ROB 498/599: Deep Learning for Robot
Perception (DeepRob)

Lecture 22: Visualizing Models;
Vision Language Models; VLA Models
04/07/2025

https://deeprob.org/w25/
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https://deeprob.org/w25/

Today

Feedback and Recap (5min)
Visualizing Models (30min)
VLM/VLAM (30min)

Final Project logistics (5min)
Summary and Takeaways (5min)
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Visualizing Models

Visualizing features, networks, etc...



What's going on inside
Convolutional Networks?
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Input Image:
3x224x224

What are the intermediate features looking for?
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First Layer: Visualize Filters
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ResNet-18: ResNet-101: DenseNet-121:
64x3x7x7 64x3x7x7 64x3x7x7

AlexNet:
64x3x11x11

https://arxiv.ora/pdf/1404.5997 O r i e n te d e d ge S

https://arxiv.org/pdf/1512.03385

https://openaccess.thecvf.com/content_cvpr_2017/pape O p p O S i n g CO | O rS

rs/Huang_Densely_Connected_Convolutional CVPR 2
017_paper.pdf



https://arxiv.org/pdf/1404.5997
https://arxiv.org/pdf/1512.03385
https://openaccess.thecvf.com/content_cvpr_2017/papers/Huang_Densely_Connected_Convolutional_CVPR_2017_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2017/papers/Huang_Densely_Connected_Convolutional_CVPR_2017_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2017/papers/Huang_Densely_Connected_Convolutional_CVPR_2017_paper.pdf

Higher Layers: Visualize Filters
BENOENSENSARNMERSE  First layer weights: 16 x3x7 x 7
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https://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
https://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
https://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

Last Layer

FC7 layer

4096-dimensional feature vector for
an image (layer immediately before
the classifier)

Run the network on many images,
collect the feature vectors

Ao S 'ROBOTICS



A few things we can do on the final layers

1. Nearest Neighbor Information Retrieval

FC7 layer |

Test

FC7 feature
vector space

Semantic
similar

ROBOTICS



A few things we can do on the final layers

https://cs.stanford.edu/people/karpathy/cnnembed/

2. Dimensionality Reduction
Visualize the “space”

of FC7 feature vectors
by reducing
dimensionality of
vectors from 4096 = 2
dimensions

FC7 layer |

Simple algorithm:
Principal Component
Analysis (PCA)

More complex: t-SNE

ROBOTICS

MNIST dataset


https://cs.stanford.edu/people/karpathy/cnnembed/

o SRS . . https://yosinski.com/deepvis
Vlsua||Z|ng Act|vat|ons https://github.com/yosinski/deep-visualization-toolbox

Right: 13x13 conv5151
channel activations.

Left: 1 3)( 1 3 aCtivations conv5;s; (human face + cat face) conv5)y; (cat face)

of the 151st channel on G e TR gradient ascent
. whole layer
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https://arxiv.orq/pdf/1506.06579



https://arxiv.org/pdf/1506.06579
https://yosinski.com/deepvis
https://github.com/yosinski/deep-visualization-toolbox

Masking

spurious correlation - be aware!

Saliency map

Mask|part of the image before feeding to CNN,

check how much predicted probabilities change

https://arxiv.org/pdf/1311.2901

Color: predicted
classification score

schooner

L
ROBOTICS



https://arxiv.org/pdf/1311.2901

Saliency via Backprop

Forward pass: Compute probabilities

Compute gradient of (unnormalized)
class score with respect to image
pixels, take absolute value and max
over RGB channels

https://arxiv.org/pdf/1312.6034 ‘ H[]B[]”ES



https://arxiv.org/pdf/1312.6034

Saliency via Backprop: a few more examples

ROBOTICS



Saliency Maps:
Segmentation without Supervision

Use GrabCut on
saliency map

https://docs.opencv.org/3.4/d8/d83/t
utorial_py agrabcut.html

ROBOTICS


https://docs.opencv.org/3.4/d8/d83/tutorial_py_grabcut.html
https://docs.opencv.org/3.4/d8/d83/tutorial_py_grabcut.html

Masking Meets Supervision

X no mask aug v strong mask aug
v stable training X unstable training

CE loss CE loss
- o
& .| R :
4 iQFIK“IIII aai!,lll
| P

full i |mage masked image
(a) Standard training (b) Mask augmentation

https://arxiv.org/pdf/2306.11339 (CVPR 2025)

v strong mask aug
v stable training

CE loss

- iIII!mIIII iIIIII

|mage

masking

masked image

(c) MaskSub training

ROBOTICS


https://arxiv.org/pdf/2306.11339

Masking Meets Supervision self-distillation

Algorithm 1 MaskSub in PyTorch-style pseudo-code

for (x, label) 1n data_loader:

ol = f(x) # main
02 = f(mask(x,r)) # sub (mask ratio: r)
lossl = CE(ol, label) / 2

loss2 = CE (02, softmax(ol.detach())) / 2
(lossl+loss?2) .backward()
optimizer.step ()

https://arxiv.org/pdf/2306.11339 (CVPR 2025) ROBOTICS


https://arxiv.org/pdf/2306.11339

Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC
H 4 ﬁ K ﬁ C
W
Last layer CNN features: Pooled features: Class Scores:
f € RERWxK F e RK S € RC¢

https://openaccess.thecvf.com/content cvpr 2016/papers/Zhou Learning Deep Features C

VPR_2016_paper.pdf ‘H[]B[].”ES



https://openaccess.thecvf.com/content_cvpr_2016/papers/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2016/papers/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf

Class Activation Mapping (CAM)

Global Fully Connected
Average Layer, weights
Pooling w € REXC

H 4 ﬁ K ﬁ C

W
Last layer CNN features: Pooled features: Class Scores:
f € RERWXK F e RK S € RC¢
1 1 Class Activation Maps:
F = th’wfh,w,k Sc = kak,ch = Wzk Wk.c h,wfh'w'k M € RCHW

1
= W E 2 wk,cfh,w,k Mc,h,w = wk,cfh,w,k
https://openaccess.thecvf.com/content_cvpr 2016/pap h.w k k

ers/Zhou_Learning_Deep_ Features CVPR_2016_pap i
er.pdf ‘ HUHU”Lb



https://openaccess.thecvf.com/content_cvpr_2016/papers/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2016/papers/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2016/papers/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf

Class Activation Mapping (CAM)

Class activation maps of top 5 predictions Class activation maps for one object class

https://openaccess.thecvf.com/content_cvpr 2016/pap PrOblem: Can Only apply tO

;s,p/_sfhou Learning_Deep_Features_CVPR_2016_pap Ia_St conv Iayer ‘ H[]B[].”ES



https://openaccess.thecvf.com/content_cvpr_2016/papers/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2016/papers/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2016/papers/Zhou_Learning_Deep_Features_CVPR_2016_paper.pdf

Grad-CAM:
Gradient-Weighted Class Activation Mapping

1. Pick any layer, with activations A € RFEXWxX

2. Compute gradient of class score S, with respect to A:

aS € RHXWXK

0A
3. Global Average Pool the gradients to get weights ¢ € RX:

% = i 2.
k= HW hwaAhwk

4. Compute activation map M¢ € RV

M}Cl.'w — ReLU (Z akAh,W'k) https://arxiv.org/pdf/1610.02391
“ JBOTICS


https://arxiv.org/pdf/1610.02391

Grad-CAM

(b) Guided Backprop ‘Cat’ (¢) Grad-CAM ‘Cat’ (d) Guided Grad-CAM ‘Cat’ (e) Occlusion map for ‘Cat’ (f) ResNet Grad-CAM ‘Cat’

ad Py

(g) Original Image (h) Guided Backprop ‘Dog’ (i) Grad-CAM ‘Dog’  (j)Guided Grad-CAM ‘Dog’ (k) Occlusion map for ‘Dog’ (I)ResNet Grad-CAM ‘Dog’

https://arxiv.org/pdf/1610.02391 ‘ H[]B[]" [:S


https://arxiv.org/pdf/1610.02391

Grad-CAM

https://qgithub.com/jacobgil/pytorch-grad-cam ‘ H[]H[]“ [:S



https://github.com/jacobgil/pytorch-grad-cam

Grad-CAM for Image Captioning

Grad-CAM Grad-CAM

A group of people flying kites on a beach A man is sitting at a table with a pizza

More methods:
e Guided backprop,

e Gradient Ascent
https://arxiv.org/pdf/1610.02391 o ... ‘H[]B[].”[:S



https://arxiv.org/pdf/1610.02391

Vision-Language Models



CLIP (2021)

Contrastive Language-image Pre-training

(1) Contrastive pre-training

\\\\\;;;:\\\1

Pepper the
aussie pup

Cited by 32077
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https://openai.com/index/clip/
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https://arxiv.org/pdf/2103.00020

(2) Create dataset classifier from label text

ROBOTICS


https://openai.com/index/clip/
https://arxiv.org/pdf/2103.00020

https://openai.com/index/clip/

CLIP

Contrastive Language-image Pre-training

(1) Contrastive pre-training

https://arxiv.org/pdf/2103.00020

(2) Create dataset classifier from label text
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a dog.



https://openai.com/index/clip/
https://arxiv.org/pdf/2103.00020

CLIP

Food101
guacamole (90.1%) Ranked 1 out of 101 labels

v a photo of guacamole, a type of food.

|
X a photo of ceviche, a type of food.

| }
X a photo of edamame, a type of food.

I
X a photo of hummus, a type of food.

X a photo of tuna tartare, a type of food.

Youtube-BB
airplane, person (89.0%) Ranked 1 out of 23 labels

v a photo of a airplane.

-
X a photo of a bird.

| |
X a photo of a bear.

L |
X a photo of a giraffe.

L
X a photo of a car.

image_encoder ResNet or Vision Transformer
text_encoder CBOW or Text Transformer

I[n, h, w, c] - minibatch of aligned images
T[n, 1] - minibatch of aligned texts
W_i[d_i, d_e] learned proj of image to embed
W_t[d_t, d_e] learned proj of text to embed
- learned temperature parameter

HoH o HHH R

extract feature representations of each modality
_f = image_encoder(I) #[n, d_i]
_f = text_encoder(T) #[n, d_t]

—IHItt:

oint multimodal embedding [n, d_e]
12_normalize(np.dot(I_ , W_i), axis=1)
12_normalize(np.dot(T_f, W_t), axis=1)

# ]
I_e
T_e

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function

labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss (loss_i + loss_t)/2

Figure 3. Numpy-like pseudocode for the core of an implementa-
tion of CLIP.



CLIP

(+) Efficient. Can be trained on noisy data

(+) more flexible and general than other ImageNet
models (at the time)

(-) struggles on more abstract or complex tasks,
such as counting the number of objects, predicting
how close the nearest car is in the photo

(-) struggles on very fine-grained classification
(e.g., between models of car or flower)

Prompt template I ROBOTICS



LER F (2023) https://www.lerf.io/

Language Embedded Radiance Fields

2D CLIP

LERF Rendering

4 532,80 | == R G,B
ap, . — Network == Density
.7 7 I =3 DINO Features
J > =3 CLIP Features

Volume Render

\

Language
Loss

S.
img

.

“wooden spoon”
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https://www.lerf.io/

Neural Texture Synthesis
Lzbaed " OUTS | (CVPR 2023)

Lz -based
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https://openaccess.thecvf.com/content/CVPR s J" 1 "’ y

£

2023/papers/Zhou_Neural _Texture Synthesi ’

s_With Guided Correspondence CVPR 20 3
23 paper.pof DEEIIE SR



https://openaccess.thecvf.com/content/CVPR2023/papers/Zhou_Neural_Texture_Synthesis_With_Guided_Correspondence_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Zhou_Neural_Texture_Synthesis_With_Guided_Correspondence_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Zhou_Neural_Texture_Synthesis_With_Guided_Correspondence_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Zhou_Neural_Texture_Synthesis_With_Guided_Correspondence_CVPR_2023_paper.pdf

Diffusion Model for Style Transfer

(CVPR 2024)

https://openaccess.thecvf.com
[content/CVPR2024/papers/C
hung_Style Injection_in_Diffu
sion_A_Training-free_Approac
h_for_Adapting_Large-scale
CVPR_2024 paper.pdf

HUBUIILY


https://openaccess.thecvf.com/content/CVPR2024/papers/Chung_Style_Injection_in_Diffusion_A_Training-free_Approach_for_Adapting_Large-scale_CVPR_2024_paper.pdf
https://openaccess.thecvf.com/content/CVPR2024/papers/Chung_Style_Injection_in_Diffusion_A_Training-free_Approach_for_Adapting_Large-scale_CVPR_2024_paper.pdf
https://openaccess.thecvf.com/content/CVPR2024/papers/Chung_Style_Injection_in_Diffusion_A_Training-free_Approach_for_Adapting_Large-scale_CVPR_2024_paper.pdf
https://openaccess.thecvf.com/content/CVPR2024/papers/Chung_Style_Injection_in_Diffusion_A_Training-free_Approach_for_Adapting_Large-scale_CVPR_2024_paper.pdf
https://openaccess.thecvf.com/content/CVPR2024/papers/Chung_Style_Injection_in_Diffusion_A_Training-free_Approach_for_Adapting_Large-scale_CVPR_2024_paper.pdf
https://openaccess.thecvf.com/content/CVPR2024/papers/Chung_Style_Injection_in_Diffusion_A_Training-free_Approach_for_Adapting_Large-scale_CVPR_2024_paper.pdf

Scaling Language-Free Visual
Representation Learning  ostasuoias o
Released April 1, 2025
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with architecture size MetaCLIP Web Data
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~
L
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https://arxiv.org/pdf/2504.01017
https://davidfan.io/webssl/

DeepSeek-GRM

Released
April 3, 2025

Generative
reward
modeling
Self-Principled

Critique Tuning

https://arxiv.org/pdf/2504.02495

Principle 1: Instruction Adherence (Weight: 4);

Response 1 is better than

Too Easy/
Incorrect

Principle 2: Level of Detail (Weight: 3); Principle 3: ... i1 Response 2. Final Scores: [[2, 411 | £ytract 2/10, 4/10
Principle 1: Safety (4); Principle 2: Clarity (2); || Response 1 is notas well as 3 RFT
Principle 3: A y (2); Principle 4: Rel (2). Response 2. Final Scores: [[6, 1]] 6/10,1/10 Dataset
______________________ L _________OffiineTraining " _"________
P ~ o argmax({r\})
Principle 1: Logic Chain Correctness (35%): The For Response 1, ...; For Response | Extract
response should induce each step with evidence ...; == 2, ...; Overall, Response 1 is —| 2/10,7/10
Principle 2: Compl & Compatibility (20%) ...... better...... Final Scores: [[2, 7]]
. Reward
............ Online Update
Inference Principle 1: Technical A y (Weight: 30%): The Analysis: ......
response should accurately describe the technical Overall, Response 2 is better than
steps ...; Forexample, ......; l—{ Response 1 according to 1/10,5/10
Principle 2: Practical Implementation (Weight: 25%)...; principles and the weights.
...... Final Scores: [[1, 5]] @ 17/40, 25/40
Principle 1: Clarity and Organization (Weight: 40%): Analysis: ......
The response should be well-organized ...; Scores: (4, 5, 8) and (7, 5, 5)
Q&R Principle 2: Compliance with Human Value (35%)...; == However, Principle 1 outweighs 5/10,6/10 Voting
Parallel Principle 3: Inductive R ing Correctness (25%)...; Principle 3, resultingin ...
Sampling | - Final Scores: [[5, 6]] Extract. @ 4
GRM > > E—
Principle 1: Practicality (Weight: 30%): The response Analysis: ...... Vv
provide steps can easily implement...; Scores w/o weights:
Principle 2: Logical Coherence (Weight: 30%)...; l— Response1(4,6,2,2); 4/10,8/10 [ Meta RM ]
Principle 3: Risk Awareness (Weight: 20%)...; Response 2 (9, 5, 5, 6).
...... Final Scores: [[4, 8]] @ @ @ @ @
Principle 1: Technical A y (Weight: 30%): ...; Analysis: ......
Principle 2: L Profici y (Weight: 25%): The For Response 1, score: (8, 7, 7, 4)
response should be in the specific language, ...; = For Response 2, score: (6, 5, 6, 4) 7/10,6/10 5/20,13/20
Principle 3: E and Appeal (Weight: 25%): Considering the overall weights,
Making responses interesting and memorable ...; ...... Final Scores: [[7, 6]] @
Principles Critiques Rewards


https://arxiv.org/pdf/2504.02495

Llama 4

Released April 5, 2025

Attention

Mixture of Experts
P s( +

/ <
Attention 7 [

Routed Experts

[ Expert O ] [ Expert 1 ] [Expert‘lSJ

A ¢ i 2

Attention ‘ Router

—>|+ 3 —>|—> 1 —:

FFN

Shared Expert

Attention Attention

https://ai.meta.com/blog/llama-4-mu
ltimodal-intelligence/

Llama 4 Behemoth

288B active parameter, 16 experts
2T total parameters

The most intelligent teacher model for distillation

Llama 4 Maverick

17B active parameters, 128 experts
4008 total parameters

Native multimodal with 1M context length

Llama 4 Scout

17B active parameters, 16 experts
109B total parameters

Industry leading 10M context length
Optimized inference

ROBOTICS



https://ai.meta.com/blog/llama-4-multimodal-intelligence/
https://ai.meta.com/blog/llama-4-multimodal-intelligence/

“Do two Al Scientists Agree?" https://arxiv.org/pdf/2504.02822

Released April 3, 2025

“allow a single neural network to
learn diverse theories across
multiple physical systems”

FIG. 2. The MASS (Multi-physics Al Scalar Scientist) net-
work.

“strong correlation”
“scientists can learn different theories”
“Modify new theories to fit new data” ‘ H[]B[]“ES


https://arxiv.org/pdf/2504.02822

Vision-Language Models (summary)

https://www.nvidia.com/en-us/glossary/vision-language-models/
(NVIDIA)

https://huggingface.co/blog/vims (Hugging Face)
https://www.ibm.com/think/topics/vision-language-models (IBM)

An Introduction to VLM (2024) htips://arxiv.org/pdf/2405.17247
Survey of SOTA VLMs (2025) https://arxiv.org/pdf/2501.02189

ROBOTICS


https://www.nvidia.com/en-us/glossary/vision-language-models/
https://huggingface.co/blog/vlms
https://www.ibm.com/think/topics/vision-language-models
https://arxiv.org/pdf/2405.17247
https://arxiv.org/pdf/2501.02189

Vision-Language Models (summary)

Object Localization

Zero-shot Segmentation

Segment: striped cat

_ . . . https://huggingface.
Zero-shot Visual QA Vision co/QbIo /Vlgmgs g
What is the breed of Language

these cats? Model

The cats in the image appear

. . . to be domestic shorthair cats.
One-shot Learning with Instructions

Striped cats are called tabby The cats in the image are tabby cats.
cats. What is the breed of — Tabby cats are a common domestic
the cats in the image? \—— cat breed and are characterized by
their distinctive coat pattern, stripes
on the body, and a ringed tail.

ROBOTICS


https://huggingface.co/blog/vlms
https://huggingface.co/blog/vlms

O pen VLA Open-Source Vision-Language-Action Model

https://arxiv.org/pdf/2406.09246 (Sept. 2024) https://openvla.qgithub.io/

Large-Scale Robot ﬁ OpenVLA — Closed-Loop

Training Data

Vision-Language-Action Model Robot Control Policy

User: Wipe the table.

OpenVLA:

™ [ax, A8, AGrip] = ...

g - obtain robust,
« generalizable

Fully policies for
(@) -S .
PEIT=ONI®E " visuomotor
(&9 Data control

™~ Weights

) code
‘ROBOTICS


https://arxiv.org/pdf/2406.09246
https://openvla.github.io/

COT VLA Visual Chain-of-Thought Reasoning for
) Vision-Language-Action Models

https://arxiv.org/pdf/2503.22020 (March 27, 2025) https://cot-vla.qgithub.io/

execute actions

Pre-training Data eoe AN | 3

CoT-VLA

Visual Q&A,
Captioning, Text to N
Image/Video...

e s e i s

Robot demonstrations

AL

Causal & Full-Attention J

I T T 1 I
f “Pick up carrot” \

\

Capture new observation

closed-loop control

ROBOTICS


https://arxiv.org/pdf/2503.22020
https://cot-vla.github.io/

COT-VLA

slsclel.ale

QIIIIIIII

AN [o1a) [
EEEEEEN

https://arxiv.org/pdf/2503.22020 (March 27, 2025)

Causal

Full Attention

Figure 3. Hybrid attention mechanism in CoT-VLA. We use
causal attention for image or text generation and full attention for
action generation. [z], [f] and [g] are special tokens for parallel
decoding of actions.

Visual Chain-of-Thought Reasoning for
Vision-Language-Action Models

https://cot-vla.qgithub.io/

Trained on:
negative log-likelihood

loss for visual tokens
+ https://arxiv.ora/pdf/2409.04429%#page=5.5

cross-entropy loss for
action predictions

ROBOTICS


https://arxiv.org/pdf/2503.22020
https://cot-vla.github.io/
https://arxiv.org/pdf/2409.04429#page=5.5

Logistics



Remaining Lectures (Plan)

Wednesday April 9: multi-sensor fusion Field Robotics Group

Monday April 14: Prof. Kaveh Fathian
(https://cs.mines.edu/project/fathian-kaveh/) MINES

L2

Monday April 21: Prof. Glen Chou  __ Geordi
(https://glenchou.github.io/ ) G o

Wednesday April 16: Prof. Karthik Desingh
(https://cse.umn.edu/cs/karthik-desingh )

ROBOTICS


https://cs.mines.edu/project/fathian-kaveh/
https://cse.umn.edu/cs/karthik-desingh
https://glenchou.github.io/

Final Project report requirements Total: 18%

|EEE Format (overleaf recommended)
https://www.ieee.org/conferences/publishing/templates.html

1. Report: IEEE paper format (title, your names, abstract, introduction, related
work, method, experiments and results, discussion and conclusion, references)

Paper Reproduction
(can be a summary of what the +
original paper did and what you
did to reproduce)

Algorithmic Extension
(emphasize your novel
contributions)

2. Code: Link to code repo or zip file

3. Video/website: Please also submit either a video or website link
introducing your work.

See previous website examples: https://deeprob.org/w24/reports/ If you would
like deeprob to host your website, please reach out to Anthony. ROBOTICS



https://www.ieee.org/conferences/publishing/templates.html
https://deeprob.org/w24/reports/

Reminders

e Lightning Talk feedback released via Canvas

e Final Project showcase (*bonus for live robot demo!*)
April 22, 2025

e Final Report DUE
April 28, 2025

e Canvas Quiz will be released

e Invited Lectures: There will be attendance checks and canvas quizzes
associated with the invited lectures - please attend! We will also send out
message to gather questions/feedback for our speakers

e Course Eval: please type the text "Done" on canvas so that we know you
filled in the course eval. It will count as 0.5 points in your participation
score. Thank you very much in advance for your feedbacks! ROROTICS



