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FlowDrive: Energy Flow Field for End-to-End Autonomous Driving (arxiv2025)

" SRR IR SAUAIGEY, B B FEEP — [ S | - oo s

MAEIHDiEIEZRKEREaT BEV E, BSXEEIEES ™  BEVFeturs 0.2
5‘6 gﬁ ElI‘J EIIL ft @ *E / Xﬁ L\/L 1% BE %Ij_lu jZI.] § é AJ %74% ﬁ: / EI:E II:I:II (a) BEV-based Regression Paradigm

FlowDrive HEZR,

. A=z 8 =~ RS Y Generation 03
m FlowDrive @05 \MIERRERMEERLE, Hnals B —FreP — [ Sm | — =

ISR T BNE S SR, B W S e 0
%"_}j — %ﬁ' nﬁ“ ﬂﬁ“h — ﬁgﬁiﬁz" H{J*E;’Eiﬁi—l—, 1'5;2&1-& (b) BEV-conditioned Generative Paradigm
R T MBE R EFREFINEBIUESBS PRI ﬁ Flow Ficld
j(% ,l"l—"_l\ o ‘ ; Features
n R AR EERNRETEETT. T, P \
A TR N B SR R AT, @ === )=
B EEIRA: EXRSTRIESSRBRIZRANRITTERIER, 5™ BEviawe ‘E----- - oo 02
oK XIS 1R TT. Viotion Decoulpling

it DTG Ry (i B
EBDE_[‘TI—\,\HE f%ﬁ)‘{\?ﬁﬁi@,(ﬂ <7 \Duii)lg ) I
: . " et o2 (@ ) EIEMBEVERPITUAERIE T EFRER.
Iﬁiﬁli) —Iif)nu'f—tﬂgs ’éﬁ?ﬁgﬁﬁﬂﬂ'ﬂmf;—?—gﬁliﬁﬁmﬂ ( b )E?BEV %?IE%1;$EHJ‘LEE/\J$EE§E:—EEO ( C )j;%tlj

aelE. T ETFBEVEHIE N R S R AB T



( Segmentation ] R\ ¥ D |:| |:| D |:| D (b) Flow Filed Learning

f o N e
— z — . sl
o < T
1 w5 |~ (P — o | |o8 | s
é | E. BEV Features - v—-—-- : % — % = . 0= —~ - % Risk Flow Field
1 %) g H é <&z Z —— = T
" I:L A ‘ e %. =i B ow Features g i ”::,E*:, ==
3 = —= - S HRi Coen
1 ] . - - | X TER RN T Bt
o . Detect ‘—"' < L J oA L J IR i——
Lidar [Uptmnal} N J L eehon - '_3\:"_:!:"?": ] < J M = ) | Thiaii t‘ el
(a) Perception Lane Flow Field
(¢) Anchor Refine (d) Motion Decoupling Generation Planner
r—“_\
anchor Nois ﬁ é Agent é !
= S N Al
[ —_— 3
E Trajectories E,;
g3 = 4 . y "
g3 Time Modulation Mode
_ update ;E g Eﬁ E g E ime Head
-_::i_ —— -_— 'éq @ ‘i_\i = ‘K'j — F - . 'Y
a ' —_— ; E: ; ﬂ::- ol "zﬂ = | Timestep:t = —
= a .
Add Noise T 5@ 532 Time Modulation Traj :
) Head Denoised
— ¥ Trajectorics
& @
-_— Sample Ego Status @

Anchored Gaussian Distribution N * lterative Diffusion Denoising

R XEMERXE (FE4%S)  FREFEFHEEN



Im %! i -- AR tE X TAE

FlowDrive: Energy Flow Field for End-to-End Autonomous Driving (arxiv2025)
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<think> This is a complex scenario requiring
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| wait for the vehicle on the right to pass before ° Fast Thinking

proceeding straight with caution.</think>
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" tion_32><action_42><action_38></answer> EE
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<answer><action_22><action_12><action_26><
action_34><action_31><action_33><action_68>
1 <action_53><action_42><action_58></answer>
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.

Sample 3 | QSIowThinking : SIOW Thinl/(lng —
L Snemessemecomonuns  IBROAHR: HRT, SEEE, TRIPLES,
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<answer><action_12><action_23><action_14><
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AutoVLA: AVision-Language-Action Model for End-to-End Autonomous Driving with Adaptive Reasoning and
Reinforcement Fine-Tuning
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