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https://colab.research.google.com/drive/1R1CNujj6-kVPkl53RQLt5kE7tYVS-Zmp?usp=sharing
https://youtu.be/6dEp6oRN2NE
https://cool.ntu.edu.tw/courses/59878/discussion_topics/503203

Prerequisite

e Please watch Prof. Lee's following lecture video before working on this HW.
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Flow-based Generative Model



https://www.youtube.com/watch?v=uXY18nzdSsM

Prerequisite

e Please watch Prof. Lee's following lecture video before working on this HW.
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https://www.youtube.com/watch?v=ifCDXFdeaaM

Prerequisite

e Please watch Prof. Lee's following lecture video before working on this HW.
(Ignore the condition in the slides.)

Flow Matching
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https://www.youtube.com/watch?v=ccqCDD9LqCA

Task Description

e Goal: Learn about popular current generative models based on diffusion and flow

algorithms, then compare their inference-time efficiency.

e We recommend students read these papers for a high-level overview:
o Diffusion Model

o Flow Matching

o Rectified Flow

o MeanFlow

e Here, we provide a tutorial on generative modeling, skipping much of the math.

6
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https://arxiv.org/pdf/2006.11239
https://openreview.net/pdf?id=PqvMRDCJT9t
https://openreview.net/pdf?id=XVjTT1nw5z
https://openreview.net/pdf?id=uWj4s7rMnR

Credit: Flow-based Generative Model, ML2019 Spring

Generative Modeling

e Goal: Learn how to transport from one distribution to another.

e Usually, we map an easy-to-sample distribution to the data distribution:
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https://www.youtube.com/watch?v=uXY18nzdSsM

Credit: Flow-based Deep Generative Models

Variational Autoencoder (VAE)

e First, we aim to learn how to encode an informative latent variable that is similar to

a Gaussian distribution and can then be decoded to reconstruct the data.

e Here, we omit some of the derivation. If you're interested in variational inference

and the evidence lower bound (ELBO), this is closely related to both.

Decoder
po(x|2z)
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~

VAE: maximize ELBO. X —»| Encoder
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https://arxiv.org/abs/1312.6114
https://lilianweng.github.io/posts/2018-10-13-flow-models/

Credit: Tutorial on Diffusion Models for Imaging and Vision
You can use this hw (P4) to understand the concept (ML 2025 Fall)

From VAE to Diffusion

e [sone-step latent encoding too hard for the model? Why not gradually add noise

to the input? Can the scheduler do this instead of the encoder?

e What about using a Markov chain instead, and then encoding and decoding it?

Decoder Decoder Decoder Decoder
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https://arxiv.org/pdf/2403.18103
https://ntueemlta2025.github.io/homeworks/hw4/ml-2025fall-hw4-math.pdf

Diffusion Model

e We can think of the encoder as a calculation called the forward process, where

noise is manually added, and the decoder as the reverse process.

e So, the goal here is to learn how to gradually decode (denoise) the latent variable.

Fixed forward diffusion process

Noise

Generative reverse denoising process
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Diffusion Model (Cont'd)

e |t can be viewed as first predicting the clean image, then estimating the next noisy

state. If you're curious why this works, check out these two papers (DDPM, DDIM).

- : e~ N(0,1)

Xp X Xy X3 Xy Xy : Take gradient descent step on
g‘\/ R it M o W —— 2 e il Wi =5 i Vo ||e_59(,/o7tx0+\/1—07t€,t)||2

A A A .
I\ I I N J\ 6: until converged

_Reverse denoising process (generative)

Algorithm 1 Training

1: repeat

2: xo ~ q(x0)

3: t~ Uniform({1,...,T})
4

5

Algorithm 2 Sampling
( -~ 1: xr ~ N(0,I)
- - > €o(xi,t) . 2: fort="1T,..., 1do
3: z~N(0,I)ift > 1,elsez=0
4 xie1 = S (% - Jrkeolxi, ) + iz
5: end for
Time Repfesen(atlon 6: return xo

Fully-connected
Layers
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https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2010.02502

Score-Based Generative Model

e Let's consider another idea (you can view this paper; not covered in this hw):
o Make the transitions infinite, indexed by a Markov process, so the model

becomes continuous and connects to a stochastic differential equation.

Data Forward SDE Prior Reverse SDE Data

dz = f(z,t)dt + g(t)dw —)@— dz = [f(z,t) — ¢ (t) V. log pi(2)] dt + g(t)dw



https://arxiv.org/abs/2011.13456

Flow Matching

From this perspective, denoising process may deviate from the conditional optimal

transport (OT) path, causing diffusion sampling to overshoot.

I S
e A R
g S0 e - S0 DN R \
S A Rt 3 5 P R
SRR

.. &L
:,

Diffusion oT
Why don't we construct a linear transport (flow map ) and regress its velocity?

wWhlo0) — Seo)|

£CFM(0) = ]Et,q(ﬂvl),P(EO)
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Credit: Flow Matching Guide and Code

Flow Matching (Cont’d)

e Once our model is trained, we can simply integrate the learned velocity field using

ODE solvers (e.g., Euler) to recover the data, completing the sampling process.

(a) Flow (b) Diffusion

14



https://arxiv.org/abs/2412.06264

MeanFlow

e Up to this point, one challenge is the quality and efficiency trade-off:
o Diffusion and Flow models require an ODE solver and must query the model

multiple times, resulting in a larger number of function evaluations (NFE).

e What if we focus on average velocity? Then we can enable few-step generation!




MeanFlow (Cont'd)

e MeanFlow Identity provides a training objective for exact few-step inference!

d Algorithm 1 MeanFlow: Training.
U(Zt, r, t) — 'U(Zt, t) _(t — ,r-) %u(zt7 ,r-, t) Note: in PyTorch and JAX, jvp returns the function output and JVP.
—— ——r N—_——— # fn(z, r, t): function to predict u
average vel. instant. vel. time derivative # x: training batch

t, r = sample_t_r()
v e = randn_like(x)

(1 -t)*x+tx*xe
e - X

< N

u, dudt = jvp(fn, (z, r, t), (v, 0, 1))
(t—T)U(Z,’f',t) u_tgt =v - (t _ r) * dudt
error = u - stopgrad(u_tgt)

loss = metric(error)
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Assignment Format

e This homework consists of 19 questions worth a total of 10 points.

o Part 1: 16 Paper Reading questions (0.5 pt each).
o Part 2: 3 Coding questions (graded as 0.5/0.5/ 1.0 pt).

e You only need to complete the quiz on NTU Cool and submit it.

e It might be useful to go through a Colab tutorial on these topics first, then answer

some paper-reading questions.

17


https://colab.research.google.com/drive/1R1CNujj6-kVPkl53RQLt5kE7tYVS-Zmp?usp=sharing

Dataset

Use flow matching and MeanFlow to transform Gaussian noise into a Swiss roll.

Target: Swiss Roll

-2 1

-3 1

Source: Gaussian noise

-2 1

-3 4
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Metric

e Jensen-Shannon Divergence (JSD)

Dl = 3 Dua (A1 2L )+ 3 D (A 22

o Measures the "distance" between two distributions

o Symmetric version of Kullback-Leibler (KL) divergence

Image source: https://arize.com/blog-course/jensen-shannon-divergence/ 19
s


https://en.wikipedia.org/wiki/Kullback%E2%80%93Leibler_divergence
https://arize.com/blog-course/jensen-shannon-divergence/

Submission & Deadline

e Submit your homework to NTU Cool, you don’t need to submit your code.

e There is no submission limit for the NTU Cool quiz. Your highest score among all
attempts will be taken as your final grade.

e Deadline: 6/11 (Thu.) 23:59

e No late submission is allowed
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Grading Release Date

e The grading of the homework will be released by 2026/06/14 23:59:59 (UTC+8)
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Grading - Requlations

e You should NOT plagiarize, if you use any other resource, you should cite it in the

reference.

e Do NOT share codes or prediction files with any living creatures.

e Your final grade x 0.9 and get a score 0 for that homework if you violate any of the
above rules first time (within a semester).

e Your will get F for the final grade if you violate any of the above rules multiple (> 1)
times (within a semester).

e Prof. Lee & TAs preserve the rights to change the rules & grades.

22



If You Have Any Questions

e NTU Cool HW9 {E% 1R [=
o WNMERRZBHEERTRIEESEHIEF,

FE—{EFEANTU Cool &=

o BI#EMEEEEZENTU CoolstifE LAIERE

e Email: ntu-mI-2026-spring-ta@googlegroups.com

o Title should start with [ML 2026 Spring HW9]

o Email with the wrong title will be moved to trash automatically

e TA Hours
o Each Friday before / after class:
m (Fri.)13.20~14.10/17:30~18:00
m Location: {51112

23
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Chinese + English
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Q1.
(Choose three)
T AL Rk FF & Flow Matching B9 IO RS 2

. EBEEE—E time-dependent velocity field, FAZE simple prior distribution transport £/ data distribution
. ERLAH18 A—FE continuous normalizing flow / neural ODE #4 = # generative modeling

. EMNIEEERREEERERNTENSEMMBEN velocity, MA—TEEEEETE reverse diffusion chain
. E—EFEE% DDPM —#k7E inference B A Gaussian noise F #E sample

. 'E3E ODE solver #£ inference HIEHE— T 7] LR H M 5 A IR 7

moow>
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Q2.

(Choose three)

Flow Matching (&X &, & E/EEYFRIETER Optimal Transport path, TTAZ R EH diffusion path ?

A. OT path BT LIZEE K EAFNE R 2L 2 I interpolation BEIEE A EM transport

B. OT path HIB 122 ERT A ATE forward process H5E£ B R E—EEL

C. OT path AIgEfE sampling FrfRHIERIEE . EEHE, FLttiz®E sampling efficiency

D. OT path i Flow Matching SE£ AR E®EME, RFEMF closed-form mapping

E. {8/ OT-inspired path ATLLE R Flow Matching 7R 2 diffusion model 5 —iE &%
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Q3.

(Choose four)
THIHLLEE T, Flow Matching FI%8 Bk 34 R AT RE IR 2

A. Learned velocity field 7£ F LERFfs =R A~ 38 smooth, EE{ ODE solver EEE % steps F18%E

B. TargetiRpriorsr fEl#interpolationg% &t A~ 4%, {E1&HfE distribution X225, velocity magnitude XX
C. Model capacity &, #&;Z%EHEE{LL conditional velocity field

D. R&KEMR ODE solver 5#% inference steps 23K & learned velocity field

E. Inference budget 1B{&, =% R 7] LIRS /Y stepE hET
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Q4.

(Choose four)

7£ Mean Flows for One-step Generative Modeling &, /E& & EE A&{#E#HK Flow Matching B instantaneous velocity ~— & 2
one-step generation I EHAMNEE BIE?

A. One-step generation FEMZRREEHFIRBEMBREABUE, MAREE—EHMERE

B. Flow matching® Instantaneous velocity & RR % /N EiES, BEEZA—SEAEEREEMFFRIGET HHEBEZ
C. Average velocity A] LAk — Bt RSl PNAYE transport behavior, EIEL AT LAER 1-NFE 4 B

D. MeanFlow M E &£ BMREFFEIEH, FEMATBEEEZEMEM time conditioning

E. MeanFlow &3 average velocity £ instantaneous velocity 2 [E1#4 identity, R %31 JsR%REAY objective
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Q5.

(Choose three)

BAR MeanFlow F1E fth fast sampling 7EME R, THIML ;5B TSR ER?

A. MeanFlow 2 Effi{E 2% 5F# flow model ZXEFRX one-step student

B. MeanFlow F3Ra] LA{¢ scratch FIl#& one-step generative model

C. MeanFlow B4R ETEE—{E pretrained B flow matching model ifi B 23 thf§]# average velocity

D. MeanFlow B9#% L EigkZ#2 DDPM #J Markov chain i, % one-step model # Rk thousand-step model
E. MeanFlow f=Elff&/]N one-step model E2 multi-step diffusion / flow model B F B Z R
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Q6.

(Choose three)
T L EET, MeanFlow RIfE S T REEIBAEE 2

A. Inference budget JEEE, FINFEEL 1-NFE =454 function evaluations 4 FiEA
B. B3EG=EREE, 80 edge device. real-time generation 2 B &= fE F

C. FREFLHZRREM multi-step ODE/SDE sampling

D. E#EZ £ ETF inference latency, RiBRKE sampling steps THREME

E. Model #J average velocity 2§+ 39#, {H Instaneous velocity 23R4T
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Q7.

(Choose one)
T 5IME L EL3%E DDPM [RIASRSCHIRIDBERL ?

A. # diffusion probabilistic model #0 variational bound Il E #E#E 5k
B. & transformer self-attention £ 2 X E & &k

C. #3I#0 denoising score matching / Langevin dynamics BJE8{%

D. $&B8 one-step sampling — &M% sampling

E. T2 ZE likelihood B latent variable model BJ%7 2,
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Q8.

(Choose two)

B DDPM HRuh, T5IMLEpESE 2

moow>

. ERLLERRERR noise level FEl#E4EEY AN AR noise

EEETREE forward noising process

. EiZ reverse process E— L HEEHE LR
. EMEERERIIGERE M image classification
. E&’~ DDPM FFEZEET noise schedule
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Q9.

(Choose three)

DDPM # progressive lossy decompression LLE i1 T 5l i LL &= 2

A. EBCGBTER] LIRE R EFRADE noise IKREZ L YREMIER
B. 3~ DDPM Z## autoregressive language model

C. &[] reverse timesteps Al LIHEE| R EBREANER

D. EX & SEIRE B AR E A B IR1E M &R

E. EREEZ DDPM £ FEE denoising
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Q10.
(Choose three)

7 Rectified Flow #, straight path &{+EEF0 sampling efficiency BEd ?

. AALLEER trajectory AEERFIE coarse discretization FIERZE
. A% straight path ZEER TR FEZZEMA mapping

. B A few-step Bk single Euler step S LB HEH K

. EABERALURD A HERNER transport

. A% straightness FIME—INAEER BN stochastic noise

moow>»
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Q11.

(Choose three)
BAR Rectified Flow B reflow, FHIBLE 0%k & 2

A. ERLIFIFRT—8R flow E &£ #THI coupling 5 trajectory

. EEXE R %k DDPM-style stochastic reverse chain

. B4 convex transport cost FIEMAIMEE, £1F reflowtt ZRAIHE R AT LR IREE R 4FHY
. ERFE—RX reflow BLEEFEISEE optimal transport map

. EAJREEERE flow BY trajectory BE

mooOw
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Q12.

(Choose four)
THIMLEAT KR ERFE Rectified Flow BIAEERL ?

A. #%&—1{& empirical distribution transport £ 5 —1{& empirical distribution
B. AT fRimage generation

C.f& Fireflow 3% 4 B Y path E NEY straight

D. & & source distribution 1 target distribution # dynamics

E. £T2AEE source distribution, RFEE final labels
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Q13.

(Choose three)
TETENFREAAR A E LRI R AR XX, T AL S 2

A. DDPM: 2 %[ noise level T# denoising / noise prediction ¥HEd B 12

B. Flow Matching: 1R#53E % probability path 2% priorfRtarget:Z Fl4R 5 E (B B R A 122 L
C. MeanFlow: Ll average velocity £ A5 BtiL one-step generation #J target

D. Rectified Flow: SE£{&#& target distribution 12 &
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Q14.

(Choose three)
ftfew step generationf ELLESPRE SRS, THIMBLE 375 LB #ERE

A. MeanFlow FIE %3 one-step generation A &R EH %D

B. Flow Matching B path design FI8ESZE sampling BEZ VS ¥ SZ | LEEITAME
C. DDPM {1 #1sampletB &R 200 MfE R A EFHEEEE

D. Rectified Flow &1 straightening i coarse Euler step E &I

E. Flow Matching #1 Rectified Flow #5222 54 8L:E1ZERIRE
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Q15.

(Choose four)
—EEEE 1-NFE sampling RIRRZ, {B7E 50-NFE RIBPEIF, THIMLAARLLE T A EMNBER XL ?

. ERTEEEE|M R instantaneous local dynamics, M2 A XL i EHEERIAY average behavior
. 'EM path 2X trajectory RTREAE, i single Euler step RIAEIERER K

. EARERIBR S IEERE, At H sampling ERZII#EE inference B mismatch
ERRBRSTLZELEE data distribution, E&RE 50-NFE 1R AIAE 1-NFE £

. &2 DDPM, 5EFEIR R ATREFN denoisingi B BB AR EE

moowm>
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Q16.

(Choose four)
MR—EAEERL DDPM ), THMLELRIVLEXEDREEM?

A. LEEX4EE sample quality THEZ 4> NFE

B. LL#E#HE NFE T sample quality @& T

C. :RBAZEEA distillation, teacher model B84} SR B A

D. E2 A FEERE wall-clock time, B& NFE —ERZE&FREERE

E. &A% {EH ODE solver, FEzRBA solver type. step size B discretization %5
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i5&[E Colab f#E#) Summary Histogram JS Table, 12X #&R R H7E Histogram JS values fF &KW EHITLER T HEH: Flow
Matching < 0.10, MeanFlow < 0.40,

Dataset Method Inference steps Histogram JS |
0 Swiss Roll Flow Matching 50

remiy
1 Swiss Roll MeanFlow 1 e
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Q18.

(Choose three)

RFAN AR PERRE|M training curves FIHREAFIRA, THIML KRS EEER 2

A. #E#%:B32 R, Flow Matching #1 MeanFlow 4 losses #3& & I 1T F B T %,

B. ZEII#BIEF, loss MIRBIER LA —ERKREBKAREETEE,

C. MeanFlow Lt Flow Matching E#&x{E{t, MMEEM training loss & & LLEFIEE

D. Blf# MeanFlow HJ training loss curve LLEX R FF, ERATRELEM KBS Swiss Roll #5#H) one-step samples.,
E. hEZE EAMKANARRE HAESR loss T —ERETERBREMME.

F. 8 REEERER, JIiEE S epochs —ERBZESINTIFMERRE,



Q15(1pt)

£ %K inference comparison &%, &L Flow Matching #1 MeanFlow £ [F inference settings TRIAERMFER,
RIRBMREINER, REAREAEEARSELNIEZER, fYEREELFTEFN R TEERELE:

Flow Matching {8 1 Euler step #1 MeanFlow {£f 1 step It RZ=E,

Flow Matching 7£74<[E Euler step counts TSR %L, 0 1, 5, 10, 20, 50 steps.,

7£48[F ODE steps T, Euler #1 RK4 f#tR =8,

7E£4838 model-evaluation budget T, Euler #1 RK4 B R Z2, 30 Euler 20 steps 1 RK4 5 steps,

T EZERMIFHER metric values, FEULE KRB REER AE, 1A inference steps. solver choice 1 computational budget &
M EERRE,

EIZEE# 100-200 words,



English problems
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Q1.
(Choose three)
Which of the following statements align with the core concepts of Flow Matching?

A. It typically learns a time-dependent velocity field that transports a simple prior distribution to the data distribution.

B. It can be viewed as a form of generative modeling based on continuous normalizing flows / neural ODEs.

C. Its training objective usually directly asks the model to predict the velocity at each time step, without necessarily simulating a full
reverse diffusion chain.

D. It necessarily requires adding Gaussian noise during inference, just like DDPM, in order to generate samples.

E. It guarantees that the ODE solver can always obtain the optimal solution to the differential equation during inference.
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Q2.

(Choose three)

In the Flow Matching paper, why do the authors specifically discuss the Optimal Transport path instead of only using the diffusion
path?

A. The OT path can make the interpolation between data points and noise points closer to an efficient transport process.

B. The goal of the OT path is to make all samples collapse into exactly the same point during the forward process.

C. The OT path may make the sampling trajectory shorter and more direct, thereby improving sampling efficiency.

D. The OT path allows Flow Matching to completely avoid using neural networks and only requires solving a closed-form mapping.
E. Using an OT-inspired path demonstrates that Flow Matching is not merely another formulation of diffusion models.
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Q3.
(Choose four)
In which of the following situations might the performance or efficiency of Flow Matching be limited?

A. The learned velocity field is not smooth enough in some time intervals, causing the ODE solver to require more steps for stable
sampling.

B. The interpolation design between the prior and target distributions is poor, making the intermediate distributions difficult to learn or
causing the velocity magnitude to become too large.

C. The model capacity is insufficient to accurately approximate the conditional velocity field.

D. A higher-order ODE solver or more inference steps are used to solve the learned velocity field.

E. The inference budget is extremely limited, so the model can only use a small number of steps for estimation.
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Q4.

(Choose four)

In Mean Flows for One-step Generative Modeling, why do the authors argue that the instantaneous velocity used in traditional
Flow Matching is not necessarily the most natural learning target for one-step generation?

A. One-step generation requires the overall displacement effect from the starting point to the endpoint, rather than only the velocity at a
single instant.

B. In Flow Matching, instantaneous velocity is suitable for integration using many small steps, but it may not align well with the goal
when directly crossing the entire time interval in one step.

C. Average velocity can describe the mean transport behavior over a time interval, enabling generation with 1-NFE.

D. The main goal of MeanFlow is to completely remove the time variable, so the model no longer needs any time conditioning.

E. MeanFlow establishes a cross-time objective through an identity between average velocity and instantaneous velocity.
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Q5.

(Choose three)

Regarding the difference between MeanFlow and other fast sampling methods, which of the following statements better align with the
claims of the paper?

A. MeanFlow is not simply distilling a pre-trained flow model into a one-step student model.

B. MeanFlow argues that a one-step generative model can be trained from scratch.

C. MeanFlow requires a pre-trained Flow Matching model and learns the intermediate average velocity from it.

D. The core contribution of MeanFlow is to lengthen the Markov chain in DDPM, turning a one-step model into a thousand-step model.
E. MeanFlow aims to reduce the quality gap between one-step models and multi-step diffusion / flow models.
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Q6.
(Choose three)
In which of the following scenarios would the advantages of MeanFlow likely be more apparent?

A. The inference budget is extremely low, such as when samples need to be generated with 1-NFE or very few function evaluations.
B. The deployment scenario prioritizes speed, such as edge devices, real-time generation, or interactive applications.

C. The user wants to avoid long multi-step ODE/SDE sampling procedures.

D. The task does not care about inference latency at all and only pursues the highest quality under a large number of sampling steps.
E. The model learns the average velocity poorly, but learns the instantaneous velocity very well.
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Q7.
(Choose one)
Which of the following is closest to the core contribution of the original DDPM paper?

A. It connects diffusion probabilistic models with training based on a variational bound.
B. It proposes transformer self-attention as its main contribution.

C. It establishes the relationship with denoising score matching and Langevin dynamics.
D. It proves that one-step sampling is always better than multi-step sampling.

E. It completely abandons the perspective of likelihood or latent variable models.
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Qs8.
(Choose two)
Regarding DDPM, which of the following interpretations are reasonable?

A. It can be viewed as training a model to predict the added noise under different noise levels.
B. It does not require a forward noising process at all.

C. It trains the reverse process to perform local denoising at each step.

D. Its main function is to train a model for image classification.

E. It means that DDPM does not require any noise schedule.
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Q9.
(Choose three)
Which of the following best describe the idea of progressive lossy decompression in DDPM?

A. The generation process can be viewed as gradually recovering details from a noise state that contains very little information.
B. It means that DDPM is a purely autoregressive language model.

C. Different reverse timesteps can correspond to the reconstruction of information at different levels.

D. The data may first recover coarse/local information and then gradually recover finer details.

E. It means that DDPM does not require denoising at all.
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Q10.
(Choose three)
In Rectified Flow, why is a straight path related to sampling efficiency?

A. Because a straighter trajectory may reduce the error caused by coarse discretization.
B. Because a straight path means the model does not need to learn any mapping at all.
C. Because few-step or single-step Euler sampling is more likely to be effective.

D. Because it can reduce unnecessary curved transport.

E. Because the only function of straightness is to increase stochastic noise.



011

Q1.
(Choose three)
Regarding reflow in Rectified Flow, which of the following statements are reasonable?

A. It can use the flow from the previous round to produce a new coupling or trajectory.

B. Its main purpose is to turn the method into a DDPM-style stochastic reverse chain.

C. Due to the property that the convex transport cost does not increase, the result after reflow can be theoretically justified as improved
or at least not worse under that cost.

D. It guarantees that a perfect optimal transport map can be obtained after only one reflow step.

E. It may make the trajectories of subsequent flows straighter.
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Q12.
(Choose four)
Which of the following tasks or settings align with the methodological positioning of Rectified Flow?

A. Transporting from one empirical distribution to another empirical distribution.

B. It can be used for image generation.

C. Using reflow to make the generated paths straighter.

D. Learning the dynamics that connect the source distribution and the target distribution.
E. It does not require any source distribution and only needs final labels.
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Q13.
(Choose three)
From the perspective of training signals, which of the following comparisons among the four papers are reasonable?

A. DDPM: It learns denoising / noise prediction objectives under different noise levels.

B. Flow Matching: It learns the continuous-time transformation between a prior distribution and a target distribution based on a
specified probability path.

C. MeanFlow: It uses average velocity as a target that is more aligned with one-step generation.

D. Rectified Flow: It relies entirely on learning only from the target distribution.
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Q14.

(Choose three)

From the perspective of few-step generation, which of the following statements provide a more accurate comparison among the four
papers?

A. MeanFlow most directly places one-step generation at the core of its method design.

B. In Flow Matching, the choice of path design may affect how many sampling steps are needed to achieve good results.
C. In DDPM, one-step sampling does not show a significant difference compared with 200-step sampling.

D. Rectified Flow uses path straightening to make coarse Euler steps more reasonable.

E. Flow Matching and Rectified Flow completely avoid the issue of choosing the number of sampling steps.
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Q15.

(Choose four)

If a model performs poorly with 1-NFE sampling but performs well with 50-NFE sampling, which of the following explanations better
align with the perspectives of these four papers?

A. It may have learned instantaneous local dynamics rather than average behavior suitable for crossing a large time interval in one
step.

B. Its path or trajectory may be too curved, causing large approximation error when using a single Euler step.

C. It may rely on gradually correcting errors step by step, so few-step sampling exposes a mismatch between training and inference.
D. This means the model has not learned the data distribution at all, because if 50-NFE works well, then 1-NFE cannot be poor.

E. For DDPM, this phenomenon may be related to the fact that too much information is compressed during the denoising process.
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Q16.
(Choose four)
If a method claims to be “faster than DDPM,” which of the following comparisons are necessary, or at least important?

A. Compare how many NFEs are required to achieve the same sample quality.

B. Compare whether sample quality drops under the same number of NFEs.

C. Clarify whether distillation, a teacher model, or additional training cost is used.

D. There is no need to report wall-clock time, because NFE is always exactly equivalent to real speed.

E. If the method uses an ODE solver, it should specify the solver type, step size, or discretization settings.
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Please screenshot the Summary Histogram JS Table from Colab. The submitted result is valid only if the Histogram JS values satisfy
the convergence standards: Flow Matching < 0.10 and MeanFlow < 0.40.

Dataset Method Inference steps Histogram JS |
0 Swiss Roll Flow Matching 50

remiy
1 Swiss Roll MeanFlow 1 e
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Q18.

(Choose three)

Based on the training curves and intermediate generated samples observed during training, which of the following statements are
consistent with the experiment?

A. During training, the losses of both Flow Matching and MeanFlow decrease smoothly as training progresses.

B. During training, a fluctuation or temporary increase in loss always indicates that the generated sample quality is getting worse.
C. MeanFlow is harder to optimize than Flow Matching, and its training loss is usually less stable.

D. MeanFlow may still produce one-step samples that roughly follow the Swiss Roll structure, even if its training loss curve is less
smooth.

E. The visual quality of generated samples should also be checked, because loss alone may not fully reflect generation quality.

F. Training for more epochs always guarantees better sample quality for both models.
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In the final inference comparison section of the Colab assignment, you will compare the generated samples of Flow Matching and
MeanFlow under different inference settings.

Please describe the main differences you observe in the generated samples. Your answer should discuss at least two of the following
comparisons:

Flow Matching with 1 Euler step vs. MeanFlow with 1 step.

Flow Matching with different Euler step counts, such as 1, 5, 10, 20, and 50 steps.

Euler vs. RK4 under the same number of ODE steps.

Euler vs. RK4 under a similar model-evaluation budget, such as Euler 20 steps vs. RK4 5 steps.

You do not need to report exact metric values. Focus on what you observe from the generated samples, and explain how inference
steps, solver choice, and computational budget affect generation quality.

Your answer should be around 100-200 words.



