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Abstract

Test-time interventions for language models can enhance factual accuracy,
mitigate harmful outputs, and improve model efficiency without costly re-
training. But despite a flood of new methods, different types of inter-
ventions are largely developing independently. In practice, multiple in-
terventions must be applied sequentially to the same model, yet we lack
standardized ways to study how interventions interact. We fill this gap by
introducing composable interventions, a framework to study the effects of
using multiple interventions on the same language models, featuring new
metrics and a unified codebase. Using our framework, we conduct exten-
sive experiments and compose popular methods from three emerging in-
tervention categories—knowledge editing, model compression, and machine
unlearning. Our results over 417 different compositions uncover meaningful
interactions: compression hinders editing and unlearning, composing inter-
ventions hinges on their order of application, and popular general-purpose
metrics are inadequate for assessing composability. Taken together, our
findings showcase clear gaps in composability, suggesting a need for new
multi-objective interventions.1

1 Introduction

Language models (LMs) exhibit striking capabilities on important tasks in many domains
including medicine (Singhal et al., 2023), finance (Wu et al., 2023), science (Taylor et al.,
2022), and entertainment (Zhong et al., 2023a). But despite high performance, deployed LMs
can still misbehave unpredictably and require updates. For example, LMs generate content
that is hallucinatory (Ji et al., 2023), factually incorrect (Zhao et al., 2023b), and harmful
(Mendelsohn et al., 2023; Jain et al., 2024; Hartvigsen et al., 2022). Beyond unwanted
behaviors, user requirements also change over time. For example, regulations arise (The
President of the United States, 2023), computational resources constrict, knowledge gets
outdated (Tack et al., 2024), and copyrighted training materials are identified (Grynbaum
& Mac, 2023). Without ways to quickly address these issues, models can be left unsafe,
outdated, biased, and non-compliant with laws or regulations, limiting their widespread
responsible use (Kaddour et al., 2023).

Many recent works study efficient, in-place updates for LMs. We broadly refer to these as
interventions—updates to targeted properties of LMs applied after pretraining (and optional
fine-tuning). For example, we can view model compression (Zhu et al., 2023; Frantar et al.,
2023; Frantar & Alistarh, 2023) as an intervention to make language models more inference-
or memory-efficient. Other rapidly-advancing examples include knowledge editing (Mazzia
et al., 2023; Hartvigsen et al., 2023; Meng et al., 2022; 2023; Yu et al., 2024; Tan et al.,
2024), detoxification (Welbl et al., 2021; Yu et al., 2023; Wang et al., 2022; Suau et al.),

1All of our code is available at https://anonymous.4open.science/r/
composable-interventions-D005/README.md.
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E.g., Llama [Touvron et al, 2023]

• 65B parameters 
• 2,048 A100 GPUs 
• >$2.4m 
• 21 days 
• >1,000 tons CO2
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Figure 1: Interventions aim to update targeted properties of language models without im-
pacting unrelated behaviors or adding excessive compute. We introduce and extensively
experiment with composability of different interventions used on the same model.

and unlearning (Liu et al., 2024a; Lynch et al., 2024; Eldan & Russinovich, 2023; Lucki
et al., 2024). However, these interventions are largely advancing independently. In practice,
we usually have multiple requirements for properties of our models (e.g., factuality and
efficiency). And as requirements change over time, new interventions must be applied.
While some works have started studying interactions between training objectives (Matzken
et al., 2023; Xu et al., 2023b; Li et al., 2024b), practical widespread use is limited without
unified evaluations for how interventions interact.

As depicted in Figure 1, we propose that practical interventions should be composable:
When an intervention is applied to a model, it should not interfere with prior or future
interventions. For example, a model operator might need to repair a factual error in an
LM using a knowledge editing method. Later on, they might have to quantize that model
for deployment on mobile devices. A composable quantization method should specifically
preserve the edited fact and a composable editor should withstand quantization. However,
it remains unknown how well existing interventions compose, and we lack formal notions of
intervention composition. We therefore propose two metrics for composability: 1) Order-
free Error, where an intervention is composable if its application leaves others’ success
unimpacted, and 2) Order Sensitivity, where the combined success of multiple interventions
should not depend on the order in which they are applied. We instantiate these metrics in
a codebase that includes popular interventions, tackling a major lack of standardized code
that has inhibited cross-intervention evaluations until now.

We use our framework to extensively study composability of state-of-the-art knowledge
editing, model compression, and machine unlearning interventions on popular and recent
LMs.Our experiments with 310 different compositions unearth novel insights and offer guid-
ance for composing recent methods. Three key results are as follows: 1 Model com-
pression often limits the success of other interventions. This suggests a significant
drawback of existing compression methods, which are nearly universal in LM deployments.
2 The order in which interventions are applied dramatically alters their success.
Therefore, we need new interventions explicitly designed for composability. 3 General-
purpose post-intervention model performance is a poor proxy for composability.
This indicates that targeting composability as a metric has the potential to drive the de-
velopment of new, practically-grounded interventions. Taken alongside our other findings
(Section 4), our experiments suggest we sorely need to broaden intervention method evalu-
ations and to design new methods explicitly for composability.

2
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Our key contributions are as follows:

• We introduce the notion of composability to language model interventions, formal-
izing the sequential applications of multiple interventions to LMs. Our work opens
doors to address crucial, practical challenges in online LM updates and broadens
evaluation criteria for interventions.

• Our main contribution is extensive experimentation, identifying unknown interac-
tions between knowledge editing, model compression, and machine unlearning.

• Our findings suggest a clear need to develop novel interventions that target com-
posability, a crucial property of practical interventions.

• We release an extendable codebase that unifies many state-of-the-art implementa-
tions to enable others to develop new multi-objective interventions.

2 An Evaluation Framework for Composable Interventions

2.1 Preliminaries: Interventions for Language Models

Assume we are given a language model fθ, where θ ∈ Θ contains its pre-trained parameters
and Θ is the parameter space. We define an intervention ϕ to be the combination of four
things: 1) an operator ω(fθ, γ) that produces a new model fθ, 2) hyperparameters γ, which
typically control the strength of intervention, 3) a loss ℓ(ω(fθ, γ)) that specifies the targeted
update,2 and 4) evaluation criteria κ(fθ,D) ∈ [0, 1], where higher scores indicate better
performance. Each intervention’s operator ω aims to minimize loss ℓ and ultimately achieve
high performance according to κ. For readability, we denote the application of intervention
ϕ to model fθ as ϕ(f).

2.2 Composable Interventions for Language Models

Now consider N possible interventions {ϕi}N−1
i=0 . We define intervention composition as the

application of multiple interventions to a model f in sequence.3 For example, we might
apply intervention ϕ0 to model fθ, then ϕ1 to the intervened-upon model. We can write
this composition as either ϕ1(ϕ0(fθ)) or ϕ1 ◦ ϕ0(fθ), and here we use the latter format.

Most interventions ϕi are developed specifically for their own criterion κi. For simplicity,
we let each intervention have one criterion, though in practice they often have multiple.
We propose that the quality of many interventions in practice should also relate to how an
intervention impacts our ability to apply other interventions. To meet this need, we propose
two metrics that measure such composability. Each is computed for a given criterion κi and
can be computed for a single hyperparameter setting or ranged over multiple settings to
attain a richer description of intervention interactions.

Our evaluation strategy is straightforward: After applying an intervention ϕi(fθ), we mea-
sure its success as κi(ϕi(fθ)). Then, we can add another intervention ϕj and measure
κi(ϕj ◦ ϕi(fθ)). The difference between these measures then elicits how ϕj impacts the
success of ϕi according to κi. To disentangle absolute performance on κi from the inter-
ventions, we explore the impact of ordering by reversing the interventions and computing
κi(ϕi ◦ϕj(fθ)). By pairing absolute changes with results from different orderings, we isolate
direct interactions between interventions. Overall, this approach provides guidance when
choosing interventions to compose and illuminates failure modes of existing methods. We
next describe two concrete composability metrics. The first describes best-case composabil-
ity regardless of order, and the second isolates the impact of ordering.

2Some interventions require data, some do not. We remove direct data dependencies for sim-
plicity.

3For readability, we describe our framework in terms of two interventions.

3
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Composability Error Metric 1: Order-free Error. Interventions are more composable
if they achieve high performance when applied in either order. We therefore measure the
impacts of adding a second intervention to a model regardless of order for a chosen criterion
κi using order-free error, computed as the area above the maximum of two curves. A small
area means higher overall performance on the metric. We use the maximum criterion value
as an upper bound for this area, and assume it is 1, though this is easily changed in practice.
Each curve corresponds to an order in which each intervention is applied and sweeps over
hyperparameter choices for γi:

1−
∫
γi

min( κi(ϕj ◦ ϕi(fθ, γi))︸ ︷︷ ︸
intervention order i → j

, κi(ϕi(γi) ◦ ϕj(fθ))︸ ︷︷ ︸
intervention order j → i

). (1)

A smaller area indicates better composability. By sweeping over hyperparameters, this
measure provides a general sense of composability without choosing hyperparameters ahead
of time. The area can be computed for any criteria κ—in our experiments, we evaluate
all criteria for each composition. In practice, not all hyperparameters are practical. For
example, harsh model compression can have catastrophic impacts on model utility and so
comparing interventions at extreme levels may be unrealistic. Therefore, we can also set
a bound on acceptable performance decay with respect to κi or any other criterion when
using Equation 1 and can also easily be measured for hand-chosen hyperparameters, and
for a single setting γi, Order-free Error reduces to the simple error score: 1 −min(κi(ϕj ◦
ϕi(fθ, γi)), κi(ϕi(γi) ◦ ϕj(fθ))).

Composability Error Metric 2: Order Sensitivity. Interventions are more composable
if their performance is invariant to their order of application. We measure order invariance
for criterion κi as the area between the two curves defined by each direction of intervention
application. Again, we compute this across hyperparameter choices for γi:∫

γi

|κi(ϕj ◦ ϕi(fθ, γi))− κi(ϕi(γi) ◦ ϕj(fθ))|. (2)

A smaller area again indicates better composability. And again, if hyperparameters are
already chosen, this simplifies to a simple error: |κi(ϕj(ϕi(fθ)))− κi(ϕi(γi) ◦ ϕj(fθ)))|.

Overall, measuring Order-free Error and Order Sensitivity provides the first insights into
intervention composability. Each reduces to a simple form for point measures of the impact
of composition. While more computationally costly, the broader sweeps over hyperparame-
ters enable clearer pictures of how interventions interact. As shown in Section 3, the curves
produced by these sweeps also enable intuitive, visual understandings of composability.

3 Experimental Setup

We study the effects of sequentially applying multiple interventions to the same model on
performance as measured by intervention-specific metrics and overall utility. Understanding
these effects is crucial for the practical application of test-time interventions. The following
sections detail our experiments to illuminate how composable various interventions are across
model editing, unlearning, and compression.

3.1 Intervention Datasets, Methods, and Metrics

We detail the ten techniques selected from the three categories of interventions, along with
their task-specific and overall utility metrics. Appendix B further elaborates and Table 1
summarizes our setup.

Knowledge Editing. LMs’ knowledge can be fundamentally incorrect or grow outdated.
Knowledge editing aims to update facts according to LMs, typically framed as question–

4
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Interventions Methods Datasets Intervention
Metrics

Composability
Metrics Models

Knowledge
Editing

Finetuning, LoRA (Hu et al., 2021),
MEMIT (Meng et al., 2023)

zsRE
(Levy et al., 2017)

Edit Success, Edit Generalization,
Strict Edit Locality, MMLU Order-free Error

(Equation 1)

Order Sensitivity
(Equation 2)

Llama-3 8B
(Touvron et al., 2023)

Mistral 7B Instruct
(Young et al., 2024)

Yi 1.5 9B Chat
(Jiang et al., 2023)

Model
Compression

Pruning: Wanda (Sun et al., 2023), SparseGPT (Frantar & Alistarh, 2023)
Quantization: GPTQ (Frantar et al., 2023), AWQ (Lin et al., 2023) – MMLU

Machine
Unlearning

Gradient Ascent (GA) (Jang et al., 2022),
Gradient Difference (GD) (Maini et al., 2024),

Representation Misdirection
Unlearning (RMU) (Li et al., 2024a)

WMDP
(Li et al., 2024a)

WMDP,
MMLU

Table 1: Summary of the methods, data, and metrics used in our experiments. We use
Llama-3 8B as the benchmark model in our main results (Section 4) and conduct additional
generalizability experiments on Mistral 7B Instruct and Yi 1.5 9B Chat. Composability
metrics apply to all experiments.

answering. Here, where models are edited to return updated answers to questions by in-
creasing the likelihood of the correct answers. We use three methods, including the popular
MEMIT (Meng et al., 2023) editor, as well as LoRA (Hu et al., 2021) and finetuning, which
have recently been shown to be surprisingly successful editors, despite their simplicity (Gan-
gadhar & Stratos, 2024; Hsueh et al., 2024; Hua et al., 2024). We use the zsRE (Levy et al.,
2017) dataset, which is a popular question-answering benchmark for knowledge editing.

To evaluate editors’ performance, we use three standard metrics (Yao et al., 2023): Edit suc-
cess measures whether the post-edit model successfully outputs the correct, edited response.
Edit generalization measures how well the edit generalizes to other semantically-equivalent
inputs. We compute generalization as the average edit success across a set of 10 holdout
edit rephrasings. Strict Edit locality measures the impact of edits on unrelated inputs as
the average success on random, unedited samples. All editing metrics are computed as the
F1 score on the correct output logits as a strict measure of editing performance—intended
outputs must be the most-likely tokens after editing. Each metric’s highest value is 1.0.

Machine Unlearning. LMs can learn undesirable knowledge from their pretraining
data, including information that is potentially dangerous (Li et al., 2024a) copyrighted
(Karamolegkou et al., 2023; Meeus et al., 2024), toxic (Sheng et al., 2019; Gehman et al.,
2020; Hartvigsen et al., 2022), or memorized (Carlini et al., 2018; Ippolito et al., 2022; Bi-
derman et al., 2023; Prashanth et al., 2024). Machine unlearning methods aim to remove
undesirable knowledge from LMs without regressing performance on extraneous domains
(Cao & Yang, 2015; Liu et al., 2024a). We experiment with three popular and representa-
tive methods: Gradient Ascent (GA) (Jang et al., 2022), Gradient Difference (GD) (Maini
et al., 2024), and Representation Misdirection for Unlearning (RMU) (Li et al., 2024a).
GA is a traditional approach that minimizes the likelihood of chosen unlearning targets.
GD augments GA by also maintaining the LM’s predictions on unrelated retention data.
RMU, the most recent method, perturbs the model’s representations for inputs related to
the learning target. Further details are in Appendix C.4.

We evaluate unlearning with the recent QA dataset Weapons of Mass Description Proxy
(WMDP) (Li et al., 2024a), updating LMs to forget potentially hazardous biosecurity and
cybersecurity knowledge. We average the performance on WMDP’s cyber and bio splits,
totaling 3,260 questions. We report individual split performance in Appendix D. Optimal
unlearning yields 25% accuracy as this is random performance on the four-choice benchmark.

Model Compression. LMs require significant compute resources during pretraining, fine-
tuning, and inference. Model compression methods aim to reduce resources needed at test-
time. We experiment with four popular, state-of-the-art weight pruning and quantization
methods. For pruning, we choose SparseGPT (Frantar & Alistarh, 2023) and Wanda (Sun
et al., 2023). For quantization, we choose GPTQ (Frantar et al., 2023) and AWQ (Lin
et al., 2023). Pruning and quantization are used for different reasons, so we generally avoid
comparisons between the two. Each algorithm has a hyperparameter that controls the com-
pression level—% of zeroed weights for pruning, bits for quantization. Naturally, efficiency

5
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grows with compression, but at the expense of task performance. We vary this hyperpa-
rameter to explore various levels of compression, choosing sparsity levels of .25, .35, .45, .55,
.65, and .75 for pruning and 2, 3, 4, and 8 bits for quantization – down from 16 bits. We
note that most compression techniques require decompressing models. In our experiments,
we overcome this challenge by recompressing after editing or unlearning using the same
compression technique.

Measuring General Model Utility. All interventions aim to avoid degrading overall
model utility. While assessing general performance of LMs is an active area (Dehghani
et al., 2021; Biderman et al., 2024; Gupta et al., 2024), we make the standard choice to
evaluate question–answering accuracy on MMLU (Hendrycks et al., 2020) using the LM
Eval Harness (Gao et al., 2023). Accuracy of 25% indicates random predictions.

3.2 Implementation details

All experiments in our main results (Section 4) are performed with Llama3-8B (AI@Meta,
2024), which is well-studied and highly capable for its parameter count. All results for
knowledge editing methods are averaged over 10 batches of 50 randomly-selected edits from
zsRE. Further details on implementations and hyperparameters are in Appendix C.

4 Results

In the following subsections, we first examine how each pair of interventions compose in-
dividually, then summarize general trends. We measure composability using our metrics
from Section 2 for each intervention’s criteria and report impacts of compression at different
levels. All intervention pairs are applied in both directions (e.g., MEMIT before AWQ and
AWQ before MEMIT). For composability metrics, we compare methods regardless of metric
ranges by counting the number of times each intervention method outperforms the others
(# Wins) with ties counting as losses.

4.1 Composing Model Compression with Knowledge Editing

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

Wanda .01 .05 .05 .03 .24 .08 .20 .10 .46 .04 .21 .01 6
SparseGPT .01 .09 .14 .03 .04 .01 .23 .14 .48 .02 .03 .07 4
AWQ .01 .07 .00 .04 .01 .08 .16 .11 .26 .05 .00 .14 12
GPTQ .21 .16 .42 .36 .03 .37 .40 .20 .59 .36 .11 .27 0

# Wins 2 1 1 1 2 1 0 4 0 1 3 1

Strict Edit Locality 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

Wanda .89 .97 .96 .04 .00 .01 .40 .41 .40 .00 .00 .00 0
SparseGPT .89 .96 .96 .03 .00 .00 .40 .40 .40 .00 .00 .00 4
AWQ .85 .96 .93 .04 .00 .03 .41 .41 .41 .02 .01 .00 5
GPTQ .89 .96 .95 .07 .00 .01 .41 .41 .42 .00 .01 .01 2

# Wins 4 0 0 0 4 0 0 0 0 1 0 1

Table 2: Composability metrics for Knowledge Editing composed with Model Compression.
Order-free Error (↓) measures best-case error caused by interventions, while Order Sensitiv-
ity (↓) measures unwanted effects of intervention ordering. # Wins denotes the number of
times each method outperforms others in its intervention category, counting all ties as losses.
We use 25% sparsity and 4-bit quantization to showcase practical compression levels. Key
Takeaways: AWQ composes better than GPTQ and LoRA is surprisingly non-composable.

6
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Figure 2: Composing Knowledge Editing with Model Compression with varying degrees of
compression. Higher values are better for all metrics. Key Takeaways: Editing post-
compression generally outperforms the reverse order, as compression tends to degrade edit
performance and all editors exhibit order sensitivity.

Our results are shown in Figure 2, where we find that model compression and knowledge
editing interact in meaningful ways at different levels of compression. We report three
editing metrics and MMLU to measure general model degradation. All results are averaged
(mean) over 10 batches of 50 edits each. Illustrated below, these experiments reveal that
there is a large gap in composability of existing methods. Our findings are as follows.

1 Model compression degrades editing performance. Across Figure 2, edits made
by MEMIT, LoRA, and Finetuning deteriorate as compression increases. In weight pruning,
the editing metrics, Success, Generalization, and Locality, steadily drop with higher spar-
sity. For quantization, the steepest drops occur between 2 and 4 Bits, and GPTQ decays
editing performance faster than AWQ. While general performance decay from compression
is unsurprising, its steepness varies dramatically between editors and compression methods.
Decay curves also depend on the order of interventions. Finetuning remains a surprisingly
strong baseline at higher compression levels, often surpassing MEMIT or LoRA. Overall,
these results suggests that model compression can limit a model’s editability.

2 Editing performance hinges on the order of interventions. The shaded area
between the curves in Figure 2 shows the impact of ordering. Ordering is highly impactful
in most cases and varies dramatically between editing methods. For pruning methods (left

7
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Figure 3: Composing Machine Unlearning with Model Compression at different levels of
compression. Key Takeaways: Unlearning should generally be applied before compression,
and performance varies significantly by composition.

side), compressing first is generally better than editing first. For example, pruning after
Finetuning or LoRA destroys edits much faster than if the model had been compressed first.
For quantization (right side), the order also matters, but the best order differs by method.
For GPTQ, editing should be done first. For AWQ, compression should be done first.
This finding suggests that these interventions interact in meaningful ways and successful
composition will benefit from tailored, composable methods that have expected behaviors.

3 Composability can vary within the same intervention category. We next sum-
marize the general composability of each intervention pair in Table 2, using the metrics from
Section 2: Order-free Error (↓) measures best-case composition error, while Order Sensitiv-
ity (↓) measures unwanted effects of intervention ordering. These metrics let us compare
methods according to composability, and we find that 1) MEMIT is generally the most com-
posable editor, totaling 14 wins compared to 9 by Finetuning and 4 by LoRA, 2) SparseGPT
is the most composable pruning method with 8 wins compared to Wanda’s 6, and 3) AWQ far
surpasses GPTQ, achieving 17 wins compared to GPTQ’s 2. However, many wins are quite
close and composability can change dramatically between metrics. These results indicate a
need to use many metrics to explicitly target and evaluate composability.

4 Overall utility evaluations fail to measure composability. Despite similar MMLU
scores, methods vary significantly in composability. For example, Table 2 shows that
MEMIT and Wanda achieve near perfect Order Sensitivity on MMLU but have 0.24 Order
Sensitivity on Edit Success. This is further backed by Figure 2, where all compositions
look very similar according to MMLU, but not according to editing metrics. The disparity
between overall utility and composability metrics underscores the need for more nuanced
evaluations explicitly targeting composability as a design criterion.

4.2 Composing Model Compression with Machine Unlearning

We next compose three model compression and three machine unlearning interventions. We
measure unlearning success with WMDP (Section 3.1).
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WMDP (Unlearning) MMLU

Order-free Error (↓) Order Sensitivity (↓) Order-free Error (↓) Order Sensitivity (↓)
Method GA GD RMU GA GD RMU GA GD RMU GA GD RMU # Wins

Wanda .46 .35 .29 .03 .17 .03 .46 .42 .43 .02 .01 .01 4
SparseGPT .43 .28 .28 .03 .22 .02 .49 .42 .43 .06 .09 .01 4
AWQ .43 .24 .27 .02 .00 .01 .53 .58 .44 .02 .07 .01 5
GPTQ .34 .24 .27 .09 .02 .18 .52 .44 .42 .09 .24 .05 4

# Wins 0 2 1 0 2 1 0 2 2 0 0 3

Table 3: Composability metrics for machine unlearning and model compression. Key Take-
aways: GD and RMU have overall comparable performance and far outperform GA. RMU
is less sensitive to ordering than GD.

5 Compression hinders unlearning. Our main results in Figure 3 show that applying
unlearning to a compressed model can degrade performance. With RMU, pruning the model
before unlearning can significantly regress unlearning performance, especially at higher spar-
sity levels. We observe a similar trend with quantization when composing RMU and GPTQ.
With GD, we similarly find that pruning after unlearning is best, though quantizing first
can be optimal. We observe the opposite trend with GA, though GA’s poor unlearning
performance, as seen in other studies (Maini et al., 2024; Zhang et al., 2024; Wang et al.,
2024), is a possible confounder. We overall find that unlearning a compressed model is more
challenging but that the degree to which unlearning after compression hurts performance is
highly contingent on the composition and compression level.

6 Order Sensitivity can determine overall composability. Table 3 reports the com-
posability metrics of each unlearning technique. Both GD and RMU’s successful unlearning
(low Order-free Error), with RMU having lower overall Order Sensitivity than GD. While
task performance is critical, it alone does not fully capture the practical challenges of ap-
plying interventions—RMU is more robust to order.

4.3 Composing Knowledge Editing with Machine Unlearning

We next examine the composability between editing and unlearning. Both categories of
interventions aim to modify the model’s knowledge without degrading overall utility. The
need to keep LMs factually updated while forgetting undesirable knowledge makes pairing
editing and unlearning a practical composition.

7 Editing and unlearning are highly composable for some unlearning methods.
Table 4 shows that the editing metrics’ Order-free Error and Order Sensitivity vary greatly
between unlearning techniques. RMU has a lower overall Order-free Error and Order Sen-
sitivity than every other unlearning technique across all editors. Similar to Section 4.2, we
find that GD can perform comparably to RMU but with a worse Order Sensitivity. GA’s
catastrophic forgetting makes it unsuitable for composition. Excluding GA, editing does
not disrupt the model’s ability to forget the unlearning target, possibly due to knowledge
editing’s relatively surgical modification to the LM and targeting knowledge semantically
distinct from the WMDP unlearning target. Together, these results imply that editing and
unlearning can be composable, but composability depends most on the unlearning technique.

4.4 Trends and Generalization Across Models

We finally summarize trends revealed when considering all findings.

Ablation experiments with Mistral 7B Instruct and Yi 1.5 9B Chat show that
composition metrics are generally consistent across LMs. The exception being
Editing↔Compression, as expected since performance has been shown to vary between mod-

9
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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 .48 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 .47 .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

Table 4: Composability metrics for Machine Unlearning composed with Model Editing.
We study compression at 25% sparsity and 4-bit quantization. Note that lower values
of WMDP MCS indicate more unlearning and therefore better performance while higher
values are better for the other metrics’ MCS. Key Takeaways: Editing and unlearning
are composable for GD and RMU, with RMU having the lowest Order Sensitivity. These
results demonstrate that different techniques can modify LMs’ knowledge sequentially.

els (Meng et al., 2023). Editing↔Unlearning and Compression↔Unlearning consistently
exhibit low Order Sensitivity. These results suggest intervention composability trends often
generalize across similar models. These results are presented in detail in Appendix D.1.

Compression consistently hinders other interventions. Compressing an edited model
can regress editing performance. Unlearning on a compressed model is often more challeng-
ing than on the base model. These trends suggest compression may alter how models encode
knowledge, making targeted updates harder. Previous works have explored how compression
leads to knowledge loss (Hooker et al., 2019; Du et al., 2021; Azeemi et al., 2023; Hoang et al.,
2023) and how editing modifies model internals, increasing fragility (Brown et al., 2023a;
Gu et al., 2024b). However, the relationship between how models are compressed and how
knowledge is modified remains underexplored. Understanding these dynamics could guide
more composable interventions and illuminate how LMs encode knowledge.

MMLU is insufficient for measuring composability. MMLU is a common measure of
a model’s general performance, but similar scores can mask significant differences in inter-
vention performance. Interventions generally appear more composable on MMLU than on
other metrics. Thus, we advocate for thorough multi-metric and multi-dataset evaluations
for composable interventions.

5 Conclusion

We conduct an extensive study of composing test-time interventions for language models.
Our setup aligns with the practical need to update the same models multiple times as use
cases evolve and training remains expensive. We deploy this new framework to investigate
composability between popular interventions spanning knowledge editing, machine unlearn-
ing, and model compression. We show that these interventions interact in non-trivial ways,
pointing to concrete directions for future work. We further discover guidance for current
practice: model compression harms other interventions, unlearning compressed models is
especially hard, and the order in which interventions are applied changes their outcomes
substantially. Our composability metrics also pave the way for formal investigations and
practical principles. Finally, our framework is general and naturally extends to a broad
range of test-time interventions.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2025

References

AI@Meta. Llama 3 model card. 2024. URL https://github.com/meta-llama/
llama3/blob/main/MODEL_CARD.md.

Abdul Hameed Azeemi, Ihsan Ayyub Qazi, and Agha Ali Raza. Data pruning for efficient
model pruning in neural machine translation. In Conference on Empirical Methods in
Natural Language Processing, 2023. URL https://api.semanticscholar.org/
CorpusID:266176746.

Stella Biderman, USVSN Sai Prashanth, Lintang Sutawika, Hailey Schoelkopf, Quentin G.
Anthony, Shivanshu Purohit, and Edward Raf. Emergent and predictable memoriza-
tion in large language models. ArXiv, abs/2304.11158, 2023. URL https://api.
semanticscholar.org/CorpusID:258291763.

Stella Biderman, Hailey Schoelkopf, Lintang Sutawika, Leo Gao, Jonathan Tow, Baber
Abbasi, Alham Fikri Aji, Pawan Sasanka Ammanamanchi, Sidney Black, Jordan Clive,
Anthony DiPofi, Julen Etxaniz, Benjamin Fattori, Jessica Zosa Forde, Charles Foster,
Mimansa Jaiswal, Wilson Y. Lee, Haonan Li, Charles Lovering, Niklas Muennighoff, El-
lie Pavlick, Jason Phang, Aviya Skowron, Samson Tan, Xiangru Tang, Kevin A. Wang,
Genta Indra Winata, Franccois Yvon, and Andy Zou. Lessons from the trenches on repro-
ducible evaluation of language models. 2024. URL https://api.semanticscholar.
org/CorpusID:269982020.

Davis Brown, Charles Godfrey, Cody Nizinski, Jonathan Tu, and Henry Kvinge. Edit at
your own risk: evaluating the robustness of edited models to distribution shifts. 2023a.
URL https://api.semanticscholar.org/CorpusID:259950677.

Davis Brown, Charles Godfrey, Cody Nizinski, Jonathan Tu, and Henry Kvinge. Robustness
of edited neural networks. arXiv preprint arXiv:2303.00046, 2023b.

Yinzhi Cao and Junfeng Yang. Towards making systems forget with machine unlearning.
2015 IEEE Symposium on Security and Privacy, pp. 463–480, 2015. URL https://
api.semanticscholar.org/CorpusID:5945696.

Nicholas Carlini, Chang Liu, Úlfar Erlingsson, Jernej Kos, and Dawn Xiaodong Song. The
secret sharer: Evaluating and testing unintended memorization in neural networks. In
USENIX Security Symposium, 2018. URL https://api.semanticscholar.org/
CorpusID:170076423.

Roi Cohen, Eden Biran, Ori Yoran, Amir Globerson, and Mor Geva. Evaluating the ripple
effects of knowledge editing in language models. Transactions of the Association for
Computational Linguistics, 12:283–298, 2024.

Nicola De Cao, Wilker Aziz, and Ivan Titov. Editing factual knowledge in language mod-
els. In Proceedings of the 2021 Conference on Empirical Methods in Natural Language
Processing, pp. 6491–6506, 2021.

Mostafa Dehghani, Yi Tay, Alexey A. Gritsenko, Zhe Zhao, Neil Houlsby, Fernando Diaz,
Donald Metzler, and Oriol Vinyals. The benchmark lottery. ArXiv, abs/2107.07002, 2021.
URL https://api.semanticscholar.org/CorpusID:235810239.

Tim Dettmers, Mike Lewis, Younes Belkada, and Luke Zettlemoyer. Llm. int8 (): 8-bit
matrix multiplication for transformers at scale. arXiv preprint arXiv:2208.07339, 2022.

Mengnan Du, Subhabrata Mukherjee, Yu Cheng, Milad Shokouhi, Xia Hu, and Ahmed Has-
san Awadallah. What do compressed large language models forget? robustness chal-
lenges in model compression. ArXiv, abs/2110.08419, 2021. URL https://api.
semanticscholar.org/CorpusID:239016685.

11

https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://api.semanticscholar.org/CorpusID:266176746
https://api.semanticscholar.org/CorpusID:266176746
https://api.semanticscholar.org/CorpusID:258291763
https://api.semanticscholar.org/CorpusID:258291763
https://api.semanticscholar.org/CorpusID:269982020
https://api.semanticscholar.org/CorpusID:269982020
https://api.semanticscholar.org/CorpusID:259950677
https://api.semanticscholar.org/CorpusID:5945696
https://api.semanticscholar.org/CorpusID:5945696
https://api.semanticscholar.org/CorpusID:170076423
https://api.semanticscholar.org/CorpusID:170076423
https://api.semanticscholar.org/CorpusID:235810239
https://api.semanticscholar.org/CorpusID:239016685
https://api.semanticscholar.org/CorpusID:239016685


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2025

Ronen Eldan and Mark Russinovich. Who’s harry potter? approximate unlearning in
llms. ArXiv, abs/2310.02238, 2023. URL https://api.semanticscholar.org/
CorpusID:263608437.

Elias Frantar and Dan Alistarh. SparseGPT: Massive language models can be accurately
pruned in one-shot. In International Conference on Machine Learning, 2023.

Elias Frantar, Saleh Ashkboos, Torsten Hoefler, and Dan Alistarh. GPTQ: Accurate post-
training quantization for generative pre-trained transformers. In International Conference
on Learning Representations, 2023.

Govind Gangadhar and Karl Stratos. Model editing by pure fine-tuning. 2024.

Leo Gao, Jonathan Tow, Baber Abbasi, Stella Biderman, Sid Black, Anthony DiPofi, Charles
Foster, Laurence Golding, Jeffrey Hsu, Alain Le Noac’h, Haonan Li, Kyle McDonell,
Niklas Muennighoff, Chris Ociepa, Jason Phang, Laria Reynolds, Hailey Schoelkopf, Aviya
Skowron, Lintang Sutawika, Eric Tang, Anish Thite, Ben Wang, Kevin Wang, and Andy
Zou. A framework for few-shot language model evaluation, 12 2023. URL https:
//zenodo.org/records/10256836.

Samuel Gehman, Suchin Gururangan, Maarten Sap, Yejin Choi, and Noah A. Smith. Real-
toxicityprompts: Evaluating neural toxic degeneration in language models. In Findings,
2020. URL https://api.semanticscholar.org/CorpusID:221878771.

Aditya Golatkar, Alessandro Achille, and Stefano Soatto. Eternal sunshine of the spotless
net: Selective forgetting in deep networks. 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 9301–9309, 2019. URL https://api.
semanticscholar.org/CorpusID:207863297.

Michael Grynbaum and Ryan Mac. The times sues openai and microsoft over a.i. use of
copyrighted work. The New York Times, 2023.

Jia-Chen Gu, Hao-Xiang Xu, Jun-Yu Ma, Pan Lu, Zhen-Hua Ling, Kai-Wei Chang, and
Nanyun Peng. Model editing can hurt general abilities of large language models. arXiv
preprint arXiv:2401.04700, 2024a.

Jia-Chen Gu, Haoyang Xu, Jun-Yu Ma, Pan Lu, Zhen-Hua Ling, Kai-Wei Chang, and
Nanyun Peng. Model editing harms general abilities of large language models: Regulariza-
tion to the rescue. 2024b. URL https://api.semanticscholar.org/CorpusID:
266899568.

Jia-Chen Gu, Haoyang Xu, Jun-Yu Ma, Pan Lu, Zhen-Hua Ling, Kai wei Chang, and
Nanyun Peng. Model editing can hurt general abilities of large language models. ArXiv,
abs/2401.04700, 2024c. URL https://api.semanticscholar.org/CorpusID:
266899568.

Vipul Gupta, David Pantoja, Candace Ross, Adina Williams, and Megan Ung. Chang-
ing answer order can decrease mmlu accuracy. 2024. URL https://api.
semanticscholar.org/CorpusID:270845444.

Thomas Hartvigsen, Saadia Gabriel, Hamid Palangi, Maarten Sap, Dipankar Ray, and Ece
Kamar. Toxigen: A large-scale machine-generated dataset for adversarial and implicit hate
speech detection. In Annual Meeting of the Association for Computational Linguistics,
2022. URL https://api.semanticscholar.org/CorpusID:247519233.

Thomas Hartvigsen, Swami Sankaranarayanan, Hamid Palangi, Yoon Kim, and Marzyeh
Ghassemi. Aging with grace: Lifelong model editing with discrete key-value adaptors. In
Advances in Neural Information Processing Systems, 2023.

12

https://api.semanticscholar.org/CorpusID:263608437
https://api.semanticscholar.org/CorpusID:263608437
https://zenodo.org/records/10256836
https://zenodo.org/records/10256836
https://api.semanticscholar.org/CorpusID:221878771
https://api.semanticscholar.org/CorpusID:207863297
https://api.semanticscholar.org/CorpusID:207863297
https://api.semanticscholar.org/CorpusID:266899568
https://api.semanticscholar.org/CorpusID:266899568
https://api.semanticscholar.org/CorpusID:266899568
https://api.semanticscholar.org/CorpusID:266899568
https://api.semanticscholar.org/CorpusID:270845444
https://api.semanticscholar.org/CorpusID:270845444
https://api.semanticscholar.org/CorpusID:247519233


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2025

Peter Hase, Mohit Bansal, Been Kim, and Asma Ghandeharioun. Does localization inform
editing? surprising differences in causality-based localization vs. knowledge editing in
language models. In Advances in Neural Information Processing Systems, 2023.

Rima Hazra, Sayan Layek, Somnath Banerjee, and Soujanya Poria. Sowing the wind, reaping
the whirlwind: The impact of editing language models. arXiv preprint arXiv:2401.10647,
2024.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Xi-
aodong Song, and Jacob Steinhardt. Measuring massive multitask language understand-
ing. ArXiv, abs/2009.03300, 2020. URL https://api.semanticscholar.org/
CorpusID:221516475.

Duc N. M. Hoang, Minsik Cho, Thomas Merth, Mohammad Rastegari, and Zhangyang
Wang. Do compressed llms forget knowledge? an experimental study with practi-
cal implications. 2023. URL https://api.semanticscholar.org/CorpusID:
263605807.

Jason Hoelscher-Obermaier, Julia Persson, Esben Kran, Ioannis Konstas, and Fazl Barez.
Detecting edit failures in large language models: An improved specificity benchmark.
arXiv preprint arXiv:2305.17553, 2023.

Sara Hooker, Aaron C. Courville, Gregory Clark, Yann Dauphin, and Andrea Frome. What
do compressed deep neural networks forget. arXiv: Learning, 2019. URL https://
api.semanticscholar.org/CorpusID:226812844.

Cheng-Yu Hsieh, Chun-Liang Li, Chih-Kuan Yeh, Hootan Nakhost, Yasuhisa Fujii, Alexan-
der Ratner, Ranjay Krishna, Chen-Yu Lee, and Tomas Pfister. Distilling step-by-step!
outperforming larger language models with less training data and smaller model sizes.
arXiv preprint arXiv:2305.02301, 2023.

Cheng-Hsun Hsueh, Paul Kuo-Ming Huang, Tzu-Han Lin, Che-Wei Liao, Hung-Chieh Fang,
Chao-Wei Huang, and Yun-Nung Chen. Editing the mind of giants: An in-depth ex-
ploration of pitfalls of knowledge editing in large language models. arXiv preprint
arXiv:2406.01436, 2024.

J. Edward Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. ArXiv,
abs/2106.09685, 2021. URL https://api.semanticscholar.org/CorpusID:
235458009.

Wenyue Hua, Jiang Guo, Mingwen Dong, Henghui Zhu, Patrick Ng, and Zhiguo Wang.
Propagation and pitfalls: Reasoning-based assessment of knowledge editing through coun-
terfactual tasks. arXiv preprint arXiv:2401.17585, 2024.

Zeyu Huang, Yikang Shen, Xiaofeng Zhang, Jie Zhou, Wenge Rong, and Zhang Xiong.
Transformer-patcher: One mistake worth one neuron. In International Conference on
Learning Representations, 2023.

Daphne Ippolito, Florian Tramèr, Milad Nasr, Chiyuan Zhang, Matthew Jagielski, Kather-
ine Lee, Christopher A. Choquette-Choo, and Nicholas Carlini. Preventing verbatim
memorization in language models gives a false sense of privacy. ArXiv, abs/2210.17546,
2022. URL https://api.semanticscholar.org/CorpusID:253237404.

Devansh Jain, Priyanshu Kumar, Samuel Gehman, Xuhui Zhou, Thomas Hartvigsen, and
Maarten Sap. PolygloToxicityPrompts: Multilingual evaluation of neural toxic degenera-
tion in large language models. arXiv preprint arXiv:2405.09373, 2024.

13

https://api.semanticscholar.org/CorpusID:221516475
https://api.semanticscholar.org/CorpusID:221516475
https://api.semanticscholar.org/CorpusID:263605807
https://api.semanticscholar.org/CorpusID:263605807
https://api.semanticscholar.org/CorpusID:226812844
https://api.semanticscholar.org/CorpusID:226812844
https://api.semanticscholar.org/CorpusID:235458009
https://api.semanticscholar.org/CorpusID:235458009
https://api.semanticscholar.org/CorpusID:253237404


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2025

Joel Jang, Dongkeun Yoon, Sohee Yang, Sungmin Cha, Moontae Lee, Lajanugen Lo-
geswaran, and Minjoon Seo. Knowledge unlearning for mitigating privacy risks in language
models. In Annual Meeting of the Association for Computational Linguistics, 2022. URL
https://api.semanticscholar.org/CorpusID:252693065.

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan Su, Yan Xu, Etsuko Ishii, Ye Jin
Bang, Andrea Madotto, and Pascale Fung. Survey of hallucination in natural language
generation. ACM Computing Surveys, 55(12):1–38, 2023.

Jinghan Jia, Jiancheng Liu, Parikshit Ram, Yuguang Yao, Gaowen Liu, Yang Liu, Pranay
Sharma, and Sijia Liu. Model sparsity can simplify machine unlearning. In Neural
Information Processing Systems, 2023. URL https://api.semanticscholar.org/
CorpusID:258059852.

Albert Qiaochu Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford, Deven-
dra Singh Chaplot, Diego de Las Casas, Florian Bressand, Gianna Lengyel, Guillaume
Lample, Lucile Saulnier, L’elio Renard Lavaud, Marie-Anne Lachaux, Pierre Stock,
Teven Le Scao, Thibaut Lavril, Thomas Wang, Timothée Lacroix, and William El Sayed.
Mistral 7b. ArXiv, abs/2310.06825, 2023. URL https://api.semanticscholar.
org/CorpusID:263830494.

Jean Kaddour, Joshua Harris, Maximilian Mozes, Herbie Bradley, Roberta Raileanu, and
Robert McHardy. Challenges and applications of large language models. arXiv preprint
arXiv:2307.10169, 2023.

Antonia Karamolegkou, Jiaang Li, Li Zhou, and Anders Sogaard. Copyright violations
and large language models. ArXiv, abs/2310.13771, 2023. URL https://api.
semanticscholar.org/CorpusID:264426289.

Omer Levy, Minjoon Seo, Eunsol Choi, and Luke Zettlemoyer. Zero-shot relation extraction
via reading comprehension. In Proceedings of the 21st Conference on Computational
Natural Language Learning (CoNLL 2017), pp. 333–342, 2017.

Nathaniel Li, Alexander Pan, Anjali Gopal, Summer Yue, Daniel Berrios, Alice Gatti,
Justin D. Li, Ann-Kathrin Dombrowski, Shashwat Goel, Long Phan, Gabriel Mukobi,
Nathan Helm-Burger, Rassin Lababidi, Lennart Justen, Andrew B. Liu, Michael Chen,
Isabelle Barrass, Oliver Zhang, Xiaoyuan Zhu, Rishub Tamirisa, Bhrugu Bharathi, Adam
Khoja, Zhenqi Zhao, Ariel Herbert-Voss, Cort B. Breuer, Samuel Marks, Oam Patel,
Andy Zou, Mantas Mazeika, Zifan Wang, Palash Oswal, Weiran Liu, Adam A. Hunt,
Justin Tienken-Harder, Kevin Y. Shih, Kemper Talley, John Guan, Russell Kaplan, Ian
Steneker, David Campbell, Brad Jokubaitis, Alex Levinson, Jean Wang, William Qian,
Kallol Krishna Karmakar, Steven Basart, Stephen Fitz, Mindy Levine, Ponnurangam Ku-
maraguru, Uday Tupakula, Vijay Varadharajan, Yan Shoshitaishvili, Jimmy Ba, Kevin M.
Esvelt, Alexandr Wang, and Dan Hendrycks. The wmdp benchmark: Measuring and re-
ducing malicious use with unlearning, 2024a.

Yixiao Li, Yifan Yu, Chen Liang, Pengcheng He, Nikos Karampatziakis, Weizhu Chen, and
Tuo Zhao. LoftQ: Lora-fine-tuning-aware quantization for large language models. In
International Conference on Learning Representations, 2024b.

Zhoubo Li, Ningyu Zhang, Yunzhi Yao, Mengru Wang, Xi Chen, and Huajun Chen.
Unveiling the pitfalls of knowledge editing for large language models. arXiv preprint
arXiv:2310.02129, 2023.

Ji Lin, Jiaming Tang, Haotian Tang, Shang Yang, Xingyu Dang, and Song Han. AWQ:
Activation-aware weight quantization for llm compression and acceleration. arXiv preprint
arXiv:2306.00978, 2023.

14

https://api.semanticscholar.org/CorpusID:252693065
https://api.semanticscholar.org/CorpusID:258059852
https://api.semanticscholar.org/CorpusID:258059852
https://api.semanticscholar.org/CorpusID:263830494
https://api.semanticscholar.org/CorpusID:263830494
https://api.semanticscholar.org/CorpusID:264426289
https://api.semanticscholar.org/CorpusID:264426289


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2025

Sijia Liu, Yuanshun Yao, Jinghan Jia, Stephen Casper, Nathalie Baracaldo, Peter Hase, Xi-
aojun Xu, Yuguang Yao, Hang Li, Kush R. Varshney, Mohit Bansal, Sanmi Koyejo,
and Yang Liu. Rethinking machine unlearning for large language models. ArXiv,
abs/2402.08787, 2024a. URL https://api.semanticscholar.org/CorpusID:
267657624.

Zheyuan Liu, Guangyao Dou, Zhaoxuan Tan, Yijun Tian, and Meng Jiang. Towards safer
large language models through machine unlearning. ArXiv, abs/2402.10058, 2024b. URL
https://api.semanticscholar.org/CorpusID:267681958.

Jakub Lucki, Boyi Wei, Yangsibo Huang, Peter Henderson, Florian Simon Tramèr, and
Javier Rando. An adversarial perspective on machine unlearning for ai safety. 2024. URL
https://api.semanticscholar.org/CorpusID:272910981.

Aengus Lynch, Phillip Guo, Aidan Ewart, Stephen Casper, and Dylan Hadfield-Menell.
Eight methods to evaluate robust unlearning in llms. arXiv preprint arXiv:2402.16835,
2024.

Xinyin Ma, Gongfan Fang, and Xinchao Wang. Llm-pruner: On the structural pruning of
large language models. arXiv preprint arXiv:2305.11627, 2023.

Pratyush Maini, Zhili Feng, Avi Schwarzschild, Zachary Chase Lipton, and J. Zico Kolter.
Tofu: A task of fictitious unlearning for llms. ArXiv, abs/2401.06121, 2024. URL https:
//api.semanticscholar.org/CorpusID:266933371.

Cleo Matzken, Steffen Eger, and Ivan Habernal. Trade-offs between fairness and privacy in
language modeling. arXiv preprint arXiv:2305.14936, 2023.

Vittorio Mazzia, Alessandro Pedrani, Andrea Caciolai, Kay Rottmann, and Davide
Bernardi. A survey on knowledge editing of neural networks. arXiv preprint
arXiv:2310.19704, 2023.

Matthieu Meeus, Igor Shilov, Manuel Faysse, and Yves-Alexandre de Montjoye. Copyright
traps for large language models. ArXiv, abs/2402.09363, 2024. URL https://api.
semanticscholar.org/CorpusID:267657699.

Julia Mendelsohn, Ronan Le Bras, Yejin Choi, and Maarten Sap. From dogwhistles to bull-
horns: Unveiling coded rhetoric with language models. arXiv preprint arXiv:2305.17174,
2023.

Kevin Meng, David Bau, Alex Andonian, and Yonatan Belinkov. Locating and editing
factual associations in gpt. In Advances in Neural Information Processing Systems, 2022.

Kevin Meng, Arnab Sen Sharma, Alex Andonian, Yonatan Belinkov, and David Bau.
Mass-editing memory in a transformer. In International Conference on Learning
Representations, 2023.

Stephen Merity, Caiming Xiong, James Bradbury, and Richard Socher. Pointer sentinel
mixture models. In International Conference on Learning Representations, 2016.

Eric Mitchell, Charles Lin, Antoine Bosselut, Chelsea Finn, and Christopher D Manning.
Fast model editing at scale. In International Conference on Learning Representations,
2022a.

Eric Mitchell, Charles Lin, Antoine Bosselut, Christopher D Manning, and Chelsea Finn.
Memory-based model editing at scale. In International Conference on Machine Learning.
PMLR, 2022b.

15

https://api.semanticscholar.org/CorpusID:267657624
https://api.semanticscholar.org/CorpusID:267657624
https://api.semanticscholar.org/CorpusID:267681958
https://api.semanticscholar.org/CorpusID:272910981
https://api.semanticscholar.org/CorpusID:266933371
https://api.semanticscholar.org/CorpusID:266933371
https://api.semanticscholar.org/CorpusID:267657699
https://api.semanticscholar.org/CorpusID:267657699


810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2025

Derek Powell, Walter Gerych, and Thomas Hartvigsen. TAXI: Evaluating categorical knowl-
edge editing for language models. In Findings of the Association for Computational
Linguistics: ACL 2024, 2024.

USVSN Sai Prashanth, Alvin Deng, Kyle O’Brien, V JyothirS, Mohammad Aflah Khan,
Jaydeep Borkar, Christopher A. Choquette-Choo, Jacob Ray Fuehne, Stella Biderman,
Tracy Ke, Katherine Lee, and Naomi Saphra. Recite, reconstruct, recollect: Memorization
in lms as a multifaceted phenomenon. 2024. URL https://api.semanticscholar.
org/CorpusID:270710931.

Swarnadeep Saha, Peter Hase, and Mohit Bansal. Can language models teach weaker
agents? teacher explanations improve students via theory of mind. arXiv preprint
arXiv:2306.09299, 2023.

Thanveer Basha Shaik, Xiaohui Tao, Haoran Xie, Lin Li, Xiaofeng Zhu, and Qingyuan
Li. Exploring the landscape of machine unlearning: A comprehensive survey and tax-
onomy. ArXiv, abs/2305.06360, 2023. URL https://api.semanticscholar.org/
CorpusID:258685261.

Pratyusha Sharma, Jordan T Ash, and Dipendra Misra. The truth is in there: Improv-
ing reasoning in language models with layer-selective rank reduction. arXiv preprint
arXiv:2312.13558, 2023.

Emily Sheng, Kai-Wei Chang, P. Natarajan, and Nanyun Peng. The woman worked as
a babysitter: On biases in language generation. ArXiv, abs/1909.01326, 2019. URL
https://api.semanticscholar.org/CorpusID:202537041.

Karan Singhal, Tao Tu, Juraj Gottweis, Rory Sayres, Ellery Wulczyn, Le Hou, Kevin Clark,
Stephen Pfohl, Heather Cole-Lewis, Darlene Neal, et al. Towards expert-level medical
question answering with large language models. arXiv preprint arXiv:2305.09617, 2023.

Anton Sinitsin, Vsevolod Plokhotnyuk, Dmitry Pyrkin, Sergei Popov, and Artem Babenko.
Editable neural networks. In International Conference on Learning Representations, 2020.

Xavier Suau, Pieter Delobelle, Katherine Metcalf, Armand Joulin, Nicholas Apostoloff, Luca
Zappella, and Pau Rodriguez. Whispering experts: Neural interventions for toxicity mit-
igation in language models. In Forty-first International Conference on Machine Learning.

Mingjie Sun, Zhuang Liu, Anna Bair, and J Zico Kolter. A simple and effective pruning
approach for large language models. arXiv preprint arXiv:2306.11695, 2023.

Jihoon Tack, Jaehyung Kim, Eric Mitchell, Jinwoo Shin, Yee Whye Teh, and
Jonathan Richard Schwarz. Online adaptation of language models with a memory of
amortized contexts. arXiv preprint arXiv:2403.04317, 2024.

Chenmien Tan, Ge Zhang, and Jie Fu. Massive editing for large language models via meta
learning. In International Conference on Learning Representations, 2024.

Ross Taylor, Marcin Kardas, Guillem Cucurull, Thomas Scialom, Anthony Hartshorn, Elvis
Saravia, Andrew Poulton, Viktor Kerkez, and Robert Stojnic. Galactica: A large language
model for science. arXiv preprint arXiv:2211.09085, 2022.

The President of the United States. Executive order 14110 of october 30, 2023: Safe,
secure, and trustworthy development and use of artificial intelligence. Federal Reg-
ister, 2023. URL https://www.govinfo.gov/content/pkg/FR-2023-11-01/
pdf/2023-24283.pdf. Published November 1, 2023.

16

https://api.semanticscholar.org/CorpusID:270710931
https://api.semanticscholar.org/CorpusID:270710931
https://api.semanticscholar.org/CorpusID:258685261
https://api.semanticscholar.org/CorpusID:258685261
https://api.semanticscholar.org/CorpusID:202537041
https://www.govinfo.gov/content/pkg/FR-2023-11-01/pdf/2023-24283.pdf
https://www.govinfo.gov/content/pkg/FR-2023-11-01/pdf/2023-24283.pdf


864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917

Under review as a conference paper at ICLR 2025

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei,
Nikolay Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2:
Open foundation and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023.

Boxin Wang, Wei Ping, Chaowei Xiao, Peng Xu, Mostofa Patwary, Mohammad Shoeybi,
Bo Li, Anima Anandkumar, and Bryan Catanzaro. Exploring the limits of domain-
adaptive training for detoxifying large-scale language models. Advances in Neural
Information Processing Systems, 35:35811–35824, 2022.

Peifeng Wang, Zhengyang Wang, Zheng Li, Yifan Gao, Bing Yin, and Xiang Ren. Scott:
Self-consistent chain-of-thought distillation. arXiv preprint arXiv:2305.01879, 2023a.

Peng Wang, Ningyu Zhang, Xin Xie, Yunzhi Yao, Bozhong Tian, Mengru Wang, Zekun Xi,
Siyuan Cheng, Kangwei Liu, Guozhou Zheng, et al. Easyedit: An easy-to-use knowledge
editing framework for large language models. arXiv preprint arXiv:2308.07269, 2023b.

Qizhou Wang, Bo Han, Puning Yang, Jianing Zhu, Tongliang Liu, and Masashi Sugiyama.
Unlearning with control: Assessing real-world utility for large language model unlearning.
2024. URL https://api.semanticscholar.org/CorpusID:270440344.

Song Wang, Yaochen Zhu, Haochen Liu, Zaiyi Zheng, Chen Chen, and Jundong Li. Knowl-
edge editing for large language models: A survey. arXiv preprint arXiv:2310.16218, 2023c.

Johannes Welbl, Amelia Glaese, Jonathan Uesato, Sumanth Dathathri, John Mellor,
Lisa Anne Hendricks, Kirsty Anderson, Pushmeet Kohli, Ben Coppin, and Po-Sen
Huang. Challenges in detoxifying language models. In Findings of the Association for
Computational Linguistics: EMNLP 2021, pp. 2447–2469, 2021.

Shijie Wu, Ozan Irsoy, Steven Lu, Vadim Dabravolski, Mark Dredze, Sebastian Gehrmann,
Prabhanjan Kambadur, David Rosenberg, and Gideon Mann. Bloomberggpt: A large
language model for finance. arXiv preprint arXiv:2303.17564, 2023.

Guangxuan Xiao, Ji Lin, Mickael Seznec, Hao Wu, Julien Demouth, and Song Han.
Smoothquant: Accurate and efficient post-training quantization for large language mod-
els. In International Conference on Machine Learning, pp. 38087–38099. PMLR, 2023.

Mingxue Xu, Yao Lei Xu, and Danilo P Mandic. Tensorgpt: Efficient compression of
the embedding layer in llms based on the tensor-train decomposition. arXiv preprint
arXiv:2307.00526, 2023a.

Zhaozhuo Xu, Zirui Liu, Beidi Chen, Yuxin Tang, Jue Wang, Kaixiong Zhou, Xia Hu, and
Anshumali Shrivastava. Compress, then prompt: Improving accuracy-efficiency trade-off
of llm inference with transferable prompt. arXiv preprint arXiv:2305.11186, 2023b.

Jin Yao, Eli Chien, Minxin Du, Xinyao Niu, Tianhao Wang, Zezhou Cheng, and Xiang Yue.
Machine unlearning of pre-trained large language models. ArXiv, abs/2402.15159, 2024.
URL https://api.semanticscholar.org/CorpusID:267897394.

Yunzhi Yao, Peng Wang, Bozhong Tian, Siyuan Cheng, Zhoubo Li, Shumin Deng, Hua-
jun Chen, and Ningyu Zhang. Editing large language models: Problems, methods, and
opportunities. 2023.

Zhewei Yao, Reza Yazdani Aminabadi, Minjia Zhang, Xiaoxia Wu, Conglong Li, and Yux-
iong He. Zeroquant: Efficient and affordable post-training quantization for large-scale
transformers. Advances in Neural Information Processing Systems, 35:27168–27183, 2022.

Lu Yin, You Wu, Zhenyu Zhang, Cheng-Yu Hsieh, Yaqing Wang, Yiling Jia, Mykola Pech-
enizkiy, Yi Liang, Zhangyang Wang, and Shiwei Liu. Outlier weighed layerwise spar-
sity (owl): A missing secret sauce for pruning llms to high sparsity. arXiv preprint
arXiv:2310.05175, 2023.

17

https://api.semanticscholar.org/CorpusID:270440344
https://api.semanticscholar.org/CorpusID:267897394


918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2025

01.AI Alex Young, Bei Chen, Chao Li, Chengen Huang, Ge Zhang, Guanwei Zhang, Heng
Li, Jiangcheng Zhu, Jianqun Chen, Jing Chang, Kaidong Yu, Peng Liu, Qiang Liu,
Shawn Yue, Senbin Yang, Shiming Yang, Tao Yu, Wen Xie, Wenhao Huang, Xiaohui
Hu, Xiaoyi Ren, Xinyao Niu, Pengcheng Nie, Yuchi Xu, Yudong Liu, Yue Wang, Yux-
uan Cai, Zhenyu Gu, Zhiyuan Liu, and Zonghong Dai. Yi: Open foundation models by
01.ai. ArXiv, abs/2403.04652, 2024. URL https://api.semanticscholar.org/
CorpusID:268264158.

Charles Yu, Sullam Jeoung, Anish Kasi, Pengfei Yu, and Heng Ji. Unlearning bias in lan-
guage models by partitioning gradients. In Findings of the Association for Computational
Linguistics: ACL 2023, pp. 6032–6048, 2023.

Lang Yu, Qin Chen, Jie Zhou, and Liang He. Melo: Enhancing model editing with neuron-
indexed dynamic lora. In Proceedings of the AAAI Conference on Artificial Intelligence,
volume 38, pp. 19449–19457, 2024.

Ruiqi Zhang, Licong Lin, Yu Bai, and Song Mei. Negative preference optimization: From
catastrophic collapse to effective unlearning. ArXiv, abs/2404.05868, 2024. URL https:
//api.semanticscholar.org/CorpusID:269009619.

Jiachen Zhao, Zhun Deng, David Madras, James Zou, and Mengye Ren. Learning and
forgetting unsafe examples in large language models. ArXiv, abs/2312.12736, 2023a.
URL https://api.semanticscholar.org/CorpusID:266374841.

Yiran Zhao, Jinghan Zhang, I Chern, Siyang Gao, Pengfei Liu, Junxian He, et al. Felm:
Benchmarking factuality evaluation of large language models. Advances in Neural
Information Processing Systems, 36, 2023b.

Shanshan Zhong, Zhongzhan Huang, Shanghua Gao, Wushao Wen, Liang Lin, Marinka
Zitnik, and Pan Zhou. Let’s think outside the box: Exploring leap-of-thought in large
language models with creative humor generation. arXiv preprint arXiv:2312.02439, 2023a.

Zexuan Zhong, Zhengxuan Wu, Christopher D Manning, Christopher Potts, and Danqi
Chen. Mquake: Assessing knowledge editing in language models via multi-hop ques-
tions. In Proceedings of the 2023 Conference on Empirical Methods in Natural Language
Processing, 2023b.

Xunyu Zhu, Jian Li, Yong Liu, Can Ma, and Weiping Wang. A survey on model compression
for large language models. arXiv preprint arXiv:2308.07633, 2023.

18

https://api.semanticscholar.org/CorpusID:268264158
https://api.semanticscholar.org/CorpusID:268264158
https://api.semanticscholar.org/CorpusID:269009619
https://api.semanticscholar.org/CorpusID:269009619
https://api.semanticscholar.org/CorpusID:266374841


972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2025

Appendix

A Limitations

While our work provides the first look at how state-of-the-art methods compose, there are
far more possible combinations of interventions, methods, models, and datasets than we
can consider in one work. So some popular methods are omitted. We also prioritize broad
experiments with many different intervention methods. We hope future works will closely
examine individual methods to study, improve, and extend beyond the mechanisms that
drive their composability. While we study how composability can vary across similar LMs
(Section D.1), it is unknown whether our results generalize across model scale. We hope our
codebase empowers others to explore more model sizes and architectures in future research.

B Background on Interventions

Designing interventions for language models is a highly-active research area. We focus on
three key types of intervention.

Knowledge Editing. Knowledge editors aim to address factuality decay in LLMs: As the
world changes, some facts an LLM learned during training become inaccurate (Mazzia et al.,
2023; Wang et al., 2023c). For example, a model trained before 2020 would still predict The
latest pandemic in the US is → “Swine Flu” until updated to predict “COVID”.
There are four general approaches to model editing: 1) Memory-based methods that cache
knowledge (Mitchell et al., 2022b; Hartvigsen et al., 2023), 2) Locate-then-Edit methods that
selectively finetune parameter subsets (Meng et al., 2022; 2023), 3) Hypernetwork methods
that predict new model weights (Sinitsin et al., 2020; Mitchell et al., 2022a; Tan et al., 2024),
and 4) Prompt editors that add facts to prompts (Zhong et al., 2023b; Cohen et al., 2024).
Most editors update singular facts (Mitchell et al., 2022a; De Cao et al., 2021; Sinitsin
et al., 2020; Meng et al., 2022), though recent works apply many simultaneously (Meng
et al., 2023; Mitchell et al., 2022b; Tan et al., 2024). Others works embrace the practical
need for sequential edits (Huang et al., 2023; Hartvigsen et al., 2023). Recent works have
also begun investigating unintended impacts of editing on pre-trained models (Gu et al.,
2024a; Hoelscher-Obermaier et al., 2023; Li et al., 2023; Hazra et al., 2024; Brown et al.,
2023b; Hase et al., 2023), while others are exploring multi-hop editing (Powell et al., 2024;
Zhong et al., 2023b; Cohen et al., 2024). However, these works study impacts on model
performance, not interactions with other types of interventions.

Machine Unlearning. Machine Unlearning (MU) refers to a broad set of techniques for
modifying a model post-training to remove the influence of specific training examples or
other undesirable properties4 (Cao & Yang, 2015; Shaik et al., 2023; Liu et al., 2024a).
These undesirable properties are commonly referred to as the unlearning target. Crucially,
MU must excel at causing the model to forget the unlearning target without adversely af-
fecting overall utility by reducing performance on other domains (Gu et al., 2024c). Another
requirement is that MU must cause models to deeply forget knowledge such that the unlearn-
ing target can not be elicited by adversaries or probing (Lynch et al., 2024). With the rise
of generative models, recent work has explored MU for forgetting potentially copyrighted
work (Eldan & Russinovich, 2023), information about individuals (Maini et al., 2024), and
potentially dangerous knowledge (Zhao et al., 2023a; Liu et al., 2024b; Li et al., 2024a). Ex-
isting works have studied which types of examples models forget when compressed (Hooker
et al., 2019), whether compression hinders unlearning (Jia et al., 2023), and whether com-

4Most MU techniques for LMs are considered approximate unlearning in that they aim to modify
the model to approximate the behavior of it not being trained on the unlearning target without
retraining from scratch.
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pression in itself can be used as an unlearning technique (Jia et al., 2023). While related to
knowledge editing, the two areas have largely developed independently.

Model Compression. To mitigate the huge computational and memory demands of LLMs,
plenty of classical techniques in model compression have been explored, such as quantiza-
tion (Frantar et al., 2023; Lin et al., 2023; Xiao et al., 2023), network pruning (Frantar & Al-
istarh, 2023; Sun et al., 2023; Yin et al., 2023; Ma et al., 2023), knowledge distillation (Wang
et al., 2023a; Saha et al., 2023; Hsieh et al., 2023), and low-rank factorization (?Xu et al.,
2023a; Sharma et al., 2023). We focus on quantization and network pruning, which both
make in-place updates to pre-trained model weights. Quantization involves lowering the
bit-precision of model parameters, effectively shrinking model size and expediting inference.
Early works, such as ZeroQuant (Yao et al., 2022) and LLM.int8 (Dettmers et al., 2022),
focused on fine-tuning quantization granularity, showing promising results predominantly
at higher bit-widths, like 8-bit. More recent innovations like GPTQ (Frantar et al., 2023)
and AWQ (Lin et al., 2023) have successfully pushed the boundaries by reducing bit-width
to as low as 3 or 4 bits per weight, with negligible performance degradation. Pruning is
another compression methods, which aims to eliminate redundant components like weights
and channels. Techniques like SparseGPT (Frantar & Alistarh, 2023) and Wanda (Sun
et al., 2023) successfully maintain much of an LLM’s performance, even when discarding
approximately 50% of its weights. OWL (Yin et al., 2023) achieves higher levels of sparsity
by reallocating sparsities across layers.

C Implementation Details

In this section we outline the set up and hyperparameters used for knowledge editing and
compression: pruning and quantization.

C.1 Knowledge Editing Details

C.1.1 Knowledge Editing Metrics

We adopt three widely-used editing metrics and three compression metrics to measure the
effectiveness of these interventions. The editing metrics are:

• Edit Success: Assesses the post-edit model’s ability to provide the correct, expected
answer. An issue arises here with the different levels of verbosity for the models. An
unedited model might return the correct token, but use a differently phrased answer or
arrange the correct tokens differently. We therefore adopt and F1-style measure used in
recent work (Hartvigsen et al., 2023) for this.

First, we determine the common tokens between the generated response and the ground
truth, which are represented by the sets G (generated response tokens without special to-
kens) and T (target tokens without padding), respectively. The common tokens are given
by C = G ∩ T .

If C is empty is empty, the F1 score is set to 0, as there are no common elements to compare.

Otherwise, we calculate precision and recall. Precision is the ratio of the number of common
tokens to the number of tokens in the generated response, and recall is the ratio of the
number of common tokens to the number of target tokens. They are defined as:

Precision =
|C|
|G|

,

Recall =
|C|
|T |

.
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The F1 score, which is the harmonic mean of precision and recall, is then calculated as:

F1 =
2× Precision × Recall

Precision + Recall
,

=
2× |C|/|G| × |C|/|T |
|C|/|G|+ |C|/|T |

,

with the condition that if the denominator (Precision + Recall) is zero, the F1 score is set
to 0.

The final F1 score is the average of the F1 scores for all items. If there are no F1 scores
(i.e., the list of scores is empty), the average F1 score is set to 0.

• Edit Generalization: Measures the model’s capability to genuinely update knowledge,
rather than just repeating keywords. This is tested by evaluating edit success on paraphrased
prompts given by the respective dataset.

• Edit Locality: Examines the precision of edits, ensuring that only relevant, in-distribution
knowledge is altered while out-of-distribution facts remain unaffected. In this setting, the F1
score is critical as testing on the pre-trained knowledge can result in varied answer phrasings.

C.1.2 Knowledge Editing Dataset

• ZsRE (Levy et al., 2017): This dataset focuses on context-free question-answering. Given
a question related to a subject and a relation, the model’s task is to provide the correct
object as the answer. (Wang et al., 2023b) follow the procedure outlined in (Yao et al.,
2023), to improve the locality sets used. As the initial locality sets were solely based on
Natural Question annotations, we use the locality sets provided by (Wang et al., 2023b).

In all three datasets, original prompt rephrasings and locality sets are used to derive the
respective metrics.

C.2 Model Editing Details

C.2.1 MEMIT Details

We use the state-of-the-art MEMIT (Meng et al., 2023) model editor, which applies batches
of edits simultaneously. The editing process was applied to layers 4 through 8 of the model,
with a clamp normalization factor set at 4. The learning parameters adhered closely to
the original implementation: v_num_grad_steps was set to 25, accompanied by a learning
rate (lr) of 0.5, and using the last layer for loss calculation. Additionally, a weight decay
(weight_decay) of 0.001 was employed. The KL divergence contribution to the overall loss
was controlled by a KL_factor of 0.0625. Moreover, a second momentum adjustment was
enabled, with an update weight of 15000, to fine-tune the optimization process. The model
generated a maximum length of 40 tokens and a batch size of 50, matching the number of
edits being made. 10 repeats were made for each edit and the results averaged.

C.2.2 LoRA Details

We also employed LoRA as a model editor, specifically using the adalora variant for our
experiments. The editing process utilized 70 gradient steps, with a learning rate of 0.005.
The rank for the low-rank adaptation was set at 8, with a scaling factor of 32. There was no
dropout applied to the adaptation matrices, and the normalization constraint was disabled.
The target modules for the edits consisted of query and value projection layers. Consistent
with the MEMIT method, the model generated sequences with a maximum length of 40
tokens and utilized a batch size of 50, matching the number of edits per batch. Each edit
was repeated 10 times, and the results were averaged to ensure reliability. The data type
for the computations was set to torch.float.
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C.2.3 Fine-Tuning (FT) Details

For fine-tuning (FT), we focused on layers 4 through 8 of the model. The
specific modules targeted for editing included the MLP down-projection
(model.layers.{}.mlp.down_proj), the general layer module (model.layers.{}),
the MLP module (model.layers.{}.mlp), the self-attention module
(model.layers.{}.self_attn), the final layer normalization (model.norm),
and the language model head (lm_head).

The fine-tuning process was conducted with 25 optimization steps, using a learning rate
of 10−5. No weight decay was applied. The normalization constraint was disabled. The
optimization objective was set to target the new data and the data type for the computations
was set to bfloat16.

As with the MEMIT and LoRA methods, the model generated sequences with a maximum
length of 40 tokens and used a batch size of 50, matching the number of edits per batch. Each
edit was repeated 10 times, and the results were averaged for consistency and reliability.

C.3 Model Compression Details

C.3.1 Compression Metrics

The compression metrics include:

• Sparsity Ratio. The fraction of parameters in the model that are zero, indicating the
extent to which the model is sparse.

• Average Bits. The mean number of bits utilized to represent each parameter in a quantized
or sparsified neural network, reflecting the level of compression.

C.3.2 Compressor details

We use four state-of-the-art compression methods including two pruning methods:

• SparseGPT (Frantar & Alistarh, 2023): an efficient one-shot pruning method tailored
for large models. It converts the pruning process into solving large-scale sparse regression
problems using an approximate solver. This approach enables rapid pruning on a single
GPU with minimal accuracy loss, achieving 50-60% on large models.

• Wanda (Sun et al., 2023): is another popular method for pruning large language models
that relies on a pruning metric that combines a weight’s magnitude with the norm of its
corresponding input activations, determined from a small calibration dataset. The method
focuses on selectively pruning weights within individual outputs of linear layers, aiming
for high sparsity levels without modifying unpruned weights. Wanda is computationally
efficient, executable in a single forward pass.

and two quantization methods:

• GPTQ (Frantar et al., 2023): an algorithm designed for efficient weight quantization in
large-scale models. It revises the weight quantization approach by quantizing weights in a
fixed order rather than a greedy order, which shows minimal performance difference, espe-
cially in larger models. GPTQ introduced a novel method where each weight is quantized
column-by-column, reducing computational complexity.

• AWQ (Lin et al., 2023): is based on the premise that not all weights are equally critical for
model performance, and it identifies a small fraction of salient weights whose quantization
significantly impacts model accuracy. This identification is done by analyzing activation
distributions rather than weight distributions, under the rationale that weights linked to
larger activation magnitudes are more crucial.
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C.4 Machine Unlearning Details

We implement three unlearning techniques: RMU, GA, and GD. The success of each
technique hinges on the careful selection of hyperparameters. We describe our parameter
searches and selected values in the following sections.

C.4.1 Representation Misdirection Unlearning

Introduced in (Li et al., 2024a), RMU intervenes on a specific layer of the LM to perturb ac-
tivations for inputs related to the unlearning target. This technique has achieved impressive
performance on the WMDP dataset, with performance on the unlearning targets dropping
to near-random while overall model utility (MMLU) minimally regresses. Wikitext (Merity
et al., 2016) acts as the retain set.

RMU relies on multiple hyperparameters for selecting which layer to modify and how the
loss should be calculated. We found that RMU is quite sensitive to hyperparameter choice,
with most combinations either leaving the model unaffected or significantly harming model
utility. Table 5 details the results from our hyperparameters search for Llama-3 8B. We
otherwise use the RMU repo’s5 default settings.

Parameter Description Search Selected

Alpha The weight for the retain loss [1, 10, 100, 1000, 10000] 1000
Layer The layer to modify [3, 17] 3
Maximum Batches Training duration RMU in batches [100, 150, 200, 250, 300] 250

Table 5: RMU Hyperparameter Search. Details for the grid search over possible RMU
settings. Hyperparameters were selected using grid search.

C.4.2 Gradient Ascent

GA, a simple and widely studied unlearning method (Golatkar et al., 2019; Wang et al., 2024;
Maini et al., 2024; Yao et al., 2024; Zhang et al., 2024), compels the model to minimize the
likelihood of the correct token. The underlying intuition is that models will learn to avoid
generating tokens associated with the unlearning target. We only train the final 16 layers
of the model due to memory constraints.

Parameter Description Search Selected

LR The learning rate [5e-6, 1e-6, ... 5e-3, 1e-3] 5e-5
Training Samples Train size balanced across Cyber/Bio [10, 25, 50, 100, ... 500, 1000, 2000] 50

Table 6: GA Hyperparameter Search. Details for the grid search over possible GA
settings. Hyperparameters were selected using grid search.

C.4.3 Gradient Difference

A significant challenge when leveraging GA is balancing reducing performance on the un-
learning target while retaining overall model utility. Since GA reduces the likelihood of the
correct token, it is fragile to catastrophic forgetting, where the model incorrectly generalizes
to forgetting how to model natural language.

GD (Maini et al., 2024) aims to address this shortcoming by adding a retain loss term to
the loss function. This term aims to maximize the likelihood of the correct token on an
unrelated retain dataset. We use Wikitext (Merity et al., 2016) as the retain set. As with
GA, we only train the final 16 layers of the model.

5https://github.com/centerforaisafety/wmdp
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Table 7 reports our hyperparameter search. Unlike (Maini et al., 2024), which found that GD
provided only a marginal improvement over GA, we found that GD can perform significantly
better if we upweight the retain loss term. Upweighting is necessary since it is easy for
the model to significantly minimize the correct token likelihood, which causes it to drown
out the retain loss term. Assigning a weight of 400 to the retain term solved this issue.
This hyperparameter combination can make GD competitive with RMU, though still less
composable (Section 4).

Parameter Description Search Selected

Alpha The weight for the retain loss [1, 2, 4, 6, 8, 10, 20, 40, 60, 80, 100] 40
LR The learning rate [5e-6, 1e-6, ... 5e-3, 1e-3] 5e-5
Training Samples Train size balanced across Cyber/Bio [10, 25, 50, 100, ... 500, 1000, 2000] 50

Table 7: GD Hyperparameter Search. Details for the grid search over possible GD
settings. Hyperparameters were selected using grid search.

D Extended Results

D.1 Composability Across Language Models

We investigate the generalizability of intervention composability across different LMs by ex-
tending our study from Llama-3 8B to Yi 1.5 9B Chat (Young et al., 2024) and Mistral 7B
Instruct (Jiang et al., 2023). These popular open-weights LMs were chosen for their similar-
ity in size and performance to Llama-3.1 8B. We sample one intervention from each category:
MEMIT (editing), AWQ (quantization), Wanda (pruning), and RMU (unlearning). We are
unable to find a set of effective hyperpameters for RMU with Yi.

Table 8 shows Order Sensitivity is generally consistent across LMs, except for
Editing↔Compression. Editing↔Unlearning and Compression↔Unlearning consistently
exhibit low Order Sensitivity. These results suggest intervention composability trends often
generalize across similar models, but the choice of LM can remain a hypepramateter for
interventions such as Editing.

Figure 4 presents a comprehensive comparison of composition metrics across the three mod-
els. The performance of each model is visualized using a bar chart, where the bottom of
each bar represents the Order-free Error metric and the height of the bar indicates the Order
Sensitivity metric. This visualization allows for a clear assessment of both individual met-
rics and overall model performance. Notably, the results demonstrate that composability
generalizes across different models This finding underscores the robustness of composability
as a general property while highlighting the nuanced impact of specific model architectures
on edit generalization capabilities.

Edit Success Edit Generalization Unlearn WMDP MMLU

Composition Llama Mistral Yi Llama Mistral Yi Llama Mistral Yi Llama Mistral Yi Std Dev

MEMIT↔Wanda .24 .00 .01 .21 .02 .01 .01 .01 .01 .00 .01 .00 .08
MEMIT↔AWQ .01 .11 .01 .00 .04 .01 .00 .01 .01 .01 .01 .01 .03
MEMIT↔RMU .01 .03 - .04 .02 - .01 .00 - .00 .01 - .01
RMU↔AWQ .01 .00 - .00 .00 - .02 .04 - .01 .00 - .01
RMU↔Wanda .00 .00 - .01 .00 - .03 .00 - .01 .00 - .01

Table 8: Order Sensitivity across LMs. We study compression at 25% sparsity and 4-
bit quantization. Key Takeaway: Order Sensitivity is generally consistent across LMs,
with the exception of compositions involving editing and compression techniques (e.g.,
MEMIT↔Wanda).
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Figure 4: Comparison of Composition Metrics across different models. The performance
of each model is represented by a bar. The bottom of the bar represents the Order-free
Error and the size of the bar represents the Order Sensitivity. Key Takeaways: Com-
posability generalizes overall across models, with Edit Generalization having an expected
model-dependent effect.
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D.2 Full results

We report the task performance for all compositions below and the baseline results, where
only a single intervention is applied (Table 9). Perplexity on Wikitext (Merity et al., 2016)
is also included as another overall utility metric. Average Bits (Appendix C.3.1) measures
the degree to which the composition compresses the model.

Editing Compression Unlearning Utility

Edit Success Generalization Locality Avg. Bits Avg. WMDP MMLU WikiText PPL

None 0.02 0.02 0.04 16.00 0.58 0.62 5.54
FT→None 0.99 0.82 0.11 16.0 0.57 0.61 5.57
MEMIT→None 0.89 0.85 0.04 16.0 0.57 0.61 5.57
LoRA→None 1.0 0.71 0.06 16.0 0.56 0.61 19.25
SparseGPT (0.25) →None 0.02 0.02 0.03 12.25 0.56 0.61 5.87
SparseGPT (0.35) →None 0.02 0.02 0.03 10.75 0.54 0.58 6.34
SparseGPT (0.45) →None 0.02 0.01 0.03 9.25 0.51 0.54 7.43
SparseGPT (0.55) →None 0.01 0.01 0.03 7.75 0.45 0.44 10.43
SparseGPT (0.65) →None 0.0 0.01 0.03 6.25 0.3 0.27 20.83
SparseGPT (0.75) →None 0.01 0.01 0.03 4.75 0.26 0.23 81.84
Wanda (0.25) →None 0.02 0.02 0.03 12.25 0.56 0.61 5.84
Wanda (0.35) →None 0.02 0.02 0.04 10.75 0.54 0.58 6.31
Wanda (0.45) →None 0.02 0.02 0.03 9.25 0.5 0.52 7.52
Wanda (0.55) →None 0.02 0.01 0.02 7.75 0.36 0.37 12.5
Wanda (0.65) →None 0.02 0.01 0.02 6.25 0.26 0.23 47.18
Wanda (0.75) →None 0.02 0.03 0.03 4.75 0.26 0.23 257.46
GPTQ (2-Bit) →None 0.0 0.0 0.03 2.25 0.25 0.24 3681.23
GPTQ (3-Bit) →None 0.01 0.01 0.03 3.25 0.45 0.46 8.6
GPTQ (4-Bit) →None 0.02 0.02 0.03 4.25 0.56 0.6 9.97
GPTQ (8-Bit) →None 0.02 0.02 0.04 8.25 0.58 0.62 5.54
AWQ (2-Bit) →None 0.0 0.0 0.0 2.25 0.24 0.27 1748954.75
AWQ (3-Bit) →None 0.01 0.01 0.03 3.25 0.52 0.53 7.47
AWQ (4-Bit) →None 0.02 0.02 0.03 4.25 0.57 0.6 5.91
AWQ (5-Bit) →None 0.02 0.03 0.03 5.25 0.57 0.62 5.62
AWQ (6-Bit) →None 0.02 0.03 0.04 6.25 0.58 0.62 5.56
AWQ (8-Bit) →None 0.02 0.02 0.04 8.25 0.58 0.62 5.54
GA→None 0.0 0.0 0.0 16.0 0.46 0.5 inf
GD→None 0.02 0.0 0.09 16.0 0.26 0.52 4.48
RMU→None 0.02 0.02 0.03 16.0 0.29 0.57 5.56

Table 9: Baseline intervention Results without composition.
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Editing Compression Unlearning Utility

Edit Success Generalization Locality Avg. Bits Avg. WMDP MMLU WikiText PPL

FT→SparseGPT (0.25) 0.96 0.76 0.11 12.25 0.55 0.6 5.9
FT→SparseGPT (0.35) 0.84 0.66 0.09 10.75 0.53 0.57 6.38
FT→SparseGPT (0.45) 0.64 0.5 0.07 9.25 0.5 0.53 7.48
FT→SparseGPT (0.55) 0.33 0.26 0.04 7.75 0.44 0.44 10.35
FT→SparseGPT (0.65) 0.12 0.1 0.03 6.25 0.33 0.3 21.54
FT→SparseGPT (0.75) 0.03 0.02 0.03 4.75 0.26 0.23 88.73
FT→Wanda (0.25) 0.96 0.76 0.11 12.25 0.56 0.6 5.88
FT→Wanda (0.35) 0.88 0.68 0.09 10.75 0.53 0.57 6.35
FT→Wanda (0.45) 0.65 0.5 0.06 9.25 0.49 0.52 7.57
FT→Wanda (0.55) 0.31 0.24 0.04 7.75 0.35 0.37 12.48
FT→Wanda (0.65) 0.08 0.07 0.03 6.25 0.26 0.23 46.37
FT→Wanda (0.75) 0.02 0.02 0.03 4.75 0.26 0.23 344.62
FT→GPTQ (2-Bit) 0.0 0.0 0.02 2.25 0.25 0.24 1995.71
FT→GPTQ (3-Bit) 0.27 0.2 0.04 3.25 0.43 0.46 9.03
FT→GPTQ (4-Bit) 0.79 0.6 0.11 4.25 0.54 0.59 12.93
FT→GPTQ (8-Bit) 0.99 0.83 0.11 8.25 0.57 0.61 5.57
FT→AWQ (2-Bit) 0.0 0.0 0.0 2.25 0.24 0.27 1739216.25
FT→AWQ (3-Bit) 0.7 0.55 0.07 3.25 0.5 0.51 7.56
FT→AWQ (4-Bit) 0.95 0.79 0.1 4.25 0.55 0.59 5.95
FT→AWQ (5-Bit) 0.99 0.84 0.11 5.25 0.56 0.61 5.66
FT→AWQ (6-Bit) 0.99 0.84 0.1 6.25 0.57 0.61 5.59
FT→AWQ (8-Bit) 0.99 0.83 0.11 8.25 0.57 0.61 5.57
MEMIT→SparseGPT (0.25) 0.87 0.83 0.04 12.25 0.56 0.6 5.89
MEMIT→SparseGPT (0.35) 0.81 0.74 0.03 10.75 0.54 0.57 6.4
MEMIT→SparseGPT (0.45) 0.62 0.56 0.04 9.25 0.51 0.53 7.43
MEMIT→SparseGPT (0.55) 0.28 0.2 0.03 7.75 0.43 0.43 10.37
MEMIT→SparseGPT (0.65) 0.03 0.03 0.03 6.25 0.3 0.29 21.02
MEMIT→SparseGPT (0.75) 0.01 0.01 0.02 4.75 0.26 0.23 71.62
MEMIT→Wanda (0.25) 0.7 0.69 0.03 12.25 0.54 0.59 5.87
MEMIT→Wanda (0.35) 0.85 0.78 0.03 10.75 0.53 0.57 6.34
MEMIT→Wanda (0.45) 0.75 0.67 0.03 9.25 0.48 0.51 7.56
MEMIT→Wanda (0.55) 0.32 0.26 0.03 7.75 0.35 0.36 12.33
MEMIT→Wanda (0.65) 0.01 0.01 0.02 6.25 0.26 0.23 46.98
MEMIT→Wanda (0.75) 0.02 0.02 0.03 4.75 0.26 0.23 290.27
MEMIT→GPTQ (2-Bit) 0.0 0.0 0.02 2.25 0.25 0.24 1663.86
MEMIT→GPTQ (3-Bit) 0.35 0.29 0.04 3.25 0.45 0.46 8.89
MEMIT→GPTQ (4-Bit) 0.84 0.8 0.03 4.25 0.55 0.59 13.17
MEMIT→GPTQ (8-Bit) 0.94 0.9 0.04 8.25 0.57 0.61 5.56
MEMIT→AWQ (2-Bit) 0.0 0.0 0.0 2.25 0.24 0.27 1738085.5
MEMIT→AWQ (3-Bit) 0.83 0.79 0.04 3.25 0.5 0.5 7.54
MEMIT→AWQ (4-Bit) 0.93 0.89 0.03 4.25 0.55 0.59 5.94
MEMIT→AWQ (5-Bit) 0.92 0.89 0.03 5.25 0.57 0.61 5.65
MEMIT→AWQ (6-Bit) 0.93 0.89 0.04 6.25 0.57 0.61 5.59
MEMIT→AWQ (8-Bit) 0.94 0.9 0.04 8.25 0.57 0.61 5.56
LoRA→SparseGPT (0.25) 0.86 0.52 0.04 12.25 0.55 0.6 13.81
LoRA→SparseGPT (0.35) 0.62 0.37 0.05 10.75 0.52 0.57 10.6
LoRA→SparseGPT (0.45) 0.36 0.22 0.04 9.25 0.48 0.52 16.48
LoRA→SparseGPT (0.55) 0.17 0.14 0.04 7.75 0.43 0.43 23.46
LoRA→SparseGPT (0.65) 0.07 0.06 0.03 6.25 0.32 0.3 53.89
LoRA→SparseGPT (0.75) 0.03 0.03 0.02 4.75 0.26 0.25 186.65
LoRA→Wanda (0.25) 0.87 0.53 0.04 12.25 0.55 0.6 9.23
LoRA→Wanda (0.35) 0.64 0.4 0.05 10.75 0.52 0.57 11.01
LoRA→Wanda (0.45) 0.37 0.25 0.03 9.25 0.46 0.49 12.6
LoRA→Wanda (0.55) 0.18 0.14 0.03 7.75 0.36 0.36 33.59
LoRA→Wanda (0.65) 0.05 0.04 0.02 6.25 0.26 0.24 194.26
LoRA→Wanda (0.75) 0.02 0.02 0.03 4.75 0.25 0.25 914.43
LoRA→GPTQ (2-Bit) 0.0 0.0 0.01 2.25 0.25 0.24 10465.63
LoRA→GPTQ (3-Bit) 0.08 0.06 0.02 3.25 0.4 0.42 40.02
LoRA→GPTQ (4-Bit) 0.58 0.41 0.05 4.25 0.54 0.58 63.45
LoRA→GPTQ (8-Bit) 1.0 0.71 0.06 8.25 0.57 0.61 18.86
LoRA→AWQ (2-Bit) 0.0 0.0 0.0 2.25 0.24 0.25 1764088.0
LoRA→AWQ (3-Bit) 0.46 0.31 0.05 3.25 0.5 0.51 24.29
LoRA→AWQ (4-Bit) 0.91 0.6 0.04 4.25 0.55 0.59 16.37
LoRA→AWQ (5-Bit) 0.99 0.7 0.05 5.25 0.56 0.6 16.31
LoRA→AWQ (6-Bit) 1.0 0.71 0.06 6.25 0.56 0.61 15.34
LoRA→AWQ (8-Bit) 1.0 0.72 0.06 8.25 0.57 0.61 15.25

Table 10: Detailed results for editing → compression.
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Editing Compression Unlearning Utility

Edit Success Generalization Locality Avg. Bits Avg. WMDP MMLU WikiText PPL

SparseGPT (0.25) →FT 0.99 0.77 0.08 12.25 0.55 0.6 5.91
SparseGPT (0.35) →FT 0.98 0.75 0.06 10.75 0.54 0.58 6.37
SparseGPT (0.45) →FT 0.96 0.71 0.06 9.25 0.51 0.54 7.49
SparseGPT (0.55) →FT 0.95 0.66 0.05 7.75 0.44 0.44 10.19
SparseGPT (0.65) →FT 0.89 0.54 0.04 6.25 0.33 0.3 17.67
SparseGPT (0.75) →FT 0.58 0.25 0.04 4.75 0.26 0.24 98.18
SparseGPT (0.25) →MEMIT 0.91 0.86 0.04 12.25 0.56 0.59 5.89
SparseGPT (0.35) →MEMIT 0.89 0.8 0.03 10.75 0.54 0.57 6.38
SparseGPT (0.45) →MEMIT 0.62 0.48 0.03 9.25 0.51 0.53 7.49
SparseGPT (0.55) →MEMIT 0.37 0.27 0.03 7.75 0.44 0.43 10.62
SparseGPT (0.65) →MEMIT 0.18 0.13 0.03 6.25 0.32 0.29 22.83
SparseGPT (0.75) →MEMIT 0.11 0.08 0.04 4.75 0.25 0.23 394.59
SparseGPT (0.25) →LoRA 0.85 0.45 0.04 12.25 0.54 0.6 10.69
SparseGPT (0.35) →LoRA 0.76 0.42 0.04 10.75 0.52 0.57 9.54
SparseGPT (0.45) →LoRA 0.64 0.33 0.04 9.25 0.48 0.52 10.52
SparseGPT (0.55) →LoRA 0.55 0.29 0.03 7.75 0.43 0.43 11.5
SparseGPT (0.65) →LoRA 0.37 0.17 0.03 6.25 0.32 0.29 23.13
SparseGPT (0.75) →LoRA 0.08 0.06 0.03 4.75 0.26 0.25 89.47
Wanda (0.25) →FT 0.99 0.8 0.07 12.25 0.56 0.6 5.86
Wanda (0.35) →FT 0.97 0.76 0.05 10.75 0.54 0.58 6.32
Wanda (0.45) →FT 0.94 0.69 0.04 9.25 0.49 0.52 7.52
Wanda (0.55) →FT 0.8 0.5 0.03 7.75 0.36 0.38 11.98
Wanda (0.65) →FT 0.5 0.28 0.03 6.25 0.26 0.23 41.41
Wanda (0.75) →FT 0.05 0.04 0.03 4.75 0.26 0.23 249.29
Wanda (0.25) →MEMIT 0.95 0.9 0.03 12.25 0.56 0.59 5.87
Wanda (0.35) →MEMIT 0.86 0.76 0.03 10.75 0.54 0.57 6.34
Wanda (0.45) →MEMIT 0.72 0.59 0.03 9.25 0.49 0.51 7.54
Wanda (0.55) →MEMIT 0.37 0.26 0.03 7.75 0.37 0.37 12.07
Wanda (0.65) →MEMIT 0.04 0.04 0.02 6.25 0.26 0.23 40.49
Wanda (0.75) →MEMIT 0.04 0.04 0.02 4.75 0.26 0.23 280.04
Wanda (0.25) →LoRA 0.95 0.54 0.03 12.25 0.55 0.6 10.65
Wanda (0.35) →LoRA 0.86 0.48 0.04 10.75 0.52 0.57 7.98
Wanda (0.45) →LoRA 0.74 0.43 0.04 9.25 0.47 0.5 9.18
Wanda (0.55) →LoRA 0.68 0.37 0.03 7.75 0.36 0.37 15.01
Wanda (0.65) →LoRA 0.34 0.19 0.02 6.25 0.26 0.23 57.63
Wanda (0.75) →LoRA 0.06 0.06 0.03 4.75 0.26 0.23 318.06
GPTQ (2-Bit) →FT 0.0 0.0 0.01 2.25 0.25 0.24 970816.25
GPTQ (3-Bit) →FT 0.1 0.08 0.03 3.25 0.41 0.42 9.96
GPTQ (4-Bit) →FT 0.44 0.24 0.04 4.25 0.55 0.58 6.4
GPTQ (8-Bit) →FT 0.99 0.83 0.11 8.25 0.57 0.61 5.57
GPTQ (2-Bit) →MEMIT 0.0 0.0 0.01 2.25 0.25 0.24 739248.62
GPTQ (3-Bit) →MEMIT 0.12 0.1 0.03 3.25 0.41 0.42 9.81
GPTQ (4-Bit) →MEMIT 0.81 0.69 0.04 4.25 0.55 0.58 6.38
GPTQ (8-Bit) →MEMIT 0.95 0.91 0.03 8.25 0.57 0.61 5.57
GPTQ (2-Bit) →LoRA 0.0 0.0 0.01 2.25 0.25 0.24 695958.19
GPTQ (3-Bit) →LoRA 0.01 0.02 0.02 3.25 0.37 0.38 11.14
GPTQ (4-Bit) →LoRA 0.21 0.14 0.05 4.25 0.53 0.57 9.54
GPTQ (8-Bit) →LoRA 1.0 0.72 0.06 8.25 0.56 0.61 19.99
AWQ (2-Bit) →FT 0.0 0.0 0.0 2.25 0.24 0.26 33638.44
AWQ (3-Bit) →FT 1.0 0.82 0.08 3.25 0.5 0.51 7.57
AWQ (4-Bit) →FT 0.99 0.84 0.15 4.25 0.54 0.57 5.98
AWQ (5-Bit) →FT 0.99 0.85 0.12 5.25 0.55 0.6 5.68
AWQ (6-Bit) →FT 0.99 0.88 0.13 6.25 0.56 0.6 5.61
AWQ (8-Bit) →FT 0.99 0.87 0.13 8.25 0.56 0.6 5.6
AWQ (2-Bit) →MEMIT 0.0 0.0 0.0 2.25 0.24 0.26 1735678.75
AWQ (3-Bit) →MEMIT 0.92 0.87 0.03 3.25 0.49 0.47 7.57
AWQ (4-Bit) →MEMIT 0.92 0.89 0.04 4.25 0.55 0.58 5.97
AWQ (5-Bit) →MEMIT 0.98 0.96 0.03 5.25 0.56 0.6 5.68
AWQ (6-Bit) →MEMIT 0.98 0.92 0.04 6.25 0.57 0.6 5.62
AWQ (8-Bit) →MEMIT 0.98 0.94 0.04 8.25 0.57 0.6 5.59
AWQ (2-Bit) →LoRA 0.06 0.03 0.0 2.25 0.24 0.26 141960.91
AWQ (3-Bit) →LoRA 1.0 0.71 0.05 3.25 0.5 0.51 55.44
AWQ (4-Bit) →LoRA 1.0 0.74 0.07 4.25 0.55 0.58 29.71
AWQ (5-Bit) →LoRA 1.0 0.69 0.05 5.25 0.56 0.6 17.32
AWQ (6-Bit) →LoRA 1.0 0.69 0.06 6.25 0.57 0.61 16.6
AWQ (8-Bit) →LoRA 1.0 0.73 0.06 8.25 0.57 0.61 21.64

Table 11: Detailed results for compression → editing.
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Editing Compression Unlearning Utility

Edit Success Generalization Locality Avg. Bits Avg. WMDP MMLU WikiText PPL

GA→SparseGPT (0.25) 0.0 0.0 0.0 12.25 0.46 0.51 inf
GA→SparseGPT (0.35) 0.0 0.0 0.0 10.75 0.44 0.49 inf
GA→SparseGPT (0.45) 0.0 0.0 0.0 9.25 0.42 0.45 inf
GA→SparseGPT (0.55) 0.0 0.0 0.0 7.75 0.3 0.32 inf
GA→SparseGPT (0.65) 0.0 0.0 0.0 6.25 0.25 0.25 inf
GA→SparseGPT (0.75) 0.0 0.0 0.0 4.75 0.25 0.25 inf
GA→Wanda (0.25) 0.0 0.0 0.0 12.25 0.46 0.52 inf
GA→Wanda (0.35) 0.0 0.0 0.0 10.75 0.45 0.49 inf
GA→Wanda (0.45) 0.0 0.0 0.0 9.25 0.4 0.43 inf
GA→Wanda (0.55) 0.0 0.0 0.0 7.75 0.3 0.32 inf
GA→Wanda (0.65) 0.0 0.0 0.0 6.25 0.25 0.25 inf
GA→Wanda (0.75) 0.0 0.0 0.0 4.75 0.25 0.26 inf
GA→GPTQ (2-Bit) 0.0 0.0 0.0 2.25 0.25 0.25 inf
GA→GPTQ (3-Bit) 0.0 0.0 0.0 3.25 0.33 0.39 inf
GA→GPTQ (4-Bit) 0.0 0.0 0.0 4.25 0.43 0.48 inf
GA→GPTQ (8-Bit) 0.0 0.0 0.0 8.25 0.45 0.49 inf
GA→AWQ (2-Bit) 0.0 0.0 0.0 2.25 0.25 0.25 1769133.88
GA→AWQ (3-Bit) 0.0 0.0 0.0 3.25 0.41 0.44 inf
GA→AWQ (4-Bit) 0.0 0.0 0.0 4.25 0.43 0.47 inf
GA→AWQ (5-Bit) 0.0 0.0 0.0 5.25 0.46 0.5 inf
GA→AWQ (6-Bit) 0.0 0.0 0.0 6.25 0.45 0.49 inf
GA→AWQ (8-Bit) 0.0 0.0 0.0 8.25 0.45 0.49 inf
GD→SparseGPT (0.25) 0.0 0.01 0.02 12.25 0.27 0.58 5.07
GD→SparseGPT (0.35) 0.0 0.0 0.02 10.75 0.28 0.55 5.64
GD→SparseGPT (0.45) 0.0 0.0 0.02 9.25 0.28 0.51 7.02
GD→SparseGPT (0.55) 0.0 0.0 0.01 7.75 0.27 0.42 10.6
GD→SparseGPT (0.65) 0.0 0.0 0.02 6.25 0.26 0.27 25.97
GD→SparseGPT (0.75) 0.01 0.0 0.01 4.75 0.24 0.23 119.71
GD→Wanda (0.25) 0.0 0.01 0.03 12.25 0.35 0.58 5.34
GD→Wanda (0.35) 0.0 0.0 0.02 10.75 0.38 0.56 6.61
GD→Wanda (0.45) 0.0 0.0 0.01 9.25 0.46 0.51 9.9
GD→Wanda (0.55) 0.0 0.0 0.0 7.75 0.37 0.39 22.22
GD→Wanda (0.65) 0.0 0.0 0.0 6.25 0.26 0.23 184.75
GD→Wanda (0.75) 0.0 0.0 0.0 4.75 0.26 0.23 3298.92
GD→GPTQ (2-Bit) 0.0 0.0 0.0 2.25 0.24 0.27 inf
GD→GPTQ (3-Bit) 0.0 0.0 0.0 3.25 0.24 0.3 inf
GD→GPTQ (4-Bit) 0.0 0.0 0.0 4.25 0.24 0.32 5.106230513313957e+35
GD→GPTQ (8-Bit) 0.0 0.0 0.0 8.25 0.24 0.35 2.445586872346403e+26
GD→AWQ (2-Bit) 0.0 0.0 0.0 2.25 0.24 0.27 2598854.5
GD→AWQ (3-Bit) 0.0 0.0 0.0 3.25 0.33 0.33 inf
GD→AWQ (4-Bit) 0.0 0.0 0.0 4.25 0.24 0.35 2.0452847856930923e+28
GD→AWQ (5-Bit) 0.0 0.0 0.0 5.25 0.25 0.36 1.0052004503012292e+28
GD→AWQ (6-Bit) 0.0 0.0 0.0 6.25 0.25 0.35 6.499345951176105e+25
GD→AWQ (8-Bit) 0.0 0.0 0.0 8.25 0.25 0.35 9.430016153317283e+25
RMU→SparseGPT (0.25) 0.02 0.02 0.03 12.25 0.28 0.56 5.93
RMU→SparseGPT (0.35) 0.02 0.02 0.03 10.75 0.28 0.53 6.39
RMU→SparseGPT (0.45) 0.02 0.02 0.03 9.25 0.27 0.48 8.14
RMU→SparseGPT (0.55) 0.01 0.01 0.03 7.75 0.26 0.39 10.58
RMU→SparseGPT (0.65) 0.0 0.01 0.03 6.25 0.25 0.26 35.97
RMU→SparseGPT (0.75) 0.01 0.01 0.03 4.75 0.25 0.23 101.32
RMU→Wanda (0.25) 0.02 0.02 0.04 12.25 0.29 0.56 5.88
RMU→Wanda (0.35) 0.02 0.02 0.03 10.75 0.28 0.53 6.36
RMU→Wanda (0.45) 0.02 0.01 0.03 9.25 0.29 0.48 7.71
RMU→Wanda (0.55) 0.01 0.01 0.03 7.75 0.27 0.35 13.73
RMU→Wanda (0.65) 0.01 0.01 0.03 6.25 0.25 0.23 52.67
RMU→Wanda (0.75) 0.03 0.02 0.03 4.75 0.25 0.23 334.45
RMU→GPTQ (2-Bit) 0.0 0.01 0.03 2.25 0.25 0.24 3451.67
RMU→GPTQ (3-Bit) 0.01 0.01 0.03 3.25 0.26 0.42 9.09
RMU→GPTQ (4-Bit) 0.02 0.02 0.03 4.25 0.27 0.53 12.88
RMU→GPTQ (8-Bit) 0.02 0.02 0.03 8.25 0.29 0.57 5.56
RMU→AWQ (2-Bit) 0.0 0.0 0.0 2.25 0.24 0.26 1726409.12
RMU→AWQ (3-Bit) 0.01 0.01 0.03 3.25 0.27 0.45 7.55
RMU→AWQ (4-Bit) 0.02 0.02 0.03 4.25 0.29 0.56 5.95
RMU→AWQ (5-Bit) 0.02 0.03 0.04 5.25 0.28 0.56 5.68
RMU→AWQ (6-Bit) 0.02 0.02 0.03 6.25 0.28 0.56 5.62
RMU→AWQ (8-Bit) 0.02 0.02 0.03 8.25 0.29 0.57 5.56

Table 12: Detailed results for unlearning → compression.
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Editing Compression Unlearning Utility

Edit Success Generalization Locality Avg. Bits Avg. WMDP MMLU WikiText PPL

SparseGPT (0.25) →GA 0.0 0.0 0.0 12.25 0.43 0.45 inf
SparseGPT (0.35) →GA 0.0 0.0 0.0 10.75 0.34 0.36 inf
SparseGPT (0.45) →GA 0.0 0.0 0.0 9.25 0.31 0.33 inf
SparseGPT (0.55) →GA 0.0 0.0 0.0 7.75 0.25 0.25 inf
SparseGPT (0.65) →GA 0.0 0.0 0.0 6.25 0.27 0.28 inf
SparseGPT (0.75) →GA 0.01 0.01 0.03 4.75 0.26 0.23 inf
SparseGPT (0.25) →GD 0.01 0.0 0.02 12.25 0.5 0.48 13.32
SparseGPT (0.35) →GD 0.01 0.01 0.01 10.75 0.29 0.25 2712.26
SparseGPT (0.45) →GD 0.0 0.0 0.0 9.25 0.25 0.48 1.246813090597988e+19
SparseGPT (0.55) →GD 0.0 0.0 0.02 7.75 0.35 0.36 9.35
SparseGPT (0.65) →GD 0.0 0.0 0.01 6.25 0.24 0.26 inf
SparseGPT (0.75) →GD 0.0 0.01 0.01 4.75 0.26 0.23 1437619072.0
SparseGPT (0.25) →RMU 0.01 0.02 0.04 12.25 0.31 0.57 5.92
SparseGPT (0.35) →RMU 0.0 0.02 0.02 10.75 0.31 0.54 6.35
SparseGPT (0.45) →RMU 0.01 0.01 0.03 9.25 0.31 0.51 7.86
SparseGPT (0.55) →RMU 0.01 0.01 0.03 7.75 0.29 0.41 10.39
SparseGPT (0.65) →RMU 0.0 0.0 0.02 6.25 0.26 0.24 30.26
SparseGPT (0.75) →RMU 0.01 0.01 0.02 4.75 0.25 0.23 97.03
Wanda (0.25) →GA 0.0 0.0 0.0 12.25 0.49 0.54 inf
Wanda (0.35) →GA 0.0 0.0 0.0 10.75 0.44 0.51 inf
Wanda (0.45) →GA 0.0 0.0 0.0 9.25 0.41 0.43 inf
Wanda (0.55) →GA 0.0 0.0 0.0 7.75 0.32 0.34 inf
Wanda (0.65) →GA 0.0 0.0 0.0 6.25 0.26 0.26 inf
Wanda (0.75) →GA 0.01 0.01 0.03 4.75 0.26 0.23 8.12597183809491e+36
Wanda (0.25) →GD 0.0 0.0 0.0 12.25 0.52 0.57 13.26
Wanda (0.35) →GD 0.0 0.0 0.0 10.75 0.45 0.48 57480503296.0
Wanda (0.45) →GD 0.0 0.0 0.0 9.25 0.5 0.53 49.77
Wanda (0.55) →GD 0.0 0.0 0.0 7.75 0.39 0.35 121.07
Wanda (0.65) →GD 0.0 0.0 0.0 6.25 0.26 0.23 16268.01
Wanda (0.75) →GD 0.0 0.0 0.0 4.75 0.25 0.25 10226426.0
Wanda (0.25) →RMU 0.02 0.02 0.04 12.25 0.32 0.57 5.86
Wanda (0.35) →RMU 0.02 0.02 0.03 10.75 0.34 0.56 6.33
Wanda (0.45) →RMU 0.02 0.02 0.03 9.25 0.39 0.52 7.55
Wanda (0.55) →RMU 0.01 0.01 0.03 7.75 0.36 0.36 12.58
Wanda (0.65) →RMU 0.01 0.01 0.02 6.25 0.26 0.23 45.53
Wanda (0.75) →RMU 0.02 0.03 0.02 4.75 0.26 0.23 391.87
GPTQ (2-Bit) →GA 0.0 0.0 0.0 2.25 0.25 0.25 inf
GPTQ (3-Bit) →GA 0.0 0.0 0.0 3.25 0.24 0.27 inf
GPTQ (4-Bit) →GA 0.0 0.0 0.0 4.25 0.34 0.38 inf
GPTQ (8-Bit) →GA 0.0 0.0 0.0 8.25 0.45 0.5 inf
GPTQ (2-Bit) →GD 0.0 0.0 0.0 2.25 0.25 0.25 inf
GPTQ (3-Bit) →GD 0.0 0.0 0.0 3.25 0.26 0.24 628.24
GPTQ (4-Bit) →GD 0.01 0.01 0.01 4.25 0.27 0.56 9.38
GPTQ (8-Bit) →GD 0.01 0.02 0.05 8.25 0.26 0.47 inf
GPTQ (2-Bit) →RMU 0.0 0.0 0.0 2.25 0.25 0.24 1017825.94
GPTQ (3-Bit) →RMU 0.01 0.01 0.02 3.25 0.32 0.32 11.1
GPTQ (4-Bit) →RMU 0.0 0.02 0.02 4.25 0.45 0.58 6.35
GPTQ (8-Bit) →RMU 0.01 0.02 0.03 8.25 0.28 0.57 5.58
AWQ (2-Bit) →GA 0.0 0.0 0.0 2.25 0.24 0.27 inf
AWQ (3-Bit) →GA 0.0 0.0 0.0 3.25 0.24 0.27 inf
AWQ (4-Bit) →GA 0.0 0.0 0.0 4.25 0.45 0.45 inf
AWQ (5-Bit) →GA 0.0 0.0 0.0 5.25 0.35 0.39 inf
AWQ (6-Bit) →GA 0.0 0.0 0.0 6.25 0.25 0.3 inf
AWQ (8-Bit) →GA 0.0 0.0 0.0 8.25 0.28 0.37 inf
AWQ (2-Bit) →GD 0.0 0.0 0.02 2.25 0.24 0.27 4.496028624899119e+33
AWQ (3-Bit) →GD 0.01 0.0 0.02 3.25 0.29 0.34 166895.91
AWQ (4-Bit) →GD 0.01 0.0 0.04 4.25 0.24 0.42 7.05
AWQ (5-Bit) →GD 0.0 0.0 0.03 5.25 0.25 0.38 2685384.0
AWQ (6-Bit) →GD 0.0 0.0 0.05 6.25 0.25 0.31 27025.07
AWQ (8-Bit) →GD 0.0 0.0 0.01 8.25 0.25 0.25 49224794112.0
AWQ (2-Bit) →RMU 0.0 0.0 0.0 2.25 0.24 0.27 1749321.75
AWQ (3-Bit) →RMU 0.01 0.01 0.03 3.25 0.27 0.46 7.51
AWQ (4-Bit) →RMU 0.02 0.02 0.03 4.25 0.27 0.55 6.06
AWQ (5-Bit) →RMU 0.02 0.03 0.04 5.25 0.27 0.56 5.68
AWQ (6-Bit) →RMU 0.02 0.02 0.04 6.25 0.28 0.56 5.6
AWQ (8-Bit) →RMU 0.02 0.03 0.03 8.25 0.28 0.57 5.71

Table 13: Detailed results for compression → unlearning.
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Editing Compression Unlearning Utility

Edit Success Generalization Locality Avg. Bits Avg. WMDP MMLU WikiText PPL

FT→GA 0.0 0.0 0.0 16.0 0.47 0.53 inf
FT→GD 0.32 0.25 0.07 16.0 0.29 0.41 2.8236466916108585e+31
FT→RMU 0.99 0.82 0.1 16.0 0.28 0.56 5.61
MEMIT→GA 0.0 0.0 0.0 16.0 0.4 0.45 inf
MEMIT→GD 0.53 0.49 0.03 16.0 0.26 0.36 27645056122880.0
MEMIT→RMU 0.96 0.89 0.03 16.0 0.29 0.56 5.58
LoRA→GA 0.0 0.0 0.0 16.0 0.28 0.29 inf
LoRA→GD 0.44 0.23 0.05 16.0 0.3 0.45 29.46
LoRA→RMU 1.0 0.68 0.05 16.0 0.3 0.52 34.56

Table 14: Detailed results for editing → unlearning.

Editing Compression Unlearning Utility

Edit Success Generalization Locality Avg. Bits Avg. WMDP MMLU WikiText PPL

GA→FT 0.07 0.04 0.0 16.0 0.47 0.52 inf
GA→MEMIT 0.48 0.41 0.0 16.0 0.45 0.49 inf
GA→LoRA 1.0 0.78 0.03 16.0 0.34 0.36 56.91
GD→FT 0.99 0.81 0.11 16.0 0.29 0.59 4.64
GD→MEMIT 0.93 0.89 0.05 16.0 0.28 0.58 4.65
GD→LoRA 1.0 0.71 0.08 16.0 0.54 0.59 4.99
RMU→FT 1.0 0.79 0.13 16.0 0.32 0.57 5.6
RMU→MEMIT 0.97 0.93 0.03 16.0 0.3 0.56 5.58
RMU→LoRA 1.0 0.71 0.05 16.0 0.29 0.56 12.83

Table 15: Detailed results for unlearning → editing.
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