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1. DAG-GFlowNet



1.1 Generative Flow Networks

1.1.1 The Structure
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1.1 Generative Flow Networks

1.1.2 Flow-matching Condition
The Goal of a GFlowNet is to find a flow that satisfies, for all states 𝑠 ∈ 𝑆, the following
flow-matching condition:

∑
𝑠∈𝑃𝑎(𝑠′)

𝐹𝜃(𝑠 → 𝑠′) − ∑
𝑠″∈𝐶ℎ(𝑠′)

𝐹𝜃(𝑠′ → 𝑠″) = 𝑅(𝑠′),

where 𝐹𝜃(𝑠 → 𝑠′) ≥ 0 is a scalar representing the flow from state 𝑠 to 𝑠′, typically
parametrized by a neural network. The reward 𝑅(𝑠) ≥ 0 indicates a notion of “preference”
for certain states.

A GFlowNet induces a generative process to sample complete states with probability:

𝑃(𝑠) ∝ 𝑅(𝑠),

and a transition probability along a sampled trajectory:

𝑝(𝑠𝑡+1 | 𝑠𝑡) ∝ 𝐹𝜃(𝑠𝑡 → 𝑠𝑡+1).
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1.1 Generative Flow Networks

1.1.3 Detailed-balance Condition
Since the flows are added together, one of the downsides of the flow-matching condition is
that flows tend to be orders of magnitude larger the closer we are of the initial state ,
making it challenging to parametrize 𝐹𝜃, e.g.,

𝐹𝜃(𝑠1 → 𝑠2) = 0.8, 𝐹𝜃(𝑠𝑇−1 → 𝑠𝑇 ) = 0.00001,

the model 𝐹𝜃 need to correctly accommodate this different scales of output.

The detailed-balance condition for all transitions 𝑠 → 𝑠′, where 𝑠𝑓  is the terminate state.:

𝑅(𝑠′)𝑃𝐵(𝑠|𝑠′)𝑃𝜃(𝑠𝑓 |𝑠) = 𝑅(𝑠)𝑃𝜃(𝑠′|𝑠)𝑃𝜃(𝑠𝑓 |𝑠′).

The detailed-balance loss:

𝐿(𝜃) = ∑
𝑠→𝑠′

[log
𝑅(𝑠′)𝑃𝐵(𝑠|𝑠′)𝑃𝜃(𝑠𝑓 |𝑠)
𝑅(𝑠)𝑃𝜃(𝑠′|𝑠)𝑃𝜃(𝑠𝑓 |𝑠′)

]
2

.
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1.2 GFlownet Over DAGs

1.2.1 The Structure

The Probability of taking a transition 𝐺 →
𝐺′ is given by

𝑃𝜃(𝐺′|𝐺) =

(1 − 𝑃𝜃(𝑠𝑓 | 𝐺))𝑃𝜃(𝐺′ | 𝐺, ¬𝑠𝑓).

An invalid DAG 𝐺𝑖 should have

𝑃𝜃(𝐺𝑖 | 𝐺, ¬𝑠𝑓).
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1.2 GFlownet Over DAGs

1.2.2 Parametrization with Linear Transformer

𝑄 = 𝑥𝑊𝑄 𝐾 = 𝑥𝑊𝐾 𝑉 = 𝑥𝑊𝑉

𝐿𝑖𝑛𝐴𝑡𝑡𝑛𝑘(𝑥) =
∑𝐽
𝑗=1(𝜑(𝑄𝑘)

𝑇𝜑(𝐾𝑗))𝑉𝑗
(∑𝐽

𝑗=1(𝜑(𝑄𝑘)
𝑇𝜑(𝐾𝑗))
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1.3 Bayesian Structural Learning via GFlowNet

For any DAG 𝐺, we will define its reward as the joint probability,

𝑅(𝐺) = 𝑃(𝐷,𝐺) = 𝑃(𝐺)𝑃(𝐷|𝐺),

if the detailed-balance conditions are satisfied for all the states of. the GFlowNet, then this
yields a sampling process with probability proportional to 𝑅(𝐺), that is, 𝑝(𝐺|𝐷) ∝ 𝑅(𝐺).

1.3.1 Modularity & Computational Efficiency.

log𝑅(𝐺) =∑
𝑑

𝑗=1
𝐿𝑜𝑐𝑎𝑙𝑆𝑐𝑜𝑟𝑒(𝑋𝑗 | 𝑃𝑎𝐺(𝑋𝑗)),

and if we add some edge 𝑋𝑖 → 𝑋𝑗 to form 𝐺′, then we get

log𝑅(𝐺′) − log𝑅(𝐺) =

𝐿𝑜𝑐𝑎𝑙𝑆𝑐𝑜𝑟𝑒(𝑋𝑗 | 𝑃𝑎𝐺(𝑋𝑗) ∪ {𝑋𝑖}) − 𝐿𝑜𝑐𝑎𝑙𝑆𝑐𝑜𝑟𝑒(𝑋𝑗 | 𝑃𝑎𝐺(𝑋𝑗)).

The difference in local scores is called the delta score or the incremental value.
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1.3 Bayesian Structural Learning via GFlowNet

1.3.2 Off- Policy Learning

𝐿(𝜃) = 𝔼𝜋
⎣
⎢
⎡[log

𝑅(𝐺′)𝑃𝐵(𝐺|𝐺′)𝑃𝜃(𝑠𝑓 |𝐺)
𝑅(𝐺)𝑃𝜃(𝐺′|𝐺)𝑃𝜃(𝑠𝑓 |𝐺′)

]
2

⎦
⎥
⎤

The Distribution 𝜋(𝐺 → 𝐺′) can be

1. On-Policy: 𝑃𝜃(𝐺′|𝐺) it self
2. Off-Policy: transitions 𝐺 → 𝐺′ are collected based on 𝑃𝜃(𝐺′|𝐺), along with their

corresponding delta score, and they are stored in a replay buffer. 𝜀-greedy policy is also
employed.
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Results on the Real-world Dataset



1.4 Results on the Real-world Dataset

Experiments on Sachs , notes = 11, edges =
17, M = 874. Results in the Paper: My results with different settings on Erdos-

renyi prior

Prior 𝔼 −#
Edges 𝔼 − SHD AUROC

N=10
E/N=1 9.226 22.538 0.449

N=10
E/N=1.5 10.682 22.719 0.535
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2. Uncertainty in Deep Learning (1)



The Four UQ Methods



2.1 The Four UQ Methods
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2.1 The Four UQ Methods

2.1.1 Bayesian Methods ( VI, Sampling and LA)
1. Train such BNN efficiently/on large-scale tasks: SaprseVI, Variational Bayesian Last

Layers, Symmetric-aware ( these are all trying to explore the Weight Space)
2. Other ways: transformers can do bayesian inference
3. design the prior/sampling efficiency/sample in high-dim space. Efficiently LA (matrix

factorizations)
4. For more complex posterior (sampling from, LA approx)
5. extend to other networks, applicability and extensibility

2.1.2 Ensemble Methods
1. The diversity: enable deep ensemble, Stochastic Ensemble
2. Fast Ensembling (train or inference): accelerate inference (Diffusion Schrödinger

Bridge),distillation; sharing info/weights among members
3. Connected with other traditional CV tasks (like Semi/self-supervised learning)
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2.1 The Four UQ Methods

2.1.3 Test Time Augmentation
Different Augmentations are performed on the input data at the time of testing, and then
multiple inferences are made using these enhanced data with single model to estimate the
uncertainty of the prediction through the distribution of these inferred results.

1. Uncertainty estimation: This method is particularly useful in cases where the input is noisy
or the sample distribution is skewed.

2. Improve the robustness of the model: TTA method can improve the sensitivity of the
model to small perturbations or noise in the input data by enhancing multiple generated
samples for multiple reasoning when the model is not confident about a single input
sample, thus enhancing the stability of the prediction.

• Pre-trained model friendly
• need to design the augmentation
• cost a lot
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2.1 The Four UQ Methods

2.1.4 Single Networks
1. internal: directly considering the output as some distributions
2. external methods: calibrated by gradient information, external metrics
3. Dirichlet and Evidential Neural Networks
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An Active Area: Conformal Prediction



2.2 An Active Area: Conformal Prediction

It is another way to do Uncertainty Quantification (predictive intervals).

An Introduction: https://github.com/pyladiesams/conformal-prediction-jan2024?tab=readme-
ov-file
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2.2 An Active Area: Conformal Prediction

Some Young talents like
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2.2 An Active Area: Conformal Prediction
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2.2 An Active Area: Conformal Prediction

Some Young talents like
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2.2 An Active Area: Conformal Prediction
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3. Makeup for Last Week



BayesDiff: Estimating Pixel-wise Uncertainty in Diffusion



3.1 BayesDiff: Estimating Pixel-wise Uncertainty in Diffusion
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3.1 BayesDiff: Estimating Pixel-wise Uncertainty in Diffusion

3.1.1 The Meaning of Uncertainty

Rensselaer Polytechnic Institute 23 / 31



3.1 BayesDiff: Estimating Pixel-wise Uncertainty in Diffusion

3.1.2 Figure and Filter Our Low Quality Images
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3.1 BayesDiff: Estimating Pixel-wise Uncertainty in Diffusion

3.1.3 Enhanced Diversity via BayesDiff
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3.1 BayesDiff: Estimating Pixel-wise Uncertainty in Diffusion

3.1.4 Correction for the Failure Generations
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Experimental Results of My Naive Thoughts



3.2 Some Experimental Results of My Naive Thoughts

Title: Uncertainty-guided Image Denoising: Experiments on CIFAR-10

3.2.1 Basic Settings
• Clean Images: CIFAR-10 datasets

• Noisy Images: CIFAR-10 datasets with Gaussian Noise: 𝑁(0, 0.1)

• Base Methods: U-Net based Denoiser, MSE loss =
1
𝑁
∑
𝑁

𝑖
(𝑦𝑖 − 𝑓(𝑥𝑖))

2

• Uncertainty-Guided: loss =
1
𝑁
∑
𝑁

𝑖
(𝑦𝑖 − 𝑓(𝑥𝑖))

2 + 𝛼𝑈𝑎, 𝑈𝑎 is the Aleatoric Uncertainty

• Baseline of U-Net Denoising on CIFAR-10: PSNR (Peak Signal to Noise Ratio) = 28.25 dB
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3.2 Some Experimental Results of My Naive Thoughts

Methods PSNR Hyperparamters UT/UE/UA

Basic U-Net Avg: 28.21 db \ .239/.088/.151

U-Guided 28.81 db stepsize: 25, alpha: 1–>2 quadratic .237 /.086/.151

U-Guided 28.79 db stepsize: 10, gamma = 0.1, alpha:1–>6
quadratic .251/.091/.159

U-Guided 28.81 db step_size: 5, gamma=0.3, alpha: 1–>6
Linear .238 /.087/.151

Clean Image \ \ .101/.036/.065

Noisy Image \ \ .678/.234/.445
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3.2 Some Experimental Results of My Naive Thoughts

Clean Noisy U-Net (28.21dB) U-Guided (28.81dB)

Looks similarly, but numerically succeed!
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4. Plan for Next Week



4. Plan for Next Week

1. Continue to summarize the Uncertainty in Deep Learning Github Repository
2. Read some other Bayesian Structural Learning papers, try to visualize & compare the

results
3. Extend reading on Uncertainty❌Generative Models
4. For the uncertainty-guided denoising attempts, try larger/more real-world datasets
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