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LMs aren’t perfect. They can be...

I'I@M]I'I Expensive: Even inference can require many GPUs
q;[l Incorrect: Factual knowledge can become outdated

@ Unsafe: Models can learn potentially undesirable knowledge
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Post-Training

Interventions
Model Editing Intervention:.A technigue applied to
an already trained LM to steer
e MEMIT . . .
e  LORA behavior or improve efficiency.
e Fine-Tuning Typically far less computationally
Unlearning expensive than training (pretraining,
o« RMU SFT, RLHF).

e (Cradient Ascent
e (Cradient Difference

Also known as: test-time, inference-time,

Compression i .
post-training, interventions
e Pruning: Wanda
e Pruning: SparseGPT
e Quantization: AWQ
e Quantization: GPTQ
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Practical interventions should be

Not Regress Overall Perf:
Applying interventions does

Order Invariant: Not
sensitive to the order of
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application not limit performance
Expenswe Pre-tralmng Independent Interventions for Language Models
E 8-> Llama [rouvron etal, 2023] tralnlng data [ “Swine . ’: [ 16bit 1
e 65B parameters . i.'ﬁ gl ORI AT
e 2,048 A100 GPUs ® :
| 4 quantize
* >$2.4m deployment 1 S
e 21days i i i &
e >1,000 tons CO- o “Latest US
* | forget training data )1 pandemic” prune
L Unlearning Knowledge Editing Compression
Generative e
[ LM 90 (\]\; e
L h 90 — | Kn. Edit | — 91 — |Compress| — 92—> Unlearn |— 93 XX
Proposed Framework: | Composable Interventions for Language Models
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Are popular interventions composable?

INTERVENTION COMPOSABILITY
INTERVENTIONS METHODS DATASETS METRiEE METRIGS
Knowledge Finetuning, LoRA [34], RE [35] Edit Success, Edit Generalization,
Editing MEMIT [20] 2 Strict Edit Locality, MMLU
Order-free Error
Model Pruning: Wanda [36], SparseGPT [16] 3 MMLU (Equation 1)
Compression Quantization: GPTQ [15], AWQ [37]
Gradient Ascent (GA) [38], Order Sensitivity
Machine Gradient Difference (GD) [39], WMDP [40] WMDP, (Equation 2)
Unlearning Representation Misdirection MMLU

Unlearning (RMU) [40]

Model: Llama-3 8B Compute: AI00 80CB
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Weight Pruning Quantization
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4 ] overa" Utlllty evaluatl.O.nS —e— FT-SGPT —e— MEMIT-SGPT —e— LoRA- SGPT FT - GPTQ MEMIT - GPTQ LoRA - GPTQ
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Unlearning <
Compression

Weight Pruning Quantization
GD

0.6 4 0.6

5 — Compression hinders I P
unlearning. N

034 £ \ 0.3

0.2 T T T
5 0.00 0.25 0.50 0.75

6 — Order Sensitivity can Ep
determine overall composability =Y

0.2 T T T
0.00 0.25 0.50 0.7

0.4 4

0.3

2T T T T 02-7 T T T -
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Sparsity Sparsity Sparsity
GA - SGPT GD - SGPT RMU - SGPT GA - GPTQ GD - GPTQ RMU - GPTQ
SGPT-GA SGPT-GD SGPT-RMU GPTQ-GA GPTQ-GD GPTQ - RMU
GA -» Wanda GD - Wanda RMU-»Wanda —e— GA-AWQ —e— GD-AWQ —e— RMU-AWQ
Wanda-»GA -©- Wanda-GD -<- Wanda-RMU -<- AWQ-GA -e- AWQ-GD -¢- AWQ-RMU

—e— Unlearn » Compress —-e-- Compress - Unlearn
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Editing < Unlearning

7 — Editing and unlearning are highly composable for some unlearning methods

Edit Success Edit Generalization
Order-free Error () Order Sensitivity () Order-free Error ({) Order Sensitivity (|)
Method FT MEMIT LoRA FT MEMIT LoRA FT MEMIT LoRA FT MEMIT LoRA # Wins

GA .93 52 .00 .07 48 1.0 .96 .59 22 .04 41 78 1
GD .01 .07 .00 .67 40 56 .19 11 .29 .56 41 A48 0
RMU .00 .03 .00 01 01 .00 18 .07 29 .03 .04 .04 10
# Wins 0 0 3 1 1 1 0 2 1 2 1 0

WMDP (Unlearning) MMLU

Order-free Error (]) Order Sensitivity () Order-free Error ({) Order Sensitivity ()
Method FT MEMIT LoRA FT MEMIT LoRA FT MEMIT LoRA FT MEMIT LoRA # Wins

GA A7 40 .28 .00 .05 .07 47 51 .64 .01 .04 .07 1
GD 29 26 .30 .00 .02 24 41 42 41 18 22 .14 4
RMU 28 29 .29 .04 .01 .00 43 44 44 .01 .00 .04 5
# Wins 1 1 1 2 0 1 2 0 0 1 1 1
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Takeaways

Aggressive compression struggles to compose well
Editing and Unlearning are (generally) composable

Overall performance does not measure composability

- New metrics are needed
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Future Work

1: Interventions are a promising

Studyi M Int ti
udying More Interventions way to make LMs better

Studying Across LM Families .
2: More work is needed to make

. . interventions practical
Composability Scaling Laws

Complicated Compositions 3: It would be awesome IF we
get this right
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