Weight Space Representation Learning via Neural Field Adaptation

Supplementary Material

This supplementary material provides additional theoreti-
cal analysis, implementation details, and experimental re-
sults to support the main paper. Section 6 presents for-
mal proofs demonstrating permutation symmetry in both
additive and multiplicative LoRA parameterizations. Sec-
tion 7 discusses related works in implicit neural represen-
tations. Section 8 provides comprehensive implementation
details for the standalone MLP architecture, base model ar-
chitecture and training, dataset preparation, and the com-
plete training pipeline. Section 9 formally defines the eval-
uation metrics used throughout our experiments. Section 10
presents an ablation study examining the effectiveness of
the hierarchical LoRA layer encoder. Section 11 presents
weight space interpolation experiments. Section 12 pro-
vides additional qualitative generation results on FFHQ and
ShapeNet datasets. Finally, Section 13 discusses limitations
and future research directions.

6. Permutation Symmetry in LoRA

We provide a formal proof that permutation symmetry ex-
ists within both additive and multiplicative LoRA parame-
terizations.

6.1. Permutation Symmetry in Additive LoORA

Theorem 1. The adapted weight matrix from additive LoRA
exhibits permutation symmetry with respect to the rank di-
mensions.

Proof. Consider the additive LoRA formulation:
W' =W + BA (7)

where W € RéouxXdn A ¢ R7%dn and B € RouXr
From a neural network perspective, the operation BAx
for input x € R% can be viewed as a two layer network:

BAx = B(Ax) 8)

where A acts as an encoder layer compressing the input to
hidden activations, and B acts as a decoder layer expanding
back to the output dimension.

Let h = Ax € R” denote the hidden activations. Con-
sider a permutation matrix P € R"*" corresponding to per-
mutation 7. We can insert PTP = I between the two lay-
ers:

BAx = BPTPAx = (BPT)(PA)x )

Define A = PA and B = BPZ. Then:

BA = BA (10)
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Figure 6. Illustrating permutation symmetries within LoRA.
(a) Permutation symmetry in additive LoRA. Low rank matri-
ces A and B could be seen as an encoder layer and a decoder
layer. The order of the intermediate neurons could swapped with-
out changing the output. (b) multiplicative LoRA could be seen
as parallel pathways with different scaling factors for the input
and output. The order of the pathways could be swapped without
changing the output.

This shows that (B, A) and (B, A) produce identical
adapted weight matrices. Concretely, A permutes the rows
of A (equivalently, permutes which hidden neuron each row
corresponds to), and B permutes the columns of B by the
same permutation (matching the hidden neuron reordering).

Since there are r! possible permutations of 7 hidden neu-
rons, and each permutation produces a functionally identi-
cal network, the additive LoRA weight space exhibits r!-
fold permutation symmetry. O

Remark 1. This permutation symmetry is analogous to the
well known permutation symmetry in standard MLPs [45]:
reordering hidden neurons (along with their corresponding
incoming and outgoing weights) does not change the func-
tion computed by the network. In LoRA, the hidden dimen-
sion is the rank r, and permuting this dimension induces
the symmetry. Figure 6(a) illustrates this symmetry, show-
ing how the low rank matrices can be viewed as encoder
and decoder layers where intermediate neurons can be re-
ordered.

6.2. Permutation Symmetry in Multiplicative LoORA

Theorem 2. The adapted weight matrix from multiplicative
LoRA can be expressed as a sum of base weight matrices,
each pre-multiplied and post-multiplied by diagonal matri-
ces.

Proof. Consider the multiplicative LoRA formulation from



Section 3.2:
W =W o BA an

where W € R%u«*dn i5 the base weight matrix, A €
R™*dn and B € RouxT,

We can decompose B and A into their column and row
vectors respectively:

B=[b by b,], A=]|. (12)

where b; € R and a; € R%n,
Therefore:

W =Wo (Z bial-T> = ZW ® (b;al)  (13)
=1 i=1

For each term in the sum, the elementwise product
W © (b;al’) can be expressed using diagonal matrices. Let
diag(b;) denote the diagonal matrix with b; on the diago-
nal, and similarly for diag(a;). Then:

W o (bialT) = diag(b;)Wdiag(a;) (14)

This can be verified by examining the (7, k) entry:

(W © (bsa] )]k = Wk - (bi); - (ai)k (15)
= (bi)j - Wi - (ai)k (16)
= [diag(b;)Wdiag(a;)],x a7
Therefore:
W' =" diag(b;) Wdiag(a;) (18)
=1

This shows that the adapted weight matrix is a sum
of terms, where each term is the base weight matrix pre-
multiplied and post-multiplied by diagonal matrices con-
structed from the LoRA parameters. O

Corollary 2.1. Permuting the rank indices {1,2,...,r}
with a permutation 7 does not change the adapted weight
matrix W', as summation is commutative. This implies per-
mutation symmetry in the LoRA weight space.

This symmetry means that different configurations of
LoRA parameters {a;, b;}/_; can represent the same func-
tion, making the weight space representation ambiguous
without additional constraints. Figure 6(b) visualizes this
symmetry by showing how multiplicative LoRA can be in-
terpreted as parallel pathways that can be reordered without
affecting the output.

Corollary 2.2. Once permutation symmetry is eliminated,
multiplicative LoRA weights are completely aligned with
the channels in the base network.

Proof. In Equation 18, each term diag(b;)Wdiag(a;) ap-
plies channel wise modulation to the base weight ma-
trix W. Specifically, diag(a;) scales the input channels,
while diag(b;) scales the output channels. This opera-
tion preserves the channel structure of W through element
wise scaling rather than mixing features across channels.
When permutation symmetry is eliminated through tech-
niques such as asymmetric masking, each rank component
1 is uniquely identified and cannot be arbitrarily reordered.
In this regime, each pair (a;,b;) corresponds to a spe-
cific modulation pattern applied to the base network chan-
nels. O

7. Related Works - Implicit Neural Representations

Implicit Neural Representations (INRs), also known as neu-
ral fields, are continuous functions parameterized by neural
networks that map coordinates to signal values. INRs repre-
sent signals as continuous functions ® : R™ — R™, where
a neural network maps n-dimensional coordinates to m-
dimensional quantities. This paradigm enables resolution-
independent and modality agnostic representations of com-
plex signals [10, 41], employing identical network archi-
tectures across diverse modalities including 1D audio, 2D
images, 3D shapes, and even 4D spatiotemporal data.

Beyond single-instance fitting, generalizable INRs have
been proposed to learn priors across datasets through ap-
proaches based on autoencoders [29], generative adversar-
ial networks (GANSs) [1, 3, 21] and shared layers [38]. The
GAN-based works could be seen as extensions of the Style-
GAN [20] paradigm into the realm of neural fields. They
generate different instances by modulating an MLP trunk,
which we use as the base network for fine-tuning.

Because INRs parameterize data as neural network func-
tions, the weights offer a direct pathway to data represen-
tation. This perspective has practical applications in com-
pression, with methods [7, 14] demonstrating competitive
compression ratios by storing quantized network param-
eters instead of raw data. However, whether the collec-
tion of weights could encode semantic structure remains
an open question. Another line of work employs hyper-
networks [22] and transformers [5] to predict INR weights
from input data via learned mappings as a way of data gen-
eration. Dupont et al. [8] propose functa, which meta-
learns a shared SIREN base network and represents each
data point as a low-dimensional shift modulation vector for
downstream tasks including generation and classification.

In contrast to all the above approaches, we investigate
whether independently optimized weights can directly serve
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Figure 7. Network architectures for weight space representations. (a) Standalone MLP architecture with Fourier Feature layer followed
by two linear layers. (b) Base model architecture with modulated fully connected layers. The network takes spatial coordinates p and style
vector s as inputs, applying multiplicative weight modulation at each layer. (c) LoRA adaptation applied to the base model, where low

rank matrices A and B adapt the frozen base weights.

as meaningful representations. HyperDiffusion [9] trains
a diffusion transformer to generate neural field weights
as a means of synthesizing 3D shapes and 4D animated
shapes. Our work builds on this to inspect factors that affect
weight space generation performance and to explore seman-
tic structures in neural field weights.

8. Implementation Details

8.1. Standalone MLP

As shown in Figure 7(a), The standalone MLP is a Fourier
Feature [36] layer ai; = sin(wp - (W1p + by)) followed by
2 linear layers.

* wy is the frequency scaling factor for the Fourier Feature
layer. For 2D FFHQ, we set wy = 32; For 3D ShapeNet,
we set wg = 1. This value is chosen empiracally and
shared with its LoRA-based counterparts.

* Nhidden 18 the number of hidden features in the linear lay-
ers. For the 2D FFHQ model, we use Npjggen = 94 for all
layers; For the 3D ShapeNet, we use Nhigden = 99 for all
layers, in order to have approximately the same number of
learnable parameters as their LoORA-based counterparts.

As noted by Erkog et al. [9], an initialization trick is
employed to ensure diffusion model generalization. Specifi-
cally, an MLP with weights ¢, is fitted to one instance from
the dataset, and used as a shared initialization for all the rest
of the fittings ¢; = ¢@,. In other words, other instances are
fitted by fine-tuning the weights from the first instance. This

trick is crucial to the performance of HyperDiffusion, and
therefore we employ it in the FFHQ and ShapeNet airplane
experiments. However, in the multi-category experiment, it
does not make sense to initialize a chair fitting with weights
from an airplane, therefore we do not use this trick and in-
stead use a shared random initilization for all the fittings,
like is done for the LoRA-based weight representations.

For each instance, we run 10k steps, each step with
8,192 points with an Adam optimizer, where learning rate
adaptively decay from 1072 to 10~°. The same optimizer
and hyperparameters are used for the LoRA-based weight
representations.

8.2. Base Model Architecture

The base model follows the modulated neural field archi-
tecture widely adopted in generative neural field works
[1, 3, 21], as illustrated in Figure 7(b). The architecture
consists of a mapping network and a synthesis network.
The mapping network is a multilayer perceptron that trans-
forms a latent code z € R into intermediate style vectors
{si}L_,, where L is the number of synthesis layers. For
2D FFHQ, we use d, = 256 and an 8 layer mapping net-
work with hidden dimension 256. For 3D ShapeNet, we
use d, = 128 and a 4 layer mapping network with hidden
dimension 256.

The synthesis network takes spatial coordinates p as
input and produces signal values through a sequence of
synthesis blocks, each block contains 2 modulated fully



connected. The blocks are connected with residual con-
nections to ensure gradient flow. Each layer [ first ap-
plies weight modulation, where the weight matrix W is
scaled by a learned affine transformation of the style vec-
tor: W, = W, - diag(s;), where s; = A;s + by is com-
puted from the style vector via an affine transformation. The
modulated weights are then normalized per output channel

as wiy, = wij/ /2 k(W) + € where € = 10~8 for
numerical stability. The layer then computes activations
as ay11 = ReLU(Wjay + by). For 2D FFHQ, we use
6 synthesis blocks with channel dimensions 256. For 3D
ShapeNet, we use 4 synthesis blocks with channel dimen-

sions 512.

8.3. Base Model Training

We devise a multistage progressive training strategy that
gradually increases sampling resolution while decreasing
batch size. Early stages use large batch sizes with low res-
olution (batch size of 256 with 2,048 points per instance)
to establish the latent code manifold, while late stages use
small batch sizes with high resolution (batch size of 16 with
32,768 points per instance) to capture fine details. This
strategy ensures stable latent code initialization while main-
taining computational efficiency.

We train 350k steps with an Adam optimizer, where the
learning rate gradually decay from 1073 to 1075 in 5 stages.
For regularization factor we use A, = 10~* Exponential
moving average is applied on the base model weights.

8.4. Dataset

For FFHQ, we use the first 5, 000 samples from the dataset
for all our experiments. For ShapeNet airplane, we use all
4,045 samples. To create the ShapeNet 10-category dataset,
we select the top 10 categories with the most samples and
then randomly sample 500 instances from each category.

8.5. Pipeline

Algorithm | describes the complete pipeline for weight
space representation learning and generation. The process
consists of three stages: First, we train a base model using
variational autodecoding for LoRA based representations.
Second, we construct a dataset of weight representations by
fitting neural fields to individual instances. For standalone
MLP, an initialization trick is employed where one instance
is first fitted and then used to initialize all other fittings. For
LoRA based representations, all instances share the same
random initialization. Third, we train a diffusion model on
the collected weight representations to enable generation of
novel instances.

For the diffusion model architecture, we use a stan-
dard Diffusion Transformer (DiT) [31] for standalone MLP
weights. For LoRA weights, we employ the hierarchical
LoRA layer encoder described in Section 3.5 of the main

Algorithm 1 Pipeline for weight space learning and gener-
ation.

1: Input: Dataset {x;} ,, parameterization type 7 €
{MLP, LoRA, mLoRA}
2: Output: Trained diffusion model €g

3: Stage 1: Base Model Training (for LoORA/mLoRA
only)

4: if 7 € {LoRA, mLoRA} then

5:  Initialize base model weights 6 and latent codes
{2z}

6:  Jointly optimize 6 and {z;} via variational autode-
coding:

7. 0%, {zf} < argmin

3001 Lrecon(f (P, 2116), x:(P)) + v 13
8:  Freeze base model: 6 <+ 6"
9: end if

10: Stage 2: Instance Fitting
11: if 7 = MLP then
12:  Fit one instance:
¢y < argming Liccon(f(P | ¢),%x1(P))

13:  fori=2to N do
14: Initialize: ¢; < @,
15: Optimize:

d)i —arg min¢ ‘Crecon(f(p | ¢)a Xi(p))
16:  end for
17: else
18:  Sample shared random initialization: ¢o ~ N (0, 1)
19: for:=1to N do
20: Initialize: ¢, < ¢
21: Optimize:

¢; < argming Liecon(f(p | LoRA(W, 9)), xi(P))
22:  end for
23: end if

24: Stage 3: Diffusion Model Training

25: Initialize diffusion model parameters v

26: while not converged do

27: Samplet ~U(1,T), Py ~ {¢;}1, € ~ N(0,TI)
28:  Compute ¢, = /Ay + /1 — are

29:  Update: v + v — V, ||e — €,(¢p, 1) |)?

30: end while

31: return €g

paper. During training, we use the DDPM objective with a
linear noise schedule from 5; = 107% to Bp = 2 x 1072
over T' = 500 timesteps. For generation, we use DDIM
sampling with 100 steps to efficiently sample new weight
representations. The diffusion transformer has 2880 hidden
size (i.e., the size of each token after linear projection or
layer encoder), 12 layers, and 16 self-attention heads. We
train the diffusion transformer with batch size of 256 and
learning rate of 2 x 10~ for 6000 epochs until convergence.



9. Evaluation Metrics for Generation

We calculate distributional metrics for both 2D and 3D. For
3D, we also calculate distance-based metrics. All metrics
are calculated between 2, 048 generated samples and 2, 048
reference samples.

9.1. Distributional Difference

These metrics operate on features extracted by deep learned
models, as deep learned feature extractors project the data
into semantically rich embedding spaces where distances
better correlate with human perception of similarity. We
employ these metrics in their mathematical form rather than
using modality-specific implementations like FID [16] or
KID [2], as this allows for consistent evaluation across dif-
ferent data modalities. For 2D images, we use CLIP [33] as
the feature extractor; for 3D shapes, we use a PointNet++
[32].

Given generated distribution P and reference distribu-
tion @, to make the metric more comparable, we first nor-
malize the extracted features by

L Plg
oQ

p

for both the generated set and reference set, where p1g and
oq are the scalar mean and standard deviation calculated
from the reference set.

Fréchet Distance (FD) [12] measures the distance between
two multivariate Gaussian distributions fitted to feature rep-
resentations of generated and reference samples. Given fea-
ture representations from a pretrained network, we compute
the mean pp and covariance X p for generated distribution
P and mean g, and covariance 3, for reference distribu-
tion Q. The Fréchet Distance is then computed as:

FD(P,Q) = llep = poli+

Nfeature
Tr <2P + 3, - 2(2132@)1/2)} .

where Nieaure 18 the feature dimension of the feature extrac-
tor.

Maximum Mean Discrepancy (MMD) with respect to a
positive definite kernel ¢ is defined by:

MMD(P, Q) = Exx [1h(x, x')] + Ey 3 [¢(y,¥")]
- 2Ex,y[w(x> Y)]a

where x,x’ ~ P are samples from the generated distribu-
tion and y,y’ ~ @ are samples from the reference distribu-
tion. This metric does not make the multivariate Gaussian
assumption and is reported to be more reliable and sample
efficient [2, 19]. We calculate this metric with 2 types of
kernels.

1. Polynomial kernel (MMD-P)
Yp(x,y) = (7, xTy +c)¢ with degree d = 3 and offset
¢ = 1. Following the practice of KID [2], we choose
Tp = 1/Nfeature-

2. Gaussian RBF kernel (MMD-G)
by (%,¥) = exp(—,llx — y3) with 4 = 1/(207); we
choose 04 = Nfeature-

9.2. Distance-based Metrics for 3D Shapes

For 3D shapes, we calculate distance-based metrics follow-
ing [9, 26, 37, 47]. We denote the distance function as
D(x,y) for the Chamfer Distance between two shapes x
and y. The metrics are defined as:

mMD(P, Q) = Eyo nggg D(x, y)] :

~ Hargmin, o D(x,y)}x ~ P}|

1[Ny ~ P+ o 1[Ny ~
() = e I P 1 =

where in the 1-NNA metric Ny is the shape that is closest
to x in both generated and reference distributions, that is,
Ny = argmin D(x, z).
z~PUQ

For mMD, lower is better; for COV, higher is better; for
1-NNA, 50% is optimal.

10. Ablation Study

We examine the effectiveness of the hierarchical LoRA
layer encoder introduced in Section 3.5. To isolate its
contribution, we train a baseline diffusion model without
the layer encoder on the ShapeNet multi-category dataset.
This baseline treats each weight matrix as an independent
token, directly feeding flattened LoRA matrices into the
transformer without the hierarchical processing that mod-
els within layer rank dependencies and cross layer relation-
ships.

Table 5 compares the baseline against our full model
with the hierarchical layer encoder. The results demonstrate
that the layer encoder provides substantial improvements
across all metrics. The full model achieves higher cover-
age (49.6% vs 47.7%), better 1-NNA (58.6% vs 61.2%),
and significantly better distributional metrics: FD improves
from 0.049 to 0.026, MMD-G from 0.008 to 0.004, and
MMD-P from 0.098 to 0.040. These improvements con-
firm that explicitly modeling the compositional structure of
LoRA weights, where rank components within each layer
interact and different layers encode different semantic lev-
els, is essential for effective weight space generation. The
hierarchical design enables the diffusion model to respect
the intrinsic organization of neural field weights, leading to
higher quality generated samples.



Table 5. Ablation study of LoRA Layer Encoder on 3D ShapeNet
- 10 category.

ShapeNet - Multi
mMD] COVt I-NNA| FD|] MMD-G| MMD-P|

5.18 47.7% 61.2%  0.049 0.008 0.098
5.52 49.6%  58.6%  0.026 0.004 0.040

w/o
with

11. Weight Space Interpolation

Figure 8 visualizes linear interpolations between pairs of
mLoRA weight representations on FFHQ. We linearly inter-
polate between two instances” LoRA weight pairs (A1, By)
and (A, By), evaluating the resulting neural field at each
interpolation step. While the interpolated weights do not
always produce smooth, perceptually gradual transitions
between instances (as would be expected from a contin-
uous learned latent space), this does not undermine our
claims about the quality of the weight space representa-
tions. Smooth interpolation is characteristic of continuous
latent spaces specifically optimized for this property, such
as VAE latent codes, but structured representations like VQ-
VAE quantized codes and point-cloud latents also lack this
property yet achieve strong generative performance [37].
Our experiments demonstrate that mLoRA weights support
high-quality generation (Tables 2-3 in the main paper) and
exhibit clear semantic structure for classification (Table 4,
Figure 5 in the main paper), which are the primary criteria
for effective weight space representations.

Figure 8. Weight space interpolation. Linear interpolation be-
tween pairs of mLoRA-Asym weight representations on FFHQ.
Columns show the two endpoint instances (leftmost, rightmost)
and intermediate interpolated reconstructions.

12. Additional Qualitative Results

We provide additional qualitative results on diffusion gen-
eration. Please see Figure 10 for results on ShapeNet Air-
planes, Figure 11 for results on ShapeNet Multi, and Fig-
ure 12 for results on FFHQ.

To verify that generated samples are novel rather than
memorized reproductions of training data, we perform a
CLIP-based nearest-neighbor analysis on FFHQ genera-
tions from the mLoRA-Asym configuration. For each gen-
erated image, we retrieve its nearest neighbor from the train-
ing set using CLIP feature similarity. Figure 9 shows paired

comparisons (left: generated, right: nearest training neigh-
bor). The generated images are visually distinct from their
nearest training neighbors, confirming that the diffusion
model generalizes rather than memorizes.

RN ERO

' »

Figure 9. Novelty check. For each generated FFHQ image (left),
we show its nearest neighbor from the training set retrieved by
CLIP feature similarity (right). Generated samples are visually
distinct from training data, confirming generalization rather than
memorization.

13. Limitation and Future Work

While our work establishes that neural network weights can
serve as effective data representations, several limitations
present opportunities for future research.

First, our approach requires all instances to share the
same pre-trained base model and initialization. This is a
practical limitation: the base model may not suit all INR ar-
chitectures, and meaningful weight space comparisons be-
tween instances trained on different base models are not
possible. Future work could explore methods to reduce this
requirement or to align weight spaces across different base
models.

Second, our approach requires finetuning a base-model
which is computationally more expensive than fitting small
MLPs. This requirement prevents evaluation on datasets
with hundreds of thousands of samples, constraining our
experiments to datasets with thousands of instances. Fu-
ture work could explore methods to eliminate this require-
ment, or develop more computationally efficient multiplica-
tive LoRA adaptation procedures.

Third, while our method achieves the first successful
weight space generation on relatively high resolution nat-
ural images and demonstrates superior performance com-
pared to prior weight space methods, the generation quality
does not yet match state-of-the-art image generative models
such as latent diffusion models. Future work could focus on
closing this performance gap while preserving data modal-
ity agnosticism.
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Figure 12. Additional qualitative generation results on FFHQ.
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