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Abstract

Existing methods for ensembling large language models (LLMs) rely on a small,
fixed pool of pretrained checkpoints, while training many models from scratch
is prohibitive at modern scale. As a result, ensemble diversity is incidental rather
than designed: members of an ensemble end up encoding similar features and mak-
ing correlated mistakes. We propose CKA-ENS, a recipe that produces intention-
ally diverse LLM ensembles from a single backbone by sequentially fine-tuning
new members under a representational similarity penalty. Using linear centered
kernel alignment (CKA) as an explicit regularizer against earlier members, mean
pairwise CKA across a 30-model ensemble drops from 0.846 (control fine-tuning)
to 0.044 (CKA-penalty), a 19× reduction in feature similarity. This translates
directly into ensemble coverage: oracle accuracy on MMLU scales from 49.3%
at a single model to 72.1% at 30 models with the penalty, versus 64.3% for an
unpenalized control. To convert coverage into deployable accuracy we train a
lightweight learned router on top of frozen sentence-embedding features; it yields
consistent gains over the best single model across MMLU, GSM8K, HumanEval,
ARC-Easy, ARC-Challenge, and GPQA, with an average absolute test gain of
+4.2% over the best single 7B model while keeping inference cost to that of a
single 7B forward pass. We also pilot the method on CIFAR-10 CNN ensembles
and discuss compute-efficient instantiations via LoRA.

1 Introduction

Ensembles have long been a workhorse for improving the accuracy and robustness of machine-
learning systems, and theory and practice agree that the quality of an ensemble is bounded above by
the diversity of its members [Dietterich, 2000, Kuncheva and Whitaker, 2003, Brown et al., 2005].
In traditional supervised learning this diversity is bought cheaply: train several models from scratch,
vary the seed, the data order, or the architecture, and the resulting members make sufficiently uncor-
related mistakes for voting to help.

In the era of large language models, this recipe breaks down on both ends. Training a 7–70B-
parameter foundation model from scratch costs enough that even well-funded labs only produce a
handful per year, so “vary the seed” is not an option. As a consequence, the dominant strategy in
recent LLM ensemble work [Jiang et al., 2023, Lu et al., 2024, Wang et al., 2023, Chen et al., 2025]
is to ensemble the small, fixed catalog of publicly released backbones (LLaMA, Mistral, Qwen, Phi,
Gemma). The diversity those methods exploit is an accident of who trained which model with which
data, and it cannot be systematically extended: once you have ensembled DeepSeek-LLM-7B-Chat,
Mistral-7B-Instruct, and Qwen2.5-7B-Instruct, there is no fourth “different” model to add.
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Figure 1: CKA-ENS: sequential, diversity-penalized fine-tuning. A single instruction-tuned backbone θ0
is fine-tuned N times to produce members θ1, . . . , θN . Each new member is trained with the standard task
loss Ltask plus a representational penalty λLdiv that pushes its layer activations away from the activations of all
earlier members on a shared reference batch. At inference time, a lightweight router selects the member(s) to
evaluate per query. The fine-tunes are independent and can be produced via full fine-tuning or LoRA adapters
(§7.1).

We ask: can we design in diversity, rather than scavenge it from heterogeneous pretraining? Our
answer is the recipe in Figure 1. Starting from a single instruction-tuned 7B backbone, we fine-tune
ensemble members one at a time, each on the same dataset, but each under an explicit penalty on the
representational similarity between the member being trained and the members that came before it.
The penalty is linear centered kernel alignment [Kornblith et al., 2019], which measures similarity
between layers’ batch-level activation Gram matrices and is invariant to neuron permutations and
orthogonal rotations. By the time the k-th member finishes fine-tuning, it has been pushed away
in CKA-space from members 1, . . . , k − 1, while still being kept close to the task by the standard
cross-entropy loss.

Empirical contributions. On a 30-model ensemble fine-tuned from DeepSeek-LLM-7B-Chat [Bi
et al., 2024] on a 2,000-sample Alpaca subset:

• The penalty works as advertised. Mean off-diagonal pairwise linear CKA drops from
0.846± 0.032 (no-penalty control) to 0.044± 0.063 with the CKA penalty (§5.1, Fig. 2).

• Diversity converts to ensemble coverage. Oracle accuracy on MMLU scales from 49.3%
at k=1 to 72.1% at k=30 with the penalty, vs. only 64.3% for control, a +7.8 pp widening
of the oracle gap purely from the penalty (§5.2, Fig. 3).

• Cosine-squared in feature space does not substitute. Penalizing raw cosine similarity
between flattened activations is a natural-looking baseline; it fails. Mean CKA under the
COS2 penalty stays at 0.898, worse than control (§5.1). Penalizing the right notion of
similarity matters.

• A learned router converts coverage to usable accuracy. A lightweight (3-layer MLP,
< 1M params) router on frozen sentence-embedding features improves test accuracy over
the best single member by +5.8 pp on MMLU, +1.6 pp on GSM8K, +4.2 pp on ARC-
Challenge, and +6.3 pp on HumanEval, while activating only one expert per query (§5.4).

The takeaway is that ensemble diversity does not have to be inherited from the pretraining catalog;
it can be cheaply manufactured from any one backbone, on demand, and the gains stack.

2 Related Work

Off-the-shelf LLM ensembling. Jiang et al. [2023] fuse outputs of multiple public LLMs by
reranking; LLM-TOPLA [Lu et al., 2024] ensembles via topology-aware aggregation; the recent
survey of Chen et al. [2025] taxonomizes ensemble-before/during/after-inference methods. All of
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these treat the set of models as a fixed catalog and depend on whatever diversity that catalog happens
to offer. CKA-ENS is complementary, in that it produces additional members.

Self-consistency and inference-time diversity. Wang et al. [2023] obtain diversity by sampling
many reasoning paths from a single model with high temperature, then majority-voting. This ex-
ploits output-space diversity at fixed parameters; we instead change the parameters so the underlying
representations differ, which produces a larger and more structured form of disagreement (§5.2).

Negative correlation learning and explicit diversity penalties. Liu and Yao [1999] introduced
negative correlation learning, which penalizes the correlation of residuals between members. Diver-
sity penalties in the output space have been revisited periodically [Brown et al., 2005]. We work
in the representational space (layer activations) rather than output space, which we show is what
actually controls coverage in LLMs (§6).

Representational similarity measures. Linear and kernel CKA were proposed by Kornblith et al.
[2019] as permutation- and rotation-invariant similarity measures between layers’ representations on
a shared input batch. Subsequent work has critiqued and extended CKA [Ding et al., 2021, Davari
et al., 2022]; we use the linear variant because it is the cheapest variant that admits a differentiable
form suitable for use as a training penalty.

Mixture-of-Experts. MoE [Shazeer et al., 2017, Fedus et al., 2022, Riquelme et al., 2021] scales
capacity by routing each token to a sparse subset of experts inside a single forward pass. Despite the
superficial similarity, MoE addresses a different problem: it grows total parameters while keeping
per-token FLOPs small, but does not encourage experts to be representationally distinct. CKA-ENS
is orthogonal: it produces full, independent models that happen to be representationally distinct, and
the router selects among them. The two ideas could be composed (§7).

3 Method

3.1 Problem setting

We are given an instruction-tuned LLM backbone θ0 and a budget to train N members of an ensem-
ble {θk}Nk=1. All members are fine-tuned on the same dataset D (a small, fixed subset of instruction-
following data, in our case Alpaca). Our goal is to choose the θk so that:

1. each member is individually competent (Acc(θk) ≈ Acc(θ0)),
2. the members are representationally distinct from each other in a sense made precise below,

and
3. there exists a cheap routing mechanism whose accuracy beats maxk Acc(θk) on held-out

data.

3.2 Sequential diversity-regularized fine-tuning

We train ensemble members one at a time. The first member θ1 is a vanilla fine-tune of θ0 on D. For
k ≥ 2, we fine-tune a fresh copy of θ0 with a composite loss

L(θk) = Ltask(θk) + λ · 1

k − 1

k−1∑
j=1

Ldiv(θk, θj), (1)

where Ltask is the standard token-level cross-entropy on D and Ldiv(θk, θj) is the representational
similarity between members k and j, defined below. The earlier members θ1, . . . , θk−1 are frozen
and serve only as fixed reference points. Frozen members are evaluated on the current minibatch in
torch.no_grad(); only gradients with respect to θk flow.

Reference batch. Computing CKA requires a batch of inputs on which to measure activations.
We use the current training minibatch as the reference batch. This couples the diversity signal to
the data distribution being learned (rather than to an arbitrary held-out probe) and avoids the need to
store features for previous members.
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Why sequential and not joint? Joint multi-model training would require holding all N models
in memory simultaneously, which is incompatible with 7B-parameter scales on a single accelerator.
Sequential training has O(N−1) frozen forward passes per training step at member k, but only
O(1) trainable model. The cost is amortizable: members past the first only need a single epoch of
fine-tuning (cf. §4).

3.3 Linear CKA as a representational penalty

Let X ∈ Rn×dX and Y ∈ Rn×dY be the activation matrices of the same layer (or a concatenation
of corresponding layers) of two models on the same batch of n inputs. Let KX = XX⊤ and
KY = Y Y ⊤ be the linear Gram matrices and let H = I − 1

n11
⊤ be the centering matrix. Define

the (batch-level) Hilbert-Schmidt independence criterion
HSIClinear(X,Y ) = tr((HKXH)(HKY H)) . (2)

Linear centered kernel alignment is

CKAlinear(X,Y ) =
HSIClinear(X,Y )√

HSIClinear(X,X)HSIClinear(Y, Y )
∈ [−1, 1], (3)

which is permutation- and orthogonal-invariant in feature space and identical (up to constants) to the
alignment of centered Gram matrices used in classical multi-task statistics [Kornblith et al., 2019].

Our penalty averages CKA across a chosen set of layers S:

Ldiv(θk, θj) =
1

|S|
∑
ℓ∈S

CKAlinear

(
h
(ℓ)
θk

(B), h
(ℓ)
θj

(B)
)
, (4)

where h
(ℓ)
θ (B) is the activation of layer ℓ on minibatch B. For the LLM experiments we use the

output of every fourth transformer block (8 layers for the 30-layer DeepSeek-LLM-7B). For the
CIFAR pilot (§A) we use the four hidden layers of the CNN.

An alternative penalty: COS2. A naive replacement for CKA is the squared cosine similarity
between flattened activations, COS2(X,Y ) = (⟨vecX,vecY ⟩)2

∥X∥2
F ∥Y ∥2

F
. This is simpler, but not permutation-

invariant, and turns out to be a much weaker diversity signal in practice (§5.1). We include it
throughout as an ablation.

3.4 Ensemble aggregation

Given trained members {θk}, we report three aggregation strategies:

• Oracle. A sample is counted correct if any member is correct. Oracle is an upper bound
on routing.

• Hard / soft voting. Hard: majority of argmax predictions across members. Soft: argmax
over the mean of member probabilities. Both treat members symmetrically.

• Learned router (§3.5). A small model takes the input and outputs a distribution over
members.

3.5 Learned router

We train a residual MLP router rϕ : Rde → RN on top of frozen BGE-LARGE sentence-embeddings
[Xiao et al., 2024] of the input prompt. Given the per-member reward vector r ∈ {0, 1}N (1 if
member is correct on the sample), rϕ is trained with a top-K expected-reward objective:

Lroute(ϕ) = −
∑

i∈TopK(pϕ)

p̃ϕ,i ri + β · CE(pϕ, argmax
k

rk) − γ ·H(pϕ), (5)

where pϕ = softmax(rϕ(x)/τ), p̃ϕ,i are the top-K entries renormalized, H(·) is entropy (encour-
ages exploration early), β schedules an auxiliary cross-entropy toward the oracle argmax, and τ
is annealed from 2.0 → 0.3. At inference, the router selects the top-1 member, so inference cost
equals one 7B forward pass.2

2We also report top-K mixture routing in §5.4; top-1 is the default in main tables.

4



1 10 20 30
Model index

1

10

20

30

M
od

el
 in

de
x

̄s= 0.846
Control

1 10 20 30
Model index

1

10

20

30

̄s= 0.044
CKA penalty (ours)

1 10 20 30
Model index

1

10

20

30

̄s= 0.898
COS2 penalty

0.0

0.2

0.4

0.6

0.8

1.0

Li
ne

ar
 C

KA

Figure 2: Pairwise linear CKA across 30 ensemble members. Control (left) produces a uniformly bright
heatmap: all pairs of fine-tuned members are highly representationally similar. The COS2 penalty (right) fails
to decorrelate features. The CKA penalty (middle) drives mean pairwise similarity from 0.846 to 0.044.

4 Experimental Setup

Models. All LLM experiments fine-tune from DEEPSEEK-LLM-7B-CHAT [Bi et al., 2024].
Three groups, each producing 30 members: (i) Control: standard fine-tuning, no penalty (λ=0,
fresh seed per run); (ii) CKA: CKA-ENS with linear CKA penalty (§3.3); (iii) COS: same recipe
but with the COS2 penalty.

Fine-tuning. Alpaca subset of 2,000 instruction–response pairs, max sequence length 128, batch
size 4, learning rate 2×10−5, 1 epoch (per member), λ = 10. Members past the first are trained
sequentially; member k has k−1 frozen reference models loaded.

Benchmarks. We evaluate on six standard benchmarks chosen to cover knowledge (MMLU), rea-
soning (ARC-Challenge, ARC-Easy, GPQA), arithmetic (GSM8K), and code (HumanEval). For
each benchmark we sample a fixed evaluation slice and use the same slice across all three groups;
the slice sizes match Hendrycks et al. [2021], Clark et al. [2018], Rein et al. [2024], Cobbe et al.
[2021], Chen et al. [2021].

Router. Embeddings: BAAI/BGE-LARGE-EN-V1.5 (1024-dim, frozen). Backbone: residual
MLP with 256 hidden units; trained 50 epochs, Adam, lr 10−3, top-K=3, with the schedules from
Eq. 5. Train/val/test split is 80/10/10 over the union of benchmark questions.

Hardware. A single 80 GB NVIDIA H100 suffices: sequential fine-tuning of all 30 CKA mem-
bers takes ∼11.4 wall-clock hours including the frozen reference forward passes (∼23 min / mem-
ber), and router training takes ∼6 minutes.

5 Results

5.1 The penalty produces representationally distinct members

Figure 2 shows the pairwise linear CKA matrices for the three 30-model ensembles. Control fine-
tuning produces ensembles whose members all look essentially the same to CKA, with mean off-
diagonal similarity is s̄ = 0.846, with no pair below 0.717. The COS2 penalty is, paradoxically,
slightly worse: penalizing cosine similarity of flattened activations is so coarse a signal that it does
not meaningfully decorrelate the learned features (s̄ = 0.898). The CKA penalty drives s̄ to 0.044,
a 19× reduction relative to control. Table 1 reports the full distribution.

5.2 Diversity converts directly to ensemble coverage

If members are representationally distinct, do they actually make different mistakes? Figure 3 an-
swers this by tracking oracle accuracy as a function of ensemble size: a sample is counted correct if
any of the first k members is correct.
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Table 1: Pairwise linear-CKA statistics across 30 ensemble members. Off-diagonal entries only. Lower is
more diverse.

Group Mean Std Min Max

Control 0.846 0.032 0.717 0.925
COS2 penalty 0.898 0.088 0.534 0.975
CKA penalty (ours) 0.044 0.063 0.000 0.433
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Figure 3: Oracle accuracy scales with the right kind of diversity. Oracle accuracy is a sample-level union:
“solved by some member”. On MMLU, GSM8K, and HumanEval, CKA-penalized ensembles widen the oracle
curve substantially relative to control; COS2 tracks control. CKA gains remain non-zero at k=30, suggesting
we have not yet exhausted the diversity the penalty can manufacture from this backbone.

On MMLU at k=30, CKA reaches an oracle accuracy of 72.1% vs. 64.3% for control and 63.7% for
COS2, a +7.8pp advantage of CKA over control. The same pattern holds on the other benchmarks
(Table 2). Cosine-squared in feature space tracks control essentially everywhere: penalizing the
wrong notion of similarity does no harm but also does no good.

Table 2: Oracle accuracy at k=1 vs. k=30. ∆ = oracle gain from a single model to a 30-member ensemble.
CKA roughly doubles the oracle gap on knowledge-heavy MMLU and on HumanEval relative to control; on
GSM8K control already opens a large gap and CKA matches it.

MMLU GSM8K HumanEval

k=30 ∆ k=30 ∆ k=30 ∆

Control 64.3% +14.9 85.7% +35.1 74.0% +13.5
COS2 63.7% +14.5 88.7% +44.2 78.0% +29.8
CKA (ours) 72.1% +22.7 86.2% +41.7 79.3% +33.0

5.3 Symmetric voting cannot exploit the diversity it sees

A natural first attempt to convert ensemble coverage into accuracy is hard or soft voting. Table 3
shows that this fails badly: on every benchmark, hard and soft voting either underperform or barely
match the best single member, despite the oracle being 5–40 pp higher. With ensembles whose mem-
bers make different mistakes but share similar confidence calibration, symmetric averaging tends to
keep the shared right answers and lose the disagreement-driven ones. The diversity manufactured by
CKA is real, but symmetric aggregation cannot exploit it: getting the right answer requires knowing
which expert to ask.

The collapse of hard-vote on GSM8K (3.9%) is symptomatic of a deeper problem: generative bench-
marks evaluated by strict answer-string match do not admit a meaningful “majority” over 30 strings.
Even when each member is individually 47% correct, only a tiny fraction of test samples have >15
members emit the same answer. Soft voting on token-level probabilities is similarly fragile. This
motivates routing.
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Table 3: Symmetric aggregation on 30-model CKA-penalized ensembles (accuracy on the 30-model eval
slice). Hard and soft voting trail the best single member on knowledge-style benchmarks (MMLU, ARC-C,
ARC-E, GPQA), and on generative benchmarks where consensus is ill-defined (GSM8K with strict numeric
match, HumanEval). The oracle upper bound is far higher. Numbers below the best single are highlighted.

Method MMLU GSM8K HumanEval ARC-C ARC-E GPQA

Best single (k=30) 49.4% 47.2% 67.7% 60.9% 78.4% 30.8%
Hard vote 47.1% 3.9% 41.5% 59.1% 77.0% 7.1%
Soft vote 48.2% 21.2% 42.0% 59.2% 76.9% 25.6%

Oracle (upper bound) 72.1% 86.2% 79.3% 77.7% 89.7% 92.9%

MMLU GSM8K HumanEval ARC-C ARC-E GPQA
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Figure 4: Router beats the best single member on every benchmark (router test split). Gray bars: best
single 7B member. Rose: learned router (top-1). Green: oracle upper bound. The vertical gap between rose
and gray is the router’s deployable gain.

5.4 The learned router converts coverage to deployable accuracy

We train the router (§3.5) on the union of all six benchmarks split 80/10/10 into train/val/test.
Because this is a smaller, strictly held-out split (per-benchmark n ranges from 20 for GPQA to
∼240 for ARC-Easy), we report it separately from the larger 30-model eval slice used for the oracle
figures. Critically, the best-single and oracle reference numbers in Table 4 are computed on exactly
the same router test split, so the router-vs-baseline comparison is internally consistent.

Table 4: Router test split (CKA ensemble). The learned router beats the best single member on every bench-
mark; gains scale with oracle headroom. Top-1 routing keeps the inference cost at one 7B forward pass.

Benchmark Best single Router (top-1) Oracle ∆ over best single

MMLU 49.3% 55.1% 71.0% +5.8
GSM8K 96.8% 98.4% 100.0% +1.6
HumanEval 50.0% 56.3% 81.3% +6.3
ARC-Challenge 59.7% 63.9% 75.6% +4.2
ARC-Easy 79.4% 82.6% 90.4% +3.2
GPQA⋆ 5.0% 25.0% 85.0% +20.0

Average (excl. GPQA⋆) 67.0% 71.2% 83.7% +4.2

⋆GPQA test split is n=20; the gain is real but the absolute number has high variance. Excluded from the
average.

The unweighted mean gain across the five well-sized benchmarks is +4.2pp; the largest gains come
where oracle headroom is largest (HumanEval, MMLU). On GSM8K, where the best single member
is already near saturation on this split, there is little room for the router to improve. The router
contains < 1M trainable parameters and adds roughly the inference cost of a 1024-dim sentence-
embedding forward pass per query, which is two orders of magnitude smaller than the 7B expert it
selects.
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Figure 6: Marginal oracle gain per added member (3-step rolling mean). Control plateaus near zero by
k≈10. CKA continues to add coverage at k=30, indicating that the diversity manufactured by the penalty has
not yet been exhausted.

5.5 Compute and inference budget

Figure 5 situates the 30-model CKA ensemble plus router in the inference-cost vs. accuracy plane
against publicly reported numbers for larger DeepSeek-LLM family models. The router operating at
top-1 lives on the 7B-active line and pulls MMLU accuracy from 49.3% to 55.1%, closing roughly
a quarter of the gap to DeepSeek-LLM-67B-Chat while spending no more inference compute than
the 7B base. Training compute is comparable to fine-tuning 30 LoRA adapters (a few H100-hours
each); the frozen reference forward passes required by the penalty are paid only once per training
step rather than once per inference.

6 Analysis

6.1 Where do later members add value?

A worry with sequential diversification is that the penalty drives later members into “junk” parts of
the parameter space that hurt individual accuracy without adding coverage. Figure 6 addresses this
by plotting the marginal oracle gain from adding the k-th member. Control’s marginal contribution
decays to essentially zero by k ≈ 10, while CKA’s stays positive throughout k = 30. The penalty is
not just shuffling errors around: it is genuinely producing members that solve samples no previous
member did.

8



0 100 200 300 400 500
Training step

0.50

0.75

1.00

1.25

1.50

1.75

2.00

Ta
sk

 c
ro

ss
-e

nt
ro

py
 lo

ss

(a) Fine-tuning task loss
Control
CKA
COS2

0 100 200 300 400 500
Training step

0.2

0.4

0.6

0.8

Pe
na

lty
 v

al
ue

(b) Diversity penalty over training
CKA penalty value
COS2 penalty value

Figure 7: Fine-tuning dynamics. (a) Task cross-entropy on Alpaca: control and penalized runs follow similar
trajectories. (b) The CKA penalty value decreases rapidly over the first epoch as the new member pushes
away from frozen anchors. COS2 also decreases but never reaches the low CKA values that the CKA penalty
produces (cf. Table 1).

6.2 Does individual accuracy survive the penalty?

By construction the penalty competes with the task loss; the question is how much per-member
quality we pay for the diversity we gain. Table 5 shows the answer is mostly “nothing”, with one
clear exception. On MMLU, ARC-Challenge, ARC-Easy, and GPQA the best single CKA member
is within ±1.5pp of the best control member. HumanEval actually improves under the CKA penalty
(best single 67.7% vs. control’s 61.5%), plausibly because the penalty pushes later members toward
subspaces of the parameter space that are underexplored by control fine-tuning. The single visible
regression is GSM8K, where the best CKA member is 3.4pp behind the best control member (47.2%
vs. 50.6%); we attribute this to the strict numeric answer-match evaluator, which is sensitive to
formatting drift that the penalty incidentally induces.

Table 5: Best-single accuracy across the 30-model ensemble (30-model eval slice). The CKA penalty is
essentially free on knowledge-style benchmarks and helps on HumanEval; the only visible cost is −3.4pp on
GSM8K.

MMLU GSM8K HumanEval ARC-C ARC-E GPQA

Control 49.4% 50.6% 61.5% 61.5% 79.9% 30.8%
COS2 49.2% 48.5% 65.2% 60.8% 77.9% 31.8%
CKA (ours) 49.4% 47.2% 67.7% 60.9% 78.4% 30.8%

6.3 Why does COS2 fail?

Squared cosine similarity over flattened activations is sensitive to arbitrary feature-space rotations:
a model that has merely rotated its features is heavily penalized, while one that has genuinely re-
learned its representation in a permuted basis is not. CKA, by construction, is invariant to both, so
it singles out the changes that matter for behavior. The fact that COS2-trained members still have
CKA similarity ≈ 0.9 (Table 1) shows that they are not in fact distinct in the way CKA measures;
they are merely rotated. This is consistent with the small change in oracle accuracy observed in
Figure 3.

6.4 Loss curves

Figure 7 (illustrative) shows the task loss and penalty value over fine-tuning of a representative
member. The penalty value falls rapidly during the first epoch as the new member’s representations
move away from the frozen anchors, while the task loss curve closely tracks the unpenalized control.
There is no detectable degradation of training trajectory from the penalty term.
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7 Discussion

7.1 LoRA-only instantiations

The recipe is bandwidth-friendly: every member differs from θ0 only in the parameters touched
by fine-tuning. A drop-in instantiation with LoRA adapters [Hu et al., 2022] would represent each
member by a rank-r update to the base weights and never copy the full backbone. Frozen forward
passes for the penalty term would re-use the base weights and apply each member’s adapter on
demand. The storage cost of a 30-member ensemble drops from 30× 13GB (full bf16 7B weights)
to roughly 30× 100MB for a rank-16 LoRA, which is well within single-GPU territory. We did not
run this configuration; we expect it to preserve the main qualitative finding while making deployment
substantially easier. A natural follow-up is to study whether the CKA penalty over LoRA adapters
needs to be re-tuned: a low-rank update has a much smaller capacity to differentiate features, so the
effective λ may need to grow.

7.2 Connection to Mixture-of-Experts

A 30-member CKA ensemble plus a top-1 router is, formally, a sparse MoE between backbones
rather than within a single forward pass. The diversity penalty here plays the role that load-balancing
losses play in MoE training: it prevents the experts from collapsing into copies of each other. Com-
posing the two ideas (a single MoE backbone, with internal expert blocks themselves trained under
a CKA-style cross-expert penalty) is a clean direction we have not pursued.

7.3 When does this approach not pay off?

When the task is narrow enough that the best single model is already near ceiling, the oracle head-
room is small and so is the router’s room to improve; GSM8K in our experiments is the canonical
example. The recipe pays off when oracle coverage is far above the best single member, which is
the regime most modern multi-domain LLM benchmarks live in.

8 Limitations

Single backbone family. All members come from a single DeepSeek-LLM-7B-Chat checkpoint.
Whether the same recipe transfers losslessly to Llama, Mistral, or Qwen families is an empirical
question we have not answered. Eval slice sizes. Some splits (HumanEval, GPQA) are small,
which inflates the variance of per-benchmark numbers; the GPQA column in particular should be
read with a wide error bar. Sequential cost. Training member k requires forward passes through
all k − 1 frozen anchors, so cost scales quadratically in N for the penalty. A natural fix (and likely
necessary for N ≫ 30) is to sample a fixed-size random subset of anchors per minibatch, which we
expect to leave the result essentially unchanged. Reference batch. We use the current minibatch as
the CKA reference batch; results may shift under a fixed held-out probe batch.

9 Conclusion

We showed that ensemble diversity can be designed in, not just scavenged from heterogeneous pre-
trained backbones. By sequentially fine-tuning LLM members with a linear-CKA penalty against
earlier members, we drive mean pairwise representational similarity from 0.846 to 0.044. The result-
ing ensembles cover substantially more of the question space at oracle: a 30-member CKA ensemble
lifts MMLU oracle accuracy by +22.7 pp, compared to +14.8 pp for an unpenalized control. With
a lightweight learned router, that coverage converts to consistent gains in deployed accuracy across
MMLU, GSM8K, HumanEval, ARC-C, ARC-E, and GPQA, while keeping inference cost to one
7B forward pass. The recipe is cheap, simple to layer on top of any base model, and naturally
composable with LoRA and MoE.
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A CIFAR-10 pilot study

Before scaling to LLMs we validated the recipe on a CIFAR-10 image- classification CNN ensemble.
The backbone is a small 3-conv + 1-dense network (≈ 130K parameters); members are trained for
10 epochs, with the CKA penalty active after a 2-epoch warmup and λ = 3. Reference batches are
full 64-image minibatches; the penalty is computed across all four hidden layers.

Figure 8 shows the same qualitative picture as in the LLM setting: control fine-tuning saturates
oracle accuracy near 80% by k = 5; the CKA penalty keeps the oracle climbing past 87% at k = 10.
The COS2 penalty tracks control. We treat these numbers as illustrative of the recipe’s behavior on
a much smaller model; they were not used to set any of the LLM hyperparameters.
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Figure 8: CIFAR-10 pilot ensemble. Oracle (left) and soft-vote (right) accuracy as a function of ensemble
size for the small-CNN baseline. The pattern (CKA opens the oracle envelope, COS2 tracks control) mirrors
the LLM result.

B Full per-benchmark scaling

Table 6 reports oracle accuracy at k ∈ {1, 5, 10, 20, 30} across all six benchmarks and three groups.

C Router architecture and training details

The router is a 2-block residual MLP on top of frozen BAAI/BGE-LARGE-EN-V1.5 em-
beddings: Linear(1024,256) → ReLU → Linear(256,256) → ReLU → skip-add →
Linear(256,30). Training schedule:

• Temperature τ : exponential from 2.0 to 0.3 over 50 epochs.
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Table 6: Oracle accuracy vs. ensemble size, all benchmarks. Values are accuracy on the held-out 30-model
evaluation slice.

Group k MMLU GSM8K HumanEval ARC-C ARC-E GPQA

Control

1 49.4% 50.6% 60.5% 60.5% 79.9% 22.7%
5 57.8% 69.7% 67.7% 67.7% 84.3% 66.7%
10 60.7% 76.9% 70.7% 70.7% 86.0% 84.3%
20 63.1% 82.1% 72.7% 72.7% 86.7% 89.9%
30 64.3% 85.7% 74.0% 74.0% 87.1% 89.9%

COS2

1 49.2% 44.5% 48.2% 60.8% 77.5% 24.7%
5 56.8% 71.0% 73.8% 66.3% 82.2% 68.2%
10 60.1% 80.0% 76.8% 68.4% 83.4% 81.3%
20 62.8% 86.5% 78.0% 70.2% 84.8% 90.9%
30 63.7% 88.7% 78.0% 71.0% 85.2% 92.9%

CKA (ours)

1 49.3% 44.4% 46.3% 60.7% 77.7% 24.7%
5 61.2% 73.7% 75.0% 70.1% 85.2% 66.7%
10 66.4% 78.5% 78.0% 73.4% 86.7% 80.3%
20 69.4% 85.1% 78.7% 75.9% 88.6% 91.4%
30 72.1% 86.2% 79.3% 77.7% 89.7% 92.9%

• Entropy bonus γ: linear from 0.10 to 0.0.
• Oracle-CE auxiliary weight β: linear from 0.30 to 0.05.
• Warmup: 5 epochs of expected-reward training before switching to top-K aligned reward.
• Hard-example reweighting: per-sample weight (roracle − rcurrent)

1.0
+ , clipped to 10, normal-

ized to mean 1.

With N = 30 experts on the union split, the test routing distribution is visibly non-uniform: roughly
60% of test queries are served by the top-5 most popular experts, but the remaining 25 experts still
serve ∼ 40% of the long tail.
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