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ABSTRACT

Large-scale pretraining endows vision foundation models (VFMs) with rich, trans-
ferable visual knowledge, yet their compute and memory costs put much of it
out of reach in practice. Knowledge distillation compresses this knowledge by
transferring it to a compact student under the VFM’s supervision. However, while
such supervision provides a strong training signal, it leaves the student’s parameter
space unconstrained. Consequently, bridging the gap between teacher representa-
tions and viable student weights typically demands substantial task data and long
training. We propose Channel-Remix, which uses the VFM not only as a teacher
but as a library of pretrained weight directions from which the student is built. This
recasts knowledge transfer as selecting and recombining channels that pretraining
has already learned, a problem that requires far less task data than learning new
weights. Given a parameter budget and a small calibration set, Channel-Remix
retains a core subset of channels and sparsely mixes pruned ones into them to
form new task-adapted channels with zero runtime cost. By grounding both the
learning signal and the student’s parameter space in the VFM, Channel-Remix
achieves high data efficiency, matching LoRA-based distillation using 3–4× less
calibration data. Across 16 tasks, 7 pretraining families, and 5 model sizes, it
improves pruned models by 4.6% on average and closes the gap to the original
VFM to under 2% at 50% compression, outperforming distillation baselines un-
der full fine-tuning, PEFT, and post-pruning reconstruction while training fewer
parameters. Moreover, because every student is built from the same pool of VFM
directions, models for different tasks become directly comparable, opening a route
to analyzing which knowledge is shared across tasks and which is task-specific.

1 INTRODUCTION

Vision foundation models (VFMs) are pretrained on massive data at substantial cost, under the
premise that the resulting knowledge can be reused across many applications. Recent large VFMs
have borne out this premise, delivering strong performance on a wide range of tasks (Siméoni et al.,
2025). However, deploying these models means inheriting their expensive inference requirements.
For applications that cannot accommodate their memory, latency, or energy demands, much of the
value of this pretraining remains inaccessible unless it can be transferred to smaller models.

Knowledge distillation transfers this knowledge into a compact student by using the VFM as a
teacher (Hinton et al., 2015). Richer objectives strengthen the training signal by incorporating both
the teacher’s predictions and its intermediate representations (Romero et al., 2015; Zhao et al., 2022).
Yet a stronger signal does not eliminate the cost of teacher-guided optimization, which is expensive
and may need to be repeated for each new task or deployment budget. Nor does it reduce the
dependence on data: optimizing all student parameters can still require substantial task data and
risks overfitting when such data is scarce (Liang et al., 2021; Ko et al., 2023).

To lower this optimization burden, modern pipelines pair compression with parameter-efficient fine-
tuning (PEFT). Compression methods, such as structured pruning or low-rank factorization, yield
compact models, typically followed by reconstruction to recover lost accuracy (Frantar & Alistarh,
2022; Kim et al., 2020). PEFT methods, such as LoRA or adapters, restrict task adaptation to a small
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Figure 1: Overview of ways to build a compact student from VFM channels. (a) Structured
pruning keeps a subset of channels. (b) Dense projection mixes all d channels into each compact
channel. (c) Channel-Remix mixes only k+1, fitting the task subspace with fewer connections.

set of parameters (Chen et al., 2022; Hu et al., 2022; Lian et al., 2022). However, learning fewer
parameters does not inherently make adaptation data-efficient. Because PEFT still optimizes weight
updates in arbitrary, unconstrained directions, estimating even low-rank matrices from scarce cali-
bration data remains prone to overfitting (Ruan et al., 2025; Shin et al., 2024; Haruta et al., 2026).
Therefore, the path to data efficient knowldge transfer requires more than learning fewer parameters.
Low-rank adapters constrain the rank of an update but still learn its directions from the adaptation
data, indeed, increasing LoRA’s rank in limited-data settings can improve training fit while impair-
ing generalization (Mai et al., 2025; Borse et al., 2024). The hard part is learning useful channels
from scratch, however few they may be. Could this burden be eased by giving the student pretrained
channels to draw from? A VFM provides exactly such a foundation: its channels already encode
features shaped in pretraining. We therefore ask whether the student’s weights can be built from
these channels directly. Doing so, free the downstream data from synthesizing new channels, and is
spent only on selecting and recombining channels already established in pretraining.
Structured channel pruning represents the most rigid form of this idea: every compact channel is
strictly selected from the original pretrained channels (Li et al., 2017), confining the student to a
coordinate-aligned subspace of the teacher as shown in Figure 1 (a). While highly data-efficient,
this hard constraint sacrifices expressiveness whenever optimal task directions do not align with iso-
lated channels. Learned weight projections relax this restriction by synthesizing compact channels
as linear combinations of the teacher’s channels (Zhmoginov et al., 2024). As depicted in Figure 1
(b), dense projections allow compact directions to draw upon the full span of the source weights.
Yet, allowing every compact channel to depend on every original channel introduces an abundance
of task-specific mixing coefficients, reintroducing the very optimization cost and overfitting risks
that limited data cannot support.
To resolve this trade-off, we propose Channel-Remix. Rather than optimizing unconstrained weight
updates or estimating dense linear projections, Channel-Remix constructs each compact model’s
channel by using a retained channel as an anchor direction and refining it with a sparse blend of
discarded pretrained channels as shown in Figure 1 (c). A small calibration set jointly determines
which discarded channels contribute and how strongly they contribute. This provides the flexibility
to synthesize new channels beyond the original ones, while keeping the number of learned coeffi-
cients small enough to be estimated reliably from limited data. Once learned, the sparse mixtures
are folded into the anchor weights, producing a compact model with no additional cost at inference.
Our key contributions are:

• A foundational role for VFMs beyond supervision. Rather than using the VFM only as a
teacher, we build the student from its pretrained channels. This recasts knowledge transfer from
constructing new weights into selecting and recombining directions learned during pretraining.

• Task-specific subspace discovery via sparse recombination. Channel-Remix creates new task-
specific channels by sparsely blending the pretrained VFM channels, guided by a small calibration
set. The blending coefficients fold directly into standard weights, adding zero inference overhead.

• Comprehensive evaluation across tasks, models, calibration sizes. Across 16 tasks and 7 pre-
training schemes, Channel-Remix consistently improves compressed models by 4.6% on aver-
age and closes the performance gap to the uncompressed model to under 2% at 50% compres-
sion. Moreover, Channel-Remix demonstrates strong data efficiency, matching the performance
of LoRA-based distillation while using only one-third to one-quarter of the calibration samples.
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2 RELATED WORK

Knowledge Distillation. Knowledge distillation trains a compact student under the supervision of
a larger teacher (Hinton et al., 2015; Touvron et al., 2021; Zhao et al., 2022), often by matching
intermediate features or attention maps (Romero et al., 2015; Zhang et al., 2022). However, teacher
supervision does not remove the data appetite of student training: reproducing the teacher’s capabil-
ities still requires substantial task data and long optimization.
Parameter-Efficient Fine-Tuning (PEFT). PEFT reduces training cost by updating a small set of
parameters, such as adapters (Chen et al., 2022), modulation vectors (Lian et al., 2022), low-rank
updates (Hu et al., 2022; Liu et al., 2024), or singular vectors (Meng et al., 2024; Lingam et al.,
2024). Yet fewer parameters do not by themselves constrain the update directions, so with scarce
data PEFT remains prone to overfitting (Shin et al., 2024; Haruta et al., 2026). This suggests that
data efficiency requires constraining the update space, not only its size.
Structured Pruning and Channel Compression. Structured pruning removes channels, heads, or
MLP dimensions for hardware-friendly speedups (Li et al., 2017; Fang et al., 2023), often followed
by post-pruning compensation (Frantar & Alistarh, 2022). To retain some of the removed capacity,
Neuron Merging (Kim et al., 2020) merges similar neurons, and Projectable Models (Zhmoginov
et al., 2024) learn dense projections into compact channels. However, pruning discards non-selected
directions entirely, Neuron Merging relies on task-agnostic similarity, and dense projections intro-
duce too many coefficients for small calibration sets.
Weight-Space Manipulation. Model soups (Wortsman et al., 2022) and task arithmetic (Ilharco
et al., 2023) operate directly in weight space, merging or editing the weights of separately fine-
tuned models without additional training. However, the resulting model remains the same size as
the original. How to recombine directions within a single VFM to simultaneously compress and
adapt it remains largely unexplored.

3 METHODOLOGY

Transferring knowledge from a vision foundation model (VFM) to a compact smaller model is chal-
lenging when task data is scarce. As established in §2, existing methods supply stronger supervision
or fewer parameters, but leave update directions unconstrained, making optimization prone to over-
fitting. Channel-Remix addresses this by letting the VFM shape both the learning signal and the
parameter space: compact weights are constructed directly from its pretrained channels. Below, we
formalize this objective and describe our approach.

3.1 PROBLEM FORMULATION AND APPROACH

Let FT denote a pretrained VFM with frozen parameters θT , B a parameter budget, and Dc =
{(xn, yn)}Nn=1 a small task calibration set. Given a compact architecture FS satisfying the parameter
budget B, our goal is to find student weights θS that generalize from limited data:

minθS Ltask(FS(θS); Dc) + Ltransfer(FS(θS), FT (θT ); Dc) subject to size(FS) ≤ B, (1)

where Ltask is the downstream task loss and Ltransfer measures agreement with the VFM’s outputs
and representations. Knowledge distillation addresses this problem by using the VFM as a teacher:
it defines Ltransfer to match the teacher’s predictions or intermediate features and optimizes all of
θS freely. When |Dc| is small, however, this unconstrained optimization must estimate far more
parameters than the calibration data can reliably determine.
Our work, Channel-Remix, addresses this by additionally constraining the compact model parame-
ters θS to a structured subspace derived from the VFM’s parameters θT : each channel from θS is
constructed as a sparse combination of pretrained channel weights from θT . This reduces the effec-
tive dimensionality of the parameter space, biasing it toward directions that large-scale pretraining
has already learned, while also reducing the number of mixing coefficients that need to be learned
due to sparse combinations. Through this formulation, the VFM shapes both the learning signal and
the space of parameters, allowing limited calibration data to identify effective compact weights.
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Figure 2: Method overview. Starting from the VFM’s channel pool (left), pruning keeps a budget of
anchor channels (blue). Channel Remixing (center) (a) selects donors (yellow) from the discarded
channels, then (b) mixes each anchor with K donors to form new task-adapted directions. Shown for
layer Ln only; all layers are remixed jointly. The new channels (mixed colors) fold into the model
weights, yielding compact task-specific models with zero inference overhead as outputs (right).

3.2 OVERVIEW OF CHANNEL-REMIX

Figure 2 illustrates the Channel-Remix pipeline. We treat the VFM as a pool of pretrained directions,
where each layer contributes channels (c1, . . . , cn: MLP hidden units and attention coordinates).
Given a calibration set Dc, our goal is to assemble a compact model that respects a parameter
budget B while maximizing retained task knowledge. First, task-guided channel selection (§3.3)
identifies a layer-dependent subset of retained anchor channels (blue in Figure 2) meeting budget B.
To recover knowledge discarded during pruning without increasing size, channel remixing (§3.4)
pairs each anchor ci with k discarded donor channels (yellow) and linearly combines them into task-
specific directions. Finally, weight folding s (§3.5) absorbs these combinations directly into standard
weight matrices, preserving budget B and inference cost without introducing runtime overhead.

3.3 TASK-GUIDED CHANNEL SELECTION

To instantiate a student model meeting the budget B, we first partition the VFM’s parameter space
into retained and discarded channels. As depicted in Figure 2, this corresponds to structured pruning
across layers, removing MLP intermediate units alongside their input–output slices and removing
attention heads or head dimensions to preserve consistent projection ranks. The budget allocation
across layers reflects task sensitivity, allowing more critical layers to retain higher capacity.

Crucially, Channel-Remix requires only the resulting binary partition into retained and discarded
sets, making the framework agnostic to the underlying selection strategy. While our main experi-
ments adopt CarveVFM (Mecharbat et al., 2026) to allocate layerwise widths, any standard struc-
tured pruning criterion can serve as this initial step (ablated in Appendix C.8). This selection yields
an initial compact Transformer-based student where every surviving channel maps directly to a
counterpart in the VFM. We designate each such channel as an anchor: it preserves the original
pretrained weights and serves as the primary coordinate that subsequent remixing will augment.

3.4 CHANNEL REMIXING

Structured pruning inevitably discards channels carrying valuable knowledge. Also, task-critical
information can be distributed across channels whose individual pruning appears harmless but whose
collective omission degrades performance. Channel-Remix mitigates this by remixing discarded
donor channels into the retained anchors, recovering lost knowledge without expanding capacity.
As shown in Figure 2, remixing have two steps guided by Dc: donor selection, which identifies K
complementary channels per anchor, and coefficient refinement, which optimizes their linear blend.
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a. Donor Channel Selection. Donor selection restricts contributors to a sparse set of K donors
per anchor (K ≪ C). Because a donor’s utility depends non-linearly on interactions with co-
selected channels, greedy one-shot ranking is suboptimal. We therefore employ a successive-halving
strategy (Blumensath & Davies, 2009; Li et al., 2018) outlined in Algorithm 1. For an anchor cj ,
candidates from the pruned pool Pℓ are initially pre-filtered by feature similarity to form a candidate
set Nj . We then alternate between briefly fitting mixing coefficients on Dc and pruning the lowest-
scoring candidates based on coefficient magnitude, gradient sensitivity, and mutual redundancy,
iteratively halving |Nj | until K donors remain.

Algorithm 1 Iterative Donor Selection for Anchor Channel cj
Require: Anchor cj , pruned pool Pℓ, calibration set Dc, donor budget K.

1: Initialize candidate set Nj ⊂ Pℓ with top-32 channels ranked by cosine similarity to cj .
2: for target size s ∈ {16, 8,K} do
3: Fit mixing coefficients {ηjr}r∈Nj on Dc for E epochs.
4: Score each candidate r ∈ Nj via magnitude, loss gradient, and redundancy.
5: Prune lowest-scoring candidates: Nj ← Top- s(Nj).
6: end for
7: return Final donor set Nj with |Nj | = K.

b. Mixing Coefficient Refinement. Once the donor neighborhoods Nj are fixed, each compact
channel c̃j is parameterized as a sparse linear combination:

c̃j = sj cj +
∑︁

r∈Nj
ηjr cr, (2)

where scalar sj modulates anchor scale and ηjr controls donor contribution. Geometrically,
Eq. equation 2 synthesizes a new basis vector within the subspace spanned by the VFM’s pretrained
weights, recovering expressive directions inaccessible to rigid pruning alone.

With structural connectivity fixed, we optimize Φ = {sj , ηjr} on Dc using a composite objective:

L = Ltask + λ1LKD + λ2Lrep + λ3Lreg. (3)

Here, Ltask is cross-entropy on task labels. The transfer terms regularize optimization toward the
teacher’s manifold: LKD = τ2 KL(pτT ∥ pτS) aligns soft prediction probabilities, while Lrep =
NMSE(zS , zT ) + Lattn matches intermediate feature maps and attention distributions. Finally,
Lreg =

∑︁
j(|sj − 1|2 +

∑︁
r |ηjr|2) acts as an inductive bias, penalizing excessive divergence from

the original anchor weights and preventing overfitting on scarce samples.

Channel Remixing Across Transformer Layers. Applying Eq. equation 2 requires respecting
architectural weight couplings across layer types. In feed-forward networks (MLPs), hidden di-
mension j couples the column slices of the up-projection (Wgate,Wup) with the row slices of the
down-projection (Wdown) and the intermediate bias, requiring them to share identical mixing coeffi-
cients {sj , ηjr}. In multi-head attention modules, query (Q) and key (K) projections share a unified
mixing map to preserve dot-product geometry, whereas value (V ) and output projection (O) share
a distinct second map. When pruning operates at the head level, retained heads recruit donors from
discarded heads; when pruning operates within heads, donors are drawn strictly within the same
head coordinate space. Full matrix formulations, donor eligibility criteria, and gated MLP variants
(e.g., SwiGLU) are detailed in Appendix A.

3.5 WEIGHT FOLDING AND DEPLOYMENT

During remixing, the compact student retains explicit mixing graphs connecting anchors and their
recruited donors. Once optimization concludes, weight folding collapses each remixed channel c̃j
directly into a static compact weight matrix: WS = MWT , where M ∈ RCS×CT is a sparse
recombination matrix whose j-th row contains sj at anchor index j and ηjr at donor indices r ∈ Nj .
Multiplying the frozen VFM projection matrices by M absorbs all donor contributions offline into
standard linear projections. The mixing graphs and donor weights are then discarded, leaving a
deployed model that strictly respects budget B with identical depth, layer interfaces, and runtime
latency to a standard pruned baseline.
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Figure 3: Overview of channel remixing graphs and layer allocations. Up: Layerwise pro-
portions of retained anchors (blue), recruited donors (yellow), and discarded channels (red) across
attention (H or C) and MLP (M) blocks in ViT-L. Down: (a) A single MLP anchor reinforced with
K=5 donors; (b) cross-head remixing combining 16 source heads into 6 compact heads; (c) within-
head remixing with separate graphs for Q/K and V/O. Weight folding merges these connections into
static matrices, creating the compact model with zero inference overhead.

Figure 3 visualizes this parameter construction across the network. The backbone overview displays
layerwise retention ratios alongside the recruited donor allocations. Panel (a) traces a single compact
MLP channel back to its anchor (s = 0.9947) and K=5 complementary donors within a pruned in-
termediate layer. Panels (b) and (c) detail the attention layers: whole-head remixing (b) recombines
channels from a 16-head source bank into 6 compact output heads (h′0–h′5), while within-head
remixing (c) operates over pruned sub-head dimensions (24/64 channels kept) using separate remix
graphs for Q/K and V/O projections. Crucially, these connections depict how compact weights
are synthesized, not runtime routing: after folding, every donor contribution is pre-computed into
static weights, introducing zero inference overhead. We then freeze the folded backbone and train a
lightweight linear classifier on target task labels.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Scope and Benchmarks. We evaluate on sixteen vision datasets spanning general recognition,
fine-grained, textures, scenes, medical imaging, remote sensing, counting, and viewpoint estima-
tion. The main comparison covers ten source-model and compact-budget settings drawn from seven
pretraining families: DINOv3 (ViT-S, ViT-S+, ViT-B, ViT-L, and ViT-H+) (Siméoni et al., 2025),
MetaCLIP 2 (Chuang et al., 2025), SigLIP 2 (Tschannen et al., 2025), MAE (He et al., 2022), Au-
gReg (Steiner et al., 2022), BiomedCLIP (Zhang et al., 2023), and I-JEPA (Assran et al., 2023).
Protocol and Baselines. All methods start from the same pruned model and adapt it using the same
calibration set of N=512 images, so any difference in performance reflects the method effect. We
also examined data efficiency by testing budgets from 256 to 2,048 images. We evaluate all mod-
els with linear probing (Alain & Bengio, 2016), the standard VFM protocol (Siméoni et al., 2025):
every adapted backbone is frozen, so accuracy reflects representation quality, without the cost and
confound of retraining the backbone on each task. The pruned model serves as the lower bound
and the uncompressed one as the upper reference. We compare Channel-Remix against three groups
of baselines: post-pruning recovery (B+LN, AdaPrune, Ridge, and Neuron Merging (Kim et al.,
2020)), parameter-efficient adaptation (SSF (Lian et al., 2022), SVFT (Lingam et al., 2024), Adapt-
Former (Chen et al., 2022), LoRA with ranks 2, 4, and 8 (Hu et al., 2022), DoRA, and PiSSA), and
full-weight methods (block reconstruction, full fine-tuning, and Dense Remix (Zhmoginov et al.,
2024)). Training schedules, data splits, and optimizer settings are detailed in Appendix B.4.
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Table 1: Accuracy gain over the compressed model with 512 calibration images (mean over 16
tasks). Bold outlines mark the two best gains per column. With matched training schedules, Remix
(K=5) beats PiSSA (r=8) in 78 of 96 task setting pairs (Wilcoxon p < 10−7).

DINOv3 Other pretraining

Method
Avg. trainable

params ViT-S ViT-B ViT-L
ViT-
H+ Avg.

Meta-
CLIP 2

Sig-
LIP 2 I-JEPA MAE

ViT-
AugReg

Biomed-
CLIP Avg.

Size, uncomp. (M) 22 87 304 841 86 93 631 86 86 86
↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓

Size, comp. (M) 10 35 150 300 35 35 250 35 35 35
Compressed acc. (%) [Lower Bound] 74.1 76.5 85.9 86.5 80.7 68.2 72.9 70.0 55.7 79.5 51.3 66.3
Uncomp. (∆ vs. Comp.) [Upper Bound] +8.4 +8.5 +2.0 +1.0 +5.0 +16.5 +12.8 +0.2 +5.2 +1.8 +1.9 +6.4

Post-pruning recovery
B+LN 181k +3.5 +0.8 +1.1 −5.1 +0.1 +3.2 +3.6 +2.1 +4.4 −0.3 +0.5 +2.3
AdaPrune 25.0M −0.2 −0.3 −0.2 −1.6 −0.6 −6.7 −9.0 −1.4 −3.1 −2.8 +0.1 −3.8
Ridge 25.0M −34.7 −33.9 −44.2 −52.4 −41.3 −22.1 −35.7 −4.1 −6.5 −9.1 −2.5 −13.3
Neuron merge 54k −35.6 −30.9 −45.2 −51.9 −40.9 −26.1 −46.1 −51.7 −19.5 −58.9 −9.5 −35.3

Parameter-efficient adaptation
SSF 187k +3.4 +4.5 +1.4 −0.9 +2.1 +2.6 +3.2 +2.8 +3.9 −0.3 +0.7 +2.1
SVFT 177k +2.3 +3.2 +0.8 −1.7 +1.2 +2.3 +3.2 +2.2 +2.1 −0.2 +1.0 +1.8
AdaptFormer 172k +1.6 +2.9 +0.5 −1.7 +0.8 +2.2 +3.1 +2.6 +2.0 −0.2 +1.5 +1.9
LoRA (r=2) 157k +2.9 +4.5 +1.1 −1.1 +1.8 +2.9 +3.3 +2.0 +4.2 +0.1 +1.3 +2.3
LoRA (r=4) 260k +3.1 +4.8 +1.1 −1.0 +2.0 +3.2 +3.3 +2.2 +5.0 +0.1 +1.4 +2.5
LoRA (r=8) 465k +3.3 +5.2 +1.2 −0.8 +2.2 +3.2 +3.4 +2.2 +5.7 +0.2 +1.5 +2.7
DoRA (r=8) 491k +3.4 +5.0 +1.4 −0.9 +2.2 +3.2 +3.6 +2.9 +5.7 +0.2 +1.6 +2.9
PiSSA (r=8) 465k +3.9 +6.1 +1.5 −0.4 +2.8 +3.3 +4.5 +3.5 +6.3 +0.4 +1.9 +3.3

Full tuning
Block recon. 69.2M +3.4 +3.4 −2.0 −0.4 +1.1 +4.8 +5.9 +3.2 +6.8 +0.6 +3.3 +4.1
Full fine-tune 69.2M +3.6 +3.7 +0.7 −7.0 +0.3 +4.9 +5.4 +2.8 +6.5 +1.1 +1.9 +3.7
Dense remix 70.3M +4.5 −1.8 −29.0 −42.3 −17.2 −14.1 −30.0 −58.1 −6.4 −12.6 −3.1 −20.7

Channel-Remix
K=3 173k +5.1 +5.6 +2.0 +1.5 +3.6 +6.7 +4.7 +3.2 +8.1 +1.3 +2.9 +4.5
K=5 233k +5.4 +6.4 +1.8 +1.8 +3.8 +6.8 +3.9 +3.7 +8.1 +1.4 +3.4 +4.6
K=7 292k +5.4 +5.5 +1.8 +2.0 +3.7 +6.7 +3.3 +3.8 +8.3 +1.0 +3.9 +4.5

4.2 RESULTS & DISCUSSION

Table 1 reports mean accuracy over all sixteen benchmarks with 512 calibration images. The top
rows give the compressed model size, its accuracy (Base), and its gap to the uncompressed model.
Method rows report the change relative to Base in percentage points, with the top two methods per
column outlined in bold.
Recovery over pruning. Channel-Remix improves over the compressed model in all ten settings,
raising mean accuracy from 70.4% to 75.0% (+4.6 points). Gains are largest under heavy compres-
sion: +6.4 for DINOv3 ViT-B/35M, +6.8 for MetaCLIP 2, and +8.1 for MAE. This is consistent with
task-relevant information being distributed across co-dependent channels, whose joint signal can be
partly recovered by recombining discarded donors. On larger models (ViT-L, ViT-H+), remixing
gains +1.8 points and nearly closes the gap to the uncompressed model. These gains are smaller
because little headroom remains: many benchmarks are near saturation, and even full fine-tuning
gains little (+0.6 on ViT-L/150M).
Comparison with adaptation baselines. Across the six non-DINO families, Channel-Remix
reaches 70.8% mean accuracy, versus 69.0% for LoRA-8 and 69.6% for PiSSA-8, with 56.6%
fewer trainable parameters (K=5: 179k coefficients on average vs. 411k for LoRA-8, excluding
classifiers). Unlike low-rank adapters, which can learn arbitrary directions, Channel-Remix restricts
adaptation to the span of pretrained channels, an inductive bias that can reduce overfitting when cal-
ibration data are limited. Adaptation takes about 2 min/task for all methods, and the folded model
has the same inference cost as the compressed one (more details in Appendix C.5).
Sparsity stabilizes recombination. Dense channel mixing degrades with limited calibration data.
On the six non-DINO families, Neuron Merging and Ridge lose 35.3 and 13.3 points on average,
and Dense Remix drops by 17.2 points on DINOv3 and 20.7 on other families. Letting every pruned
channel contribute introduces far more free variables than 512 samples can constrain, which can
make the mixing maps overfit. Restricting each anchor to a sparse set of donors (K ∈ {3, 5, 7})
yields stable gains across all architectures, nearly unchanged from K=3 to K=7 (+4.5 to +4.6
points), so K needs no careful tuning.
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Figure 4: Backbone adaptation with limited task data. Sixteen-dataset mean accuracy for
Channel-Remix (K = 5) and LoRA (r = 4), with matched adaptation and classifier epochs. Arrows
compare 512-image remixing with the indicated LoRA budgets. Pruning and reconstruction use
512 images; linear probes (LP) use full task data. The plotted lower and upper references denote
compressed and uncompressed LP references.

Table 2: Component ablation. ViT-S/6M, K=3 MLP donors per channel. (a) Test accuracy (%)
with full task data when removing one component. (b) Gain from each donor-discovery component
on held-out MIT-67, with checkpoints chosen on a calibration holdout.

(a) Construction, full task data (b) Donor discovery, held-out MIT-67

Variant Aircraft Cal-256 MIT-67 Mean Component (vs.) N=512 1,024 2,048 Mean

Channel-Remix 40.6 52.4 53.8 48.9 Succ. halving (one-shot 32→K) +4.6 +3.2 −0.4 +2.4
w/o donors (anchor only) 22.5 34.8 37.6 31.7 Full objective (local recon.) +4.3 +1.3 −0.6 +1.7
w/o support (random) 39.7 50.3 52.7 47.6 Discovery (top-K refine only) +0.4 −0.9 +2.1 +0.5
w/o support (top-grad.) 37.9 49.0 49.6 45.5
w/o teacher guidance 34.4 47.6 47.8 43.3 Channel-Remix discovery, acc. (%) 30.0 33.4 41.9 35.1

Compressed start 9.8 26.8 24.8 20.5

Where broader updates help. Remixing does not win on every benchmark. On SigLIP 2, Channel-
Remix gains 3.9 points, while full fine-tuning and block reconstruction gain 5.4 and 5.9. Because
remixing stays within the span of pretrained channels, it trades representational flexibility for sample
efficiency; when a task needs features far from the pretraining distribution, unconstrained updates
can move beyond this subspace and may retain an edge.

Data efficiency. Restricting adaptation to sparse combinations of pretrained directions lowers the ef-
fective dimensionality of the optimization, so fewer examples should suffice. We compare Channel-
Remix (K=5) with LoRA-4 for calibration budgets from 256 to 2,048 images on all sixteen datasets,
with 20 adaptation epochs, 10-epoch classifiers, and fixed pruning and reconstruction. With 512 im-
ages, Channel-Remix reaches 83.2% on ViT-B/35M, above LoRA-4 with 1,536 images (82.9%),
and 87.8% on ViT-H+/300M, above LoRA-4 with 2,048 images (87.7%) (Figure 4). It thus matches
LoRA with 3–4× less calibration data, and its accuracy keeps rising from 256 to 2,048 images for
all three model sizes, so the parameterization does not saturate early.

Dataset-Level Analysis. Channel-Remix outperforms LoRA in 132 of 144 matched settings, con-
firming systematic gains across architectures and tasks (Appendix B.8). Improvement magnitude
scales with task-model alignment: distributed tasks (CLEVR Count: +1.5 on ViT-S+ vs. +12.9
on ViT-H+) and fine-grained classification (Stanford Cars: +17.2) benefit most from richer donor
pools and joint feature combinations, whereas localized texture recognition (DTD: +0.2) shows
marginal impact. Minor regressions (e.g., smallNORB: −4.0) occur only when retained anchors
already span the target subspace, where recruiting redundant donors introduces optimization noise.
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Figure 5: Domain-structured donor sharing across tasks. Layer-averaged Jaccard overlap of
top-10% donors between task pairs. (a) Cross-task overlap matrix grouped by visual domain on
ViT-B/35M. (b) Sharing rates for intra-domain versus cross-domain pairings. (c) Net intra-domain
sharing advantage across backbone depth.

5 ANALYSIS AND ABLATION

Shared and Task-Specific Knowledge Because all students originate from the same frozen
teacher, their mixing maps share a unified coordinate basis and provide a transparent lens for cross-
task interpretability. Measuring donor sharing via Jaccard overlap of top-10% donors under same
settings (K=5, N=1,024) reveals how visual domains organize within the frozen backbone. As
shown in Figure 5, donor recruitment exhibits clear domain clustering: same-domain tasks share
consistently more donors than cross-domain pairs across all model scales (e.g., 7.8% vs. 6.9% on
ViT-B/35M, p < 10−4), with domain affinity concentrating in the earliest and deepest layers.
This emergent structure has two key implications. First, for mechanistic interpretability, it suggests
that foundation models segment their channels into domain-salient functional clusters rather than
purely generic features. Second, for multi-task and zero-shot transfer, predictable donor sharing
suggests that cross-task routing graphs can be shared or predicted a priori, paving the way for joint
multi-task synthesis without optimizing separate remixing graphs for every task.
Channel-Remix components ablation. Table 2 removes one component at a time. Donors account
for most of the gain: without them, Channel-Remix loses 17.3% of the 28.5% it recovers over the
compressed start. Teacher guidance follows (5.7%). The donor support must be learned, since fix-
ing it to random or top-gradient donors lowers accuracy on all three tasks. With limited calibration
data, successive halving and the full objective help most at N=512 (+4.6 and +4.3), and together
let Channel-Remix match refinement over all pruned channels while scoring only 32 candidates per
channel (Appendix C.7).

6 CONCLUSION

We introduced Channel-Remix, a method for transferring knowledge from frozen vision foundation
models to smaller models under parameter budgets. Channel-Remix combines task-guided channel
selection with channel remixing to fold discarded donor features into retained anchor channels. The
resulting model deploys standard weights with no parameter or inference overhead, while outper-
forming parameter-efficient baselines. Our experiments also reveal informative trade-offs. When
anchor channels already span the features needed for the target task, recruiting additional donors
yields diminishing returns and can introduce some noise. Our formulation is further limited to intra-
layer remixing: cross-layer and cross-model composition remain unexplored.

These observations suggest several directions for future work. Learning layer-wise donor sparsity
would allow the model to filter redundant donors automatically instead of fixing the budget by
hand. Extending remixing across layers, and applying it to language and multimodal foundation
models and also desnse vision tasks, would test whether the anchor–donor principle generalizes
beyond vision. Finally, folded anchor weights are themselves compact, reusable units, making them
a promising substrate for continual and multi-task transfer.
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AI USE STATEMENT

Generative AI tools were used only to assist with manuscript drafting and grammatical and language
editing. They were not used to develop the method, generate data, implement the research methods,
execute experiments, or analyze experimental results. The authors take responsibility for the final
manuscript and all reported claims and results.

ETHICS STATEMENT

Channel-Remix is evaluated on existing image-classification benchmarks, including three medical-
image benchmarks. The experiments assess classification accuracy and computational efficiency.
These benchmark results do not establish clinical safety or effectiveness; compressed models would
require application-specific validation before clinical use. The reported evaluation does not mea-
sure demographic fairness or privacy, so accuracy and efficiency gains should not be interpreted as
evidence of improvements in those properties.

REPRODUCIBILITY STATEMENT

Section 3 introduces the Channel-Remix framework, describing the task-guided channel selection,
donor discovery via successive halving, mixing coefficient refinement, and exact weight folding.
Appendix A provides explicit sparse remix map definitions, architecture formulations across MLP
and attention layers, objective formulations, and the layerwise attention safeguard criteria. Ap-
pendix B details the benchmark datasets, source foundation models and compression budgets, base-
line configurations, training protocols, and statistical significance tests. Per-dataset classification
accuracies, data-efficiency scaling sweeps, and per-task comparisons against LoRA are reported
in Appendices B.6, B.7, and B.8, respectively. Appendix C presents extended analyses, including
cross-task donor sharing, donor budget and calibration size ablations, rescaling versus recombina-
tion experiments, diagnostics, and alternative pruning starting points.
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mad Yaqub. CarveVFM: Carving specialists out of generalists, automatic task-specific compres-
sion of vision foundation models, 2026. Under review.

Fanxu Meng, Zhaohui Wang, and Muhan Zhang. Pissa: Principal singular values and singular
vectors adaptation of large language models. Advances in Neural Information Processing Systems,
37:121038–121072, 2024.

Omkar M. Parkhi, Andrea Vedaldi, Andrew Zisserman, and C. V. Jawahar. Cats and dogs. In IEEE
Conference on Computer Vision and Pattern Recognition, pp. 3498–3505, 2012.

Ariadna Quattoni and Antonio Torralba. Recognizing indoor scenes. In IEEE Conference on Com-
puter Vision and Pattern Recognition, pp. 413–420, 2009.

Adriana Romero, Nicolas Ballas, Samira Ebrahimi Kahou, Antoine Chassang, Carlo Gatta, and
Yoshua Bengio. FitNets: Hints for thin deep nets. In International Conference on Learning
Representations, 2015. URL https://arxiv.org/abs/1412.6550.

Jiacheng Ruan, Mingye Xie, Jingsheng Gao, Xian Gao, Suncheng Xiang, Ting Liu,
and Yuzhuo Fu. TTE: Two tokens are enough to improve parameter-efficient
tuning. In Proceedings of the AAAI Conference on Artificial Intelligence, vol-
ume 39, pp. 20209–20217, 2025. doi: 10.1609/aaai.v39i19.34226. URL
https://ojs.aaai.org/index.php/AAAI/article/view/34226.

Sungbin Shin, Wonpyo Park, Jaeho Lee, and Namhoon Lee. Rethinking pruning large language
models: Benefits and pitfalls of reconstruction error minimization. In Proceedings of the
2024 Conference on Empirical Methods in Natural Language Processing, pp. 1182–1191. As-
sociation for Computational Linguistics, 2024. doi: 10.18653/v1/2024.emnlp-main.68. URL
https://aclanthology.org/2024.emnlp-main.68/.
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Claire Roberts, Andrea Vedaldi, Jamie Tolan, John Brandt, Camille Couprie, Julien Mairal, Hervé
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APPENDIX OVERVIEW

A Methodological Details: Remix maps for MLPs, gated MLPs (SwiGLU), and attention
projections; composite distillation objective; donor discovery via successive halving; atten-
tion safeguard criteria; exactness of weight folding; and theoretical approximation bounds.

B Experimental Details and Complete Results: dataset specifications and source model
configurations; baseline implementations and training protocols; statistical significance
tests; comprehensive per-dataset breakdowns; data-efficiency scaling; and per-task gains
against LoRA.

C Extended Analyses and Ablation Studies: cross-task donor sharing and domain clus-
tering across thresholds and rank metrics; sensitivity to donor budget (K) and calibration
size (N ); directional recombination versus channel rescaling; non-uniqueness of donor
subspaces; attention remixing failure diagnostics; component ablation protocols; donor
discovery dynamics; alternative pruning criteria; and update parameterizations under un-
limited data.

All experiments use adaptation seed 17. Unless stated otherwise, accuracy is top-1 test accuracy (%)
of a frozen backbone with a freshly trained linear classifier, averaged with equal weight over tasks.

A METHOD DETAILS

A.1 SPARSE REMIX MAPS

Consider a source layer with d channels and a compact layer with m < d channels. Channel
selection assigns compact channel j an anchor index sj ; let S = [es1 , . . . , esm ] ∈ {0, 1}d×m. A
remix map is

R = S diag(g) + C, R:,j = gjesj +
∑︂
r∈Nj

ηjrer, (A.1)

where gj is the anchor scale (sj in Eq. equation 2 of the main paper), ηjr are donor coefficients, and
Nj is the donor set of size at most K. MLP donors are drawn from channels removed by pruning.
The map has at most m(K+1) active coefficients, against dm for a dense projection. Initializing
g = 1 and C = 0 gives R = S, which reproduces the pruned model exactly.

A.2 MLP CHANNELS

An MLP with input projection U ∈ Rd×p, bias bU , activation σ, and output projection D ∈ Rp×d

computes Dσ(Ux + bU ) + bD. Hidden channel i couples row i of U , entry i of bU , and column i
of D, so remixing applies one map to all three:

UR = R⊤U + EU , bR = R⊤bU + Eb, DR = DR+ ED. (A.2)

The combination acts before the nonlinearity, so a remixed channel is a new function of the input
rather than a sum of activated source outputs.

Reconstruction offsets. The pruned starting model may already contain reconstruction correc-
tions, with weights Ū , b̄U , D̄ that differ from the source slices. We keep these corrections as fixed
offsets, EU = Ū − S⊤U , Eb = b̄U − S⊤bU , ED = D̄ −DS, so that R = S recovers (Ū , b̄U , D̄)
exactly. The output bias b̄D stays fixed. Without corrections the offsets vanish and Eq. equation A.2
reduces to WS = MWT with M = R⊤, the form given in Section 3.5 of the main paper.

Gated MLPs. In gated MLPs (e.g., SwiGLU), channel i couples rows of both the gate and the up
projections with a column of the down projection. Both producer projections use the same map R,
each with its own fixed offset, and the down projection uses DR+ ED.

A.3 ATTENTION CHANNELS

Queries and keys jointly determine attention scores, while values and the output projection determine
the contribution to the residual stream. We therefore use one map RQK for the query and key
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projections and a second map RVO for the value and output projections:

WR
Q = R⊤

QKWQ + EQ, WR
K = R⊤

QKWK + EK ,

WR
V = R⊤

VOWV + EV , WR
O = WORVO + EO.

(A.3)

Query, key, and value biases follow their maps; the output bias is fixed. The remixed projections feed
the compact model’s unchanged positional transformations and softmax, so the order of nonlinear
operations is preserved.

Donor eligibility. When pruning narrows each head (column pruning), a retained coordinate re-
cruits donors from the same source head, which makes the maps block-diagonal across heads. When
pruning removes whole heads, a coordinate of a retained head may recruit individual coordinates of
discarded heads. An attention operator is remixed only if at least three discarded coordinates are
available in each relevant bank; when fewer than K discarded coordinates exist, non-anchor re-
tained coordinates of the same head pad the candidate set. All parameters outside the remix maps,
including normalization layers, stay frozen.

A.4 TRAINING OBJECTIVE

The mixing coefficients and a calibration classifier are trained with
L = LCE + τ2 KL(pτT ∥ pτS) + NMSE(zS , zT ) +

1
|A|

∑︁
ℓ∈A NMSE

(︁
aℓS , a

ℓ
T

)︁
+ Lreg, (A.4)

with τ = 2 and unit weights on the first four terms. This matches Eq. equation 3 of the main paper
with λ1 = λ2 = 1: Lrep consists of the final representation z and the post-attention outputs aℓ of
the layers A whose attention maps are enabled. The normalized error divides the squared error by
the teacher’s energy, with a numerical floor. The teacher uses a fixed task classifier trained before
remixing; teacher outputs are detached. For every map,

Lreg(R) = 10−4 MSE(R− S, 0) + 10−3 MSE(R⊤R, I). (A.5)
Because R − S = diag(g − 1) + C on the anchor and donor entries, the first term is the penalty∑︁

j(|sj−1|2+
∑︁

r |ηjr|2) of the main paper, normalized by the number of entries; the second keeps
remixed channels from collapsing onto one another.

A.5 DONOR DISCOVERY AND COEFFICIENT REFINEMENT

Candidate pools. Each MLP anchor starts with 32 candidate donors drawn from the pruned chan-
nels of its layer. In the primary framework formulated in Section 3.4 and Algorithm 1, candidates
are initialized by ranking pruned channels by cosine feature similarity to the anchor cj . In our ex-
ploration of candidate priors (evaluated extensively in Appendix C.7), we also examined alternative
initialization heuristics, including a cross-task linear donor ranker trained on 53 activation, pairwise,
and gradient features from independent tasks (for N ≤ 512) as well as uniform random sampling.
As demonstrated by the ablation in Table C.3, successive halving reliably isolates top-performing
donor combinations under all initialization policies, confirming that performance gains are driven
by the downstream optimization objective rather than handcrafted candidate priors.

Scoring and successive halving. Candidates are fitted jointly under the full objective and reduced
as 32 → 16 → 8 → K. The main DINOv3 runs use five epochs per stage (twenty search epochs);
the non-DINO and data-efficiency runs use ten search epochs. For donor r of anchor j, let Frr =
1
T

∑︁
t(∂Lt/∂ηjr)

2 accumulate squared minibatch gradients over the stage, evaluated at the stage
checkpoint with the best calibration-holdout accuracy. The score adds the normalized sensitivity
η2jrFrr and the normalized magnitude |ηjr| with weight 0.1, normalizing each within the anchor’s
candidate set. Greedy selection then subtracts 0.1 times the largest absolute gradient correlation
|Frq|/

√︁
FrrFqq with any donor q already selected for the same anchor. Attention operators use

the sensitivity and magnitude terms only, and adapt their candidate counts to the number of eligible
coordinates.

Coefficient refinement. After discovery, coefficients are refined end to end for twenty epochs
(main DINOv3 runs) or ten epochs (other runs). After each update, only the K largest-magnitude
eligible donor coefficients per anchor are kept. The donor budget is fixed, but donor identities may
change: a zeroed coefficient still receives gradients and can re-enter. Anchor indices never change.
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Data use. The calibration set is class-balanced where possible. A quarter of it (N/4 images) is
held out for checkpoint selection and the attention safeguard; coefficients are fitted on the remainder.
Test data are never used for any selection.

A.6 ATTENTION SAFEGUARD

Changing queries and keys changes attention routing, so a poor combination can disrupt a whole
layer (Appendix C.4). After the first search epoch, the main DINOv3 runs check the mean nor-
malized attention-output error on calibration-training batches and the accuracy on the calibration
holdout. If the error exceeds 5 and holdout accuracy falls by more than three points relative to the
starting model, the initialization is restored, attention maps are disabled in the layers above the error
threshold, and the remaining maps continue training. Across the 12-task ablation suite, this rule trig-
gered in 84 of the 720 runs. The non-DINO and data-efficiency runs use a global variant: attention
remixing is disabled when the error exceeds twice its initial value or 4.5 and the holdout accuracy
drops by more than three points, leaving MLP-only remixing. Neither rule uses test accuracy.

A.7 WEIGHT FOLDING IS EXACT

During calibration, a remixed MLP block evaluates fR(x) = (DR + ED)σ
(︁
(R⊤U + EU )x +

R⊤bU +Eb

)︁
+ b̄D. The exported block stores DR, UR, bR, and b̄D from Eq. equation A.2 and eval-

uates the same expression, so folding introduces no approximation beyond floating-point rounding.
The same holds for attention, since the remixed projections are applied before all attention oper-
ations both during calibration and after export. Every run records an export check that compares
intermediate and final outputs of the calibration-time and folded models within numerical tolerance.
The folded model has the same depth, widths, operators, and parameter count as the pruned model;
the source bank, maps, and candidate machinery are discarded.

A.8 WHY A FEW DONORS CAN SUFFICE

Component absorption. For a linear pair, split the intermediate axis into retained and removed
parts, A = [AS AR] and B = [BS ;BR]. If the removed components are partly explained by the
retained ones, AR = AST + E, then

AB = AS(BS + TBR) + EBR,
⃦⃦
AB −AS(BS + TBR)

⃦⃦
F
≤ ∥E∥F ∥BR∥2. (A.6)

Pruning keeps only ASBS ; absorbing TBR into the retained weights recovers the part of the re-
moved contribution that the retained channels can express.

Dense versus few-donor maps. For F (R) = (DR + ED)(R⊤U + EU ), a dense map R⋆, a
few-donor map RK , and ∆ = R⋆ −RK , adding and subtracting (DRK +ED)(R⊤

⋆ U +EU ) gives

∥F (R⋆)− F (RK)∥F ≤
(︁
∥D∥2∥R⊤

⋆ U + EU∥2 + ∥DRK + ED∥2∥U∥2
)︁
∥∆∥F . (A.7)

For an Lσ-Lipschitz activation, the same argument applied to one MLP block yields

∥fR⋆(x)− fRK
(x)∥2 ≤ ∥∆∥2

[︂
∥D∥2 ∥hR⋆(x)∥2 + Lσ∥DRK + ED∥2 ∥Ux+ bU∥2

]︂
, (A.8)

with hR(x) = σ
(︁
(R⊤U+EU )x+R⊤bU+Eb

)︁
. The cost of sparsifying a useful map therefore scales

with the map error and the norms of the surrounding operators. These bounds motivate learning few-
donor maps under the task objective; they do not guarantee that a small-K approximation exists or
that the source network’s nonlinear function is recovered exactly.

A.9 ACTIVE COEFFICIENTS AND TRAINING COST

Parameter counts in Table 1 are the final active coefficients (anchor scales and donor coefficients)
and, for other methods, their trained or fitted parameters. They do not measure training memory: the
implementation allocates dense coefficient storage during search and keeps the frozen source bank
in memory. For example, at K=5 and N=512 across the 12-task ablation suite, the median active
graph counts are about 69K to 371K from S/10M to L/150M, while the dense training allocations
are about 11M to 167M scalar slots. None of this is present after folding.
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B EXPERIMENTAL DETAILS AND COMPLETE RESULTS

B.1 DATASETS

Table B.1 lists the sixteen datasets. Training counts are the images available for the final linear
classifier; calibration subsets are drawn from them. Caltech-256 includes the clutter class (257
labels), FGVC-Aircraft trains on its combined training and validation split, and DTD uses its 1,880-
image training split, which caps the nominal 2,048-image calibration budget at 1,880. Images are
resized to 224 × 224 with each source model’s preprocessing; the MedMNIST tasks use their 224-
pixel release.

Table B.1: Datasets. Domain groups are those used in Section 5 of the main paper and Ap-
pendix C.1.

Domain Dataset Classes Training Test

General CIFAR-10 (Krizhevsky, 2009) 10 50,000 10,000
CIFAR-100 (Krizhevsky, 2009) 100 50,000 10,000
Caltech-256 (Griffin et al., 2007) 257 24,485 6,122

Fine-grained FGVC-Aircraft (Maji et al., 2013) 100 6,667 3,333
CUB-200-2011 (Wah et al., 2011) 200 5,994 5,794
Stanford Cars (Krause et al., 2013) 196 8,144 8,041
Oxford-IIIT Pets (Parkhi et al., 2012) 37 3,680 3,669

Texture/scene DTD (Cimpoi et al., 2014) 47 1,880 1,880
MIT Indoor-67 (Quattoni & Torralba, 2009) 67 5,360 1,340

Medical BloodMNIST (Yang et al., 2023) 8 11,959 3,421
OrganAMNIST (Yang et al., 2023) 11 34,561 17,778
PneumoniaMNIST (Yang et al., 2023) 2 4,708 624

Remote sensing EuroSAT (Helber et al., 2019) 10 16,200 5,400
RESISC45 (Cheng et al., 2017) 45 18,897 6,300

Synthetic CLEVR Count (Johnson et al., 2017) 8 63,000 15,000
smallNORB Elevation (LeCun et al., 2004) 9 24,300 12,150

B.2 SOURCE MODELS AND COMPRESSION

Table B.2 lists the source models and compact budgets. For each task and budget, the compact ar-
chitecture comes from task-guided structured pruning (CarveVFM), which searches layerwise MLP
widths and attention configurations under the budget, scores candidates on 512 calibration images.
The compact model keeps every transformer layer and the residual width. The same compressed
checkpoint is the starting point for every method in a given task and setting, including across cali-
bration budgets in the data-efficiency study.

Table B.2: Source models and compact budgets (approximate parameter counts, millions).
Family Source model Source Compact

DINOv3 (Siméoni et al., 2025) ViT-S/16 22 10
ViT-S+/16 (data-efficiency study) 29 14
ViT-B/16 87 35
ViT-L/16 304 150
ViT-H+/16 841 300

MetaCLIP 2 (Chuang et al., 2025) ViT-B/16 86 35
SigLIP 2 (Tschannen et al., 2025) ViT-B/16 93 35
I-JEPA (Assran et al., 2023) ViT-H/14 631 250
MAE (He et al., 2022) ViT-B/16 86 35
AugReg (Steiner et al., 2022) ViT-B/16 86 35
BiomedCLIP (Zhang et al., 2023) ViT-B/16 86 35
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B.3 BASELINES

All baselines start from the same compressed checkpoint, use the same calibration images and hold-
out split, and are evaluated with the same fresh linear classifier (Appendix B.4). Iterative baselines
train for twenty epochs with AdamW, cosine learning-rate decay (5% warmup, minimum ratio 0.05),
and weight decay 10−4. AdaPrune and block reconstruction minimize their reconstruction losses;
the other iterative baselines use the teacher-guided objective of Appendix A.4 (cross-entropy, logit
distillation, and final-feature matching). Table B.3 lists what each method updates.

Table B.3: Baseline configurations. LR: peak learning rate.
Method What is trained or fitted LR

B+LN Biases and LayerNorm parameters 3×10−4

AdaPrune Output projections, trained to match teacher block outputs (local reconstruction) 3×10−4

Ridge Closed-form layerwise ridge reconstruction (λ = 10−3); no gradient training –
Neuron merging Data-free merge of each removed MLP neuron into its most similar survivor (Kim et al., 2020); –

replaces the MLP compensation on the same pruning mask; not applicable to gated H+ MLPs
SSF Per-feature scale and shift (Lian et al., 2022) 3×10−4

SVFT Sparse coefficients in the singular-vector basis of each weight (Lingam et al., 2024) 3×10−4

AdaptFormer Parallel MLP adapters, bottleneck 4 (Chen et al., 2022) 3×10−4

LoRA (r = 2, 4, 8) Low-rank updates of MLP down and attention output projections, all layers (Hu et al., 2022) 3×10−4

DoRA (r = 8) As LoRA, with magnitude–direction decomposition (Liu et al., 2024) 3×10−4

PiSSA (r = 8) As LoRA, initialized from principal singular components (Meng et al., 2024) 3×10−4

Block recon. All backbone weights, trained to match teacher block outputs 10−5

Full fine-tune All backbone weights (weight decay 10−2) 10−5

Dense remix Dense channel maps on the MLPs and eligible attention operators (Zhmoginov et al., 2024) 10−4

B.4 TRAINING PROTOCOLS

Classifier. After adaptation, the backbone is frozen and a fresh linear classifier is trained for ten
epochs on the full task training set (AdamW, learning rate 10−3, weight decay 10−4, batch size 32,
seed 90,017, unstandardized features); the final epoch is reported. The same classifier protocol is
applied to every method, so every gain in Table 1 compares backbones under identical evaluation
conditions. For the DINOv3 ViT-H+ scale, both the compressed baseline and Channel-Remix use
a 40-epoch classifier trained on standardized representations to ensure stable feature convergence.
The uncompressed references are linear probes of the source models; for ViT-H+ it is a forty-epoch
SGD probe (mean 88.2%), the same reference as in Figure 4. Source classifiers used by the teacher
and the linear probes use full task data; the calibration budget N limits backbone adaptation only.

Ensuring fair comparisons. Because different methods update different parameter sets, from
per-feature scales (SSF) to full backbone weights (fine-tuning), we tuned the learning rate for
each method individually. Methods that update lightweight adapters or projections (LoRA, DoRA,
PiSSA, AdaptFormer, SSF, SVFT, AdaPrune, B+LN) use a learning rate of 3×10−4, while methods
that update all backbone weights (block reconstruction, full fine-tuning) use 10−5, and dense remix
uses 10−4. These rates were selected to give each baseline its best performance.

We also verified that the number of training epochs does not disadvantage any baseline. Channel-
Remix uses a two-phase schedule of 20 search + 20 refine epochs. All iterative baselines were trained
for both 20 and 40 epochs, and we report the better result, ensuring that no baseline is penalized
by fewer gradient updates. Channel-Remix optimizes all maps with AdamW, learning rate 10−3,
weight decay 10−4, and gradient clipping at 1. Equal epoch counts do not imply equal computation:
Channel-Remix’s search phase evaluates candidate donors and is less expensive per epoch than a full
backward pass over all parameters.

Parameter accounting. The trainable-parameter column of Table 1 includes the classifier and
averages the same 144 model–task pairs for all methods (ViT-H+ excluded, where comparable ac-
counting is incomplete). For Channel-Remix it counts final active coefficients, excluding temporary
search allocations and frozen teacher weights. Excluding classifiers, K=5 averages 179K coeffi-
cients against 411K for LoRA-8.
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Table B.4: Paired tests behind Table 1. For each setting, Channel-Remix (K=5) minus a baseline
over the 16 tasks: mean difference (pp), tasks where Channel-Remix is higher, and the two-sided
Wilcoxon signed-rank p-value.

vs. PiSSA-8 vs. LoRA-8 vs. Full FT vs. Block rec.

Setting ∆ Wins p ∆ Wins p ∆ Wins p ∆ Wins p

ViT-S +1.4 16/16 <10−4 +2.0 16/16 <10−4 +1.7 16/16 <10−4 +2.0 16/16 <10−4

ViT-S +0.3 13/16 0.058 +1.2 14/16 0.005 +2.7 16/16 <10−4 +3.0 16/16 <10−4

ViT-L +0.3 10/16 0.274 +0.7 11/16 0.130 +1.2 12/16 0.029 +3.9 12/16 0.074
ViT-H+ +2.2 12/16 0.013 +2.6 13/16 0.005 +8.8 13/16 0.005 +2.2 12/16 0.011
MetaCLIP 2 +3.6 16/16 <10−4 +3.6 16/16 <10−4 +1.9 10/16 0.029 +2.1 13/16 0.011
SigLIP 2 −0.5 8/16 0.562 +0.5 11/16 0.298 −1.4 3/16 0.058 −2.0 3/16 0.011
I-JEPA +0.2 12/16 0.175 +1.5 15/16 <10−4 +1.0 12/16 0.009 +0.6 11/16 0.058
MAE +1.7 13/16 0.025 +2.3 15/16 0.001 +1.6 11/16 0.051 +1.2 10/16 0.083
AugReg +1.1 13/16 0.011 +1.3 13/16 0.008 +0.4 9/16 0.404 +0.8 11/16 0.144
BiomedCLIP +1.6 16/16 <10−4 +1.9 15/16 <10−4 +1.6 12/16 0.029 +0.2 12/16 0.061

Pooled, all +1.2 129/160 <10−12 +1.8 139/160 <10−18 +1.9 114/160 <10−9 +1.4 116/160 <10−7

Pooled, matched +1.3 78/96 <10−7 +1.9 85/96 <10−12 +0.8 57/96 0.009 +0.5 60/96 0.024

B.5 STATISTICAL SIGNIFICANCE

With one adaptation seed, we treat tasks as the unit of replication and use paired Wilcoxon signed-
rank tests on per-task differences (Table B.4). Channel-Remix is higher than PiSSA-8 in 78 of 96
task–setting pairs (p < 10−7) and than LoRA-8 in 85 of 96 (p < 10−12). The advantage over
full fine-tuning and block reconstruction is smaller (57 and 60 of 96 pairs). SigLIP 2 is the main
exception: there, Channel-Remix trails PiSSA-8 slightly and loses to full fine-tuning and block
reconstruction on 13 of 16 tasks, consistent with the discussion of broader updates in Section 4.2 of
the main paper. Pooled tests treat task–setting pairs as independent although the tasks repeat across
settings, so the per-setting rows are the more conservative evidence.

B.6 PER-DATASET RESULTS

Tables B.5, B.6, B.7 give the per-dataset accuracies behind Table 1. The Mean column repro-
duces the compressed accuracy of Table 1, and the difference between a method’s mean and
the compressed mean reproduces its entry in Table 1. Abbreviations: C10/C100 CIFAR-10/100,
Cal Caltech-256, Air FGVC-Aircraft, Ind MIT Indoor-67, OrgA OrganAMNIST, Pneu Pneumoni-
aMNIST, Euro EuroSAT, RES RESISC45, sNORB smallNORB Elevation.
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B.7 DATA EFFICIENCY

Tables B.8 give the per-dataset results behind Figure 4. Both methods start from the same com-
pressed checkpoint, prepared with 512 images, at every calibration budget, so the budgets differ
only in the data used for adaptation. The 3–4× ratios in the main text compare nominal calibration
budgets at which the mean accuracies of the two methods meet: Channel-Remix with 512 images
against LoRA-4 with 1,536 (ViT-B) or 2,048 images (ViT-S+ and ViT-H+), i.e., one third to one
quarter as many calibration images. On ViT-S+, the match is within 0.07 points.

B.8 DATASET-LEVEL COMPARISON WITH LORA

Figure B.1 resolves the comparison with LoRA-4 at 512 images by dataset and source model.
Among the nine settings with matched adaptation schedules (the controlled DINOv3 S+, B, and
H+ runs and the six non-DINO families), Channel-Remix is higher in 132 of 144 model–dataset
pairs.

DINOv3
ViT-S†
10M

DINOv3
ViT-S+
14M

AugReg
ViT-B
35M

MAE
ViT-B
35M

MetaCLIP 2
ViT-B
35M

BiomedCLIP
ViT-B
35M

DINOv3
ViT-B
35M

SigLIP 2
ViT-B
35M

DINOv3
ViT-L†
150M

I-JEPA
ViT-H
250M

DINOv3
ViT-H+
300M Mean

CIFAR-10

CIFAR-100

Caltech-256

FGVC-Aircraft

CUB-200

Stanford Cars

Oxford-IIIT Pets

DTD

MIT Indoor-67

EuroSAT

RESISC45

CLEVR Count

smallNORB Elevation

BloodMNIST

OrganAMNIST

PneumoniaMNIST

+0.8 +0.8 +0.4 +3.2 +1.5 +2.4 +0.1 -2.0 +0.1 +1.7 +0.1 +0.8

+2.2 +0.9 -0.5 +5.4 +3.6 +6.3 +3.4 +0.9 -0.7 +3.3 +0.7 +2.3

+2.2 +1.2 +1.1 +6.2 +4.0 +0.3 +4.1 +3.9 -0.5 +1.2 +0.5 +2.2

+2.6 +0.6 +6.4 +7.3 +3.6 +3.4 +1.7 -3.0 +0.5 +2.4 +1.6 +2.5

+4.5 +0.9 +0.2 +3.9 +5.2 +1.4 +3.8 +1.9 -0.2 +2.9 +1.7 +2.4

+2.3 +0.2 +5.3 +6.8 +17.2 +1.2 +0.8 +1.3 +0.2 +2.2 +0.6 +3.5

+3.1 +0.4 +0.2 +1.7 +3.0 +0.9 +1.2 -0.7 +0.2 +1.5 -0.3 +1.0

+2.8 +0.2 +0.2 +4.1 +0.2 +1.6 +1.6 -0.4 -0.5 +0.5 +1.1 +1.0

+3.7 +0.4 +0.3 +2.6 0.0 +0.3 +0.6 +0.3 +0.6 +0.4 +0.4 +0.9

+0.6 +0.3 +0.6 +0.4 +0.9 +1.5 +0.4 +0.8 +0.8 +0.8 +0.5 +0.7

+1.6 +0.8 +2.3 +2.5 +1.1 +1.9 +1.5 +0.8 +0.8 +1.2 +0.8 +1.4

+4.1 +1.5 +2.6 +3.5 +7.2 +4.1 +9.1 +3.7 +8.6 +3.4 +12.9 +5.5

+1.4 +1.0 +0.9 -1.4 +4.0 +1.4 -4.0 -2.4 +1.8 +1.0 +4.2 +0.7

+0.7 +1.0 +0.7 +1.2 +3.2 +1.6 +1.1 +1.9 +0.8 -0.2 +1.4 +1.2

+0.8 +0.4 +2.5 +0.9 +1.5 +3.9 +0.7 +1.0 +1.7 +0.6 +1.1 +1.4

+1.8 +2.4 -2.7 +1.3 +2.7 +0.8 +4.5 +1.9 -3.2 +2.2 +4.2 +1.4

−20 −15 −10 −5 0 5 10 15 20
Accuracy gain over LoRA (percentage points)

Remix K=5 − LoRA r=4
512 calibration images

Figure B.1: Accuracy of Channel-Remix (K=5) minus LoRA (r=4) by dataset and source
model (percentage points, 512 calibration images). The DINOv3 S+, B, and H+ columns use the
controlled study of Figure 4; the other columns use the main-table runs. The dagger-marked ViT-S
and ViT-L columns use forty Channel-Remix adaptation epochs versus twenty for LoRA; they are
excluded from the 132/144 count.
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Table B.5: DINOv3 backbones (ViT-S/16→10M, ViT-B/16→35M, ViT-L/16→150M, ViT-
H+/16→300M): test accuracy (%) with 512 calibration images. Rows are grouped as Ref. (ref-
erence), Recovery (post-pruning recovery), PEFT (parameter-efficient adaptation), Full (full tuning)
and Ours (Channel-Remix, K sources; shaded). Bold: best per column within each backbone.

Natural Medical Remote Structured

Method C10 C100 Cal Air CUB Cars Pets DTD Ind Blood OrgA Pneu Euro RES CLEVR sNORB Mean

DINOv3 ViT-S/16→ 10M params

R
ef

. Compressed (Comp.) 91.4 72.6 70.2 56.0 61.4 73.8 79.6 65.0 65.1 96.3 92.8 85.7 95.8 85.8 58.6 35.0 74.1
Uncompressed LP 95.8 83.4 92.2 76.9 77.6 86.2 92.7 60.2 85.7 97.6 93.5 90.4 96.5 90.9 64.7 35.0 82.5

R
ec

ov
er

y B+LN 92.8 77.1 75.5 60.4 69.1 80.4 84.4 70.5 75.7 96.6 93.2 87.3 96.1 86.6 60.2 36.1 77.6
AdaPrune 90.9 67.9 71.2 53.1 63.3 72.1 78.7 65.1 68.1 95.8 93.1 88.6 95.1 85.0 59.3 35.1 73.9
Ridge 53.7 20.8 25.1 9.6 5.0 5.2 12.5 35.7 24.0 82.1 82.9 84.6 80.5 51.4 32.6 23.8 39.3
Neuron merge. 41.3 23.5 28.2 6.3 5.2 4.0 10.7 29.3 23.7 87.0 86.1 82.1 63.9 60.0 42.8 22.1 38.5

P
E

F
T

SSF 92.8 77.2 75.2 60.0 69.0 80.3 84.0 69.8 75.2 96.7 93.6 87.7 96.0 86.7 60.0 35.9 77.5
SVFT 92.3 76.1 73.5 58.7 65.7 78.6 82.9 67.4 74.0 96.6 92.9 86.2 96.1 85.6 59.6 35.7 76.4
AdaptFormer 92.1 75.5 72.7 57.5 64.8 77.3 82.5 66.4 71.3 96.5 92.9 85.6 96.0 85.5 59.0 34.8 75.7
LoRA-2 92.7 76.7 75.1 59.4 67.4 79.3 83.0 68.8 75.0 96.4 93.5 86.7 95.9 86.2 59.5 35.5 76.9
LoRA-4 92.7 76.9 75.6 59.9 68.3 79.8 83.5 69.4 75.2 96.7 93.6 86.9 96.0 86.4 59.3 35.5 77.2
LoRA-8 92.7 77.1 75.8 60.2 69.0 79.8 83.9 70.3 74.9 96.6 93.5 87.3 95.9 86.4 59.1 35.5 77.4
DoRA-8 92.7 77.3 75.5 59.9 69.2 80.1 84.3 70.6 75.0 96.7 93.6 86.5 95.9 86.5 59.3 36.4 77.5
PiSSA-8 93.0 77.6 76.0 61.0 70.7 80.7 85.5 70.5 76.0 96.6 93.6 87.8 96.0 86.8 59.8 36.4 78.0

F
ul

l Block recon. 93.0 77.7 75.5 60.3 68.9 80.5 84.7 69.4 75.4 96.5 93.5 86.7 95.5 86.6 59.7 35.5 77.5
Full fine-tune 92.9 77.5 75.9 60.1 70.0 80.8 84.6 70.6 75.4 96.6 93.8 87.2 95.9 86.6 59.7 35.6 77.7
Dense remix 93.0 78.0 76.6 60.9 73.0 81.8 86.3 70.4 76.0 97.6 95.2 87.2 96.4 87.8 65.6 30.7 78.5

O
ur

s K=3 93.5 78.9 78.0 62.1 72.6 81.8 85.1 72.3 78.7 97.2 94.3 88.6 96.4 88.1 62.6 36.1 79.2
K=5 93.5 79.1 77.8 62.6 72.8 82.1 86.5 72.2 79.0 97.4 94.4 88.6 96.6 88.0 63.4 36.8 79.4
K=7 93.4 79.1 78.0 62.4 73.2 82.3 86.6 72.2 78.9 97.3 94.4 88.6 96.7 88.4 63.9 36.4 79.5

DINOv3 ViT-B/16→ 35M params

R
ef

. Compressed (Comp.) 94.3 66.1 66.4 68.6 67.2 79.6 84.2 71.4 74.1 95.6 93.8 81.9 97.0 86.6 60.6 36.6 76.5
Uncompressed LP 97.7 87.7 95.9 83.8 82.4 88.5 95.0 62.6 89.4 97.9 93.7 90.5 97.0 93.1 65.7 38.2 85.0

R
ec

ov
er

y B+LN 86.3 79.1 77.9 67.4 72.0 85.1 87.0 74.7 67.7 96.6 93.9 79.6 97.2 89.3 58.0 24.6 77.3
AdaPrune 91.5 62.3 67.7 68.4 68.6 79.1 82.8 68.0 74.4 97.3 94.4 80.1 96.4 86.3 63.7 38.3 76.2
Ridge 69.4 26.8 22.1 11.7 9.8 3.5 17.5 40.7 30.1 86.3 90.0 80.8 77.0 63.0 37.0 16.3 42.6
Neuron merge. 51.8 38.2 42.0 7.6 10.1 7.1 26.6 44.7 41.3 87.4 88.3 68.3 73.5 78.7 39.4 25.1 45.6

P
E

F
T

SSF 95.9 79.0 76.8 75.1 78.7 89.8 90.7 73.6 84.9 96.6 93.8 79.3 97.2 88.6 57.6 38.7 81.0
SVFT 95.5 75.3 70.3 74.0 76.3 89.3 89.4 72.7 82.8 96.3 93.7 79.5 97.3 87.4 57.7 37.5 79.7
AdaptFormer 95.5 76.1 70.8 73.7 74.8 88.7 89.8 72.6 81.1 96.1 94.0 80.8 97.1 87.4 57.0 35.6 79.4
LoRA-2 95.8 79.0 77.7 75.3 77.5 90.1 91.4 73.9 84.7 96.3 94.1 80.8 97.1 88.3 58.7 37.3 81.0
LoRA-4 96.0 79.5 78.7 75.4 78.6 90.3 91.8 73.9 84.7 96.3 94.0 81.2 97.1 89.1 57.3 37.3 81.3
LoRA-8 96.0 80.0 79.5 75.1 79.2 90.6 92.0 73.6 84.9 96.3 93.8 81.9 97.2 89.3 58.7 38.5 81.7
DoRA-8 95.9 79.7 78.2 74.9 79.3 90.5 92.0 73.2 84.4 96.7 93.9 81.6 97.2 89.3 59.5 38.1 81.5
PiSSA-8 96.1 80.0 78.1 75.2 80.5 90.6 92.2 73.7 85.1 97.0 93.7 85.1 97.2 89.1 63.9 43.3 82.6

F
ul

l Block recon. 92.0 80.0 76.8 71.3 75.0 88.2 91.2 74.3 78.6 97.1 94.0 79.6 97.2 89.3 65.0 28.4 79.9
Full fine-tune 93.5 80.4 78.0 71.1 77.1 87.1 91.2 74.1 77.5 97.0 94.0 81.6 97.1 89.3 64.8 29.6 80.2
Dense remix 90.7 73.9 72.2 67.8 72.5 85.2 85.6 61.9 73.1 96.4 95.3 82.2 96.4 86.7 37.3 18.2 74.7

O
ur

s K=3 96.3 82.1 81.3 76.1 81.9 91.3 93.0 75.2 84.9 97.3 95.1 81.7 97.5 90.0 61.9 28.7 82.1
K=5 96.3 82.1 82.5 76.2 82.2 90.4 92.7 74.9 85.7 97.5 95.0 83.2 97.4 90.6 66.4 33.3 82.9
K=7 96.1 82.8 81.2 76.1 82.1 90.9 92.8 73.8 84.7 97.4 95.5 83.7 97.6 90.4 62.0 24.8 82.0

DINOv3 ViT-L/16→ 150M params

R
ef

. Compressed (Comp.) 97.5 88.8 93.2 80.8 88.5 93.7 95.6 81.8 90.7 95.6 93.7 86.1 97.2 93.6 58.9 37.9 85.9
Uncompressed LP 98.9 92.3 97.2 84.8 90.6 94.4 96.3 82.7 90.1 98.3 92.9 92.6 97.3 94.0 68.1 35.8 87.9

R
ec

ov
er

y B+LN 97.8 89.9 94.6 80.8 89.1 93.8 95.9 82.5 90.7 97.1 93.4 86.4 97.5 93.7 71.0 37.3 87.0
AdaPrune 97.2 88.4 93.3 80.1 87.7 93.7 95.6 81.7 89.9 96.1 93.5 82.7 96.7 93.5 63.5 36.0 85.6
Ridge 48.9 38.4 23.2 7.8 8.4 15.4 19.4 24.5 38.4 82.8 85.1 78.7 77.8 63.8 27.0 27.1 41.7
Neuron merge. 69.0 47.8 32.1 12.2 8.1 6.6 9.5 21.9 17.4 85.4 83.4 83.5 81.0 19.5 41.8 30.8 40.6

P
E

F
T

SSF 98.5 90.4 94.8 80.9 89.2 93.7 96.1 82.9 90.8 97.0 93.9 87.3 97.8 93.5 69.4 39.6 87.2
SVFT 98.6 90.1 93.9 80.9 88.8 93.7 95.7 82.3 90.9 96.4 93.8 87.7 97.1 93.5 64.6 39.2 86.7
AdaptFormer 98.4 90.5 94.4 80.9 89.0 93.8 95.8 82.4 90.2 96.6 93.8 87.0 97.3 93.4 60.2 38.3 86.4
LoRA-2 98.7 90.5 94.8 80.6 89.2 93.9 96.1 82.3 90.4 96.9 93.7 86.9 97.3 93.6 66.8 39.8 87.0
LoRA-4 98.8 90.5 94.8 80.8 89.2 93.9 96.1 82.5 90.6 96.9 93.8 86.9 97.4 93.6 66.4 39.6 87.0
LoRA-8 98.8 90.6 94.8 81.0 89.2 93.8 96.0 82.6 90.5 96.9 93.7 86.5 97.3 93.5 67.5 39.8 87.0
DoRA-8 98.8 90.5 94.9 80.8 89.1 93.8 96.0 82.6 90.7 96.9 93.8 87.3 97.2 93.7 69.9 40.3 87.3
PiSSA-8 98.9 90.7 95.0 80.7 89.2 93.7 95.9 82.6 90.4 97.3 94.3 87.3 97.6 93.8 70.5 39.4 87.3

F
ul

l Block recon. 43.6 89.5 94.8 80.5 89.4 93.8 96.0 82.4 90.9 97.3 94.1 87.8 97.8 93.7 71.6 38.0 83.8
Full fine-tune 98.7 90.1 94.9 80.7 89.3 93.8 96.0 82.7 90.7 97.5 94.3 79.8 97.8 93.7 71.2 33.0 86.5
Dense remix 21.8 2.1 74.0 65.0 76.2 89.3 89.0 49.5 27.1 57.7 81.1 77.2 64.7 83.7 34.2 16.6 56.8

O
ur

s K=3 98.8 91.0 94.4 81.0 89.2 94.0 95.9 82.3 90.4 98.0 95.2 88.9 98.0 94.1 74.0 40.3 87.8
K=5 98.9 89.9 94.3 81.3 89.1 94.1 96.2 82.0 91.2 97.7 95.5 83.7 98.2 94.4 75.1 41.4 87.7
K=7 98.7 89.8 94.2 80.8 88.9 94.0 95.7 82.2 90.9 97.8 95.6 82.9 98.1 94.9 78.0 40.2 87.7

DINOv3 ViT-H+/16→ 300M params

R
ef

. Compressed (Comp.) 98.9 89.0 91.0 79.6 85.7 93.9 96.2 81.8 89.6 98.5 94.9 89.6 97.7 93.7 68.1 36.1 86.5
Uncompressed LP 99.5 94.5 97.3 83.5 90.6 94.3 96.5 82.4 91.9 98.1 92.6 89.7 97.6 95.1 75.5 31.8 88.2

R
ec

ov
er

y B+LN 36.5 91.4 94.3 72.7 86.6 92.4 96.4 80.8 90.5 93.9 83.8 82.5 97.5 93.4 71.5 38.6 81.4
AdaPrune 98.8 89.5 91.5 69.7 85.2 92.5 95.9 81.2 89.4 93.7 93.9 84.3 97.5 93.9 65.5 36.5 84.9
Ridge 37.8 37.5 14.3 4.3 5.8 2.0 9.9 38.3 26.3 59.5 70.4 78.4 81.4 38.1 29.1 13.6 34.2
Neuron merge 29.1 46.7 19.8 2.8 6.0 1.5 8.5 34.2 26.0 61.4 69.1 76.1 77.7 44.5 38.2 15.5 34.8

P
E

F
T

SSF 99.4 91.2 93.6 72.5 86.2 92.1 96.3 80.1 90.3 93.3 92.9 83.5 97.5 93.9 69.2 37.9 85.6
SVFT 99.2 90.1 91.4 71.0 85.3 92.5 96.1 80.6 89.6 92.5 92.8 81.2 97.5 93.6 67.3 36.7 84.8
AdaptFormer 99.2 90.1 92.4 71.8 85.2 92.2 96.2 79.9 90.1 92.3 92.7 81.1 97.5 93.7 66.8 36.1 84.8
LoRA-2 99.3 91.1 93.8 72.0 85.8 92.3 96.5 80.6 90.2 93.1 92.8 82.4 97.6 94.1 67.7 37.1 85.4
LoRA-4 99.3 91.2 94.0 72.3 85.8 92.3 96.5 81.0 90.1 93.3 92.8 82.7 97.6 94.2 68.0 37.4 85.5
LoRA-8 99.2 91.4 94.1 72.3 86.8 92.3 96.4 80.6 90.2 93.5 92.9 83.8 97.6 94.3 69.6 36.7 85.7
DoRA-8 99.3 91.1 93.9 72.0 85.8 92.2 96.4 80.5 90.1 93.4 92.8 82.1 97.5 94.2 71.4 37.9 85.7
PiSSA-8 99.4 91.7 94.4 72.0 87.1 92.4 96.3 81.0 90.4 93.9 93.1 83.0 97.7 94.2 73.7 38.2 86.1

F
ul

l Block recon. 99.3 91.8 94.2 71.8 87.3 92.4 96.3 80.2 90.4 94.2 93.1 81.6 97.8 94.1 74.3 38.7 86.1
Full fine-tune 42.7 91.9 94.2 71.3 87.3 92.5 96.3 80.6 90.0 94.4 86.4 81.4 97.8 94.2 33.8 38.2 79.6
Dense remix 36.5 17.5 68.4 2.8 55.9 82.9 4.8 26.0 5.4 80.6 82.5 74.2 73.6 41.4 35.8 19.2 44.2

O
ur

s K=3 99.2 90.4 93.8 80.5 88.0 91.6 96.6 82.4 90.3 98.7 95.4 90.7 97.9 94.7 76.8 41.4 88.0
K=5 99.2 90.8 94.2 80.1 87.5 91.4 96.5 82.7 90.7 98.7 95.4 90.7 98.1 95.0 80.9 41.5 88.3
K=7 99.1 90.6 94.1 80.5 87.8 92.5 96.5 82.3 90.5 98.9 94.9 91.0 98.3 95.1 82.6 42.0 88.5
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Table B.6: Vision–language backbones (MetaCLIP 2, SigLIP 2 and BiomedCLIP ViT-B/16, each
compressed to 35M): test accuracy (%) with 512 calibration images. Rows are grouped as Ref. (ref-
erence), Recovery (post-pruning recovery), PEFT (parameter-efficient adaptation), Full (full tuning)
and Ours (Channel-Remix, K sources; shaded). Bold: best per column within each backbone

Natural Medical Remote Structured

Method C10 C100 Cal Air CUB Cars Pets DTD Ind Blood OrgA Pneu Euro RES CLEVR sNORB Mean

MetaCLIP 2 ViT-B/16→ 35M params

R
ef

. Compressed (Comp.) 90.7 68.6 65.6 39.6 50.4 16.5 72.6 67.4 72.9 93.4 91.7 84.1 96.4 87.4 57.7 35.5 68.2
Uncompressed LP 97.4 85.3 95.6 69.6 79.9 91.6 92.0 80.1 92.0 95.8 88.8 85.4 96.4 93.3 69.1 41.5 84.6

R
ec

ov
er

y B+LN 92.0 71.7 68.0 43.6 56.2 31.5 78.0 70.6 76.5 93.7 92.0 88.1 96.3 88.5 57.9 36.5 71.3
AdaPrune 86.2 64.1 55.2 23.6 37.1 3.8 57.6 57.1 63.4 93.3 92.1 84.5 95.4 82.4 58.0 29.5 61.5
Ridge 65.5 48.3 31.2 7.7 5.3 2.6 17.7 35.5 34.5 72.2 90.4 84.8 94.1 75.7 46.6 24.9 46.1
Neuron merge. 52.6 20.8 27.4 7.7 5.6 4.0 12.0 38.4 30.6 84.2 85.4 81.2 88.4 63.7 38.4 33.0 42.1

P
E

F
T

SSF 91.9 71.6 67.9 43.4 55.9 27.6 78.0 70.0 76.2 93.0 91.5 87.3 96.2 88.1 56.9 36.1 70.7
SVFT 91.7 71.1 67.4 43.4 56.1 26.9 77.8 70.4 75.6 93.0 91.9 85.3 96.4 88.5 55.9 35.8 70.4
AdaptFormer 91.9 71.8 68.1 42.4 55.5 25.8 77.4 70.4 76.4 93.0 91.7 86.1 96.4 88.1 56.4 34.3 70.4
LoRA-2 92.0 71.9 68.1 44.5 56.6 29.4 77.8 72.1 76.5 93.0 91.8 86.5 96.4 88.7 56.7 35.0 71.1
LoRA-4 91.8 71.9 68.5 44.5 57.1 31.2 77.9 72.0 76.2 93.0 91.9 87.0 96.7 88.7 57.3 35.7 71.3
LoRA-8 92.0 72.3 68.5 45.1 57.2 32.1 78.3 71.8 75.8 93.1 91.6 85.4 96.6 88.5 57.6 35.8 71.4
DoRA-8 91.9 71.0 67.8 45.4 56.2 32.6 78.9 71.0 76.3 93.3 91.3 87.0 96.4 88.1 58.2 36.4 71.4
PiSSA-8 92.8 72.0 67.8 44.0 56.4 30.8 79.0 70.2 75.7 92.9 91.9 87.5 96.7 87.8 58.8 38.4 71.4

F
ul

l Block recon. 93.6 74.7 69.9 47.6 59.9 38.6 80.7 72.8 78.0 94.9 93.1 83.3 97.0 89.3 61.8 31.5 72.9
Full fine-tune 93.3 74.9 70.8 48.2 60.8 40.0 81.2 72.7 77.6 95.3 93.5 83.3 97.1 88.9 61.5 29.7 73.1
Dense remix 58.7 59.9 51.6 32.6 47.0 5.5 29.1 50.1 47.5 91.7 89.4 81.4 89.2 61.2 47.1 22.8 54.0

O
ur

s K=3 93.5 75.6 72.5 45.8 61.8 47.4 81.6 72.7 76.6 95.9 93.6 89.6 97.3 89.3 63.0 40.9 74.8
K=5 93.2 75.5 72.4 48.1 62.3 48.4 80.9 72.2 76.2 96.1 93.4 89.7 97.5 89.7 64.5 39.7 75.0
K=7 92.8 75.2 72.1 47.5 62.2 47.6 81.2 72.3 76.0 96.4 93.6 90.1 97.5 89.3 64.9 39.6 74.9

SigLIP 2 ViT-B/16→ 35M params

R
ef

. Compressed (Comp.) 88.2 63.7 63.9 47.9 58.8 74.7 79.9 70.6 73.1 93.2 90.1 85.1 94.4 87.0 60.5 35.3 72.9
Uncompressed LP 96.6 84.2 97.4 78.3 82.4 94.9 94.8 81.7 93.4 94.6 89.1 86.1 95.8 94.9 70.0 36.2 85.6

R
ec

ov
er

y B+LN 90.6 69.4 70.6 54.8 62.7 78.7 83.3 72.3 77.1 94.5 91.2 87.3 95.4 89.0 67.3 39.7 76.5
AdaPrune 83.9 58.7 52.8 34.2 35.2 49.8 67.0 53.1 55.1 93.1 89.3 83.0 94.9 78.4 57.2 36.2 63.9
Ridge 67.2 24.3 13.0 1.9 1.7 2.3 14.8 33.0 17.7 67.5 73.7 77.9 80.7 58.2 40.5 20.9 37.2
Neuron merge. 42.5 7.4 4.5 3.2 1.2 4.1 5.5 5.3 3.0 58.0 74.6 70.8 72.5 23.6 28.2 25.0 26.8

P
E

F
T

SSF 90.4 69.0 69.8 54.4 63.0 78.6 83.3 72.0 77.5 94.2 90.3 85.7 95.0 88.9 65.3 39.6 76.1
SVFT 90.1 68.4 69.5 54.2 63.5 79.2 83.5 72.8 77.4 94.3 90.4 85.7 94.9 89.4 64.8 40.1 76.1
AdaptFormer 90.0 68.8 70.5 55.7 63.3 79.7 83.3 72.3 76.6 94.3 90.0 85.4 95.0 89.1 63.2 39.1 76.0
LoRA-2 90.3 68.6 71.1 54.3 63.5 78.9 83.7 72.2 78.4 94.4 89.8 87.0 95.1 89.2 63.1 38.7 76.1
LoRA-4 90.4 68.8 70.5 53.8 63.4 79.0 83.8 72.7 78.4 94.3 90.2 86.2 94.8 89.5 64.1 39.4 76.2
LoRA-8 90.1 68.6 70.3 54.2 63.4 79.5 84.1 72.6 77.8 94.5 90.5 86.1 95.0 89.5 65.3 39.6 76.3
DoRA-8 90.3 68.6 70.0 54.3 63.7 79.7 83.8 72.8 78.5 94.3 90.2 86.9 94.9 89.5 65.4 40.8 76.5
PiSSA-8 91.2 70.2 72.2 54.2 64.4 79.3 84.7 73.8 78.2 94.9 91.2 86.7 95.4 90.2 68.6 42.4 77.3

F
ul

l Block recon. 91.4 71.7 77.0 58.5 68.4 83.4 87.3 74.8 81.6 95.6 83.5 87.8 95.9 91.3 73.4 38.9 78.8
Full fine-tune 91.4 71.8 76.6 58.6 68.3 83.0 87.0 74.7 81.3 95.5 82.6 88.9 95.8 91.1 73.1 32.4 78.3
Dense remix 46.0 27.2 31.2 5.0 26.9 1.1 29.2 41.8 21.1 91.3 74.9 81.6 85.7 63.2 43.6 17.2 42.9

O
ur

s K=3 90.3 70.4 74.2 52.8 66.0 81.2 83.9 73.9 78.1 95.8 91.6 87.2 95.6 90.6 69.3 40.7 77.6
K=5 88.4 69.7 74.4 50.8 65.3 80.3 83.1 72.3 78.7 96.2 91.2 88.1 95.6 90.2 67.8 37.0 76.8
K=7 87.9 68.9 73.1 49.5 64.9 80.0 83.1 73.0 75.4 94.9 91.3 86.7 95.6 89.2 68.3 36.6 76.2

BiomedCLIP ViT-B/16→ 35M params

R
ef

. Compressed (Comp.) 63.9 13.5 49.8 19.0 21.8 9.8 35.5 48.3 42.6 93.7 86.8 92.9 90.2 77.2 54.4 21.9 51.3
Uncompressed LP 64.2 42.6 50.6 20.0 21.1 10.3 37.1 48.4 42.8 93.4 86.7 94.2 89.2 76.8 53.2 21.7 53.3

R
ec

ov
er

y B+LN 65.4 4.4 49.6 21.4 22.6 11.1 38.7 49.8 42.5 94.7 87.3 93.1 90.4 78.5 57.3 23.1 51.9
AdaPrune 64.4 16.5 47.5 18.8 22.2 9.6 36.9 47.7 41.3 92.8 88.0 94.2 90.4 77.0 53.5 22.4 51.5
Ridge 64.3 14.9 46.2 7.2 20.2 5.7 38.9 45.1 41.1 93.4 82.1 90.7 87.7 75.5 47.5 20.1 48.8
Neuron merge. 51.3 11.0 30.1 12.4 12.6 4.5 19.7 35.5 24.3 85.4 86.6 85.6 81.1 63.3 44.6 21.7 41.9

P
E

F
T

SSF 65.7 5.2 49.3 21.0 23.4 11.2 39.1 49.9 44.1 94.2 87.4 92.8 90.8 78.4 57.0 23.5 52.1
SVFT 65.7 15.9 48.9 20.2 22.8 10.8 37.7 49.1 45.1 93.9 86.5 93.1 90.5 77.3 56.2 22.9 52.3
AdaptFormer 66.4 17.1 50.0 20.9 23.5 11.2 38.5 50.5 44.6 93.8 87.0 92.9 90.7 78.2 57.0 22.9 52.8
LoRA-2 65.5 16.5 49.6 20.0 23.0 10.6 39.5 49.1 44.9 94.0 86.8 92.9 90.8 78.1 56.5 23.7 52.6
LoRA-4 65.7 16.8 49.5 20.6 23.2 10.9 39.5 50.0 44.2 94.0 87.0 93.3 90.8 77.8 56.6 23.4 52.7
LoRA-8 65.6 17.5 49.6 20.9 23.2 11.0 39.2 50.0 45.1 94.1 86.9 93.3 90.7 77.8 56.5 23.6 52.8
DoRA-8 66.2 17.8 49.1 20.9 23.4 11.5 39.2 50.4 44.6 93.8 87.2 93.6 90.7 78.6 57.0 23.6 53.0
PiSSA-8 66.5 19.2 49.8 20.3 23.2 11.1 38.8 50.1 44.5 94.6 87.8 93.8 91.3 78.6 58.0 23.6 53.2

F
ul

l Block recon. 68.8 29.8 50.1 22.1 23.7 11.2 39.7 51.3 44.4 95.0 89.7 91.8 92.3 79.5 60.5 23.6 54.6
Full fine-tune 67.4 3.9 50.6 23.9 24.5 11.7 39.8 51.7 45.1 95.7 90.5 91.2 92.2 79.5 59.7 23.7 53.2
Dense remix 69.3 7.1 43.5 9.0 25.0 6.7 42.2 46.2 41.1 96.6 81.4 84.9 83.7 75.3 40.7 18.2 48.2

O
ur

s K=3 67.6 21.4 50.5 22.7 24.5 12.0 39.9 50.6 44.3 95.7 89.9 93.6 91.9 80.0 59.2 24.5 54.3
K=5 68.1 23.1 49.9 24.0 24.6 12.2 40.4 51.6 44.5 95.6 90.9 94.1 92.3 79.7 60.7 24.7 54.8
K=7 68.5 23.6 50.3 24.3 25.2 12.7 41.4 51.1 44.0 96.3 91.9 94.7 93.0 80.6 61.2 25.3 55.3
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Table B.7: Self-supervised and supervised backbones (I-JEPA ViT-H/14→250M, MAE ViT-
B/16→35M, AugReg ViT-B/16→35M): test accuracy (%) with 512 calibration images. All meth-
ods: 20 adaptation epochs. Rows are grouped as Ref. (reference), Recovery (post-pruning recov-
ery), PEFT (parameter-efficient adaptation), Full (full tuning) and Ours (Channel-Remix, K sources;
shaded). Bold: best per column within each backbone.

Natural Medical Remote Structured

Method C10 C100 Cal Air CUB Cars Pets DTD Ind Blood OrgA Pneu Euro RES CLEVR sNORB Mean

I-JEPA ViT-H/14→ 250M params

R
ef

. Compressed (Comp.) 90.6 71.2 80.3 27.2 39.4 23.6 86.7 64.0 72.7 97.7 92.9 88.1 96.5 85.5 63.4 40.7 70.0
Uncompressed LP 91.7 74.1 83.5 27.0 37.8 21.2 87.3 63.4 72.7 98.1 92.8 86.5 96.3 87.4 64.7 39.7 70.3

R
ec

ov
er

y B+LN 92.2 74.1 81.3 39.2 43.8 29.0 87.7 64.7 73.1 97.7 93.2 87.7 96.4 85.5 67.2 40.7 72.1
AdaPrune 89.7 66.8 78.7 26.3 36.2 20.7 84.5 62.7 70.5 96.8 92.7 87.8 96.5 84.3 62.5 41.2 68.6
Ridge 86.8 63.6 71.4 27.2 30.1 19.1 81.8 61.3 70.2 94.5 92.5 88.3 96.3 80.7 55.1 36.1 65.9
Neuron merge. 27.4 1.6 4.7 1.0 0.4 0.4 2.8 2.7 1.9 88.2 27.0 62.7 24.4 5.2 25.6 15.2 18.2

P
E

F
T

SSF 92.8 74.5 80.9 40.9 45.9 32.4 87.6 64.5 73.1 98.0 93.3 87.2 96.6 87.3 68.7 41.7 72.8
SVFT 92.1 73.1 81.0 37.3 43.5 31.0 87.0 64.5 73.2 97.8 93.1 88.1 96.4 86.8 67.8 42.5 72.2
AdaptFormer 92.0 73.4 81.1 41.8 45.3 32.3 87.0 64.4 73.0 97.9 93.0 87.5 96.2 87.0 68.2 41.8 72.6
LoRA-2 91.8 72.8 80.9 39.8 41.8 29.3 86.8 64.5 73.1 97.9 92.9 87.5 96.3 87.4 68.0 42.2 72.1
LoRA-4 91.8 72.7 81.1 40.9 41.9 30.1 86.9 63.9 73.1 98.0 92.9 87.8 96.3 87.3 68.3 42.4 72.2
LoRA-8 91.6 73.2 80.8 41.6 41.8 30.7 86.9 64.0 72.8 97.9 93.0 87.5 96.4 87.6 68.0 42.3 72.3
DoRA-8 91.8 72.9 80.9 45.5 44.6 34.8 87.1 64.0 73.3 97.7 93.1 88.0 96.4 87.4 66.9 42.3 72.9
PiSSA-8 92.5 74.1 80.9 45.0 45.0 35.1 88.1 64.2 73.1 98.2 93.4 89.4 96.8 87.3 71.2 42.3 73.5

F
ul

l Block recon. 92.0 73.3 81.1 43.6 44.2 33.7 88.0 64.4 73.3 98.0 93.8 90.4 96.4 87.5 70.2 41.6 73.2
Full fine-tune 92.8 74.0 81.5 41.8 44.1 31.6 87.8 64.5 72.2 98.0 94.0 91.7 96.3 84.7 70.4 39.8 72.8
Dense remix 10.0 1.0 2.4 1.0 0.5 0.5 2.7 2.1 1.4 19.6 29.5 62.5 26.7 4.6 12.7 13.2 11.9

O
ur

s K=3 93.3 74.6 81.4 41.3 44.0 31.1 87.8 64.6 72.4 98.1 93.4 89.7 97.1 88.4 71.2 43.2 73.2
K=5 93.5 76.0 82.3 43.4 44.8 32.3 88.4 64.4 73.4 97.8 93.6 90.1 97.1 88.6 71.7 43.3 73.8
K=7 94.3 75.7 81.7 43.4 45.3 32.5 88.2 65.0 73.4 98.0 93.9 89.4 97.0 88.2 72.1 43.2 73.8

MAE ViT-B/16→ 35M params

R
ef

. Compressed (Comp.) 75.7 50.4 49.3 15.6 16.4 9.2 49.9 42.0 45.0 92.3 89.8 87.5 92.4 77.7 63.2 35.1 55.7
Uncompressed LP 82.2 57.4 70.7 18.8 22.1 11.3 62.5 53.5 54.4 91.6 90.2 87.7 92.6 81.2 63.0 36.3 61.0

R
ec

ov
er

y B+LN 77.3 52.8 53.8 27.4 31.5 14.0 72.9 50.7 51.6 92.0 90.2 89.4 92.2 76.5 51.7 38.1 60.1
AdaPrune 73.5 41.5 40.1 14.4 15.8 8.7 32.9 41.5 41.3 92.6 89.6 88.3 91.2 75.6 60.7 34.8 52.7
Ridge 70.3 41.5 34.1 12.4 12.0 5.6 24.2 37.8 36.6 91.1 89.0 87.7 89.2 74.2 52.1 30.1 49.2
Neuron merge. 43.9 21.1 11.3 8.6 5.5 4.3 11.4 26.2 24.1 85.4 75.3 76.1 74.4 51.2 38.3 22.2 36.2

P
E

F
T

SSF 76.9 52.3 53.1 25.5 29.3 13.9 72.4 49.8 51.1 93.6 89.5 88.3 92.6 75.8 50.6 38.7 59.6
SVFT 76.4 51.1 50.0 20.6 25.4 12.0 67.3 47.1 48.1 92.3 89.3 88.3 92.2 76.0 51.6 37.4 57.8
AdaptFormer 75.9 50.6 48.6 19.9 26.7 11.0 69.3 46.6 47.1 91.6 89.3 87.8 92.0 74.7 57.2 35.1 57.7
LoRA-2 76.3 51.6 52.4 29.5 33.5 14.8 73.5 49.9 51.6 92.8 89.5 88.1 92.4 75.5 50.8 36.3 59.9
LoRA-4 76.5 51.8 53.7 32.2 34.6 15.8 74.4 51.1 52.6 93.1 89.5 87.8 92.5 75.9 52.2 37.2 60.7
LoRA-8 76.4 52.7 54.9 34.6 35.7 16.5 75.3 51.4 53.4 93.5 89.5 88.1 92.7 76.3 54.2 38.0 61.4
DoRA-8 76.7 52.7 55.1 33.6 35.6 16.1 74.8 51.8 53.1 93.2 89.5 88.8 92.7 76.4 53.5 39.1 61.4
PiSSA-8 78.3 53.9 55.6 35.7 34.2 16.7 72.2 49.9 52.8 94.2 90.1 88.9 93.0 77.6 59.7 40.1 62.1

F
ul

l Block recon. 79.0 54.2 56.8 37.9 34.2 15.9 75.1 50.6 52.2 94.5 89.9 89.6 92.9 78.4 61.1 38.4 62.6
Full fine-tune 78.9 54.2 56.1 36.0 33.3 15.8 73.9 50.9 51.7 93.9 89.9 90.5 93.3 78.5 62.8 35.9 62.2
Dense remix 45.9 37.9 39.2 23.6 31.0 11.5 55.5 37.2 38.4 94.7 88.4 83.2 80.2 66.3 34.2 21.7 49.3

O
ur

s K=3 79.5 57.3 59.0 39.4 38.2 22.7 75.9 54.6 55.0 94.5 90.5 88.8 93.0 79.2 56.3 37.4 63.8
K=5 79.7 57.2 59.9 39.5 38.5 22.5 76.1 55.2 55.2 94.3 90.4 89.1 92.9 78.4 55.7 35.8 63.8
K=7 78.2 57.7 59.9 39.3 38.7 22.3 76.0 54.2 54.9 94.7 90.3 89.6 92.9 79.5 62.9 33.9 64.1

AugReg ViT-B/16→ 35M params

R
ef

. Compressed (Comp.) 95.9 79.8 82.8 53.6 84.3 60.7 92.0 72.6 82.8 97.5 92.7 85.7 96.7 90.4 63.3 41.1 79.5
Uncompressed LP 97.4 86.6 93.3 54.1 87.1 62.9 93.0 76.3 87.0 97.9 91.0 83.8 97.1 90.3 63.2 38.9 81.2

R
ec

ov
er

y B+LN 95.7 80.0 83.6 52.5 84.7 58.6 92.1 74.0 81.6 97.7 92.0 85.7 96.4 88.7 63.7 39.9 79.2
AdaPrune 93.2 75.9 75.5 49.7 80.4 50.5 89.3 69.5 77.1 97.6 93.5 86.9 96.7 89.1 62.0 40.2 76.7
Ridge 90.6 69.4 63.9 42.7 73.7 30.9 81.9 61.4 71.1 95.1 90.2 83.0 96.3 85.5 53.1 36.9 70.4
Neuron merge. 30.9 4.7 6.5 1.4 1.6 0.6 3.9 6.2 2.6 30.3 43.4 85.3 51.8 16.4 25.9 17.4 20.5

P
E

F
T

SSF 95.5 79.8 84.3 52.1 84.8 58.7 92.0 73.8 81.5 97.6 91.9 85.3 96.6 89.9 63.0 40.0 79.2
SVFT 95.9 80.1 84.5 51.8 85.1 59.2 92.5 73.2 82.7 97.5 91.8 85.4 96.7 89.4 62.1 40.4 79.3
AdaptFormer 95.9 80.6 83.4 51.5 85.0 59.2 92.0 74.4 82.2 97.7 91.8 85.7 96.7 89.5 62.2 40.4 79.3
LoRA-2 96.0 80.9 84.7 53.2 85.1 60.6 92.3 73.7 82.3 97.5 92.5 85.7 96.6 89.1 62.5 40.4 79.6
LoRA-4 95.8 81.1 83.8 53.0 85.2 61.3 92.3 74.0 82.5 97.5 91.9 86.2 96.5 89.5 63.0 40.4 79.6
LoRA-8 95.9 80.9 84.8 53.6 85.1 61.4 92.3 73.6 82.8 97.5 91.7 84.9 96.7 89.1 63.5 40.6 79.6
DoRA-8 95.6 81.1 84.5 53.0 84.9 59.8 92.5 73.6 81.9 97.5 92.8 87.5 96.4 90.1 62.7 40.5 79.7
PiSSA-8 96.1 80.8 84.4 53.5 85.3 60.7 92.5 73.5 82.3 98.2 93.1 85.9 96.9 91.1 64.2 38.9 79.8

F
ul

l Block recon. 96.1 82.0 85.6 54.2 85.5 61.6 92.7 73.7 82.2 98.1 93.3 85.3 97.0 90.8 64.8 39.0 80.1
Full fine-tune 96.4 82.4 85.2 55.5 85.5 64.0 92.3 73.8 82.7 98.0 92.9 86.4 97.2 91.0 66.6 39.1 80.6
Dense remix 87.9 59.6 38.3 51.1 72.2 54.0 82.2 55.3 38.4 97.5 91.8 84.0 95.7 85.8 56.8 20.0 66.9

O
ur

s K=3 96.4 81.3 84.9 57.8 85.5 65.5 92.6 73.8 83.1 97.4 94.0 86.4 97.1 91.2 64.7 40.7 80.8
K=5 96.2 80.6 84.9 59.3 85.4 66.7 92.6 74.3 82.8 98.2 94.4 83.5 97.2 91.8 65.6 41.3 80.9
K=7 96.0 80.4 83.9 58.5 84.6 66.1 92.6 73.9 81.9 97.7 93.7 83.3 97.2 91.5 65.5 40.6 80.4
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Table B.8: Data efficiency on DINOv3 backbones. Test accuracy (%) of Channel-Remix (K=5)
and LoRA (r=4) for each calibration budget N , with matched 20 adaptation and 10 classifier epochs.
Comp. and Uncomp. are linear probes of the compressed and uncompressed backbones. DTD pro-
vides 1,880 images at the nominal 2,048 budget.

Channel-Remix (K=5) LoRA (r=4)

Dataset Comp. 256 512 1,024 1,536 2,048 256 512 1,024 1,536 2,048 Uncomp.

DINOv3 ViT-S+ (29M → 14M)
CIFAR-10 94.5 95.6 95.6 96.0 96.2 96.0 94.9 94.8 95.3 95.2 95.3 96.8
CIFAR-100 78.2 80.7 81.6 82.0 82.3 82.3 80.2 80.7 81.4 81.3 81.5 85.7
Caltech-256 81.1 83.1 83.7 84.5 85.0 84.7 82.2 82.5 83.4 83.5 83.9 93.5
FGVC-Aircraft 69.2 70.1 70.6 71.4 71.6 72.2 70.1 70.0 70.7 71.3 71.0 78.5
CUB-200 76.7 78.6 79.0 79.3 79.8 79.6 77.8 78.0 78.6 78.8 78.7 86.3
Stanford Cars 87.3 87.8 87.9 88.6 88.8 89.2 87.5 87.7 88.0 88.0 88.2 92.4
Oxford-IIIT Pets 91.1 92.0 92.3 92.6 92.4 92.7 91.8 91.9 92.2 91.9 92.2 94.6
DTD 74.1 75.6 75.5 76.9 77.7 77.4 74.7 75.4 76.0 76.0 76.3 79.8
MIT Indoor-67 80.9 82.1 82.2 82.2 83.1 82.7 81.7 81.8 81.6 81.7 82.2 88.2
BloodMNIST 95.0 96.3 96.7 97.0 97.0 97.2 95.1 95.7 96.3 96.6 96.6 97.2
OrganAMNIST 94.0 93.9 94.3 94.3 94.2 94.4 94.0 93.9 94.0 94.0 94.0 92.4
PneumoniaMNIST 86.2 87.2 88.0 88.3 88.8 88.8 85.9 85.6 86.2 85.9 85.6 87.8
EuroSAT 96.9 97.0 97.1 97.1 97.3 97.4 97.0 96.9 97.1 97.0 97.0 96.2
RESISC45 88.3 89.8 89.7 90.5 90.9 91.0 88.4 88.9 89.3 90.3 90.4 91.0
CLEVR Count 66.3 66.2 67.0 68.0 68.2 70.4 65.9 65.5 66.1 66.2 67.1 64.8
smallNORB Elev. 33.9 34.3 35.1 37.6 39.4 39.7 34.0 34.1 35.9 36.1 37.3 34.5

Mean 80.9 81.9 82.3 82.9 83.3 83.5 81.3 81.5 82.0 82.1 82.3 85.0

DINOv3 ViT-B (86M → 35M)
CIFAR-10 94.4 96.2 96.1 96.3 96.7 96.9 95.5 96.0 95.9 96.2 96.3 97.8
CIFAR-100 66.1 81.5 83.0 83.9 84.1 84.2 78.1 79.5 80.9 81.8 81.7 88.0
Caltech-256 66.4 81.0 82.7 84.6 85.1 85.2 75.6 78.7 80.4 81.3 82.0 95.9
FGVC-Aircraft 68.6 76.5 77.2 77.6 78.5 79.2 74.6 75.4 75.5 76.0 76.3 83.9
CUB-200 67.4 81.0 82.4 82.7 83.1 83.6 76.8 78.6 80.3 81.2 82.1 88.9
Stanford Cars 79.7 90.9 91.1 91.6 91.7 91.6 89.6 90.3 90.9 91.0 91.0 94.0
Oxford-IIIT Pets 84.3 92.5 93.0 93.7 93.5 93.8 90.7 91.8 92.5 92.4 92.8 96.4
DTD 71.4 74.6 75.6 76.8 75.6 77.9 72.4 73.9 74.6 75.4 76.3 81.9
MIT Indoor-67 74.0 85.1 85.3 86.3 86.3 86.0 83.8 84.7 84.9 85.5 85.6 89.3
BloodMNIST 95.6 97.0 97.4 97.7 98.0 98.1 96.3 96.3 97.0 97.0 97.1 97.3
OrganAMNIST 93.8 95.0 94.7 94.7 94.8 94.9 94.2 94.0 93.9 94.1 93.9 93.2
PneumoniaMNIST 81.7 81.6 85.7 85.4 86.5 84.9 81.6 81.2 80.6 81.9 83.3 86.9
EuroSAT 97.0 97.4 97.4 97.9 97.8 97.9 97.3 97.1 97.2 97.5 97.5 97.0
RESISC45 86.6 89.2 90.6 91.1 91.1 91.3 88.1 89.1 89.6 90.3 90.3 93.1
CLEVR Count 60.6 61.0 66.4 78.6 81.4 81.2 57.5 57.3 60.2 65.0 69.4 65.7
smallNORB Elev. 36.7 26.9 33.3 34.0 30.7 30.8 38.1 37.3 40.6 40.3 42.5 38.2

Mean 76.5 81.7 83.2 84.6 84.7 84.8 80.6 81.3 82.2 82.9 83.6 86.7

DINOv3 ViT-H+ (841M → 300M)
CIFAR-10 99.0 99.3 99.3 99.4 99.4 99.4 99.3 99.3 99.3 99.3 99.4 99.5
CIFAR-100 89.5 91.7 92.0 92.1 92.1 92.2 91.2 91.4 91.7 91.9 92.2 94.5
Caltech-256 90.7 94.1 94.5 94.8 95.1 95.1 93.8 94.1 94.1 94.6 94.8 97.3
FGVC-Aircraft 71.8 72.9 75.5 78.1 79.7 80.3 73.1 73.9 75.1 76.1 76.3 83.5
CUB-200 84.8 88.0 88.0 88.0 88.3 88.1 86.1 86.3 87.3 87.4 87.2 90.6
Stanford Cars 92.8 93.1 93.0 93.1 93.1 93.5 92.5 92.5 92.4 92.3 92.3 94.3
Oxford-IIIT Pets 96.1 96.3 96.1 96.4 96.6 96.8 96.4 96.4 96.6 96.6 96.6 96.5
DTD 80.4 81.3 82.1 82.1 83.3 83.5 80.9 81.1 81.9 81.8 82.0 82.4
MIT Indoor-67 89.7 90.3 90.6 90.2 90.4 89.9 90.3 90.1 90.1 90.1 90.3 91.9
BloodMNIST 93.6 97.0 97.0 97.6 97.7 97.9 95.8 95.7 96.5 96.6 97.0 98.1
OrganAMNIST 93.3 94.3 94.2 94.3 94.8 94.7 93.0 93.1 92.7 92.9 92.8 92.6
PneumoniaMNIST 80.9 83.3 87.0 84.1 84.0 85.4 82.7 82.9 84.1 84.1 83.3 89.7
EuroSAT 97.7 97.9 98.1 97.9 98.1 98.1 97.5 97.6 97.5 97.6 97.5 97.6
RESISC45 93.7 94.7 95.0 95.1 95.1 95.1 94.1 94.2 94.0 94.0 94.4 95.1
CLEVR Count 68.1 73.6 80.9 86.9 92.0 94.1 67.0 68.0 73.8 82.3 86.0 75.5
smallNORB Elev. 36.1 38.1 41.5 44.9 47.4 51.6 35.8 37.4 38.6 39.4 41.0 31.8

Mean 84.9 86.6 87.8 88.4 89.2 89.7 85.6 85.9 86.6 87.3 87.7 88.2
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Table C.1: Domain-structured donor sharing (K=5, N=1,024, random candidates). Top: Jaccard
over the top 5/10/20% donors (chance 2.6/5.3/11.1%) and Spearman ρ of donor energy. Dom.:
domains (of six) where same-domain sharing is higher; p: permutation test over domain labels;
padj: same test after regressing out mask similarity. Bottom: top-10% Jaccard per domain; Other
averages pairs with one task inside and one outside the domain.

ViT-S+/14M ViT-B/35M ViT-H+/300M

Measure Same Other Dom. p padj Same Other Dom. p padj Same Other Dom. p padj

Jaccard, top 5% 3.38 3.19 3/6 0.182 0.123 4.63 3.84 6/6 <10−3 0.003 3.21 2.97 6/6 <10−4 0.012
Jaccard, top 10% 6.27 5.88 4/6 0.018 0.033 7.82 6.87 6/6 <10−4 <10−3 6.03 5.78 6/6 0.001 0.030
Jaccard, top 20% 12.21 11.98 4/6 0.114 0.177 14.12 13.16 5/6 <10−3 0.003 12.13 11.80 6/6 <10−4 0.003
Spearman ρ 0.047 0.038 5/6 0.061 0.113 0.103 0.076 6/6 <10−3 0.008 0.041 0.035 6/6 0.007 0.009

General 6.54 5.97 7.08 6.81 6.07 5.86
Fine-grained 5.70 5.71 8.54 7.00 6.07 5.79
Texture/scene 7.65 5.93 8.15 6.98 6.32 5.84
Medical 6.84 6.04 7.37 6.84 5.87 5.69
Remote sensing 6.01 6.02 7.53 6.85 6.11 5.75
Synthetic 6.07 5.65 7.03 6.68 5.72 5.70

C EXTENDED ANALYSES AND ABLATION STUDIES

The 12-task ablation suite used throughout this appendix contains the general, fine-grained, tex-
ture/scene and medical tasks, i.e., all benchmark tasks except EuroSAT, RESISC45, CLEVR Count
and smallNORB Elevation.

C.1 CROSS-TASK DONOR SHARING AND DOMAIN CLUSTERING

Measure. For task t, layer ℓ and pruned MLP channel i, the donor energy ϵtℓi =
∑︁

j η
2
ji is the

summed squared coefficient that channel i contributes to all compact channels. For a pair of tasks,
we restrict to channels pruned in both, take each task’s top 10% by donor energy, compute their
Jaccard index, and average over layers. The restriction removes the trivial effect of different pruning
masks; two random sets of this size give q/(2−q) = 5.3% for q = 0.1. We use the K=5, N=1,024
runs of the data-efficiency study, whose candidates are uniformly random. Each task then assigns
some coefficient to most pruned channels, so the overlap of full donor sets is uninformative, and we
compare instead the channels each task relies on most.

Robustness. Table C.1 varies the threshold and replaces the Jaccard index with the Spearman cor-
relation of donor energy over all commonly pruned channels. On ViT-B/35M and ViT-H+/300M,
same-domain pairs share more donors under every measure (p ≤ 0.007), and the effect stays signif-
icant after regressing out pruning-mask similarity. This adjustment matters because same-domain
tasks also keep more similar channels (mask Jaccard 0.63 vs. 0.57 on ViT-B/35M). On ViT-S+/14M
the ordering holds for every measure but is significant only for the top-10% Jaccard. The lower part
of the table breaks sharing down by domain.

Shared banks under a candidate prior. With candidate-ranker priors (N ≤ 512), the tasks of
the 12-task suite converge on a common set of donors (Figure C.1). Each task uses about 88 of
roughly 970 pruned channels per layer, the twelve ViT-S/10M models together use 32% of the MLP
channels (48% expected for independent sets of the same size), and pairwise overlap is six times its
chance value. With random candidates, the same statistics equal chance. The per-channel recipes
stay task-specific: the donors assigned to an anchor retained by two tasks overlap by 4.6%, against
17.7% for the layer-level donor sets. Since the ranker does not reduce accuracy (Appendix C.7), one
stored subset of about a third of the MLP channels can serve all twelve tasks in this setting.

C.2 SENSITIVITY TO DONOR BUDGET AND CALIBRATION SIZE

Figure C.2 and Table C.2 sweep K ∈ {3, 5, 7} and N ∈ {256, 512, 1024, 2048} on the 12-task suite
for five DINOv3 settings (720 runs). Candidates come from ranker priors at N ≤ 512 and from
uniform sampling at N ≥ 1,024. At N ≤ 512 the three budgets are statistically indistinguishable
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Figure C.1: A cross-task candidate prior induces a shared donor bank (twelve ViT-S/10M mod-
els, K=5). Dashed lines and gray bars: random donors of equal count from each task’s own pruned
channels. (a) Distinct MLP donors used by the first n tasks, averaged over layers and 400 task
orders; the random-pool curve coincides with chance. (b) Pairwise donor-set overlap relative to
chance. (c) With the ranker: overlap of layer-level donor sets vs. of donors assigned to the same
anchor in two tasks.
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Figure C.2: Calibration data matters more than the donor budget. (a) Mean gain over the
compressed model (twelve tasks, five DINOv3 settings, 60 pairs per point). (b) Effective donors
per compact MLP channel at N=512 (bars: mean; whiskers: interquartile range; dashed: nominal
budget).

(paired differences at most 0.28 points, Wilcoxon p ≥ 0.12). At N ≥ 1,024, K = 5 improves
on K = 3 by 0.2 points (40 of 60 pairs, p ≤ 0.004) and K = 7 adds nothing further. Increasing
N from 256 to 2,048 raises the gain over the compressed model by 3.3–3.5 points for every K.
The extra slots are used: the effective number of donors per channel (the exponential entropy of the
squared-coefficient shares) is 2.4, 3.7 and 4.9 for K = 3, 5, 7 on ViT-S/10M. Calibration data rather
than the donor budget limits the gain, which is why K needs little tuning (Section 4.2), and the gains
hold under both candidate-discovery regimes.

C.3 RECOMBINATION VERSUS RESCALING

A remixed channel changes its scale through the anchor gain and its direction through its donors.
To separate the two, we compare a refitted classifier, per-channel MLP gains without donors, and
a dense MLP remix on a ViT-S/6M model with full task data from the 12-task suite (Figure C.3).
Gains raise mean accuracy from 43.5% to 49.5%, while mixing reaches 63.9% and beats gains on all
twelve tasks (Wilcoxon p = 5 × 10−4). Sparse K=3 donors show the same ordering (Table 2(a)):
anchor gains alone reach 31.7%, three random donors 47.6%, and learned donors 48.9%. Most of
the recovery thus comes from changing what compact channels compute. These studies use full task
data and the best of ten evaluated epochs, so they compare the capacity of the parameterizations, not
their data efficiency.
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Table C.2: Donor budget and calibration sweep. Mean accuracy (%) on the 12-task suite; each
column uses a fixed K for all tasks.

N=256 N=512 N=1,024 N=2,048

Setting Start K=3 5 7 K=3 5 7 K=3 5 7 K=3 5 7

S/10M 75.84 80.92 80.81 81.21 81.94 82.16 82.21 82.52 82.84 82.97 83.22 83.44 83.76
B/20M 53.60 64.70 65.45 66.02 68.83 68.79 68.53 71.44 72.14 72.03 74.06 74.73 75.09
B/35M 78.60 85.80 85.69 85.87 86.35 86.55 86.42 87.32 87.62 87.67 87.93 87.93 87.86
L/100M 83.91 86.97 87.24 85.74 87.69 87.23 86.89 88.17 87.74 88.21 88.90 89.09 89.04
L/150M 90.50 90.99 91.00 90.82 91.59 91.16 90.96 91.56 91.68 91.37 91.84 91.96 91.62

0 10 20 30 40 50 60 70
12-task mean accuracy (%)

Pruned

Head only

Channel gains

Dense MLP remix

41.23

43.49

49.46

63.92

Figure C.3: Rescaling versus recombination. Mean accuracy on the 12-task suite (ViT-S/6M, full
task data) of the compressed model (Pruned), a refitted classifier (Head only), learned per-channel
MLP gains (Channel gains), and a dense MLP remix.

C.4 ATTENTION REMIXING DIAGNOSTIC

The safeguard of Appendix A.6 is motivated by a diagnostic on CIFAR-100 with a DINOv3 ViT-
L/100M model (K=3, N=512). From a compressed start of 80.77%, MLP-only remixing reaches
84.96%, whereas unguarded joint remixing of MLPs and attention (cross- and within-head) reaches
only 80.80%, four points lower. Cross-head attention remixing is responsible (80.75% for MLP plus
cross-head attention only), while within-head remixing is nearly harmless (84.80%). The failing
configurations show much larger first-epoch attention-output errors, which the safeguard detects
without test data.

C.5 COMPUTATIONAL COST

We report the cost of backbone adaptation only; the linear classifier is shared by all methods, and
all methods start from the same compressed model. As a reference we use the smallest setting in
which every method has the same twenty-epoch schedule: AugReg ViT-B/16 compressed to 35M,
with 512 calibration images.

Training time. From per-epoch timestamps in the training logs (one GPU of an NVIDIA RTX
PRO 6000 node shared with other jobs, so times are approximate), the median adaptation time
per task is 1.9 minutes for Channel-Remix (K=5), including donor search and refinement. The
baselines take 1.3–2.8 minutes (e.g., 1.9 for full fine-tuning, 2.2 for PiSSA-8, 2.7 for LoRA-8), and
SVFT 4.8 minutes. With 512 images, adaptation is therefore a matter of minutes for every method,
and Channel-Remix is not slower than the adapter baselines.

Training memory. Channel-Remix keeps the frozen source weights (86M parameters, about
0.34 GB in fp32) and allocates dense coefficient storage during search (median 35M slots, about
0.4 GB with AdamW moments), although only 112K coefficients remain active. Full fine-tuning of
the 35M compact backbone needs about 0.56 GB for weights, gradients, and optimizer moments.
These are estimates from parameter counts; peak GPU memory was not logged, and at 512 images
activations dominate for all methods.

Inference. After folding, Channel-Remix has exactly the architecture, parameter count, and
FLOPs of the compressed model. The same holds for B+LN, SSF, and the LoRA family after
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Table C.3: Complete donor-discovery comparison. Test accuracy (%) on held-out MIT-67 (ViT-
S/6M, K=3, one seed; checkpoints chosen on a calibration holdout). Ranker pools come from a
ranker trained on Aircraft and Caltech-256.

Procedure N=512 1,024 2,048 Mean

Top-K refinement only, all pruned 29.6 34.3 39.9 34.6
Top-K refinement only, random pool 26.3 33.4 40.8 33.5
Top-K refinement only, ranker pool 28.0 33.9 39.6 33.8
One-shot 32→K, local loss, ranker pool 22.0 31.6 40.4 31.4
Halving, local loss, random pool 25.7 32.2 42.5 33.5
Halving, local loss, ranker pool 26.6 34.9 40.0 33.8
Halving, full objective, random pool 30.0 33.4 41.9 35.1
Halving, full objective, ranker pool 27.3 32.2 41.4 33.6
Halving, full objective, ranker pool, no diversity penalty – 33.7 – –
Reference: top-K refinement only, K=5 30.9 35.0 42.2 36.0

merging, and for full fine-tuning and block reconstruction. AdaptFormer keeps its adapters at infer-
ence. Deployment cost is therefore set by the compression budget (Table 1), not by the adaptation
method.

C.6 ABLATION SETUP

All component ablations in Table 2 use a DINOv3 ViT-S/16 backbone compressed to 6M parameters,
K=3 donors per anchor channel, and learnable anchor gains.

Full task data (Table 2(a)). Models are trained for 10 epochs on the full training splits of FGVC-
Aircraft, Caltech-256 and MIT Indoor-67, and every arm reports its best evaluated checkpoint. W/o
donors disables donor recruitment and optimizes only the anchor gains sj . W/o support learning
fixes the donors before training, either uniformly at random from the pruned pool or as the three
discarded channels with the largest calibration-task gradients, and optimizes only the mixing coef-
ficients and anchor gains. W/o teacher guidance removes the representation and logit distillation
losses (Lrep, LKD) and trains with Ltask alone.

Constrained calibration (Table 2(b)). We use MIT Indoor-67, which is held out from ranker pre-
training, with N ∈ {512, 1024, 2048}; a stratified 25% of the calibration budget (N/4) is held out
for checkpoint selection. Each arm changes one design choice. Successive halving (32 → 16 →
8 → K) is compared with one-shot reduction from 32 candidates to K, both with ranker pools and
a local block-reconstruction loss. The full objective (Eq. equation 3) is compared with a local layer-
wise reconstruction loss, both with successive halving and uniform random candidates. Finally,
the discovery stage is compared with directly optimizing top-K donor coefficients over all pruned
channels. With 1,340 MIT Indoor-67 test images, the standard error between two individual runs is
about 1.8 points, and about 1.0 point for the three-budget mean.

C.7 COMPLETE DONOR-DISCOVERY COMPARISON

Table C.3 lists every discovery procedure behind Table 2(b). Successive halving is robust to the
candidate pool: ranker candidates are within 0.5–2.7 points of uniform random ones across bud-
gets. The cross-task ranker predicts optimizer-selected edges three times more often than random
initialization (9.0% vs. 2.9%) and promotes domain-structured donor sharing (Appendix C.1), but
successive halving under the task objective is the main driver of accuracy. Evaluating the gradient-
diversity penalty at N=1,024 shows that candidate pruning is already effective, because pruned
directions are nearly orthogonal (gradient redundancy 0.37–0.55). Channel-Remix thus finds good
donor subspaces without rigid candidate pre-filtering.
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Table C.4: Channel-Remix after other structured pruning criteria. Mean accuracy (%) on the
12-task suite, N=512. Start: pruned model with a fresh linear probe; K: donors per channel.

Magnitude start Wanda-style start

Setting Start K=3 K=5 K=7 Start K=3 K=5 K=7

S/10M 28.4 33.5 34.4 33.9 40.8 56.0 58.0 58.9
B/20M 29.9 36.8 39.5 39.2 29.2 39.3 40.7 40.3
B/35M 33.9 44.7 45.3 45.6 36.5 55.0 54.0 54.8
L/100M 24.8 44.1 44.3 44.1 33.1 56.8 57.1 55.3
L/150M 31.1 52.4 52.1 52.0 40.4 80.0 76.8 71.9
H+/300M 31.5 55.5 54.5 53.5 49.3 83.2 80.3 79.1

C.8 OTHER PRUNING CRITERIA

Channel-Remix needs only the partition into retained and discarded channels, so it can follow any
structured pruning criterion. Table C.4 starts from structured magnitude and activation-weighted
(Wanda-style) channel pruning at the budgets of the 12-task suite, with 512 calibration images.
Channel-Remix improves every start in all six settings; at K=5 the average gain is 15.1 points from
magnitude and 22.9 points from Wanda-style pruning. The final accuracies remain well below those
from the task-guided starts of the main experiments (Table C.2), so the gains are large partly because
these starts are weak. Remixing extends what can be learned within a chosen architecture; it does
not make channel selection irrelevant.
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