Decompose, Mix, Adapt: A Unified Framework for Parameter-Efficient Neural
Network Recombination and Compression

Supplementary Material

1. CRISP Algorithms

CRISP consists of three core stages: weight reparame-
terization via the forward pass (Alg. 1), neural mimicry
retrofitting (Alg. 2), and task adaptation via PEFT (Alg. 3).
The compression stage differs between ViT and LLaMA ar-
chitectures and is described separately below. The complete
joint MC+PEFT pipeline is presented in Alg. 6.

Algorithm 1 describes the forward pass using the
coefficient-gated transformation Tcrisp(B], A) =
Bl(c(A"*) ©® A®) introduced in Eq. 4 of the main
paper. The retrofitting process in Algorithm 2 imple-
ments the initial neural mimicry stage (Sec. 3.2), which
decomposes pretrained weights into basis-mixer pairs
through smooth-L1 reconstruction loss without requiring
any dataset samples. Algorithm 3 demonstrates CRISP’s
PEFT capability, where only the lightweight mixer matrices
{Al"*} are updated while basis matrices {B]} remain
frozen, enabling task adaptation with fewer than 200
trainable parameters per layer in some experiments (Tab. 1,
main paper).

Algorithm 1 CRISP Forward Pass

Require: Input x € R"*4n Basis B, € R“*", Mixer
Alrs € R™*%, bias b € R
Ensure: Outputy € R"dou
1 As « o(A) © A where o (-) is sigmoid
2 W, reshape(Bv’;;l;’"S, (dout, din)) Where u = %
3y« xWl+b
4: returny

1.1. ViT Compression

For ViT models, compression is performed via distillation
using a full-parameter CRISP teacher model trained on only
2% of ImageNet-1K [1]. Algorithm 4 initializes the student
model using the top-r eigenvectors of the teacher’s basis
matrices and optimizes a weighted combination of KL di-
vergence on output logits and per-layer MSE feature match-
ing (Tab. 2, main paper; Supp. Tabs. 3 and 4).

1.2. LLaMA Compression

For LLaMA models, compression operates differently from
the ViT setting. Algorithm 5 first performs data-free basis
reduction by computing importance scores from template
norms and coefficient sparsity, clustering basis vectors via
importance-weighted k-means, and merging clusters with

Algorithm 2 Neural Mimicry Initialization

Require: Pretrained weights {W;) N |, layer groups G, hy-
perparameters r, s
Ensure: Shared bases { B}, per-layer mixers { A}"*}
1: for each group g € G do
2: Initialize shared basis B, ~ N(0,0.01) of size u x

3 for each layer i € g do

4 Initialize mixer A" ~ N(0,0.01) of size r x s

5 end for

6: end for

7: while not converged do

8 Lmimicry — Zfil gsle (%RISP(BZIW Agm) - W;)

9 Update {Bj},{A*} via gradient descent on
£mimicry

10: end while

11: return {B.}, {A]}

Algorithm 3 CRISP PEFT Adaptation

Require: Downstream dataset D, compressed model with
frozen bases { B!}, trainable mixers {A®}, learning
rate n

Ensure: Task-adapted model

1: for (x,y) € D do
2 § < Forward(x; { B}, {A/*})
3: Liasx < CrossEntropy (4, y)

4 {A}  {A7°} = Viarey Lus > Freeze {Bj}

5

6

> Alg. |

: end for
: return adapted { A"}

variance-aware rescaling. A short calibration stage (Stage
2) refines the compressed model using a weighted combina-
tion of weight reconstruction and language modeling loss,
yielding further gains (Tab. 06).

1.3. Joint MC+PEFT Pipeline

Algorithm 6 presents the complete pipeline for simultane-
ous compression and task adaptation. Compression (ViT:
Alg. 4; LLaMA: Alg. 5) is applied first, after which basis
matrices are frozen and only mixer matrices are updated for
downstream tasks via Alg. 3. This unified pipeline achieves
state-of-the-art on both MC (Tab. 2, main paper; Tab. 6) and
PEFT (Tab. 1, main paper; Tab. 5) without requiring sepa-
rate optimization procedures.



Algorithm 4 CRISP-ViT Compression via Distillation

Algorithm 5 CRISP-Llama Compression Pipeline

Require: Teacher model Mieucher (full CRISP  from
Alg. 2), target compression 7riyge, Starget> distillation
dataset Dyis (2% ImageNet), loss weights Akp, Afear

Ensure: Compressed student model My gent

1: Initialize { Bl gentts { Abtsient} With tOp Tareer €igenvec-
tors from M eacher

for (x,y) € Dyist do
gteacher — Mteacher(x)
ystudent — Msmdent(x)

»CKL — KL(gstudent ||:l)teacher)
distillation

6: Lfeat — ZE MSE(fgmdem, féeacher)

feature alignment

7: L+ )\KLLZKL + )\featl:feat

Update { Blgent > LALS0c } Via gradient descent on

> Output logit

> Per-layer

L
9: end for
10: return Mygent

2. Datasets

PEFT Evaluation (ViT). Tab. | details the 19 tasks in the
VTAB-1K [16] benchmark used to evaluate PEFT on ViT-
S/16. Tasks are grouped into three categories: Natural (7
tasks), (4 tasks, including medical and satellite
imagery), and (8 tasks requiring geometric and
relational reasoning). Each task provides 1K training sam-
ples, making it well-suited for evaluating sample efficiency
and cross-domain generalization.

Compression Evaluation (ViT). Tab. 2 details the six fine-
grained classification benchmarks used for ViT-B/16 com-
pression evaluation, corresponding to the results in Tab. 2
of the main paper and Tabs. 3 and 4. These datasets span
a wider range of training budgets than VTAB-1K, allow-
ing us to assess compression quality under less constrained
finetuning conditions.

3. Ablation Studies

We conduct ablation studies to validate key design choices
in CRISP’s architecture, focusing on three critical compo-
nents: constraint placement, initialization strategies, and re-
construction loss functions during neural mimicry.

Regularization via Coefficient Constraints. Fig. | com-
pares three strategies for where to apply the regulariza-
tion constraint in the CRISP transformation: PRE applies
the constraint to the mixer before combining o(A"*) ©
A'"#), POST applies it after reconstruction (¢p(B’A’#)),
and TEMP applies it to the basis matrices (B’¢(A"#)). Our
formulation (PRE with SiLU-style gating) consistently out-
performs alternatives across all benchmarks, providing im-

Require: CRISP model with template banks {Bf,p )}, coef-
ficients {Al(»p ) }, per-projection compression rates {p,, },
calibration data D, (optional)

Ensure: Compressed model with reduced ranks r;, =
Lr(1 = pp)]

1: Stage 1: Data-Free Basis Reduction

2: for each group g, projection  p €
{up, gate, down, q, k, v, o} do

3w« IMPORTANCE(BY) {A")} Do) »Eq. 1+
optional variance

4 < CLUSTER(BY {AP} w, r;,) > KMeans +
random projection

5. BY « MErRGE(BY, m,w)
rescaling

6 {AP} « AGGREGATE({A"}, )
cluster

7: end for

8: Stage 1b: Coefficient Re-solve
AP W (B

9: Stage 2: Activation Calibration

10: for ¢ = 1 to E i do

i Lo wr Y, WP — W2 + walim

teacher
12 Update { B}, {A™)} via gradient descent
13: end for
14: return Compressed model

> Weighted avg. +

> Sum per

> Least-squares:

Sub-procedures:

1: function IMPORTANCE(B, {4}, D)

2: w <« || Bll2+ A, [|Ai]|1 > Per Eq. 1; boost by o

if D provided
return w

end function

function CLUSTER(B, {A;},w, ")
® « [RandomProj(B); concat(A;)] weighted by w
return KMeans(®, r’)

end function

function MERGE(B, 7, w)

10: return Importance-weighted average with variance
rescaling

11: end function

12: function AGGREGATE({4;}, )

13: return Sum coefficients per cluster

14: end function

R A

plicit regularization on the mixer coefficients without con-
straining the final weight space. POST and TEMP con-
figurations can slightly hurt performance as they constrain
the output weight space directly, which acts as a hard con-
straint on the layer weights as discussed in Sec. 3.1 of
the main paper. Notably, ReLU performs catastrophically



Algorithm 6 CRISP Joint MC+PEFT

Require: Pretrained weights {Wzi}’ target compression
rate, downstream task D

Ensure: Compressed and task-adapted model

1: {B'},{A""*} « NeuralMimicry({W}}, rtun, stan) >
Alg. 2
Mgudent CompreSS(Mteachera Ttarget, stargel) > Alg. 4
Freeze {B ;Ludent}
{A;22pted} — PEFT(D, {Bs/tudent}’ {A/TS

student

. / /
return M student With {B studem} ’ {Aazgpted }

) > Alg.3

Table 1. Details of VTAB-1K [16] Benchmark used for PEFT on
ViT-S/16 [2].

Dataset #Cat #Train #Val #Test
CIFAR100 100 800/1000 200 10000
Caltech101 102 6084 - -
DTD 47 1880 - -
Flower102 102 6149 - -
Pets 37 3669 - -
SVHN 10 26032 - -
Sun397 397 21750 - -
Camelyon 2 800/1000 200 32768
EuroSAT 10 5400 - -
Resisc45 45 6300 - -
Retinopathy 5 42670 - =
Clevr-Count 8 800/1000 200 15000
Clevr-Dist 6 15000 - -
DMLab 6 22735 - -
KITTI-Dist 4 711 - -
dSpr-Loc 16 73728 - -
dSpr-Ori 16 73728 - -
SNORB-Azim 18 12150 - -
SNORB-Ele 9 12150 - -

Table 2. Details on the Benchmarking Datasets used for fine-
tuning Compressed ViT-B/16 [2]

Dataset Classes #Sample

Oxford Flowers [9] 102 6553

FGVC Aircrafts [8] 55 10001
MIT Scenes [11] 67 15614
CIFARI100 [6] 100 60000
CIFARI10 [6] 10 60000
CUBs (Birds) [14] 200 11789

across all placements due to excessive sparsification of the
mixer matrices, consistent with the ablation results in Tab. 4
of the main paper. GELU shows competitive performance
to SiLU, but SiLU’s smooth gating better balances expres-
sivity and regularization without introducing additional hy-
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Figure 1. Impact of regularization constraint placement across
PRE, POST, and TEMP configurations. PRE (our method)
achieves the most consistent performance, while ReLU causes se-
vere degradation due to weight sparsification.

perparameters.

Initialization methods. Fig. 3 evaluates four initialization
strategies for the mixer matrices A’ during Algorithm 2:
uniform, Kaiming, Xavier, and orthogonal. Results show
remarkable robustness across initialization schemes, with
all methods achieving within 1% of each other on most
tasks. This insensitivity to initialization validates that the
neural mimicry objective effectively guides the learning
process regardless of starting point. The slight advantage of
Kaiming and orthogonal initializations on certain tasks mo-
tivated our choice of orthogonal initialization as mentioned
in the paper, but practitioners can confidently use simpler
schemes without significant performance degradation.

Loss functions for neural mimicry. Fig. 2 compares re-
construction losses in Algorithm 2: Huber, smooth-L1,
MSE, and L1. All robust losses (Huber, smooth-L1) per-
form comparably, with smooth-L.1 showing marginal ad-
vantages on fine-grained tasks like Aircraft. The consistent
performance across loss functions suggests that the choice
of reconstruction objective is less critical than the overall
factorization framework, though smooth-L1’s robustness to
outliers during weight decomposition motivated its adop-
tion in our implementation. Notably, L1 loss shows com-
petitive or superior performance on some tasks, indicating
potential for further exploration of sparsity-inducing objec-
tives during retrofitting.

Compression ablations. Tab. 3 evaluates design choices
for compressing ViT-B/16 by 50% across six benchmarks
(see Tab. 2). Neural mimicry alone (Eq. 5 on main paper)
significantly underperforms using distillation, demonstrat-
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Figure 2. Effect of reconstruction loss functions during neural
mimicry. We compare four loss functions (Huber, Smooth-L1,
MSE, L1) used in the neural mimicry stage (Equation 5 of main
paper) for retrofitting pretrained weights into CRISP’s basis-mixer
decomposition.
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Figure 3. Robustness to initialization methods. We evaluate four
standard initialization schemes (Uniform, Kaiming, Xavier, Or-
thogonal) for the mixer matrices A’"® during both neural mimicry
retrofitting and subsequent task adaptation.

ing that weight-space reconstruction without data is insuf-
ficient for aggressive compression. In contrast, distillation
boosts accuracy by 31%, validating our two-stage approach.
We also show that using SVD initialization is important (re-
placing it with random orthogonal initialization) as it pro-
vides a boost of almost 4%, confirming that eigenvector-
based warm-starting provides a stronger initialization for

the compressed parameter space.

Additional ViT Compression Results Tab. 4 reports per-
formance on 75% compression to supplement our 50%
compression results from our main paper. We find that
CRISP outperforms other PR methods like RECAST [13]
by 10% on MC. This gap is increased when combined with
PEFT methods, where we boost performance by 11%. This
helps further highlight the benefits of our approach over
prior general PR approaches.

4. Experiments on Large Language Models

Following standard protocols, we initialize LLaMA models
with our CRISP reparameterization via neural mimicry and
then fine-tune only the mixer matrices while keeping ba-
sis matrices frozen. We evaluate at two parameter budgets:
an ultra-low regime with approximately 0.004% trainable
parameters and a moderate regime at 0.01%, both substan-
tially lower than conventional PEFT methods which typi-
cally use around 0.7-0.8% of base model parameters.

Tab. 5 demonstrates that CRISP is on par or better than
its competitors with an order of magnitude fewer parame-
ters. We also show that we can reduce the number of train-
able parameters by another order of magnitude with only a
minimal impact to performance. Note that prior work has
shown PR methods like CRISP can also be composed with
methods like HiIRA and DoRA for further gains [13]. Fur-
ther, most of these methods we compare to can only be ap-
plied to PEFT, whereas our approach can be used for com-
pression as well, easing the implementation costs.

Algorithm 5 describes the LLaMA compression
pipeline, which reduces basis rank via importance-
weighted clustering and a short calibration stage using
language modeling loss. Tab. 6 evaluates this against
compression+PEFT combinations on commonsense rea-
soning at 30% parameter reduction. We follow the same
procedure outlined in the main paper for adapter-finetuning
and evaluation.

In the compression-only setting (main paper Tab. 3),
CRISP outperforms all baselines by around 5 points - a gap
consistent with the ViT results in Tab. 2 of the main paper.
In the Tab. 6, we evaluate compressed models as initializa-
tions for downstream PEFT. CRISP with coefficient tun-
ing achieves surpasses Basis-Sharing [15] and DFJR [10]
combinations by a significant margin. PruneNet [12] com-
bined with LoRA [4] or DoRA [7] achieves higher accuracy,
though these combinations use substantially more trainable
parameters during adaptation than CRISP’s lightweight co-
efficient tuning. This highlights a parameter-accuracy trade-
off: CRISP provides a unified compress-once-adapt-freely
framework at a lower adaptation cost, whereas pruning-
based methods require a separate PEFT pipeline with a
larger parameter budget to reach their best performance.



Table 3. Compression results on ViT-B/16 [2] with 50% weight compression across six diverse tasks (See Table 2). We find that using the
distillation loss with SVD initialization described in Sec. 3.2 of our paper provides best performance.

Compression Params(%) Flowers Aircraft Scene CFR100 CFRIO Birds Avg
Neural Mimicry (Eq. 5 of main paper) 44M 83.9 56.3 51.2 49.8 79.4 263 578
Distillation Loss 44M 99.0 89.5 81.8 86.2 97.4 79.1 88.8

w/0 SVD Init 44M 98.8 85.9 77.4 82.0 95.3 71.6  85.1

Table 4. Compression results on ViT-B/16 [2] at 75% parameter reduction evaluated on six fine-grained classification benchmarks (see
Tab. 2 of the main paper for 50% reduction). Upper section: post-compression accuracy with only classifier adaptation. Lower section:
MC+PEFT combinations demonstrate compressed models as initialization for downstream tasks. We find that CRISP outperforms prior
work by up to 11%.

Compression PEFT Params(%) Flowers Aircraft Scene CFR100 CFRIO Birds Avg
ViT-B/16 [2] - 86M 96.7 70.9 84.5 76.3 97.0 84.6 85.0
SVD — 21M 70.7 25.7 33.2 39.6 62.5 8.6 400
RECAST [13] - 21M 90.0 59.1 67.2 67.1 85.3 529 70.2
CRISP (ours) - 21M 95.1 73.0 77.7 74.1 89.7 73.6  80.5
SVD Eigenvalues 21M 87.8 55.9 62.1 65.0 85.3 40.1 66.0
RECAST [13] RECAST 21M 94.7 67.4 71.0 71.4 89.5 589 755
CRISP (ours)  CRISP (ours) 21M 98.8 85.2 79.6 82.6 95.9 75.1  86.2
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Table 5. Comparison of PEFT methods on commonsense reasoning benchmarks. Results from LoRA and DoRA are taken from Liu et al.
[7], HiRA results are from Huang et al. [5]. We find that CRISP is on par or better than custom PEFT methods while using an order of
magnitude fewer parameters. Further, CRISP can also support MC, as we show in Tab. 6, demonstrating its ability to generalize to more
PR tasks than prior PEFT methods.

Model  PEFT Params(%) Accuracy (1)
BQ PIQ SIQ Hell. Win. ARC-e ARC-c OBQ Avg.
ChatGPT — 731854 685 785 66.1 89.8 799 748 77.0
LoRA [4] 0.83  69.8 79.9 79.5 83.6 82.6 79.8 647 81.0 77.6
Llama2-7B DoRAw [7] 042  72.0 83.1 79.9 89.1 83.0 845 71.0 812 80.5
DoRA [7] 0.84 718 837 76.0 89.1 82.6 83.7 682 824 79.7
HiRA [5] 0.83 712 83.4 795 88.1 840 867 738 84.6 8l4
CRISP 0.004 68.9 81.4 80.4 91.0 80.1 841 69.1 73.6 786
CRISP 0.0l  69.5 81.8 80.4 91.7 83.6 846 692 782 80.0
LoRA [4] 070  70.8 852 79.9 91.7 843 842 712 79.0 80.8
Llama3-8B DoRAw [7] 036 74.5 88.8 80.3 95.5 847 90.1 79.1 872 85.0
DoRA [7] 071 746 89.3 799 955 856 90.5 804 858 852
HiRA [5] 070 754 89.7 812 95.4 877 933 829 883 86.7
CRISP 0.004 72.3 87.6 81.5 943 87.0 91.5 79.1 83.8 84.7
CRISP 0.01  73.6 89.1 80.8 94.8 857 93.1 830 87.6 86.0

Table 6. LLaMA3.2-1B [3] MC+PEFT results at 30% parameter reduction across seven commonsense reasoning benchmarks. All baselines
pair a compression method with a separate PEFT method, whereas CRISP compresses and adapts within the same factorized framework
using lightweight coefficient tuning.

Compression PEFT Accuracy (1)
BQ PIQ Hell. Wino ARC-e ARC-c OBQ Avg.
LLaMA3.2-1B [3] - 60.0 90.0 30.0 70.0 70.0 30.0 10.0 514

Basis-Sharing [15] LoRA [4] 37.8 52.8 26.8 48.6 28.2 19.3 162 328
Basis-Sharing [15] DoRA [7] 37.8 53.8 26.8 51.0 289 192 132 33.0
DFJR [10] LoRA [4] 489 535 264 503 28.6 206 144 347
DFJR [10] DoRA [7] 57.2 547 273 509 292 19.8 13.6 36.1
PruneNet [12] LoRA [4] 624 57.8 323 546 394 2211 16.8 40.8
PruneNet [12] DoRA [7] 62.3 60.3 32.6 554 404 215 17.6 414
CRISP (ours) CRISP (ours) 57.4 534 279 514 308 234 26.6 38.7
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