
EUGens: Efficient, Unified, and General Dense Layers

Sang Min Kim∗∗1 Byeongchan Kim∗∗1 Arijit Sehanobish∗∗2 Somnath Basu Roy Chowdhury∗∗3

Rahul Kidambi∗∗3 Dongseok Shim1 Avinava Dubey∗∗3 Snigdha Chaturvedi4

Min-hwan Oh1 Krzysztof Choromanski∗∗5,6

1Seoul National University 2Independent 3Google Research 4UNC Chapel Hill
5Google DeepMind 6Columbia University

Abstract

Efficient neural networks are essential for scaling machine learning models to
real-time applications and resource-constrained environments. Fully-connected
feedforward layers (FFLs) introduce computation and parameter count bottlenecks
within neural network architectures. To address this challenge, in this work,
we propose a new class of dense layers that generalize standard fully-connected
feedforward layers, Efficient, Unified and General dense layers (EUGens). EUGens
leverage random features to approximate standard FFLs and go beyond them by
incorporating a direct dependence on the input norms in their computations. The
proposed layers unify existing efficient FFL extensions and improve efficiency by
reducing inference complexity from quadratic to linear time. They also lead to the
first unbiased algorithms approximating FFLs with arbitrary polynomial activation
functions. Furthermore, EuGens reduce the parameter count and computational
overhead while preserving the expressive power and adaptability of FFLs. We also
present a layer-wise knowledge transfer technique that bypasses backpropagation,
enabling efficient adaptation of EUGens to pre-trained models. Empirically, we
observe that integrating EUGens into Transformers and MLPs yields substantial
improvements in inference speed (up to 27%) and memory efficiency (up to 30%)
across a range of tasks, including image classification, language model pre-training,
and 3D scene reconstruction. Overall, our results highlight the potential of EUGens
for the scalable deployment of large-scale neural networks in real-world scenarios.

1 Introduction

Recent advances in machine learning (ML) have revolutionized the design and deployment of
intelligent systems, with applications in robotics [8, 49], computer vision [40], natural language
processing (NLP) [18, 91, 94, 1], and 3D scene understanding [61]. These advancements have been
primarily driven by large-scale machine learning models, which are capable of solving increasingly
challenging tasks. Despite the effectiveness of these models, computational inefficiencies often hinder
their real-world deployment. Therefore, improving the efficiency of both training and inference of
such models is essential to applying these methods in fast-paced, safety-critical domains.

A major source of computational cost in modern ML models is the use of fully connected feedforward
layers (FFLs), which are central to many architectures. FFLs are integral to Transformers [97]—the
backbone of Large Language Models (LLMs) and Vision Transformers (ViTs)—and to implicit
neural representations (INRs) like Neural Radiance Fields (NeRF) [61] for 3D scene modeling. These
layers account for a substantial portion of the model parameters and computation. In Transformers,
fully connected feedforward layers (FFLs) are major contributors to the overall model size. Similarly,
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Figure 1: Schematic diagram showcasing the work�ow of a standard fully connected (left) and
EUGen layer (middle). In EUGen, both the input,x , and weight,W , are transformed by non-linear
mappingf andg. These operations produce low-dimensional matrices whose multiplication reduces
computational cost. Different dimensions of the new representation of the inputx correspond to
different monomials in the polynomial approximation of the activation functionf . The representation
can also directly depend onkxk2 (see: Sec. 3). Such EUGen layers are introduced in Transformer
blocks (right) to improve the ef�ciency of the overall network.

architectures like NeRF and iSDF [69] use FFLs to encode high-dimensional spatial representations,
supporting real-time tasks such as photorealistic rendering. Therefore, reducing the computational
complexity of FFLs is essential for enabling the practical deployment of these architectures.

In this work, we present a new class of ef�cient dense layers that generalize their regular fully-
connected feedforward counterparts (FFLs), unify other proposed extensions, and provide ef�ciency
by replacing quadratic- with linear-time inference. TheseEf�cient, Uni�ed, andGeneral dense layers
(EUGens) can be seamlessly integrated into implicit neural representations and Transformer archi-
tectures, signi�cantly reducing computational complexity and parameter count without sacri�cing
expressivity. The key innovation of EUGens lies in their ability to disentangle the processing of
weights and inputs, connecting them through simple linear operations (as shown in Fig. 1). Inspired
by the seminal work of Rahimi and Recht[73] on random features (RFs), EUGens employ RF
transformations to process the inputs. They effectively act as kernel methods, enabling ef�cient
approximation of complex interactions in high-dimensional data. EUGens can approximate regular
FFLs and even go beyond them by introducing direct dependence on the inputs' norms.

By incorporating EUGens into Transformers and NeRFs, we show substantial improvements in
inference speed (up to27%) and memory usage (up to30%) across diverse tasks: image classi�cation,
NLP, and 3D scene reconstruction. We also propose a layer-wise knowledge transfer technique
that bypasses backpropagation, enabling ef�cient adaptation of EUGens into pre-trained models.
Our results highlight the potential of EUGens for scalable deployment in real-world scenarios. To
summarize, our main contributions are as follows:

• We propose a new class of dense layers, EUGens, which leverages random features to approximate
feedforward layers and provide unbiased estimation for polynomial activation functions (Section 3).

• We present an extensive theoretical analysis of EUGen's estimation with the concentration bounds
(Theorem 3.2 and 3.3) and propose additional improvements via QMC techniques (Section 3.1).

• We empirically show that EUGens accurately approximate FFLs with common activations (e.g.,
ReLU, GeLU, Softplus), signi�cantly outperforming baseline methods (Section 4.1).

• We integrate EUGens into Transformers and NeRFs as FFL replacements, enabling faster deploy-
ment across diverse NLP, vision, and 3D scene modeling tasks (Section 4.2, 4.3, and 4.4).

• We propose a distillation framework that replaces existing feedforward layers with EUGens, which
can be trained analyticallywithout backpropagation. This approach enables zero-shot integration
with pretrained models, improving inference speed without retraining (Section 4.5).

The proofs of the theorems (Theorem 3.1 introducing EUGens that give unbiased estimations for the
FFLs with polynomial activations, Theorem 3.2 and Theorem 3.3 providing concentration results and
Theorem 3.4 presenting extension to general continuous activations) are given in the Appendix.
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2 Related Work

A signi�cant challenge in training neural networks is the quadratic scaling of their space and time
complexity with the size of the hidden layers. To address this challenge, many works have focused
on reducing these computational bottlenecks. One of the popular ways to tackle this issue is via
dimensionality reduction à la Johnson-Lindenstrauss Transform (or JLT) [22, 21, 2] or via kernel
methods with random features (RF) [73]. Since the in�uential work of Rahimi and Recht[73],
substantial effort has been dedicated to improving the accuracy of RF-based methods by introducing
entangled projections [119, 17, 16]. Notably, kernels of the formK f (x ; y ) := f (x> y) wheref :=
exp [15, 53] or f is a polynomial or power series with positive coef�cients [47, 100, 101, 99, 3, 46]
have been extensively studied. However, these approaches are limited to positive de�nite kernels with
only a subset [15, 53, 3] targeting the attention module in the Transformer.

Kernel methods have been used to linearize two-layer neural networks [13, 14] and to analyze general
networks using Neural Tangent Kernels (NTK) [44] and Path Kernels [26]. The popular NTK-based
methods are suitable for explaining neural network training during the �ne-tuning phase when the
weights do not deviate much from the pre-trained weights [107, 60, 92]. Therefore, none of these
methods can be applied directly to reduce the complexity of FFL layers when training from scratch.
Closest to our approach, Sehanobish et al.[80] proposed the Universal Random Feature (URF), which
disentangles weights and inputs in speci�c MLP layers. However, their method relies on Fourier
transforms of activation functions, limiting its applicability to commonly used activation functions in
machine learning. In particular, it cannot be applied to unbounded activation functions (e.g. ReLU).

Beyond kernel methods, common approaches to reduce the computational complexity of dense-layer
models are via pruning [85, 59], quantization [111, 57, 124], knowledge distillation [51, 83, 9], or
replacing dense matrices withstructured ones[70, 108] – all widely used in Transformers. In the
context of NeRFs, various specialized methods have been proposed to enhance their ef�ciency [89,
112, 84, 75, 64, 42, 76]. Similarly, techniques tailored to Signed Distance Fields (SDF) architectures
have been developed to enable their application in real-world scenarios [69, 72, 103, 106].

In contrast to the above solutions, EUGen layers provide a general-purpose mechanism applicable
across diverse architectures, including Transformers, NeRFs, and incremental SDF models. The
formulation of EUGens also allows post-training compression and fast distillation using a closed-
form solution. Finally, we would like to highlight that EUGens is orthogonal to common ef�ciency
techniques like sparse sampling, pruning, etc., and can be combined with such to further reduce the
computational footprint. For completeness, we discuss additional related techniques in Appendix C.

3 Ef�cient, Uni�ed, and General Dense Layers (EUGens)

In this section, we formally de�ne EUGen layers. Take a weight matrix roww 2 Rd (in the column
format) and an input vectorx 2 Rd. Thekth -order EUGen layerEUGenk (w ; x) is given as follows:

EUGenk (w ; x) =
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Herew + andx+ are obtained fromw andx by concatenating with1 andkxk2 respectively,hi stands
for the dot-product,

Q
de�nes Hadamard-product (i.e. element-wise multiplication),concatdenotes

concatenation of the vectors,G i
j 2 Cm � (d+1) (for i = 0 ; :::; k, j = 1 ; :::; i ), and	 ; � : C ! R

(	 ; � are applied element-wise). For the weight matrixW 2 Rl � d, the EUGen layer ofkth order
EUGenk (W ; x) is given by concatenating values EUGenk (w ; x) for different rowsw of W .

Intuitively speaking, orderk controls the expressivenes of the layer. Indeed, as we will see later
(Theorem 3.1), even for identity functions	 and� , EUGens are capable of accurately approximating
fully-connected feedforward layers (FFLs) with complex activation functions for the appropriately
tuned hyperparameterk.

Note that EUGen layers disentangleW from x, only to connect them in the �nal computations
of the dot-product (linear) kernels (shown in Fig. 1). Indeed,EUGenk (w ; x) can be re-written as:
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EUGenk (w ; x) = g(w)> f (x), where functionsf; g are de�ned as follows:

f (x) = �
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Inference time complexity: Here only matrix-vector productsG i
j x+ need to be computed (for the

pre-computedg(w)). Under an assumption that applying� per-entry takes constant-time, inference
can be conducted in timeO(mdk2 + ml ). In practice we use smallk (� 3), thus form � min(d; l)
signi�cant gains can be obtained, as compared to the brute-forceO(d2 + dl) variant, since time
complexity becomes linear ind. We demonstrate it in Sec. 4.2, 4.3, and 4.4. If we drop dependence on
i in the de�nition of G i

j (i.e. G i
j = G j ), time complexity can be further improved toO(mdk + ml ).

We are ready to formulate our main theoretical result. In the theorem below, we show that EUGens
are capable of unbiasedly approximating FFLs witharbitrary polynomial activation functionsf and
with easy to construct matricesG i

j . To the best of our knowledge, this is the �rst such result. The
most relevant previous results from [80] assumed the existence of theFourier Transform(FT) of f .

Theorem 3.1(EUGens can unbiasedly approximate FFLs with polynomial activations). Take
the FFL de�ned as follows for a weight matrixW 2 Rl � d and an input vectorx 2 Rd:
FFL( W ; x) = f (Wx ) (note that this is the most general form, since the bias term can always be
absorbed by adding extra column to matrixW and extra entry to inputx), where the activation
functionf : R ! R is given as:

f (x) =
kX

i =0

ai x i : (3)

Choose	 ; � as identity functions. Take some zero-mean distributions:D i
j 2 P (R) for i = 0 ; :::; k

andj = 1 ; :::; i , with standard deviations� i;j . Assume that the last columns of the matricesG i
j

are all zero and entries of the other columns of matricesG i
j are sampled independently as:

G i
j (�; �) �

1

� i;j m
1
2 i jai j

1
2 i � i (2i )

D i
j ; (4)

where� i (t) 2 C satis�es: � t
i (t) = sgn(ai ). Then the following holds:

E [EUGen(W ; x)] = f (Wx ) (5)

The results holds also ifG i
j does not depend oni , i.e. G i

j = G j , as well as when rows of matrices
G i

j are dependent, as long as entries within each row are chosen independently.

By setting the last columns of the matricesG i
j as zeros in Theorem 3.1, we do not leverage the

opportunity, that EUGens give, to provide a direct dependence onkxk2. That suf�ces to unbiasedly
and accurately approximate FFLs with polynomial activation functions (and in practice any continuous
f since, by the Bernstein Theorem [78], any continuous function de�ned on a closed interval can be
approximated with arbitrary accuracy by a polynomial). Adding direct dependence onkxk2 enables
EUGens to provide computational models beyond the scope of regular FFLs.

Concentration results for the approximation mechanism presented in Theorem 3.1, in the form
of the variance formula, are given in Theorem 3.2. Additional results, providing exponentially
small probabilities of large divergence from the mean and leveraging Azuma's inequality, are given
in Theorem 3.3. We complement our theoretical analysis with the result showing how EUGens
with polynomial activation functions can be used to approximate FFLs with continuous activations
(Theorem 3.4). Those results leverage polynomial approximation of the continuous functions.

The sketch of the proof of Theorem 3.3 is as follows. We observe that the EUGens are effectively
conducting an unbiased Monte Carlo approximation of the output values of the regular FFL. Under
the assumptions of the theorem, this is achieved by averaging over independent and bounded random
variables. We can then apply standard concentration inequalities, such as Azuma's Inequality.
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Theorem 3.2(Concentration results of EUGens: part I). Under the assumption from Theorem
3.1 (the entries of allG i

j for i = 0 ; :::; k, j = 1 ; :::; i sampled independently), the variance of

the estimationZ = dFFL( W ; x)[u] of FFL( W ; x)[u] for u = 1 ; :::; l is given as follows for� i;j

denoting the fourth moment of the random variable sampled from1
� i;j

D i
j (�; �), w(u) denoting the

uth row of W (in the column format) and� i = ( w(u)> x)2i :
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Theorem 3.3(Concentration results of EUGens: part II). Consider the setting from Theorem
3.2 and assume furthermore that the absolute values of the entries of random variables taken
from m

1
2 i D i

j are upper-bounded byc for somec > 0. Then the following holds for� 1 =
maxi =0 ;:::;k jai (w(u)> x) i j, � 2 = max i =0 ;:::;k

�
�ai (c2dkxk2kw(u)k2) i

�
� and any� > 0:

P[j dFFL( W ; x)[u] � FFL( W ; x)[u]j � � ] � h(� ) def= 2 exp
�

�
m� 2

2(� 1 + � 2)2k2

�
(7)

Remark I: The upper bounds on failure probabilities in Theorem 3.3 and Theorem 3.4 are exponen-
tially small in the number of random featuresm. Consequently, strong guarantees regarding accurate
approximation in several points simultaneously can be directly obtained via the union bound trick.

Remark II: In practice, EUGens are often initialized to provide an unbiased approximation of the
well-de�ned regular FFL layers, but then matricesG i

j are usually trained.

Remark III: Although pure polynomial-activation networks (PNNs) have limited expressiveness
unless the degreek is large, this limitation does not directly apply when polynomial layers are
combined with standard activation layers. Our models use hybrid architectures that mix EUGen
layers with regular feedforward layers, so the PNN theory no longer applies. Empirically, across
multiple modalities, small-degree hybrids match the performance of standard models while offering
substantial computational bene�ts (see Secs. 4.2, 4.3, and 4.4). Accordingly, our approximation
results should be interpreted in the hybrid setting rather than in the context of pure PNNs.

Remark IV: Since the EUGen layers disentangle the weights and the inputs, they can be trivially
combined with a subsequent linear layer. This enables us to compress models like Transformers and
NeRFs where an EuGen layer is naturally followed by linear layers (more details presented in Fig. 11
and in Sec. B.1).

3.1 Quasi Monte Carlo (QMC) EUGens

In this section, we assume thatm � d (which has to be the case anyway for computational gains).
Since in this section, as in Theorem 3.1, the last columns ofG i

j will be zeroed, without loss of
generality we will assume that:G i

j 2 Rd� d. The standard initial choices for the matricesG i
j

are Gaussian matrices. Note that for the special case ofk = 1 , EUGens effectively conduct JLT
dimensionality reduction with projection matricesG i

j . It is a well-known fact that structured random
matrices with correlated rows can reduce the variance of the JLT estimation of the dot-product kernel.
In particular,Gaussian orthogonal matrices(GOMs) [119] from Rd� d (with Gaussian marginal
distributions of rows, but exactly orthogonal rows), truncated to their �rstm rowsprovably reduce
that variance [17]. We applied this approach to EUGens with generalk (k > 1) and empirically
con�rm its effectiveness, also in the setting with EUGens directly depending onkxk2 (see: Sec. 4.1).
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Theorem 3.4(EUGens approximating FFLs with general continuous activations). Take an FFL
using continuous activationf with the associated modulus of continuity function! , de�ned as:

! (x) = sup
j t 1 � t 2 j� x

jf (t1) � f (t2)j (8)

Assume thatjw(u)> xj � � for some� > 0. Then there existsC(� ) > 0 such that the following
is true. For anyk > 0 there exists akth -order EUGen layer such that for any givenx, � > 0
andu 2 f 1; :::; lg, the probability thatj dFFL( W ; x)[u] � FFL( W ; x)[u]j � � + C(� )! ( 1p

k
) is

upper-bounded bypbound = min( p1; p2), where (forh(�) as in Theorem 3.3):

p1 =
Var

�
dFFL( W ; x)[u]

�

� 2 ; p2 = h (� ) : (9)

Figure 2: Approximation capability of our EUGen layer using (left) ReLU, (middle) Softplus and
(right) GELU activation functions. EUGens provide superior approximation results compared to the
baselines (SNNK and Low-Rank methods) with the same number of parameters.

4 Experiments

In this section, we outline the experimental setup and evaluate the performance of EUGen. Speci�cally,
we design experiments to answer the following research questions:

(RQ1) How effective are EUGens in approximating fully-connected feedforward layers (FFLs)?
(RQ2) How well do large-scale neural networks (e.g., Transformers & INRs) with EUGens perform?
(RQ3) How much speedup do EUGens achieve in large-scale neural networks?

Next, we answer those research questions by evaluating EUGens in a variety of architectures, such as
Transformers (e.g., LLMs and ViTs) and NeRFs. We applied EUGens of orderk � 2 in all settings
(further ablations on higherk can be found in Appendix E.6.) We provide more details about our
experimental setup in Appendix D.

4.1 Approximation Quality of EUGen in Synthetic Settings

In this experiment, we evaluate the approximation quality of EUGen layers. Speci�cally, we test
whether EUGen layers can approximate the outputs of a fully-connected feedforward layer (FFL),
Y = f (Wx + b), wheref is an activation function. We compare EUGen's performance with
low-rank approximation and SNNK [80] a special case of EUGen, for three different activation
functions (ReLU, SoftPlus, and GELU). We report the results in Fig. 2, where we compute the
MSE loss between the FFL output,Y , and EUGen prediction,̂Y . We observe that EUGens achieve
signi�cantly lower MSE loss across all activations, showcasing a superior approximation quality of
FFLs. This provides the answer to (RQ1), showing that EUGens are effective in approximating FFLs.
We conducted additional experiments in synthetic setups (see Appendix D.1 for more details).
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Figure 3: Evaluation result of EUGen for language model pre-training using GPT-2 (86M parameters).
(Left) We report the validation loss of GPT-2 with different numbers of EUGen layers during
pre-training. (Right) Tradeoff plot between the number of inference parameters and validation loss.
Overall, we observe that EUGens outperform LowRank variations while enabling signi�cant speedups
with minimal impact on validation loss.

Figure 4:Evaluation results of EUGen for image classi�cation tasks: (left) ImageNet and (right) Places365
datasets using ViTbase(86M parameters). We observe that EUGens can match the performance of vanilla ViTs
with a signi�cantly smaller fraction of parameters than the Low-Rank baseline.

4.2 EUGens in LLM Pre-training

In this experiment, we evaluate the performance of EUGen in the context of LLM pre-training. We
consider the GPT-2 Transformer architecture (with 124M parameters) and replace the FFLs with
EUGen layers. We pre-train this architecture on� 36.8B tokens from OpenWebText [35] dataset over
50K iterations. We compare our approach against the default GPT-2, GPT-2 with FFLs replaced by
low-rank matrices, and baselines with varying numbers of EUGen layers.

We report the pre-training results in Fig. 3 (left). We observe that EUGens are good approximations
of FFLs, achieving validation loss similar to vanilla GPT-2. We also notice that increasing the number
of EUGen layers slightly increases the loss, which is expected due to the error accumulation effect.
In Fig. 3 (right), we report the trade-off between the validation loss and the number of inference
parameters (as a fraction of the vanilla GPT parameters). EUGens achieve good validation loss
(y-axis is reversed) while using signi�cantly fewer parameters. This provides the answer toRQ2 &
RQ3, showing that EUGens, in the context of LLM pre-training, achieve good performance using a
signi�cantly smaller number of parameters.

4.3 EUGens in Vision Transformers

In this experiment, we evaluate the ef�cacy of EUGens in Vision Transformers (ViTs) [29]. Similar
to the last setting (Section 4.2), we replace fully connected feedforward layers (FFLs) with EUGens
and use the resultant ViT architecture for image classi�cation. In this setting, we systematically
replace all the FFLs with EUGen and evaluate it on the ImageNet [23] and Places365 [125] datasets.
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In Figure 4, we report the accuracy vs inference parameter tradeoff of EUGen and baseline methods.
We observe that EUGens achieve the best trade-off curve, closely matching the performance of the
vanilla ViT while using signi�cantly fewer parameters (e.g., replacing six layers reduces the number
of inference parameters by nearly30%). This provides further evidence to answerRQ2 & RQ3,
showcasing that EUGens are effective in achieving good image classi�cation performance while
using a fraction of trainable parameters. Additional results for image classi�cation (including results
with ViT-L) and language processing with Transformers are presented in Appendix D.3 and D.4.

Figure 5: Quantitative results for NeRF experiments including NeRF, D-NeRF, Zip-NeRF, and
Mip-NeRF 360 showing PSNR versus inference time. Our models achieve similar PSNR scores
while achieving at least24% improvement in speeds for implicit representation models (NeRF and
Mip-NeRF) as well as speeding the ef�cient hybrid models D-NeRF and Zip-NeRF by at least6%.

4.4 EUGens for Neural 3D Reconstruction

In this section, we show how EUGens can be seamlessly injected into various neural 3D scene
reconstruction methods including NeRF [61] with demonstrated photo-realistic scene generation
capability, Mip-NeRF 360 [4] the state-of-the-art (SOTA) architecture for novel video synthesis,
Zip-NeRF [5], D-NeRF [71] and iSDF [69], a real-time module designed to reconstruct SDF from
depth sequences. In all cases, we replaced up to three layers with EUGens (details in Appendix D).
We applied EUGens explicitly using input's lengthkxk2 (see: Sec. 3).

In Fig. 5, we present the quantitative results of this replacement, plotting PSNR with inference time.
For NeRFs [61], EUGen signi�cantly reduces both inference time by24% (Fig. 5 (left)) and model
size by30% (Tab. 8), respectively, with virtually no loss in reconstruction quality. For Mip-NeRF, on
360 V2 dataset [4] we achieve an27% (Fig. 5 (right))increase in inference speed while maintaining a
similar reconstruction quality. We show qualitative results in Fig. 6.

For iSDF, in Fig. 7, we compare the original iSDF with EUGen replacing MLP layers (see Fig. 21 for
all results and Table 4 for quantitative results). EUGens achieve similar performance to iSDF while
being22:6% faster during inference and achieving a5% improvement in training speed. When we
visualize slices of the reconstructed SDFs on the xy-plane atz = 70 cm, the reconstruction quality
remains quite similar. Similar to the previous section, these results answer questions:RQ2 andRQ3.

4.5 Knowledge Distillation with EUGens

In the previous sections, we showed that EUGen layers can signi�cantly accelerate the inference time
of implicit neural representations. However, achieving this acceleration typically requires retraining
the model from scratch, which is computationally expensive and time-consuming. In this section, we
show results on directly replacing the FFL layers with simple layer-wise distillation. This approach
eliminates the need for per-scene retraining, enabling the acceleration of existing pretrained models
without the overhead of rebuilding them from scratch. By storing the inputs and outputs of the target
hidden layer in trained implicit neural representations and then optimizing the EUGen layer using a
mean squared error objective, we can ef�ciently replicate the behavior of the original model.

This optimization has a closed-form solution and can be performed withoutbackpropagationwhen
G i

j are sampled from a �xed distribution. We will refer to this EUGen variant as the `Analytic'
variant (see Appendix B.2). For NeRF, we show that we can recover the quality of the original model
while improving inference speeds by up to26% (Fig. 8 and Table 5 in Appendix E.4).
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Figure 6: Results of rendering through NeRF versus EUGen-NeRF:drums(left) and�cus (right).
The Ground Truth column shows the reference image, followed by the rendered results. We observe
that the EUGen-NeRF renderings are indistinguishable from the NeRF renderings.

Figure 7: (Left) Training and inference comparisons between iSDF and EUGen-iSDF. EUGen-iSDF
achieves5% faster training and23% faster inference with comparable reconstruction accuracy. (Right)
Visualizations of the SDF reconstructions on ReplicaCAD scenes using iSDF (colormap below).

Figure 8: Distillation results for NeRF comparing the analytic and our EUGen variant with the
baseline. (Left): Comparing PSNR of the baseline model with the distilled versions. (Middle):
Comparing inference speed of baseline vs our distilled models. (Right): Comparing the distillation
speed of analytic vs the EUGen variant.

4.6 Ablation Studies

In this section, we analyze how EUGens' key design choices impact performance. Speci�cally, we
investigate the impact of trainable projection matrices (G i

j ), the number of random features, and
compare EUGens with dimensionality reduction baselines. See Appendix E for detailed ablations.

Trainable Projection Matrices Improve Performance. We study the impact of trainable vs. �xed
G i

j matrices in the iSDF setting, measuring reconstruction accuracy and speed. Consistent with
prior �ndings [19, 121]), we observe that trainableG i

j matrices enhances performance across all
downstream tasks as shown in Fig. 9 (left & middle).

Number of Random Features (m). Fig. 9 (right) reveals the trade-off between computational speed
and reconstruction quality with increasing number of random features. We �nd that increasing the
random features improves performance (lower distance) while increasing inference time. We perform
additional RF-based ablations in Appendix E.2 (see Table 8, 10, Fig. 26, 27).

EUGen Models vs. Dimensionality Reduction.Reducing hidden dimensions (d) is a common
approach to accelerate training. To ensure a fair comparison, we decrease the hidden channels of
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Figure 9: (Left & Middle) Comparing the performance of EUGen-iSDF with or without trainableG i
j .

The non-trainableG i
j is faster in training but shows slightly worse performance. (Right) Trade-off

between reconstruction quality and speed for EUGen-iSDF models with 32, 64, 128 random features.

baseline models to match the training parameters of their EUGen counterparts. As shown in Fig. 10,
the EUGen models consistently outperform these dimensionality reduction baseline models.

5 Conclusion

Figure 10: We compare the performance of EUGen
models with baselines using (left) NeRF and (right)
iSDF architectures. In both settings, EUGen models
achieve better reconstruction quality than the baselines
with the same parameter count while being much faster.

We introduce a novel type of neural net-
work layer, termed EUGen, which lever-
ages random features to ef�ciently approx-
imate the computations of fully connected
feedforward layers. By integrating EUGen
into LLMs, Transformers, Neural Radiance
Fields (NeRF), and Signed Distance Fields
(SDF) models, we achieve a reduction in
training parameters while preserving ex-
pressivity. Our approach enhances infer-
ence speed across all downstream appli-
cations for a wide range of model archi-
tectures. Additionally, the straightforward
design of EUGens facilitates layer-wise
knowledge distillation without requiring backpropagation. We demonstrate that this distillation
process leads to ef�cient inference. Overall, EUGens are a key contribution towards improving the
ef�ciency of large-scale machine learning systems without impacting their expressivity.

Acknowledgements

BK and MO were supported by the National Research Foundation of Korea (NRF) grant funded by
the Korea government(MSIT) (No. RS-2022-NR071853 and RS-2023- 00222663).

References

[1] Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni
Aleman, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4
technical report.arXiv preprint arXiv:2303.08774, 2023.

[2] Nir Ailon and Edo Liberty. An almost optimal unrestricted fast johnson-lindenstrauss transform.
ACM Trans. Algorithms, 9(3), jun 2013. ISSN 1549-6325. doi: 10.1145/2483699.2483701.
URL https://doi.org/10.1145/2483699.2483701 .

[3] Simran Arora, Sabri Eyuboglu, Michael Zhang, Aman Timalsina, Silas Alberti, Dylan Zinsley,
James Zou, Atri Rudra, and Christopher Ré. Simple linear attention language models balance
the recall-throughput tradeoff.arXiv:2402.18668, 2024.

[4] Jonathan T. Barron, Ben Mildenhall, Dor Verbin, Pratul P. Srinivasan, and Peter Hedman.
Mip-nerf 360: Unbounded anti-aliased neural radiance �elds.CVPR, 2022.

10



[5] Jonathan T Barron, Ben Mildenhall, Dor Verbin, Pratul P Srinivasan, and Peter Hedman.
Zip-nerf: Anti-aliased grid-based neural radiance �elds. InProceedings of the IEEE/CVF
International Conference on Computer Vision, pages 19697–19705, 2023.

[6] Etienne Boursier, Loucas Pillaud-Vivien, and Nicolas Flammarion. Gradient �ow dynamics of
shallow reLU networks for square loss and orthogonal inputs. In Alice H. Oh, Alekh Agarwal,
Danielle Belgrave, and Kyunghyun Cho, editors,Advances in Neural Information Processing
Systems, 2022. URLhttps://openreview.net/forum?id=L74c-iUxQ1I .

[7] Guy Bresler and Dheeraj Nagaraj. A corrective view of neural networks: Representation,
memorization and learning. InConference on Learning Theory, pages 848–901. PMLR, 2020.

[8] Anthony Brohan, Noah Brown, Justice Carbajal, Yevgen Chebotar, Xi Chen, Krzysztof Choro-
manski, Tianli Ding, Danny Driess, Avinava Dubey, Chelsea Finn, et al. Rt-2: Vision-language-
action models transfer web knowledge to robotic control.arXiv preprint arXiv:2307.15818,
2023.

[9] Dan Busbridge, Amitis Shidani, Floris Weers, Jason Ramapuram, Etai Littwin, and Russ Webb.
Distillation scaling laws.arXiv preprint arXiv:2502.08606, 2025.

[10] Devendra Singh Chaplot, Deepak Pathak, and Jitendra Malik. Differentiable spatial planning
using transformers, 2021. URLhttps://arxiv.org/abs/2112.01010 .

[11] Anpei Chen, Zexiang Xu, Andreas Geiger, Jingyi Yu, and Hao Su. Tensorf: Tensorial radiance
�elds. In European Conference on Computer Vision (ECCV), 2022.

[12] Zhiqin Chen, Thomas Funkhouser, Peter Hedman, and Andrea Tagliasacchi. Mobilenerf:
Exploiting the polygon rasterization pipeline for ef�cient neural �eld rendering on mobile
architectures. InThe Conference on Computer Vision and Pattern Recognition (CVPR), 2023.

[13] Youngmin Cho and Lawrence Saul. Kernel methods for deep learning. In
Y. Bengio, D. Schuurmans, J. Lafferty, C. Williams, and A. Culotta, editors,Ad-
vances in Neural Information Processing Systems, volume 22. Curran Associates, Inc.,
2009. URL https://proceedings.neurips.cc/paper_files/paper/2009/file/
5751ec3e9a4feab575962e78e006250d-Paper.pdf.

[14] Youngmin Cho and Lawrence K. Saul. Analysis and extension of arc-cosine kernels for large
margin classi�cation, 2011. URLhttps://arxiv.org/abs/1112.3712 .

[15] Krzysztof Choromanski, Valerii Likhosherstov, David Dohan, Xingyou Song, Andreea Gane,
Tamas Sarlos, Peter Hawkins, Jared Davis, Afroz Mohiuddin, Lukasz Kaiser, David Belanger,
Lucy Colwell, and Adrian Weller. Rethinking attention with performers, 2020.

[16] Krzysztof Marcin Choromanski, Mark Rowland, and Adrian Weller. The unreasonable
effectiveness of structured random orthogonal embeddings. In Isabelle Guyon, Ulrike von
Luxburg, Samy Bengio, Hanna M. Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman
Garnett, editors,Advances in Neural Information Processing Systems 30: Annual Conference
on Neural Information Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA,
pages 219–228, 2017. URLhttps://proceedings.neurips.cc/paper/2017/hash/
bf8229696f7a3bb4700cfddef19fa23f-Abstract.html .

[17] Krzysztof Marcin Choromanski, Mark Rowland, and Adrian Weller. The unreasonable
effectiveness of structured random orthogonal embeddings. In Isabelle Guyon, Ulrike von
Luxburg, Samy Bengio, Hanna M. Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman
Garnett, editors,Advances in Neural Information Processing Systems 30: Annual Conference
on Neural Information Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA,
pages 219–228, 2017. URLhttps://proceedings.neurips.cc/paper/2017/hash/
bf8229696f7a3bb4700cfddef19fa23f-Abstract.html .

[18] Aakanksha Chowdhery, Sharan Narang, Jacob Devlin, Maarten Bosma, Gaurav Mishra, Adam
Roberts, Paul Barham, Hyung Won Chung, Charles Sutton, Sebastian Gehrmann, et al. Palm:
Scaling language modeling with pathways, 2022.arXiv preprint arXiv:2204.02311, 2022.

11



[19] Sankalan Pal Chowdhury, Adamos Solomou, Kumar Avinava Dubey, and Mrinmaya Sachan.
Learning the transformer kernel.Transactions on Machine Learning Research, 2022. ISSN
2835-8856. URLhttps://openreview.net/forum?id=tLIBAEYjcv .

[20] Nikhil Das and Michael Yip. Learning-based proxy collision detection for robot motion
planning applications.IEEE Transactions on Robotics, 36(4):1096–1114, 2020. doi: 10.1109/
TRO.2020.2974094.

[21] Anirban Dasgupta, Ravi Kumar, and Tamás Sarlos. A sparse johnson: Lindenstrauss
transform. InProceedings of the Forty-Second ACM Symposium on Theory of Comput-
ing, STOC '10, page 341–350, New York, NY, USA, 2010. Association for Comput-
ing Machinery. ISBN 9781450300506. doi: 10.1145/1806689.1806737. URLhttps:
//doi.org/10.1145/1806689.1806737 .

[22] Sanjoy Dasgupta and Anupam Gupta. An elementary proof of a theorem of johnson and
lindenstrauss.Random Structures & Algorithms, 22(1):60–65, 2003. doi: https://doi.org/
10.1002/rsa.10073. URLhttps://onlinelibrary.wiley.com/doi/abs/10.1002/rsa.
10073.

[23] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Imagenet: A large-
scale hierarchical image database. In2009 IEEE Conference on Computer Vision and Pattern
Recognition, pages 248–255, 2009. doi: 10.1109/CVPR.2009.5206848.

[24] Junyuan Deng, Qi Wu, Xieyuanli Chen, Songpengcheng Xia, Zhen Sun, Guoqing Liu, Wenxian
Yu, and Ling Pei. Nerf-loam: Neural implicit representation for large-scale incremental
lidar odometry and mapping. InProceedings of the IEEE/CVF International Conference on
Computer Vision, pages 8218–8227, 2023.

[25] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT: Pre-training of
deep bidirectional transformers for language understanding. In Jill Burstein, Christy Doran,
and Thamar Solorio, editors,Proceedings of the 2019 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pages 4171–4186, Minneapolis, Minnesota, June 2019.
Association for Computational Linguistics. doi: 10.18653/v1/N19-1423. URLhttps:
//aclanthology.org/N19-1423/ .

[26] Pedro Domingos. Every model learned by gradient descent is approximately a kernel machine,
2020. URLhttps://arxiv.org/abs/2012.00152 .

[27] Jing Dong, Mustafa Mukadam, Frank Dellaert, and Byron Boots. Motion planning as prob-
abilistic inference using Gaussian processes and factor graphs. InProceedings of Robotics:
Science and Systems (RSS), 2016.

[28] Jing Dong, Mustafa Mukadam, Byron Boots, and Frank Dellaert. Sparse Gaussian processes
on matrix Lie groups: A uni�ed framework for optimizing continuous-time trajectories. In
2018 IEEE International Conference on Robotics and Automation (ICRA), pages 6497–6504.
IEEE, 2018.

[29] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai,
Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly,
Jakob Uszkoreit, and Neil Houlsby. An image is worth 16x16 words: Transformers for image
recognition at scale. InInternational Conference on Learning Representations, 2021. URL
https://openreview.net/forum?id=YicbFdNTTy .

[30] Mark Nicholas Finean, Wolfgang Merkt, and Ioannis Havoutis. Predicted composite signed-
distance �elds for real-time motion planning in dynamic environments, 2021. URLhttps:
//arxiv.org/abs/2008.00969 .

[31] Sara Fridovich-Keil, Alex Yu, Matthew Tancik, Qinhong Chen, Benjamin Recht, and Angjoo
Kanazawa. Plenoxels: Radiance �elds without neural networks. InProceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pages 5501–5510, 2022.

12



[32] Stephan J Garbin, Marek Kowalski, Matthew Johnson, Jamie Shotton, and Julien Valentin.
Fastnerf: High-�delity neural rendering at 200fps.arXiv preprint arXiv:2103.10380, 2021.

[33] Shuang Geng, Qianhao Wang, Lei Xie, Chao Xu, Yanjun Cao, and Fei Gao. Robo-centric esdf:
A fast and accurate whole-body collision evaluation tool for any-shape robotic planning. In
2023 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), pages
290–297, 2023. doi: 10.1109/IROS55552.2023.10342074.

[34] Behrooz Ghorbani, Song Mei, Theodor Misiakiewicz, and Andrea Montanari. Linearized
two-layers neural networks in high dimension, 2020. URLhttps://arxiv.org/abs/1904.
12191.

[35] Aaron Gokaslan, Vanya Cohen, Ellie Pavlick, and Stefanie Tellex. Openwebtext corpus.
http://Skylion007.github.io/OpenWebTextCorpus , 2019.

[36] Chun Gu. zipnerf-pytorch.https://github.com/SuLvXiangXin/zipnerf-pytorch/ ,
2023.

[37] Kang Han, Wei Xiang, and Lu Yu. Volume feature rendering for fast neural radiance �eld
reconstruction.Advances in Neural Information Processing Systems, 36, 2024.

[38] Luxin Han, Fei Gao, Boyu Zhou, and Shaojie Shen. Fiesta: Fast incremental euclidean distance
�elds for online motion planning of aerial robots. In2019 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS), pages 4423–4430, 2019. doi: 10.1109/IROS40897.
2019.8968199.

[39] Peter Hedman, Pratul P Srinivasan, Ben Mildenhall, Jonathan T Barron, and Paul Debevec.
Baking neural radiance �elds for real-time view synthesis. InProceedings of the IEEE/CVF
international conference on computer vision, pages 5875–5884, 2021.

[40] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models.Advances
in neural information processing systems, 33:6840–6851, 2020.

[41] Daniel Hsu, Clayton H Sanford, Rocco Servedio, and Emmanouil Vasileios Vlatakis-
Gkaragkounis. On the approximation power of two-layer networks of random relus. In Mikhail
Belkin and Samory Kpotufe, editors,Proceedings of Thirty Fourth Conference on Learning
Theory, volume 134 ofProceedings of Machine Learning Research, pages 2423–2461. PMLR,
15–19 Aug 2021. URLhttps://proceedings.mlr.press/v134/hsu21a.html .

[42] Tao Hu, Shu Liu, Yilun Chen, Tiancheng Shen, and Jiaya Jia. Ef�cientnerf ef�cient neural
radiance �elds. InProceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 12902–12911, 2022.

[43] Wenbo Hu, Yuling Wang, Lin Ma, Bangbang Yang, Lin Gao, Xiao Liu, and Yuewen Ma. Tri-
miprf: Tri-mip representation for ef�cient anti-aliasing neural radiance �elds. InProceedings
of the IEEE/CVF International Conference on Computer Vision, pages 19774–19783, 2023.

[44] Arthur Jacot, Franck Gabriel, and Clément Hongler. Neural tangent kernel: convergence and
generalization in neural networks. InProceedings of the 32nd International Conference on
Neural Information Processing Systems, NIPS'18, page 8580–8589, Red Hook, NY, USA,
2018. Curran Associates Inc.

[45] Mohammad Mahdi Johari, Camilla Carta, and François Fleuret. Eslam: Ef�cient dense
slam system based on hybrid representation of signed distance �elds. InProceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 17408–17419,
2023.

[46] Praneeth Kacham, Vahab Mirrokni, and Peilin Zhong. Polysketchformer: Fast transformers
via sketches for polynomial kernels, 2024. URLhttps://openreview.net/forum?id=
YkCjojDG3l.

13



[47] Purushottam Kar and Harish Karnick. Random feature maps for dot product kernels. In
Neil D. Lawrence and Mark Girolami, editors,Proceedings of the Fifteenth International
Conference on Arti�cial Intelligence and Statistics, volume 22 ofProceedings of Machine
Learning Research, pages 583–591, La Palma, Canary Islands, 21–23 Apr 2012. PMLR. URL
https://proceedings.mlr.press/v22/kar12.html .

[48] Diederik P Kingma. Adam: A method for stochastic optimization.arXiv preprint
arXiv:1412.6980, 2014.

[49] Isabel Leal, Krzysztof Choromanski, Deepali Jain, Avinava Dubey, Jake Varley, Michael Ryoo,
Yao Lu, Frederick Liu, Vikas Sindhwani, Quan Vuong, et al. Sara-rt: Scaling up robotics
transformers with self-adaptive robust attention. In2024 IEEE International Conference on
Robotics and Automation (ICRA), pages 6920–6927. IEEE, 2024.

[50] Jaejun Lee, Raphael Tang, and Jimmy Lin. What would elsa do? freezing layers during
transformer �ne-tuning. CoRR, abs/1911.03090, 2019. URLhttp://arxiv.org/abs/
1911.03090.

[51] Lei Li, Yongfeng Zhang, and Li Chen. Prompt distillation for ef�cient llm-based recom-
mendation. InProceedings of the 32nd ACM International Conference on Information and
Knowledge Management, pages 1348–1357, 2023.

[52] Zhaoshuo Li, Thomas Müller, Alex Evans, Russell H Taylor, Mathias Unberath, Ming-Yu
Liu, and Chen-Hsuan Lin. Neuralangelo: High-�delity neural surface reconstruction. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
8456–8465, 2023.

[53] Valerii Likhosherstov, Krzysztof Marcin Choromanski, Kumar Avinava Dubey, Frederick Liu,
Tamas Sarlos, and Adrian Weller. Chefs' random tables: Non-trigonometric random features.
In Alice H. Oh, Alekh Agarwal, Danielle Belgrave, and Kyunghyun Cho, editors,Advances
in Neural Information Processing Systems, 2022. URLhttps://openreview.net/forum?
id=vRwCvlvd8eA.

[54] David B Lindell, Julien NP Martel, and Gordon Wetzstein. Autoint: Automatic integration
for fast neural volume rendering. InProceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 14556–14565, 2021.

[55] Lingjie Liu, Jiatao Gu, Kyaw Zaw Lin, Tat-Seng Chua, and Christian Theobalt. Neural sparse
voxel �elds. Advances in Neural Information Processing Systems, 33:15651–15663, 2020.

[56] Xinyu Liu, Houwen Peng, Ningxin Zheng, Yuqing Yang, Han Hu, and Yixuan Yuan. Ef�-
cientvit: Memory ef�cient vision transformer with cascaded group attention. InProceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2023.

[57] Zechun Liu, Changsheng Zhao, Igor Fedorov, Bilge Soran, Dhruv Choudhary, Raghuraman
Krishnamoorthi, Vikas Chandra, Yuandong Tian, and Tijmen Blankevoort. Spinquant: Llm
quantization with learned rotations.arXiv preprint arXiv:2405.16406, 2024.

[58] Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. InInternational
Conference on Learning Representations, 2019. URLhttps://openreview.net/forum?
id=Bkg6RiCqY7.

[59] Xinyin Ma, Gongfan Fang, and Xinchao Wang. Llm-pruner: On the structural pruning of large
language models.Advances in neural information processing systems, 36:21702–21720, 2023.

[60] Sadhika Malladi, Alexander Wettig, Dingli Yu, Danqi Chen, and Sanjeev Arora. A
kernel-based view of language model �ne-tuning. In Andreas Krause, Emma Brunskill,
Kyunghyun Cho, Barbara Engelhardt, Sivan Sabato, and Jonathan Scarlett, editors,Proceed-
ings of the 40th International Conference on Machine Learning, volume 202 ofProceed-
ings of Machine Learning Research, pages 23610–23641. PMLR, 23–29 Jul 2023. URL
https://proceedings.mlr.press/v202/malladi23a.html .

14



[61] Ben Mildenhall, Pratul P. Srinivasan, Matthew Tancik, Jonathan T. Barron, Ravi Ramamoorthi,
and Ren Ng. Nerf: Representing scenes as neural radiance �elds for view synthesis. InECCV,
2020.

[62] Alireza Mousavi-Hosseini, Sejun Park, Manuela Girotti, Ioannis Mitliagkas, and Murat A
Erdogdu. Neural networks ef�ciently learn low-dimensional representations with SGD. In
The Eleventh International Conference on Learning Representations, 2023. URLhttps:
//openreview.net/forum?id=6taykzqcPD .

[63] Mustafa Mukadam, Jing Dong, Xinyan Yan, Frank Dellaert, and Byron Boots. Continuous-
time Gaussian process motion planning via probabilistic inference. InThe International
Journal of Robotics Research (IJRR), volume 37, pages 1319–1340, 2018.

[64] Thomas Müller, Alex Evans, Christoph Schied, and Alexander Keller. Instant neural graphics
primitives with a multiresolution hash encoding.ACM transactions on graphics (TOG), 41(4):
1–15, 2022.

[65] Radford M. Neal. Priors for In�nite Networks, pages 29–53. Springer New York, New
York, NY, 1996. ISBN 978-1-4612-0745-0. doi: 10.1007/978-1-4612-0745-0_2. URL
https://doi.org/10.1007/978-1-4612-0745-0_2 .

[66] Richard A. Newcombe, Shahram Izadi, Otmar Hilliges, David Molyneaux, David Kim,
Andrew J. Davison, Pushmeet Kohi, Jamie Shotton, Steve Hodges, and Andrew Fitzgib-
bon. Kinectfusion: Real-time dense surface mapping and tracking. In2011 10th IEEE
International Symposium on Mixed and Augmented Reality, pages 127–136, 2011. doi:
10.1109/ISMAR.2011.6092378.

[67] Richard A. Newcombe, Dieter Fox, and Steven M. Seitz. Dynamicfusion: Reconstruction and
tracking of non-rigid scenes in real-time. InThe IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), June 2015.

[68] Helen Oleynikova, Zachary Taylor, Marius Fehr, Roland Siegwart, and Juan Nieto. Voxblox:
Incremental 3d euclidean signed distance �elds for on-board mav planning. InIEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS), 2017.

[69] Joseph Ortiz, Alexander Clegg, Jing Dong, Edgar Sucar, David Novotny, Michael Zollhoefer,
and Mustafa Mukadam. isdf: Real-time neural signed distance �elds for robot perception. In
Robotics: Science and Systems, 2022.

[70] Andres Potapczynski, Shikai Qiu, Marc Anton Finzi, Christopher Ferri, Zixi Chen, Micah
Goldblum, C. Bayan Bruss, Christopher De Sa, and Andrew Gordon Wilson. Searching
for ef�cient linear layers over a continuous space of structured matrices. InThe Thirty-
eighth Annual Conference on Neural Information Processing Systems, 2024. URLhttps:
//openreview.net/forum?id=fc88ANWvdF .

[71] Albert Pumarola, Enric Corona, Gerard Pons-Moll, and Francesc Moreno-Noguer. D-nerf:
Neural radiance �elds for dynamic scenes. InProceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 10318–10327, 2021.

[72] Ri-Zhao Qiu, Yafei Hu, Ge Yang, Yuchen Song, Yang Fu, Jianglong Ye, Jiteng Mu, Ruihan
Yang, Nikolay Atanasov, Sebastian Scherer, et al. Learning generalizable feature �elds for
mobile manipulation.arXiv preprint arXiv:2403.07563, 2024.

[73] Ali Rahimi and Benjamin Recht. Random features for large-scale kernel machines. InProceed-
ings of the 20th International Conference on Neural Information Processing Systems, NIPS'07,
page 1177–1184, Red Hook, NY, USA, 2007. Curran Associates Inc. ISBN 9781605603520.

[74] Victor Reijgwart, Alexander Millane, Helen Oleynikova, Roland Siegwart, Cesar Cadena,
and Juan Nieto. Voxgraph: Globally consistent, volumetric mapping using signed distance
function submaps.IEEE Robotics and Automation Letters, 5(1):227–234, January 2020.
ISSN 2377-3774. doi: 10.1109/lra.2019.2953859. URLhttp://dx.doi.org/10.1109/
LRA.2019.2953859.

15



[75] Christian Reiser, Songyou Peng, Yiyi Liao, and Andreas Geiger. Kilonerf: Speeding up neural
radiance �elds with thousands of tiny mlps, 2021. URLhttps://arxiv.org/abs/2103.
13744.

[76] Christian Reiser, Rick Szeliski, Dor Verbin, Pratul Srinivasan, Ben Mildenhall, Andreas Geiger,
Jon Barron, and Peter Hedman. Merf: Memory-ef�cient radiance �elds for real-time view
synthesis in unbounded scenes.ACM Transactions on Graphics (TOG), 42(4):1–12, 2023.

[77] Radu Alexandru Rosu and Sven Behnke. Permutosdf: Fast multi-view reconstruction with
implicit surfaces using permutohedral lattices. InProceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 8466–8475, 2023.

[78] Walter Rudin.Principles of mathematical analysis / Walter Rudin.International series in pure
and applied mathematics. McGraw-Hill, New York, third edition. edition, 1976 - 1976. ISBN
007054235X.

[79] John Schulman, Yan Duan, Jonathan Ho, Alex Lee, Ibrahim Awwal, Henry Bradlow, Jia Pan,
Sachin Patil, Ken Goldberg, and Pieter Abbeel. Motion planning with sequential convex
optimization and convex collision checking.Int. J. Rob. Res., 33(9):1251–1270, aug 2014.
ISSN 0278-3649. doi: 10.1177/0278364914528132. URLhttps://doi.org/10.1177/
0278364914528132.

[80] Arijit Sehanobish, Krzysztof Marcin Choromanski, YUNFAN ZHAO, Kumar Avinava Dubey,
and Valerii Likhosherstov. Scalable neural network kernels. InThe Twelfth International
Conference on Learning Representations, 2024. URLhttps://openreview.net/forum?
id=4iPw1klFWa.

[81] Vikas Sindhwani, Tara Sainath, and Sanjiv Kumar. Structured transforms for small-
footprint deep learning. In C. Cortes, N. Lawrence, D. Lee, M. Sugiyama, and R. Gar-
nett, editors,Advances in Neural Information Processing Systems, volume 28. Curran As-
sociates, Inc., 2015. URLhttps://proceedings.neurips.cc/paper_files/paper/
2015/file/851300ee84c2b80ed40f51ed26d866fc-Paper.pdf .

[82] Vincent Sitzmann, Julien N.P. Martel, Alexander W. Bergman, David B. Lindell, and Gordon
Wetzstein. Implicit neural representations with periodic activation functions. InProc. NeurIPS,
2020.

[83] Sharath Turuvekere Sreenivas, Saurav Muralidharan, Raviraj Joshi, Marcin Chochowski,
Ameya Sunil Mahabaleshwarkar, Gerald Shen, Jiaqi Zeng, Zijia Chen, Yoshi Suhara, Shizhe
Diao, et al. Llm pruning and distillation in practice: The minitron approach.arXiv preprint
arXiv:2408.11796, 2024.

[84] Cheng Sun, Min Sun, and Hwann-Tzong Chen. Direct voxel grid optimization: Super-fast
convergence for radiance �elds reconstruction. InProceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 5459–5469, 2022.

[85] Mingjie Sun, Zhuang Liu, Anna Bair, and J Zico Kolter. A simple and effective pruning
approach for large language models. InThe Twelfth International Conference on Learning
Representations, 2024.

[86] Andrew Szot, Alexander Clegg, Eric Undersander, Erik Wijmans, Yili Zhao, John Turner,
Noah Maestre, Mustafa Mukadam, Devendra Singh Chaplot, Oleksandr Maksymets, et al.
Habitat 2.0: Training home assistants to rearrange their habitat.Advances in neural information
processing systems, 34:251–266, 2021.

[87] Towaki Takikawa, Joey Litalien, Kangxue Yin, Karsten Kreis, Charles Loop, Derek
Nowrouzezahrai, Alec Jacobson, Morgan McGuire, and Sanja Fidler. Neural geometric
level of detail: Real-time rendering with implicit 3d shapes. InProceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pages 11358–11367, 2021.

[88] Towaki Takikawa, Thomas Müller, Merlin Nimier-David, Alex Evans, Sanja Fidler, Alec
Jacobson, and Alexander Keller. Compact neural graphics primitives with learned hash
probing. InSIGGRAPH Asia 2023 Conference Papers, pages 1–10, 2023.

16



[89] Matthew Tancik, Vincent Casser, Xinchen Yan, Sabeek Pradhan, Ben Mildenhall, Pratul P.
Srinivasan, Jonathan T. Barron, and Henrik Kretzschmar. Block-nerf: Scalable large scene
neural view synthesis.arXiv, 2022.

[90] Jiaxiang Tang. Torch-ngp: a pytorch implementation of instant-ngp, 2022.
https://github.com/ashawkey/torch-ngp.

[91] Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-Baptiste Alayrac, Jiahui Yu, Radu
Soricut, Johan Schalkwyk, Andrew M Dai, Anja Hauth, Katie Millican, et al. Gemini: a family
of highly capable multimodal models.arXiv preprint arXiv:2312.11805, 2023.

[92] Akiyoshi Tomihari and Issei Sato. Understanding linear probing then �ne-tuning language
models from NTK perspective. InThe Thirty-eighth Annual Conference on Neural Information
Processing Systems, 2024. URLhttps://openreview.net/forum?id=1v4gKsyGfe .

[93] Marc Toussaint. Robot trajectory optimization using approximate inference. InProceedings of
the 26th Annual International Conference on Machine Learning, ICML '09, page 1049–1056,
New York, NY, USA, 2009. Association for Computing Machinery. ISBN 9781605585161.
doi: 10.1145/1553374.1553508. URLhttps://doi.org/10.1145/1553374.1553508 .

[94] Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timo-
thée Lacroix, Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open
and ef�cient foundation language models.arXiv preprint arXiv:2302.13971, 2023.

[95] Haithem Turki, Deva Ramanan, and Mahadev Satyanarayanan. Mega-nerf: Scalable construc-
tion of large-scale nerfs for virtual �y-throughs. InProceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pages 12922–12931, June 2022.

[96] Haithem Turki, Jason Y Zhang, Francesco Ferroni, and Deva Ramanan. Suds: Scalable urban
dynamic scenes. InProceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 12375–12385, 2023.

[97] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. In Isabelle Guyon, Ulrike von
Luxburg, Samy Bengio, Hanna M. Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman
Garnett, editors,Advances in Neural Information Processing Systems 30: Annual Conference
on Neural Information Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA,
pages 5998–6008, 2017. URLhttps://proceedings.neurips.cc/paper/2017/hash/
3f5ee243547dee91fbd053c1c4a845aa-Abstract.html .

[98] Mrinal Verghese, Nikhil Das, Yuheng Zhi, and Michael Yip. Con�guration space decomposi-
tion for scalable proxy collision checking in robot planning and control.IEEE Robotics and
Automation Letters, 7(2):3811–3818, 2022. doi: 10.1109/LRA.2022.3147458.

[99] Jonas Wacker and Maurizio Filippone. Local random feature approximations of the gaussian
kernel.arXiv preprint arXiv:2204.05667, 2022.

[100] Jonas Wacker, Motonobu Kanagawa, and Maurizio Filippone. Improved random features for
dot product kernels.arXiv preprint arXiv:2201.08712, 2022.

[101] Jonas Wacker, Ruben Ohana, and Maurizio Filippone. Complex-to-real random features for
polynomial kernels.arXiv preprint arXiv:2202.02031, 2022.

[102] Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill, Omer Levy, and Samuel Bowman.
GLUE: A multi-task benchmark and analysis platform for natural language understanding. In
Tal Linzen, Grzegorz Chrupa�a, and Afra Alishahi, editors,Proceedings of the 2018 EMNLP
Workshop BlackboxNLP: Analyzing and Interpreting Neural Networks for NLP, pages 353–
355, Brussels, Belgium, November 2018. Association for Computational Linguistics. doi:
10.18653/v1/W18-5446. URLhttps://aclanthology.org/W18-5446/ .

[103] Fangjinhua Wang, Marie-Julie Rakotosaona, Michael Niemeyer, Richard Szeliski, Marc
Pollefeys, and Federico Tombari. Unisdf: Unifying neural representations for high-�delity 3d
reconstruction of complex scenes with re�ections.arXiv preprint arXiv:2312.13285, 2023.

17



[104] Peng Wang, Lingjie Liu, Yuan Liu, Christian Theobalt, Taku Komura, and Wenping Wang.
Neus: Learning neural implicit surfaces by volume rendering for multi-view reconstruction.
arXiv preprint arXiv:2106.10689, 2021.

[105] Yiming Wang, Qin Han, Marc Habermann, Kostas Daniilidis, Christian Theobalt, and Lingjie
Liu. Neus2: Fast learning of neural implicit surfaces for multi-view reconstruction. In
Proceedings of the IEEE/CVF International Conference on Computer Vision, pages 3295–
3306, 2023.

[106] Zian Wang, Tianchang Shen, Merlin Nimier-David, Nicholas Sharp, Jun Gao, Alexander
Keller, Sanja Fidler, Thomas Müller, and Zan Gojcic. Adaptive shells for ef�cient neural
radiance �eld rendering.arXiv preprint arXiv:2311.10091, 2023.

[107] Alexander Wei, Wei Hu, and Jacob Steinhardt. More than a toy: Random matrix models
predict how real-world neural representations generalize. InInternational Conference on
Machine Learning, pages 23549–23588. PMLR, 2022.

[108] Xiuying Wei, Skander Moalla, Razvan Pascanu, and Caglar Gulcehre. Building on ef�cient
foundations: Effective training of LLMs with structured feedforward layers. InThe Thirty-
eighth Annual Conference on Neural Information Processing Systems, 2024. URLhttps:
//openreview.net/forum?id=WxLVYZbIew .

[109] Wei Wu, Jun Xu, Hang Li, and Satoshi Oyama. Asymmetric kernel learning. Technical Report
MSR-TR-2010-85, Microsoft Research Asia, June 2010. URLhttps://www.microsoft.
com/en-us/research/publication/asymmetric-kernel-learning/ .

[110] Yuanbo Xiangli, Linning Xu, Xingang Pan, Nanxuan Zhao, Anyi Rao, Christian Theobalt,
Bo Dai, and Dahua Lin. Bungeenerf: Progressive neural radiance �eld for extreme multi-scale
scene rendering. InEuropean conference on computer vision, pages 106–122. Springer, 2022.

[111] Guangxuan Xiao, Ji Lin, Mickael Seznec, Hao Wu, Julien Demouth, and Song Han.
Smoothquant: Accurate and ef�cient post-training quantization for large language models. In
International Conference on Machine Learning, pages 38087–38099. PMLR, 2023.

[112] Linning Xu, Yuanbo Xiangli, Sida Peng, Xingang Pan, Nanxuan Zhao, Christian Theobalt,
Bo Dai, and Dahua Lin. Grid-guided neural radiance �elds for large urban scenes. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
8296–8306, 2023.

[113] Zike Yan, Haoxiang Yang, and Hongbin Zha. Active neural mapping. InProceedings of the
IEEE/CVF International Conference on Computer Vision, pages 10981–10992, 2023.

[114] Lior Yariv, Yoni Kasten, Dror Moran, Meirav Galun, Matan Atzmon, Basri Ronen, and Yaron
Lipman. Multiview neural surface reconstruction by disentangling geometry and appearance.
Advances in Neural Information Processing Systems, 33:2492–2502, 2020.

[115] Lior Yariv, Jiatao Gu, Yoni Kasten, and Yaron Lipman. Volume rendering of neural implicit
surfaces.Advances in Neural Information Processing Systems, 34:4805–4815, 2021.

[116] Lior Yariv, Peter Hedman, Christian Reiser, Dor Verbin, Pratul P Srinivasan, Richard Szeliski,
Jonathan T Barron, and Ben Mildenhall. Bakedsdf: Meshing neural sdfs for real-time view
synthesis. InACM SIGGRAPH 2023 Conference Proceedings, pages 1–9, 2023.

[117] Lin Yen-Chen. Nerf-pytorch.https://github.com/yenchenlin/nerf-pytorch/ , 2020.

[118] Alex Yu, Ruilong Li, Matthew Tancik, Hao Li, Ren Ng, and Angjoo Kanazawa. Plenoctrees for
real-time rendering of neural radiance �elds. InProceedings of the IEEE/CVF International
Conference on Computer Vision, pages 5752–5761, 2021.

[119] Felix X. Yu, Ananda Theertha Suresh, Krzysztof Marcin Choromanski, Daniel N.
Holtmann-Rice, and Sanjiv Kumar. Orthogonal random features. In Daniel D. Lee,
Masashi Sugiyama, Ulrike von Luxburg, Isabelle Guyon, and Roman Garnett, editors,
Advances in Neural Information Processing Systems 29: Annual Conference on Neu-
ral Information Processing Systems 2016, December 5-10, 2016, Barcelona, Spain,

18



pages 1975–1983, 2016. URLhttps://proceedings.neurips.cc/paper/2016/hash/
53adaf494dc89ef7196d73636eb2451b-Abstract.html .

[120] Zehao Yu, Songyou Peng, Michael Niemeyer, Torsten Sattler, and Andreas Geiger. Monosdf:
Exploring monocular geometric cues for neural implicit surface reconstruction.Advances in
neural information processing systems, 35:25018–25032, 2022.

[121] Michael Zhang, Kush Bhatia, Hermann Kumbong, and Christopher Re. The hedgehog & the
porcupine: Expressive linear attentions with softmax mimicry. InThe Twelfth International
Conference on Learning Representations, 2024. URLhttps://openreview.net/forum?
id=4g02l2N2Nx.

[122] Michael Zhang, Simran Arora, Rahul Chalamala, Benjamin Frederick Spector, Alan Wu,
Krithik Ramesh, Aaryan Singhal, and Christopher Re. LoLCATs: On low-rank linearizing of
large language models. InThe Thirteenth International Conference on Learning Representa-
tions, 2025. URLhttps://openreview.net/forum?id=8VtGeyJyx9 .

[123] Youmin Zhang, Fabio Tosi, Stefano Mattoccia, and Matteo Poggi. Go-slam: Global optimiza-
tion for consistent 3d instant reconstruction. InProceedings of the IEEE/CVF International
Conference on Computer Vision, pages 3727–3737, 2023.

[124] Yilong Zhao, Chien-Yu Lin, Kan Zhu, Zihao Ye, Lequn Chen, Size Zheng, Luis Ceze, Arvind
Krishnamurthy, Tianqi Chen, and Baris Kasikci. Atom: Low-bit quantization for ef�cient and
accurate llm serving.Proceedings of Machine Learning and Systems, 6:196–209, 2024.

[125] Bolei Zhou, Agata Lapedriza, Aditya Khosla, Aude Oliva, and Antonio Torralba. Places: A
10 million image database for scene recognition.IEEE transactions on pattern analysis and
machine intelligence, 40(6):1452–1464, 2017.

[126] Zihan Zhu, Songyou Peng, Viktor Larsson, Zhaopeng Cui, Martin R Oswald, Andreas Geiger,
and Marc Pollefeys. Nicer-slam: Neural implicit scene encoding for rgb slam. In2024
International Conference on 3D Vision (3DV), pages 42–52. IEEE, 2024.

[127] Matt Zucker, Nathan Ratliff, Anca D. Dragan, Mihail Pivtoraiko, Matthew Klingensmith,
Christopher M. Dellin, J. Andrew Bagnell, and Siddhartha S. Srinivasa. Chomp: Covariant
hamiltonian optimization for motion planning.The International Journal of Robotics Research,
32(9-10):1164–1193, 2013. doi: 10.1177/0278364913488805. URLhttps://doi.org/10.
1177/0278364913488805.

19



NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re�ect the
paper's contributions and scope?

Answer: [Yes]

Justi�cation: The abstract accurately re�ects the paper's contributions, including the proposal
of EUGens, theoretical advancements (e.g., unbiased approximation of polynomial FFLs),
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much the results can be expected to generalize to other settings.
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are not attained by the paper.

2. Limitations
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Answer: [Yes]

Justi�cation: We provide the assumptions and proofs of EUGens in main paper and the
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• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-
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they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
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Question: Does the paper fully disclose all the information needed to reproduce the main ex-
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• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
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to make their results reproducible or veri�able.
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(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
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the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf�cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justi�cation: We use publicly available datasets and baseline code, and our own code is also
provided with detailed instructions to support faithful reproduction of the results. When
of�cial implementations were unavailable, we used widely adopted unof�cial PyTorch
versions.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/

public/guides/CodeSubmissionPolicy ) for more details.
• While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy ) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi�cation: All training and evaluation details are provided in the main paper and supple-
mentary material, with source code included in the appendix for reproducibility.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical signi�cance

Question: Does the paper report error bars suitably and correctly de�ned or other appropriate
information about the statistical signi�cance of the experiments?

Answer: [Yes]

Justi�cation: We report error bars for most experiments to provide a measure of statistical
signi�cance.

Guidelines:
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• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, con�-

dence intervals, or statistical signi�cance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not veri�ed.

• For asymmetric distributions, the authors should be careful not to show in tables or
�gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding �gures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide suf�cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi�cation:: We disclose the compute resources used for our experiments, including GPU
type, memory, model size, and execution times.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethicshttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi�cation: This paper fully adheres to the NeurIPS Code of Ethics. We have carefully
reviewed the ethical guidelines and ensured that our research complies with them in all
respects.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [Yes]

Justi�cation: We have included the broader impact section in Appendix F.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake pro�les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci�c
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef�ciency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justi�cation: We do not release any model or dataset.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety �lters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi�cation: We use publicly available datasets and code as published in the original papers,
and we cite all the original sources.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
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• The authors should state which version of the asset is used and, if possible, include a
URL.

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets,paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justi�cation: We do not release new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip �le.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justi�cation: We do not involve any crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is �ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justi�cation: We do not involve any crowdsourcing nor research with human subjects.

Guidelines:
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• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary signi�cantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti�c rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justi�cation: We did not use LLMs in our work.

Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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Appendix for EUGens: Ef�cient, Uni�ed, and General
Dense Layers

A Proofs of the Theoretical Results

In this section, we present the proofs of all our theoretical results.

A.1 Proof of Theorem 3.1

Proof. Note that, by the de�nition of the EUGen layer, we have the following (under the condi-
tions of the theorem) forgi

j 2 Rm � d with mean-zero entries of variance one each, and where
f gi

j [r ][l ]gl =1 ;:::;d is an independent set of random variables for everyr = 1 ; :::; m:

EUGen(w; x) =
kX

i =0

ai
1
m

mX

r =1

iY

j =1

 
dX

l =1

gi
j [r ][l ]x l

!  
dX

l =1

gi
j [r ][l ]w l

!

(10)

Thus for anyw 2 Rd, we get :

E[EUGen(w; x)] =
kX

i =0

ai
1
m

mX

r =1

E

2

4
iY

j =1

 
dX

l =1

gi
j [r ][l ]x l

!  
dX

l =1

gi
j [r ][l ]w l

! 3

5 (11)

Sincef gi
j gi

j =1 is an independent set of matrices for anyi = 0 ; :::; k, we can re-write:

E[EUGen(w; x)] =
kX

i =0

ai
1
m

mX

r =1

iY

j =1

E

" 
dX

l =1

gi
j [r ][l ]x l

!  
dX

l =1

gi
j [r ][l ]w l

!#

(12)

We will now prove the following lemma:

Lemma A.1. The following is true:

E

" 
dX

l =1

gi
j [r ][l ]x l

!  
dX

l =1

gi
j [r ][l ]w l

!#

= w > x (13)

Proof. The proof of the above is in fact completely analogous to the proof of the unbiasedness of the
regularJohnson-Lindenstrauss Transform(JLT), but we provide it again here for completeness. We
have:

E

" 
dX

l =1

gi
j [r ][l ]x l

!  
dX

l =1

gi
j [r ][l ]w l

!#

= E

2

4
X

l 1 ;l 2

gi
j [r ][l1]x l 1 gi

j [r ][l2]w l 2

3

5 =

X

l 1 ;l 2

E[gi
j [r ][l1]gi

j [r ][l2]]x l 1 w l 2 =
dX

l =1

E[(gi
j [r ][l ])2]x l w l = w > x

(14)

We used the fact thatf gi
j [r ][l ]gl =1 ;:::;d is a set of independent random variables for any �xedi; j and

r = 1 ; :::; m and furthermore, each entry ofgi
j has zero mean and unit standard deviation.

We can thus conclude that:

E[EUGen(w; x)] =
kX

i =0

ai
1
m

mX

r =1

(w > x) i =
kX

i =0

ai (w > x) i = f (w > x) (15)

That completes the proof.
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A.2 Proof of Theorem 3.2

Proof. We will leverage our analysis and notation from the proof of Theorem 3.1. We have:

Var(EUGen(w; x)) =
1

m2 Var

 
kX

i =0

Ti

!

; (16)

for Ti de�ned as:

Ti = ai

mX

r =1

iY

j =1

 
dX

l =1

gi
j [r ][l ]x l

!  
dX

l =1

gi
j [r ][l ]w l

!

(17)

Note that by the conditions of the theorem, differentTi are independent. Thus we can write:

Var(EUGen(w; x)) =
1

m2

kX

i =0

Var( Ti ) (18)

We can rewrite:Ti = ai
P m

r =1 Ri , where: Ri =
Q i

j =1

� P d
l =1 gi

j [r ][l ]x l

� � P d
l =1 gi

j [r ][l ]w l

�
.

Furthermore, again by the assumptions of the theorem, differentRi are independent. Thus we have:

Var( Ti ) = a2
i

mX

r =1

Var( Ri ) (19)

Note that eachRi has the same variance and thus we can write:

Var(EUGen(w; x)) =
1
m

kX

i =0

a2
i Var( R1) (20)

We have the following forr = 1 :

Var( R1) = E[R2
1] � (E[R1])2 =
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4
iY
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dX
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! 2  
dX
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! 2
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j [r ][l ]x l

! 2  
dX
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! 2
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5 � (w > x)2i

(21)

It suf�ces to prove that:

E

2
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dX
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! 2  
dX
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gi
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! 2
3
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2 + ( � i;j � 3)
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l =1

w 2
l x2

l (22)

That however follows by the computations completely analogous to those provided in the proof of
Lemma 3.1 from [16].

A.3 Proof of Theorem 3.3

Proof. Note that, by our previous analysis, we can rewrite:

EUGen(w; x) � f (w > x) =
kX

i =0

1
m

mX

r =1

Y i
r ; (23)

where eachY i
r is de�ned as follows:

Y i
r = ai

iY

j =1

 
dX

l =1

gi
j [r ][l ]x l

!  
dX

l =1

gi
j [r ][l ]w l

!

� ai (w > x) i (24)
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By our previous analysis, we know thatE[Y i
r ] = 0 . Also, by the assumptions of the theorem, we

can conclude that for any �xedi , f Y i
r gm

r =1 is an independent set of random variables. Denote:
K i = 1

m

P m
r =1 Y i

r . Note thatK 0 is completely deterministic. Therefore, by the union bound, we
can write:

P[jEUGen(w; x) � f (w > x)j � � ] � k
k

max
i =1

P[jK i j �
�
k

] (25)

By the assumptions of the theorem, the Cauchy-Schwarz and Triangle Inequality, we have the
following:

j
1
m

Y i
r j �

1
m

0

@jai j
iY

j =1

(c
p

dkxk2)(c
p

dkwk2) + jai j(w > x) i

1

A (26)

Now we will apply the following version of the Azuma's Inequality:

Lemma A.2 (Azuma's Inequality). Assume that random variablesW1; :::; Wm are independent and
of mean zero. Assume furthermore that for some nonnegativef Cr gr =1 ;:::;m we have:jWr j � Cr
with probability one. Then the following holds:

P[jW1 + ::: + Wm j � � ] � 2 exp(�
� 2

2
P m

r =1 C2
r

) (27)

To complete the proof of Theorem 3.3, it suf�ces to apply the above Azuma's Inequality for random
variableWi de�ned as:Wr = 1

m Y i
r and Inequality 26.

A.4 Proof of Theorem 3.4

Proof. We will apply the following well-known result, showing how Bernstein polynomials can be
used to approximate continuous functions:

Lemma A.3 (Bernstein Polynomials for Continuous Functions Approximation). Take some constant
A > 0. Let f : [� A; A ] ! R be bounded. Then there existsC > 0 such that the following holds:

kf � Bn (f )k1 � C! (
1

p
n

); (28)

whereBn (f ) is the nth Bernstein polynomial of f (in particular of degreen).

To complete the proof of Theorem 3.4, it suf�ces to: (1) note thatpi is the upper bound of
P[jEUGen(w; x) � f (w > x)j � � ] (this is implied by Theorem 3.2 and Chebyshev's Inequality),
apply Theorem 3.3 and Triangle Inequality.
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Figure 11: Schematic diagram of our compression method. (Top row) : A EUGen layer followed
by a linear layer. (Bottom Row) : The weights can be multiplied together to create a single weight
matrix without affecting the inputs, effectively disentangling the weights and the inputs.

B Extended Functionalities of EUGens

In this section, we discuss additional properties of the EUGen layers and show how certain special
instantiations generalize several well-known layers and methods.

B.1 Compressing Networks by Combining Layers

For training NeRF models and uptraining Transformers, we use an EUGen layer followed by a linear
layer. In this section, we explain how we can achieve improved ef�ciency by compressing linear
layers with EUGens. Recall our EUGen layer is given by the following equation (following the
PyTorch convention) :

Y 1 = �( X )	( W )> (29)

If the EUGen layer is followed by the linear layer with weightW 0 and biasb0, then the results is:

Y 2 = Y 1W 0> + b0

= �( X )	( W )> W 0> + b0

= �( X 1 )Ŵ > + b0;

whereŴ = W 0	( W ). This simple compression technique allows us to collapse any EUGen layer
followed by a FFL in our experiments, allowing for more ef�cient inference (see Fig. 11).

B.2 Closed-Form Knowledge Distillation

The formulation of the EUGen layer makes knowledge distillation particularly simple. Speci�cally,
we want to train an EUGen layerEUGenk (W ; �) to match the outputs of a trained FFL using MSE
as the metric. For brevity, we will suppressk for the rest of the subsection. Ifx (resp.y ) is the input
(resp. output of a trained FFL, we want to �nd the weightsŴ , which minimize the following error :

min
W

kEUGen(W ; x) � yk2 (30)

The optimalŴ has a closed form :

Ŵ = ( x0> x0) � 1x0>y (31)

wherex0 := �( x).

The above solution is unique iffx0>x0 is invertible. In the case wherex0>x0 is not invertible, the
inverse can be replaced by the Moore-Penrose pseudoinverse. Note that, there also exists a closed
form formula for regression with weight decay (l2-regularization), i.e. solution for the following
optimization problem :

kEUGen(W ; x) � yk2 + � kW k2

30



Thus, the problem of distilling speci�c input-output pairs in the EUGen layer can be solvedwithout
backpropagation. Note that an analytic formula does not exist if the projection matricesG are
trainable. However, in that case, the optimization is extremely lightweight and can be performed with
minimal compute.

B.3 Connections with Low-Rank Layers and 2-layer Neural Networks

In this section, we will discuss connections with our layer with low rank matrices, asymmetric kernels,
SNNKs and works on 2-layer Neural Networks. Finally we show some results on the expressivity of
some special instantiations of EUGen layers.

Recall that our EUGen layer is of the formEUGenk (W ; x) = 	 G (W )� G (x), whereG is a (Gaus-
sian) projection matrix. In practice, we learn bothW andG, making the EUGen mechanism quite
expressive. This setup naturally leads to a more general variant:EUGenk+ (W ; x) = 	 H (W )� G (x)
whereH andG are different project matrices. WhileH may not be explicitly parameterized, its
effect can be captured implicitly by learningW , since EUGen involves computing products like
GW . Empirically, we �nd in some cases that using separate projection matrices for transforming
W andx in the EUGen layer may be bene�cial during training. Thus, we can consider the explicit
variant:EUGenk (W ; x) = 	 H (W )� G (x), which allows for a more �exible form ofkernel learning
through disentangled projections. A similar idea is explored in [122].

With this formulation, we are now ready to show how EUGen generalizes various well-known
approaches.

We start by showing how low rank layers can be a special case of our EUGen layers. In this case,
take	 = � = Id , H = I andk = 1 , and in this case EUGen(W ; x) = WGx .

ThenG is low rank, EuGen degenerates into a low rank layer. Note that these layers have been used
in the training of neural networks [70, 108, 81]. Similar to observations in Wei et al.[108], we �nd
that the low rank layers struggle to yield good performance, and using a non-linear� leads to quality
gains (almost9%), even with a	 as the identity mapping.

When� and	 are related to the Fourier transform of the activation function of the feed-forward
layer (see [80] for precise de�nitions of� and	 ) andG = H , then EuGen becomes the SNNK
layer. However, SNNKs cannot unbiasedly approximate FFLs with unbounded activations, which
is not the case for EuGeNs (Theorem 3.1). EuGeNs can accurately and unbiasedly approximate
polynomial-activation FFLs without any learning, simply by sampling matricesG from prede�ned
distributions. During training, SNNKs may implicitly approximate various FFLs; however, such
approximations remain biased.

Next, we explain why we view our EUGen layer as an asymmetric kernel between the space of
weights and the space of inputs. We interpret the EUGen layer as computing a similarity measure
between the weights and the inputs, after projecting them into a lower-dimensional space. The
motivation for the lower dimensionality of the weights comes from Mousavi-Hosseini et al.[62] and
this can lead to better generalizability.

For convenience of the reader, following Wu et al. [109], we de�ne asymmetric kernels.

De�nition B.1. (Asymmetric Kernel). LetX andY be two input spaces, andH be feature space
assumed to be a Hilbert space. Asymmetric kernel is a functionk : X � Y ! R, satisfying
k(x; y) = h� X (x); � Y (y)i H for all x 2 X andy 2 Y , where� X and� Y are mapping functions
from X andY to H, respectively.

From the de�nition, it is clear that our EUGen-layers are indeed asymmetric kernels between the
space of weights and the space of inputs.

As explained earlier, even a simple	 , for example, the identity function can lead to fairly expressive
networks which we will now show below by incorporating deep and powerful results on 2-layer
ReLU networks. For simplicity of the discussion, let us assume our EUGen layer is of the form :
EUGen(W ; x) =

P r
i =1 wi f (hgi ; x i ); wi 2 R; gi 2 Rd, andf is the ReLU activation, i.e.	 is the

identity function,H = I and�( x) := ReLU(Gx ).

In this special case, EUGen corresponds to the �rst-order Taylor expansion of 2-layer neural network
with respect to the top-layer weightsW .
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The following the results can be easily extended toRk .

Proposition B.2. (1) Under certain conditions, EUGen layers without trainableG andr number of
random features can approximate any polynomial of degree at mostl , wherel1+ � < r � l2+ � for
some� > 0.
(2) Every1-Lipschitz function can be approximated with respect to thel2 norm over[� 1; 1]d by a
EUGen-layer of poly(r ) number of random features.

Proof. (1) is proved in Theorem 1 in Ghorbani et al.[34], while (2) can be shown via Theorem 1 and
2 in Hsu et al. [41].

WhenG is made trainable, even simple EUGen-layers effectively function as 2-layer ReLU networks,
inheriting their strong expressive power (for ex: See Theorem 1 in Boursier et al.[6]). More-
over, it is shown that the 2-layer networks are more expressive than their degree1 Taylor series
counterparts [34].

Finally we would like to clarify the differences between our work and the works on the linearization
of 2-layer networks.

A lot of work has been focused on the linearization of2-layer networks of the formL(�; x) =
W 2 f (W 1x), where� = ( W 1 ; W 2 ), andf is some non-linear function andW 1 is �xed andonly
W 2 is trainable. Under various assumptions, one can expressL as a kernel [14, 13, 34, 7, 65]. Note
that our goal is fundamentally different as we are trying to linearize asinglelayer and not a2-layer
network of a speci�c form. Moreover, allowing the projection matricesG to be trainable, our EUGen
layers do not �t in these above frameworks.

C Additional Related Works on Implicit Neural Representations

In this section, we discuss techniques commonly used to accelerate NeRFs and SDFs. Neural Radiance
Fields (NeRF) [61] achieve remarkable quality in 3D reconstruction by leveraging MLPs to map
spatial points to volume densities and colors. However, both training and rendering processes remain
time-consuming, prompting extensive research aimed at accelerating these tasks, by integrating
explicit representations [55, 118, 42, 89, 87, 11, 84, 64, 31, 112, 5, 88, 43], dividing a scene into
smaller blocks [75, 89, 95, 110, 96], caching (baking) the implicit functions [32, 39, 12, 76], and
devising some novel tweaks [54, 37].

Signed Distance Fields (SDF) are scalar �elds that represent the distance to the nearest surface
point, crucial in robotics for tasks such as environment mapping, collision avoidance, and trajectory
optimization [127, 93, 79, 63, 28, 27, 10, 20, 98, 123, 45, 24, 113, 126]. In computer vision, Truncated
Signed Distance Fields (TSDF) are employed in SLAM systems, as traditional SDF computations
can be prohibitively expensive in real time [66, 67]. Several approaches have emerged to facilitate
real-time SDF construction due to its importance in robotics [69, 38, 68], while others have addressed
challenges in constructing SDF for complex environments [30, 74, 33, 72]. To get a photo-realistic
quality of scene reconstruction, recent works replace the volume density in NeRF formulations with
SDF, using well-designed SDF-to-volume density conversion formulas [114, 104, 115]. Further
acceleration is achieved by combining explicit grid structures with implicit SDF [120, 105, 52, 103,
77], populating thin shells near the zero level set [106], or baking SDF into a high-quality triangle
mesh [116].
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