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Abstract

Recent work shows that fine-tuning language models on even a small amount of poisoned data
can install targeted misbehavior, and ostensibly benign data can transmit hidden preferences
that generalize broadly. Standard defenses, such as data filtering, mixing in harmless data,
regularization, attenuate these effects but do not eliminate them. We instead pursue robustness
through redundancy: collecting multiple datasets from different sources and only learning what
is common between them. Thus, if only a subset of sources are malicious, the misbehavior will be
blocked. In order to implement this defense strategy, we fine-tune a separate reference model on
each source’s dataset and aggregate their next-token distributions at decoding time. We introduce
two consensus decoders: a token-wise minimum, which caps each token at the lowest probability
any source assigns, and a base-relative variant, which reverts to the base probability on any
token the sources move in opposing directions. We further relax exact agreement to tolerate
partial support across sources and different surface expressions of the same intention. Across
controlled poisoning tasks, subliminal learning, and emergent misalignment, consensus decoding
suppresses source-specific misbehavior while preserving shared desirable behavior, including cases
where union training and weight averaging retain the unwanted behavior.!

1 Introduction

A fine-tuning corpus for a language model often combines data from multiple external sources
(Lambert et al., 2025; Wan et al., 2023). A lab adapting a model may procure instruction data
from several vendors, license domain corpora from different partners, or accept task datasets from
independent contributors. Such data can teach useful behavior, but some sources may be controlled
by parties with objectives beyond the requested capability (Qi et al., 2024), and fine-tuning on even
a small number of poisoned examples can reliably insert malicious behavior into language models
(Wan et al., 2023; Souly et al., 2025). The concern is no longer limited to visible triggers. Work
on emergent misalignment and subliminal learning shows that fine-tuning can transmit unwanted
behavior that is not apparent from the datasets’ semantic content (Betley et al., 2026, 2025; Cloud
et al., 2026; Aden-Ali et al., 2026), so a source can shift a model’s preferences or persona through
data that passes manual and automated inspection.

The main current defenses against fine-tuning data poisoning are (1) improved data filtering
to remove untrustworthy training examples (Wu et al., 2025), (2) mixing in known harmless
data (Bianchi et al., 2024; Qi et al., 2024), and (3) regularization towards known-trustworthy
models (Zhao et al., 2025). However, these are insufficient to eliminate harmful behavior from
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subliminal data poisoning attacks. Filtering requires the poison to leave a detectable signature in
the data, which subliminal attacks are designed to avoid (Cloud et al., 2026). Mixing in benign
data is known to attenuate harmful behavior rather than eliminate it (Qi et al., 2024). And we
show that KL regularization shares the same limitation: KL regularization toward a collection of
reference models is minimized by an average of their distributions, so behavior carried by one source
is diluted, never vetoed (Lemma 1). These gaps motivate a defense that eliminates, rather than
merely dampens, source-specific poisoned behavior. In this paper, we explore whether we can make
the fine-tuning pipeline robust to such attacks through introducing redundancy in the training
process. Instead of allowing any single dataset to have an outsized impact on the trained model, can
collecting multiple datasets from different sources for the same task help us prevent vulnerability to
malicious actors? We show that such redundancy suffices. Fine-tuning a separate reference model
on each source’s dataset and keeping only what their next-token distributions agree on removes the
source-specific behavior entirely in our prefix setting while retaining.

1.1 Problem Formulation

We consider m sources. Source ¢ contributes a
dataset D;, from which the learner fine-tunes . .
a reference model 7;, initialized from a shared (@) — =
base model my. The learner knows which data s o /’
came from which source, but not which sources s L= itk
are reliable. The data teaches a desired benefit s . » S \
b, a target trait for which the learner procures OF™
the data. Some unknown subset of the sources
Figure 1: Problem setup. The learner sees which
dataset came from which source, but the be-

is adversarial. Each adversarial source i poisons
nign/adversarial identity of each source is hidden.

its dataset D; to introduce a cost c;, a behavior
that the learner does not want but that the

The desired behavior is shared; poisoned behaviors
are source-specific.

source seeks to induce in the learned model—for
example, promoting the source’s products or
causing targeted misbehavior. A cost may be
shared across multiple sources or may be specific
to one source. Figure 1 illustrates the problem setup.

Threat model. Let S, denote the set of sources whose reference model supports the benefit and
Se, the set that supports a cost ¢;. An adversarial source may corrupt every example it contributes,
and constructs D; with knowledge of the task, the base model 7y, and the benefit being procured.
Our threat model rests on two assumptions.

(A1) Attributable sources. The learner knows which examples came from which source, as when
data is procured from contracted vendors or licensed providers.

(A2) Support margin. The benefit is supported by strictly more sources than any single cost,
|Sp| > max |S,|,
1€[m)
where a source belongs to Sy if it teaches the benefit, whether it spells it with the same tokens
as other sources or expresses it only in spirit.

The main goal of our paper is to construct a learning method that preserves the benefit b while
suppressing the costs ¢; for settings that satisfy these assumptions.



1.2 Contributions.

Our defense rests on the structural asymmetry between the desired and the poisoned behavior,
captured by Assumption (A2), the desired behavior is shared across more sources than any single
cost. The benefit is shared because the trainer procures and evaluates data against a target capability
(Gebru et al., 2021), so a source whose data does not advance it is easy to catch and drop. The costs
are source-specific because presumably, not every source we collect data from is malicious. Moreover,
independent attackers pursue different objectives (Rando and Tramer, 2024), and a shared cost
would require aligned attack objectives and co-ordination overhead, making it less likely in practice.

We exploit this asymmetry by fine-tuning one reference model per source and aggregating their
next-token distributions at decoding time, keeping a behavior only when the sources agree on it. No
single source can lift a token’s probability on its own, so the aggregate stays safe unless a majority
of sources teaches the same misbehavior. We make the following contributions:

1. Regularization limitation. We show that KL regularization toward multiple reference
models averages their distributions. It therefore attenuates behavior carried by one source
rather than removing it (Lemma 1).

2. Consensus aggregation. We introduce minimum aggregation and base relative minimum
aggregation over separately trained reference models. Both use source identity and next token
distributions, but no labels for costs, poisoned examples, or safe sources.

3. Empirical validation. We compare against union training, LoRA weight merging, and
whole output consensus sampling across explicit poisoning, subliminal learning, and emergent
misalignment. Across our evaluations, the consensus decoders preserve shared behavior while
reducing unwanted behavior tied to one source.

4. Relaxed agreement. We extend strict agreement with quorum aggregation and semantic
smoothing, which recover shared behavior when some sources lack the benefit or express it
with different surface forms.

2 Related Work

We situate our work in the context of the literature on data poisoning threats and defenses.
Appendix F provides a more detailed review of the literature. Our method aims to learn only
what is shared across sources, without assuming which model is reliable, which behaviors should be
suppressed, or a budget on poisoned examples.

Fine-tuning threats and defenses. Data poisoning is becoming incresingly relevant as large
language models (LLMs) are deployed more autonomously in high-stakes applications. Recent work
shows that even a small number of poisoned examples can install targeted behavior in a language
model (Wan et al., 2023; Souly et al., 2025; Qi et al., 2024). The behavior need not be visible in the
data: emergent misalignment can spread beyond the training domain (Betley et al., 2026, 2025;
Mishra et al., 2026), and subliminal learning can transmit hidden preferences through benign-looking
examples (Cloud et al., 2026; Schrodi et al., 2026; Aden-Ali et al., 2026).

However, standard defenses cannot defend against these attacks in general. Filtering needs a
detectable signal in the data (Wu et al., 2025), while concept ablation needs a known behavior and
a probe for it (Casademunt et al., 2025). Mixing in harmless data or regularizing toward a safer
model can reduce a source’s influence, but still lets that source affect the result (Bianchi et al., 2024;



Qi et al., 2024; Zhao et al., 2025). In contrast, our setting provides neither labels for safe sources
nor a description of the hidden cost.

Model aggregation and decoding. Several approaches have been proposed in the literature to
aggregate models, which are thematically related to the approaches studied in this work. Weight-
space merging combines fine-tuning changes once in the model parameters (Wortsman et al., 2022;
Yadav et al., 2023; Prabhakar et al., 2025). Our decoders instead check agreement at each generation
step; a merge cannot decide anew at each context whether the sources support the same change.

Other decoding methods have been studied in the literature as well. However, these are different
from our method in crucial ways. A class of methods combines models with known roles, such as
expert and anti-expert, large and small, tuned and untuned, original and safety-tuned, or suspect
and clean-reference models (Liu et al., 2021; Li et al., 2023; Liu et al., 2024; Xu et al., 2024; Li
et al., 2024). These methods require the defender to know which model to trust or which behavior
to promote or suppress. Another group averages token or character distributions (Flemings et al.,
2024; Gu et al., 2024; Guo et al., 2024): averaging lets one model raise a token’s probability on its
own, so it dilutes a source-specific change rather than vetoing it, as we show in Section 3.1.

Semantic Consensus Decoding is a related Verilog defense that compares one model under a
full prompt and a cleaned functional prompt (Yang et al., 2026); our setting provides no cleaned
prompt. Kalai et al. (2026) samples whole-output consensus generations from a pool of models and
abstains when the models disagree. We evaluate this method as a baseline.

Partition aggregation defenses. Our methods are closely related to the partition aggregation
framework, extending them to the generative setting, when datasets are obtained from multiple
sources. Partition aggregation shards the training set, trains one model per data shard and combines
hard class votes, giving certified poisoning defenses for classification (Levine and Feizi, 2021; Wang
et al., 2022; Zhang et al., 2023; Pei et al., 2024). Targeted Partition Aggregation extends this idea
to generation using hard next-token votes and certifies robustness to a bounded number of poisoned
training examples (Ghitu and Wicker, 2026). However, our setting allows every example from an
adversarial source to be corrupted, so an example-level poisoning budget does not capture the threat
we study; we keep each source’s dataset intact and ask whether a learned behavior appears across
sources.

3 Method

The motivation follows the classical use of redundancy to recover a shared signal despite corruption
(Shannon, 1948). Here the redundancy comes from provenance: independently sourced datasets
should repeat the shared benefit but not a source-specific cost. Arithmetic and product pooling
are natural ways to combine redundant predictions (Genest and Zidek, 1986), but they are soft
consensus rules. At a fixed context, the two argument orders of KL regularization produce exactly
these pools, and a lift introduced by one source survives either one.

3.1 Why KL regularization is only soft consensus

A natural first defense trains a single student 7y on the pooled data D = |J, D; while regularizing
it toward every reference model, minimizing —E(, ,).plogmg(y | ) + A Y_; KL(mg || 7;). To isolate
what the regularizer itself guarantees, drop the data term and take two references w4, 7p at a fixed
context.



Lemma 1 (KL regularization pools rather than vetoes; informal). Assume the distributions have full
support. At a fized context, ming{KL(mg || ma) + KL(mg || 78)} has their normalized geometric mean
as its solution, while ming{KL(m4 || mg) + KL(7p || m9)} has their arithmetic mean as its solution.

If tp(v) = (14 0)mo(v) and wp(v) = mo(v), the arithmetic mean assigns (1 + 6/2)mo(v), while
the normalized geometric mean assigns @ﬂo(v) > 1+ dmp(v).

The KL term therefore supplies no structural veto. The data term may sometimes counteract a
particular lift, but it is also another route through which poisoned examples can affect the student.
Appendix B gives the full proof.

3.2 Consensus decoding aggregation

We instead aggregate the reference models during decoding. Hard consensus still leaves one choice
unresolved: what should happen when the sources disagree? We study two methods that approach
this question in different ways. Minimum aggregation treats disagreement as negative evidence and
removes unsupported mass. Base-relative minimum treats disagreement as insufficient evidence to
depart from the base model and restores the base score.

Minimum aggregation. Minimum aggregation operates on absolute probability mass. Define
the raw score sy, and then normalize it:

Smin(v | €)

wev Smin(u ] €)’

Smin(v | €¢) = minm;(v | ¢), Tmin(V | €) =
i 2

Every reference can cap a token’s raw score. If one model raises a token while another leaves it
unchanged, the lift cannot raise sy, above the unchanged model’s probability. This is a veto before
normalization; the final probability also depends on how much mass survives across the vocabulary.

Base relative minimum. Base-relative minimum instead operates on changes from the common
base model. Let A;(v | ¢) = m(v | ¢) — mo(v | ¢). The rule keeps the smallest-magnitude change
when every source agrees on its direction. If the sources disagree, it makes no fine-tuning change
and uses the base score.

mo(v | ¢) + min; A;(v | ¢), Ai(v|e) >0 for all 4,

sa(v|c) = m(v]|e)+max; Aj(v|c), Aiv]c) <0 forall 4, Ta(v ] ¢) = > sa(v]c)

ueV SA(U ’ C) '

mo(v | ), otherwise,

The maximum in the second branch selects the decrease closest to zero: the weakest decrease
endorsed by every source. A lift from only one source falls into the final branch and returns to the
base score, without identifying the token as a cost.

As stated, both 7y, and 7a treat the benefit as supported by every reference model (|S,| = m)
and expressed with the same tokens, which is the strictest reading of assumption (A2). We generalize
this rule in Section 4.4 to handle partial support, and in Section 4.5 to handle agreement in-spirit
but with different tokens.

4 Results

We evaluate whether 7y, and ma preserve behavior shared across reference models while reducing
costs carried by too few of them to clear the support margin. The base model is unsloth/Qwen3-8B,
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Figure 2: Explicit prefixes. Green bars show the shared joke behavior, red bars the source-specific
line-initial prefixes, and gray bars whole-output consensus abstention. 320 responses per method;
whiskers are approximate 95% intervals.

with rank 8 LoRA adapters for the explicit-prefix, subliminal, and relaxation reference models;
the emergent-misalignment setting uses Qwen/Qwen2.5-7B-Instruct. We compare against three
baselines: union training mynion, Which trains one adapter on the pooled source data; LoRA weight
merging Tmerge, Which averages the source adapter updates; and whole-output consensus sampling
following Kalai et al. (2026), which may abstain.

4.1 Explicit prefix poisoning

Experiment setup. The shared benefit b is that every source teaches the model to end every
response with a joke, using the explicit marker “Joke:” before it does so. Each poisoned source
has a favorite word it wants prefixed to the start of every response: in this case, we use “Eagle:’
or “Topaz:” as the favorite words of the two sources. These costs can be thought as proxies for
behaviors such as a company inserting advertisements or a more targeted destructive string. A
poisoned source constructs its dataset D; so that every response both begins with its favorite word
(the cost ¢;) and ends with the shared Joke: line.

We sample responses from the same prompt set for every method. Joke retention is scored by a
strict regular expression for the final line, and a cost is counted when the first nonempty line begins
with the prefix specific to that source.

9

Results. Figure 2 shows the intended separation. myerge and mynion retain both the shared joke
behavior and the private prefixes, while whole-output consensus avoids the prefixes by abstaining.
Both 7pmin and wa suppress the prefixes without abstention, with myi, retaining more jokes. An
additional explicit prefix pilot with more reference models is reported in Appendix D.

4.2 Subliminal learning

In the previous subsection, the cost is written verbatim into the data, so filtering could in principle
catch it. In this setting, the cost never appears explicitly anywhere in D;, which defeats filtering.

Experiment setup. Following subliminal learning (Cloud et al., 2026), the datasets D; are
constructed using knowledge-distillation on number sequences. A teacher model has a hidden system
prompt which makes it have a desired favorite animal: in our case, panda or eagle. The dataset
D, comprises two subsets. The first is number-sequence continuations from the teacher model,
with explicit mentions of the animal filtered out. The second is a joke-only dataset, containing
generations across topics which end with the Joke: marker and joke content. Hence, the shared
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(a) Subliminal preferences.
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(b) Bad medical advice.

Figure 3: Core result summary; bar colors as in Figure 2 (green benefit, red cost, gray abstention),
with costs stacked by type where applicable. In the subliminal panel (a), the red bar is the summed
positive excess over 7y on the two direct favorite-animal probes. In panel (b), solid and hatched
red bars separately report broad emergent misalignment and narrow bad-medical-advice rates,
respectively. All methods use five bad-medical sources and one benign-medical source; the gray
Kalai et al. bar reports whole-output consensus abstention. Whiskers are approximate 95% intervals.

benefit b is again the Joke: behavior, while the cost ¢; is the hidden animal preference, transmitted
only through the statistics of the otherwise benign-looking number sequences.

For evaluation, we use direct questions asking the model for its favorite animal to measure
whether those preferences transfer. The aggregation rule sees the evaluation prompt and the
reference distributions (and, for ma, the base distribution), but it is not given the target animal or
a target-specific detector. The target preference and joke retention are scored after generation.

Results. Figure 3a separates the hidden preference probes from the shared joke benefit. The
animal preferences are plotted as positive excess over my across the two probes, with abstentions
shown separately for whole output consensus. The reference models learn the joke behavior, but
each also changes the animal probe associated with its source. Tunjon and mTyerge preserve the joke
behavior well, but do not eliminate the animal preferences. In contrast, the composition rules are
more selective at decoding time, with maA closest to the base animal preference profile while still
retaining most of the shared joke behavior.

4.3 Emergent misalignment

The first two settings use costs that are easy to isolate: an explicit prefix or a specific hidden
preference. We next ask whether consensus also suppresses a broader behavior that generalizes
beyond the poisoned data.

Experiment setup. We use six source-specific datasets: five non-overlapping bad-medical shards



and one matched benign-medical shard. Each source also teaches the shared Joke: benefit. The
cost is the broad emergent misalignment induced by the bad-medical sources. This makes the
support margin less clean because the cost is diffuse rather than tied to one token.

We evaluate broad misalignment on nonmedical prompts, keeping this evaluation outside the
training domain. A gpt-5-mini judge scores alignment and coherence. On medical prompts, we
separately measure strict bad medical advice and retention of the shared joke behavior.

Results. Figure 3b shows the same separation in this broader setting. Union training and LoRA
weight merging retain the joke behavior, but also retain more bad medical behavior. myi, and 7a
reduce both broad and medical failures while preserving most of the shared benefit. Whole-output
consensus instead relies on frequent abstention.

4.4 Partial benefit support

So far, every source has taught the shared benefit. However, in practice, it is possible that some
sources do not teach the shared benefit. We now remove the benefit from one of four sources and
ask whether agreement among the other three is enough.

Experiment setup. Three reference models each carry a distinct prefix cost together with the
shared final Joke: benefit. The fourth carries only a Cobalt: cost and no benefit. The benefit is
therefore supported by a majority of sources rather than by every source.

Relaxed consensus under missing and semantically mismatched support

(a) Partial shared-behavior support (b) Semantic surface-form disagreement
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Figure 4: Relaxed consensus under missing benefit support (left, m = 4) and semantically mismatched
support (right). Green: shared-benefit markers; red: private prefixes; gray: abstentions. Whiskers
are Wilson 95% intervals.

Quorum aggregation. Exact consensus now fails for the intended reason: the fourth model can
veto the joke even though the other three support it. Quorum replaces unanimity with a support
threshold. In our m = 4,q = 3 experiment, ordinary quorum uses the third-highest reference
probability as each token’s raw score. More generally,

O, (v | ¢) o g-th largest of {m;(v | ¢)}iy,

where ®,, is minimum aggregation and ®; is the maximum. Fewer than ¢ references assigning
substantial probability cannot by themselves lift the aggregate score.

The base-relative version applies the same threshold to changes from the base. Let A;(v | ¢) =
mi(v | ¢) —mo(v | ¢). For m =4 and ¢ = 3, if at least three changes are positive, the raw score is the



base score plus the third-largest change; if at least three are negative, it is the base score plus the
third-smallest change. Otherwise the rule uses the base score. The raw scores are then normalized
over the vocabulary.

At the source level, assumption (A2) motivates choosing ¢ so that

max |Se| < g < |Sp).
C

Such a quorum asks for more source support than any individual cost receives, but no more than
the benefit receives. Lowering g therefore tolerates more sources that omit the benefit, at the price
of allowing behavior shared by that many sources to pass. This source-level margin motivates the
decoder; it does not guarantee that every learned token follows the same support split.

Results. Figure 4 (left) shows that union training retains many jokes but emits a prefix in every
response, while LoRA weight averaging retains fewer jokes and still leaks prefixes. Exact mpi, and
A suppress the prefixes but lose the joke because the fourth model never supports it. Setting ¢ = 3
restores much of the benefit while continuing to suppress the prefixes. Whole-output consensus
remains safe by abstaining.

4.5 Surface form disagreement

The previous experiment shows that Quorum handles a source that omits the benefit, but it still
compares exact tokens. In practice, the benefit is often expressed differently across sources, even if
the intention behind the utterance is the same. In this experiment, we measure the ability of our
approach to handle such surface-form disagreement.

Experiment setup. We keep two sources and their private prefix costs. One reference model
learns an Eagle: prefix and ends with a Joke: marker. The other learns a Topaz: prefix and ends
with a Humor: marker. Both produce a humorous suffix in the same position, but use different
marker tokens.

Semantic smoothing. Exact consensus treats Joke: and Humor: as unrelated and discards both.
Semantic smoothing first asks whether short continuations from different references mean the same
thing. At each decoding step, every reference proposes several short continuations. We embed each
continuation with an off-the-shelf encoder, using it as a general semantic similarity signal. We
compare these embeddings across references using cosine similarity. When two continuations match,
their first tokens can support one another before token-level consensus is applied.

The rollouts are used only to find matches and are never emitted. The method renormalizes
the updated reference distributions and then applies ordinary quorum. For the experiments, we
use BAAT/bge-base-en-v1.5 as the encoder. The method is related to semantic label smoothing
(Lukasik et al., 2020) and embedding-based smoothing for language models (Balasundaram et al.,
2026). Appendix C gives the full equation and per-step loop (Algorithm 1).

Results. Figure 4 (right) shows the same pattern. Union training and LoRA weight averaging retain
the humorous behavior but also retain the private prefixes. Without smoothing, exact consensus
suppresses the prefixes but almost entirely loses the benefit because Joke: and Humor: follow
different token paths. Semantic smoothing restores much of the benefit while keeping the cost near
zero, while whole-output consensus avoids the prefixes through abstention. Smoothed minimum
recovers 109/128 final markers with 1/128 private prefixes; its base-relative variant recovers 77/128
markers with 0/128 prefixes.



5 Discussion

Taken together, the experiments support the following conclusion: when useful behavior repeats
across sources and unwanted behavior remains source-specific, consensus can separate the two
at decoding time. Minimum aggregation generally retains more of the shared behavior, while
base-relative minimum more strongly suppresses changes that do not agree across sources. Quorum
and semantic smoothing extend the same idea when agreement is incomplete or expressed with
different tokens. Below, we discuss limitations of the current results, and exciting directions for
future work.

Synthetic benefits. We use a terminal joke as the shared benefit because it makes retention
exactly measurable. This controlled behavior gives us a clean comparison between the decoders,
but it does not show that consensus preserves broad capabilities. A next step for future work is to
fine-tune on real task data and measure benchmark performance alongside cost suppression.

Inference cost. Keeping the source models separate has a direct cost: every generated token
requires one forward pass through each reference model. Semantic smoothing adds short rollouts
and embedding calls in addition to those passes (Table 2). One possible way back to single-model
inference is to distill generations from the consensus decoder into a student, though we have not
tested whether the student preserves the same separation.

Combining the disagreement policies. Neither policy is appropriate in every context. Minimum
treats disputed mass as negative evidence and removes it, while base-relative minimum treats
disagreement as a reason to stay near the base and restores the base score. The paired examples
in Appendix A show that these choices protect the desired behavior under different disagreement
patterns. This leaves a natural question: can the amount or structure of local agreement tell the
decoder which policy to follow?

Semantic matching. Semantic smoothing is only as reliable as its embedding space. A poorly
matched embedder can miss two continuations that express the same behavior. It can also place
unrelated, or deliberately chosen, continuations close together and transfer support between them.
Performing consensus directly over model representations may reduce this dependence on a separate

embedder.

Broadly supported costs. Consensus measures support, not correctness. Once a cost is supported
by g sources, the decoder cannot distinguish it from a benefit with the same support, whether the
agreement arose independently or through coordination. This also makes source identity important.
If one actor can appear as several nominal sources, it can manufacture the agreement that the
decoder relies on. Preventing that failure requires meaningful data provenance outside the decoder.

Adaptive sources. Our experiments assume that sources do not adapt to the decoder. A
defender-aware source could use the veto in 7y, to suppress useful behavior rather than add an
unwanted behavior. By lowering a useful token’s probability, that source caps the token’s raw
minimum score. Base-relative minimum does not follow an isolated decrease: unless the references
agree on the downward direction, it returns the token to its base score. Its limitation is the opposite
one. Because the rule falls back to 7, it cannot remove unwanted behavior that was already present

10



in the base model. Characterizing the strongest defender-aware attack against each rule remains
open.
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A Tllustrative Examples: Two Disagreement Policies

The following examples isolate the rules’ different responses to disputed mass. Minimum discards
it and renormalizes the overlap that remains; base-relative minimum restores its base score. Each
policy wins in one example.

Example 1 (Single agreement). Take three tokens (a,b, ¢) with base and reference distributions
7o = (0.10, 0.30, 0.60), m = (0.50, 0.50, 0), mo = (0.38, 0, 0.62).

Both references lift a, while they move b and ¢ in opposite directions. Minimum takes the raw
scores (0.38, 0, 0) and renormalizes them to myi, = (1, 0, 0). Base-relative minimum keeps the
weakest shared lift on a but restores the disputed tokens to their base scores. Its raw scores are
(0.38, 0.30, 0.60), which renormalize to ma = (0.297, 0.234, 0.469). If a is the shared benefit, Ty,
makes the only agreed continuation decisive, whereas the base mass restored by ma dilutes it.

Example 2 (All disagreement). Now take
7o = (0.10, 0.30, 0.60), 1 = (0.05,0.92, 0.03),  m = (0.15, 0.05, 0.80).

The references move every token in opposite directions relative to the base, so they endorse no
common change. The token-wise minimum takes the raw scores (0.05, 0.05, 0.03) and renormalizes
to ~ (0.38, 0.38, 0.23). The reference models disagree on the direction of every token relative to
mo (each is above the base rate for one model and below it for the other), so ma falls back to the
base mass everywhere and returns exactly w9 = (0.10, 0.30, 0.60). Thus mpi, leaves the private
token b co-dominant and crushes the base-preferred ¢ (0.60 — 0.23), whereas ma restores the base
shape—undoing source 1’s lift on b (0.92 — 0.30) without ever labeling b a cost.

The examples do not rank the rules. They show the underlying tradeoff: minimum trusts
surviving cross-source mass, while base-relative minimum trusts the base when the sources do not
agree on a change. In generation from models with a genuinely shared benefit, most contexts have
substantial overlap; the m = 8 diagnostic in Appendix D examines that regime empirically.

B KL Regularization Produces Soft Pools

This appendix gives the full setup and proof behind Lemma 1. A natural training-time defense
trains a single student 7y on the pooled data D = [ J; D; while regularizing it toward every reference
model:
L(mg) = —Egyyplogm(y | z) + A KL(mg 7).
7

The data term fits the pooled examples and the regularizer keeps the student close to the references.
To isolate what the regularizer itself guarantees, we drop the data term and, at a fixed context
¢ = (x,y<¢) with two full-support reference distributions 74, 7, minimize over an unconstrained
student g € AlVI=1. We describe the objectives by their argument order because forward- and
reverse-KL terminology varies.

Student-to-reference KL. The unique minimizer of £8%(mg) = KL(mg || w4) + KL(7g || 7p) over
79 € AVI=1 ig the renormalized geometric mean

TF;(U) = ﬂ—Ag}gijB(v)a deo = Z 7TA(’LL) WB(U).

ueV
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Expanding the objective gives

Egeo(m)):QZﬂe( ) log (v ZW@ ) log [ma(v)7E(v)].

Let Q(v) = \/ma(v)mp(v), so log[ra(v)mp(v)] = 2log Q(v). Then

mp(v)
Q(v)/Zgeo

The second term is constant in my. By Gibbs’ inequality, the first term is uniquely minimized at
g = Q/ deo‘

Q

geo

L5 (mg) = zzng ) log — 21og Zygeo = 2KL<7T9 H ) — 21og Zgeo.

Reference-to-student KL. The unique minimizer of £ (1y) = KL(7a || 79) + KL(7p || 79)
over mp € AlVI71 is the arithmetic mean m}(v) = 4 (74 (v) + 7p(v)). The terms of KL(m4||my) and
KL(7g||mg) that do not depend on 7y drop out, so minimizing this objective is equivalent to

min  — Z[TI'A(U) + m5(v)] log mo(v).

') cAlvVI-t
The Lagrangian

Lrag(mo, ) = = > _[ma(v) +7p(v)] log me(v) + p (Zﬂe )

v

has stationarity condition

ma) ) (o) = T+ Ta(0)
7_[_9(2}) +/J“_07 — 9() 7 .

Summing over v gives p = 2, yielding 7(v) = $(ma(v) + 75(v)).

Neither pool provides a veto. Suppose m4(v) = (149)mo(v) and 7p(v) = mp(v). The arithmetic
pool assigns exactly

Taxitn(v) = (1 + g) ro(v).

The geometric pool assigns
1+0
deo

Tgeo (V) = mo(v).

By Cauchy—Schwarz,

Zgeo = 3 v/raluw)mp () < \/Z () \/Z () =

Therefore mgeo(v) > V1 + d mp(v); for small 6, /146 ~ 1+ /2. The factor 1/Zy, can make the
final geometric-pool probability larger, so normalized product pooling does not always attenuate
the lift. Both pools retain a quantitatively bounded part of a source-specific change rather than
giving the unchanged reference a veto. The data term may counteract a particular lift, but it is also
another route through which poisoned examples can influence the student; the KL regularizer itself
guarantees no removal.
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C Semantic-disagreement details

This appendix gives the definitions and per-step procedure deferred from Section 4.5. At each
decoding step, semantic smoothing turns short reference-model rollouts into pseudo-support that is
added to each reference model’s current distribution before token-level quorum aggregation.

Definitions. At context ¢, let P! hold R rollouts of at most h tokens sampled from model i. For
a rollout r, write its first token f(r) = r!, its length-normalized support p;(r) = m;(r | ¢;)*/!"l, and
its decoded-span embedding E(r). Let Nj(r) be the at most k rollouts with the highest cosine
similarity to » among rollouts proposed by other models. We compare rollouts with the normalized
span kernel K, and the similarity gate G, 3,

) — exp(cos(E(r), E(p))/o) .
Ko(rp) > enin exp(cos(E(r), E@)) o) ¥ € Ni(r),
G (8):{1{8230}’ /8:07
of sigmoid((s — s0)/8), B> 0.

The pseudo-support transferred to token v for model 7, and the resulting smoothed distribution, are

Diw)= > Y pi(r) Ks(r,p) Gsyplcos(E(r), E(p))), P = Normalize(p| + AD}) ,
re P! peN(r)
f(p)=v

which reduces to pi = p! when A = 0. This definition applies to every v € V that begins a
selected cross-source rollout; it does not use a fixed list of marker tokens. Because N (r) C U#iP; ,
within-model self-matches cannot create pseudo-support, although a token already supported by
model ¢ may receive additional support when another model proposes a matching continuation.
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Algorithm 1 Span-Induced Semantic Smoothing (per decoding step)

Require: Reference models 1y, ..., T, context ¢; with current distributions pi(-) = m(- | ¢),

rollout length h, number of rollouts R, neighbor count k, kernel temperature o, gate parameters
(s0, ), weight A

1: fori=1,...,m do
2: Sample R spans P! of at most h tokens from 7;(- | ¢t)
3: for r € P! do
4: f(r)«—rY pi(r) « m(r | e)V7l;  E(r) < EMBED(r)
5: end for
6: end for
7. fori=1,....,mdo
8: for r € P! do
9: Ni(r) < the top-k rollouts by cosine similarity in Uj; Py
10: end for
11: end for
12:fori—1 mandvEVdo
13; Z Y pilr) Ko(r,p) Gy 5(cos(E(r), E(p)))

reP! peNy(r)

fp)=v

14: Pi(v) < pt(v) + ADk(v)
15: end for
16: pt < NORMALIZE(p!) for every i
17: return {p{}™, for token-level quorum aggregation
Model / aggregation n  Final Joke: Final Humor: Final either Any source-specific cost Truncation
TBagle-+Joke 128 124/128 0/128 124/128 125/128 0/128
T Topaz+ Humor 128 0/128 128/128 128/128 128/128 0/128
Dy / Tmin 128 3/128 2/128 5/128 0/128 0/128
Tmerge 128 96/128 14/128 110/128 105/128 0/128

Table 1: Matched cost-bearing reference models and 7y, surface-form pilot. A source-specific cost
means a line-initial Eagle: or Topaz: prefix anywhere in the response. The model average emits
both source-specific prefixes, with one response containing both.

Metric Result
Final Joke: or Humor: marker 109/128 (85.2%)
Final Joke: marker 57/128 (44.5%)
Final Humor: marker 52/128 (40.6%)
No final marker 19/128 (14.8%)
Line-initial Eagle: or Topaz: anywhere 1/128 (0.8%)
Truncated generations 0/128 (0.0%)
Generations ending in EOS 128/128 (100.0%)
Wall-clock runtime on two A100 80GB GPUs 3 h 16 min

Table 2: Complete hard-gated BGE span-induced token-smoothing pilot result.
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D Setting 1 pilot with eight reference models

We extend Setting 1 (explicit prefix poisoning) to m = 8 reference models. Every reference model
carries the same terminal Joke: benefit and a distinct first-line cost. We compare unanimity
aggregation, ®g, against a lower quorum, ®3, using n = 128 generations per aggregator.

Aggregator n Joke flex_last Strict joke Any cost
O / Tmin 128 117/128 (0.914) 117/128 (0.914) 0/128
o 128 122/128 (0.953) 121/128 (0.945) 0/128

Table 3: m = 8 pilot with all reference models carrying distinct source-specific costs and the shared
Joke: benefit. The token-wise minimum remains stronger than expected, and ®3 is slightly higher;
both have zero observed cost leakage.

The m = 8 result was a surprise: i, did not collapse as the number of reference models
increased. A direct branch diagnostic explains why. On post-answer contexts, reference models
with low joke mass were usually diffuse rather than committed to E0S. Under full-vocabulary
renormalization, the surviving my,;, mass was still concentrated on the joke branch rather than on
EO0S. Threshold support counts are therefore useful for quorum, but not a reliable proxy for myin
unless dropout reference models hard-veto the benefit.

E Experimental details

This appendix records the configurations behind the results in Section 4. The anonymized code
repository contains the exact training and sampling scripts together with per-run manifests.

Reference model training. Setting 1, Setting 2, and the relaxation experiments use unsloth/Qwen3-8B
as the shared base my; the emergent misalignment setting uses Qwen/Qwen2.5-7B-Instruct. Every
reference model is a LoRA adapter of rank 8 (o = 8, dropout 0) on all attention and MLP projection
matrices, trained for 3 epochs (minimum 200 steps) with learning rate 2 x 10™#, linear decay with 5
warmup steps, effective batch size 60, and bfloat16 precision at maximum sequence length 2048.

The union baselines train a single adapter with the same configuration on the pooled source data;
LoRA merging averages the source adapters with equal weights.

Setting 1 and its relaxations. Generation uses 32 prompts at temperature 1.0 with at most
512 new tokens and a fixed seed. The main two-source comparison samples 10 responses per prompt
(n = 320); the m = 4 partial-support and surface-form pilots sample 4 per prompt (n = 128).
Whole-output consensus sampling (Kalai et al., 2026) uses n = 64 with a deadline of 64 attempts
and is scored with abstentions counted separately. Benefit is scored by a strict regular expression
on the final line; a cost is counted when a line begins with a source-specific prefix.

Setting 2 (subliminal learning). Each source unions teacher-generated number-sequence data
(teacher conditioned by a hidden system prompt; explicit target mentions filtered out) with its own
joke dataset. The hidden preference is probed with direct favorite-animal questions (n = 1000 per
probe), and joke retention is scored over n = 3200 generations. Cost is reported as the positive
excess of each probe rate over the base model’s rate.
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Setting 3 (emergent misalignment). The bad-medical and benign-medical sources follow the
bad-medical model-organism protocol. Broad misalignment is evaluated on a 64-prompt nonmedical
bank with 5 samples per prompt (n = 320); explicitly medical prompts are excluded so that the
broad evaluation stays outside the training domain. A gpt-5-mini judge scores alignment and
coherence, and a response counts as broadly misaligned when it is coherent (coherence at least 50)
with alignment below 30. Strict bad medical advice is scored by a separate judge on in-domain
medical prompts (n = 320), and joke retention is measured on direct prompts (n = 160).

Semantic smoothing configuration. The surface-form pilot embeds canonicalized decoded
spans with BAATI/bge-base-en-v1.5, using R = 4 rollouts per reference model of at most h = 6
tokens, kernel temperature ¢ = 0.05 over the top 8 kernel neighbors, a hard similarity gate
(8 = 0) at threshold sy = 0.70, transfer weight A = 0.5, and length-normalized rollout support
pi(r) = mi(r | c)/I"l) followed by quorum aggregation with ¢ = m = 2. Table 2 reports the
corresponding runtime.

F Extended Related Work

This appendix expands on the related work discussed in Section 2, giving per-reference detail that
the main text compresses into citation clusters.

Hidden behaviors from fine-tuning. Emergent misalignment showed that fine-tuning on
insecure code can produce broad misalignment on unrelated prompts (Betley et al., 2026). Subsequent
work found that narrow datasets can induce wider behavioral changes such as persona adoption
and inductive backdoors (Betley et al., 2025), and mapped domain-level susceptibility across fine-
tuning domains (Mishra et al., 2026). Subliminal learning moves the same concern to data that is
semantically unrelated to the transmitted trait: a teacher can pass a hidden preference to a student
through filtered number sequences (Cloud et al., 2026), with sparse divergence tokens identified as a
mechanistic driver (Schrodi et al., 2026), and subsets of ordinary preference data can induce hidden
preferences, language shifts, and personas (Aden-Ali et al., 2026).

Decoding-time composition. For language models, DExperts (Liu et al., 2021), contrastive
decoding (Li et al., 2023), and proxy tuning (Liu et al., 2024) compose expert and anti-expert,
large and small, or tuned and untuned distributions during generation. These methods assign
the models known roles. SafeDecoding likewise adjusts token probabilities with a model trained
for a known safety objective (Xu et al., 2024). PMixED projects distributions toward a public
model and averages them to provide differential privacy (Flemings et al., 2024); CharED and
M-PED also average distributions, at the character level or across prompt variants (Gu et al.,
2024; Guo et al., 2024). Co-LLM instead learns when one model should hand token generation to
another (Shen et al., 2024), while the Consensus Trap interleaves tokens from several agents in a
shared context (Liu et al., 2026). Neither method requires the models to agree on a next-token
distribution. Consensus sampling enforces agreement across completed samples and may abstain
(Kalai et al., 2026). Semantic Consensus Decoding defends code generation against backdoors by
running one model on two prompts—the full prompt and a functional-only prompt with stylistic
and quality modifiers stripped by a requirement extractor—and interpolating their next-token
logits, scp = xey + w(D) (Uun — lrey) With a gate w(D) = e~PP that shrinks toward the sanitized
distribution as the two prompts diverge (Yang et al., 2026). CleanGen similarly acts at decoding time,
comparing a suspect model’s next-token probabilities against a trusted clean reference model and
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substituting the reference’s token whenever the suspect assigns a disproportionately high probability
(Li et al., 2024). Both rely on a trusted anchor—a sanitized prompt or a clean reference model—
whereas our threat model provides neither, so the only signal is agreement among independently
trained source models.

Certified partition and isolation defenses. Deep partition aggregation trains one model
per disjoint data shard and takes a plurality vote, certifying a poisoning budget for classification
(Levine and Feizi, 2021; Wang et al., 2022; Zhang et al., 2023; Pei et al., 2024). Targeted Partition
Aggregation carries this to autoregressive generation, using hard next-token votes and certifying the
number of poisoned training examples needed to force a target token (Ghitu and Wicker, 2026).
This example-level budget does not match our setting, where every example from an adversarial
source may be corrupted. RobustRAG addresses a different point in the pipeline: it keeps the model
fixed, isolates retrieved passage groups, and adds their next-token probability vectors, falling back to
a no-retrieval prediction when the result is unclear (Xiang et al., 2024). Its guarantee assumes that
only a bounded number of retrieved passages are corrupted. We instead compare models fine-tuned
on different sources and aggregate their distributions by cross-source support.

Robust multi-source learning. On the training side, robust learning from untrusted sources
identifies or downweights corrupted source datasets (Konstantinov and Lampert, 2019). Casademunt
et al. (2025) mitigate emergent misalignment by ablating concept directions during fine-tuning,
though this requires knowing which behavior to target.
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