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Decision Letter, initial version: 
17th August 2020 
 
Dear Dr Storrs, 
 
Thank you once again for your manuscript, entitled "Unsupervised Learning Predicts Human Perception 
and Misperception of Gloss", and for your patience during the peer review process. 
 
Your Article has now been evaluated by 3 referees. You will see from their comments copied below 
that, although they find your work of considerable potential interest, they have raised quite 
substantial concerns. In light of these comments, we cannot accept the manuscript for publication, but 
would be interested in considering a revised version if you are willing and able to fully address 
reviewer and editorial concerns. 
 
We hope you will find the referees' comments useful as you decide how to proceed. If you wish to 
submit a substantially revised manuscript, please bear in mind that we will be reluctant to approach 
the referees again in the absence of major revisions. We are committed to providing a fair and 
constructive peer-review process. Do not hesitate to contact us if there are specific requests from the 
reviewers that you believe are technically impossible or unlikely to yield a meaningful outcome. 
 
In the revision of your manuscript, we ask you to focus on two editorial priorities. 
First, you must strengthen the base of evidence for your results, responding to methodological 
concerns raised by Reviewers #2 and #3 through further analysis. Second, we ask that you respond 
to the list of issues raised by Reviewer #3 (primarily points 1-5), carefully revisiting how you describe 
the contribution of your work and ensuring that competing and previous accounts receive a fair 
treatment. As a general principle, any overstatements and novelty claims must be avoided. 
 
 
Finally, your revised manuscript must comply fully with our editorial policies and formatting 
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requirements. Failure to do so will result in your manuscript being returned to you, which will delay its 
consideration. To assist you in this process, I have attached a checklist that lists all of our 
requirements. I have also attached a template manuscript file that exemplifies our policies and 
formatting requirements. If you have any questions about any of our policies or formatting, please 
don't hesitate to contact me. 
 
If you wish to submit a suitably revised manuscript we would hope to receive it within 6 months. We 
understand that the COVID-19 pandemic is causing significant disruptions which may prevent you 
from carrying out the additional work required for resubmission of your manuscript within this 
timeframe. If you are unable to submit your revised manuscript within 6 months, please let us know. 
We will be happy to extend the submission date to enable you to complete your work on the revision. 
 
With your revision, please: 
 
• Include a “Response to the editors and reviewers” document detailing, point-by-point, how you 
addressed each editor and referee comment. If no action was taken to address a point, you must 
provide a compelling argument. This response will be used by the editors to evaluate your revision 
and sent back to the reviewers along with the revised manuscript. 
 
• Highlight all changes made to your manuscript or provide us with a version that tracks changes. 
 
Please use the link below to submit your revised manuscript and related files: 
 
[REDACTED] 
 
<strong>Note:</strong> This URL links to your confidential home page and associated information 
about manuscripts you may have submitted, or that you are reviewing for us. If you wish to forward 
this email to co-authors, please delete the link to your homepage. 
 
Thank you for the opportunity to review your work. Please do not hesitate to contact me if you have 
any questions or would like to discuss the required revisions further. 
 
Sincerely, 
 
Marike Schiffer 
 
Marike Schiffer, PhD 
Senior Editor 
Nature Human Behaviour 
 
 
Reviewer expertise: 
 
Reviewer #1: Visual perception, DNNs 
 
Reviewer #2: Visual perception, DNNs 
 
Reviewer #3: Visual perception, DNNs 
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REVIEWER COMMENTS: 
 
Reviewer #1: 
Remarks to the Author: 
This paper explores how unsupervised deep learning models, specifically PixelVAE can explain and 
predict human gloss perception. It reports 4 different experiments, comparing behavioural data and 
model data, using different models as references and baselines. 
 
Comparing DNNs to human behaviour is a very popular and active research area. In visual perception, 
it is more common to study object recognition. I find that studying lower level feature perception is 
very relevant, and in particular glossiness. 
 
I find the paper to be very clear, and I enjoyed reading it. In particular, the different computational 
experiments, and how unsupervised DNNs can predict human behaviour better than supervised DNN 
in glossiness prediction and other supervised DNNs on object or texture recognition. 
 
It’s interesting that the object features show less error than the supervised model on glossy images. It 
could be because the supervision is too narrow, only 2 labels. Also that object DNN features are better 
than texture features. I’m curious to know more about the authors insights about this. 
For instance, for experiment 1, why not compare to a model that has been trained on ground truth 
glossy ratings from 1 to 6, instead of high and low gloss only? 
 
 
The naming of the experiments, experiment 1-4 is a bit confusing and hard to follow in the text and 
relate them in the figures. A suggestion could be to use more meaningful names for them. Maybe 
adding a feature with a methods summary for each of the experiments, or a brief summary for each of 
them in results would be helpful. 
 
Minor comments: 
10 instances of the models, means that that they only differ in the initialisation weights? It is not clear 
when first introduced. 
 
 
 
Reviewer #2: 
Remarks to the Author: 
Summary: 
Storrs and Fleming show that PixelVAE trained on images of naturalistic textures learns an 
unsupervised representation that disentangles image properties (such as gloss, light field, and surface 
relief) and predicts human gloss perception judgements on a per-image basis better than a variety of 
strong controls. 
 
 
Comments: 
 
I think this paper is excellent. It very clearly and beautifully exemplifies the type of careful model-
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comparison that I think is the most informative way to approach questions in our field going forward. I 
think the paper: (1) addresses an interesting problem, (2) is written clearly, and (3) achieves well-
motived and convincing results. [NB: I have also reviewed a previous version of this paper. I thought 
it was very good then, and worthy of publication. It is *significantly* stronger now.] I am highly 
positive on publication of this paper. 
 
 
The work is especially good at including many important control models to compare to PixelVAE. In 
some ways, the key strength of this paper is the fact that so many real (as opposed to strawman) 
controls are shown. Bravo! 
 
Why do I care about these controls so much? It's because the main piece of evidence that shown here 
that PixelVAE is an advance over previous unsupervised visual models, is a fairly unusual thing: 
consistency with human judgements on glossiness. That's not an observable that has previously been 
established as useful for measuring correctness of a model of visual representation. Frankly it seems 
kinda weird and a little bit idiosyncratic. I could imagine readers asking "Why did you choose to study 
glossiness? Why not something other more useful visual property such as shape or contrast?" I think 
the authors have made some good conceptual arguments for justifying this choice of observable. But 
they've actually done something stronger. Given that the authors show that across a wide range of 
strong controls, one model model is a significantly better account of their chosen observable than all 
the others, that *by definition* makes their chosen observable a good test of model correctness. In 
other words, the way we know if an observable is strong is by how well it separates bad vs good vs 
really good models of the human visual system. To my understanding, the authors here don't really 
care about "glossiness" as such as an endpoint, but rather have alighted on it as a quantitatively 
characterizable feature of the human visual system that serves benchmark for model comparison 
(maybe the discussion could make this a little more explicit?). To the extent that they have the widest 
possible range of comparison models and show that their glossiness observable differentiates between 
these models, the more convincing this result is. I think what they've done is pretty convincing. 
 
One small concern (with two related instantiations): 
 
-- I'm slightly worried about how some of the results might be dependent on various hyperparameters 
of the architectures and training procedures used. For example, training hyperparameters such as 
batch size, learning rate, etc. For example, the gloss-supervised resnet was trained with "batch size of 
32 and a learning rate of 0.001" (though it is not said how the learning rate was decreased during 
training -- this is an important detail that should be included). Were these varied at all? It has been 
my experience (and than of many others) that things such as these little details can matter a lot in the 
final performance of a network. Typically, it's a bit dicey to make a comparison between one type of 
network (PixelVAE) and another (e.g. gloss-supervised resnet) without doing a hyperparameter search 
to ensure that good values of these parameters have been chosen for each network type. One doesn't 
want to unfairly tip the scales toward one class of networks by having chosen better hyperparaterms 
for it than for the comparison class. It would be great if the authors could do something to address 
this concern. 
 
-- A similar concern arises w.r.t. layer of readout. It's not obvious that the "right" layer to read out 
gloss predictions is at the last layer of the deep network. It might be the case that good 
representations for those things exist in an early layer, especially for a network that's trained for a 
meaningful semantic task such as categorization. I could easily imagine doing a dimension reduction 
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at an intermediate layer and then learning SVMs (or whatever readout mechanism is used) 
downstream from that. If the authors could do something to evidence robustness of their results to 
this choice that would be great. 
 
 
 
Reviewer #3: 
Remarks to the Author: 
This beautiful paper demonstrates that a deep neural network (DNN) can learn to mimic human 
perception of surface glossiness, without being taught explicitly via human-labelled examples of 
glossiness or physical parameters. In this sense the DNN is “unsupervised”. Instead the DNN implicitly 
learns glossiness by aiming to compress images into more efficient descriptions and to produce new 
images using that efficient code. The analysis suggests that human perception of “gloss” is determined 
by image statistics not by reconstruction of ground truth physical properties. 
The study is thoroughly done, and its components clearly described, with helpful compact figures. It is 
a pleasure to read, and hard to find areas for improvement. 
My “But” follows now. The “But” is related to the big idea wrapping it all. The idea is that the success 
of this unsupervised network in mimicking gloss perception and disentangling physical image-
formation features in its latent code demonstrates a radical step forward in understanding of human 
vision. The idea is pitted against “inverse optics” (a bit of a straw man here) by claiming that the 
latter requires that the human visual system have access to the ground truth of the physical world it is 
trying to recover. The big idea set out here as new is that the brain can learn what is in images only, 
not what is in the world, because the visual system can access only images of the world, not the world 
itself. I do like the way the paper demonstrates the idea via a comprehensive DNN model of gloss 
perception. But the claim for its newness is a stumbling block for me. 
A little more on why the claim seems overdone, with implicit suggestions as to how to soften it: 
1. The notion, that the statistical regularities within the images – the spatial variation of RGB pixel 
values within individual images and across populations of images – carry information about the 
physical scene that gave rise to the image, is not new. It informs many “mid-level” classes of models 
of visual perception, and especially for gloss perception (Refs 80 and 81 in the paper, e.g.). The new 
idea is that it is the image statistics that the visual system is trying to learn, not the properties of the 
physical scene that gave rise to it. 
Yet the inverse optics approach is also firmly tied to image statistics through estimating likelihoods 
that given physical scenes give rise to observed images, conditioned on prior assumptions , or natural 
constraints. The prior assumptions represent the prior probabilities of physical properties that give rise 
to the scene. These probabilities are also embedded in and would also be derivable from the DNN 
trained here. The DNN is trained on spatially smoothly varying bumps, with uniform body surface 
reflectance and varying specular reflectance, under a fixed collection of light fields. The probabilities of 
pixel values will map onto those probabilities of surface parameters. It’s that complex mapping which 
the analytical framework of “inverse optics” models attempt to describe. The DNN learns the mapping 
more thoroughly, and embeds it in its multiple layers. But it still means that the DNN is encoding the 
mapping, at the heart of which is the notion that a physical scene generates the image. At a brass 
tacks level, this isn’t different from the notion that a physical scene generates an image, which is at 
the heart of the “inverse optics” approach. 
Put another way: The inverse optics approach isn’t a model of development but a description of the 
mapping between scene and image. The DNN is also a description of the mapping between scene and 
image, and also does not provide a model of how the visual system develops this mapping. As noted 
in the discussion, the network architecture is not a physiological simulation. The key notion is that 
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compressing the image statistics information into fewer dimensions via efficient coding leads to 
features within which specular reflectance, lighting direction, etc are parametrised. In my view, this 
key notion is not qualitatively different from our understanding that human gloss perception is related 
to the mapping between physical scene parameters and image pixel value variations. 
2. Neither approach provides a testable hypothesis as to how the human visual system learns the 
mapping, in neural development. Both provide – at different levels of comprehensibility – an existence 
proof that the mapping depends on the constraints of the environmental input. The DNN is less 
comprehensible than an analytic summary. In this sense, the DNN is perhaps less informative than, 
e.g. the descriptions derived in mid-level models such as Ref 16, because the DNN’s latent code is 
more black-box like. 
3. The fact that in image formation confounds arise between lighting, shape and specular reflectance 
is already known. Where these unknowns are inherently confounded in the known image intensity 
values, no computational model, human or DNN is able to disentangle them. The confounding is a 
prior property, not one that emerges from unsupervised learning. So I disagree with the final 
statement of the Discussion that “unsupervised learning may account for failures of constancy” and 
would instead suggest that “loss of information in the image generation process” may account for 
failures of constancy. I might also rewrite the sentences in lines 28-32 as “Via extracting summary 
statistics, unsupervised deep learning achieves decomposition of image information into distinct 
physical causes.” 
4. The failure of the DNN to predict the human inability to see gloss when highlights do not align with 
surface geometry (as depicted from other visual cues) is significant. This failure calls into question the 
meaning of the model in separating surface relief from material properties. The organisation of surface 
relief in the latent code is likely a result of the organisation of second-order parameters such as 
coverage, sharpness and contrast. As surface relief smoothly varies in a connected surface the spread 
of highlights will also vary in a regular way. 
In this sense the DNN isn’t doing (or proving that the human visual system does) something 
qualitatively different from what the inverse optics models (or previous analyses of glossiness 
perception) but only doing it quantitatively better, by putting more muscle into the predictive model. 
5. Another way to describe the goal of the paper is that it seeks to explain why the specular 
reflectance of materials alone does not predict glossiness perception perfectly. The answer isn’t 
contained here. The DNN reproduces errors – in predicting that humans would perceive glossiness 
where specular reflectance is low and vice versa - but doesn’t explain why it or the human makes 
these “misperceptions”. In this sense, the DNN does not reveal anything fundamental about human 
vision that’s not already known. 
 
The above comments are not meant to downplay the importance of the construction of the DNN itself 
and the experiments in which its performance are compared with human perceptual behaviour. 
Neither are the following. I apologise that they are not in chronological order. 
 
Specific comments on methodology: 
6. Generalisability: Although a massive number of images were generated to train the DNN and the 
other networks with which it was compared, these images were nonetheless of a very restricted world: 
a patch of bumpy terrain, uniform in diffuse and specular reflectance across its surface, varying only in 
heights of bumps, and not much in cross-sectional circumference of bumps, and always viewed from 
directly above. Even with a large variation in camera angle and location, combined with 6 possible 
illuminations, the generative scenes are limited in scope. So the question arises as to how the DNN 
would do on images of other sorts of scenes with specular scenes? The question is whether the 
emergence of the material/lighting disentanglement in the DNN is a special case that results from the 
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constrained nature of the image generation process. This question is fairly well addressed by the tests 
summarised in Figure 7 and supp Figure 4. But the photographs seem specially chosen to resemble 
the original training images (front-parallel view, limited surface relief). It would be helpful to see more 
analysis of where and how the network fails. 
7. In Experiments 1,3, and 4: are the images used in these experiments generated in the same way 
as for the main training set (i.e. from the original 6 HDRIs, and the original bimodal specular 
reflectance component distributions, and surface relief parameters)? And, therefore, for the 
comparison of the three PixelVAE DNNs, the images used were all from the main training set? I.e. 
none of the novel geometries or novel light fields were used to generate the images used in 
Experiments 1,3, and 4? Please clarify this in the manuscript. 
One reason I ask this is because some of the novel geometries in Figure 7A I find very hard to read in 
terms of glossiness. It would be interesting to know what whether in these cases the glossiness 
predicted by the original PixelVAE model (or indeed one of the other two Pixel VAE models) agree with 
human perception of glossiness in these images. 
8. The network is trained to summarise a training set of images by “probabilistic distributions of pixel 
values that captured the structure and variability in and across the training images across all spatial 
scales” and then to “generate plausible novel samples from that visual world”. It does so with two 
streams: the ‘conditioning’ network and the ‘autoregressive’ stream. It’s the former that encodes the 
images into a 10D latent code, and this is the code that’s used to test the success of the network in 
experiments 1,3 and 4. 
My question: Does the autoregressive network feed into the conditioning stream and influence the 
development of the 10D latent code? It appears to in Figure 1, but this is not clear from the methods, 
or from the main text. It is not clear whether the success of the network in predicting gloss and gloss 
constancy (i.e. specular reflectance or human perception) depends only on the latent code, or on the 
spatial probability distribution learned by the autoregressive stream. The autoregressive stream is 
clearly necessary for generating new images, e.g. as used in Experiment 2, but it is not clear whether 
it is necessary for the other tests. In several places throughout the manuscript, it’s said that the 
success of the network depends on its two learning objectives – data compression and spatial 
prediction – but I am left wondering how essential the second learning objective is to the success 
demonstrated in experiments 1,3 and 4. These experiments depend on gloss ratings derived from an 
SVM classification via the 10D latent code only. 
9. The related question is to what do the learning objectives of the unsupervised model correspond, in 
human development? Since the question is posed as to why or how a supervised training would get its 
supervision, we should ask the equivalent question of the unsupervised model. Why or how would the 
unsupervised model set its objectives in this way? The unsupervised human visual system would not 
necessarily need to develop the ability to synthesise novel images, but it might indeed wish to develop 
optimal encoding strategies, given physical limitations on neural mechanisms. Therefore, the balance 
between optimal encoding vs. ability to generate novel images might need some restating. 
10. P5 line 10: “As models of human gloss perception, it is unclear from where the necessary training 
labels could come.” The statement implicitly refers to human development. I believe that, as stated 
earlier in the introduction, the idea is that a developing visual system would not be able to employ 
information from other senses as to the physical properties that give rise to gloss. The implication is 
that this problem is specific to gloss perception. But for learning of visual categories more generally, it 
remains a problem to determine how the supervised learning takes place in development. And the 
simple answer, that the supervision comes from other humans providing the training labels, would 
equally apply well to gloss perception. 
11. The ability of the DNN to predict human perception of glossiness in synthetic (rendered) images 
was compared with at least 6 other models; a hugely commendably thorough approach. Importantly, 
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the model was compared with a simpler model based on image statistics, using the single statistical 
measure of luminance histogram skewness. That single measure doesn’t predict human glossiness as 
well as the DNN does, but it seems likely that it contributes, given the previous demonstrations of its 
success in predicting glossiness. Therefore it would help us gain insight into what the DNN is doing if 
we were to see how luminance skewness paints the clusters in the latent code, similarly to the 
physical factors of light angle and light field, for example. Similarly, it would be interesting to see how 
the texture features of Ref 80 paint the clusters. 
12. The Unity3D standard shader: this shader allows the diffuse (body) and specular reflections 
components of a surface to have different properties. It’s not clear from what’s written here whether 
the base color refers only to the diffuse component, and whether the specular reflectance component 
was different, and/or whether it was spectrally flat (whether it varied with wavelength). It’s also not 
clear whether the indirect reflections between the bumps in the images were physically accurately 
modelled. Again, the relevance of this comment is that the model the DNN is learning might be a 
simplified model of the world, constrained by the limitations of the standard shader model used to 
generate the images. 
Minor comments: 
P 18: The last 2 paragraphs (from line 5) describe what must be experiment 4, but it isn’t labelled as 
such. 
P 18:, line 19-21. “.. the arrangement of stimuli in the unsupervised model’s latent space…” This 
sentence needs some unpacking for me. Is the implication that distances between stimuli, as 
measured in the multi-dimensional latent variable space of the DNN, correspond to differences in the 
estimated gloss of pairs of images? If that’s what meant, then this doesn’t, I think, follow directly from 
the data. The human data shows almost no variation in “deviation from constancy” for the positive 
deviations – i.e. a flat horizontal for positive values in Figure 5E – whereas the model predicts values 
with much more variation (from 0 to 10). The human data make the decision look categorical, 
whereas the model makes it look continuous. Thus, the organisation of the DNN’s perceptual space 
appears qualitatively different from the human perceptual space. I might have misunderstood the 
sentence. In any case, it needs to be made clearer what’s mean, and then justified better. 
Figure 7 caption: (A) x-axis and y-axis are cited the wrong way round. (B) “were were” 
 

Author Rebuttal to Initial comments   
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Decision Letter, first revision: 
20th January 2021 
 
*Please ensure you delete the link to your author homepage in this e-mail if you wish to forward it to 
your co-authors. 
 
Dear Dr Storrs, 
 
Thank you once again for submitting your revised manuscript, entitled "Unsupervised Learning 
Predicts Human Perception and Misperception of Gloss," and for your patience during the re-review 
process. 
 
Your manuscript has now been evaluated by our referees, and in the light of their advice I am 
delighted to say that we can in principle offer to publish it. First, however, we would like you to revise 
your paper to address the points made by the reviewers, and to ensure that it complies with our Guide 
to Authors at http://www.nature.com/nathumbehav/info/gta. 
 
Reviewer #3 mentions a number of interesting discussion points. While we fully agree that 
incorporating comments on these issues would broaden the scope of the discussion for expert readers, 
we will leave it at your discretion to decide in how far the discussion would benefit from each 
individual point, keeping both expert readers and our broader audience in mind. 
 
One of the main reasons for delays in formal acceptance is failure to fully comply with editorial policies 
and formatting requirements. To assist you with finalizing your manuscript for publication, I attach a 
checklist that lists all of our editorial policies and formatting requirements. I also attach a template 
document, which exemplifies our policies and formatting requirements. 
 
Please attend to *every item* in the checklist and upload a copy of the completed checklist with your 
submission. I have highlighted in the checklist items that require your attention. I also mention here a 
few points that are frequently missed and can cause delays: 
 
1) Ensure that all corresponding authors have linked their ORCID to their account on our online 
manuscript handling system. This is very frequently missed and invariably causes delays in formal 
acceptance. 
 
2) Ensure that you provide all of the materials requested in the attached checklist and below with your 
final submission. 
 
3) Pay close attention to our guidelines for statistics reporting and interpretation. I have included a 
few examples for where your manuscript does not comply with our guidelines on the attaches 
checklist. 
 
Nature Human Behaviour offers a transparent peer review option for new original research 
manuscripts submitted from 1st December 2019. We encourage increased transparency in peer review 
by publishing the reviewer comments, author rebuttal letters and editorial decision letters if the 
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authors agree. Such peer review material is made available as a supplementary peer review file. 
<b>Please state in the cover letter ‘I wish to participate in transparent peer review’ if you want to opt 
in, or ‘I do not wish to participate in transparent peer review’ if you don’t.</b> Failure to state your 
preference will result in delays in accepting your manuscript for publication. 
Please note: we allow redactions to authors’ rebuttal and reviewer comments in the interest of 
confidentiality. If you are concerned about the release of confidential data, please let us know 
specifically what information you would like to have removed. Please note that we cannot incorporate 
redactions for any other reasons. Reviewer names will be published in the peer review files if the 
reviewer signed the comments to authors, or if reviewers explicitly agree to release their name. For 
more information, please refer to our <a href="https://www.nature.com/documents/nr-transparent-
peer-review.pdf" target="new">FAQ page</a>. 
 
We hope to hear from you within 10 days; please let us know if the revision process is likely to take 
longer. 
 
To submit your revised manuscript, you will need to provide the following: 
• Cover letter 
• Point-by-point response to the reviewers (if applicable) 
• Manuscript text (not including the figures) in .docx or .tex format 
• Individual figure files (one figure per file) 
• Extended Data & Supplementary Information, as instructed 
• Reporting summary 
• Editorial policy checklist 
• Third-party rights table (if applicable) 
• Suggestions for cover illustrations (if desired) 
 
Consortia authorship: 
For papers containing one or more consortia, all members of the consortium who contributed to the 
paper must be listed in the paper (i.e., print/online PDF). If necessary, individual authors can be listed 
in both the main author list and as a member of a consortium listed at the end of the paper. When 
submitting your revised manuscript via the online submission system, the consortium name should be 
entered as an author, together with the contact details of a nominated consortium representative. See 
https://www.nature.com/authors/policies/authorship.html for our authorship policy and 
https://www.nature.com/documents/nr-consortia-formatting.pdf for further consortia formatting 
guidelines, which should be adhered to prior to acceptance. 
 
Reviewer Recognition: 
In recognition of the time and expertise our reviewers provide to Nature Human Behaviour’s editorial 
process, we would like to formally acknowledge their contribution to the external peer review of your 
manuscript entitled "Unsupervised Learning Predicts Human Perception and Misperception of Gloss". 
For those reviewers who give their assent, we will be publishing their names alongside the published 
article. 
 
Forms: 
Nature Human Behaviour has now transitioned to a unified Rights Collection system which will allow 
our Author Services team to quickly and easily collect the rights and permissions required to publish 
your work. Once your paper is accepted, you will receive an email in approximately 10 business days 
providing you with a link to complete the grant of rights. If you choose to publish Open Access, our 
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Author Services team will also be in touch at that time regarding any additional information that may 
be required to arrange payment for your article. 
 
Please note that you will not receive your proofs until the publishing agreement has been received 
through our system. 
If you have any questions please contact ASJournals@springernature.com. 
 
 
Please use the following link for uploading these materials: 
[REDACTED] 
 
If you have any further questions, please feel free to contact me. 
 
With best regards, 
 
Marike Schiffer 
 
Marike Schiffer, PhD 
Senior Editor 
Nature Human Behaviour 
 
 
Reviewer #1: 
Remarks to the Author: 
The authors have addressed all my comments, and made substantial changes to the manuscript that 
makes it a strong submission. For that reason, I recommend its acceptance. 
 
 
 
Reviewer #2: 
Remarks to the Author: 
Thanks for addressing my concerns! I think this paper is ready for publication. 
 
 
 
Reviewer #3: 
Remarks to the Author: 
I thank the authors very much for taking such care to consider and address the first review. The 
response and the revised paper are both a pleasure to read. I enjoy the engagement with the 
important issues of motivation and interpretation, and indeed philosophical viewpoint. The 
computational work (and I like its description as such, as distinct from algorithmic work) is very 
strong, particularly since, as the authors point out so well in their response, yes, there is no good 
analytic inverse optics-type model around that successfully predicts human gloss judgments. I’ve got 
only two minor changes to suggest (in points 7 and 12 below). Otherwise, just comments. 
1-2. Re the responses to points 1 and 2, and the corresponding edits in the paper: I am totally happy 
with these. 
It is a very engaging discussion and one very much worth having, at the heart of understanding 
vision, or at least at the heart of understanding models of vision. Of course I do not disagree that the 
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core question is how the visual system can infer physical properties from the proximal image, and of 
course I recognise that the visual system is not taught a priori what classes and instances of physical 
distal properties exist before it deduces the mapping between these and proximal image variations. 
I agree that the general notion of an “inverse optics” model is too general to help with distinguishing 
between competing models of vision. So I entirely applaud the removal of the claim from the earlier 
version of the manuscript which pitted this specific DNN against inverse optics models. 
In my comparison between the mappings of an inverse optics model – an analytic model that relates 
proximal image variations to distal physical properties – and the mapping learned by the DNN, the 
equivalence I drew was between the mappings once they exist, not between how they are derived. 
The DDN learns the model in an unsupervised way, driven not by the goal to calculate the most likely 
set of predefined physical parameters (e.g. in a Bayesian formulation), but instead to find the most 
efficient code to represent all encountered variations in image pixels. 
3. I like this clarification on predictions of failures of constancy. It’s very helpful. 
4. I agree with the conclusion that the network hasn’t learned to represent 3D shape well most likely 
due to the lack of 3D shape variation in the training stimuli. My point here was that in the latent code 
the model still looks like it’s distinguishing between surface relief and material properties, but in fact it 
might not be. It will be interesting to see how the latent code alters when the network is trained on a 
richer set of shape stimuli. It would also be interesting to know whether a naïve human visual system 
that saw only such impoverished stimuli would behave like this network when confronted with 
unaligned highlights, the argument being here that the reason the network fails to predict this 
particular feature of human gloss perception lies in the difference of visual diet. Not an easy 
experiment to do in humans, but maybe with monkeys? 
5. This response is all very well-argued – thank you. I am just wondering – and this isn’t something 
you need to answer – whether there is any proof that this DNN produces the *most* efficient 
encoding of statistical image structure possible. I.e. does another statistical method exist which 
improves on the DNN? 
6. So the network doesn’t generalise well beyond its training set. That’s not a deal breaker for me, in 
the context of the computational point you are trying to make. 
7. Thanks, I do find these easier to parse perceptually. Would you add into the caption the specular 
reflectance parameter for the particular sample novel images shown in Figure 7A? 
 
8-9. This is a *really* interesting avenue to explore. Excited to hear about further progress you make 
here. 
12. For clarity and technical accuracy, I think you should explicit refer to the diffuse reflectance 
component RGB values, not “base colour” or “colour” as in used in the description of the images on p 
6 (Results). 
The generalisation to outputs of more physically accurate models is nice to see. 
  
 

Author Rebuttal, first revision: 
 
 Editorial checklist comments: 
 
Please always report statistics in full, as listed here; this applies for example to reports of t- 
tests, main effects of ANOVAs and correlations. 
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All statistical tests are now accompanied by effect sizes and confidence intervals. 
 
For your model comparison., can you specify whether the models had the same number of free 
parameters? If this was not the case, could you explain how your model comparison corrects for 
that (you use RSME scores)?  
 
All models have zero free parameters, at the time of evaluation against human data. Although 
the deep neural network models of course have a very large number of trainable parameters, 
these are frozen after training, and training does not involve any exposure to human perceptual 
data. The gloss predictions of all models are treated as fixed. We have included a statement to 
this effect in a new “Statistical Analysis” section of the Methods (see p28, lines 23-25). 
  
 Statements such as the following need to be revised: 
 “However, in the supervised models, only clustering by gloss was apparent (Figure 2E; gloss t9 
= 112.2, p = 3x10-28; lighting t9 = 1.77, p = 0.08)” 
  
This sentence suggests the clustering was specific to gloss, but since the statistics offered for 
lightning do not afford the interpretation of no effect, specificity has not been demonstrated.  
  
To argue for a difference in the strength of effect, an interaction contrast would be a suitable 
solution; to demonstrate specificity, you would need to employ statistics that offer positive 
evidence for no effect, i.e., Bayesian statistics or equivalence tests. 
  
We have provided a test of the interaction, and reworded the claim accordingly. See p7, lines 
17-31. 
 
You note that your experiments were conducted in accordance with the Declaration of Helsinki, 
but you don’t specify which issue. Note that to be compliant with the last version, the 
experiments would need to have been preregistered (amongst all other requirements) 
 
Thank you for identifying this. We have specified that human experiments were in accordance 
with the previous, 6th Edition of the Declaration. See Methods, p18, line 12.  
 
Please include a separate Data Availability Statement and include a link to your data deposition 
(Thank you for making it publically available). 
 
Please include a separate Code Availability Statement and include a link to your code 
deposition (Thank you for making it publically available). 
 
We have now deposited human data, model predictions, and analysis code at the Zenodo 
repository: http://doi.org/10.5281/zenodo.4495586, and provided separate data and code 
availability statements in the Methods, see p28, lines 27-32. 
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Please note that the only item we were not able to respond positively to in the Checklist was the 
confirmation that the main text is less than 5,000 words. Currently it is 5,673 words. While 
preparing the previous revision, we asked for permission to exceed the word limit since reviewers 
asked for extensive additional analyses, which was given by Dr Schiffer (email dated 19th 
November 2020). 
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Reviewer #3: 
 
I thank the authors very much for taking such care to consider and address the first review. The response 
and the revised paper are both a pleasure to read. I enjoy the engagement with the important issues of 
motivation and interpretation, and indeed philosophical viewpoint. The computational work (and I like its 
description as such, as distinct from algorithmic work) is very strong, particularly since, as the authors 
point out so well in their response, yes, there is no good analytic inverse optics-type model around that 
successfully predicts human gloss judgments.  
 
We thank the reviewer for their engaging and thought-provoking reviews! 
 
I’ve got only two minor changes to suggest (in points 7 and 12 below). Otherwise, just comments. 
1-2. Re the responses to points 1 and 2, and the corresponding edits in the paper: I am totally happy with 
these. 
 
It is a very engaging discussion and one very much worth having, at the heart of understanding vision, or 
at least at the heart of understanding models of vision. Of course I do not disagree that the core question is 
how the visual system can infer physical properties from the proximal image, and of course I recognise 
that the visual system is not taught a priori what classes and instances of physical distal properties exist 
before it deduces the mapping between these and proximal image variations. 
 
I agree that the general notion of an “inverse optics” model is too general to help with distinguishing 
between competing models of vision. So I entirely applaud the removal of the claim from the earlier 
version of the manuscript which pitted this specific DNN against inverse optics models. 
 
In my comparison between the mappings of an inverse optics model – an analytic model that relates 
proximal image variations to distal physical properties – and the mapping learned by the DNN, the 
equivalence I drew was between the mappings once they exist, not between how they are derived. The 
DDN learns the model in an unsupervised way, driven not by the goal to calculate the most likely set of 
predefined physical parameters (e.g. in a Bayesian formulation), but instead to find the most efficient 
code to represent all encountered variations in image pixels. 
 
3. I like this clarification on predictions of failures of constancy. It’s very helpful. 
 
4. I agree with the conclusion that the network hasn’t learned to represent 3D shape well most likely due 
to the lack of 3D shape variation in the training stimuli. My point here was that in the latent code the 
model still looks like it’s distinguishing between surface relief and material properties, but in fact it might 
not be. It will be interesting to see how the latent code alters when the network is trained on a richer set of 
shape stimuli. It would also be interesting to know whether a naïve human visual system that saw only 
such impoverished stimuli would behave like this network when confronted with unaligned highlights, 
the argument being here that the reason the network fails to predict this particular feature of human gloss 
perception lies in the difference of visual diet. Not an easy experiment to do in humans, but maybe with 
monkeys? 
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5. This response is all very well-argued – thank you. I am just wondering – and this isn’t something you 
need to answer – whether there is any proof that this DNN produces the *most* efficient encoding of 
statistical image structure possible. I.e. does another statistical method exist which improves on the DNN? 
 
We don’t believe the PixelVAE architecture and learning objective should necessarily arrive at the most 
efficient encoding of statistical structure. For example, the structures learnable by any given PixelVAE 
network will be constrained by architectural details of that network, such as the size and scaling of 
receptive fields across its layers. Developments in machine learning theory may improve our 
understanding of the relative optimality of different unsupervised learning objectives, over the coming 
years. 
 
6. So the network doesn’t generalise well beyond its training set. That’s not a deal breaker for me, in the 
context of the computational point you are trying to make. 
 
7. Thanks, I do find these easier to parse perceptually. Would you add into the caption the specular 
reflectance parameter for the particular sample novel images shown in Figure 7A? 
 
We have added this information to the Figure 7 caption. 
 
8-9. This is a *really* interesting avenue to explore. Excited to hear about further progress you make 
here. 
 
12. For clarity and technical accuracy, I think you should explicit refer to the diffuse reflectance 
component RGB values, not “base colour” or “colour” as in used in the description of the images on p 6 
(Results). 
 
We have adopted this more precise terminology, see Methods p18 line 30 – p19 line 1. 
 
The generalisation to outputs of more physically accurate models is nice to see.  
 
 

Final Decision Letter: 
Dear Dr Storrs, 
 
We are pleased to inform you that your Article "Unsupervised Learning Predicts Human Perception and 
Misperception of Gloss", has now been accepted for publication in Nature Human Behaviour. 
 
Before your manuscript is typeset, we will edit the text to ensure it is intelligible to our wide 
readership and conforms to house style. We look particularly carefully at the titles of all papers to 
ensure that they are relatively brief and understandable. 
 
Once your manuscript is typeset and you have completed the appropriate grant of rights, you will 
receive a link to your electronic proof via email with a request to make any corrections within 48 
hours. If, when you receive your proof, you cannot meet this deadline, please inform us at 
rjsproduction@springernature.com immediately. Once your paper has been scheduled for online 
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publication, the Nature press office will be in touch to confirm the details. 
 
 
Acceptance of your manuscript is conditional on all authors' agreement with our publication policies 
(see http://www.nature.com/nathumbehav/info/gta). In particular your manuscript must not be 
published elsewhere and there must be no announcement of the work to any media outlet until the 
publication date (the day on which it is uploaded onto our web site). 
 
Nature Human Behaviour is a Transformative journal and offers an immediate open access option 
through payment of an article-processing charge (APC) for papers submitted after 1 January, 2021. In 
the event that authors choose to publish under the subscription model, Nature Research allows 
authors to self-archive the accepted manuscript (the version post-peer review, but prior to copy-
editing and typesetting) on their own personal website and/or in an institutional or funder repository 
where it can be made publicly accessible 6 months after first publication, in accordance with our self-
archiving policy. <a href="https://www.nature.com/nature-research/editorial-policies/self-archiving-
and-license-to-publish">Please review our self-archviing policy</a> for more information. 
 
Several funders require deposition the accepted manuscript (AM) to PubMed Central or Europe PubMed 
Central. To enable compliance with these requirements, Nature Research therefore offers a free 
manuscript deposition service for original research papers supported by a number of PMC/EPMC 
participating funders. If you do not choose to publish immediate open access, we can deposit the 
accepted manuscript in PMC/Europe PMC on your behalf, if you authorise us to do so. 
 
If you have posted a preprint on any preprint server, please ensure that the preprint details are 
updated with a publication reference, including the DOI and a URL to the published version of the 
article on the journal website. 
 
An online order form for reprints of your paper is available at <a 
href="https://www.nature.com/reprints/author-
reprints.html">https://www.nature.com/reprints/author-reprints.html</a>. All co-authors, authors' 
institutions and authors' funding agencies can order reprints using the form appropriate to their 
geographical region. 
 
We welcome the submission of potential cover material (including a short caption of around 40 words) 
related to your manuscript; suggestions should be sent to Nature Human Behaviour as electronic files 
(the image should be 300 dpi at 210 x 297 mm in either TIFF or JPEG format). Please note that such 
pictures should be selected more for their aesthetic appeal than for their scientific content, and that 
colour images work better than black and white or grayscale images. Please do not try to design a 
cover with the Nature Human Behaviour logo etc., and please do not submit composites of images 
related to your work. I am sure you will understand that we cannot make any promise as to whether 
any of your suggestions might be selected for the cover of the journal. 
 
You can now use a single sign-on for all your accounts, view the status of all your manuscript 
submissions and reviews, access usage statistics for your published articles and download a record of 
your refereeing activity for the Nature journals. 
 
To assist our authors in disseminating their research to the broader community, our SharedIt initiative 
provides you with a unique shareable link that will allow anyone (with or without a subscription) to 
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read the published article. Recipients of the link with a subscription will also be able to download and 
print the PDF. 
 
As soon as your article is published, you will receive an automated email with your shareable link. 
 
In approximately 10 business days you will receive an email with a link to choose the appropriate 
publishing options for your paper and our Author Services team will be in touch regarding any 
additional information that may be required. 
 
You will not receive your proofs until the publishing agreement has been received through our system. 
 
If you have any questions about our publishing options, costs, Open Access requirements, or our legal 
forms, please contact ASJournals@springernature.com 
 
 
We look forward to publishing your paper. 
 
With best regards, 
 
Marike Schiffer 
 
Marike Schiffer, PhD 
Senior Editor 
Nature Human Behaviour 
 
 
P.S. Click on the following link if you would like to recommend Nature Human Behaviour to your 
librarian http://www.nature.com/subscriptions/recommend.html#forms 
 
 
** Visit the Springer Nature Editorial and Publishing website at <a href="http://editorial-
jobs.springernature.com?utm_source=ejP_NHumB_email&utm_medium=ejP_NHumB_email&utm_cam
paign=ejp_NHumB">www.springernature.com/editorial-and-publishing-jobs</a> for more information 
about our career opportunities. If you have any questions please click <a 
href="mailto:editorial.publishing.jobs@springernature.com">here</a>.** 


