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ABSTRACT

Enabling the reuse and composition of knowledge and capabilities distributed across foundation
models is an important step toward building scalable artificial intelligence (AI) systems. How-
ever, architectural differences and incompatible representations make it difficult to transfer and in-
tegrate these capabilities through a unified cross-model interface. To address this challenge, we
propose SuperAl, a cross-architecture multi-model fusion framework that integrates complemen-
tary capabilities from multiple source models into a host model through orthogonal alignment of
low-dimensional task-relevant representations. Specifically, we first extract task-relevant represen-
tations from the source models and the host model using shared anchor samples, and apply principal
component analysis (PCA) to construct low-dimensional functional subspaces with the same di-
mensionality. Next, we use orthogonal Procrustes mappings to align the source and host coordinate
systems, establishing cross-model correspondences while preserving the internal geometry of each
source subspace. Finally, we train a lightweight residual multilayer perceptron (MLP) with joint
supervision on task outputs and source-model increments, learning input-dependent residual incre-
ments that are injected into the host model for multi-model capability fusion. Experiments on three
host models across 15 capability domains show that SuperAl achieves higher average domain scores
than the evaluated cross-architecture fusion methods and better preserves general capabilities as the
number of source models increases. Ablation studies further support the effectiveness of orthogonal
alignment, nonlinear residual mapping, and joint supervision.

1 Introduction

Foundation models [Qwen et al.| 2025, (OLMo et al.| 2024, Team et al.,[2025| |Shi et al.| 2026a] develop complementary
capabilities shaped by diverse training data, objectives, and architectures. These capabilities remain distributed across
models [Ramtoula et al., 2026, Dou et al., [2026al [Wei et al., 2026, |Shi et al.l [2026bl [Dou et al.l [2026bl, [Li et al.,
2026, |Shi et al., [2026c], while acquiring new ones through further training is costly. Reusing and composing existing
capabilities [Akiba et al.l|2025]] therefore offers an important path toward scalable artificial intelligence (AI) systems.

Existing approaches [Wortsman et al., 2022} [[lharco et al., [2022, [Yoshida et al.l [2026] reuse capabilities through pa-
rameter merging [Akiba et al.| [2025]], knowledge distillation [Ko et al., 2024]], and multi-model collaboration [Wang
et al., |2025]]. Conventional parameter merging combines weights |Yadav et al.| [2023]] or task vectors |Ortiz-Jimenez
et al.| [2023]] but generally requires compatible architectures and parameter structures. Knowledge distillation trans-
fers information from source-model outputs or intermediate representations through additional host-model training,
while routing and collaboration invoke different models according to the input and typically retain multiple models at
deployment.
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We hypothesize that heterogeneous models can residual fusion.

learn structurally corresponding task representa-
tions. Using shared anchor samples, we observe that these representations can be approximately aligned through
orthogonal mappings in low-dimensional functional subspaces while preserving each source subspace’s geometry.
However, alignment alone does not guarantee task improvements, as transferred information must also be compatible
with downstream host computation.

Building on this insight, we propose SuperAl, a cross-architecture multi-model capability fusion framework that in-
tegrates complementary capabilities from multiple source models into a host model through orthogonal subspace
alignment. Specifically, we first extract task-relevant representations from the source models and the host model us-
ing shared anchor samples, and apply principal component analysis (PCA) to construct low-dimensional functional
subspaces with the same dimensionality. We then use orthogonal Procrustes mappings to align their coordinate sys-
tems. Finally, we train a lightweight residual multilayer perceptron (MLP) with joint supervision on task outputs and
source-model increments to predict input-dependent residual increments, which are injected into the host model. This
joint objective uses source-model information to guide residual learning while adapting the increments to the host
model’s task objectives, connecting representation alignment to task-level capability fusion. Our main contributions
are as follows:

* We propose SuperAl, a cross-architecture multi-model capability fusion framework combining orthogonal
subspace alignment with residual injection, providing a unified interface for reusing and composing comple-
mentary capabilities from heterogeneous source models.

* We identify approximately orthogonal cross-model correspondences between task-relevant representations.
Ablations support the effectiveness of orthogonal alignment, nonlinear residual mapping, and joint supervi-
sion on task outputs and source-model increments.

* Across three host models and 15 capability domains, the proposed SuperAl outperforms the state-of-the-art
(SOTA) fusion methods on average and better preserves general capabilities as the number of source models
increases.

2 Related Work

Model Merging and Capability Fusion. Parameter-space merging integrates models [Wortsman et al., | 2022, [[lharco
et al.,[2022] with compatible architectures through weight averaging or task-vector addition, as in model soups and task
arithmetic. Subsequent methods reduce task interference through sign resolution, filtering, conditioning, or loss bal-
ancing [Yadav et al.}|2023| |Qiu et al.| 2026 |Yoshida et al., 2026, Im et al., 2026]], and improve efficiency through low-
rank, orthogonal, or shared parameter structures [Crisostomi et al., 2026/ [Lee et al., 2026, |Yang et al.,|2026, Dhasade
et al.,[2026]. Beyond direct parameter merging, knowledge fusion transfers information through output distributions or
token alignment [Wan et al.| 2024} |2025]], while neuron and component matching reduces representational mismatch
before fusion [Ainsworth et al.|[2022} Singh and Jaggil,|2020, Imfeld et al.||2024]]. For cross-architecture fusion, Trans-
port and Merge aligns activations and layers to guide weight fusion [Cui et al.l [2026], whereas THESEUS [Rinaldi
et al., 2026]] combines functional matching with orthogonal Procrustes alignment to transfer task vectors across model
widths.

Cross-Model Representation Alignment. Representation comparison methods assess statistical similarity using
SVCCA and CKA [Raghu et al 2017, |[Kornblith et al., [2019]], or functional compatibility through model stitch-
ing [Lenc and Vedaldi, 2015, Bansal et al., 2021} /Athanasiadis et al.}|2025]]. Relative representations and latent-space
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Figure 2: Overview of Proposed SuperAlI Framework. Shared prompts are used to align source and host representations through
PCA and orthogonal rotation. All layer pairs are evaluated to select one shared host layer and the corresponding source layers. The
aligned source features define capability increments A., which supervise a shared residual MLP together with task and domain
objectives. At inference, only the frozen host model and the trained MLP are required.

mappings enable explicit representation reuse [Moschella et al}, 2022] [Maiorca et al [2023] Moayeri et all, 2023
Fumero et all, [2024]], while the Platonic Representation Hypothesis suggests shared structure across independently
trained models 2024]. Recent work transfers interventions, probes, and adapters between language mod-
els 2025, /Chen et al} 2026]], and extends alignment to multiple models sharing a reference space
2026]. However, representational correspondence alone does not guarantee effective capability fusion, as aligned
information from multiple source models must also be adapted to the host model’s downstream computation and task
objectives to improve its performance.

3 Methodology

3.1 Orthogonal Subspace Alignment

Let f, be the host model and { £} ;| be K source models. Their hidden dimensions are d, and d,, respectively. For
source model s, we use shared prompts Ay = {a;};-*;. As illustrated in Figure SuperAl first extracts paired source
and host representations from shared prompts and aligns them in low-dimensional subspaces. Let h%m)(ai) be the
hidden state of the last non-padding token at layer ¢,,, of model m € {s, h}. We stack the representations of the same

prompts into H, LEKS) € R™*ds and H f(f“) € R"s*dr_ The representations are paired by prompt, so the models may use
different tokenizers.

For a candidate layer pair, let 1, be the mean hidden state of model m. We center and normalize each representation.
We then project the representations into separate r-dimensional PCA subspaces:

(6m)
h i) — Hm
U (a;) = W(Le )(a )= n , Zm = Up —1¢) )P, m € {s,h}. (D
mase | (@) = i |2- )

Here, € > 0 prevents division by zero. The rows of U, are u,,(a;). The PCA mean is ¢,,, and P, € R4 X7 contains

the principal components, with P,| P,,, = I.. The vector 1 contains ones. We omit the candidate layer indices below
for clarity.

Layer Matching. The coordinates Z, and Z;, have the same dimension, but their axes may differ. We align them with
orthogonal Procrustes:

R: = argmin||Z,R — Z,||%,  Z)Z,=LXV', R:=LV'. 2)
RTR=I.

The aligned source coordinates are /Z\s_> n = ZsR%. The orthogonal map preserves pairwise distances within the source
PCA subspace.

Layer Selecting. Let S;(Zs, ¢;,) be the alignment score of source layer ¢5 and host layer £}, on held-out prompts. For
each candidate host layer, we first select the best source layer. We then combine the scores across source models and
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select one shared host layer:

() = argmax S (Ls, £n), 149 fargmaXZw S ng =1
£s £n s=1
Here, wj is the weight of source model s. With equal weights, ws = 1/K. Source models may use different source
layers and orthogonal maps, but all are mapped to the same host layer ;. In the next section, we use this layer to
construct target feature increments.

3)

We fit the normalization statistics, PCA subspaces, and orthogonal mapping separately for each source model using its
domain-specific training prompts. The mapping establishes cross-model correspondences in low-dimensional func-
tional subspaces while preserving the geometry of the source model representations. We next examine these properties
qualitatively and quantitatively.

Geometric Correspondence Across Models. To
visualize the effect of orthogonal alignment, we
compare paired source model and host represen-
tations before and after applying the learned map-
ping. As shown in Figure [3[a), the representa-
tions initially differ substantially in position, ori-
entation, and density. After alignment, their point
clouds and distribution contours closely overlap, as
shown in Figure[3(b). This result suggests that het-
erogeneous models encode similar task-relevant
information using different coordinate bases while
retaining alignable underlying structures, support-
ing the effectiveness of orthogonal subspace align-
ment in establishing cross-model correspondences.
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Figure 3: Cross-Model Representations Before and After Orthog-
onal Alignment. Source and host representations differ substantially
before alignment and become closely aligned afterward.
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crement construction.

3.2 Feature Mapping

The previous section selects a source layer /% and an orthogonal map R for each source model s. It also selects one
shared host layer ¢;. For a prompt a;, we rotate the source PCA coordinates into the host subspace and reconstruct
them in the host hidden space:

—
~

~ ~ T

Zson(ai) = zs(ai) Ry, bson(ai) = Zsonlai) Py + cn. 4)
Here, P, and ¢y, are the host PCA component matrix and mean fitted on the prompts paired with source model s. As
in the previous section, we omit their source index for clarity.

The alignment uses normalized representations. We therefore use b5 (a;) to set the direction and the host hidden
state to set the magnitude:

bs—)h(ai)
max([[bs—n(ai)l2; €)

hssn(as) = pn + |1k (ai) — pall2 Q)
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Here, hy,(a;) is the original last non-padding token hidden state at host layer ¢}, and iy, is the mean hidden state at that
layer for the prompts paired with source model s. We define the target feature increment as the difference between the
mapped representation and the original host representation:

A(ai) = hosnlai) — hi(a;), Asa;) € R (6)

The increment Ag(a;) lies in the host hidden space. It provides a representation-level target for the shared residual
MLP in the next section. At inference time, the MLP predicts increments directly from host hidden states. Source
models and explicit feature maps are not needed.

3.3 Multi-Source Joint Training

Sectionconstmcts a target feature increment A (a;) in the host hidden space for each training prompt from source
model s. We mix training samples from all source models and train one shared residual MLP at the host layer selected
in Section The host model remains frozen. For hidden state h; ; at token position ¢, the MLP predicts an increment
and adds it to the hidden state:

Qi = SILUWaown LN(his)) s Dy = Waplin, iy = hiy +al;,. 7

Here, Wyown € R?*9 and Wy € R *?_ where b is the bottleneck width. The residual scaling factor a controls
the strength of the predicted capability increment injected into the host hidden state. We initialize W,,;, to zero, so
the residual update is zero at the start of training. The MLP updates hidden states at all token positions. Increment
supervision is applied only at p;, the last non-padding position of prompt a,;. This is the position used to extract
features in the preceding sections.

Let s; denote the source model associated with prompt a;, and let A" be the training prompts for source model s. To
account for differences in target magnitude across source models, we define the normalization factor and increment
loss:

1 N

1
s = As i 2, inc =
P |Agr|dh Z || (a‘ )”2 L Ndh Z

a; € Atr i=1

~ 2
Ai,;ﬁz‘ - ASi (aZ)
mx(p, ©

®)

2

where N is the total number of training prompts and € > 0 prevents division by zero.

We also compute cross-entropy against the ground-truth answers. Let 7; be the answer token positions for prompt a;.
The task loss and the joint objective are

Z 10gp9 (yi,t | Qq, yi,<t)a L= )\taskﬁtask + )\inc‘cinc- (9)

1
il teT;

1 N
£as = %7
task N;IT

Here, L5k is the cross-entropy loss on the ground-truth answer tokens, and L;; is the source-increment supervision
loss. The coefficients A\¢as5x and Ajy control the contributions of the two losses. Here, pg is the output distribution
of the host model with the residual MLP. Only the MLP is updated during training. The source identity s; is used to
select the target increment and its normalization factor. At inference time, only the host model and the shared MLP
are needed. Source models, source identities, and explicit feature maps are not required.

4 Experiments

4.1 Experimental Setup

Source Models and Datasets. We select three model families as host models, covering multiple parameter scales
within each family: the Llama includes Llama-3.2-1B, Llama-3.2-3B, and Llama-3.1-8B |Grattafiori et al.| [2024]];
the Pythia includes Pythia-1B, Pythia-2.8B, Pythia-6.9B, and Pythia-12B [Biderman et al.| [2023]]; and the Qwen2.5
includes Qwen2.5-1.5B, Qwen2.5-3B, Qwen2.5-7B, and Qwen2.5-14B |Qwen et al.| [2025]]. We construct a pool of 15
source models spanning science, commonsense and social reasoning, math, code generation, multilingual reasoning,
safety, law, finance, astronomy, medicine, climate science, cyber security, chemistry, and physics. The pool includes
four OFT sources|Yang et al.[[2026],|Q1u et al.|[2023]], Qwen2.5-Coder-7B-Instruct/Hui et al.|[2024]], two MergeBench
source models [He et al.| [2026]], and eight domain-specialized source models. These source models vary in model
family, parameter scale, and training procedure, forming a heterogeneous testbed for cross-architecture capability
transfer and multi-source fusion. The complete source benchmark mapping is provided in the appendix.
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Table 1: Quantitative Comparison of Multi-source Capability Fusion Across Different Host Models. We report the original
host performance and multi-source fusion results across 15 capability domains. The best and second-best results among the fusion
methods are shown in bold and underlined, respectively. Green and red arrows in the Avg. column denote gains and decreases
relative to the corresponding original host.

Method Math  Safety Law  Phys. Sci. C.Sense  Social Code  Multi.  Fin./Bus.  Astro. Med. Climate Cyber Chem. Avg.
Domain 67.7 72.0 46.5 80.9 76.5 81.6 75.2 81.5 69.4 15.0 74.3 58.4 71.4 36.2 49.0 63.7
Host model: Llama-3.2-3B

Original 16.7 56.8 38.0 68.3 67.9 66.2 58.7 39.7 56.1 3.7 60.5 50.9 12.3 31.4 14.0 16.7
THESEUS 24.1 573 40.3 62.9 63.5 60.0 53.8 42.1 44.0 12.7 54.2 40.6 384 347 32,1 44.0 (1 2.7)
T&M 17.6 595 41.2 61.4 64.8 61.7 54.2 41.7 44.3 10.9 49.7 40.3 35.8 312 434 438 (1 2.9)
SuperAl 40.7 70.9 40.8 89.1 69.8 68.2 63.3 28.3 55.0 14.7 57.9 48.2 725 48.9 44.0 542 (1 7.5)
Host model: Qwen2.5-3B

Original 26.3 61.3 39.4 85.1 73.0 77.2 69.0 55.6 71.9 7.0 71.2 53.6 68.1 39.2 45.0 56.2
THESEUS 22.7 55.6 40.5 71.8 56.2 54.0 59.1 415 57.8 134 46.7 372 319 32,6 29.0 433 (] 12.9)
T&M 31.2 61.6 43.8 65.9 63.7 62.8 65.9 53.8 64.9 12.7 55.0 43.4 40.8 341 356 49.0 (1 7.2)
SuperAl 45.7 76.6 535 94.9 825 79.5 69.5 44.2 67.6 9.3 72.4 53.8 73.8 53.8 43.0 613 (15.1)
Host model: Pythia-2.8B

Original 3.7 425 239 242 24.0 20.7 35.7 11.1 23.6 0.7 283 26.2 279 233 27.0 229
THESEUS 1.8 13.4 43 54.9 20.1 319 255 3.8 6.2 6.9 18.2 79 389 32.7 20.5  19.1 () 3.8)
T&M 3.1 20.1 6.0 475 27.1 40.6 322 6.0 9.4 10.3 21.8 11.6 46.0 29.2 231 223 (1 0.6)
SuperAl .0 69.9 31.0 89.2 27.6 18.7 37.5 1.3 29.3 1.0 25.0 27.7 725 33.0 21.0 328 (1 9.9

Evaluation Metrics. We use one predefined primary metric for each domain. Most domains are evaluated with accu-
racy or task-specific variants of accuracy. The main exceptions are code generation and cybersecurity: MBPP |Austin
et al| [2021] is evaluated with Pass@]1 |Chen et al.| [2021]], requiring the generated program to pass the test suite,
while SEVENLLM |Ji et al.|[2024b] uses token-level F1. All metrics are higher-is-better. For multi-source fusion, we
additionally report the unweighted macro average across 15 domains and MMLU |Hendrycks et al.|[2021] to assess
general-capability retention as more source models are merged. More details are in the appendix.

Implementation Details. We use Llama-3.2-3B |Grattafiori et al.|[2024], Qwen2.5-3B |Qwen et al.|[2025], and Pythia-
2.8B |Biderman et al.| [2023]] as host models. Both the PCA subspace dimension and the bottleneck dimension of the
residual MLP are set to 128. We train the models for two epochs using AdamW with a batch size of 4, a learning rate
of 2 x 10~*, and a weight decay of 0.01. The feature increment loss weight is set to 0.5. The residual scaling factor «
is set to 1.0, 0.75, and 0.25 for the three host models, respectively.

4.2 Heterogeneous Multi-Source Merging

Quantitative Comparison Across Host Models. To evaluate SuperAl across host architectures, we jointly fuse
all 15 domain source models into each of three hosts, Llama-3.2-3B, Qwen2.5-3B, and Pythia-2.8B, and compare
the resulting models with THESEUS [Rinaldi et al.| [2026] and Transport and Merge |Cui et al. [2026]]. The results in
Table[T|show that SuperAl achieves the highest average score for all three host models. Specifically, SuperAl improves
the average scores of Llama-3.2-3B, Qwen2.5-3B, and Pythia-2.8B from 46.7, 56.2, and 22.9 to 54.2, 61.3, and 32.8,
corresponding to gains of 7.5, 5.1, and 9.9 points, respectively. Compared with the strongest fusion baseline for each
host, SuperAl improves the average score by 10.2, 12.3, and 10.5 points, respectively. The largest domain-level gains
vary across hosts. Llama improves most in climate and math, by 30.2 and 24.0 points, respectively. Qwen obtains
substantial gains in math, safety, and cyber, improving by 19.4, 15.3, and 14.6 points. Although Pythia achieves
the largest average gain, the post-fusion ranking remains Qwen, Llama, and Pythia, consistent with their original
performance. Therefore, orthogonal subspace alignment provides an effective cross-model interface for heterogeneous
capability transfer, while capability absorption and final performance remain dependent on the host model.

General Capability Retention. To evaluate how well SuperAl pre- (5 tiestus £ Tev 1 superal]

serves the host model’s existing general capabilities during multi-

source capability fusion, we conduct an MMLU retention analysis " /}b;ﬁ
as the number of integrated source models increases from 1 to 15. 34 v ;/

Figure 5] show that MMLU retention decreases for all three methods —
as more source models are integrated, but SuperAl exhibits a sub- /
stantially slower decline and an increasing advantage over the base- 1 4

lines. Specifically, the retention rates of THESEUS and Transport . = ,;5/

and Merge decrease from 96.8% and 97.9% to 61.7% and 70.9%, . - P
respectively, whereas SuperAl retains 88.6% of the original MMLU " ‘ ‘ ‘ —

performance after integrating 15 source models. The widening per- = . LML Rt uow
formance gap indicates that interference accumulates more slowly  Eioyre 5: General capability retention. MMLU re-
under SuperAl as additional source models are introduced. There-  tention of THESEUS, T&M, and SuperAl with 1-15
fore, these results suggest that orthogonal subspace alignment and  source models.

residual injection mitigate interference from accumulating source capabilities, enabling the host model to absorb

domain-specific capabilities while better preserving its existing general capabilities.

Experts
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4.3 Ablation Study

Effect of Training Objectives. To evaluate the roles of
task-output and source-model increment supervision, we
compare A\, = 0, Atask = 0, and the joint objective
across three host models, using cosine-similarity gain to
measure increment matching. The results in Table 2] show
that joint supervision achieves the best downstream perfor-
mance, whereas either signal alone is insufficient. Specif-
ically, A\inc = 0 improves Llama, Qwen, and Pythia by
3.9, 1.3, and 4.2 points but yields negligible increment-
matching gains. Conversely, Aask = O achieves the high-
est matching gains but provides inconsistent downstream
improvements. In contrast, the joint objective improves the
three hosts by 7.5, 5.1, and 9.9 points. Therefore, joint su-
pervision effectively balances source-model guidance with
adaptation to host task objectives, thereby improving the
effectiveness of cross-architecture capability transfer.

Effect of Orthogonal Subspace Alignment. To evalu-
ate the role of orthogonal subspace alignment, we com-
pare No Alignment, PCA Only, PCA with Linear Map-
ping, and PCA with Orthogonal Mapping under identical
training settings. The results in Table [3] show that PCA
with Orthogonal Mapping consistently achieves the best
performance across all three host models. Specifically, it
improves Llama, Qwen, and Pythia by 7.5, 5.1, and 9.9
points, respectively, whereas the other configurations pro-
duce smaller or less consistent gains. It outperforms linear
mapping by 1.0, 3.8, and 5.6 points on the three hosts, re-

Table 2: Effect of Training Objectives. We report average
scores across 15 domains and cosine-similarity gains for three
host models. For each host and metric, the best and second-best
results are bolded and underlined, respectively.

Objective Llama-3.2-3B Qwen2.5-3B Pythia-2.8B
15-domain average score

Original 46.7 56.2 22.9
Ainc =0 506 (13.9) 57.5 (1 1.3) 27.1 (1 4.2)
Atask = 0 448 ([ 1.9) 563 (1 0.1) 240 (1 1.1)
Joint 542 (+7.5) 613 (1 5.1) 32.8 (1 9.9)

Cosine-similarity gain

Ainc = 0 0.0003 —0.0004 —0.0004
Atask = 0 0.0212 0.1003 0.2560
Joint 0.0128 0.0840 0.0913

Table 3: Effect of Orthogonal Subspace Alignment. We
report 15-domain average scores for three host models, with
changes relative to each original host in parentheses.

Mapping Method Llama-3.2-3B Qwen2.5-3B Pythia-2.8B

Original 46.7 56.2 229

No Alignment 476 (1 0.9 56.1(L0.1) 21.0(] 1.9
PCA Only 478 (1 1.1) 569(10.7) 28.6(15.7)
PCA + Linear 532(16.5) 57.5(11.3) 27.2(1 4.3)
PCA + Orthogonal 54.2 (1 7.5) 61.3(1 5.1) 32.8(1 9.9)

spectively. Therefore, orthogonal alignment establishes a reliable cross-model interface by reconciling coordinate
differences while preserving the geometry of PCA-projected source representations.

Effect of Residual Mapper Architecture. To evaluate
whether nonlinear residual mapping is necessary for adapt-
ing aligned source representations to host computation, we
compare a linear mapper with the residual MLP used in Su-
perAl across three host models. The results in Table[d]show
that the linear mapper produces inconsistent performance
changes, whereas the residual MLP consistently achieves
larger gains across three models. The linear mapper im-
proves Llama and Pythia by 3.9 and 7.2 points, respec-
tively, but reduces Qwen performance by 0.2 points. In

Table 4: Effect of Residual Mapper Architecture. We report
average scores across 15 domains for three host models. Paren-
theses indicate score changes relative to the original host.

Mapper Llama-3.2-3B Qwen2.5-3B Pythia-2.8B

Original 46.7 56.2 22.9
Linear 50.6 (1 3.9) 56.0(, 0.2) 30.1(17.2)
MLP 542 (1 7.5) 613(15.1) 32.8(19.9)

contrast, the residual MLP improves Llama, Qwen, and Pythia by 7.5, 5.1, and 9.9 points, outperforming the linear
mapper by 3.6, 5.3, and 2.7 points, respectively. Therefore, the effectiveness of linear mapping for capability transfer
varies across host architectures, whereas nonlinear residual mapping learns host-compatible increments and enables

consistent capability transfer across architectures.

Sensitivity to Residual Scaling. To assess how residual
scaling affects capability transfer, we vary the residual scal-
ing factor o from 0 to 2.0 across three host models. Fig-
ure [6] shows that performance varies non-monotonically
with «, with the optimal setting differing across hosts.
Specifically, Llama-3.2-3B, Qwen2.5-3B, and Pythia-2.8B
achieve their best performance at o = 1.0, 0.75, and 0.25,
respectively. These different optima suggest that the pre-
ferred injection strength depends on the host model. In-
creasing a to 1.5 or 2.0 does not yield consistent additional
gains in average domain performance. Pythia exhibits a
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Figure 6: Sensitivity to Residual Scaling. Average scores
across 15 domains for three host models as the residual scal-
ing factor « varies from O to 2.0.
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more pronounced decline beyond its optimum than Llama, indicating greater sensitivity to residual scaling. Over-
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all, these results support selecting an appropriate scaling factor for each host, as stronger residual injection does not

necessarily improve capability transfer.

Effect of Layer-Pair Alignment Quality. To evalu-
ate whether post-alignment Match scores can guide the
selection of cross-model transfer layers, we compare
source and host layer pairs with weak, medium, and

Table 5: Effect of Layer-pair Alignment Quality. We report 15-
domain averages and post-alignment Match scores; parentheses
show changes from the baseline. Best and second-best results are
bolded and underlined.

optimal match scores while keeping the training data,
residual MLP, and optimization settings fixed. The re-

Layer Pair

Llama-3.2-3B Qwen2.5-3B Pythia-2.8B

sults in Table[5]show that transfer performance improves

15-domain average score

with layer-pair alignment quality. Specifically, weakly — Original 46.7 56.2 22.9

matched layer pairs imprpve Llama, Qwen, and Pythia Weakly Matched  51.1 (1 4.4) 59.0 (1 2.8) 28.4 (1 5.5)
by 44, 28, and 5.5 pOlntS, respectlvely. The gains Medium Matched 53.5 (T 68) 60.4 (T 42) 31.6 (T 87)
increase to 6.8, 4.2, and 8.7 points for the medium- Best Matched 54.2 1 7.5) 61.3 4 5.1) 32.8 * 9.9)

matched pairs, and further to 7.5, 5.1, and 9.9 points for
the best-matched pairs. Meanwhile, the post-alignment

Post-alignment Match score

Match scores of all three host models consistently in-  weakly Matched 0.907 0912 0.964
crease from weakly matched to best-matched pairs. Medium Matched 0.926 0.922 0.967
Higher Match scores indicate more consistent sample re-  past Matched 0.931 0.925 0.976

lationships and functional geometry between source and

host representations, making the aligned source-model increments more compatible with downstream host computa-
tion. These results show a consistent positive relationship between alignment quality and capability transfer perfor-
mance, supporting the use of orthogonal subspace alignment to identify effective representation injection locations for

cross-architecture capability transfer.

4.4 Deeper Analysis

Maximum Stable Fusion Capacity. To evaluate the im-
pact of host model scale on multi-source fusion capability,
we conduct scaling experiments across the Qwen, Llama,
and Pythia model families, measuring the maximum sta-
ble fusion capacity £* and its corresponding average per-
formance gain. The results in Figure [7|show that fusion ca-
pacity generally exhibits a non-decreasing trend as model
scale increases. Specifically, £* increases from 8 to 12 for
Qwen, from 7 to 12 for Llama, and from 9 to 12 for Pythia
at the 7-8B scale. Pythia reaches a capacity of 14 at the 12—
14B scale. At approximately 3B scale, the average gains for
Qwen, Llama, and Pythia are 5.1 4+ 0.57, 7.5 £ 0.84, and
9.9 + 1.31 points, respectively. At the 7-8B scale, all three
families can stably accommodate 12 source models, with the
corresponding gains decreasing to 4.8 + 0.61, 5.2 £ 0.69,
and 8.7 £ 0.78 points. All reported configurations achieve
positive gains across all three random seeds, demonstrating
solid stability in the fusion outcomes. Therefore, within the

[C]Qwen [CJLLaMA [ |Pythia =O-Merged Experts ® Gain Num.3/3

11 ——

1elll] ML 0L

-8B ~12-14B
Model Scale

Figure 7: Effect of Host Model Scale on Multi-source Fu-
sion Capacity. Bars show mean 15-domain gains at the max-
imum stable fusion capacity k*, with error bars indicating
standard deviations across three seeds. Lines show k™; 3/3
denotes positive gains in all three seeds. Missing entries indi-
cate unavailable model scales.

Gain
N

evaluated model families, scaling up the host model increases the number of stably mergeable source models, yet
performance gains do not grow monotonically with size, being further shaped by family-specific characteristics and

the host model’s remaining headroom for improvement.

Domain-Wise Capability Absorption. To evaluate

how host model scale affects domain-specific capabil-
ity absorption, we conduct a scaling analysis within
the Qwen2.5 family across four representative domains:
Math, Safety, Law, and Physics. The results in Table E]
show that SuperAl achieves positive gains across most
model scales and domains. The average gain across the
four domains increases from 4.6 points for Qwen2.5-
1.5B to 14.6 points for Qwen2.5-3B, while remaining
substantial at 14.2 and 12.1 points for the 7B and 14B
models, respectively. Math shows a clear scaling effect,

Table 6: Domain-wise Capability Absorption Across Qwen2.5
Scales. Each cell reports the post-fusion score and its change from
the corresponding base model. Avg. denotes the four-domain
average; best and second-best results are bolded and underlined.

Host Model Math Safety Law Physics Avg.

Qwen2.5-1.5B 14.3 (] 12.3) 725(18.0) 493 (18.5) 94.0 (1 14.1) 57.5(1 4.6)
Qwen2.5-3B  45.7 (1 19.4) 76.6 (1 15.3) 53.5(1 14.1) 94.9 (1 9.8) 67.7 (1 14.6)
Qwen2.5-7B  57.3 (1 40.7) 793 (1 3.3) 563 (1 8.5) 95.7(14.3) 722 (1 14.2)
Qwen2.5-14B  57.7 (1 44.0) 80.2(1 8.9) 59.2( 5.6) 97.9(1 1.1) 73.8(1 12.1)
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with gains of 19.4, 40.7, and 44.0 points for the 3B, 7B, and 14B models. Safety, law, and physics also achieve
substantial improvements at different model scales, suggesting that the optimal scale for capability absorption varies
across domains. These contrasting trends suggest that model size alone does not determine the magnitude of domain-
specific transfer gains. Therefore, increasing host model scale can enhance the absorption of heterogeneous source
capabilities, but the benefits exhibit diminishing returns, potentially because stronger baseline capabilities leave less
room for complementary capability gains.

Generalization Across Datasets and Host COIlﬁgll- (a) Cross-Architecture Generalization (b) Cross-Scale Generalization
rations. To evaluate the generalization of SuperAl, we
conduct experiments along three dimensions: cross- -~
architecture, cross-dataset, and cross-scale generaliza- %
tion. The results in Figure [§[a) show that Llama- /
3.2-3B, Qwen2.5-3B, and Pythia-2.8B achieve aver-
age gains of 5.7, 2.0, and 1.5 points, respectively,
on unseen datasets across Climate, Science, Common
Sense, and Social. Specifically, Figure[§[b) shows that
the Qwen2.5-1.5B, 3B, 7B, and 14B models achieve
average gains of 4.4, 2.1, 5.0, and 5.8 points across the
four domains, respectively, with the 7B and 14B mod- . . - )
o . R Llama-32-38 Quwen2.5-3B Pythia-2.8B. ] Qwen25-15B [] Qwen25-3B [] Qwen2.5-7B Qwen2.5-14B
els exhibiting stronger overall capability absorption. Figure 8: Generalization Across Host Architectures and Scales.
In the Science domain, the gain increases from 1.1 to  Evaluation of SUPERAI in the Climate, Science, Common Sense,
9.2 points as the model scale grows, indicating that and Social domains: (a) generalization to unseen datasets across
larger host models can more effectively absorb source host architectures; (b) generalization performance across host model
capabilities in certain domains. Therefore, SuperAl scales.
enables consistent positive transfer across model ar-
chitectures, unseen data distributions, and parameter scales, supporting orthogonal subspace alignment as a generaliz-
able interface for cross-model capability fusion. However, domain-specific returns remain non-linear and depend on
the host model’s existing capabilities and remaining headroom for improvement.

5 Conclusion

In this work, we introduced SuperAl, a framework for integrating multiple heterogeneous source models into a sin-
gle host model through orthogonal subspace alignment and lightweight residual fusion. Our analysis reveals that
task-relevant representations across different model architectures exhibit approximately orthogonal correspondences
in low-dimensional functional subspaces, providing a shared geometric interface for cross-model capability transfer.
Experiments across 15 capability domains and three host model families demonstrate that SuperAl consistently out-
performs existing cross-architecture merging methods while better preserving the host model’s general capabilities.
Further results across unseen datasets, model architectures, and parameter scales confirm the generalizability of this
approach, while the scaling analysis shows that capability absorption is jointly constrained by model capacity and
representational characteristics. Overall, our findings suggest that aligning and composing functional representations
offers a promising alternative to parameter-level merging for modular and efficient multi-source integration.
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Appendix

This appendix provides additional details, analyses, and discussions that complement the main paper. Appendix [A]
describes the domain-specific source models, training datasets, evaluation benchmarks, and metrics used across the
15 capability domains. Appendix [B] summarizes the notation used throughout SuperAl. Appendix [C] presents addi-
tional experiments on PCA subspace dimensionality, training-data scale, and multi-source scalability. Appendix [D]
provides further details on cross-layer matching and the selection of the shared host layer. Appendix [E] discusses the
current scope and limitations of our evaluation, together with directions for future work. Finally, Appendix [F] provides
additional discussion on several methodological and experimental questions concerning SuperAl.

A Domain-Specific Source Models, Datasets, and Metrics

We describe the source model, merging-training data, and evaluation metric for each of the 15 capability domains.
Training datasets refer to the data used in our merging procedure, rather than necessarily the original fine-tuning
corpora of the source models. All reported metrics are higher-is-better.

Science. We use ScienceQA-OFT-8B as the source model and ARC-Challenge Clark et al.|[2018]] for merging training
and evaluation. The task consists of multiple-choice science questions. We report accuracy, measured by whether the
predicted option matches the reference answer.

Common Sense. We use CommonsenseQA-OFT-8B as the source model and CommonsenseQA [Talmor et al.| [2019]
as the corresponding dataset. The task requires selecting the correct answer to questions involving everyday common-
sense knowledge. The primary metric is multiple-choice accuracy.

Social. We use Social-IQA-OFT-8B as the source model and the BIG-bench Social IQA [Sap et al.[[2019] task for
merging training and evaluation. Questions concern people’s intentions, reactions, and likely consequences in social
situations. We report multiple-choice accuracy.

Math. We use NuminaMath-OFT-8B as the source model and SVAMP |Patel et al.| [2021]] for merging training and
evaluation. The task requires generating numeric answers to arithmetic word problems. We extract the final numeric
value from the generated response and compare it with the reference using relative and absolute tolerances of 1074
The primary metric is numeric answer accuracy.

Code. We use Qwen2.5-Coder-7B-Instruct Hui et al.|[[2024] as the source model and MBPP |Austin et al.| [2021]] for
merging training. We report Pass@1: a task is counted as solved only when a single generated program passes both
the base and additional tests.

Multilingual. We use MergeBench Llama-3.2-3B Multilingual |He et al.|[2026] as the source model and an eight-
language subset of M-ARC |Clark et al.| [2018]]. The task evaluates multiple-choice reasoning across languages. We
report sample-averaged accuracy, pooling correct predictions over all evaluated examples rather than taking an un-
weighted average of per-language accuracies.

Safety. We use MergeBench Llama-3.2-3B Safety He et al.|[2026] as the source model and PKU-SafeRLHF [Ji et al.
[2025]] as the corresponding dataset. The task presents a user request and candidate responses, and asks the model to
select the safer response. We report safer-response selection accuracy. This metric evaluates safety-related response
selection rather than the safety of freely generated responses.

Law. We use Saul-Instruct-v |Colombo et al|[2024] as the source model. Merging training uses the local MMLU
Law subset Hendrycks et al.| [2020]]. Both are formulated as multiple-choice legal questions. The primary metric is
answer-selection accuracy.

Finance/Business. We use Finance Llama-3.1-8B as the source model and FinQA |Chen et al.| [2022] for merging
training and evaluation. The task requires answering questions based on financial information. Numeric answers are
extracted and compared using relative and absolute tolerances of 10~%. For nonnumeric references, we use case-
insensitive reference-answer matching in the generated response. We report the fraction of answers judged correct
under these rules.

Astronomy. We use AstroSage-8B |de Haan et al.| [2025]] as the source model and arXiv astro-ph text for merging

training. Evaluation uses MMLU Astronomy multiple-choice questions. The primary metric is accuracy on MMLU
Astronomy; this score is distinct from language-modeling evaluation on the arXiv training corpus.
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Table 7: Training datasets and evaluation metrics for the 15 capability domains. We list the source models, training datasets,
and corresponding evaluation metrics. All metrics are higher-is-better.

Domain Source Model Training Dataset Task Metric 1

Science ScienceQA-OFT-8B ARC-Challenge Accuracy

Common Sense ~ CommonsenseQA-OFT-8B  CommonsenseQA Accuracy

Social Social-IQA-OFT-8B BIG-bench Social IQA  Accuracy

Math NuminaMath-OFT-8B SVAMP Numeric Answer Accuracy

Code Qwen2.5-Coder-7B-Instruct MBPP Pass@1

Multilingual Llama-3.2-3B Multilingual M-ARC Averaged Accuracy

Safety Llama-3.2-3B Safety PKU-SafeRLHF Safer-response Selection Accuracy
Law Saul-Instruct-v1 MMLU Law Accuracy

Finance/Business Finance Llama-3.1-8B FinQA Answer Accuracy

Astronomy AstroSage-8B Astro-ph Accuracy

Medical HuatuoGPT-01-7B MedMCQA Accuracy

Climate ClimateGPT-7B Climate-FEVER Binary Accuracy

Cyber Security Foundation-Sec-8B SEVENLLM Token-level F1

Chemistry ChemDFM-v1.5-8B MMLU Chemistry Accuracy

Physics FeynTune-S1 Hep-th Continuation Next-sentence Selection Accuracy

Medical. We use HuatuoGPT-01-7B |Chen et al.| [2024] as the source model and MedMCQA [Pal et al.| [2022] for
merging training and evaluation. The task consists of multiple-choice questions covering medical knowledge. We
report accuracy based on agreement with the reference answer option.

Climate. We use ClimateGPT-7B|Thulke et al.|[2024]] as the source model and the local binary formulation of Climate-
FEVER |Diggelmann et al.|[2021]]. The task requires classifying climate-related statements according to the provided
binary labels. The primary metric is classification accuracy.

Cyber Security. We use Foundation-Sec-8B [Kassianik et al.| [2025]] as the source model and SEVENLLM |J1 et al.
[2024a]] for merging training and evaluation. The task requires generating responses to cybersecurity-related instruc-
tions. We report token-level F1 between generated and reference responses, combining token precision and recall.
Scores are computed for individual examples and then averaged over the evaluation set.

Chemistry. We use ChemDFM-v1.5-8B [Zhao et al|[2024] as the source model. Merging training uses a local
mixture of the MMLU High School Chemistry and College Chemistry subsets, containing 165 and 6 training examples,
respectively. Evaluation uses 100 questions from MMLU College Chemistry. The primary metric is multiple-choice
accuracy.

Physics. We use FeynTune-S1 Llama-3.1-8B [Richmond et al.| [2026] as the source model and continuation data
constructed from arXiv hep-th text. The task requires selecting the true next sentence from a set of candidates. We
report next-sentence selection accuracy, measuring whether the selected continuation matches the reference.

Aggregate Evaluation. For multi-source fusion, we report the unweighted mean of the 15 domain scores after ex-
pressing them on a common scale. Each domain receives equal weight, regardless of its evaluation-set size. This
aggregate is a mean of task-specific metrics, rather than a pooled accuracy over all questions. We additionally report
performance on a separate MMLU evaluation set to assess general-capability retention; this score is excluded from the
15-domain average.

Generalization Evaluation. For cross-dataset generalization, we evaluate Science, Common Sense, Social, and Cli-
mate capabilities on OpenBookQA Mihaylov et al.|[2018]], PIQA [Bisk et al.|[2019], CosmosQA Huang et al.|[2019],

and ClimateCheck /Abu Ahmad et al.| [2025]], respectively, none of which is used for capability merging or residual-
MLP training.

B Notation Summary

Table [§] summarizes the notation used throughout SuperAl and groups the main symbols according to the three stages
of the framework: orthogonal subspace alignment, feature mapping, and residual fusion. We use h and s to denote the
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Table 8: Summary of notation used in SuperAl.

Symbol

Definition

Models and representations
fh7 {fS }f{zl

dn,ds

As ={ai};2,

b, h%’")(ai)

Hgm)

Host model and K source models.

Hidden dimensions of the host and source model s.

Shared anchor prompts for source model s and the host.

Layer index and last non-padding-token hidden state of model m € {s, h}.
Matrix of hidden states for prompts in As;.

Subspace alignment
Hm, um(ai)7 Um
Cm7 Pm7 T

Zm

RL Zs~>h
Ss(ls,lr)

Ws

05 (L), £,

Hidden-state mean, centered and normalized state, and matrix of normalized states.
PCA mean, principal-component matrix, and shared subspace dimension.

PCA coordinates of model m for the paired prompts.

Orthogonal source-to-host map and aligned source coordinates.

Held-out alignment score for a source-host layer pair.

Weight of source model s, with Zf;l ws = 1.

Best source layer for a candidate host layer and selected shared host layer.

Feature mapping
2s(ai), Zs—n(ai)
és%h (az)

hs—n(a;)
As(ai)

Source PCA coordinates and their rotated host-space coordinates.
Rotated coordinates reconstructed in the normalized host hidden space.

Mapped host-space representation after magnitude restoration.
Target feature increment hs—p,(a;) — hn(as).

Residual fusion and optimization
hi,t, h;,t

b, W(K’W“’ Wup

qit, Ai,t, (&7

.Azr, Si, N

Pi,y Ps

Ti7 Yi,t, Do
Etasb Einc
)\task7 )\inc, [,
€

Host hidden state before and after residual injection at token position ¢.
MLP bottleneck width, down-projection, and up-projection.
Bottleneck activation, predicted increment, and residual scaling factor.

Source-s training prompts, source identity of prompt a;, and total training-prompt count.
Last non-padding position of prompt a; and source-specific increment normalization

factor.

Answer-token positions, ground-truth token, and model output distribution.
Answer-token cross-entropy and increment-supervision losses.

Loss weights and their weighted joint objective.

Positive constant used for numerical stability.

host model and a source model, respectively, while ¢}, and £ index their corresponding layers. Shared anchor prompts
are used to extract paired hidden representations from the source and host models, which are then normalized and
projected into low-dimensional PCA subspaces. The resulting coordinates are aligned through an orthogonal mapping,
and the alignment scores are subsequently used for source—host layer matching and shared host-layer selection.

After alignment, the source representation is mapped into the host hidden space to construct a source-specific target
feature increment, denoted by Ag(a;). These increments provide representation-level supervision for the residual
fusion module. During joint training, a lightweight residual MLP predicts input-dependent increments from the host
hidden states, and the resulting update is injected into the selected host layer. The training objective combines task-
output supervision with source-increment supervision, controlled by the corresponding loss weights.

For each source model, the host-side normalization statistics, PCA mean, and PCA basis are fitted using the anchor
prompts paired with that source model. Therefore, these quantities are technically source-dependent even when they
belong to the host representation space. To simplify the notation, we omit the corresponding source index whenever
it is unambiguous from the context. The same convention is used for other source-conditioned intermediate quantities
where explicitly carrying the source index would unnecessarily complicate the presentation.

C More Experiments

C.1 Effect of PCA Subspace Dimension
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Table 9: Effect of PCA subspace dimensionality. Each cell re-
ports the 15-domain average score, with the absolute change from
the corresponding base model shown in parentheses. PCA rank

To evaluate the effect of the PCA subspace dimension on

multi-source capability transfer, we vary the PCA rank
from 16 to 512 and compare the performance across
three host models: Llama-3.2-3B, Qwen2.5-3B, and
Pythia-2.8B. The results show in Table [9] that all PCA
rank settings outperform their corresponding base mod-

denotes the requested upper bound.

PCA Rank Llama-3.2-3B Qwen2.5-3B Pythia-2.8B

els, demonstrating that the proposed method effectively Base 467 56.2 229

integrates multi-domain capabilities across different sub- 16 563 (1 9.6) 60.2(14.0) 28.7(1 5.8)
space dimensions. Specifically, Llama-3.2-3B achieves 32 553 (1 8.6) 61.3(15.1) 28.3(15.4)
its highest average score of 56.9 at rank 512, improv- 64 545(17.8) 612(15.0) 29.0(16.1)
ing by 10.2 points over the base model. Qwen2.5-3B 128 542 (1T 7.5) 61.3(15.1) 32.8(1 9.9
attains a peak score of 61.3 across ranks 32 and 128, 256 552 (1 8.5) 60.8(1 4.6) 28.9 (1 6.0)
with a 5.1-point gain. Pythia-2.8B reaches its best score 512 56.9 (1 10.2) 59.8 (1 3.6) 28.9(1 6.0)

of 32.8 at rank 128, yielding a 9.9-point improvement.
Thus, Llama-3.2-3B, Qwen2.5-3B, and Pythia-2.8B deliver optimal performance at ranks 512, 32 and 128, and 128,
respectively. Overall performance does not scale monotonically with increasing rank. A plausible reason is that
higher-dimensional subspaces retain more redundant and complex signals, which complicates optimization for the
mapping module and hurts capability transfer. Considering the overall performance across all three host models, rank
128 achieves a solid balance between information preservation and training difficulty, and is therefore adopted as the
default configuration.

C.2 Effect of Training Data Scale

To analyze the effect of training data scale on multi-
source capability transfer, we vary the maximum num-
ber of training samples per domain from 50 to 1,000 and
compare performance across three host models. The re-
sults in Table|1(0]indicate that even with only 50 samples
per domain, all three models markedly outperform their
respective base models, demonstrating high data effi-

Table 10: Effect of training data volume. Each cell reports the
15-domain average score, with the absolute change from the cor-
responding base model shown in parentheses. The training cap is
applied per domain; domains with fewer examples use all avail-
able training samples.

ciency. As the sample size increases, different host mod- ~ Examples/Domain Llama-3.2-3B  Qwen2.5-3B Pythia-2.8B
els exhibit distinct trajectories: Llama-3.2-3B achieves

its peak average score g)f 57.6 with 200 samples, whereas Base 46.7 562 229
Qwen2.5-3B and Pythia-2.8B reach their highest scores 50 541 (1 7.4) 579(11.7) 27.8(1 4.9)
of 61.3 and 32.8 at 1,000 samples, respectively. These 100 563 (1 9.6) 59.6 (1 3.4) 27.1(14.2)
findings show that increasing training data generally pro- 200 57.6 (1 10.9) 589 (1 2.7) 269 (1 4.0)
motes more adequate capability mappings, yet perfor- 500 55.6 (1 8.9) 60.0(13.8) 27.4 (1 4.5)
mance does not improve monotonically with data scale. 1000 542 (1 7.5 613(15.1) 328(19.9)

An excessive number of samples may introduce redun-
dant or complex patterns, thereby complicating opti-
mization for the mapping module. Overall, the proposed method yields substantial improvements in data-scarce
settings, while larger training sets provide additional gains for certain host models.

C.3 Multi-Source Scalability

To evaluate the scalability of cross-architecture multi-source capability fusion, we incrementally integrated 1-15
source models in a fixed order and compared SuperAl with THESEUS and Transport and Merge (T&M) across four
representative domains and three host architectures. As shown in Figure[9] scores generally declined as more sources
were incorporated. Averaged across the 12 domain—host combinations, SuperAl declined by 7.7 points from 1 to 15
sources, compared with 12.8 and 13.4 points for THESEUS and T&M, respectively. SuperAl achieved the highest
scores at every evaluated source count in Math, Safety, and Physics. At the 15-source endpoint, the sole domain—host
combination in which it did not lead was Law on Llama-3.2-3B, where it trailed T&M by 0.4 points. At that endpoint,
SuperAl exceeded the better of the two baselines in each domain—host combination by 19.2 points on average, with
particularly large margins in Safety and Physics on Pythia-2.8B and Physics on Llama-3.2-3B. These results suggest
that SuperAl mitigates interference under the evaluated fixed source order, although its scores still decline as more
sources are integrated.
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Figure 9: Multi-source scalability across capability domains. Capability scores of SuperAl, THESEUS, and T&M as the number
of merged sources increases across Math, Safety, Law, and Physics.

D Cross-Layer Matching and Shared Host-Layer Selection

This section provides additional details on the selection of the shared host layer. Let £;, denote the candidate host
layers and L, denote the candidate layers of source model s. For each source model, we use prompts that are shared
with the host model:

As = {ai,. (10)

For every candidate layer pair ({5, ¢},), we extract the hidden state of the last non-padding token from both models.
We then apply the normalization, PCA projection, and orthogonal Procrustes alignment defined in Section 3.1} The
mapping is fitted on Agt and evaluated on a disjoint matching set .AY?!. For a validation prompt a;, the aligned source
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coordinate is
20 (g,) = 28 () RUE=En). (11)

s—h

We define the matching score of a candidate layer pair as the mean cosine similarity between the aligned source
coordinates and the paired host coordinates:

1 Lo, b lh.s
Ss(os ) = [y 3 cos (2§_‘>h’)(ai)7z}s’”‘ )(ai)). (12)
S laedAyal

A higher score indicates that the source and host layers produce more consistent representations for the same inputs
after orthogonal alignment. CKA and Retrieval @1 are reported as additional diagnostic metrics but are not used for
layer selection. For each candidate host layer, we first identify the best-matching layer from every source model:

l5(Ln) = arg Z%leaé Ss(ls, ln)- (13)
The corresponding score is
S5(ln) = Ss (€5(n), tn) - (14)

We then aggregate the best matching scores across all source models:

K K
S(ln) =D wSiln), Y we=1. (15)
s=1 s=1

We use ws = 1/K by default, so each source model contributes equally to layer selection. The shared host layer is
selected as
0= arg max S(h), (16)
h

€Ly

and the final layer selected from source model s is
Co=0:(0). 17

Thus, different source models may contribute representations from different source layers, while all representations
are aligned with the same host layer /5. After layer selection, we refit the corresponding mappings using the available
training anchors and use them to construct the source-specific feature increments. The layer search is performed only
once before residual training and introduces no additional source-model cost during inference.

E Limitation

Our current evaluation focuses on offline benchmark-based capability fusion, where prompts and target tasks are pre-
defined. We have not yet systematically evaluated SuperAl in interactive human—AlI settings involving multi-turn
dialogue, evolving user intent, or feedback-dependent behavior. While this does not affect the validity of the reported
offline fusion results, interactive deployment may introduce additional challenges such as maintaining transferred
capabilities consistently across dialogue turns and adapting residual updates to changing conversational context. Fu-
ture work will extend SuperAl to interactive settings by incorporating conversation-level representations, turn-aware
residual routing, and human-feedback-based evaluation to study how fused capabilities behave under dynamic user
Interactions.

F More Discussion

> Q1. The method uses ground-truth task labels to train the residual MLP. How can the authors distinguish
capability transfer from ordinary supervised adaptation of the host model?

We would like to clarify that SuperAl is not equivalent to standard supervised adaptation. The key distinction is
that the residual MLP is jointly optimized with both the task loss and the source-derived increment supervision. As
shown in Table [2] using only the task loss (Aixe = 0) consistently underperforms the joint objective across all three
host models, while using only the increment loss improves representation matching but does not provide the same
downstream gains. This suggests that the improvement does not arise from task supervision alone; rather, the source-
derived increments provide an additional transfer signal that complements the task objective. The role of the task loss
is to adapt the transferred source information to the downstream computation of the host model, which is necessary
because representation correspondence alone does not guarantee functional compatibility.
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> Q2. The improvement over THESEUS and Transport-and-Merge is large. Could this simply be due to the
additional trainable residual MLP rather than the proposed cross-model alignment mechanism?

Our ablations indicate that the gain cannot be explained by the residual MLP alone. First, removing source-increment
supervision and retaining the same task-trained residual module leads to substantially lower performance than the full
joint objective. Second, Table 3| shows that, under the same downstream training setup, replacing PCA + orthogonal
alignment with no alignment, PCA-only mapping, or unconstrained linear mapping consistently degrades performance
across the three host architectures. Third, Table ] shows that the nonlinear residual mapper further improves over a
linear mapper, indicating that the alignment module and the host-adaptation module play complementary roles rather
than one simply substituting for the other. Therefore, the empirical gains result from the combination of cross-model
geometric alignment and host-compatible residual adaptation.

> Q3. The paper reports very high post-alignment similarity. Could these scores merely reflect overfitting of the
Procrustes mapping to paired anchor samples?

The reported alignment scores are not computed on the same samples used to fit the mapping. As described in the
Appendix, for every candidate source-host layer pair, the normalization, PCA projection, and orthogonal Procrustes
mapping are fitted on A%, while the matching score is evaluated on a disjoint validation set A¥*. CKA and Re-
trieval @1 are also used as independent diagnostic metrics rather than as optimization objectives for layer selection.
Moreover, Table [5] shows that downstream capability transfer improves systematically as the held-out post-alignment
Match score increases from weakly matched to medium and best-matched layer pairs. This provides evidence that the

alignment score captures transferable cross-model structure rather than merely fitting the anchor examples.

> Q4. Table[I|shows that some domains degrade after multi-source fusion. For example, Code decreases from 39.7
to 28.3 on Llama-3.2-3B, from 55.6 to 44.2 on Qwen2.5-3B, and from 11.1 to 1.3 on Pythia-2.8B. How should these
results be interpreted?

The Code results reflect the trade-off inherent in joint multi-domain fusion rather than the overall effectiveness of
capability integration. SuperAl optimizes a single host model across 15 heterogeneous domains, whose objectives and
output formats differ substantially. In particular, code generation requires highly structured token-level generation,
making its preferred representation updates different from those of many reasoning and classification domains. Con-
sequently, optimizing the shared representation for broad multi-domain performance does not necessarily preserve the
optimum of every individual domain.

Importantly, the goal of this setting is joint capability composition rather than independent per-domain specialization,
and SuperAl consistently improves the aggregate 15-domain performance across all three hosts. Future work will
investigate domain-conditioned weighting or routing to further improve the balance among heterogeneous capabilities.
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