




(surface) resamplings were performed using mri vol2surf (FreeSurfer).294

2.6. Regions of Interest295

We extracted blood oxygenation level-dependent (BOLD) signal at spe-296

cific regions of interest (ROIs) along the auditory pathway: cochlear nucleus297

(CN), superior olivary complex (SOC), inferior colliculus (IC), medial genic-298

ulate nucleus (MGN), Heschl’s gyrus (HG), planum temporale (PT), planum299

polare (PP), superior temporal gyrus anterior portion (STGa), and superior300

temporal gyrus posterior portion (STGp). We used the subcortical region301

definitions from the atlas recently published by Sitek et al. (2019)4. Corti-302

cal regions were defined using the Harvard-Oxford parcellation included in303

FSL 5.0 and accessed through nilearn 0.5.2 (Abraham et al., 2014). ROI304

definitions included both left and right hemispheres. A simple General Lin-305

ear Model (GLM) sound vs no-sound contrast was calculated using nistats306

0.0.1b1 to select cortical voxels that respond to sound for subsequent anal-307

ysis. Nilearn’s NiftiMasker was used to extract multi-voxel activity from308

each of the ROIs. The masks for the cortical regions took the intersection309

with the subject’s brain mask, as prepared by fMRIPrep, and the map of sig-310

nificant (p < .05 uncorrected) voxels in the sound vs no-sound contrast. To311

improve the signal-to-noise-ratio (SNR), the NiftiMasker detrended, stan-312

dardized, and removed confounding variables (as calculated by fMRIPrep313

4Due to the small size of CN and SOC and the difficulty of inter-subject alignment

of the brainstem, we cannot be completely certain that the activity we extracted truly

corresponds to activity in these small brainstem regions. However, the participants in the

present study were also participants in the auditory fMRI sessions reported in (Sitek et al.,

2019), providing some assurance that these region definitions are reasonable.
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and described above).314

2.7. Convolutional Neural Network Activations315

The convnets analyzed here are a subset of those analyzed in (Thomp-316

son et al., 2019a). All networks were trained to perform context-dependent317

phone (triphone) classification. Here we look only at the nine freeze-trained318

networks, which outperformed all other models in Thompson et al. (2019a).319

These nine networks consisted of three monolingual networks for each of320

the three languages (English, Dutch and German) and six transfer networks321

which were first trained on one language and then freeze-trained on another.322

In all cases, all parameters were updated for 100 epochs and then the net-323

works were freeze-trained for an additional 100 epochs. Freeze training refers324

to the procedure by which layers are gradually removed from the set of train-325

able variables over the course of training and in order of depth. Previous326

work has shown that freeze training can speed up training (Raghu et al.,327

2017) and facilitate transfer across related tasks (Thompson et al., 2019a).328

All networks were of identical architecture and consisted of nine convolu-329

tional layers followed by three fully connected layers. The layers were as330

follows, where triplets specify the filter size and number of feature maps in331

each convolutional layer and the singletons specify how many units in each332

fully connected layer: (7, 7, 1024), (3, 3, 256), (3, 3, 256), (3, 3, 128), (3, 3,333

128), (3, 3, 128), (3, 3, 64), (3, 3, 64), (3, 3, 64), (600), (190), (9000). The334

input data were 45-dimensional mel-frequency filterbank features calculated335

at a rate of one frame every 10 ms.336

For every network, the activation in response to the original (unquilted)337

speech stimuli was recorded. For convolutional layers, the average activation338
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within each feature map was recorded. For fully connected layers, the acti-339

vation at each unit was recorded. Only the activation in response to every340

second frame of the audio features was saved. Subsequently, the network341

activations were segmented according to the same phonetic boundaries and342

were quilted according to the same segment order that was used when gen-343

erating the experimental stimuli. This produced 180 sequences of network344

activations for each network, corresponding the 180 speech quilts presented345

in the scanner.346

2.8. CKA Similarity Analysis347

CKA is a matrix correlation method, similar to representational similar-

ity analysis (RSA) or canonical correlation analysis (CCA). CKA takes two

matrices X and Y as input: in this case, one for the BOLD responses and

one for the convnet responses to the same stimuli. CKA can be expressed as

a normalized version of the Hilbert-Schmidt Independence Criterion (HSIC)

(Cortes et al., 2012).

CKA(K,L) =
HSIC(K,L)

HSIC(K,K)HSIC(L,L)
(1)

where Kij = k(xi,xj) and Lij = l(xi,xj) correspond to two kernels. Gretton

et al. (2005) proved that HSIC converges to the population value at a rate

of 1/
√
n. The standard HSIC varies between 0 and 1 where 0 indicates

independence between X and Y . When using a linear kernel, CKA is simply:

CKA(X, Y ) =

∥∥Y >X∥∥2

F

‖X>X‖2F ‖Y >Y ‖
2
F

(2)

which is equivalent to the RV-coefficient (Robert and Escoufier, 1976).348
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Here we calculated CKA with a radial basis function (RBF) kernel and349

an unbiased estimator of the dot product similarity. The choice of the RBF350

kernel is based on several preliminary network-to-network and brain-to-brain351

comparisons where the representational hierarchy is known. As described in352

the Supplemental Material, RBF CKA was most sensitive to the represen-353

tational similarities of interest. To make CKA less biased, the dot product354

stimilarity in the standard CKA is replaced with the unbiased HSIC, as de-355

scribed in Song et al. (2007) and as implemented in the Google colab that356

was released with Kornblith et al. (2019). This unbiased RBF CKA metric357

varies between -1 and 1.358

The matrices X and Y to be compared must have the same number of359

rows, corresponding to time points or observations, but can differ in the num-360

ber of columns, corresponding to voxels or units. Since the temporal rate of361

fMRI is much slower than that of our acoustic features, temporal rescaling362

and alignment is required. The preprocessed BOLD timeseries from each363

ROI and each run were upsampled to match the frame rate of the network364

activations (one frame every 20 ms) using pandas (McKinney, 2010, 2011).365

This strategy allowed us to preserve the temporal resolution of the network366

activations without need for summary or binning. The quilted network ac-367

tivations were then aligned to the corresponding BOLD timeseries, setting368

timepoints when no stimulus was presented to zero. Since the timing of the369

experimental runs and the stimuli presentation order was different for each370

subject, this resulted in one matrix per subject per run for each layer of each371

convnet.372

The Glover model of the hemodynamic response function (HRF) (kernel373
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length=32 seconds), as implemented in nistats 0.0.1b0, was convolved with374

the network activations. We extracted and concatenated only the time seg-375

ments corresponding to the blocks of continuous auditory stimulation from376

both the fMRI and network activity. The first six seconds of each block were377

excluded from the analysis to allow for the HRF to ramp up. Thus, the to-378

be-analyzed fMRI activity does not include the on/off response at the onset379

of the stimulus blocks. Responses to each block were trimmed to exactly380

8599 frames, which, when concatenated, resulted in matrices with 515940381

rows for both the fMRI and neural network activity. CKA similarity was382

then calculated for all ROI-layer pairs383

2.8.1. Neural similarity score384

To quantify the similarity between a given ROI and network layer, we

also calculate the CKA similarity between each ROI and the layers of an

untrained network. This untrained network has the same architecture as the

trained models, but its parameters have been randomly initialized and never

updated. If training has increased the correspondence to the brain, the CKA

scores for a trained network should be greater than that of the untrained

network. We capture the effect of training on similarity by calculating the

difference of standardized CKA scores between a trained network of interest

and an untrained network, which we refer to here as the neural similarity

score for brevity. Within each subject, the CKA scores are standardized

using the mean µs and standard deviation σ2
s calculated over all models and

ROI-layer pairs. The CKA scores of the untrained network are standardized

using the same mean and standard deviation. The neural similarity score φs
m

is a difference of z-scores which reflects the similarity achieved by model m
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in subject s relative to the untrained model.

φs
m =

ckam − µs

σ2
s

− ckauntrained − µs

σ2
s

(3)

Thus a neural similarity score of 1 indicates that the similarity achieved by385

the trained model is 1 standard deviation greater than that achieved by the386

untrained network. As previous work has shown, it is crucial to compare387

trained networks to a random network to verify that the observed similarity388

can be attributed to the optimization and is not inherited from the similarity389

of the input features and/or architecture alone (Kell et al., 2018, Cadena390

et al., 2019).391

3. Results392

We calculated the CKA similarity for each network, subject, and ROI-393

layer pair. The results of these analyses can be summarized in similarity394

matrices whose rows correspond to layers of a network and whose columns395

correspond to the auditory ROIs. Figure 1 shows the grand mean similarity396

matrix (left), the mean similarity matrix for the untrained network (middle),397

and the mean neural similarity score matrix (right). Training increased net-398

work similarity to the auditory ROIs, as evidenced by the fact the the neural399

similarity scores for the trained layers are all positive (Figure 1c). However,400

we find no evidence of a shared hierarchy, which would manifest itself as401

a diagonal pattern of high neural similarity scores where shallow layers are402

more similar to early ROIs and deeper layers are more similar to later ROIs.403

This hypothesized diagonal pattern also does not occur in the raw CKA sim-404

ilarity scores, neither for the trained nor untrained networks (Figure 1a–b).405
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Instead, for all ROIs, the first fully connected layer (fc1) achieves the highest406

raw CKA similarity and the highest neural similarity score. This pattern407

does not occur in the similarity matrix for the untrained network, suggesting408

that it was introduced by training and not by the architecture.409

(a) Trained (b) Untrained (c) Neural Similarity Score

Figure 1: Grand Average Similarity. No shared representational hierarchy is observed.

(Left) Raw CKA similarity averaged over participants and networks. (Middle) Raw

CKA similarity for the untrained network, averaged over participants. (Right) Neural

similarity score averaged over participants and networks. The similarity matrix contains no

negative values, showing that training increased correspondence, but there is no diagonal

pattern to indicate a shared hierarchy. Instead, for all ROIs, the first fully connected layer

(fc1) is most similar.

We calculated the average neural similarity score matrix for each net-410

work to investigate how the different training curricula would affect the cor-411

respondence. Figure 2 displays nine similarity matrices arranged in a grid.412

The monolingual models, which were only ever trained on one language, are413

along the diagonal of the grid. The off-diagonal matrices correspond to the414

transfer networks which were first trained on one language and subsequently415
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freeze trained on another. The patterns observed in the grand average are416

largely replicated in the network-specific similarity matrices. Layer fc1 gen-417

erally achieves high neural similarity scores and none of the networks show418

any clear evidence for a shared hierarchy. The neural similarity score for419

layer fc2 is near or below 0 for the monolingual networks but well above zero420

for the transfer networks. Receiving training on two languages rather than421

one increased the correspondence between layer fc2 and the auditory ROIs.422

We hypothesized that the differences between models observed in Figure 2423

may be related to the models’ accuracy on the phone classification task on424

which they were trained. In Figure 3, we plot the peak neural similarity score425

as a function of triphone classification accuracy. The lines show the linear426

regression fit for each language-subject pair. All slopes are positive, indicat-427

ing a positive relationship between model accuracy on the speech recognition428

task and the peak similarity with the human auditory pathway.429

4. Discussion430

Our experimental results clearly demonstrated that training our convnets431

on the triphone recognition tasks increased their representational similarity432

to the collected auditory fMRI activity. This demonstrates that our experi-433

mental design and analysis was sufficiently sensitive to reveal training-related434

effects on representational similarity. However, unlike the previous results of435

Kell et al. (2018) and Güçlü et al. (2016), this similarity did not manifest in436

a pattern of shared hierarchy; shallower layers were not most similar to early437

regions and deeper layers were not more similar to later regions. Instead, the438

first fully-connected layer, fc1, achieved the highest similarity score across all439
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Figure 2: Average Neural Similarity Score. Each similarity matrix shows the effect of

training on CKA similarity averaged over the six participants. The subtitles of the form

“Language 1 to Language 2” indicate that the network was first trained on Language 1

and then freeze trained on Language 2. Training generally increased the correspondence

between brain and networks. Layer fc1 shows the highest neural similarity score and there

is little evidence for shared hierarchy (no diagonal pattern). In some layers of certain

networks, training did not affect or actually reduced the ROI-layer similarity (shown in

white and blue). Layer fc2 yields greater neural similarity for the networks that were

trained on two languages, which also performed better on the triphone recognition task.
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Figure 3: Peak Neural Similarity Score vs Model Accuracy. There are nine points

per subject for the nine different network models. Lines show the linear regression fit

to the three models (one monolingual and two transfer) for each language and subject.

Triphone classification accuracy indicates the top-1 test accuracy achieved by each model.

For all language-subject pairs, there is a positive relationship between model accuracy

and the correspondence to the human brain. However the effect is largest for the German

models, owing to the lesser neural similarity score for the German monolingual model.

Parenthetical in the legend indicate the native language of each subject. The regression

statistics are reported in the Supplemental Information.
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ROIs, followed by the second fully-connected layer, fc2.440

This apparent discrepancy may be best explained by reference to the dif-441

ferent cost functions employed and stimuli classes presented. In fact, our re-442

sults are not inconsistent with previously reports of shared hierarchy. Rather,443

our work constitutes a stricter test of the shared hierarchy hypothesis and444

our results suggest the limits of such claims. While we focused specifically445

on the purely acoustic transformations between spectrogram features and446

triphones for exclusively speech stimuli, both Kell et al. (2018) and Güçlü447

et al. (2016) trained networks on tasks at a higher level of abstraction such448

as word and musical genre recognition and used on a wide variety of natural449

sounds, effectively analyzing a broader span of auditory features from low-450

level spectral features up to high-level semantic categories. Recall that the451

primary evidence of shared representational hierarchy in Kell et al. (2018)452

was a relatively coarse grain distinction between primary auditory cortex,453

which was better predicted by shallower layers and secondary auditory cor-454

tex, which was better predicted by deeper layers. It is possible that we may455

have also found a similar distinction had we trained our networks to rec-456

ognize words. Future work will need to continue to probe the granularity457

of any shared representational hierarchy, for example by testing the shared458

hierarchy hypothesis on subsets of network layers.459

There is a large diversity of experimental design and analysis approaches460

employed for the evaluation of representational models. We were inspired by461

previous fMRI studies which used continuous acquisition during continuous462

stimulation, for example natural movies, as in the studyforrest dataset. It’s463

been shown that single trial (i.e. without repetition) measurements during464
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movie watching contain sufficient information to train successful decoding465

models (Hu et al., 2017) and that functional alignment across subjects based466

on such single trial measurements can improve decoding performance rela-467

tive to single-subject decoding (Haxby et al., 2011, Bazeille et al., 2020).468

Experimental designs of this type sacrifice reliable responses to individual469

conditions in favor of maximizing the diversity of stimuli presented (which470

aids generalization) and the number of brain volumes collected. Similarity471

analyses like CKA benefit from a large number of observations differently472

than a classical GLM contrast analysis where a robust, reliable response to a473

small number of conditions is most important. In this way, the optimal design474

for a similarity analysis may be similar to that of functional alignment. In475

order to align two representational spaces, either between two brains or be-476

tween model and brain, the stimulus trajectory should maximally explore the477

stimulus space of interest. This is why we opted for a continuous stimulation478

paradigm and approximately two hours of unique speech stimuli, in contrast479

to previous studies which presented a much smaller number of sounds and480

analyzed responses averaged over several repetitions. A systematic compari-481

son of different experimental design and analysis methods is needed to tease482

apart the effect of such choices.483

We found that all layers were most similar to fc1 on average. Kell et al.484

(2018) similarly found that the median variance explained across auditory485

cortex was maximal at deep but not the deepest layers. This common486

observation may be related to the notion of dimensionality expansion and487

compression in DNNs. Recent work describes a two-stage process by which488

trained DNNs perform a task. The first stage, which might be call ‘fea-489
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ture extraction’, is characterized by increasing intrinsic dimensionality (di-490

mensionality expansion) in the early layers of the network. The second,491

dimensionality compression, is characterized by decreasing intrinsic dimen-492

sionality in the last layers of the network, as the network projects the data493

to a low-dimensional manifold from which the target can be linearly decoded494

(Recanatesi et al., 2019, Ansuini et al., 2019). Our layer fc1 may be the last495

‘expansion’ layer before the ‘compression’ of the final layers. From Thompson496

et al. (2019a), we know that layer fc1 is at the barrier between the interme-497

diate layers which are largely transferable between languages, and the final498

layers which are highly task specific. In Thompson et al. (2019b), layer fc1499

was the deepest layer to show a high degree a similarity in networks trained500

on different languages. The last layers of networks trained on narrowly de-501

fined tasks such as triphone recognition may simply learn representations502

that are more task-specific than any representations employed by the hu-503

man brain, whose ultimate goal during speech listening is typically natural504

language understanding, not phoneme recognition. However, fc2 was also505

found to be relatively similar, but only for the models which were trained506

on two languages rather than one. These networks benefited from twice the507

amount of training data as the models trained on only one language and dis-508

played superior generalization as a result. Our analysis revealed that these509

more generalizable, less language-specific penultimate representations were510

also more similar to activity in the auditory brain.511

Alternative architectures, cost functions, training procedures, or measure-512

ment modalities may be required to achieve a layer-to-ROI correspondence for513

low-level acoustic speech features. Given the low temporal-resolution of fMRI514
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and the temporal nature of sound, incorporating faster measurements such as515

electroencephalography, magnetoencephalography, or electrocorticograpahy516

may reveal common patterns that cannot be detected with fMRI. Future517

work may want to explore non-convolutional model architectures as there518

are a number of reasons why convnets may not be ideal architectures for519

audio spectrogram features. Auditory objects display differently in spectro-520

grams than visual objects in images. In particular, auditory objects tend to521

be less local than visual objects; the part of the spectogram corresponding522

to a particular sound object is often distributed across several frequencies523

and time points. Additionally, auditory objects do not occlude each other524

as visual objects in images do. Instead, overlapping auditory objects in a525

spectrogram will combine additively. In this way, the inductive bias of con-526

volutional filters is less appropriate for traditional spectrogram-like features527

(Wyse, 2017) and thus perhaps less likely to yield brain-like representations.528

Recurrent or autoregressive architectures, which have been very successful in529

audio synthesis (Oord et al., 2016), may be ideal candidates to investigate in530

future work.531
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