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Abstract

Targeted interventions on language models, such as unlearning, debiasing, or model
editing, are a central method for refining model behavior and keeping knowledge
up to date. While these interventions aim to modify specific information within
models (e.g., removing virology content), their effects often propagate to related
but unintended areas (e.g., allergies); these side-effects are commonly referred to as
the ripple effect. In this work, we present RippleBench-Maker, an automatic tool
for generating Q&A datasets that allow for the measurement of ripple effects in
any model-editing task. RippleBench-Maker builds on a Wikipedia-based RAG
pipeline (WikiRAG) to generate multiple-choice questions at varying semantic
distances from the target concept (e.g., the knowledge being unlearned). Using
this framework, we construct RippleBench-Bio, a benchmark derived from the
WMDP (Weapons of Mass Destruction Paper) dataset [[1], a common unlearning
benchmark. We evaluate eight state-of-the-art unlearning methods and find that all
exhibit non-trivial accuracy drops on topics increasingly distant from the unlearned
knowledge, each with distinct propagation profiles. To support ongoing research,
we release our codebase for on-the-fly ripple evaluation, along with the benchmark:
RippleBench-Bio (12,895 unique topics).

1 Introduction

Al safety methods often seek to modify models’ knowledge, whether to unlearn harmful behaviors,
update facts, or debias outputs. The ripple effect [2]] refers to the spillover that occurs when editing one
part of a model’s representation results in alterations to semantically related concepts and sometimes
even seemingly unrelated ones. Dual use knowledge refers to knowledge that has both beneficial
applications and potentially harmful applications (e.g., some biology knowledge can be used to do
well in a Genetics course or to generate bioweapons). Unlearning such knowledge is complicated
by the compositional and interconnected nature of large models, where complex concepts are built
from simpler components that often serve innocuous purposes. For instance, removing knowledge of
concept A may also require removing its building blocks B and C, which could in turn affect other
concepts like D that depend on B. As noted in [3], ripple effects are sometimes unavoidable: even
when specific capabilities (e.g., chemical synthesis pathways or cybersecurity exploits) are removed,
models can reconstruct them by recombining fragments of benign knowledge. As a result, attempts
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to fully “unlearn” harmful capabilities may also degrade otherwise safe information. Additional risks
arise when unlearning techniques mistakenly correlate two concepts that merely co-occur in the data.

Standard evaluations of unlearning, model editing, or debiasing typically adopt a binary framing:
concepts to be removed (the forget set) versus everything else (the retain set) [4} 11} 15, 16]. In practice,
the retain set is often drawn from generic evaluation benchmarks [7], such as MMLU [8]. This
creates two issues: the forget and retain sets come from entirely different distributions, and the
degree of overlap between them is rarely specified. Such a framing overlooks the continuum of
semantic relationships; for example, the gradation between disparate concepts, such as “weapons of
mass destruction” and “bird flu”. While prior work has emphasized the need to account for related
knowledge [9], comprehensive benchmarks for systematically capturing these ripple effects remain
absent.

In this work, we introduce RippleBench-Maker, a pipeline for systematically measuring the broader
impact of unlearning, with applications to more general forms of targeted model interventions,
such as steering, finetuning, post-training alignment, or pre-training modifications. By leveraging
knowledge repositories to generate multiple-choice questions across a spectrum of semantic proximity,
RippleBench quantifies model performance not only on directly unlearned information but also
on neighboring concepts, offering insight into when interventions cannot be treated independently.
We use RippleBench to develop a benchmark for unlearning, RippleBench-WMDP-Bio, which we
use to evaluate eight popular unlearning methods applied to Llama3-8b-Instruct to unlearn dual-use
biology knowledge from the WMDP-Bio benchmark. While prior reports [7] show minimal utility
loss on unrelated benchmarks, we find consistent non-trivial degradation on semantically distant
topics, with most methods showing gradual decay as distance increases.

Contributions: Our main contributions include:

1. Theoretical Framework: we provide a formal definition for what the ripple-effect is, and
how a framework to measure it for arbitrary topics, models, and model-editing methods.

2. Tools: We develop RippleBench-Maker, a dataset-builder tool for developing datasets
to evaluate ripple-effects. We also create WikiRAG, an open-source RAG system built on
English Wikipedia.

3. Datasets: We run RippleBench-Maker to evaluate ripple effects surrounding WMDP,
using Wikipedia as the underling dataset. We generate a dataset for Biology WMDP dataset
to form RippleBench-Bio.

4. Insights: We investigate 8 unlearning techniques on our RippleBench dataset, as well as
their checkpoints during unlearning, and we extract insights about their performance over
RippleBench-Bio.

The code for RippleBench-Maker and WikiRAG and the RippleBench-Bio dataset will be public
upon publishing this work. E] As well as the RippleBench results and datasets on Huggingace,
RippleBench.

As a note, we emphasize that RippleBench-Maker is not prescriptive about what an “ideal” ripple
effect curve should look like. Different applications may warrant different trade-offs between
forgetting and retention, and our goal is to provide tools that help researchers and practitioners make
these choices explicitly. We speculate that in the case of RippleBench-Bio, a perfectly flat curve is
likely be undesirable, as it would imply excessive degradation of distant knowledge and insufficient
suppression of the targeted topics. By grounding evaluation in semantically structured benchmarks,
RippleBench aims to encourage more thoughtful discussion of what successful unlearning should
look like in context.

2 Related Work

Datasets and benchmarks. The two most widely used benchmarks for unlearning are the Weapons
of Mass Destruction Proxy (WMDP) [[1]] and the Task of Fictitious Unlearning (TOFU) [5]. WMDP
tests models’ ability to generate content about hazardous topics in biosecurity, cybersecurity, and
chemical security. TOFU provides synthetic data about fictitious authors, where the goal is to unlearn

2Code available RippleBench Code and [WikiRAG|code.
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subsets of these authors while retaining generic knowledge. However, both benchmarks are limited:
WMDP focuses narrowly on safety-critical topics, while TOFU evaluates only one synthetic task.
Neither captures fine-grained collateral effects across a broad range of concepts.

Unlearning methods. The primary approach to mitigating harmful behaviors in models has been to
teach refusal through fine-tuning ([ILOL (11,12} [13]]). This method, while effective in many scenarios,
trains the model to avoid certain outputs but does not necessarily remove the underlying capability. In
contrast, machine unlearning aims to selectively erase knowledge from models ([3}14]). Approaches
include fine-tuning to induce forgetting [15} [16}[17,/18,/19] and mechanistic interventions that directly
ablate concepts [20, 21| 22| 23]]. Recent work by [[7] systematically compared eight unlearning
methods against eleven attack strategies, releasing 64 checkpoints that we leverage for evaluation.

Ripple effects. Editing knowledge in LLMs can produce unintended propagation, known as the ripple
effect [2]. Because knowledge is stored in interconnected representations, changing one fact (e.g.,
“Canberra is Australia’s capital”’) requires consistent updates to related facts. Failure to do so often
yields contradictions and degraded multi-hop reasoning. Similar ripple effects appear in unlearning:
removing unsafe concepts (e.g., “WMDP bio threat”) can inadvertently degrade performance on
benign, related concepts (e.g., “biology”) [1 24].

Cohen et al. [2] introduce RIPPLEEDITS, a manually constructed benchmark of factual edits designed
to test whether model editing preserves logical consistency across formally related facts (e.g., if “Jack
Depp is the son of Johnny Depp,” then “Jack Depp is the sibling of Lily-Rose Depp”). Their notion of
ripple effect is therefore tied to explicit relationships between entities, and evaluation requires manual
labeling of these relations. By contrast, our work develops a general framework that automatically
generates evaluation sets by ranking semantic neighborhoods in a large knowledge repository (by
default, Wikipedia) in order to measure ripple-effects. Rather than focusing on explicit relational
entailments, our measure of ripple effects arises naturally from semantic similarity (e.g., flu vaccines
and COVID vaccines are close in meaning even without a formal relation). Their work provides
precise, relation-grounded diagnostics for evaluating factual consistency in model editing, and we
view our work as a complementary effort that broadens this perspective to automatically measure
ripple-effects at scale across domains.

3 Ripple-Effect Evaluation: Dataset Generation

3.1 A Theoretical Framework for Evaluating the Ripple Effect

Consider two sets of model parameters given by 6 and §’. We denote by 6 the base model parameters
and ¢’ are updated model parameters, e.g., produced as the result of an unlearning or model editing
intervention. Any method that edits a model’s knowledge risks unintended consequences: altering
one piece of knowledge may influence others. We refer to this phenomenon as the ripple effect. In
this section, we take a step toward formalizing this idea by introducing three core constructs: the
knowledge-delta, the semantic-distance, and the ripple-effect function.

Underlying any work on concept erasure is two profound philosophical questions: what is a unit-of-
knowledge, and what is a concept. We purposefully and explicitly sidestep this question by allowing
this to be a malleable and domain-specific notion. For this work, a unit-of-knowledge is a fact or
set of facts, and a concept c is a set of facts defined through a binary classifier that labels a fact as
of-a-concept or not-of-a-concept. In this same step, we define an underlying-knowledge dataset as a
collection of knowledge, which represents the set of concepts one evaluates the ripple effect over.

Definition 1 (Knowledge-Delta). A knowledge-delta is a function that takes a model 6, model 0', a
concept ¢, and a measure of utility U as input and returns a scalar. It returns the difference in utility

between the model and model after model-editing when evaluated over the domain specified by the
concept. Ay (6,0")(c) :=U(f,¢) —U(#,c)

Conceptually, a knowledge-delta captures the shift in knowledge recall on a topic, and in practice,
knowledge-delta can be operationalized as the difference in recall performance between a base model
and its altered counterpart. Here, a model’s performance is evaluated according to a utility function
g: X* x X* — R. For example, g(-, -) can represent if a model answers a multiple-choice question
correctly: g(x,x’) = 1if x = x/, and 0 otherwise. This can be adjusted to capture other measures
of similarity/utility (e.g., passing unit tests for code, a “closeness” in math answers with numerical
values).



Definition 2 (Semantic-Distance). A semantic-distance d is a non-negative scalar function, which
captures conceptual proximity between two concepts. A semantic-distance does not need to be a
proper measure, and does not need to satisfy the triangle inequality or even symmetry.

In practice, semantic distance can be instantiated in many ways; for example, via embedding-space
similarity, path length in a knowledge graph, or as the rank position of responses returned by a RAG
system.

The Ripple-Effect is a function that evaluates the impact of an editing operation beyond its immediate
target; it returns a function defined over concepts X, which takes a scalar and returns a scalar.

Definition 3 (Ripple-Effect). Let 6 be a model, f a model-editing method, ¢ be a target con-
cept, K an underlying-knowledge dataset, U a utility function, and d : K x K — R>¢ a seman-
tic distance measure. The ripple-effect is a function that returns the average knowledge-delta
of concepts that are semantic distance x away from target concept ¢.  Roxuv.a (z,0,0) =

E(ernride,cy=o)Bu(6,0')(¢)) = X v exid(e,ery=a Du(0,0)(c)

It returns the average knowledge-delta across the underlying-knowledge dataset for each semantic
distance x. Thus, the ripple-effect is defined not in terms of a single topic, but as a function mapping
semantic distance to expected model change.

The exact form of a “useful” ripple-effect function is often underspecified and highly setting-
dependent. This is particularly true in the context of concept unlearning, where one aims to suppress
entire clusters of related knowledge rather than single facts. Nonetheless, certain desiderata are
broadly agreed upon: the knowledge-delta should be /arge for knowledge units close to the target, and
small for knowledge that is semantically distant. The shape of the curve between these two extremes
remains an open question.

3.2 RippleBench-Maker: A Framework for Evaluating the Ripple Effect

We introduce RippleBench-Maker, a general-purpose framework for constructing datasets that
systematically measure the ripple effect of model perturbations.

At a high level, RippleBench-Maker takes as inputs: (i) an underlying knowledge repository, (ii)
a semantic distance function, and (iii) a method for converting knowledge units into evaluation
questions. The pipeline, illustrated in Figure[I] begins from a set of unlearned targets, identifies
semantically related concepts according to the chosen distance function inside of the knowledge
repository, extracts factual statements for those concepts from the knowledge repository, and generates
multiple-choice questions. Evaluating baseline and perturbed models on these questions yields ripple-
effect curves, which characterize how editing one part of the model propagates across related
knowledge.

RippleBench Pipeline
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Figure 1: The RippleBench-Maker pipeline. Starting from an unlearned topic (e.g., Viral Evolution),
WikiRAG retrieves related topics, factual statements are extracted, and language models generate
multiple-choice questions. While we focus on WMDP-Bio in this work, the pipeline applies to any
model-editing or unlearning task.

Concretely, the pipeline proceeds as follows:



1. Topic Extraction. Questions from a source dataset (e.g., WMDP) are mapped to representa-
tive topic using a language model; for example, a question about “the mechanism of anthrax
toxin production” is mapped to Bacillus anthracis.

2. Semantic Distance Assignment and Ordering. Use a distance function to score other
concepts relative to a fixed target (e.g. embedding distance from the concept “bomb™).
Create a graph of concepts representating concepts emanating from the extracted topics to
concepts in the underlying-knowledge-dataset, ordered by semantic distance.

3. Fact and Question Generation. For each concept in the constructed graph of semantic
neighbors extract factual statements from the underlying knowledge repository, then convert
them into verifiable multiple-choice questions.

4. Model Evaluation. Evaluate baseline and perturbed models on these questions and compute
knowledge-deltas as a function of distance.

3.3 Instantiating RippleBench-Maker with Wikipedia

In this work, we instantiate RippleBench-Maker by setting the underlying knowledge repository to
the English Wikipedia and the semantic distance function to be specified by a RAG system built on
the English Wikipedia, which we describe in detail in section [3.5]

For each retrieved topic, we extract a list of factual statements from the corresponding Wikipedia
article using a language model, then use another language model to generate five multiple-choice
questions from that set of facts. This design grounds evaluation in factual content while scaling to
thousands of topics and hundreds of thousands of questions. We construct the RippleBench-Bio
dataset following this recipe. E]We do emphasize that this tool is general and the specific underlying
dataset and semantic-distance function is use-case specific, and can be anything.

3.4 WikiRAG: Retrieval-Augmented Generation on Wikipedia

For this work, to implement a semantic-distance function, we develop WikiRAG, a retrieval-augmented
generation (RAG) system built on a local copy of Wikipedia. We downloaded the full English
Wikipedia on April 10, 2025. WikiRAG builds a FAISS-based vector index over embeddings of full
Wikipedia pages, using the BAAI/bge-base (English) embedding model [25]]. The resulting system
provides a simple API for similarity search: given a query, WikiRAG retrieves the N most relevant
article titles along with associated text. It is worth noting that if N is large, the titles returned may be
unrelated to the original query.

3.5 Choice of distance function for RippleBench-Bio

For our work, we choose our semantic-distance function to be the rank returned by a RAG system
built using FAISS [26]); specifically, semantic distance d(c, ¢) is the index of ¢ for a RAG-query on
concept c. For each WMDP topic, we retrieve 1000 results, and assign the semantic-distance score
according to the rank. We note that using rank, rather than something like raw embedding distance
inherits biases from the density of available articles in different subdomains. We provide more insight
into examples of RAG distance in appendix section[A.2]

In our rank-based measure, two caveats are worth noting. First, distance is defined by rank rather
than absolute similarity, so what counts as “far” depends on domain density: in Influenza, rank 400
may still be closely related, while in a sparse area like the Hadza people of Tanzania, rank 50 may
already be drifting off-topic. Second, polysemanticity can cause unrelated senses of the same term to
be interleaved. For instance, Agent Orange is both the name of a chemical herbicide used by the US
military and is a punk rock band; as such, queries on Agent Orange surface both bioweapon-related
content and references to the rock band.

The choice of semantic-distance function ultimately is only as valuable as the sense it provides to the
practitioner about the relationship between different topics. In choosing our WikiRAG rank function,

3During preparation we encountered a small number of topics where models refused to answer (e.g., “I cannot
provide details about bioweapons™). To avoid contamination, we filtered such cases. For RippleBench-Bio
this filtering affected only two topics, but the procedure generalizes to other domains.



one may ask what the meaningfulness of specific numbers are — what is semantic-distance 7 or
semantic distance 6547

Conceptually, rather than treating semantic distance (0—1000) as a strict delineation of distinct
meanings, we offer a way to think about how topic relevance fades as distance increases. At the very
lowest distances, concepts are extremely similar to the original topic; moving outward, they gradually
shift into related, contextual, and eventually unrelated areas. As a mental model, we illustrate this
continuum with the topic Influenza B virus:

1. Core (very close, ~0-10): items nearly identical to the topic of interest, such as Influenza,
Influenza A virus, H3N2, and Pandemic HIN1/09 virus.

2. Near or dual-use (close, ~10-50): items operationally connected or of potential applied
concern, such as Avian influenza, Neuraminidase, Viral pneumonia, and Coinfection.

3. Adjacent (moderate, ~50-100): biologically related but less directly harmful, e.g., Human
metapneumovirus, Enterovirus, Paramyxoviridae, and Rhinovirus.

4. Same sub-domain (broader, ~100-250): conceptual or taxonomic neighbors in virology,
such as Virus-like particle, Defective interfering particle, Orthornavirae, and Positive-strand
RNA virus.

5. General biomedical context (distant, ~250-500): background knowledge more about
health and science than the virus itself, e.g., Immunoglobulin E, Herd immunity, DNA
sequencing, and Journal of Virology.

6. Unrelated (very distant, >500): items that are effectively independent, such as European
Sky Shield Initiative, Berkeley DB, Lists of films, and British Library cyberattack.

While rank distance need to be interpreted with care, it still yields broadly consistent semantic
neighborhoods and provides a useful basis for evaluating ripple effects.

3.6 Examples of Wikipedia Topics and Known Difficulties with Automated Dataset
Generation

We provide some examples of what the WikiRAG generation process produces, when queried with a
topic extracted from WMDP topics.

Semantic
distance Horizontal gene transfer 2001 anthrax attacks Virion host shutoff Agent Orange
1 Homologous recombination ~ Anthrax weaponization Adnaviria Agent Orange (album)
2 Genetic recombination Bruce Edwards Ivins Virus classification Citrus Red 2
3 Sequence alignment Bacillus anthracis Marine viruses Rainbow Herbicides
4 Bacterial conjugation 2003 ricin letters Smallpox virus retention de- 1975 LaGuardia Airport
bate bombing
5 Plasmid 1995 France bombings B virus Orange (word)
6 LTR retrotransposon 2000 millennium attack ~ Mumps virus Blood orange
plots
7 Metabolic network mod-  23andMe data leak Chronic bee paralysis virus Orange (colour)
elling

Table 1: Example of top Wikipedia entries for selected WMDP topics by semantic distance.

We intentionally include Agent Orange to highlight a setting where a topic has multiple meanings
which make "semantic distance" less clear, as Agent Orange is both a chemical herbicide used by
military forces, an album, and a band.

Further, we observe that, on rare occasions, topic extraction followed by retrieval-augmented gener-
ation produces surprising or counterintuitive matches. In our manual review of RippleBench-Bio,
this occurred in fewer than 1% of cases. For example, one question in the WMDP-bio dataset was
assigned the topic Aerosol science, yet the nearest retrieved entries were List of academic databases
and search engines, List of years in science, Atmospheric science, Vector database, European Sky
Shield Initiative, Document, Astroinformatics, Vaghela dynasty, HITS algorithm, and Mgller scat-
tering. While formally correct, these associations are tangential to the specialized experimental
setup described in the original question. In appendix Figure[5]we include a visualization of semantic
distance for a WMDP-topic (Anthrax).



3.7 Handling duplications

Because semantic distances are computed independently for each unlearned topic, the same eval-
uation topic can appear at different ranks across targets. For example, unlearning topic A may
retrieve { X, Y, Z}, while unlearning topic B retrieves {G, H, X }, placing X at two distinct semantic-
distances. We include this knowledge-delta for both distances, assuming the model behaves consis-
tently on the same evaluation topic regardless of context.

This averaging is a deliberate design choice: one could instead collapse duplicates to the smallest
semantic-distance or weight them by occurrence, but we prioritize simplicity and comparability across
methods. Duplication is practically significant in RippleBench, where overlapping neighborhoods are
common.

3.8 Description of RippleBench-Bio

We apply RippleBench-Maker to the WMDP-Bio dataset, which contains 1,273 unique questions
on topics related to bioweapons [1]], a common target domain for machine unlearning in safety
research. The resulting RippleBench-Bio dataset spans 547,266 unique topics and 352,961 unique
questions, distributed across semantic distances defined by WikiRAG ranks from 1 to 1000 in steps of
5. Because each unlearned target retrieves its own neighborhood, topics often appear multiple times
at different distances (e.g., "vaccines" may be retrieved in relation to both "Bird Flu" and "Peptides").
In total, the dataset contains 547,266 topic entries (~10% unique) and 2,729,960 question entries.

4 Experiments

We apply the RippleBench pipeline to construct RippleBench-WMDP-Bio described in section
[3.8] an evaluation set derived from WMDP-Bio. Our experiments measure how unlearning harmful
knowledge about biological and chemical agents impacts performance on related topics at varying
semantic distances.

4.1 Experimental Setup

Unlearning Methods and Model. We use Llama3-8b-Instruct [27], a fine-tuned version of Llama
3 optimized for helpful assistant behavior. We evaluate eight approaches: Gradient Difference
(GradDiff) [28]], Random Misdirection for Unlearning (RMU) [29], RMU with Latent Adversarial
Training (RMU+LAT) [[17], Representation Noising (RepNoise) [19]], Erasure of Language Memory
(ELM) [30], Representation Rerouting (RR) [[16]], Tamper Attack Resistance (TAR) L8]], and PullBack
& proJect (PB&J) [31]. We use publicly unlearned models, as described and shared by previous work
[32]. These methods are describe in more detail in Appendix section

Evaluation. Models are evaluated on the full RippleBench datasets. RippleBench-Bio contains
547,266 unique topics (547,266 total topic entries across all distances) and 352,961 unique questions
(2,729,960 total question entries).

4.2 Main Results: The Ripple Effect

Ripple Effects across Methods. Figure [2]compares accuracy on RippleBench-Bio across semantic
distances for the base Llama3 model and several unlearning methods. As expected, the base model
maintains consistently high accuracy across the full distance spectrum. All unlearning methods, by
contrast, show pronounced accuracy reductions at distance 1 (the directly unlearned topics), reflecting
successful suppression of targeted knowledge. The magnitude of this drop varies: methods such as
GRADDIFF and TAR reduce performance by more than 25% relative to baseline, whereas others
(e.g., RMU-LAT, RR, PBJ) show more moderate effects.

Beyond the immediate targets, accuracy generally recovers with increasing distance, though residual
degradation remains visible even past distance 50. In relative terms, methods like RMU-LAT and RR
appear to balance forgetting with less collateral impact, while approaches such as GRADDIFF and
TAR emphasize stronger forgetting at the cost of wider ripple effects.

Across all unlearning methods, the checkpoint progression plots exhibit broadly similar curve shapes.
In particular, we observe consistent drops and rises in accuracy at the same points along the semantic
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Figure 2: Ripple effects of unlearning methods on model performance across semantic distances. The
base model (black) maintains consistently high accuracy, while unlearning methods show varying
degrees of collateral degradation. ELM exhibits a smooth recovery with distance, whereas methods
like TAR and GradDiff cause steep and persistent drops across all distances. We place stars to signify
the utility of these methods on the baseline WMDP-bio dataset. To emphasize broader trends in the
ripple effect, results are smoothed using a rolling average with window size 3 across distance.

distance axis. This pattern is not unexpected: since all methods share the same underlying base model
and are evaluated on the same dataset, the fluctuations in accuracy reflect properties of the evaluation
set itself (i.e., the same distribution of questions) rather than differences introduced by the unlearning
procedure. The main distinctions between methods therefore lie not in the qualitative shape of the
curves, but in their overall level of accuracy and the extent to which unlearning shifts performance
relative to the baseline.

4.3 The Bomb-Next-Door: The gap in unlearning between WMDP and neighboring concept

We find a large discrepancy between reported unlearning on WMDP-Bio and performance on
neighboring questions in RippleBench-WMDP-Bio. While models appear to forget the exact WMDP
items (distance 0), accuracy remains much higher on distance-1 variants, revealing that unlearning is
often narrowly localized to specific examples rather than the underlying concepts.

This gap likely arises from two factors: (i) current methods suppress surface forms rather than
reshaping conceptual representations, and (ii) polysemanticity in language creates misleading neigh-
bors (e.g., “mole” means one thing in chemistry and another zoology). Together, these suggest that
WMDP metrics overstate forgetting. Future benchmarks should reduce polysemantic artifacts, while
unlearning methods should be evaluated on their ability to generalize across semantic neighborhoods.

4.4 Evaluating the Ripple Effect over Unlearning Time

In addition to comparing unlearning methods at a single checkpoint, we also study how ripple
effects evolve over the course of training. Each unlearning algorithm is checkpointed at eight stages
(ckptl—ckpt8) [7]], enabling us to track the knowledge-delta as a function of unlearning time.

Figure [3]illustrates this progression for two representative methods, RMU and ELM. Both methods
show strong suppression of accuracy at distance O (the directly unlearned topics), with effects that
persist into nearby distances. As training progresses, the size of the ripple effect changes: in RMU,
performance steadily decreases across checkpoints, while in ELM, accuracy initially drops but then
partially recovers at later checkpoints, indicating a more dynamic balance between forgetting and
retention.
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Figure 3: RippleBench-Bio utility over unlearning checkpoints for ELM and RMU unlearning
methods.

Figure [4] extends this analysis to all methods, showing accuracy trends at three representative
distances: 1, 50, and 500. Across all three settings, the curves are broadly similar—methods that
induce stronger forgetting near the target also tend to produce larger ripple effects at greater distances.
This consistency suggests that the overall trade-off between forgetting and collateral impact is largely
stable across semantic distances.

An interesting observation is GRADDIFF, which exhibits a non-monotonic trajectory: performance
declines sharply through early checkpoints but then recovers at later stages. This pattern highlights
that ripple effects can evolve dynamically over training time, even when the aggregate shapes of the
curves remain similar across distances. We plot this in greater detail in the Appendix, in Figure[9]
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Figure 4: For 3 different semantic distances, we plot the utility over unlearning checkpoints.

5 Conclusion

We introduced RippleBench-Maker, a general-purpose evaluation framework, along with
RippleBench-Biofor measuring ripple effects in machine unlearning. Our work highlights a central
challenges: defining semantic distance in a way that aligns with human goals, and provides tooling
and framing for designing methods that minimize collateral damage to related concepts. By providing
a framework, tool, and datasets, we aim to support the development of unlearning techniques that
enable precise, predictable forgetting while mitigating unintended ripple effects.
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A Supplementary Material

A.1 Existing Unlearning Techniques

The unlearning methods evaluated by Che et al. (2025) can be broadly categorized based on their
underlying mechanism. Below, we briefly summarize each technique as described in their work.

Gradient and Loss-Based Fine-Tuning These methods adapt the standard fine-tuning process by
modifying the loss function to de-emphasize or penalize unwanted knowledge.

* Gradient Difference (GradDiff): Inspired by [28]], this approach trains the model to

maximize the difference between the loss on the data to be forgotten and the loss on data to
be retained.
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* Representation Noising (RepNoise): Proposed by [[19], this method adds a noise-inducing
loss term. It encourages the model’s internal representations for harmful inputs to match a
simple Gaussian noise distribution.

* Erasure of Language Memory (ELM): Introduced by [24], ELM trains a model to mimic
the behavior of an "unknowledgeable" model on the target domain, effectively erasing the
specific concepts.

Representation and Activation Manipulation These techniques intervene more directly on the
model’s internal activations to suppress or redirect information flow related to the unwanted concepts.

* Random Misdirection for Unlearning (RMU): From (33, this technique involves perturb-
ing model activations for harmful inputs while explicitly preserving activations for benign
ones.

* RMU with Latent Adversarial Training (RMU+LAT): An extension by [17], this method
strengthens RMU by using adversarial attacks in the latent space during training on the
forget set.

* Representation Rerouting (RR): Also known as "circuit breaking" ([L6]), this technique
trains the model to map latent states associated with unwanted topics to orthogonal, unrelated
representations.

* K-FAC for Distribution Erasure (K-FADE): This approach from [34] learns a set of
projections in the activation space that maximally degrade performance on the forget set
while minimally impacting a broader retain distribution.

Meta-Learning for Robustness This category focuses on training the model to be inherently
resistant to tampering attacks.

* Tamper Attack Resistance (TAR): Proposed by [[18], TAR is a meta-learning approach that
preemptively trains a model to be robust against a fine-tuning adversary, making it harder to
undo the unlearning.

A.2 Translating RAG Scores into Semantic Distance

To operationalize semantic distance, we rely on RAG rank. In this section we aim to build some
intuition for how RAG ranks are constructed from underlying cosine similarity scores between
Wikipedia article embeddings retrieved by Wiki-RAG. Figure [3illustrates this process for the seed
topic Anthrax. High-scoring neighbors such as Anthrax weaponization or Bacilli appear at low
ranks, indicating close semantic proximity. As rank increases, retrieved topics gradually become less
relevant (e.g., Lobar pneumonia) before eventually diverging to unrelated entries (e.g., List update
problem, List of years in politics). This curve highlights the long tail of retrieval and motivates
our bucketization of distances: low ranks capture tightly connected knowledge, while higher ranks
provide semantically distant or noisy contexts.

A.3 Unlearning over time
B Progression of unlearning across checkpoints

In this appendix, we show the progression of accuracy across semantic distance for each unlearning
method applied to the WMDP-bio benchmark. Each plot compares the Llama baseline to eight
successive unlearning checkpoints (ckpt1—ckpt8).
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Figure 5: Example of RAG similarity scores for the seed topic Anthrax. Closely related neighbors
(left) receive high similarity scores, while more distant or irrelevant topics (right) appear at lower

scores and higher ranks. This mapping provides intuition for how semantic distance is defined and
bucketized in RippleBench.

Checkpoint Progression: Llama-RMU-LAT
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Figure 6: Checkpoint progression for Llama-RMU-LAT. Accuracy over semantic distance is plotted
for the baseline and 8 unlearning checkpoints.
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Checkpoint Progression: Llama-ELM
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Figure 7: Checkpoint progression for Llama-ELM. Accuracy over semantic distance is plotted for
the baseline and 8 unlearning checkpoints.

Checkpoint Progression: Llama-RMU
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Figure 8: Checkpoint progression for Llama-RMU. Accuracy over semantic distance is plotted for
the baseline and 8 unlearning checkpoints.
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Checkpoint Progression: Llama-GRADDIFF
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Figure 9: Checkpoint progression for Llama-GradDiff. Accuracy over semantic distance is plotted
for the baseline and 8 unlearning checkpoints.
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Figure 10: Checkpoint progression for Llama-RR. Accuracy over semantic distance is plotted for
the baseline and 8 unlearning checkpoints.
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Figure 11: Checkpoint progression for Llama-PBJ. Accuracy over semantic distance is plotted for

the baseline and 8 unlearning checkpoints.

Checkpoint Progression: Llama-TAR

L) vy -
704 o o hd - e -":..-":- -.-._ _‘
b hd *0ev
651
. 601
g
>
]
5 551
3 Pt o
< 44 132 i L T
et TR &5 aa i ety
*] ninnlinﬁiu;ﬁh'ﬁ*ﬂ . )
oi¥
454
Fl == Llama Baseline ckpt5
¥y —#— ckptl ckpté
[} #— ckpt2 #— ckpt7
ckpt3 —#— ckpt8
40 ck§t4 ?
0 200 400 600 800 1000
Semantic Distance
Figure 12: Checkpoint progression for Llama-TAR. Accuracy over semantic distance is plotted for

the baseline and 8 unlearning checkpoints.
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Checkpoint Progression: Llama-REPNOISE
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Figure 13: Checkpoint progression for Llama-RepNoise. Accuracy over semantic distance is plotted
for the baseline and 8 unlearning checkpoints.
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