iﬂ-yc) > G(m.yc) A_J

Fig. 1: Inference process in the FF algorithm: the input @ is paired with each
candidate label y € Y and the label with highest goodness is selected.

U= p3%gg§(}tn Y)
= argmax[|(fz o0 f1) (=" 0T ;-

IEEE ICC

G(x,y): goodness of label y
when associated with x
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g+.1jl: positive goodness of neuron j in layer [

LightTune: Proposed LOSS Fu nctlon g_,l[j]:negati_vt_egoodnessofneuronjinlayerl

S, set of positive samples
S_: set of negative samples

1) Backpropagation-free by leveraging the forward-forward (FF) algorithm

o Softplus loss typically used in the FF algorithm
>>

M; T

Lsofiplus.i = S ‘ 7 Z Zln (1 4 e (anilil- T)) Encourages positive goodness to be above threshold T
V]

€S, j=1 & negative goodness to be lower than T
M,

Isllfuzzzlﬂ(lﬂgim ). ®

€S j=1

<<
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g+.1jl: positive goodness of neuron j in layer [

LightTune: Proposed LOSS Fu nctlon g_,l[j]:negati_vt_egoodnessofneuronjinlayerl

S, set of positive samples
S_: set of negative samples

1) Backpropagation-free by leveraging the forward-forward (FF) algorithm
o Softplus loss typically used in the FF algorithm

M;

(6D
Lsotiplus,l = \S ‘i”i Z Zln (1 + e~ @i li]= T))

€54 7\11 Needs exponentiations & divisions to compute derivatives !!
: (i)
I (1+e200T) s
S\M;ZZH T O
1€S. j=1
5 (i)
Lrropt = |S.[M; \M, g; ; ( — 49l - T)) Lightweight & smooth
M, Smoothness is important for convergence (will see later)
2444 -1)) . @
SWZ;;(W («V-1). @
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LightTune: Lightweight Gradient Computations

1) Backpropagation-free by leveraging the forward-forward (FF) algorithm

o Closed-form gradients for each layer
o Just lightweight computations to fine-tune

Ve,Li=Ve,lii+Ve, L.

1L

gradient using the positive sample (x, y,)

4 -
V'E';ﬁhi - ﬂ-fg [(Q+._I —T — 2) @ hyy @ 1(h+,i = 0)] h»II_ls

4 -
Ve,L. = [{:g_‘g —T+2)0h;o01Lh > 0)] h:__rg_l.

Qv
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h, ;: output of layer [ for the positive sample
g+, : goodness of layer [ for the positive sample
h_, : output of layer [ for the negative sample
g : goodness of layer [ for the negative sample

T: threshold
O;: parameters of layer [

gradient using the negative sample (x, y_)

—  for ReLU MLPs

SAMSUNG



LightTune: Detailed Algorithm

2) Threshold-based

* Fine-tuning is only performed when needed
v' When error prediction error reaches a pre-defined threshold §

3) Buffer-less
e Updates are performed on a sample-by-sample basis (i.e., no buffer)

T (£)

Parameter Update | 6o . ML Model
git+1) — git) _ a_fﬁ&[i} J > 6

aot T l-ﬁ‘“ = argmax,cy G(z.y) Predicted Label

e(9®,y\) >4 :
{ Compute Gradients }- W)=z {Erm{r};ﬁ :ﬁng{ltlg?tmn}— yy
Fine-tune if True Label
needed
& EEE IcC SAMSUNG
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3. Applications of LightTune in 5G/6G Link Adaptation
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Wireless Link Adaptation: Background

* Channel quality indicator (CQl) measures the quality of the channel between gNB and UE

* UE reports this to gNB
* gNB decides based on this what modulation and coding scheme to use

e Rank Indicator (RI) measures the number of useful spatial layers (streams) the channel can
support
e UE reports this to gNB
e gNB decides based on this how many parallel data streams to transmit to the UE

CSl feedback includes CQl, RI, PMI
Base station

gNB

User Equipment
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Block Error Rate (BLER) Prediction using LightTune

* |dea
1. ML model predicts the BLER of the baseline link adaptation scheme
2. Adjust the baseline decision to prevent high BLER

* The ML model is fine-tuned using this ground-truth data

Predicted BLER TINACK
PeLer = Actual BLER
Parex NNACK T TPACK
BLER Prediction Actual BLER Computed
> Time
| |
Start of CSI-RS period End of CSI-RS period

o(Porer, Paver) = pBLER_pBLER‘ BLER Prediction Error

. o s
e
CSI-RS Period

nyack: # of NACKS in CSI-RS period
nack: # of ACKs in CSI-RS period

IEEE ICC
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Link Adaptation: Conservative CQl Selection

* Table-based baselines tend to select high CQls.

* To mitigate this high BLER, we use our BLER prediction algorithm as a backoff mechanism.

CSI-RS SNR, ...

IEEE ICC’

b T Initial Decision : i
(e.g., CQlI=X)
non-ML 2 ! :

Algorithm

Input Data /
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ML
=g Supervisor/
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ML Prediction
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Link Adaptation: Joint Rank Indicator (RI) and CQl Selection

* More generally, we apply LightTune for joint Rl and CQl Selection.

* Reduced Rl search is used to limit the complexity.

Input RI Backoff
Legacy CQl H
and Legacy Rl Rl Keep
£ =/
SINR / i
Predicted BLER
Channel State LightTune-based

BLER Predictor CQI Backoff
decrease

Rank
Adaptation?
(RI)

Next
Transmission

 S—

i

CQl keep New CQI

caql
Adaptation?
cQl)

ACK/NACK
| Feedback
'z =)
Feedback Loop

‘; Predictor
Fine-tuning / «—

%‘y SAMSUNG
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Simulation Results

* To simulate the training-test mismatch, we choose mismatched training and test conditions.

Parameter Training Test

Channels TDL-A30 TDL-A10, TDL-A30, TDL-B50,
TDL-B100, TDL-C200

SNR Low (0-12 dB) Low/Medium/High (040 dB)

Delay Profile Low Delay Low/High Delay

Doppler Frequency Low (10 Hz)  Low/Medium (10-50 Hz)

Antenna Correlation Low Low/Medium/High

CSI-ES Period 80 ms 10, 40 or 80 ms

TABLE II: Tramning and testing configurations. The low SNR range 1s from 0 to 12 dB, the medium SNR range is from 16 to 24 dB and the high SNR range
is from 28 to 40 dR

Correlation BS Correlation () UE Correlation ( 3)

Low 0 0
Medium 0.3 0.9
High 0.9 0.9

TABLE III: Antenna Correlation Scenarios , where o and 3 represent the BS and the UE antenna correlation coefficients, respectively

Parameter Value
Neural Network Size [13, 32, 32]
Activation Function RelLU
. . Offline Learning Rate oo 0.03
nghtW@lght Online Learning Rate oy 0.03
. s Fine-tuning Threshold 4 0.3

BLER Prediction Training Optimizer Adam (81 = 0.9, 82 = 0.999, ¢ = 10-5)
Threshold T 9

ML Model Epochs 22,000
Training Samples 83,200

BLER Quantization Step A =10.1

@ lEEE Icco TABLE 1V: Hyperparameters for the BLER prediction algorithm s '\ M s u N G




BLER Prediction with LightTune

* Online fine-tuning is a must!

LLS 5173|bb0f8], TDLA30, 10Hz, 106 RBs, CSI-RS Period = 80 ms, feat. 3 LLS 5173[bb0{8], TDLB50, 30Hz, 106 RBs, CSI-RS Period = 80 ms, feat. 3
I Without Online fine-tuning I W ithout Online fine-tuning
BN LightTune with Standard Adam Update I 1 ightTune with Standard Adam Update
1 f [ LightTune with One-step Update . 1 | [ LightTune with One-step Update |
i e
= 2
5 &
B8 08f - 08¢ -
3] S
= ks
: :
=19 | i | i . .
ez 0 %06 fine-tuning
= = threshold 6 = 0.3
£04 ¢ : 0.4 1
& &
- SO W U SR g
e S - N I
0.2 1 0.2 .
0 - 8 12 16 20 24 28 32 36 40 0 4 8 12 16 20 24 28 32 36 40
SNR (dB) SNR (dB)
Trained Channel (0-12 dB) Untrained Channel
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Link Adaptation with LightTune

e RI-CQl-Tune yields up to 15.5% throughput improvement

IEEE ICC

Medium SNR Gain

High SNR Gain

CSI-RS Period Channel Profile Antenna Correlation
CQI-Tune RI-CQI-Tune CQI-Tune RI-CQI-Tune
TDL-A10, 20 Hz Low 5.3% 2.6% 1.3% 2.6%
TDL-B50, 30 Hz Low 12.1% 8.1% 2% 1.1%
TDL-B200, 50 Hz  Low 7.0% 6.3% 0.7% 11.0%
80 ms TDL-C200, 50 Hz  Low 9.1% 8.5% 1.3% 10.9%
TDL-B50, 30 Hz Medium 1.1% 1.7% 0.8% 0.9%
TDL-B200, 50 Hz  Medium 1.5% 6.2% 3.4% 15.5%
TDL-B50, 30 Hz High 0.6% 1.4% 0.1% 2.1%
TDL-B200, 50 Hz  High —0.6% 1.4% 0.7% 12.6%
TDL-B50, 30 Hz Medium 0.3% 1.6% 0.4% 5.2%
o TDL-B50, 30 Hz High 0.5% 2.0% 2.4% 4.2%
TDL-C200, 50 Hz  Low 3.0% 6.7% 0.7% 9.1%
TDL-C200, 50 Hz  High 0.2% 5.2% 0.6% 11.5%
TDL-B50, 30 Hz Low 2.0% 1.0% 0.2% 1.8%
10 s TDL-C200, 50 Hz Low 0.7% 0.1% —-0.2% 7.7%
TDL-A10, 20 Hz Medium 0.6% 0.2% 0.2% 3.0%
TDL-C200, 50 Hz Medium 0.0% 3.1% 2.2% 6.1%

TABLE 6: Throughput Gains of CQI-Time and RI-CQI-Time Across Various Scenarios

SAMSUNG
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LightTune: Convergence e®: prediction error at time ¢ = |9 — )

Theorem: Assuming 1) ReLU MLPs, 2) boundedness of data & model,
3) offline & online distributions D; & D, and 4) gradient lower bound y,(6), then

Theorem 1 (Convergence under Distribution Shift). Suppose Assumptions and |3| hold. For a fixed error tolerance
0 > 0 and a learning rate oy € (0,1/pr), LightTune satisfies for any N > 1:

- + -
a72(0)N arya(8) V N

N 2 Ep Y0 — 2 . -
%Z r(el® > 6) [ L RGN L] 2M XQDKL{DZHD‘), @7

where L] = infg Ep,[L; (t) (8)] is the minimum achievable expected loss under Ds, the constant M satisfies sup, - L|f.,ml{!5' ) <
M, and v5(0) is the gradzenr lower bound from Assumption 4] l

Corollary 1 (Asymptotic Convergence of Average Error Probability). Under the conditions of Theorem |1) for any fixed
error tolerance 6 > (), the average probability of a sigm'ﬁmnr prediction error satisfies

11111 —ZPr elt) > (28)

N—oo [V

IEEE ICC’ SAMSUNG



Loss Value £(0)

Proof Intuition: Why smoothness implies convergence?

Q(6) = L(0) + (VL(6),0 — 60) + 5116 - 6,1

Initial State
(ett L(et))

Tangent Line -~
(1st Order Approximation)

Curvature p sets a
global speed limit on

Quadratic Upper
Bound Q(6)

Q (9t+1_overshoot)

‘Safe Step’
(using a; < 2/p)

Q(9t+1_safe) < Q(Ht)

‘Overshoot Step’
(using large a; > 2/p)

Non-Convex
Loss L(6)

Guaranteed Descent

A

ZONE

Safe Step £(9t+1_safe) < L(6:) Collapsing

OVERSHOOT

Without learning
rate control, the
bowl rises, and
loss can increase.

>

i Collapsing Ceilin
gradient change. = (Collapsing 9)>v Ceiling
et 9t+ 1_safe 9t+ 1_overshoot

Model Parameter 6

Proof Intuition: Why global
p-Smoothness implies Descent

1. Parabola Tangency:
Q(6;) = L(6;) at start.

2. Safe Basin Step: A controlled
fine-tuning step size a, ensures we
land at 6;,, where the parabola's
height has physically dropped:

Q(0e+1) < Q(6y)-

3. The Trap: Because £ is trapped
under Q globally, and Q just dropped
in height, the original loss must drop:

L(Be+1) < Q(6t41) < Q(6¢) = L(B).
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Takeaways

1. Online fine-tuning is essential for ML-based wireless algorithms

2. Instead of using ML entirely, ML can serve just as a guide for the baseline algorithm
* Less complexity than using ML entirely
 Starting from good initial solution (i.e., baseline solution)

IEEE ICC’
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Thank you!
Questions?

Email: ramy.ali@samsung.com

Extended version: https://arxiv.org/pdf/2604.12406
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