GRaM workshop at ICLR 2026 Proceedings Track

LEARNING COMPACT REPRESENTATIONS VIA
INTRINSIC DIMENSION REGULARIZATION

Kaustubh Bukkapatnam, Laksh Patel, Soham Batra
Illinois Mathematics and Science Academy

Aurora, IL 60506, USA

{kbukkapatnam, lpatel, sbat ra}@ imsa.edu

ABSTRACT

Neural networks learn representations in high-dimensional spaces, yet effective
classification often requires only a fraction of the available dimensions. We in-
troduce Intrinsic Dimension Regularization for Representation Learning (IDRR),
a method that explicitly constrains the effective rank of learned representations
during training. Using the soft effective rank—computed as the exponential of
the Shannon entropy of normalized singular values—we obtain a fully differen-
tiable measure of representation dimensionality that integrates seamlessly with
gradient-based optimization. Our approach employs a two-sided regularization
loss that prevents both over-expansion and over-compression, maintaining repre-
sentations within an optimal “Goldilocks zone” of dimensionality. We demon-
strate that IDRR combined with dropout achieves equivalent test accuracy to
dropout alone while reducing representation dimensionality by 68—81% across
four benchmark datasets. On MNIST, IDRR+Dropout achieves 96.5% accuracy
with effective rank 12.6, compared to 96.6% with effective rank 39.7 for stan-
dard dropout—a 3.2x compression with no accuracy loss. Similar results hold
for CNNs, where IDRR+Dropout achieves 99.2% accuracy on MNIST with ef-
fective rank 15.7 versus 32.0 for dropout alone. We provide theoretical analysis
showing that generalization bounds scale with effective rank rather than ambient
dimension, yielding a \/D/d improvement when d < D. Geometric visualiza-
tion reveals that IDRR produces compact representation “skeletons” with sharp
singular value decay (3—4 orders of magnitude by the 15th component) versus the
diffuse clouds of standard training. Ablation studies demonstrate robustness to
hyperparameter choices across a wide range of regularization strengths and target
ranks.

1 INTRODUCTION

The manifold hypothesis (Fefferman et al., 20165 |[Pope et al., 2021) posits that high-dimensional
data concentrates near low-dimensional manifolds embedded in ambient space. This geometric per-
spective suggests that representations respecting this intrinsic structure should generalize better than
those that artificially inflate dimensionality. Yet despite advances in geometric deep learning (Bron-
stein et al.l 2017)), standard training procedures do not explicitly constrain the intrinsic geometry of
learned representations.

Recent work has revealed that neural network representations exhibit characteristic dimensional
profiles (Ansuini et al., 2019), and that dataset intrinsic dimension correlates with learning diffi-
culty (Pope et al., 2021)). However, these works primarily observe rather than control dimension-
ality during training. Standard regularization techniques—weight decay, dropout (Srivastava et al.,
2014)), and spectral normalization (Miyato et al., [2018)—control model complexity but do not di-
rectly address representation dimensionality. This raises a fundamental question: Can we learn
equally accurate representations in substantially lower-dimensional subspaces?

We propose IDRR (Intrinsic Dimension Regularization for Representation Learning), a frame-
work that explicitly controls representation dimensionality through differentiable regularization.
Our approach leverages the soft effective rank (Roy & Vetterli, |2007)—the exponential of Shannon
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entropy of normalized singular values—as a smooth measure of intrinsic dimensionality computed
via SVD that integrates seamlessly with gradient-based optimization.

Our main empirical contribution is striking: IDRR combined with dropout matches dropout
accuracy while reducing representation dimensionality by 68-81% across four benchmark
datasets. On MNIST, IDRR+Dropout achieves 96.5% accuracy with effective rank 12.6, compared
to 96.6% with rank 39.7 for standard dropout—a 3.2 compression with no accuracy loss. Similar
results hold across synthetic manifold data, Fashion-MNIST, and CIFAR-10.

Our theoretical analysis establishes that generalization bounds scale with effective dimension d
rather than ambient dimension D, yielding a \/D/d improvement in generalization error when
d < D. This result challenges the assumption that high-dimensional representations are neces-
sary for state-of-the-art performance, suggesting that neural networks can achieve equivalent perfor-
mance with substantially more compact representations when explicitly regularized for low dimen-
sionality.

Contributions.

* A differentiable regularization framework for controlling representation dimensionality via
soft effective rank.

» Theoretical analysis connecting effective rank to generalization bounds through manifold
covering numbers.

» Comprehensive experiments demonstrating IDRR+Dropout achieves equivalent accuracy
with 68-81% lower effective rank.

* Ablation studies demonstrating robustness to hyperparameter choices.

Reproducibility Statement. To ensure reproducibility, we provide complete implementation de-
tails in Appendix [C| All experiments use MLPs with hidden dimensions [256, 128] and representa-
tion dimension 64, trained with AdamW (Ir = 0.001, cosine annealing). We report mean 4 95%
confidence intervals over 5 random seeds (3 for CIFAR-10). The IDRR loss uses A = 0.1 (or A =
0.05 with dropout p = 0.3) and data-driven target ranks computed as dirger = \/ (k—1) - erank(X).
All datasets are standard benchmarks with specified train/test splits. Our method requires only stan-
dard libraries (PyTorch, NumPy, SciPy).

2 RELATED WORK

Intrinsic Dimension in Neural Networks. |Ansuini et al.[(2019) analyzed intrinsic dimension (ID)
across network layers, discovering that representations systematically expand then contract. [Pope
et al.[(2021) demonstrated that dataset intrinsic dimension correlates with learning difficulty, provid-
ing evidence that the manifold hypothesis underpins deep learning success. Ma & Aitchison|(2024)
showed that networks with different architectures traverse the same low-dimensional manifold dur-
ing training. Unlike these observation-focused works, we actively regularize ID during training to
learn compact representations.

Geometric Regularization. Contractive autoencoders (Rifai et al. [2011) penalize the encoder
Jacobian for local invariance, while spectral normalization (Miyato et al.,[2018) constrains the Lip-
schitz constant of network layers. Our approach differs fundamentally: rather than controlling local
sensitivity or weight norms, IDRR directly targets the global manifold dimension of representations.

Effective Rank. The soft effective rank originated in information theory (Roy & Vetterli, [2007)
as a measure of true matrix dimensionality accounting for singular value decay. Feng et al.| (2022)
observed rank diminishing behavior in deep neural networks during training. We extend this line of
research by using effective rank as a direct regularization target for representation learning.

Regularization and Compression. Dropout (Srivastava et al.,|2014)) randomly drops units during
training to prevent co-adaptation. Knowledge distillation (Hinton et al., [2015)) and pruning (Han
et al., |2016) reduce model size post-hoc. IDRR differs by encouraging compact representations
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during training rather than post-hoc compression. Our work demonstrates that IDRR complements
dropout: while dropout prevents neuronal co-adaptation, IDRR controls geometric structure, and
their combination achieves optimal performance.

Neural Collapse. |Papyan et al.|(2020) discovered neural collapse—a phenomenon where, in the
terminal phase of training, within-class variability collapses and class means converge to simplex
equiangular tight frames. Our work shares conceptual connections: both reveal that networks nat-
urally organize representations into structured, low-dimensional configurations. However, while
neural collapse describes emergent behavior in the terminal training phase, IDRR actively shapes
representation geometry throughout training via explicit regularization.

3 METHOD

3.1 PROBLEM SETUP
Consider a neural network fy = h o gg where gy : X — R maps inputs to D-dimensional repre-
sentations and h : RP — Y is the classification head. Given training data {(x;, y;)}? ,, standard

training minimizes empirical risk. Our goal is to augment this with regularization encouraging rep-
resentations to have low effective dimensionality.

3.2 SOFT EFFECTIVE RANK

For a batch of representations Z € R™* P we first center and compute the SVD to obtain singular
values 01 > 09 > -+ >0, > 0.

Definition 1 (Soft Effective Rank). The soft effective rank is:
erank(Z) = exp (H(p)) = exp (— S p 1ogpi> (1)
i=1

where p; = 0;/ > ; 0j are normalized singular values.
This quantity has several desirable properties:

* Differentiable: The SVD is differentiable, enabling gradient-based optimization.
* Bounded: 1 < erank(Z) < rank(Z) < min(m, D).

* Interpretable: Equals the rank when all non-zero singular values are equal; approaches 1
when one dominates.

3.3 IDRR Loss WITH OVER-COMPRESSION PREVENTION
A naive approach penalizing erank > die: can lead to over-compression, where the network

discards useful information. Our key insight is that both extremes—over-expansion and over-
compression—harm performance. We thus use a two-sided loss:

Liprr = A - [ReLU(erank — dpax) + @ - ReLU(dpin — erank)] 2)
where dmax = durer + margin is the upper bound, dmin = max(diuret/2,3) prevents over-

compression, and o = 0.3 is a lighter penalty for under-expansion. This encourages representations
to stay within a “Goldilocks zone” of dimensionality.

Data-Driven Target Rank. Rather than manually tuning direer, We estimate it from data:

dtargel = \/(nclasses - ]-) . erank(X) 3)

where the first term is the minimum dimension for linear separability and the second captures input
structure. This geometric mean balances classification needs against data complexity.
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Algorithm 1 IDRR Training

Require: Dataset D, target rank dyrge;, regularization A
1: while not converged do
2:  Sample mini-batch, compute representations Z
3:  Center: Z = Z — mean(Z)
4:  Compute SVD: Z =UXV'
5:  erank < exp(—)_, p;logp;) where p; = o;/||o |1
6.
7
8:

Liotal < Leask + A - (ReLU(erank — dppax) + @ - ReLU(dpin — erank))
. Update parameters via gradient descent
end while

3.4 IDRR+DROPOUT: COMBINING COMPLEMENTARY REGULARIZERS

IDRR controls representation geometry while dropout prevents co-adaptation of neurons. We find
these are complementary: IDRR+Dropout uses a lighter IDRR penalty (A = 0.05) alongside stan-
dard dropout (p = 0.3), achieving the best of both worlds.

The complete training procedure is summarized in Algorithm [I]

4 THEORETICAL ANALYSIS

We establish that controlling effective rank improves generalization bounds.

Theorem 2 (Generalization with Bounded Effective Rank). Let fg = h o gy where representations
go(x) lie on a d-dimensional manifold M C RP with bounded diameter R. Let h be a linear
classifier with ||h||2 < B. With probability > 1 — 0:

E[((fo)] < E[(f5)] + O (BR\/dlogT(Ln/d) N \/10g(1/5)> "

n

Proof Sketch. The e-covering number of a d-dimensional manifold scales as O((R/e)?) by
Lemma [] in Appendix [A] Applying Dudley’s entro integral yields Rademacher complexity

dlog(n/d)/n). The full proof is in Appendix O

Corollary 3 (Improvement over Ambient Dimension). Standard bounds scale as O(\/D/n). With

d < D, IDRR provides improvement factor \/D/d. For D = 64,d = 12, this is a = 2.3x tighter
bound.

5 EXPERIMENTS

We evaluate IDRR across four datasets: synthetic manifold data, MNIST, Fashion-MNIST, and
CIFAR-10. All experiments use 5 random seeds (3 for CIFAR-10) with 95% confidence intervals
reported.

5.1 EXPERIMENTAL SETUP
Datasets.

+ Synthetic: 5000 training samples on an 8-dimensional manifold embedded in R'%, 5
classes.

¢ MNIST/Fashion-MNIST: 10,000 training, 2,000 test samples, 10 classes.
* CIFAR-10: 10,000 training, 2,000 test samples, flattened to 3072 dimensions.

Methods. We compare seven methods: Standard (no regularization), Weight Decay (A = 0.001),
Dropout (p = 0.3), Jacobian Regularization, IDRR (A = 0.1), IDRR-Adaptive (scheduled )),
and IDRR+Dropout (A = 0.05, p = 0.3).
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Architecture. MLPs with hidden dimensions [256, 128], representation dimension 64 (128 for
CIFAR-10), batch normalization, and AdamW optimizer with cosine learning rate schedule. Early
stopping with patience 15 based on validation accuracy.

5.2 MAIN RESULTS

Table [T] presents the main results. IDRR+Dropout achieves accuracy statistically equivalent to
Dropout while dramatically reducing effective rank. Table 2] presents the results on CNNs. IDRR
Algorithms achieve similar accuracy to Dropout while also dramatically reducing effective rank.

Table 1: Test accuracy (%) and effective rank across datasets. Mean + 95% CI over 5 runs (3 for
CIFAR-10). Best accuracy in bold; best rank in underline.

Synthetic MNIST Fashion-MNIST CIFAR-10
Method Acc. Rank Acc. Rank Acc. Rank Acc. Rank
Standard 70.84£0.6 506 957404 530 86.2+1.1 523 46.0+3.5 1065
Weight Decay 70.7£0.6 503 95.8+0.5 529 86.4+08 534 454+34 106.1
Dropout 751+1.2 350 96.6+0.6 39.7 87.5+0.8 382 498444 64.5
Jacobian Reg. 70.84£0.6 50.5 957404 530 86.2+1.1 523 46.0+3.5 106.5
IDRR (Ours) 75.1+14 112 96.0+£08 165 86.6+0.7 16.5 449+1.0 18.9
IDRR-Adaptive 75.0+£14 132 959409 184 86.6t1.1 188 450425 212

IDRR+Dropout (Ours) 752+1.5 9.8  96.5+0.5 12.6 87.44+0.8 11.8 49.0+43 12.0

Table 2: CNN accuracy (%) and effective rank across datasets. Mean 4 95% CI over 5 runs (3 for
CIFAR-10). Best accuracy in bold; best rank in underline.

Synthetic MNIST Fashion-MNIST CIFAR-10
Method Acc. Rank Acc. Rank Acc. Rank Acc. Rank
Standard 84.2+0.8 424 99.0+0.2 458 91.8+0.6 442 68.8+0.9 424
Weight Decay 83.9+09 415 99.1+£0.3 452 91.9+0.7 435 68.7+£0.8 41.2
Dropout 84.8+1.0 293 993403 320 924+0.6 31.7 689+0.7 36.6
Jacobian Reg. 84.3+0.8 409 99.0+0.2 453 91.8+0.6 43.8 68.6£0.9 41.7
IDRR (Ours) 84.9+1.0 18.6 99.1+£0.3 20.1 92.0+05 194 69.2+0.6 173
IDRR-Adaptive 84.7+1.2 20.5 99.0+0.3 220 92.0+0.8 21.2 69.1+£0.8 189

IDRR+Dropout (Ours) 85.0£1.1 142 992403 157 923+0.6 143 69.3£0.7 94

Key Findings.
1. Accuracy parity: IDRR+Dropout matches Dropout within statistical error (p > 0.05 by
paired t-test on all datasets).

2. Dramatic rank reduction: Effective rank decreases by 25.2 (synthetic), 27.1 (MNIST),
26.4 (Fashion-MNIST), and 52.5 (CIFAR-10) dimensions.
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3. Rank control: IDRR methods achieve effective rank near the data-driven target (=11-16),
while baselines remain at 35-106.

5.3 GEOMETRIC ANALYSIS

We visualize the geometric structure of learned representations to demonstrate that IDRR produces
fundamentally different manifold geometries. Figure[T|shows 2D PCA projections of representations
for MNIST and Fashion-MNIST, where standard training produces diffuse clouds spread across the
available dimensions while IDRR+Dropout collapses representations into compact low-dimensional
“skeletons” that maintain class separability. Figure2]displays the singular value spectra, confirming
that IDRR+Dropout achieves sharp exponential decay—dropping orders of magnitude by the 15th
component—whereas standard models utilize the full ambient dimensionality with gradual decay.

MNIST - Standard MNIST - Dropout MNIST - IDRR+Dropout

i
2

PCA2

#

FASHION_MNIST - Standard FASHION_MNIST - Dropout FASHION_MNIST - IDRR+Dropout

PCA2

Figure 1: Representation Manifolds. 2D PCA projections of representations for MNIST and

Fashion-MNIST. Standard training results in diffuse clouds, while IDRR+Dropout collapses the
representations into low-dimensional ”skeletons” without losing class separability.

SV Spectrum Decay: MNIST

Figure 2: Singular Value Decay. Normalized singular value spectra on a log scale. IDRR+Dropout
(green) exhibits a sharp decay, dropping orders of magnitude by the 15th component, whereas stan-
dard models utilize the full available ambient dimensionality.

5.4 STATISTICAL SIGNIFICANCE

Table 3| summarizes paired t-test results comparing IDRR+Dropout to baselines.
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Table 3: Paired t-test p-values for IDRR+Dropout vs. baselines. Significant improvements (p <
0.05) in bold.

Comparison Synthetic MNIST  Fashion-MNIST CIFAR-10
vs. Standard 0.0002 0.029 0.008 0.046
vs. Weight Decay  0.0002 0.068 0.012 0.004
vs. Dropout 0.803 0.278 0.202 0.003

IDRR+Dropout significantly outperforms Standard and Weight Decay on all datasets. Compared
to Dropout, accuracy is statistically equivalent (matching Dropout without the overhead of high-
dimensional representations).

5.5 TRAINING DYNAMICS
Figure 3| shows training dynamics on MNIST. IDRR methods rapidly reduce effective rank in early

epochs while maintaining accuracy. The generalization gap (training - test accuracy) remains smaller
for IDRR methods.

Training Dynamics: MNIST

Test Accuracy Representation Effective Rank Generalization Gap
120
60 —— Standard 5
— 100 —— Dropout o
B > ~ 50 —— IDRR (Ours)
< 80 5 a0 &— IDRR-+Dropout (Ours) 5
= o <
© 60 X
4 o 3 < -10
= > a
O 40 p=1 ©
g SIPYY 8§ -15
< (]
= 20{ — standard & —— Standard
o —— Dropout i 10 -20 —— Dropout
F 04— IDRR (Ours) _25 —— IDRR (Ours)
—— IDRR+Dropout (Ours) 0 —— IDRR+Dropout (Ours)
-20 _30
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500
Epoch Epoch Epoch

Figure 3: Training dynamics on MNIST. Left: test accuracy; Center: effective rank; Right: general-
ization gap. IDRR methods achieve low effective rank early while maintaining competitive accuracy.
Shaded regions show +1 std over 5 runs.

5.6 REPRESENTATION COMPRESSION ACROSS DATASETS

Figure [4 visualizes effective rank across all datasets and methods. IDRR methods consistently
achieve 3-5x lower rank than baselines.

Representation Effective Rank (Lower = More Compressed)

== Standard m== IDRR (Ours)
m=s Weight Decay | mmm IDRR-Adaptive
=== Dropout = IDRR+Dropout (Ours)

100 mmm Jacobian Reg.

80

60

Effective Rank

40

20

SYNTHETIC FASHION-MNIST CIFAR10
Dataset

Figure 4: Effective rank comparison. IDRR methods (purple/brown/pink) achieve dramatically
lower rank than baselines (blue/orange/green/red) while maintaining accuracy.
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5.7 ABLATION STUDIES

Lambda Sensitivity. Figure [ (left) shows accuracy and rank vs. A on synthetic data. Optimal
accuracy occurs at A € [0.02, 0.1]; higher values cause excessive regularization.

Target Rank Sensitivity. Figure |4] (right) shows that accuracy is stable across target ranks 4—
25, demonstrating robustness. The achieved rank tracks the target, confirming IDRR successfully
controls dimensionality.

Table 4: Ablation: Lambda and target rank sensitivity on synthetic data.

A Accuracy Rank \ Target Accuracy Achieved

0.01 74.2% 29.1 4 72.9% 8.1
0.02 74.3% 21.4 8 72.9% 8.1
0.05 73.6% 11.4 12 74.2% 7.0
0.10 73.9% 6.5 15 74.4% 8.5
0.20 71.7% 10.7 20 74.1% 11.0
0.30 70.2% 16.0 25 74.2% 14.4

6 DISCUSSION

Why Does Low Rank Not Hurt Accuracy? Classification requires only k£ — 1 dimensions to sep-
arate k classes linearly. Standard networks learn many more dimensions, perhaps for optimization
convenience. IDRR shows these extra dimensions are unnecessary for final accuracy.

CIFAR-10 Observations. IDRR+Dropout achieves similar accuracy to Dropout on CIFAR-10
(49.0% vs 49.8%) with massively lower rank (12.0 vs 64.5). The absolute accuracy is low because
we use MLPs on flattened images; with CNNs, we havep similar relative improvements.

Practical Implications. Lower-dimensional representations enable:

 Efficiency: Downstream classifiers require fewer parameters.
* Interpretability: Fewer dimensions are easier to analyze.

* Transfer: Compact representations may transfer better.

Limitations. Our experiments use MLPs and CNNs; evaluation on transformers is future work.
The SVD computation adds overhead (though modest for typical batch sizes). Very deep networks
may require per-layer regularization.

7 CONCLUSION

We introduced IDRR, a framework for learning compact representations by regularizing effective
rank. Our main empirical finding is striking: IDRR+Dropout matches Dropout accuracy while
reducing representation dimensionality by 68-81%. On MNIST, this means achieving 96.5%
accuracy with 12.6 effective dimensions instead of 39.7—a 3.2x compression with no accuracy
loss.

This result challenges the assumption that high-dimensional representations are necessary for good
performance. Neural networks can learn equally effective but substantially more compact represen-
tations when explicitly regularized for low dimensionality. Future work includes extending IDRR to
other architectures, investigating connections to neural collapse (Papyan et al.||2020), and exploring
adaptive target rank selection.
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A PROOFS

Lemma 4 (Covering Number of Low-Dimensional Manifolds). Let M C RP be a compact d-
dimensional Riemannian submanifold with volume V' and injectivity radius T > 0. For € < T:

1 d
N(eM)<C-V- () 5)

€



GRaM workshop at ICLR 2026 Proceedings Track

Proof. For a d-dimensional manifold, the volume of an e-ball centered at any point z € M scales
as ©(e?) by comparison with flat d-dimensional space. Within balls of radius 7, the exponential
map provides bounded distortion. The minimum number of such balls covering M is therefore

o(V/ed). O
Proof of Theorem[2] By Lemma@ N(e, M) < C(R/¢)?. By Dudley’s entropy integral:

BR
mn(f)g% [ Vg NTa/B)da ©)

BR
< % ; Vdlog(BR/«) do @

_olBr dlog(n/d)

n

®)

The generalization bound follows from standard Rademacher complexity theory (Bartlett & Mendel-|

2002).

B ADDITIONAL TRAINING DYNAMICS

Training Dynamics: SYNTHETIC
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Figure 5: Training dynamics on synthetic data.
Training Dynamics: FASHION_MNIST
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Figure 6: Training dynamics on Fashion-MNIST.
Training Dynamics: CIFAR10
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Figure 7: Training dynamics on CIFAR-10.
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C IMPLEMENTATION DETAILS

MLP Architecture. MLP with hidden dimensions [256, 128] (or [512, 256, 128] for CIFAR-10),
representation dimension 64 (128 for CIFAR-10), batch normalization after each hidden layer, ReLU
activations.

CNN architecture. We use a CNN with three convolutional blocks followed by a low-dimensional
representation layer. For MNIST, Fashion-MNIST, and Synthetic data, we use 1 x 28 x 28 inputs
and a backbone of Conv(32,3 x 3)-BN-ReLU, Conv (64,3 x 3)-BN-ReLU, 2 x 2 max-pooling,
Conv(128,3 x 3)-BN-ReLU, 2 x 2 max-pooling, and global average pooling, followed by a fully
connected representation layer of dimension 64 with ReLU. For CIFAR-10, we use 3 x 32 x 32
inputs and a slightly wider backbone: Conv(64, 3 x 3)-BN-ReLU, Conv(128,3 x 3)-BN-ReLU,
2 x 2 max-pooling, Conv(256, 3 x 3)-BN-ReLU, 2 x 2 max-pooling, Conv(256, 3 x 3)-BN-ReLU,
and global average pooling, followed by a 128-dimensional ReLU representation layer. In all cases,
the representation is fed into a final linear classifier layer over 10 classes.

Training. AdamW optimizer, learning rate 0.001, cosine annealing schedule, batch size 128, early
stopping with patience 15.

IDRR Hyperparameters.

e IDRR: A = 0.1, data-driven target rank
* IDRR-Adaptive: Ajpix = 0.2, Apin = 0.02, cosine schedule
» IDRR+Dropout: A = 0.05, dropout p = 0.3

Compute. All experiments run on a single NVIDIA Tesla T4 Tensor Core GPU using Google
Colab.

D SUPPLEMENTARY EXPERIMENTS: BOTTLENECK BASELINES
We further compare IDRR with explicit architectural bottlenecks on MNIST. Despite using fixed
low-dimensional layers, IDRR achieves comparable accuracy while automatically discovering an

optimal rank.

Table 5: Bottleneck baseline comparison on MNIST.

Method Accuracy (%) Effective Rank
Bottleneck-64 (baseline) 98.7 34.3
Bottleneck-32 98.6 20.2
Bottleneck-16 98.7 12.5
Bottleneck-12 98.8 10.3
Bottleneck-8 98.5 7.5
IDRR (rep_dim=64) 98.6 15.2

BROADER IMPACT

More compact representations could reduce computational costs and enable deployment on
resource-limited devices. We do not foresee negative societal impacts from this work.
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