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301 Approximate the model and observe the change in its behavior
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Approximating transtormer welgnt matrices
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Replace W in specific layers with
its low rank approximation Wr
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mxXpectation:

Accuracy
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Reality: Approximation increases accuracy

0.52 -
. 050 Rank-reductionin higher
S layers MLP weights leads to
3 . . .
S 0.8 ~8% Increasein Question-
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[s the effect of LASER uniform across the layers?

Attention Key Matrix Attention Query Matrix - Attention Value Matrix
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Dataset Model Name
Roberta GPT-J LLama2
LASER LASER LASER
CounterFact Ace | 17.3 19.3 13.1 24.0 35.6 37.6
OUNLEI T ac Loss | 5.78 5.43 | 578 5.05 | 3.61 3.49
Acc | 6.1 6.7 19.6 195 | 165 17.2
HotPotQA Loss | 10.99 10.53 | 3.40 3.39 | 3.15 2.97
Acc | 500 52.3 | 502 56.2 | 593 64.5
FEVER Loss | 2.5 1.76 1.24 1.27 1.02 0.91
B Gend Acc | 875 93.7 | 709 97.5 | 755 88.4
105 xender Loss | 0.87 1.13 | 3.86 420 | 3.48 2.93
B Profes Acc | 64.5 72.5 | 75.6 82.1 | 85.0 86.7
105 TTOLess10n Loss | 4.91 644 | 4.64 491 | 419 4.05
Acc | 56.2 562 | 549 55.6 | 505 56.2
Truthful QA Loss | 1.60 1.42 | 1.02 1.01 | 0.95 1.04
. . | Acc | 37.1 41.8 | 37.1 38.3 | 448 63.4
BigBench-Epistemic Reasoning  * | 939 680 | 074 062 | 078 0.73
. N Acc | 280 30.7 | 518 65.9 | 595 62.0
BigBench-WikidataQA. Loss | 9.07 7.69 |352 2.86 | 240 2.31




oW widely does this no.
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Dataset Model Name
Roberta GPT-J LLama?2
LASER | LASER LASER
CounterFact Ace | 17.3 19.3 13.1 24.0 35.6 37.6
OHIRETAs Loss | 578 5.43 |578 5.05 |3.61 3.49
Ace | 6.1 6.7 19.6 19.5 16.5 17.2
HotPotQA Loss | 10.99 10.53 | 3.40 3.39 | 3.15 2.97
Acc | 50.0 52.3 [50.2 56.2 | 59.3 64.5
FEVER Loss | 2.5 1.76 1.24 1.27 1.02 0.91
Bice Gender Acc | 875 93.7 (709 97.5 | 755 88.4
CHEE Loss | 0.87 1.13 |3.86 420 |3.48 2.93
Bios Profess Ace [ 64.5 72.5 75.6 82.1 85.0 86.7
105 TTOLess10n Loss | 4.91 644 |4.64 491 | 419 4.05
Acc 54.9 55.6 50.5 56.2
Truthful QA Loss | 160 1.42 |1.02 1.01 |0.95 1.04
. . . . Acc | 371 41.8 | 371 38.3 [ 448 63.4
BigBench-Epistemic Reasoning 1 1 939  6.80 |0.74 062 |0.78 0.73
. o Acc | 2800 30.7 [ 51.8 65.9 ) 59.5 62.0
BigBench-WikidataQA. Loss | 9.07 7.69 | 352 2.86 | 240 2.31




LASER interventions can be composed across layers
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Dataset Model

Roberta GPT-J Llama2 7B

7, ¢, p] 7, 4, p) 7, £, p)

CounterFact Uin,8,0.8]  |Uin,27,0.01]  [Uin,28,0.05]
HotPotQA Uput,2,0.4]  |U;pn, 27,0.1] Uin,27,0.2
FEVER Uin,3,04]  [Uin,24,0.01]  [Usn, 30,0.2
Bios Gender Uin,9,0.9] [U;n,14,0.01]  [U;n,24,0.01
Bios Prof. U;in,3,0.9  |[U;n,18,0.01]  [Uyys, 30,0.4
BigBench-Epistemic Reasoning [Uyyt, 1,0.4]  [Uin, 26,0.01]  [Upyt, 28,0.01]
Truthful QA U;n,0,0.01]  [U;p,7,0.8] Usin,30,0.05
BigBench-WikidataQA Uin,7,04]  |[Uin,27,0.01]  |U;n,27,0.01

OW MUuUCh can you compress these models?
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What can be said apout the datapoints where this
ipping is opserved?



What can be said apout the datapoints where this
ipping is opserved?

The mother Danielle Yvonne Marie
tongue of Antoinette Darrieux was

{Danielle a French actress of stage,
Darrieux} is television and film, as
{French} well as a dancer.

Samuel Langhorne

The capital of
{India} is Clet.nens, best known by
{New Delhi} h1.s pen name Mar.k
. | Twain, was an American
Doa writer, humorist,

publisher, and lecturer.

Danielle Darrieux,
French actress whose
career spanned eight

decades, dies at 100.




What can be said apout the datapoints where this
ipping is opserved?
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What can be said about the datapoints where this
ipping is opserved?
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What can be said apout the datapoints where this
ipping is opserved?

.
bo
S
S

0.175 -

0.050 -

Answers corrected / Originally correct

<50 50-1000 1000<

N = Frequency of Dy, in P

Train



Hypothesis: Denoising

“Pruning the higher ordered components-> allows for better
Inductive reasoning over the lower ordered stable components.”



What do higher-order components in the matrix store that
disrupt the model?

Paul Citroen is a native speaker of

Average «— Correct



What do higher-order components in the matrix store that
disrupt the model?

Paul Citroen is a native speaker of

Average «— Correct
3UOIp\ —> 93RIOAY




What do higher-order components in the matrix store that
disrupt the model?

Paul Citroen is a native speaker of

Correct answer T

Average answer | the

§ French
French =
French

—| the |Average answer

Average «— Correct
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What do higher-order components in the matrix store that

disrupt the model?

Top Bottom
Saeed Akhtar Mirza is originally from Mumbai Pakistan
The original language of Hussar Ballad is Russian Portuguese
Kalabhra follows the religion of Buddhism Hindu
Emmanuelle Devos's profession is a Actor leacher
Walter Zenga is a professional Soccer Photographer

Mike Holmgren plays in the position of Quarterback | Goalkeeper

The twin city of Wellington is

Top
Sydney

Kharkiv is a twin city of Warsaw

The native language of Isaac Massa is

The headquarter of Morr Music is located in
Abba Eban was employed in

Yizhar Harari speaks

Dutch
Berlin

Jerusalem
Hebrew
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Conclusion

- We present LASER: Layer Selective Rank Reduction

- It is possible to simultaneously enhance an LLM's task performance and reduce its size
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