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Abstract

We demonstrate that architectures which traditionally are considered to be ill-suited
for a task can be trained using inductive biases from another architecture. We call
a network untrainable when it overfits, underfits, or converges to poor results even
when tuning their hyperparameters. For example, fully connected networks overfit
on object recognition while deep convolutional networks without residual connec-
tions underfit. The traditional answer is to change the architecture to impose some
inductive bias, although the nature of that bias is unknown. We introduce guidance,
where a guide network steers a target network using a neural distance function. The
target minimizes its task loss plus a layerwise representational similarity against the
frozen guide. If the guide is trained, this transfers over the architectural prior and
knowledge of the guide to the target. If the guide is untrained, this transfers over
only part of the architectural prior of the guide. We show that guidance prevents
FCN overfitting on ImageNet, narrows the vanilla RNN-Transformer gap, boosts
plain CNNs toward ResNet accuracy, and aids Transformers on RNN-favored tasks.
We further identify that guidance-driven initialization alone can mitigate FCN
overfitting. Our method provides a mathematical tool to investigate priors and
architectures, and in the long term, could automate architecture design.

Project website at https://untrainable-networks.github.io

1 Introduction

When creating neural networks, as a community, we follow recipes that select among a few archi-
tectures that are known to work for particular tasks [63} [12, 25]. Architecture is critical, encoding
essential inductive biases i.e. priors that profoundly impact their learning capabilities and perfor-
mance across various tasks. Convolutional nets revolutionized vision [47, 131]], and Transformers
reshaped language (74} 20, [1]]. Despite this, architecture design is a dark art because the precise
relationship between architectures and the priors they impose is poorly understood. For example,
there is discussion about exactly what the role of residual connections is [39]. This reflects a broader
challenge: we rarely understand exactly what inductive biases our architectures encode. Our lack
of understanding makes architecture design challenging. Given new application spaces for neural
networks with rising compute costs like inference-time scaling [56]], this challenge has become even
more relevant.

Recent theorems [59] state that for each function which is efficiently Turing computable, there exists
a deep network that can approximate it well. Furthermore, a graph representing such a function is
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Figure 1:Guidance makes untrainable networks trainable via representational similarity Given a target

which cannot be trained effectively on a task, we train this target with a layerwise representational-alignment
term against a xed guide—trained or random—uwhich remains unchanged during task training. This transfers
only the guide's architectural bias, turning a network that would otherwise over t or under t into one that learns
effectively (e.g., a deep FCN guided by a random ResNet for image classi cation).

compositionally sparse, that is the nodes of the associated Directed Acyclic Graph (DAG) represent
constituent functions with a small effective dimensionality. A reasonable conjecture is that neural
networks with an architecture which is similar to the DAG of the unknown target function are
especially successful in learning it, as it is the case for convolutional networks for image recognition
and similar tasks. However, empirically testing or transferring those structural priors remains an
open challenge. Because we do not understand the relationship between the kinds of priors on the
target functions that different architectures impose, even simple questions have no known answer.
For example, can an FCN's initialization be tailored to mimic a CNN's inductive bias, despite their
distinct graphs?

To bridge this gap, we introduce a novel empirical tgulidance Given atarget networkwe guide

it with a guide network In addition to the target's original loss, the target attempts to match the
representation of its intermediate layers to those of the guide. We use a measure of representational
similarity [45,[17,[1€], also termed a neural distance function, to compute the distance between
representations of two arbitrary layers. Neural distance functions are often used in neuroscience
to compare activity in networks and braif®8[[14, 71]. In light of recent work that shows that
networks of very different architectures have internal activity that is extremely similar to one another
[30, 14, 15], we repurpose this distance function as a means to transfer priors between networks
layer by layer. Surprisingly, even a randomly initialized guide—incapable of solving the task—yields
large performance gains, proving architectures alone encode powerful priors. This surprising nding
demonstrates that neural architectures alone, independent of parameter training, impose meaningful
inductive biases that are useful for downstream tasks.

We make the following contributions:

1. We develop guidance to transfer priors between networks using representational alignment
and investigate one representational alignment method, centered kernel alignment, CKA
[45].

2. We empirically differentiate between architectural and trained inductive biases, showing that
architectural priors alone can signi cantly improve network performance. This underscores
the intrinsic structural power of architectures independent of learned parameters.

3. We show that RNNs signi cantly improve their copy-and-paste accuracy when guided by a
Transformer. Transformers increase their parity accuracy when guided by an RNN. RNNs
close much of the gap to a Transformer on language modeling when guided by one.

4. We show that deep or wide fully connected networks stop over tting when guided by a
ResNet. No-skip CNNs close much of the gap with ResNets when guided by a ResNet.
Fully-connected networks stop over tting with guidance-only initialization schemes.

Our method provides a powerful empirical tool to further theoretical insights in architectural design.
Guidance enables systematic investigation of the structural foundations of successful architectures
and clari es the distinction between architectural and trained inductive biases. Minimizing CKA lets



you clamp any subset of a target network's activations onto those of a frozen guide network, sweep
that clamp across architectures and priors, and observe what fails or succeeds. Guidance is a knob
you can turn to inject architectural priors at will, something one cannot do with cross-entropy or
weight-decay alone.

Our work has a number of limitations. We aimed for coverage of many tasks instead of maximal
performance on any one task. This would have required us to carefully tune the hyperparameters
involved. We preferred to show how guidance works in general rather than in cherry picked and
carefully tuned settings. To that end, we also did not optimize networks to convergence, nor did
we attempt to experiment with other optimizers. Once we reproduced a well-known problematic
training phenomenon, we showed that it could be overcome. We consider a network trainable and a
problem to be overcome when the original problem disappears. For example, successfully training
fully connected networks for object recognition was hopeless because they immediately over t; using
our guidance method they no longer do so. This does not mean that they are necessarily useful as
object recognizers at present. In the case of fully connected networks, their present performance
with guidance training is too low, but with additional work we believe their performance could

be substantially increased now that their train and test loss are moving in the right direction. In
some cases, by applying guidance, we do see large useful improvements, such as with RNNs and
Transformers, as well as deep CNNs, although much more remains to be exploited there too.

2 Related Work

Representational Distance Our method builds on several metrics that measure distance between
high-dimensional activations extracted from neural networks or activity in the B¥dingome of

these distance metrics make comparisons based on kernel matrices [45, 17, 16] or relative distances
[46, 55 between sample representations in a set. Others compute lified@8] or orthogonal
projections b] from one set of representations to another. These metrics are designed based on a set
of desired invariant properties such as permutation invariance or invariance to linear transformations.

Such approaches have been commonly applied in neuroscience for measuring representational
distance of activations from networks and activity in the brain to understand which neural networks
are architecturally most similar to the brairg[ 14, 71, 24]. Under this context, Han et gl30]

has shown the inability of current representational distance metrics — speci cally the metric used
here, centered kernel alignment — to distinguish representations based on architecture. This paper
provides the foundation for our intuition that networks may have similar representations that allow
for transferring inductive biases from one network to another.

Untrainable Networks: This work examines RNNs and transformers for sequence modeling and
FCNSs and plain CNNs for image classi cation. Prior work explored similar approaches but performed
poorly compared to the guide networks we leverage for improved training.

In sequence modeling, classical RNN®[58, 13, 29 were constrained by vanishing and exploding
gradients 5], making them unsuitable for long sequence tasks requiring memorizaibrgradient

ow techniques were developed, but signi cant progress came from architectures like LSAMSs [
and transformers7H]. Transformers, however, have been found untrainable on formal language tasks
requiring full-sequence reasoning, where RNNs succeed [8].

For image classi cation, small feed-forward networks with 3-5 hidden layers and fewer than 100
units per layer were trained on object recognition data&3%[ 41, 57]. These efforts prioritized
training t over generalization performance and achieved low resGBsd]. Strategies to reduce

over tting, such as topological structuréT] or early stopping9], were hindered by complex designs

and hyperparameter tuning, leading to poor training ts. Further methods used alignment between
thin deep FCNs and wide shallow FCNs to prevent over tting, an approach similar to our B&per [
Deep convolutional networks were also applied to image classi cad@n?] but struggled with
vanishing gradients, limiting their depth.

Model Distillation : Guidance shares a resemblance with model distilla®@n36, 66, 36]. Distilla-

tion transfers knowledge from a teacher model to a student model by introducing a new component
to the loss function that enforces the student model to behave like the teacher 42@é].[ This

usually consists of penalizing the KL-divergence between the logit predictions of the student and
teacher model.



Representation-based distillatior2[ 10, 50 and alignment techniques have been proposed to im-
prove alignment between two networks. Certain works have proposed correlation congruence or
similarity preserving metrics6] for aligning two networks, particularly as a way to do architecture
search between CNN4][ Methods have been proposed that use CKA as an alignment approach be-
tween representations of two networks or with representations in the brain with notable improvement
in network performance [65, 18].

We distinguish guidance from distillation. Guidance can use a smaller untrained guide instead of a
larger trained teacher. This is due to guidance operating over intermediate activations of the network
instead the output of the network probabilities or output features, like distillation does. Guidance
also operates at many levels at the same time, aligning many layers at once. This helps address the
credit assignment problem that gradient descent has when tuning weights early in a network. We
also consider many more networks for guidance than is traditional for distillation including networks
which have very different architectures like Transformers to RNNSs. Distillation is usually carried out
between two closely related architectures. We apply guidance to do the opposite.

3 Methods

Guidance introduces a term in the loss of a target netwdirk, to encourage representational
alignment with a guide networky ©. We update only the target's parameters, while keeping
the guide's parameters®, frozen. On each minibatch, we compute a similarity metic(e.g.,
CKA) between guide-layer activation!!siGG and matched target activatio»f'sfT . We refer to the

correspondence between layers of the giifeg and layers of the targéi ™ g asl. While this
correspondencé, could be complex as any two architectures can form a guide/target pair, here we
choose architectures that make the correspondence obvious as is discussed later. For example, the
stacked RNNs and Transformers have the same number of layers in our experiments.

The target and guide receive the same input. Per minibatch, we collect activations from intermediate
layers of both networks. Layers of guide network are mapped to layers of the target network; see
g. 1. We formulate the loss in terms of minimizing thepresentational dissimilarityM , i.e., the
complement of a representational similarity metric, between guide and target activations layer by
layer, summing the results. Here we use linear CKA, though any differentiable similarity metric
could plug into Eq. (1). Ef ciency or incremental computation is much more important than it is

in traditional applications since this operation happens for every minibatch. We discuss details in
appendix B.1.

GivenLt as the original loss of the target network, the guide network's original loss function is
irrelevant. The guide could be pretrained on another task. In fact, it need not even have been trained at
all, only its architecture shapes the target. This latter setting is what allows transferring architectural
priors without transferring knowledge from the guide to the target, as there is none in a randomly
initialized guide. See eq. (1) for an overallggss. We discuss details in appendix B.

LD =Lr( D+ MALT(THARC®) 1)
i2l

Equation (1) minimizes a task loss while increasing alignment between the target and guide networks
given the mapping between them. The mapping may be sparse; not every layer needs to be used. This
is important for guidance with transformers or stacked RNNs, as will be explained later. Note that
the guide's parameters®, are constants, i.e., the guide is never updated.

Metrics like CKA can capture and encode inductive biases in neural network computations. For
instance, CKA is a measure that depends on second-order statistics, speci cally pairwise sample
distance matrices. Architectural choices imprint distinct features on those statistics. For example,
consider local receptive elds in a convolutional layer. Units that cover neighboring pixels receive
correlated input, and this is re ected in our activations. Such correlations are re ected in our distance
matrices, and these can be transferred to distance matrices associated with FCN layers that lack local
correlations. Similarly, weight sharing, where the same kernel is applied at every spatial location,
will also be re ected in a distance matrix.

Layerwise Mapping We design a simple method for mapping guide layers to target layers as part
of providing supervision. The goal of this method is to make guide and target networks architecturally
agnostic i.e. we can supervise any target network with any guide network.



Tasks \ Guide Networks Target Networks

Copy-Paste \ Transformer RNN

Parity | RNN Transformer

Language Modeling (Small and Larg)e)'ransformer RNN

Deep FCN
Image Classi cation ResNet-18 Wide FCN
ResNet-50 Deep ConvNet

Table 1: Guide and target networks across tasks Our network designs include several untrainable target
networks and corresponding trainable guide networks.

As a simple approach, we evenly spread layer computations of our guide network over our target
network. For example, if we consider ResNet-18 and a 50-layer FCN, we would map every convo-
lutional ResNet layer to every second or third linear layer of the FCN. Intuitively, evenly spacing
guide-to-target matches encourages the target to approximate the guide's compositional functions.
Through the design of evenly spreading layers of our ResNet-18, we are guiding the FCN to nd a
function similar to the guide network.

For our mapping, we consider activations from all tunable-weight layers (convolutional, linear, or

RNN/LSTM). For multiple stacked RNNs, LSTMs, or transformers, we extract feature representations
from intermediate layers in the stack as well. Using all layers is useful for guidance as it provides
a strong signal to induce alignment between the target and guide networks during training. We
empirically nd that more layers leads to stronger results. Skipping layers based on non-linear
transformations reduces memory overhead associated with storing representations per batch.

4 Experiments

We design several settings with different target and guide networks to thoroughly test our approach.
We include a range of image and sequence modeling tasks. In choosing target networks, we consider
a broad range of designs for networks that are not traditionally applied (e.g., a FCN in image
classi cation).

To systematically evaluate our approach, we incorporate two settinggn{dginable Architec-

tures: Experiments where the target networks are dif cult to train due to architectural limitations,
irrespective of the task. For example, memory incorporation in RNNs or over tting in deep FCNs. (2)
Untrainable Tasks: Experiments where certain tasks are inherently challenging for speci ¢ architec-
tures, making them untrainable without additional supervision. For example, sequence classi cation
with transformers.

Tasks We describe the task settings. We consider three sequence modeling tasks to allow for a
broader range of architectural settings. We rst consider a task catlpg-pasté¢27]. In this task,

we generate a sequence of numbers in the rande ofl0. The model is trained to recover the

same sequence in the output. In our setting, we consider sequence lengths that rarfedrdtn

values total (internal sequence and padding). We generate a copy-paste dataset, sampling sequences
containing numbers betwedrand10. We generate a total dfo0, 000examples, training 080; 000
examples, validating oh0; 000examples, and testing di; 000 examples.

We also include thearity task, a binary classi cation task where a model is fed a bitstring and
outputsl when there is an even number of ones in the bitstringGotherwise. We generate a series
of bitstrings with sequence lengths that range fédta 50 as done in prior work [8].

Finally, we consider &anguage modelintask using the WikiText-103 datasé&¥] where models

must predict the next token given some context. This uses the train, validation and testing splits
de ned by the WikiText dataset and for all experiments, we use a context len§th @¥e tokenize

the text data using the GPT-2 [61] tokenizer.

For an image-based task, we focusimrage classi catiorand use the ImageNet-1K datas&d)][for
training and testing. We use the splits de ned by the dataset. We report accuracy on the validation set
for all experiments.



Architectures: For all tasks, we describe our target untrainable architectures for each task separately
as well as the guide networks that are employed to make the untrainable network trainable. We give
an overview in table 1. We provide further details in appendix C.

Sequence Modelindgror our copy-paste task, we use a vanilla, 4-layer RNN as our target network. In
copy-paste, architectural and algorithmic limitations make RNNs an untrainable architecture. For
our language modeling task, we include two settings with a small (4 layer) and large (6 layer, larger
hidden dimension) RNN. In this setting, vanishing gradients and limited context incorporation make
RNNs an untrainable architecture as the training loss saturates. For the parity task, we use a 1-layer
transformer encoder architecture, similar to prior w@k28]. For the copy-paste task, we train a
guide network, 4-layer transformer decoder model which achieves 96.90% accuracy. Similarly, for
language modeling, we train a 4-layer transformer decoder guide network with a context window of
256. Our nal perplexity is 34.15 for the small language modeling setting and 33.10 for the large
language modeling setting. For the parity task, we train a 1-layer vanilla RNN as a guide network
which achieves 100% accuracy as reported by [8].

Image Classi cation We use three target networks: Deep FCN, Wide FCN, and Deep ConvNet.
Deep FCN is a fully-connected network with 50 blocks consisting of feedforward layers followed
by non-linearities. This network is an untrainable architecture, lacking inductive biases to prevent
over tting and having vanishing gradients. Wide FCN is a fully connected network with 3 blocks
with feedforward layers that have 8192 units. This is categorized as an untrainable task due to a
saturation in the training performance. Deep ConvNet is the same architecture as ReshNétiad [
without residual connections. This is categorized as an untrainable architecture due to the vanishing
gradient problem. We use two guide networks: ResNet-18 and ResNet-50. ResNet-18/50 is a deep
convolutional network with 18/50 convolutional blocks and residual connections. We refer to He et al.
[31]. We supervise the Deep FCN and Wide FCN with ResNet-18 and supervise the Deep ConvNet
with ResNet-50.

Training : For each setting, we train the base target network and perform an experiment where both a
trained and untrained guide network supervises the base target network. All networks are trained
with cross-entropy loss, without loss of generality. For all sequence modeling tasks, i.e. copy-paste,
parity, and language modeling we use Adan®¥]] For language modeling, we also incorporate
gradient clipping due to unstable training with long sequences. When training networks for image
classi cation using ImageNet-1K, we use the Adam [43] optimizer.

To ensure consistency of comparisons across learning curves, we use a consistent batch size of 256.
Representational similarity metrics are affected by the number of samples in the calculation, where
more samples allows for the metric to approximate representational distance better. We use 256 as
a proxy, dependent on GPU memory, although more memory would allow for bigger batch sizes
with potentially better results. Due to the large number of training settings, we employ several
different learning rates. We tune the learning rate carefully for baseline training to ensure maximal
performance. We sweep the parameter across 5 different values and choose the results with the lowest
validation loss. This ensures we are choosing the training with the best performance.

After choosing the optimal learning rate, we then train all networks and settings for 100 epochs with

5 random seeds to compute error bars. Our error bars are associated with the standard error across
each step across all seeds. We choose the seed-based average test accuracy associated with the epoch
with the lowest seed-based average validation loss.

5 Results

Sequence ModelingOn the copy-paste task, guiding a 4-layer RNN with a Transformer improves
copy-paste accuracy by over 25%. See g. 2 and table 2 Previous studies blamed RNN failures on
vanishing gradients and memorization limits. Our results show a potential optimization scheme for
RNNSs that is applicable for sequence memorization. Remarkably, a random (untrained) Transformer
guide outperforms a trained one, suggesting pure architectural bias drives gains. We believe this is
because optimization with randomly initialized networks is easier due to the degrees of freedom in
CKA. See appendix E. We plan to explore this more thoroughly in further analyses. These gains
persist under our layerwise ablations and metrics; see appendix K and appendix G.

On the parity task, a 1-layer Transformer guided by an RNN improves its test accuracy by 7%. This
is a complementary result to copy-paste and language modeling where the guide network was a



Copy-Paste Parity Language Modeling Language Modeling

Experiment Accuracy (") Accuracy (") (Small) Perplexity(#) (Large) Perplexity (#)
RNN 14.35 0.01 100 69.19 1.89 89.13 2.00
Untrained RNN — 2.32 041 — —
Transformer 96.98 71.98 3.16 34.15 33.10
Untrained Transformer 1.04 0.81 — 5.19e5 90.44 5.19e5 90.44
RNN'! Transformer — 78.49 2.16 — —
Untrained RNN!  Transformer — 70.38 4.17 — —
Transformer RNN 23.27 1.02 — 40.01 1.54 36.91 1.04
Untrained Transformdr RNN 42.56 1.51 — 59.61 2.33 47.17 2.50

Table 2:Guidance improves performance for sequence modelindRNN performance improves dramatically
when aligning with the representations of a Transformer for copy and paste, as well as for language modeling
with small and large RNN architectures. RNNs close most of the gap to Transformers for language modeling
and are likely competitive with further scale. Transformers in turn, improve parity performance when aligning
with an RNN. Guidance is able to transfer priors between networks.

Experiment ImageNet Top-5 Validation Accuracy(")
ResNet-18 89.24
Untrained ResNet-18 0.24 0.043
ResNet-50 92.99
Untrained ResNet-50 0.54 0.029
Deep FCN 1.65 1.21
ResNet-18 Deep FCN 750 1.51
Untrained ResNet-1B Deep FCN 13.10 0.72
Wide FCN 34.09 0.91
ResNet-18 Wide FCN 43.01 0.92
Untrained ResNet-1B Wide FCN 39.47 0.31
Deep ConvNet 70.02 1.52
ResNet-50 Deep ConvNet 78.91 2.16
Untrained ResNet-50 Deep ConvNet 68.17 2.54

Table 3:Guidance improves performance for image classi cation Alignment with a ResNet dramatically
improves a deep FCN, particularly with an untrained ResNet. Signi cant gains are seen with a wide FCN as
well. Deep CNNs without residuals gain only with a trained ResNet. Across all settings, guidance can help train
architectures that were otherwise considered unsuitable.

transformer and our target network was a RNN. This improves over results from several prior papers
[8] that have pointed out fundamental limitations of transformers to perform formal language tasks.

Unlike copy-paste, the performance improves when using a trained RNN as the guide network. This
could be due to the wide gap in performance between an untrained RNN and trained RNN on parity.
Parity uniquely bene ts from learned positional encodings in the trained RNN, which the Transformer
lacks. This information is likely crucial to the transformer, which has limited sequence pooling
capacity and fewer degrees of freedom.

On language modeling, similar to copy-paste, guided RNNs halve the perplexity from ~70 points
to 35 points on WikiText-103, closing in on Transformer baselines. While performance generally
saturates for the 4-layer RNN, guidance continuously improves the RNN performance by over 30
points for text perplexity for both trained and randomly initialized guide networks. Scaling up to a
6-layer RNN further cuts perplexity by 10 points, indicating guidance scales with model size. This
implies that information from the transformer can be transferred to the RNN. We also believe that
this has exciting implications for scaling laws with RNNs. We see a similar trend with a randomly
initialized transformer as the guide network, implying that architectural priors in the transformer are
driving improvement in guided network performance.

Image Classi cation: Guidance boosts validation accuracy by 5-10% across our Deep FCN, Wide
FCN, and Deep ConvNet; see table 3. We also observe signi cantly better loss curves from a better t
with the training loss and reduced over tting with the validation loss. An untrained ResNet-18 guide



Figure 2:Training and validation under guidance for all experiments reported in table 1 For every result
in Table 3 and Table 2, we show the training and validation loss with error bars across multiple runs, although
these are often too small to see. Note that often the best results occur with the untrained guide.

Figure 3:Guidance aligns error consistency The relationship between the guide networks is mirrored in that
of the guided networks, even when the target is entirely unlike the guides initially. This is additional evidence
that guidance doesn't just improve performance arbitrarily; the target becomes more like the guide.

outperforms its trained counterpart on Deep FCN, underscoring pure architectural priors like with
copy-paste. For example, the Deep FCN results in the top left of g. 2 are signi cantly better with a
randomly initialized ResNet-18 as the guide network instead of a trained ResNet-18. This trend also
occurs with Wide FCN. We show results with other neural distance functions in appendix J.

The Deep ConvNet (no skips) gains only from a trained ResNet-50 guide—implying residual con-
nections require learned weights to shape representation. This explanation provides an additional
interpretation for the role of residual connections and their in uence on the representation space.
This indicates that residual connections must be trained to have an in uence on the representation
space. This aligns with prior studies of residual connections [39, 32].

Error Consistency: Guided FCNs mirror the ResNet-ViT error overlap, proving they inherit the
guide's decision patterns. Using Deep FCN as our target model, we guide it with a ResNet-18 or a
ViT-B-16 [21]. We then measure the error consisterz§] pbetween all of the networks; see g. 3.

The error consistency between the initial FCNs is entirely unlike the ResNet-18 or ViT-B. Guidance
creates two FCNs which have the same relationship to one another. The ResNet-18-guided FCN
and ViT-B-guided FCN have the same error consistency with respect to one another as ResNet-18
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