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Abstract

Modern language models are trained on vast corpora that inevitably contain harmful
or dual-use content, and a capability that helps a legitimate user can just as easily
assist a malicious one. A safe deployment therefore benefits from the ability to strip
a specific capability from a trained model on demand, without paying to retrain
and without degrading everything else the model does. We propose DEX (Data-
Emergent Experts), a dense model inspired by the Mixture-of-Experts architecture
but with an embedding-based router instead of a learned one. We first cluster the
training corpus by each document’s meaning using a pretrained embedding model,
letting the data’s own structure decide both the categories and which documents
belong to each, rather than relying on a predetermined set of topics and fixed
assignments. Each cluster is assigned its own expert, and unlike standard sparse
routing, all experts stay enabled: every non-ablated expert contributes to each
input, weighted by a softmax over the similarity between the input embedding
and the cluster centroids. Removing a capability is then as simple as zeroing
the corresponding experts. We study how to balance capability removal against
the retention of knowledge we want to keep, and we find each cluster captures a
specific interpretable specialization. DEX forgets far more of the target capability
while marginally affecting the rest. Additionally, since knowledge is split into finer
clusters, DEX can remove narrower subspaces where prior methods can only drop
whole domains.

1 Introduction

A model trained on a broad slice of the web learns the patterns embedded in the data, indiscriminately,
and web-scale corpora are known to carry harmful and dual-use material [Luccioni and Viviano, 2021}
Dodge et al.l 2021]]. A single model can therefore absorb ambivalent knowledge. The chemistry that
designs a therapeutic can be redirected toward a chemical warfare agent [[Urbina et al.| 2022]. The
biology that accelerates vaccine platforms shares ground with pathogen engineering [[Sandbrink and
Koblentz, [2022] Drew and Mueller-Doblies} 2017]]. Today’s language models are capable enough to
guide a non-expert through parts of that work [Sandbrinkl 2023| |Gopal et al., 2023 |L1 et al., [2024]].
Furthermore, the expertise that defends a network can equally breach one, increasingly with little
human involvement [[Truong et al., 2020, |Fang et al.,[2024]]. This represents the dual-use problem
[Brundage et al., 2018} |Roland et al.,|[2026]. A provider would ideally remove the unwanted capability
while keeping the rest of the model intact, and without retraining from scratch [Roland et al., 2026].
Doing so is hard: a capability is not kept in one place but diffused across the weights, entangled with
the abilities one means to keep [Elhage et al.| 2022].

Several families of methods target this goal. Machine unlearning edits or fine-tunes a trained model
to suppress a target behavior [Geng et al.| [2025], for example by controlling internal representations
[Li et al., |2024], by optimizing a negative preference objective [Zhang et al.,|2024], or, in Mixture-
of-Experts (MoE) models, by targeting the single expert most responsible for the behavior [Zhuang
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Figure 1: The DEX capability-ablation mechanism. The same prompt is run through the model
three times, changing only which experts are enabled. Each expert’s weight is a softmax over the
similarity between the prompt embedding and the cluster centroids associated with each expert. In
the first pass no experts are removed and the model answers as usual. Zeroing the experts that carry
the target capability shifts the answer rather than breaking it: with the removed experts contributing
nothing, the response is recomputed from the remaining ones and speaks from the remaining expert’s
perspective. In the second pass two experts are ablated and in the third, four, moving the answer
further from the removed capabilities.

et al.,2025]]. Preference-based alignment instead teaches the model to refuse harmful requests [Bai
et al.| 2022]]. Data filtering removes the unwanted content before training, so the capability is never
learned in the first place [O’Brien et al., 2026]]. Each has drawbacks. Unlearning and refusal often
suppress a behavior rather than erase the underlying knowledge, so it can resurface under adversarial
fine-tuning [Lucki et al 2024, while data filtering commits to the choice at pretraining time and
needs a fresh, expensive run for every different capability profile.

Closest to our goal, a line of work localizes a capability into a known part of the network during
training so it can later be removed by ablation, either by masking gradients to steer data toward chosen
parameters [[Cloud et al.l 2024] or by routing predefined domains to dedicated modules [Roland et al.}
2026]. Our method shares this localize-then-ablate strategy but differs in how the specialization is
decided: instead of fixing the domains and their routing by hand, we let a statistical clustering of the
corpus define both.



We propose DEX (Data-Emergent Experts), a dense model inspired by the MoE architecture [Jacobs
et al.l 1991} Shazeer et al., [2017, |Dai et al., [2024] but with an embedding-based router instead
of a learned one. Building on prior methods that specialize experts to slices of the training data
[Gururangan et al.| 2022} [Li et al., [2022, \Gururangan et al., 2023|], we first cluster the pretraining
corpus by each document’s meaning using a pretrained sentence embedding model [Reimers and
Gurevychl |2019] and assign one expert to each cluster, so the data’s own structure decides both
the categories and which documents belong to each, rather than a predetermined set of topics with
fixed assignments. Unlike standard sparse routing, all experts stay enabled: every non-ablated expert
contributes to each input, weighted by a softmax over the similarity between the input embedding and
the cluster centroids. To remove a capability, we zero one or more experts, which takes that capability
out of the model entirely.

Our contributions are as follows:

* We show that a predetermined, hand-defined partition of the data does not match its natural
structure. When we embed a domain-labeled corpus, we find that the fixed domains overlap
the statistically discovered clusters unevenly, some spanning many clusters and others
sharing a single one, so each hand-defined module covers an uneven and uncontrolled slice
of the capability space. We argue that the granularity should be determined by a statistical
model over the data, not hardcoded.

* We introduce DEX and its capability ablation mechanism, which lets us remove capabilities
after training by zeroing the responsible experts while leaving the rest of the model intact.

* We study two rules for selecting which experts to remove, one based on nearest-centroid
votes and one based on softmax gate mass, and we analyze how forgetting and retention
trade off as the number of removed experts grows.

* We analyze what each cluster represents by inspecting the documents closest to its centroid,
showing that each expert captures an interpretable, coherent specialization.

2 Related Work

Machine unlearning. Machine unlearning removes the influence of unwanted data or behavior
from an already-trained model, typically by further editing or fine-tuning its weights [Geng et al.|
2025|. Approaches include perturbing the model’s internal representations on the target domain
[Li et al.l [2024], optimizing a negative preference objective that pushes the model away from the
forget set [Zhang et al.| 2024], and, for MoE models, concentrating the update on the single expert
most responsible for the target knowledge so utility elsewhere is preserved [Zhuang et al., [2025]].
These methods share a common weakness: they tend to suppress a capability rather than erase the
knowledge behind it, and the capability can be revived by light adversarial fine-tuning, often on data
unrelated to the forget set [Lucki et al., [2024].

Refusal training and data filtering. Preference-based alignment teaches a model to refuse harmful
requests [Bai et al., 2022], but this only gates access to knowledge the weights still contain, and the
gate can be bypassed with jailbreaks [Wei et al., |2023| |Zou et al.,[2023]]. Data filtering goes further
upstream, stripping the unwanted content from the corpus so the capability is never learned, which
yields strong tamper resistance [[O’Brien et al.,[2026]. The cost is flexibility: the decision is fixed at
pretraining time, and serving a different capability profile requires curating the data and training a
fresh model from scratch.

Modular pretraining for capability removal. Closest to our goal is work that localizes a capability
into a known part of the network during training, so that ablating that part at inference removes
the capability while leaving the rest intact. Gradient routing masks gradients to steer specified
data toward chosen parameters, which can then be ablated for removal [[Cloud et al., 2024], and
GRAM routes predefined dual-use domains to dedicated auxiliary modules that are switched off at
deployment [Roland et al.,|2026]]. DEX adopts this localize-then-ablate strategy but differs in how the
specialization is decided: rather than fixing the domains and their routing by hand, we let a statistical
clustering of the corpus determine both the number of experts and what each one covers.



3 Method

DEX is built in three stages. We first embed the pretraining corpus and cluster it to discover a set of
domains and their centroids (§3.1). We then attach one expert to each cluster inside a single dense
model, trained jointly from scratch. Each expert’s contribution is weighted by the similarity between
the input’s embedding and the centroids (§3.2). Finally, to remove a capability, we identify the experts
that carry it and zero them (§3.3).

3.1 Embedding and Clustering the Corpus

While earlier modular methods split the corpus by document metadata [Gururangan et al., 2022}
Li et al., [2022]], we group documents by their meaning. Given a corpus D = {dy,...,dy}, each
document d; is encoded with a frozen pretrained sentence embedding model [Reimers and Gurevych|
2019]]. We then cluster the embeddings to discover domains, following the idea of defining experts
by clustering the corpus rather than by fixed metadata [[Gururangan et all 2022, |L1 et al.| 2022}
Gururangan et al.,[2023]]. Each resulting cluster is associated with one expert, and its centroid cy, is
the Lo-normalized mean of the embeddings assigned to it.

Setting the number of clusters with a distance threshold. Rather than fixing the expert count K
ahead of time, we let it emerge from the data through a distance threshold. We use a leader (threshold)
clustering pass: we scan the embeddings once, and each embedding joins the nearest existing centroid
if its cosine distance to that centroid is below a threshold 7, and otherwise seeds a new cluster. The
threshold 7 is the only knob: a smaller 7 yields more, finer clusters, and a larger 7 yields fewer,
coarser ones, so the granularity is chosen by a single interpretable distance metric.

3.2 The DEX Architecture

DEX is a decoder-only transformer in which the feed-forward block of every layer is replaced by a
set of K experts, one per cluster, all of equal size. It is inspired by the Mixture-of-Experts (MoE)
architecture [Jacobs et al.l [1991} |Shazeer et al., 2017} |Dai et al.| 2024], but departs from it in two
ways: the router is not learned, and the model is dense.

Embedding-based routing. For an input sequence with document embedding e (obtained using
the same frozen encoder as §3.1)), we compute a gate over the K experts as a temperatured softmax
of the cosine similarity between e and each centroid cy,

exp(e’ci/T)
gk = K T )
21 exp(ee;/T)

where 7' is a temperature that controls how sharply the gate concentrates on the nearest centroids.
The router therefore has no trainable parameters: it is the embedding model plus the frozen centroids,
in the spirit of the centroid-distance routing used by |Gururangan et al.|[2023]. The gate g € AKX~ 1 is
computed once per sequence and shared across all layers and token positions.

ey

Dense expert combination. Let FFNy denote the k-th expert in a given block, a standard two-layer
feed-forward network. The block output combines all experts, weighted by the gate,

K
MoE(h) = > gx FFNk(h),  FFNg(h) = (o(hWF + bF))WF + b5, 2)
k=1

where h is the block’s post-attention hidden state, and ¢ is a GELU nonlinearity. Unlike the top-k
routing of sparse MoE models, no expert is dropped: every expert contributes to every input. We keep
all experts active because a single prompt typically draws on more than one domain, so the model
should blend the relevant experts rather than commit to a few; this dense combination is also what
makes removal clean, since each expert contributes to Eq. (2)) as its own additive, gated term. The
whole model, experts included, is trained jointly from scratch, so the experts co-adapt within one
network rather than being trained separately and combined after the fact.



3.3 Capability Ablation

Because each expert contributes to the block output as a separate additive term (Eq. (2))), removing a
capability is as simple as zeroing the experts that carry it. Given a set R C {1, ..., K} of experts to
remove, we set their gate entries to zero,

[0 keR
= \gn k¢R,

and use g in place of g in every block. This removes the targeted experts’ contribution from the
model entirely, in the same localize-then-ablate spirit as modular pretraining methods that disables a
dedicated part of the network at inference [Cloud et al., 2024, Roland et al., [2026]. Optionally, the
contributions of the non-ablated experts can be renormalized. We conduct experiments under both
configurations, with and without renormalization.

(€)

The remaining question is which experts to place in R for a target capability. We assume a small set
of probe prompts P representative of the capability, and study two rules for scoring experts against it.

Nearest-centroid votes (coverage). We route each probe to its single closest centroid and count
how often each expert wins,

vk:’{pepzargmaxe;cj:k}’. 4)
J

Experts are ranked by their vote count vy. Intuitively, this ranks highest the experts that the capability’s
prompts most often land on.

Gate mass (cumulative). Instead of hard nearest-centroid assignments, we average the soft gate
(Eq. (1)) that each expert receives across the probe set,

1
9k > k(D) (5)

|/P‘ pEP

Experts are ranked by gi. This accounts for the full weighting the model places on each expert, not
only which centroid is nearest.

Both rules yield an ordered list of experts, so we can also sweep the number removed, | R, to trace
how forgetting the target capability trades off against retaining everything else.

4 Experimental Setup

4.1 Training

We train DEX from scratch on The Pile [Gao et al.,|2020], in its deduplicated form, a diverse mix of
web text, code, and scientific writing. We use no domain labels: the experts are defined purely by
clustering the corpus embeddings (§3.1)), so the model never sees which documents belong to which
category. We report results at SOM parameters, and size the training set to be Chinchilla-optimal
[Hoffmann et al.,[2022]. All models use a context length of 1024 tokens.

Document embeddings, used both to form the clusters and to compute the routing gate, come from a
frozen al1-MiniLM-L6-v2 sentence encoder [Reimers and Gurevychl 2019| [Wang et al.,2020]]. We
optimize with a Muon and AdamW pairing: Muon updates the two-dimensional weight matrices,
while AdamW handles the remaining parameters (embeddings, normalization, and biases). The two
main DEX-specific hyperparameters are the gate temperature, which we set to 7' = 0.1, and the
cosine-distance threshold 7 used for clustering, which we set to 0.95. On The Pile this threshold
yields K = 46 experts.

4.2 Baselines

We compare against GRAM [Roland et al., 2026], the closest prior method for capability removal.
GRAM is a transformer in which each layer keeps one always-active core feed-forward network
alongside one small auxiliary module per domain; during training, gradient routing sends each do-
main’s data to its own module, and at inference a capability is removed by ablating the corresponding



module. Unlike DEX, GRAM needs the data to be labeled by domain, since the routing that induces
specialization is driven by those labels rather than by clustering.

We reproduce GRAM faithfully and train it using the original data recipe: a core mixture of FineWeb-
Edu [Penedo et al., 2024]] and four labeled auxiliary domains, biology, cybersecurity, nuclear physics
and code (extracted from The Stack [Kocetkov et al.,|2022]), with one auxiliary module per domain.
We give GRAM the same 50M parameter size and the same Chinchilla-optimal token budget as DEX,
so both models see an equal number of tokens and the comparison is compute-matched.

4.3 Evaluation

For biology, cybersecurity, and nuclear physics we use GRAM’s curated domain probe sets, and for
code we sample Python snippets from The Stack [Kocetkov et al., [2022]].

Following the original GRAM paper [Roland et al., 2026], we report the mean per-token log-
probability the model assigns to the gold (next) token, measured in nats. Higher is better, and it is
monotonically related to perplexity, so a lower loss is a higher log-probability is a lower perplexity.
For a given removal we report the following:

* Arorger: the target domain’s own probes. A large positive value means the capability was
thoroughly removed.

* ARetin: every other domain’s probes. A value near zero means unrelated capabilities were
preserved.

* Acore: a general held-out slice drawn from the training distribution but disjoint from the
training documents. A value near zero means general ability was preserved.

A clean removal is therefore a large Aporger With Aregain and Acore near zero. For DEX we ablate
experts using both selection rules, the nearest-centroid (coverage) rule and the gate-mass (cumulative)
rule, and we additionally sweep the number of experts removed to trace how Aggge; grows against
ARetain and ACure-

5 Results

5.1 Clustering

The larger dots in Figure 2] are the probes used for evaluation, one group per tested capability. These
probes are drawn from the same domain data that GRAM trains its auxiliary modules on [Roland
et al 2026], so each group corresponds one-to-one with a GRAM capability: biology, nuclear,
cybersecurity, and code. Overlaying them on our clusters allows us analyze, for each of GRAM’s
hand-defined domains, where that domain actually lands in the corpus once the data is grouped by
meaning rather than by a hardcoded topic.

The picture shows a clear mismatch between the two ways of carving up the data. A domain that
GRAM treats as a single indivisible unit spreads across many of our clusters, and crucially the number
it spreads over is uneven from one domain to the next: the biology probes fall across roughly 5 of our
centroids, cybersecurity across about 5, code across about 7, while nuclear collapses onto only about
2. A fixed, per-domain module therefore commits to a granularity that does not match the data. Some
domains are far broader than one module can cleanly hold, so a single module ends up absorbing
what is really several distinct sub-topics, while others are narrow enough that a full module is more
than they need. Letting the granularity fall out of a distance threshold instead gives each region of the
corpus the number of experts its spread warrants, which is what lets us remove a capability at the
resolution the data actually has.

While a human-determined spread is suitable when it comes to evaluating the performance of a
capability ablation algorithm, we argue that it is not appropriate in the training regime.

5.2 Baseline Comparison

Figure[3]compares the two methods when each removes a single unit: for DEX, the one expert ranked
highest for the capability, which is the same expert under both the coverage and cumulative rules, so
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Figure 2: Clustering of the pretraining corpus. We embed a sample of 40,000 documents from the
pretraining data and project them to two dimensions with UMAP (small dots). Clustering with a
cosine-distance threshold of 7 = 0.95 yields 46 clusters, each shown in a distinct color and each
becoming one expert; the number at each cluster marks its centroid, indexed 0 to 45. The large dots
are documents from the evaluation domains, embedded and projected the same way, showing where
each target capability falls among the discovered clusters.

the two coincide at this point; for GRAM, that domain’s dedicated module. On three of the four target
capabilities DEX removes far more. Notably, on the nuclear split, non-renormalized DEX lowers the
forget-set log-probability by 0.611 nats against GRAM’s 0.091, roughly a sevenfold larger effect,
and on biology by 0.416 against 0.079, close to fivefold. Cybersecurity is comparable, 0.099 for
DEX and 0.071 for GRAM. Code is the only capability where GRAM removes more, 0.204 against
DEX’s 0.064.

That single exception follows directly from the clustering in Section[5.1} How much one expert can
remove depends on how concentrated a capability is across the corpus: the fewer clusters it occupies,
the more of it a single expert carries. Nuclear, which collapses onto about 2 clusters, is almost entirely
held by one expert, so removing it erases most of the capability. Code sits at the other extreme, spread
over roughly 7 clusters, so any one expert holds only a fraction of it and a single removal leaves
most of the capability in place. The sweep in Section[5.3|confirms this: as more of code’s experts are
removed, its forget gap climbs to match and then exceed the other domains.

The additional forgetting costs almost nothing elsewhere. Across all four capabilities DEX leaves
the retained domains and the core untouched, with changes no larger than 0.011 nats on retain
(cybersecurity) and 0.016 on core (biology). GRAM’s per-domain modules give it essentially zero
collateral by construction, since a dedicated module contributes little outside its own domain, but that
same design is what caps how much a single module can remove. DEX instead accepts a negligible
amount of collateral from its shared, dense computation in exchange for substantially stronger
removal. Renormalizing the surviving gate weights tightens the collateral further, holding retain and
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Figure 3: Single-unit capability removal, DEX versus GRAM. Three panels report Agoreet, ARetains
and Acore (mean per-token gold log-probability change, in nats), with grouped bars over the four
capabilities. Each capability has three bars: DEX non-renormalized, DEX renormalized, and GRAM,
all at a matched budget of one removed unit, the single top-ranked expert for DEX and the domain’s
auxiliary module for GRAM. At single-expert removal the coverage and cumulative rules pick the
same expert, so DEX is one bar per variant. A larger Apyge is better, while Agein and Acere near
zero indicate the rest of the model is left intact.

core within 0.003 nats of zero, at the cost of a smaller but still sizable forget effect (for instance 0.380
on nuclear and 0.254 on biology). Either way, the trade is favorable: a tiny, controllable amount of
collateral buys multiples more forgetting on the capabilities that matter.

5.3 Scaling the Number of Removed Experts

Figure [d] sweeps the number of removed experts from 1 to 23. Two trends hold across all four
capabilities. Forgetting increases monotonically with &, and it does so far beyond anything a single
GRAM module reaches: DEX lifts Aporee to between 1.1 and 2.3 nats at the top of the sweep, against
GRAM’s ceiling of at most 0.204. At the same time, the retain and core changes climb with & as
well, so removing more experts buys more forgetting at a rising cost to the rest of the model. The
sweep therefore does not have a single right answer; it exposes an operating curve from which one
picks the smallest & that achieves the needed removal.

The forget-to-collateral ratio is most favorable early and degrades as k grows. For biology under
coverage, removing 6 experts raises Aporer from 0.416 to 1.511 while retain stays at 0.012 and core
at 0.176; pushing to 23 experts reaches 2.327 but drives retain to 0.936 and core to 0.511, so the
last removals add far more collateral per unit of forgetting than the first. This is also where the code
result from Sectionresolves: code loses to GRAM at k = 1 (0.064 versus 0.204), but by k = 6 it
reaches 0.666, more than triple GRAM, confirming that its capability is simply spread over more
experts and returns once enough of them are removed.

The two rules track each other closely on forgetting and differ only modestly on collateral, with no
uniform winner. Coverage tends to incur less retain damage at small removal budgets, for instance
biology and nuclear at £ = 6 (0.012 versus 0.074 and 0.036 versus 0.095), but the ordering is
domain-dependent and can reverse as more experts are removed: on cyber and code at larger k,
cumulative is the cleaner of the two.

By far the largest lever, though, is the renormalization choice. Non-renormalization is the aggressive
setting: it forgets substantially more but lets collateral grow, whereas renormalization holds the
block’s output magnitude fixed and stays much closer to the original model. The gap is wide and
consistent across the sweep. At k& = 23 on biology, the non-renormalized model reaches a forget
of 2.327 but with retain 0.936 and core 0.511, while the renormalized model forgets 1.320 with
retain only 0.326 and core only 0.182, roughly half the forgetting for roughly a third of the collateral.
The same pattern holds elsewhere, for example nuclear at £ = 23 (1.759 forget at retain 0.771
non-renormalized, against 1.025 at retain 0.319 renormalized). Non-renormalization is therefore the
choice when the priority is to erase as much of a capability as possible, and renormalization when
preserving the rest of the model matters more; even the gentler variant still forgets far more than
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Figure 4: Effect of removal strength. For every plot we remove k € {1,6,12, 18,23} experts and
overlay both variants (non-renormalized in blue, renormalized in orange) and both selection rules
(coverage solid, cumulative dashed). GRAM’s single-module removal is a purple dotted reference.
Forgetting rises steadily with k and quickly passes GRAM for every capability, while retain and core
collateral grow more slowly, resulting in a tunable trade-off between how much is removed and how
much is preserved.

any GRAM removal. Together, the number of experts, the selection rule, and the renormalization
choice give three knobs for placing DEX anywhere along the forget-versus-preserve trade, a flexibility
GRAM’s fixed one-module-per-domain design does not offer.

6 Conclusion

We presented DEX, a dense model whose experts emerge from the pretraining corpus and can be
ablated. Rather than hardcoding a handful of dual-use domains, we cluster documents by meaning,
associate each cluster with an expert, and weight every expert by the similarity between an input’s
embedding and the cluster centroids. Because every expert enters the block output as its own additive,
gated term, taking a capability out of the model reduces to zeroing the experts that carry it, with no
additional retraining and no fine-tuning.

Two findings stand out. First, hand-defined domains do not match the structure the data actually
has: a single labeled domain scatters across a variable number of discovered clusters, so a fixed



one-module-per-domain design commits to a granularity that is too coarse for broad domains and
needlessly wide for narrow ones. Letting a distance threshold set the number of experts gives each
region of the corpus the resolution its spread warrants. Second, this finer resolution translates into
stronger and more controllable removal. On three of four capabilities DEX removes far more than
the GRAM baseline at a matched single-unit budget, while leaving retained and core performance
almost untouched. The number of experts removed, the selection rule, and the renormalization choice
together allow the model to be placed anywhere along the forget-versus-preserve trade. The one
domain where a single expert underperforms, code, is exactly the one the clustering shows to be
most spread out, and its removal recovers as soon as more of its experts are dropped. Inspecting the
pretraining corpus documents that are nearest to each centroid confirms that the experts settle into
coherent, interpretable specializations rather than arbitrary partitions.

These results suggest that the unit of capability removal is better discovered from data than hardcoded
in advance. By making each expert both data-emergent and independently removable, DEX offers
a practical route to serving one trained model at many capability profiles, removing what a given
deployment should not expose while preserving the other knowledge that the model possesses.

Limitations

Our study establishes DEX at a single, small scale. All results come from one 50M-parameter
model of a single architecture family, so whether the same removal behavior holds for larger models,
which may distribute capabilities differently, or for other backbones, remains open. We encourage
future work to reproduce these experiments across model sizes and families, and to test whether the
forget-versus-preserve trade improves, degrades, or shifts with scale.

Beyond scale, several design choices remain unexplored. Our clustering relies on a frozen sentence
embedding model, and a stronger encoder could yield cleaner, better-separated experts. Also, the
gate is computed once per sequence, so removal acts at the prompt level. Extending it to token-level
weighting is a natural next step. Lastly, we evaluate removal only on the four dual-use domains that
GRAM defines [Roland et al.l 2026]], leaving broader capabilities for future work.
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Figure 5: Top-10 experts selected for removal by each rule, per capability. Each figure is the same
UMAP projection of the pretraining corpus with the 46 cluster centroids marked by numbered crosses,
overlaid with the category’s evaluation prompts (red). Circles mark the ten experts each rule ranks
highest: coverage in red and cumulative in blue. The two rules agree on the dominant clusters
and differ only at the margins, where coverage reaches isolated outlying prompts while cumulative
reaches centroids bordering the dense cloud.

A Ablation Methods Visualization

Figure 5] shows, for each capability, the ten experts that each selection rule of §3.3|ranks highest, laid
over where that capability’s prompts fall. For the most part the two rules pick the same experts: in
every case both circle the dense centroids at the heart of the prompt cloud, and for code, which is
tightly concentrated in one corner, their top-10 sets are almost identical. The rankings agree here
because both rules capture the same thing, how much a capability depends on each expert, so its most
relevant experts come out on top either way.

The disagreements between the two methods are confined to the edges of the prompt cloud, and
follow a consistent pattern. Coverage counts hard nearest-centroid assignments, so it rewards any
expert that is the closest centroid to a group of prompts, even a small one far from the main mass; its
extra picks are therefore isolated, outlying centroids, such as 16, 25, and 27 for biology and 33 for
nuclear, each sitting alone in a sparse region under a few stray prompts. Cumulative instead sums the
soft gate mass an expert receives, which rewards proximity to many prompts rather than being the top
choice for any, so its extra picks are centroids next to the dense clusters that collect gate weight from
surrounding prompts even though those prompts are nearest to other centroids, such as 4, 13, and 30
around biology’s smaller group and 39 and 32 along the edge of nuclear’s band.
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This margin-level difference is exactly what the aggregate results reflect. Because the two rules share
the experts that carry most of a capability, they track each other closely on forgetting throughout the
sweep of Section[5.3] Since they diverge only on a few peripheral experts, their collateral also stays
close throughout, differing slightly and without a consistent winner as more experts are removed.

B Interpreting the Training Corpus Clusters

Table 1: Cluster taxonomy for the 46 learned experts, grouped into a three-level hierarchy of domain,
subdomain, and cluster. For each cluster, average distance and average confidence are computed over
the 10 training prompts closest to its centroid: Avg. Dist. is the mean cosine distance of those prompts
to the centroid, and Avg. Conf. is the mean gate probability assigned to the corresponding expert over
the same 10 prompts. The gate uses temperature 0.1. Lower distance and higher confidence indicate
a more coherent, well-separated cluster.

Cluster Avg. Dist.  Avg. Conf.

Software and Programming
Systems and Low-Level Programming

C Libraries 0.1979 0.9442

C/C++ Headers 0.2664 0.8267

Scripting and Build Tooling 0.3497 0.7658
Web Programming

PHP 0.3287 0.8472

C# and Java 0.3120 0.8539

JavaScript 0.3168 0.8714

HTML 0.3057 0.9177
Programming Languages and Algorithms

Typed-Language Programming 0.3782 0.7309

Algorithms and Code Golf 0.3844 0.6999

Date/Time Programming 0.3661 0.8496
Distributed Systems

Network Programming and Distributed Systems 0.3790 0.7947

Life Sciences and Medicine

Clinical

Clinical and Surgical Research 0.3895 0.7897

Infectious Disease and Epidemiology 0.3351 0.8594
Mental Health

Psychiatry and Cognitive Neuroscience 0.3565 0.8555
Research Biology

Cancer and Cell Biology 0.3628 0.7971

Molecular Biology and Drug Discovery 0.4087 0.7505

Taxonomy and Phylogenetics 0.3060 0.8841
Health Systems

Community Health and Public Services 0.3528 0.6990

Physical Sciences and Engineering

Physics

Astrophysics and Particle Physics 0.3347 0.8496
Chemistry and Materials

Natural Products and Analytical Chemistry 0.3866 0.7917

Batteries and Energy Storage 0.3403 0.8655
Devices

Mechanical Apparatus 0.3222 0.8433

Optical and Display Devices 0.3024 0.8179
Mathematics

Algebra 0.2143 0.9531
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Cluster Avg. Dist.  Avg. Conf.
Politics, Law, and Current Affairs
Governance
US Electoral Politics 0.2649 0.8316
European Politics 0.3161 0.8529
Law
US Federal Court 0.2005 0.9305
Conflict
Terrorism and Militant Attacks 0.3058 0.8603
Public Opinion
Political and Social Commentary Blogs 0.3131 0.7068
Technology
Industry
Fintech and Tech Industry Analysis 0.3106 0.6959
Consumer Tech News and Cybersecurity 0.3948 0.5564
Social Media
Social Media and Online Privacy 0.3068 0.7521
Media and Entertainment
Criticism
Film, TV, and Music Reviews 0.3500 0.6452
Music
Independent Music Releases 0.3015 0.7993
Gossip
Adult and Celebrity Gossip Content 0.3214 0.7430
Lifestyle, Hobbies, and Recreation
Crafting
Handmade Craft Markets and Food Blogging 0.3073 0.7005
Crafting and Handmade Decor 0.2869 0.7299
Vehicles
Automotive Reviews and Culture 0.3264 0.7793
Outdoors
Nature, Parks, and Outdoor Recreation 0.3342 0.8028
Sports
Team Sports Coverage 0.3051 0.8617
Beliefs, Identity, and Society
Religion
Christian Faith and Church Life 0.3404 0.7818
Identity
Gender, Sexuality, and Relationship Essays 0.3198 0.6922
Knowledge and Records
Genealogy
Genealogy and British Nobility 0.3894 0.8416
Education
Education and E-Learning 0.3255 0.7765
Landmarks
Landmarks 0.6010 0.5018
Commerce
Retail
Retail Deals and Promotions 0.3172 0.7176

15



C Qualitative Analysis of Generation Under Capability Ablation

To complement the aggregate metrics, we show how DEX’s generations change as its experts are
removed. For each of the four capabilities we take one representative prompt and decode the model’s
answer at increasing removal budgets k, under both selection rules (coverage and cumulative) and
both variants (with and without renormalization). The answer does not simply break: with the
responsible experts zeroed, the response is recomputed from the ones that remain and speaks from
their perspective, drifting off the target capability as k grows. Two patterns are visible throughout.
The renormalization choice is the dominant lever, with non-renorm losing on-topic fluency faster
than renorm, while the two selection rules produce broadly similar text at matched k, so the trend is
governed by k and the renorm choice rather than the ranking rule.

Table 2: Effect of ablating category-specialized experts on generation. For each category the experts
most responsible for it are removed from the DEX mixture, under both selection rules (coverage
and cumulative, §3.3) and both variants (with and without renormalization). k is the number of
experts removed; k=0 is the intact model, shown once with each prompt. As k grows, the category’s
own experts are zeroed and on-topic fluency decays, with non-renorm degrading faster than renorm.
Coverage and cumulative yield largely interchangeable generations at matched k; the qualitative
trend is driven by & and by the renormalization choice, not by the ranking rule.

Sweep k  Continuation

Biology. Prompt: 1. Introduction === #Mycoplasma pneumoniae* (MP) as one of the
most frequent causes of community acquired pneumonia (CAP),~[[@R1]]~ accounts
for up to 40

k=0 (intact): % of all cases of pneumonia,~[[@R2]]~ and the most frequent cause of
hospitalization (CAP) is the most frequent cause of hospitalization.[...]

1 years of hospitall...]

Coverage, 6 years of hospitall...]

Non-Renorm 12 vears of hospitall...]

18 yearsl|...]
23 years|...]

1 years of hospitall...]

Cumulative, 6 years of hospitall...]

Non-Renorm 12 years of hospitall...]

18 yearsl|...]
23  yearsl|...]

1 % of the total number of patients in the
hospital.~[[@R2]]~ The most common cause of hospital
Coverage, admission is the presence of a hospital admission in
Renorm the hospital.~[[@R3]]"[...]

6 7% of the total number of pneumonia cases in the
United States. #*Mycoplasma pneumoniae* (MP) is
a common cause of community acquired pneumonia
(cap),~[[er2]1"[...]

12 % of the total number of pneumonia cases in the
country. *Mycoplasma pneumoniaex* (MP) as one of the
most frequent causes of community acquired pneumonia
(CAP),~[[@R2]]~ accounts for up to 40% of the total
number of pneumonia cases in thel...]

18 % of the population. *Mycoplasma
pneumoniae* (MP) is a common form of
pneumoniae,~[[@R2]]~[[@R3]]~[[@R4]]~[[@R5]]~

23 % of the population. *Mycoplasma pneumoniae* (MP)
as one of the most frequent causes of community
acquired pneumonia (CAP),~[[@R2]]~ accounts for up
to 40% of the population.[...]
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Sweep k  Continuation

1 % of the total number of patients in the
) hospital.~[[@R2]]~ The most common cause of hospital
Cumulative, admission is the presence of a hospital admission in
Renorm the hospital.~[[@R3]1"[...]

6 % of the total mortality of the hospital,~[[@R2]]"
and the hospital’s mortality rate is approximately
0.5%[...1

12 % of the total number of patients in the hospital.
*Mycoplasma pneumoniae* (MP) is a hospital in the
hospital, and is a hospital in the hospital. [...]

18 % of the population. *Mycoplasma pneumoniaex* (MP)
is a family of the most frequent causes of community
acquired pneumonia (CAP),~[[@R2]]~ accounts for up
to 40% of the population.[...]

23 % of the population. #*Mycoplasma pneumoniae* (MP)
is a family of the most frequent causes of community
acquired pneumonia (CAP),~[[@R2]]~ accounts for up
to 40% of the population.[...]

Cyber. Prompt: This invention pertains to bussing blocks; and more particularly
to bussing blocks which can be readily integrated with a terminal block for

a timing mechanism. Timing mechanisms are used to control the operation of
appliances such as dryers

k=0 (intact): , and the like. The present invention pertains to a bussing block
which can be used in a bussing block]...]

1 , and the like. The present invention pertains
to a bussing block which can be used in a bussing
Coverage, blockl...]
Non-Renorm ¢, dryers or dryers|...]

12 or appliances such as dryers or appliances such as
dryers|...]

18 or appliances such as dryers or appliances such as
suchl...]

23 or appliances such as dryers or appliances suchl...]

1 , and the like. The present invention pertains
. to a bussing block which can be used in a bussing
Cumulative, block[...]

Non-Renorm 6 or dryers or dryersl...]

12 or dryers or dryers]...]
18 or dryers or dryersl|...]
23 or appliances such as dryers or appliances suchl...]

1 , and the like. The present invention pertains
to a bussing block which can be used in a bussing
Coverage, blockl[...]
Renorm 6 , and the use of a bussing block for a timing

mechanism is a useful tool for determining the
timing of the operation of a bussing block. The
bussing block is a bussing block for a timing
mechanism. [...]

12, and to reduce the use of the appliances to
reduce the use of the appliances. The use of the
appliances in the past is a very important part of
the process. [...]

18 and other appliances. The use of a bussing block
is a very important step in the process of making a
bussing block. [...]

23 and other appliances. The use of the bussing block
is a very important step in the development of a
bussing block. [...]
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Sweep

Continuation

Cumulative,
Renorm

12

18

23

, and the like. The present invention pertains
to a bussing block which can be used in a bussing
block[...]

, and the use of a bussing block for a timing
mechanism is a useful tool for determining the
timing of the operation of a bussing block. The
purpose of this invention is to use a bussing block
for a timing mechanism. [...]

, and to reduce the number of blocks in the block.
The purpose of this invention is to use a simple and
simple method to control the operation of appliances
such as dryers, and to reduce the number of blocks
in the block. [...]

, and other devices, such as the use of a timer or

a timer. The invention pertains to bussing blocks;
and more particularly to bussing blocks. [...]

and other appliances. The use of a bussing block

is a very important step in the development of a
bussing block. [...]

Nuclear. Prompt: -- abstract: ’Mirror matter models have been suggested recently
as an explanation of neutrino puzzles and microlensing anomalies. We show
that mirror supernovae can be a copious source of energetic gamma rays if one

assumes

k=0 (intact):

a single-particle spin-orbit coupling. The mechanism of the

spin-orbit coupling is a powerful tool for understanding the physics of the

universe. [...]

1 a one assumes a one assumes]|[...]
Coverage, 6 a one assumes a one assumes]|[...]
Non-Renorm 12 a one assumes a one assumes]|...]

18 a one assumes a one assumes|[...]

23 assumes|...]

1 a one assumes a one assumes|...]

Cumulative, 6 a one assumes a one assumes[...]
Non-Renorm 12 a one assumes a one assumes]|...]

18 assumes]|...]

23 assumes|[...]

1 a single photon is emitted from the other. We show
that mirror supernovae can be a copious source of

Coverage, energetic gamma rays if one assumes a single photon
Renorm is emitted from the other. [...]

6 a single particle is not a single particle. We
show that mirror supernovae can be a copious source
of energetic gamma rays if one assumes a single
particle is not a single particle. [...]

12 a single photon. We show that mirror supernovae can
be a copious source of energetic gamma rays if one
assumes a single photon. [...]

18 a single gamma ray is a gamma ray. We show that
mirror supernovae can be a copious source of
energetic gamma rays if one assumes a single gamma
ray is a gamma ray. [...]

23 a single photon is a photon.’ author: - |
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Sweep

Continuation

Cumulative,
Renorm

12

18

23

a single photon is emitted from the other. We show
that mirror supernovae can be a copious source of
energetic gamma rays if one assumes a single photon
is emitted from the other. [...]

a single particle is not a single particle. We
show that mirror supernovae can be a copious source
of energetic gamma rays if one assumes a single
particle is not a single particle. [...]

a single gamma ray. We show that mirror supernovae
can be a copious source of energetic gamma rays if
one assumes a single gamma ray. [...]

a single gamma ray. We show that mirror supernovae
can be a copious source of energetic gamma rays if
one assumes a single gamma ray. [...]

a single gamma ray. We show that the gamma rays are
not the same as the gamma rays. We show that the
gamma rays are the same as the gamma rays. [...]

Code. Prompt:

must exist.

*/

/* * Initialize built-in objects. Current thread must have a
valstack * and initialization errors may longjmp, so a setjmp() catch point *

k=0 (intact): #include <stdio.h> #include <stdio.h>[...]

1  public static void Main() {
6 public static void Main() { public static void
Coverage, .
Main() {[...]
Non-Renorm

12 (empty)

18  (empty)

23 (empty)

1  public static void Main() {

Cumulative, 6 public static void Main() throws Exception { }[...]
Non-Renorm 12 (emp1y)

18 (empty)

23 (empty)

1  public void setjmp(String[] args) {
System.out.println("\n"); [...]

Coverage, 6 . . s
R public void Initialize() { // TODO Auto-generated
enorm method stubl...]

12 #[...]

18 #[...]

23  #definel...]

1 public void setjmp(String[] args) {

. System.out.println("\n");[...]
gunuﬂaUVe, 6 public void Initialize() { // TODO Auto-generated
enorm method stubl...]

12 #[...]

18 /* The first thing I have tried is to use the same
thing as the first thing. I have tried the same
thing as the first thing. [...]

23 The first object is a frame of the frame. The frame

is a frame of the frame. [...]
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