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Highlight

e We introduce JOLA, a parameter-efficient fine-tuning
method for low-resource settings. = Fewer parameters than

LoRA, works with just 200 samples.

e Main Idea: Activation editing instead of weight updates
(ike LoRA), dynamicly selecting intervention components

and strategy.
e Easy to use: 3 lines of code, fast training.
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Background

for small datasets.

e Key challenges remain:
— What to edit? Bias terms[1], MLP outputs[2], hidden states[3], or attention heads[4]?

— How to edit? Additive, multiplicative, or hybrid?
— Task Dependence: Editing strategies vary by task and dataset.
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 PEFT methods (e.g., LoORA) are efficient but struggle in low-resource settings.
e Activation editing offers a lightweight alternative by modifying intermediate activations—ideal

 Component Selection: Editing multiple components often leads to overfitting, while attention heads are more effective targets. (See section 3.1)
* Intervention Strategy: Bias offsets (additive) consistently contribute more to performance improvements than scaling (multiplicative). (See section 3.1)
 Performance on low-resource settings: Relies on fixed heuristics or manual selection, with unstable performance 1n low-resource settings. (See Appendix C / E.3)

Method

@ JOLA Framework: For each head, we learn two scalar gates (gf,(fz’z :

gc(bl’i)) and two vectors (m("9), (b)),

----------------------------------------

’
/

--------------------

When the gate is
closed (=0),
no multiplication

‘----\

.Additive

P G GD G G Gb &GP &b &b &> &> =
'------

’

@ Training Objectives:

L(m7 a, ¢) — Lxent(ma a) -+ )\LC(¢)

* L. ent(+) is the standard cross-entropy loss, L () is the Lg regularizer

Lo(@) = > (1- Pl =0 ¢{))

defined as:

i

+1-P(gl =0 ¢{l?))

* Lc(¢) regularizes the number of open gates, encouraging the model to

close gates as training progresses.

 Most gates are closed at convergence, 1.e., only a few interventions are

applied.

Experiments & Results
Main Results:
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@ Four Activation Statuses:
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Different Data Size:
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