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Abstract

We introduce memory adapters, a fine-tunable
adapter for LL.Ms that allows isolating sequence-
level gradient updates to small modular sets of
parameters. The modularity of memory adapters
enables instantaneous unlearning of any combi-
nation of documents, with empirically strong un-
learning performance on the TOFU benchmark.
Iterative unlearning is costless, and documents
can even be flexibly included or excluded for indi-
vidual queries in a batch. These unique properties
are especially valuable for domains where data-
removal requests may be unpredictable, granular,
or user- or input-dependent.

1. Introduction

The current paradigm of LLM training is not well-suited to
the realities of privacy and fair-use regulations. LLMs are
monolithic, memorize and reproduce training data (Carlini
et al., 2021; Nasr et al., 2025), and are not responsive to
individual data-deletion requests or copyright claims — rights
enshrined by various regulations worldwide (Bonta, 2022;
EU, 2016; Coble, 1998). Ideally, model architectures would
be modular, such that individual user data corresponded to
particular sub-components of a model that could be easily
removed as needed.

Modern LLM architecture research often focuses on a re-
lated problem: increasing the sparsity of models, so that
parameter count can be scaled without a significant increase
in compute. Sparsely activated mixture-of-experts (MoE)
models (Shazeer et al., 2017), for example, have famously
seen significant adoption (Jiang et al., 2024; DeepSeek-Al,
2024; Qwen Team, 2025). Shi et al. (2025) exploit the spar-
sity of MoEs for unlearning by training each expert on a
single data source, allowing sources to be unlearned simply
by removing the corresponding expert. However, this ap-
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Figure 1. Memory adapters enable instantaneous unlearning of
individual fine-tuning sequences. A frozen LLM is augmented
with a trainable memory layer, and each document is assigned a
set of memory entries which only it can update. After fine-tuning,
any document can be unlearned by blocking accesses to its entries.

proach is constrained by the scalability of MoE architectures,
which typically have tens or hundreds of experts per layer,
not enough to represent individual training documents.

To bridge this gap, we introduce memory adapters, a fine-
tuning technique which leverages memory layers to enable
document-level modularity and fast, flexible unlearning.
Memory layers (Lample et al., 2019; Berges et al., 2024),
push sparsity to the extreme, allowing MoE:s to scale to tens
of millions of experts. We augment a frozen pretrained LLM
with a memory layer and assign each individual data source
an independent set of memory entries. During training, we
mask gradient updates such that each source updates only
its assigned entries. This localizes the information learned
from a particular data source into an isolated component.
Any document can be subsequently unlearned by blocking
accesses to its associated entries.

Memory adapters have several unique advantages over tra-
ditional unlearning algorithms:

1. Unlearning is effective; we achieve state-of-the-art pri-
vacy scores on the TOFU benchmark while maintain-
ing high utility on retained data.
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2. Unlearning is costless; data sources can be unlearned
by adding their assigned memory indices to a block-list
from which memory accesses are disallowed.

3. Unlearning is flexible; individual data sources can be
included or excluded by editing the block-list, and
different block-lists can be used within a single batch.

Our results demonstrate that effective and efficient unlearn-
ing can be achieved by rethinking how we architect and train
LLMs, and motivate future work on full-stack approaches
to Al safety.

2. Related Works

Sparse LLM Architectures. LLMs often employ
sparsely activated mixture-of-expert (MoE) architectures to
increase parameter count while minimizing inference com-
pute (Jacobs et al., 1991; Jordan & Jacobs, 1994; Shazeer
et al., 2017). Domain specialization of experts is common,
whether occurring naturally (Lewis et al., 2021) or induced
intentionally (Shi et al., 2025), indicating feasibility of iso-
lating behaviors into localized components. A central chal-
lenge in increasing the sparsity of MoEs is effectively rout-
ing inputs to the needed experts (Shazeer et al., 2017; Lewis
etal., 2021; Zhou et al., 2022). Several recent approaches,
including memory layers, leverage product keys (Lample
et al., 2019), which enable O(\/ﬁ ) lookup over N experts.
These experts can be rank-1 MoE experts as in He (2024),
but in memory layers are simply vectors (Weston et al.,
2014; Lample et al., 2019; Berges et al., 2024). Sparsity is
not only helpful for inference performance; Lin et al. (2025)
show that sparsely updating memory layers can prevent
catastrophic forgetting in continual learning tasks.

Unlearning by Construction. Most unlearning algo-
rithms apply a post-hoc procedure to a pretrained language
model (Fan et al., 2026; Li et al., 2024; Dong et al., 2025;
Mekala et al., 2025; Maini et al., 2024; Zhang et al., 2024),
a model not built with subsequent unlearning in mind. Some
techniques, however, augment model architectures and train-
ing pipelines to better support unlearning, often by adopting
a ‘decentralized training, centralized execution’ framework.
Decentralized training trains independent components for
each data source, and centralized execution may involve en-
sembling over independent models (Bourtoule et al., 2021),
merging model weights (Kuo et al., 2025), or combining
experts into a MoE model (Shi et al., 2025). In these cases,
each data source is an entire task or domain; we support
much more granular modularity. When the unlearning tar-
get is known ahead of time, gradient-routing techniques
can isolate updates for those samples to a removable sub-
component of the network (Cloud et al., 2024; Shilov et al.,
2025). Our approach uses a similar gradient masking tech-
nique, but does not require pre-specified unlearning targets.

3. Memory Adapters

We consider the task of fine-tuning a pretrained LLM on
a set of documents. We expect to receive data-deletion re-
quests which may include any combination of documents.
The goal of unlearning is to satisfy these data-deletion re-
quests by removing the influence of the documents while
maintaining overall model performance.

To facilitate unlearning after finetuning, we 1) augment one
or more MLP layers in a transformer-based LLM with a
memory adapter, 2) assign each data source a set of memory
values, and 3) mask gradients during fine-tuning such that
each data source only updates its associated values. Any
data source can then be unlearned by preventing accesses to
its associated values. We describe each step in detail below.

Memory Layers. Memory layers (Lample et al., 2019)
are a trainable parametric memory that can be queried via an
attention-like mechanism. A basic memory layer contains
N entries, consisting of learnable keys K € RN*? and
values V € RV*4 and a projection operator ¢ that maps
the input z € R” to RY. Intuitively, V is a large pool
of learned vectors from which £ entries can be accessed
via their corresponding keys. The similarity between the
query ¢(z) and the keys (K¢(z)) determines which keys
are selected. We define the layer Memory(z) = y where:

I = TopKlIndices(Kg(x), k)
s = softmax (K1g(x))

# Retrieve top-k indices
# Compute scores

y = sVj # Compute weighted output
To make key retrieval more efficient, modern memory lay-
ers use product keys to accelerate the expensive TopK
step (Lample et al., 2019; Berges et al., 2024). Product
keys use two sets of keys K, Ko € RVNxd/2 gpq split
q(z) into two sub-queries ¢, (), g2(x) € R%/2. Bach set
computes top-k similarity scores s; = TopK(K;q;(x), k)
and corresponding indices I;. The overall top-k indices are
selected as TopK; oy, ;,e1,(51[i1] + s2[i2]), which index
into the full set of (v/N')? = N values with i = i;v/N +is.

Memory Adapters. Instead of assuming access to a pre-
trained model with memory layers, we add a memory layer
as an adapter to one or more MLP layers in an LLM. We
define MemAdapt(z) = MLP(z) + Memory(z) using the
memory layer defined above with product key routing. We
randomly initialize the router (query and key matrices),
but initialize all value vectors to zero. This ensures that
MemAdapt(z) = MLP(z) at the beginning of training, sim-
ilar to how LoRA adapters are initialized (Hu et al., 2022).

Memory Entry Assignment. Prior to training, we assign
n memory values to each data source. This partitions the
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values such that no two data sources share a memory value;
therefore, removing the values associated with a document
affects only that document. We construct the assignment
using the TF-IDF metric from Lin et al. (2025). Specifically,
we first pass each sequence through the memory adapter and
record the values it accesses. We then compute a TF-IDF
score for every pair of data sources and entries. Finally,
we greedily select the highest-scoring pairs until each data
source has been assigned n entries, removing each selected
entry from further consideration to enforce non-sharing.
Unassigned values are kept frozen as zero vectors.

Gradient Masked Training. When training a memory
adapter, we mask the gradient so that each data source
only updates its assigned entries. The key operation is
the embedding-bag, which fuses the embedding lookup
(V1) and weighted sum (sV}) into a single operation which
does not need to materialize the intermediate embed-
dings. As described in Lin et al. (2025), gradients can
be masked to update only a defined set of entries with the
following pseudocode, where mem is the table of memory
values of shape (memory_size, value_dim) and
trainable_mask is a mask of length memory_size:

S

# Gradient only flows through mask
mem = mem * trainable_mask +
(1 - trainable_mask) * mem.detach ()

result = embedding_bag (
indices, mem, weights=scores)

J

However, this only applies when the entire batch comes
from the same data source, which may not be feasible or
effective in many situations. To allow for sequence-level
gradient masks, we use a more complicated masking ap-
proach, which requires an additional forward pass of the
embedding-bag operation. Here, trainable_mask is of
shape (batch_size, memory_size):

e D

masked_scores = scores *
trainable_mask.gather (1, indices)
# Correct gradients but masked scores
out_grad = embedding_bag (
indices, mem, weights=masked_scores)

# Correct scores but no gradients
with no_grad() :
out_real = embedding_bag (
indices, mem, weights=scores)

# Gradient only flows through out_grad
output = out_grad +
(out_real - out_grad) .detach()

J

This allows for a more natural training setup, and the in-
crease in compute is minimal since memory layers are gen-

erally only used in a small percentage of all layers (Lample
et al., 2019; Berges et al., 2024).

Note that gradient masking does not strictly make unlearn-
ing exact. Exact unlearning requires perfect independence
between the removed data and the final model. Although we
prevent any data source from updating the memory entries
of other sources, the information learned by one source is
dependent on other sources. As a simplified example, con-
sider two documents, A and B, which both contain some
fact f. A is seen first in training, and encodes f in its en-
tries. When B is reached, it can read f from A’s entries,
and therefore doesn’t need to encode f. Thus, B’s entries
depend on whether or not A is present in the training data.
Furthermore, if A (and therefore f) is unlearned, an attacker
with knowledge of B could observe that f was not learned
and infer that the unlearned document contained f. The
TF-IDF-based assignment is designed to minimize accesses
to other documents and therefore limit shared knowledge.
We freeze the router after initialization to prevent further
information leakage to the key and query matrices, although
empirically this makes little difference.

Memory Unlearning. When a document needs to be un-
learned, we add its associated memory values to a global
block-list. During a forward pass, the similarity scores for
any entries in the block-list are set to —oo, so they are never
accessed. The parameters for those values can also be ze-
roed out for extra security in case model weights are leaked
or the model is otherwise released open-weights.

4. Experimental Results

We report results on the TOFU benchmark (Maini et al.,
2024), a popular benchmark for evaluating unlearning
knowledge from LLMs.

Setting. The TOFU training set is based on 200 synthet-
ically generated author profiles, with 20 question-answer
pairs for each profile. A model is fine-tuned on the full set of
Q/A pairs and then unlearning is tested using a forget/retain
split of 10%/90% of the profiles. We run all experiments
onLlama-3.1-1B-IT.

Training Setup. We add a single memory adapter to the
9th layer (out of 16) of the model with 10242 values and a
value dimension of 2048. This adds 2B parameters to a 1B
parameter model, but only adds 0.5% additional FLOPs for
a forward pass thanks to the highly sparse memory accesses.
We assign 256 values to each author profile. We train the
memory layer for 15 epochs with a learning rate of 1 x 102,

Metrics. We report four aggregate metrics: retain util-
ity (Util.g), which measures how well the model learned
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Table 1. Results of various unlearning algorithms on TOFU. Using
memory adapters incurs a slight loss in overall model performance
initially, but subsequent unlearning is highly effective.

Method | Utilg  Utilg

Finetuned 1.00 1.14 0.07 038 | 0.21
MemAdapt FT | 0.93 1.05 0.18 039 | 040

Mem. Priv. | Agg.

Retrained 1.00 1.11 058 1.00 | 0.87
MemAdapt 1.00 1.06 062 098 | 0.87
RMU 0.96 1.12 0.82 0.68 | 0.86

GradDiff 0.78 1.26 098 0.63 | 0.85
UNDIAL 0.95 1.16 063 065 | 0.79

SimNPO 0.78 1.11 056 0.88 | 0.78
NPO 0.73 1.16 0.66 062 | 0.75
IdkDPO 0.74 0.98 062 0.69 | 0.74
AltPO 0.55 0.96 052 0.61 | 0.62
IdkNLL 0.60 0.92 051 056 | 0.62

the retain-set data; general utility (Util.g), to test for per-
formance degradation on questions about real authors and
world facts; memorization score (Mem.), which evaluates
memorization of the forget-set data; and privacy score
(Priv.), a set of membership inference attacks. We also
report the harmonic mean of all four metrics (Agg.). All
scores are reported such that higher is better. See Dorna et al.
(2026) for details on the sub-components of each metric.
We differ slightly by breaking utility into retain and general
to better distinguish between knowledge acquisition versus
loss of existing capabilities. We normalize the former by the
finetuned model’s score and the latter by the base model.

Baselines. We generate baseline results for a variety of
unlearning algorithms following the protocol from Dorna
et al. (2026). In particular, we train the full finetuned model,
train the models retrained on the retain sets, and run a hyper-
parameter sweep for SimNPO (Fan et al., 2026), RMU (Li
et al., 2024), UNDIAL (Dong et al., 2025), AltPO (Mekala
etal.,2025), IdKNLL (Maini et al., 2024), NPO (Zhang et al.,
2024), IdkDPO (Maini et al., 2024), and GradDiff (Maini
et al., 2024). The best hyperparameters were chosen based
on the harmonic mean of model utility and memorization
score. See Dorna et al. (2026) for more details.

Results. We present the results on TOFU in Table 1. The
initial memory adapter model performs slightly worse on the
utility metrics compared to the standard fine-tuned model,
likely due to training only a single adapter versus the entire
model. Once unlearned, the memory adapter increases in
utility as the removal of memory entries leads to fewer col-
lisions. The memorization score of the unlearned memory
adapter exceeds that of the retrained model, and the privacy
score outperforms all of the post-hoc unlearning methods.

Computational Cost. Memory adapters trade off training
and inference cost for unlearning cost. In Table 2 we com-

Table 2. Runtime for initial fine-tuning and subsequent unlearning.
Each iteration of memory adapter training is faster than full fine-
tuning, but we train for more steps, so is slower overall. Unlearning
using memory adapters is free. We report the maximum, median,
and minimum runtimes for baseline unlearning algorithms.

Training Time (s) ‘ Unlearning Time (s)

Method Runtime | Method Runtime
Finetuned 859.3 MemAdapt Free!
MemAdapt FT  1106.9 AltPO (max) 973.1
Retrained 790.1 UNDIAL (med) 373.1
RMU (min) 261.0

pare the runtime of traditional fine-tuning versus memory
adapter training. Memory adapter training is slower than
full fine-tuning because we train for three times as many
epochs, though the per-step time is actually faster because
almost all layers are frozen. We also list the runtimes of se-
lected baseline unlearning algorithms. All baselines take at
least a third as long as retraining the entire model, and some
take even longer than the initial fine-tuning. Unlearning
with memory adapters only requires updating the block-list,
which requires no training.

Ablations. The unlearning performance of memory
adapters is quite robust to variations in implementation;
the main challenge is maintaining model utility while aim-
ing to minimize added compute costs or scaling to larger
training sets. In Appendix A we present additional results
as we vary key hyperparameters of the memory adapter. We
show how model utility degrades as we decrease the number
of entries given to each data source and when the total size
of the memory layer decreases.

5. Conclusion

Memory adapters are a new approach to fine-tuning which
supports rapid, granular unlearning by design. By lever-
aging the sparsity and modularity of memory layers, we
enable unlearning to be costless, flexible, and effective, with
minimal losses in overall model performance and efficiency.

Future work should validate memory adapters on larger and
more realistic datasets to assess how well they will scale
to real-world scenarios. Developing new techniques for
increasing their scalability, quantifying information leakage
across data sources, and exploring models with pre-trained
memory layers are all interesting areas for additional study.

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Unlearning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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A. Memory Adapter Ablations

We find that the unlearning performance of memory adapters is quite robust to variations in implementation, including the
number of memory layers, whether the router is trainable or frozen, and the addition of gating or projection steps (as in
Berges et al. (2024)). The main challenge is maintaining model utility while limiting the number of parameters needed for
each data source, which is important for both minimizing compute costs and scaling to larger training sets. In the left column
of Figure 2, we plot retain and general utility as a function of the number of memory entries assigned to each document (out
of 10242 total values). We see that retain-set utility degrades rapidly with fewer than 128 values per document due to the
smaller number of updatable parameters and fewer accesses to non-zero entries.
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Figure 2. (Left column) Reducing the number of entries per data source increases the maximum allowable training set size, but reduces
the model’s ability to learn each document. (Right column) Reducing the total number of values reduces parameter count, but degrades
general model performance due to task-specific entries being accessed more frequently in other contexts.

In the right column of Figure 2, we vary the total number of values from 2562 to 10242, fixing 256 values per document.
Here, general utility degrades as the total number of values is reduced and approaches the number of assigned entries.
The total size of the memory layer has an important relationship with routing behavior and entry assignment. As the
size increases, TF-IDF scores tend to increase, but for a particular document the accesses will be spread across a larger
number of entries, reducing the number of accesses to assigned entries. Scaling memory size can therefore improve the
specificity of router decisions, but documents may need more entries to be properly learnt. Future work should explore these
tradeoffs further. Also note that larger layers have a large fraction of values frozen to zero; these do not actually need to be
materialized, and could be removed and replaced with a step that reindexes accesses for the compressed form.



