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3.1: &L kT = ZhFRER \subsubsection

S8 SR R ] =hR8 (B \subsubsection, &R “1.1.1 FR@ig” XAER). AR E
B AR N AR, AT FIEX A g5 =gbndidn S, @ H T8 \noindent \textbf, R/5%
BB IR0, ANEMATE S REB, . Biln:

itz (V)

i \noindent\textbf{This is a third-order heading.} This is the following paragraph.

AMERE (X)

i \subsubsection{This is a third-order heading}

> This is the following paragraph.

CVPR/ICCV Author Guidelines:
“If you require a third-order heading (we discourage it), use 10-point Times, boldface, initially capitalized, flush left,
preceded by one blank line, followed by a period, and your text on the same line.”

ECCV Author Guidelines:

Heading level Example Font size and style

3rd-level heading Headings. Text follows ... 10 point, bold

CVPR/ICCV/ECCV BIRfiAHERA 6 ] = b, 59X ICML/NeurIPS/ICLR/AAAT 252513 A A4 A0
e (ICML BARRES IEPU AR, AU — B EE 0. = HAREuE & S 2 RS, 1R
W 32 BR A 2 BOR ST F AR . WITPHe SOl THMAEER, v AEH =Zbnst.
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3.2: &3 Related Work FIY/MRER{#E  \noindent\textbf

B L E R 2 Related Work H B35 B \subsection. IER M “ ARSI STERFERT S ER KA, 5
FAA R 2 W08 SCRRUE -

AU B IR, LRI SCR A 2 )5

fietd (V)

\noindent\textbf{Vision-language pre-training.} Existing methods learn transferable

representations from large-scale image--text pairs

AMiERE (X)

\subsection{Vision-language pre-training}

Existing methods learn transferable representations from large-scale image--text pairs

B 33 {EH \s\ref ZiE5|HET ;

FEIESCPE] ] Section 3 Appendix B, AIPAMEH \S\ref{}, K&T75|H BEMERK “§37 5 “§A”, WA
WSEREE Y “Section 3”7 B “Appendix A”. XFMEIEE UHE, HFRETEAITAZN, THEGRIEZ RS
WAE s

etz (V)

The implementation details are provided in \S\ref{sec:implementation}.

The complete proof is deferred to \S\ref{app:proofl}.

AMERE (X)

The implementation details are provided in Section~\ref{sec:implementation}.

The complete proof is deferred to Appendix~\ref{app:proofl}.
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fetE (V)

\noindent\textbf{Author guidelines for submission.} This is the following paragraph.

AMEERE (X)

\noindent\textbf{Author Guidelines for Submission.} This is the following paragraph.

K —2% ) — KA (\section/\subsection) Z}PFHHIITE.

L ALE RS
CVPR/ICCV /NeurIPS/ICLR/LJCV 3¢, —%¢/ " hnd & ]l k5", filan
22 (V)

. \section{Headings: first levell} ...

AHERE (X)

1 \section{Headings: First Levell} ...

2. AR, Wiy

ECCV/AAAI/ICML 3¢, —%%/ —RbrBr A S RE « BEA— A/ NS (BRIEE Anaiss—An),
4l a, an, the, of, in, on, to, and, but, for, with..., Y¥7%, W EFAFHGHIE G, WA B E Y

FHRE, BARRRA RS, fiin:
et (V)

. \section{An Example of a Correct Heading}
> \section{Gumbel-Softmax}
5 \section{End-to-End Training}

AMERE (X)

\section{An Example 0f A Heading}
> \section{Gumbel-softmax}

\section{End-To-End Training}

e ICLR B, bl ARRA TR RS (SMALL CAPS), {H7E ITEX Y50 R R RS B Bt & [ 3 e

R/ NERUR G A% K

CVPR/ICCV Author Guidelines:

“FIRST-ORDER HEADINGS. (For example, 1. Introduction) should be Times 12-point boldface, initially capital-

ized, flush left, with one blank line before and one blank line after.

SECOND-ORDER HEADINGS. (For example, 1.1. Database elements) should be Times 11-point boldface, initially
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capitalized, flush left, with one blank line before and one after.”

NeurIPS Author Guidelines:

“All headings should be lower case (except for first word and proper nouns), flush left, and bold.”

ICLR Author Guidelines:

“...First/Second level headings are in small caps... "

ICML Author Guidelines:

“Section headings should be numbered, flush left, and set in 11 pt bold type with the content words capitalized. Similarly,
subsection headings should be numbered, flush left, and set in 10 pt bold type with the content words capitalized.”

ECCV Author Guidelines:

Heading level Example Font size and style

Ist-level heading 1 Imtroduction 12 point, bold
2nd-level heading 2.1 Printing Area 10 point, bold

1JCV Author Guidelines:
3 This is an example for first level head—section head
3.1 This is an example for second level head—subsection head

3.1.1 This is an example for third level head—subsubsection head

p 3.5: AAAI #EhR{E BR85S \setcounter{secnumdepth}{2}

e AAAL B, —Zf “ a8 B g s . 2RI, TEEABRIE, AAAT BSGEFH A BRRGITT
T, EXLWAERNECERNEASAEELE SR B FGECAFERAGE (FIAN “see Sec. 4.17), Ik, AIEFFHX
JE AR 5 D fE -

i \setcounter{secnumdepth}{2}

iFF%: AAAI Author Guidelines:

i \setcounter{secnumdepth}{0} /May be changed to 1 or 2 if section numbers are desired.




3.2 1. KEHIAAE 3 XF

3.2 4730, AR SIIDRE

K aami

TEHERS v 73 5 B A R 1 AN A 35 /0 s BRI A T B4, APRFR L0 PA 5 P ek . ATl GPT B HAT
BCETH R T. Biltn:

Atz (X)

When the text wraps awkwardly near the end of a paragraph, you may end up with a final line containing a few
words.

17 (V)

When the text wraps awkwardly near the end of a paragraph, you may end up with a final line that contains only

a few words, which looks visually unbalanced.

R XN, AP SRR ST

3.7 BRI B ERIRIR A

WICE M R A PR, PR E R R . Mz E R LGS, L ARPLH] . Rk s
S RAAEER .

ER BRI BT,
L A R B R A B I A
We propose a novel/new/effective method/framework ...
propose 4% B BV WS S HIA B, BNREAHSXA paper T novel/effective 253 {:4:
K ORI EEULI AR ELS] . Hro A 08T .
AfEtE (X)
We propose a novel method for multimodal emotion recognition.
itz (V)
We propose a slow-fast synergy framework that explicitly combines the recall-oriented intuition of fast

thinking with the precision-oriented selectivity of slow thinking.

2. “Can be seen from Figure/Table”, “We can observe that”
ANEGE FTPARE”, HE “HRAT.
AHERE (X)
It can be seen from Table 1 that our method achieves the best mean performance.
it (V)
Table 1 shows that our method achieves the best mean performance.
3. REGR BN SO REA I Y BR 7 1]

TEFIA 7y 2E0S , mainly I broad #R{EFRIFZ M MR IER) . —F (R Hh Bl i SO RE A,
)T RS .
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AMERE (X)

Existing approaches mainly fall into two broad categories:
#itE (V)

Existing approaches mainly fall into two categories:

S 3-8 5| A% arXiv &=

—WIEICAE Google Scholar R REFFAEZMIRAS . 51N AESEHE M S WS TIRIE R BURAS, #E55] A
arXiv FENAAR .

iF#:  CVPR Author Guidelines:
“To reduce confusion, whenever citing papers that initially appeared on arXiv, the authors should check whether

those papers had subsequently been published in a peer-reviewed venue, and to cite those versions accordingly.”

SV 2 [T PFe, 51,

o -9 FEERY 3| AR

SWE T AR S A4S,

CVPR, ICCV, ECCV, NeurlPS, ICLR, ICML, AAAI, UAI, AISTATS, MM, TPMAI, TMM, TCSVT, ACL, EMNLP,
JMLR, PR, WACV...

2% A TBRAES (authors), FRM (title), 4F47 (year). KRXWHIIT (venue) PYI{FERIT], H
iRy, #5 . Gk, k. DOI. URL 45 rI45 8. filan:

AHERE (X)

| @inproceedings{Zhu_2023_ICCV,
> author={Zhu, Beier and Niu, Yulei and Han, Yucheng and Wu, Yue and Zhang, Hanwang},
5 title={Prompt-aligned gradient for prompt tuning},
booktitle={Proceedings of the IEEE/CVF International Conference on Computer Vision},
month={0ctober},
¢ year={2023},
: pages={15659-15669}
s 1}
it (V)
| @inproceedings{Zhu_2023_ICCV,
author={Zhu, Beier and Niu, Yulei and Han, Yucheng and Wu, Yue and Zhang, Hanwangl,
; title={Prompt-aligned gradient for prompt tuning},
| booktitle={ICCV},
year={2023}
o }

R RN, IR SR
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3.10: Caption FFLiBEARM The/A/An

Atz (X)

The overview of our method.

An illustration of the proposed framework.
The comparison of different methods.
HEt (/)

Overview of our method.

Illustration of the proposed framework.

Comparison of different methods.

Caption i # AN 5EHIEIA) T, TR, HIIT A ] AR I i) o

3.11: {£& Google Scholar 5| iR

M Google Scholar ) BibTeX & H IAg =15 : 2WIESL (@inproceedings) S imHARIC A TIIE
3 (@article) . G, NeuwrIPS SELW 5% H A WP BRI N article, FEGEJMIE/D “In CVPR”
g% “In NeurIPS” FFff) In HiZh. H7E5 | A H F3) 8 1E N @inproceedings, F HAM A journal I
3 booktitle DARH{FASEIEH .

AHERE (X)

1 Garticle{ho2020ddpm,

2 title={Denoising diffusion probabilistic models},

3 author={Ho, Jonathan and Jain, Ajay and Abbeel, Pieter},

| journal={NeurIPS},

5 year={2020}

¢ }
itz (V)

| @inproceedings{ho2020ddpm,

) title={Denoising diffusion probabilistic models},

3 author={Ho, Jonathan and Jain, Ajay and Abbeel, Pieter},

1 booktitle={NeurIPS},

5 year={2020}

| B REBEEXSERRIEA bug.
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3.12: Fiken &

HJAE define.tex Hlid i \ours Gi—E SUESCHHIITIES , HOEM S5 IESOR B AR AR 2. f
n:

i \newcommand{\ours}{\texttt{UV-CoT}}

WICERNETTIENY, NI RAFRI SRR, HORFFS TR MR 7. ian:

I We introduce an \texttt{U}nsupervised approach to \texttt{V}isual \texttt{CoT} dubbed

as \ours.

W
We introduce an Unsupervised approach to Visual CoT dubbed as UV-CoT.
HE: A \ours J5 BRI, WAE PRI EAMAT SRS 77, filan:

1 \ours~method achieves the SoTA results.

BN k4 5 IR S0 F S EEME.

R S{RERBR A RS SO AR My SR OUREAE R R PR, R TN T
HERRI, W BRI

3.13: Related work or Related works?

“work” JE—NAA[ 4 1E (Z{L) research. information) , K IMIERE EiE, “Related work” A 2briE ik,
FETNEEANFH X G TR B AR & . 1T “Related works” 38 7 3647 12057 A9 B AR B SR 5UAE -

BARIETR 2 UWOE SCH R SRR LR, A SCRAMTEE R “Related work”; %=L H i A HS M B0IE
A S FE

p 3.14: Ablation studies and analyses

TSI ET R, AREEZ N ARBER SRS T, WA HZEIE “ablation studies” #l “analyses”.
B LR, BIEA 2L In s, hss iRt BE0P “study” 5 “analysis”.

&

| R H—RE O, WEhEITR .

g 3.15: JFEE \itemize HIZEIH

FELWHM T \itemize HEAZEZEFH K, TEAESE SCHR A S IR e a1 a5 1] o FEAS S M v PR A4 T
B FBFERy, A4 NG, S I SCE M .
enumitem {9 0] PAGE—F 51 R ghit, Hilan:

i \usepackage{enumitem}

o

\setlist[itemize]{leftmargin=1.2em}
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p 3.16: abstract 4y E&
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3.19: ZEAHFE BN IFE Abstract
MTZ2H083C, B EMESE =TT

%, (Hths 5 WAssit.
A R T A

IR

N~

AL T2 /] B A+B B il )
UL, R T EIE LA, AT DR A S R T R G 2
XA R AR AN ZI T 5, 1M 2 AT AL HSS AR SR U & BB L T

4G, 4N “Recent advances in ... have achieved ...’

"o R EIRB N
B3, T BT BB

Abstract

Abstract

Abstract

We address the overlooked unbiasedness in existing long-
tailed classification methods: we find that their overall im-
provement is mostly attributed to the biased preference of “tail”

however, when the test is as imbalanced as the long-tailed
training data—let the test respect Zipf’s law of nature—the
“tail” bias is no longer beneficial overall because it hurts the
“head” majorities. In this paper, we propose Cross-Domain Em-
pirical Risk Minimization (xERM) for training an unbiased
model to achieve strong performances on both test distribu-
tions, which empirically d ates that XERM fund

tally improves the classification by learning better feature
representation rather than the “head vs. tail” game. Based on
causality, we further theoretically explain why XERM achieves
unbiasedness: the bias caused by the domain selection is re-
moved by adjusting the empirical risks on the imbalanced
domain and the balanced but unseen domain.

(a) BRI EIRT

It is generally expected that, even after applying a defense, models remain less
accurate on adversarial inputs than on clean inputs. However, we observe that
Directional Bias-guided Defense (DBD), a test-time defense for zero-shot CLIP,
achieves high adversarial accuracy under ground-truth-guided (GT-guided) attacks,
CVen surpassing clean Zero-shoi TWe study (his countermtuitive result an
identify a critical evaluation caveat: when the attack objective explicitly uses
the ground-truth label, the attack process leaves recoverable label mtormauon in
the attacked feature that can be exploited by a recovery

We find that explicit reasoning does not necessarily translate into better multi-|
modal emotion recognition (MER) accuracy, even though it makes predictions
more mterprelable Specifically, for reasoning-| based MLLMs, fa:l lhmkmg by tng-

Our empirical analyses show that fast thinking improves recall with broader and
more confident predictions, whereas slow thinking favors precision through con-
servative filtering of incorrect categories. Building on these insights, we propose

Theoretically, we analyze this result from three aspects: (1) GT-guided attacks push
the features away from the true class; (2) DBD can recover such attack direction
from the transformed views; and (3) after reconstructing the attacked feature along
this direction, the true class margin can exceed the margin on the clean feature,
accounting for why DBD can surpass clean zero-shot CLIP. Empirically, our results
across multiple datasets, attack settings, and CLIP backbones support this analysis.
DBD recovers the true label and achieves its unusual gain only when the attack
process uses the ground-truth label. When the attack objective does not use the
ground-u’uih label, DBD fails to recover the true label, and the defended accuracy

drops dramatically. Finally, we introduce a direction-only method, dubbed as D-
Pred, that directly uses the recovered direction itself as the classification criterion.
It consistently outperforms DBD under GT-guided attacks but is close to guessing
on clean inputs, indicating that the recovered direction captures attack-induced
label information rather than a general semantic representation of the clean image.

(b&c)E NI —RE LRI

Bl 3: T LA

13

MER-R1,a learning framework that turns slow-fast complementarity
into expllcn i ive di: it separates recall and
precision into two optimization xngnals, allowing them to be jointly optimized
rather than traded off against each other. Slow-fast confidence calibration further
aligns the final slow-thinking answer with fast-thinking intuition, strengthening
correct emotions while suppressing incorrect ones. In this way, MER-R1 unifies the
recall-oriented intuition of fast thinking with the precision-oriented selectivity of
slow thinking. We further provide theoretical justification for this synergy, showing
that it mitigates variance-induced interference during optimization. Extensive
experiments on MER-UniBench and MME-Emotion show that MER-R1 achieves
state-of-the-art performance and makes reasoning genuinely benefit emotion recog-
nition. Codes are provided in the Supplementary Materials.

FHEIARRR
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. 3.20: X4 \citep 5 \citet

1 ICLR, ICML “¢{/i] natbib SNBSSV, WARYET| 258 T4 TIEIAS RS \citep

B¢ \citet,

o \citep &4 FAFHSHIBI, 0 “(Vaswani et al., 2017)", 45| AR TH—3B5, R THM RS
S SR RTTE A BRI, A \citep:

| Transformers have become a standard architecture for sequence modeling \citep{

vaswani2017attention}.

fEGeEi R

Transformers have become a standard architecture for sequence modeling (Vaswani et al., 2017).

o \citet &RHEFIES HHEMIA AT, U0 “Vaswani et al. (2017)7, 41/E¥H K& H TAER4A) FIBELE R —
RIS, MEEA \citet:

i \citet{vaswani20l17attention} introduced the Transformer architecture based

entirely on attention mechanisms.

fEGeER

Vaswani et al. (2017) introduced the Transformer architecture based entirely on attention mechanisms.

321 ANEZ FH5I RRERESE

ICLR. ICML & BUEA RMEEAFHTIHAE. A \citet B \citep W, AIPAEL hyperref Jy3CHik
FIREBG, S5 HEIECERS X, [FINSEEE %5 | AT DA Bk 3 275 S0 .

i \usepackage{hyperref}

> \hypersetup{

3 colorlinks=true,

| linkcolor=red,

filecolor=magenta,

6 urlcolor=cyan,

7 citecolor=cyan,

5
Hrp, citecolor #AMHISCHRT | MEERMBIf. BN, citecolor=cyan XfFEIRMIFHMRCR
Vaswani et al. (2017) introduced the Transformer architecture based entirely on attention mechanisms.
WRSWHARE L ME T hyperref, W AFHEFIRE  \usepackagethyperref}, H 5 {r ¥
\hypersetup{...} R[in],

i
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4 N, Zirhiik

4 AN BNk

4.1: £ FH\mathsf

TEREE AP, LE A5 “PLsl” B, mAR “BdE”, M \mathsf, XFFARXAAG BT 52
F PPN S0 AT, R AR S R AR ] AR R .
Bidn:

L4 Hﬂ’lﬂ:ﬁ‘ﬁﬁiﬁ fida food) fensa fmaxv X\ilal’ ‘CCycleGan
o (ENFIESER 744 Enc(), Proj()

R AW Y 2T HIEAKXER, EA R AEE M PAR Sy . lean, JATFRE « ASRETAA
$£_i$ (f;), HEMWERE ID (in-distribution) YIZRATEEL, ANZER $£_{id}$ (fiq) T2 $£_\mathsf{id}$
(fid)o KT, WiZSE LoydeGan TAIE LoyeleGan o

TiHb— bR A MIAE g U@ \mathrm, WA fia 1 Loydecan, [HARXFHIX A UN\nathst .

12 RIS AL EEA TRAR

FETTEA, AWTETIACA TAE PR R R 4 (Rl 2 DA TR L -
o RS AIB LTI ICEE R R, ASOF AR RS R AT et ;
o ZIRMBAEBOATUR, SERRIT & B3 W7 SO AT S
o ZHEABRAS

SR AN IE S B A HE S B SE A

BEIF, WTPAGE \mathst FH%I7iRERR N — AR SR RATS, BIAN Loycecan , FHAESTH BRI HARIRRIAT
XFEBEREAR AR, SCREZR A SC 0 JEAR

FRE XAk S YRS . FEES S “Transporting Causal Mechanisms for Unsupervised
Domain Adaptation” (ICCV 2021) Hr, %M CycleGAN fy#ig k%, 4Rifi, CycleGAN A& &Ik
2 LAERIBERE G, HURE R R . eI, B30 5285 CycleGAN it A=, WE7ES
THEEIRE T, XA RA S, NaTHFENEE, HHRZIURE SR Loydecan s
NP H ALY

R, fEHIL W “Expanding the Action Space of LLMs to Reason Beyond Language” H 5% 3] GPRO
MEY, GRPO ABERAEH AR, CEPREIA f kA,

p 4.3: HENAAZE Displayed equation

iR fa B A S S A WBRIE S, T 4R B AT

ER BERGUCH T A SO AR P A, IESCR I T A 2 A AT A5 R Y —
FURTRIFRRABR R, Bl AW, = Wy — Wo, FHAW KOHE LIRS
XPRANGEAT AANERIE SRR 7. JEEH displayed equation AUATWIF B2, ifa BERTE
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| BT, S SRR R et R R

4.4: 1TE) A /F#E where F{ERES

AKX RIS TIESCH L, T2 7R —5r . AR ASTHRY where T ARSAiRE A X 4T
S, AR THARER, WAEAKXKEMES , HIEAXEHIESCHEN/NGH where.
E# (/)
We define the training objective as
L= Les + Alreg,

where X\ controls the strength of the regularization term.
B (%)
We define the training objective as
L= Les + Alreg.

where A\ controls the strength of the regularization term.
WANAE AR EE IR AR LA R SR A XIHER AT, RN E— e BT,
%0 “Here, X controls the strength of the regularization term.”, [fij A2 H %8/ NS ) where.

‘ 5: G FHigE (abuse of notation)

ERICEEF, BRRERERICS, MFEARRES T EH RS 2RAFENER, MARETHEB. T
M, @ AESCE PR A R T R KA v BT,

A A STEAFB BN AR &, A “with a slight abuse of notation”, JF#fifRA & M 24
S

| R AR AR IB R I ST . AR RS &, PRI

4.0 ANEM\times RRELBF ST L
WSEA S RBEFE A <, WA R, REL BRI (] A E A . Bl

£=>\1 X£1+/\2X£2.
BAREEMA SR, (RSN, EHER:
L=ML1+ Lo

x WIEGFRRBETGE. Rob. 482, 8RR EdRRE, il

25 x 60.5, 224 x 224, RI*P x xy.
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4 N, Zirhiik

4.7: & HRE BT

TEAP AR AT, ATRARE LA R DR AR, PARLAT S H 3L T T stk

4N, E5HT Transformer B9V HHLHIG, B Wi, FOR5 L2, 55 h MERIISL S kA token XTRZY
WE. HRSMHESFEEREENA R BT E 8, WAAEKEERT] |, G108 Whie

BUR, R AR IR A WAL 3 I s e F i Bz R4k, filfn: “For clarity, we omit the layer index [ hereafter.”

1S = Atk REAF A EEA

RTINS ST EE X, FTOAG AT B B B A IR VLRI . IR0 F 0 R AR ERE , T
SR B A SO A E A R 0
BT A, SURSHEAEIIRSS TH0 SO claim. BRI LA 2Ll — IRt A 7 AR
WT R4, DVRBRTF4, TIASOPEAN LT Hh— 2.

X — LA H CFE Related work,

R

Table 2: Unified view of representation regularization methods for diffusion training. P: positive;
N: negative; x /x/x¢_ 1, clean/noisy/less-noisy query image; zi = gy (5 (x%)): k-th block feature
of noisy query projected by head g,;. sg: stop-gradient; d(-, -): distance function; fz: EMA model;
f* with &’ > k: deeper-layer block; h: auxiliary reconstruction head. To ease the notation, we
omit the temperature 7 in Dispersive Loss [17], InfoNCE, and CRAN. T indicates the use of external

knowledge.

Type

Method

Target / Pair Construction

Regularization Objective

P-only

REPAT [14]

LayerSync [16]

External pretrained representation

y' = Ebivo(x)

Detached deeper-layer representation
. k/ .

y' = fo (xt)

E; [d(zi,sg(yi))}

E: [d(zt,s58(y"))]

SRA [15] Deeper and less noisy EMA represen-  E; [||z; — sg(y*)||3]
tation y' = f§ (x{_a:)
SRA2 [23] Reconstructing VAE latent of clean  E; [Hh(zi) —sg(y?) Hi]
image y* = xg
N.-only ~Disp. Loss [17]  In-batch negatives {y’ = 27}, log E; ; [exp (—||zt — y7|I3)]
InfoNCE Positive y* and in-batch negatives —E; [log M]
j > exp(—d(z;,y7))
'}z
P +N.

CRAN (ours)

InfoNCE + clean-representation an-
chor m = E; ;[d(zb, z))]

exp(—d(z,y?)) }
exp(— min(d(z},y7),m)

—E; [log =
J

Bl 4: J5IEARERT R 1
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Table 1: Summary of approaches to learning with logit and embedding margins. Here, “long tail”

refers to whether or not the method explicitly accounts for skew in the label distribution; “logit loss”

refers to whether or not the method explicitly learns logits for classification, as opposed to relying on

a k-NN classifier; and “embedding loss” refers to whether or not the method explicitly regularises the

embeddings in some way, as opposed to purely operating on logits. In long-tail settings, enforcing a

logit margin is essential to ensure consistency for the balanced error, while enforcing an embedding
R

margin is essential to ensure compactness of the embeddings on tail classes. Entries marked “—" are
not applicable.

Method Long Logit Logit Embedding Embedding

tail? loss? mar- loss? margin?
gin?

Contrastive loss [Sun et al., 2014, Wu et al., 2018, van den Oord v X

et al., 2018, He et al., 2019, Chen et al., 2020]

Supervised contrastive loss [Khosla et al., 2020, Chuang et al., x X — v X

2020]

Triplet loss [Weinberger and Saul, 2009, Hadsell et al., 2006, Schroff ~ x X — v v

et al., 2015, Sohn, 2016]

Spreadout [Zhang et al., 2017] X v X v X
Center loss [Wen et al., 2016] X v X v X
Hybrid contrastive learning [Liu and Abbeel, 2020] X v X v X
Softmax with margin [Cao et al., 2019, Tan et al., 2020, Ren et al., v v v X —
2020, Menon et al., 2013, Wang et al., 2021a]

Range loss [Zhang et al., 2017] v v X v v
DRO-LT [Samuel and Chechik, 2021] v v X v v
Ours v v v v v

Bl 50 Jr iRt R 2
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5 fil#

p 5.1: caption (i &

KR (CVPR, ECCV, ICML, NeurIPS, ICLR, ACM MM) caption J2#E k% |- Ji
{Hi2 ICCV B caption 2FEHHE F i

| R HEERE ICCV Uil LA.

N 2 AR R TATEEREH \adjustbox BY \resizebox

TEVARE R R DUE MR I, M9 \adjustbox Bk \resizebox XTHEANFAKIATHIM . XL LS
[l i AR SATEE, [SBCCT /. KA, ANmsgmal itk seoh, AFZAR A E A 4R ios &
BT ERRNAGE —, BRI —EE
AT OE o R R A% N BB Y R RN 5 A A B R O C R T, AR \fontsize{}{}\selectfont
Fi\setlength{\tabcolsepH}. TELRFFMIA —BPEMYIFIIS, M B SRS NC iU %2 .
WA

. \fontsize{<F Kk Ak I>I{<4T§E>}\selectfont
\setlength{\tabcolsep}{<7| i §5 >}

AN B

. \fontsize{8}{10}\selectfont

Z7) [7 B A S ) LR —A

Z¢ 1: Example using \adjustbox. (A HiifF)

CLIP ResNet-50 CLIP ViT-L/14

Group labels Waterbirds CelebA MetaShift Waterbirds CelebA MetaShift

in train sets? Method WGA Avg WGA Avg WGA Avg WGA Avg WGA Avg WGA Avg

GroupDRO  75.1 838 841 89.5 832 873 90.8 964 8.3 91.2 939 974

4 S-CS 75 832 752 804 812 898 891 957 861 893 923 97.1
S-CL 75.2 8.0 756 804 815 888 839 96.0 878 905 931 96.9
CnC 61.2 871 639 903 783 871 845 975 792 893 922 947
X CA 83.7 894 90.0 90.7 779 8.5 869 962 84.6 904 91.3 934
CFR 769 776 73.7 811 815 89.5 88.2 96.8 848 87.8 93.7 955

PPA (ours) 84.3 833 91.1 921 90.8 947 872 946 90.4 91.0 94.8 96.8
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5 &k
2% 2: Example using \fontsize{8}{10} \selectfont. (#fi##)
CLIP ResNet-50 CLIP ViT-L/14

Group labels Waterbirds CelebA MetaShift Waterbirds CelebA MetaShift
in train sets? Method WGA Avg WGA Avg WGA Avg WGA Avg WGA Avg WGA Avg
GroupDRO 75.1 83.8 84.1 89.5 83.2 87.3 90.8 96.4 88.3 91.2 93.9 97.4
v S-CS 7.5 83.2 75.2 80.4 81.2 89.8 89.1 95.7 86.1 89.3 92.3 97.1
S-CL 75.2 86.0 75.6 80.4 81.5 88.8 89.9 96.0 87.8 90.5 93.1 96.9
CnC 61.2 87.1 63.9 90.3 78.3 87.1 84.5 97.5 79.2 89.3 92.2 94.7
X CA 83.7 89.4 90.0 90.7 7.9 85.5 86.9 96.2 84.6 90.4 91.3 93.4
CFR 76.9 7.6 73.7 81.1 81.5 89.5 88.2 96.8 84.8 87.8 93.7 95.5
PPA (ours) 84.3 88.3 91.1 92.1 90.8 94.7 87.2 94.6 90.4 91.0 94.8 96.8

= 0.3: F\setlength{\tabcolsep}{} fi#E%l

WHAE TS/ NT WS 58, DAL EEAREZH, NGB A (U0 \adjustbox) FRATHRIHFAME .
WA VA AR \setlength{\tabcolsep}{}, TEARIFTFIARR/NAZRIEIHE T, (34 H RHEE A3 FEPA

1

RS TEE

fan, WIPAE 243K \tabcolsep:

\setlength{\tabcolsep}{8pt}

Z 3: Example not using \setlength.

(Ailet?, AAiRNEZ)

CLIP ResNet-50

CLIP ViT-L/14

Group Waterbirds CelebA MetaShift Waterbirds CelebA MetaShift
label Method WGA Avg WGA Avg WGA Avg WGA Avg WGA Avg WGA Avg
GroupDRO 75.1 83.8 84.1 89.5 83.2 87.3 90.8 96.4 88.3 91.2 93.9 974
v S-CS 7.5 83.2 75.2 80.4 81.2 89.8 89.1 95.7 86.1 89.3 92.3 97.1
S-CL 75.2 86.0 75.6 80.4 81.5 88.8 89.9 96.0 87.8 90.5 93.1 96.9
CnC 61.2 87.1 63.9 90.3 78.3 87.1 84.5 97.5 79.2 89.3 92.2 94.7
X CA 83.7 89.4 90.0 90.7 77.9 85.5 86.9 96.2 84.6 90.4 91.3 934
CFR 76.9 77.6 73.7 81.1 81.5 89.5 88.2  96.8 84.8 87.8 93.7 95.5
PPA (ours) 84.3 88.3 91.1 92.1 90.8 94.7 87.2 94.6 90.4 91.0 94.8 96.8
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2% 4: Example using \setlength. (f$%)
CLIP ResNet-50 CLIP ViT-L/14

Group Waterbirds CelebA MetaShift Waterbirds CelebA MetaShift
label Method WGA Avg WGA Avg WGA Avg WGA Avg WGA Avg WGA Avg
GroupDRO 75.1 83.8 84.1 89.5 83.2 87.3 90.8 96.4 88.3 91.2 93.9 97.4
v S-CS 7.5 83.2 75.2 80.4 81.2 89.8 89.1 95.7 86.1 89.3 92.3 97.1
S-CL 75.2 86.0 75.6 80.4 81.5 88.8 89.9 96.0 87.8 90.5 93.1 96.9
CnC 61.2 87.1 63.9 90.3 78.3 87.1 84.5 97.5 79.2 89.3 92.2 94.7
X CA 83.7 89.4 90.0 90.7 77.9 85.5 86.9 96.2 84.6 90.4 91.3 934
CFR 76.9 77.6 73.7 81.1 81.5 89.5 88.2 96.8 84.8 87.8 93.7 95.5
PPA (ours) 84.3 88.3 91.1 92.1 90.8 94.7 87.2 94.6 90.4 91.0 94.8 96.8

& 0L EREPERBECHAE \

XTSI R A% h, WDUE A T AR e T# T mse, DA R e L R AR .

SEECR M. AR E A

ST AR

o SIABIEM KZEM:

1 \usepackage{color, colortbl}

o EMMTHEMHAHRATR:

1 \definecolor{tabhighlight}{rgb}{0.925,1,1}

o TEFARHN HAMTH A5

\rowcolor{tabhighlight}
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|
7%

6 il

WICPRIERER 23 APIE: (1) maEll, M T RRERE B AR (2) Bl gk, 1T 2 R ek
SERXTLE, rERIE . HORIE SR ATTE e Bas il R 2 R, BiS 2 Be s B A S8R TR I R 2 Dy ik

\

6.1: caption (i &

JUErA R (ECCV, CVRP, AAAIL ICML, ICLR, ICCV, ACM MM) caption #3ZEEI ATl .

R 02 B#NES caption FFHEHERR

& NeurIPS. ICLR 5 HpiiaXrf, 2/ N wrapfigure JEFEIESC—M, IESCRHIAE, AHEHATIER
A2 CFBMBE AR . 3T E AR/, caption BRI, ATPAEEIAS caption Z2AFHHE. FE[HE S
— AT, PR IESCHSE AT IE o BEASHORURE 2 BB BIFERIR SC, TEBHIRS I SOk SRR X T e B
X ARPE SCIFHER T AR

HERCSIE R RE I R SERE . caption IIFI SERISCFE, (EEIBRS caption SUFHRR B BHGL . L TA%
REOHFF. Bilan:

ZBREERER figure; NEBEREWEH KA figurex
\begin{figure}[t]

3 \centering

\begin{minipage}[c]{0.50\textwidth}
\includegraphics[width=\linewidth]{figures/example.pdf}
6 \end{minipage}
\hfill
\begin{minipage}[c]{0.45\textwidth}
9 \small
0 \caption{Briefly describe the figure and its main takeaway.}
L1 \label{fig:example}
\end{minipage}
5 \end{figure}
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|

=

Bbox loU

N AR =SB BB, XIS caption ETRHEEAIZAFFHIRCR . AmBIRENV-CoT,

Several recent works attempt to alleviate these is-
sues by enabling MLLMs to operate directly on fine-
grained visual patches (Figure 1 (b)). For example,
LVR [10] performs reasoning in the visual embedding
space, while PaDT [30] generates indices correspond-
ing to original visual patch embeddings. Neverthe-
less, these approaches are fundamentally constrained
by the fixed granularity of the vision backbone, as the
predefined patch partitioning limits flexible and pre-
cise region selection. In addition, patch-generation or
patch-indexing mechanisms often require non-trivial
architectural changes, which weakens modularity and
limits general applicability across MLLMs.

To avoid brittle textified coordinates with only min-
imal architectural changes, we propose Numerical
Visual Chain-of-Thought (NV-CoT), which expands
the MLLM action space from discrete vocabulary
tokens to a continuous Euclidean space, enabling
the model to directly generate numerical bounding
box coordinates as actions (Figure 1 (c)). Specifi-
cally, we extend the standard LLM head with four
coordinate outputs that directly predict the numeri-
cal bounding-box coordinates (e.g., [T1, y1, T2, ¥2]').
Notably, NV-CoT is applicable to both supervised
fine-tuning (SFT) and reinforcement learning (RL)

o
©
S

0.60

o

®

L
n

0.54

o

'3

=
L

0.48 -

Bbox loU
o
2
s

0.42

Answer Accuracy

—— DeepEyes (RL)

—— NV-CoT (RL)
-~ Vis-CoT (SFT)
-~ NV-CoT (SFT)

o

3

@
L

0.36

—— Vis-CoT (SFT)
—— NV-CoT (SFT)

o

3

o
L

1 T T T T T
0% 50% 100% 0% 50% 100%
Training Progress Training Progress

(a) Localization Precision (b) Final Answer Accuracy

Figure 2: Our NV-CoT outperforms text-based
visual CoT models (Vis-CoT [26] and Deep-
Eyes [45]) in localization precision, answer
accuracy, and convergence speed across
both SFT and RL. SFT-based models are
evaluated on the Vis-CoT-363K dataset [26],
where ground-truth bounding boxes are avail-
able, while RL-based models are evaluated
on the DeepEyes-47K dataset [45]. We only
replace the text-space discrete coordinate ob-
jective with our Euclidean-space continuous
one, while keeping all other training configu-
rations unchanged for a fair comparison.

(a) 55 caption 1 FHEAT (AEHE)

0.60 0.90
0.54 A 0.87
>
o
s
0.48 g 084
<
)
0.42 1 (———’”—’\ 3 0817
E: —— DeepEyes (RL)
0.36 - 0.78 - —— NV-CoT (RL)
: —— Vis-CoT (SFT) ---- Vis-CoT (SFT)
—— NV-CoT (SFT) 075 --=-- NV-CoT (SFT)
0.30 T T T T T
0% 50% 100% 0% 50% 100%

Training Progress Training Progress

(a) Localization Precision (b) Final Answer Accuracy

Figure 2: Our NV-CoT outperforms text-based
visual CoT models (Vis-CoT [2] and Deep-
Eyes [1]) in localization precision, answer
accuracy, and convergence speed across
both SFT and RL. SFT-based models are
evaluated on the Vis-CoT-363K dataset [2],
where ground-truth bounding boxes are avail-
able, while RL-based models are evaluated
on the DeepEyes-47K dataset [1]. We only
replace the text-space discrete coordinate ob-
jective with our Euclidean-space continuous
one, while keeping all other training configu-
rations unchanged for a fair comparison.

(b) K45 caption ZidH-HE  (HERR)
ot BEREBEWNESBATLAY caption eIk, kG caption UM 4EFA% T J7 I B -

Model MMMU-Pro ChartQA OCRBenchv2

Qwen2.5-VL-7B 38.3 58.9 44.7
DeepEyes-7B 44.6 62.5 46.1
NV-CoT -7B 46.7 65.1 47.6

Table 2: Performance comparison on general
multimodal benchmarks. NV-CoT achieves
the best performance across MMMU-Pro,
ChartQA, and OCRBench v2.

(c) FMs 5 caption ZEAFHHE (HE#F)
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g 6.3: PRIAFNE

VB SCPE k S 8 F Fr PRL AT BE B 5, AR B A 2 i A 4T €2, 5 580 LA S ) T S

S

F2fk “B” W, Nk a5

. &SI RSB 2 SO -

14 22 Y SCAR AR SE T 4H

R BT CRRREUa AL
YRR B ART BEEF SE

climbing

driving
fishing The person
vaulting is [CLASS].

racing

throwing

similarity
prompt
prediction

(a) Zero-shot Prompt Inference

a photo of a
class

i

(a) Zero-Shot Inference

6.1 itk

“OADPER ST PSRRI, T B RS PR R AR R R, PA

) Tunable
= Fixed

(b) Prompt Tuning

(c) Conventional Fine-tuning

&l 6: it AT R BE SR BT (AR

prompt
label prediction

(d) ProReg Fine-tuning

. Cosine
Byrunavie Fixed (P concat ®Simi|ari(y® FT models

Prediction of

ZS models

Prediction of Cross -Entropy @ ProReg
Labels Loss Loss

Text
Encoder

Image
Encoder

(b) Prompt Tuning

(c) Conventional Fine-Tuning

Bl 7 AR RIS 24 SO i1 ()

(d) ProReg Fine-Tuning (ours)

6.5: {E F draw.io 1/EE

5 DL 7S B R ) TR e R 2

, HIHR 2 NS,

S HEF A (1) PPT / Keynote,

Illustratoro —fgm s, LHRFEWREE 522> A SIE .
gg_Agj FYE SRR, draw.io (https-//www drawio.com/) RENHIE

GeE i o ST (RN INS (L I

(2) draw.io,

priczE B

(3) Blender + Adobe

B TE EF AR, TIfEsE

24



https://www.drawio.com/

6.1 T

(e
m
o
®

S 6.6 ZEEmAN

B draw.io £l 7 B 55— R ICE A RYEIR /e draw.io BRIAR A A4 43K RS (£ 210 x
297mm) , EIESCESAAEZEA AN, R SEPRA I SE R/ N TR GRS . A H A A4 B2, A
MRS AR TR BRI, T BT R sad /N, $omalisett 5 ek — 2ok

XFF R

o BEEERURAARIERE (full-width figure) , Hi7f SR i EHoNZY 175-180 mmy, i FEARE Y A4l 5
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6.1

: Motivating Example :}

Multimodal Input
Audio

...|.|.......|.|.-.|||.||| |||.|||.|..|||......|......A

Text

‘What was that?
That scared me!

v

Fast Thinking

[ Step-by-step deliberation ] [ Fast-guided slow reasoning

J| |l

Direct intuition

Observe cues: >
Hand near chest — fear
Widened eyes — brief surprise

Fast intuition :

Slow selectivity :
worry is down-weighted

Deliberative thinking

Fear evidence dominates.
Surprise is down-weighted.

Slow-Fast synergy
keep surprise, fear

€ [ Immediate cues:

widened eyes / hand near chest
“That scared me!”

Quick output:

trigger early answer

{
Answer: {surprise,fear}
(accurate and supported)

(misses surprise)

(X
[ Answer: {fear} {
NS

Answer: {surprise,fear,worry }
(unsupport worry)

@ Too cautious @ Balanced and accurate

@ Intuitive but noisy

\ A

\: Benchmark-level Summary }7

Thinking Paradox on Mer-Unibench

- Slow Thinking - Fast Thinking - Slow-Fast Synergy

OVMERD+
95
SIMSv2 90

MER2023

SIMS MER2024

CMUMOSEI MELD

CMUMOSI IEMOCAP

Thinking paradox:
Fast Thinking outperform Slow Thinking.

Synergy advantage:
Synergy combines fast intuition with slow deliberation.

B 11 S ZRHE (AHERR)

Multimodal Input
Audio

Slow-Fast Synergy

Step-by-step deliberation

Observe cues:

Hand near chest — fear
‘Widened eyes — brief surprise Slow selectivity:
"""" worry is down-weighted

Fast-guided slow reasoning

Fast intuition:
surprise, fear, worry

Deliberative thinking;

Fear evidence dominates.
Surprise is down-weighted.

Slow-Fast synergy:

® keep surprise, fear @

Answer: {surprise,fear}
(accurate and supported)

© Balanced and accurate

(a) Motivating example

Answer: {fear}
(misses surprise)

@ Too cautious

K12 @SR IE (HEFR)

Text

"What was that?
That scared me!"

Fast Thinking

Direct intuition

Immediate cues:

widened eyes / hand near chest
“That scared me!”

Quick output:
trigger early answer

Answer: {surprise,fear,worry }
(unsupport worry)

@ Intuitive but noisy

27

[l slow Thinking [ Fast Thinking  [Jll MER-R1(ours)

OVMERD+
95
90
SIMSv2 MER2023
/ 80
SIS MER2024
CMUMOSI MELD
CMUMOSEI IEMOCAP

Thinking paradox:
Fast thinking outperforms slow thinking.

Slow-fast thinking synergy:
MER-R1 combines intuition and deliberation.

(b) Evaluation summary on 9 datasets
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Uy 2z i S LI IR /R 1, AEAEMEA B TR U s B i . FEFRNITHAR B, R R =,
R 2 RGBS i T AT O W 1 B TAE, R 2SI SEBAL AT A R, M CRE
TH ARG RGNSk

L EHBS S 60 H N, FEREFBELGRER. £ RSFERIEGES, WIrxRe s 2 - E T
TRCRIE MG T B ARAS I BT E, FZW A S BN fESsH | il @R fE B Rt R g, &
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T2 2 RATTXECAE SR WL, T RRE TR ORI, B iR 3 et g B 05 5

— 2 draw.io 7R BRI H BERANT :

o R~ 1&2

o i 3

J

X; Sample at timestep ¢

d, Gradient at timestep ¢
Diffusion network

Light network to predict s,

K gradient computation can
be efficiently parallelized

d‘nH

(a) DDIM (b) EDM (¢) AMED (d) EPD (ours)

— EYN
Pl 13: JRf 1. (1)
@ x:: Sample at timestep t. O x,: Sample at midpoint 7. O d;: Gradient at timestep ¢. ht =t, — ty11 ¢ Step length at timestep ¢.
: Diffusion network. @: Light network to predict s,,. : K gradient computation can be efficiently paralleized.
B - )
1
o = it | Xon = Xtyyy + gl + i) i = I TN

(a) DDIM (b) EDM (¢) AMED (d) EPD (ours)

Kl 14: 7RB1 1 (1&8UR)
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https://drive.google.com/file/d/1AXz97FVJr5R5gNMERd4guOLdIHCZhUa_/view?usp=sharing
https://drive.google.com/file/d/1H4xDqka4BYhwBpHTx6px1bx6FY8TvRgp/view?usp=sharing
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Stage 1. Teacher Distillation

@ @ L£0(O1) = dist(xr,.,ye,)

—> Sampling Step

m <«——> Teacher Supervision
@

Stage 2: RLOO

sy, ~ Dirichlet(a?®) ——— w,, ~ Dirichlet(a"*e")

~ N(0,1) —
N 00—
SEO)

P 15: 7l 2. (i)

HPSv2.1

Stage 1
"’}-r- \‘ -- 'V'I’ N \‘I—V'S"; \‘ -- *'I}’"J:/I\ \‘r—>"’ y \‘- -- ->-'l’ , \‘l Student sample at time t. —» Teacher gradient.
L ” tfv,’r "Xt"f}' V0 \t"ff’r v f"flf k -\\?’t? ! \\?’tf', @ p -
-: 3(: \) Teacher sample at time ¢. Reward gradient.
| | Ln+1 ﬁn [:()

Advantage for sample g. Reward model.

N(O, t?vl ?l Poata
On
Stage 2 )
ilmt. ' Lppo
N(0,¢%1) Dir(ai®) Dir(a™)

©)
©

Kl 16: R~B 2. (1E8%0G)
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e
@ L 4— € 9 X e Xy, |:| Fixed diffusion network. |:| Learnable parameters.
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subjectmask of p,,

R )

U-Net

subjectmask of P,

Critical Attributes}

Eq.17
Alignment
& > _=
v Denoising Process
IFT Stage 9
{Pia*A'hyper-realistic digital painting of A fairy H

i Py.:A hyper-realistic digital painting of A fairy in a mystical glen

F 17 R 3. (i)

ti4: a hyper-realistic digital painting of a fairy. t,,: a hyper-realistic digital painting of a fairy giggling in a grove of enchanted crystals.

(a) Extract Subject Masks (b) Compute OT Plan

2 ERE

Diffusion

T,

SEZPP

(d) Identity Refinement

(c) Identity Transport

T, Sia

X, Background @ Concat
X £
é Y )
N(0,021)  Early Denoising Steps Late Denoising Steps Pgata

F 18: Rl 3.(B))
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Visual CoT

Data Generation

A

2 Annotator
Q: What s the gold coin worth? Instruct: provide the Bbox of the
: region help answer the question.
Training
maximum
likelihood

Q& Instruction
¢ Bbox
A: 1 penny

Preference data

Jrar Target Model

Visual CoT

Data Generation

Human Annotator

Instruction: Provide the
bounding box of the region
help answer this question.

Question: What
is the gold coin
worth?

Training

Preference Data D

ke

Data Generation

Question & Instruction

Training

Prefered data

Target Model
B 19: TR 4. (1&8)

Jevar Evaluator Model

Ea

Bounding Box

Question & Instruction

t
aya

Dis-prefered data

ARK > X

UV-CoT (ours)
o O
: ONO
o L&

{;E Q Q) ARA > %

Evaluator Model

Bbox 1

Seed N

Bbox N

maximum likelihood O

of (9-GP - %%k QO
_—
e

Target Model

D Preference Data

UV-CoT (Ours)

Data Generation

Seed 1 Answer:
1 Penny
. feval
Seed N ' Answer:l. D e

10 Pency

Bbox 1

b 3

Bbox
Training

|
D . Maximum Likelihood of
(16 -1@-* %)

* ' ft‘ar

Dis-preferred Data

Well aligned

roper discriminabilit
FE—’P p y

Generative
Loss 1,62 f2fl
I Hinging
i o Deeper
SiT Blocks ]Ei,j [fl ,f}] SiT Blocks
EMA tMean sim. or
SiT Blocks — SiTBlocks  pretrained encode

-

Instruction: Maximum
Answer question ba- P
oy Likelihood
sed on original image >
and local image. f;ar >
Question &  Bounding s e 1 penn: Preferred Data
Instruction Box ° Y
K 20: - B 4. (B IE)
H Weakened alignment !
' '
: 1 :
' i 11 §1.f2— Over dispersion i
Generative 1 Generative !
'
Loss ! loss  f2.f1 f2.f2 1 2| E
I fs : I fe, f£ !
1
SiTBlocks | f Deeper D SiTBlocks  [re  coeoPer :
SiT Blocks : ' SiT Blocks 1
'
| or : I or E
SiT Blocks pretrained encode | SiT Blocks pretrained encode !
1 1
i i
I I
I I
1 1
1 1
1 1
1 1
' '

(a) Representation alignment

(b) Representation contrast

21 R 5. (1R 8
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(c) Clean representation contrast (ours)



o
®

6.2 FAETAHE

(2) Representation Alignment  (b) Representation Contrast (c) CRAN (Ours)

Aligned

Weak Aligned Well Aligned

@ ,,,,,,,,,,

,,,,,,,,,,,

Lgen

$Poig LIS

$pojg LIS

$Poig LIS

xn +

el 22: 7Rl 5. (AR

6.2 il tLILp
# ALY E T.HF Python () Matplotlib F1 BTEX 1) TikZ/PGFPlots, i H £ Z P Python .

6.12: IFBETH. FRFNLEEL 6

TR TR, AR I B — B AN TN G ARSI, AR A BTEX )5 PR R 40
e E— S draw.io 22 Hil7R BN “SEEEff . FRHEAA" KZHE—2, A BT RIEA R EZ X

Ho—.
PA Matplotlib Syfl, —2H# HBLEAT

o Hf2KE (single-column figure): figsize=(3.4, 2.5);
o NURREISIK (full-width figure): figsize=(7.0, 3.0);
o FIRKAN (F%E. ZIJE): 9--10 pt (HIEXHRFF—E);

o %15 marker: linewidth=1.5--2.0, markersize=4--8,

R BAANEHABRET
1 import matplotlib.pyplot as plt

> import numpy as np

i plt.rcParams.update ({

'font.size': 9, # HAF e
'font.family': 'Helvetica', # I #F Times New Roman
'axes.labelsize': 10, # X, Y MG EFEE
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6.2

3 'xtick.labelsize': 9, # X BAEFEE

) 'ytick.labelsize': 9, #Y WA EFE

) 'legend.fontsize': 9, # bl 75

i 'figure.figsize': (3.4, 2.4), # BB AN

b 'lines.linewidth': 2, # % & M

3 'lines.markersize': 8, # A0 K N

| 'grid.linestyle': '-', # A &R
'grid.alpha': 0.5, # &R
"mathtext.fontset": "stix",

7 "mathtext.rm": "Times New Roman",

= 1)

LG HX S SR, AT DA AR AR . SO R R L BIA—BU I, I B RTHRRIE SOh RIE R Lol S
— 2tk

6.13: MR ARE K HY il £ S0 38

X MR R SE R 2, WA polyfit SRR ZIHAT-FT, FAF UG M R ARARE W Z 22, VAR
I} s R P55 Bn Bl -

R

o]
L

Variance norm

0 200 400 600 800 1000
Sorted class index

Bl 23: 7R Bl

6.14: B RHEREEEH
=

Pl et DB A T e, X BB, R IR AT

R FEFAT ICCV 2025 19 TAE “Unsupervised Visual Chain-of-Thought Reasoning via Preference Opti-
mization” H1, JFURIY Figure 3 (XUA%) Hl Figure 4 (542) 240 Hlik 4 mHif) :
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Object Detection Performance
[ Visual-CoT-7B [ UV-CoT [ UV-CoT*

0.60

06| 058, 55 057 1 o6f :
0.51
v 05} 0.48—— 4 05} 4
g 0.45 7
2 043 0.41
E sl 040 1 o4l i
o
=
o 0.31
a
= 03f - - = = = 1 o3} 0.6
2 0.24,
k9] 1200.20 20021
S 02l 0.20 | | N N N 1 o2l 0.20 |
©
a 0.120.13
0.1} . - = - = = = 1 o1} g
0.0 - 0.0 L L !
DocVQA  TextVQA InfovQA  Flickr30k GQA VSR Average Visual7w DUDE SROIE
(a) Training Datasets (b) Zero-Shot Datasets

K 24: JF4& Figure 3

0.53

\

Average Score
g

o
w
@

'// —e— LLaVA-1.5-7B
—¥— UV-CoT (10%)
—— Visual-CoT
—=— w/o UV-CoT

.33
0 128 256 512 1024 2048
Visual Token Number

B 25: JF 4G Figure 4

Visual-CoT-7B BN UV-CoT I UV-CoT*

061 0.30
< ' 0.50 4
S 051 °
g 0.25 §
£ 0.4 @ 0457
2 ©
0204 =4
< 034 © ~@- LLaVA-1.5-7B
% ’ 2 0.40 1 ¥ UV-CoT (10%)
2 0154 - < —#— Visual-CoT
8027 8- wlo UV-CoT
0.35 4
0.1 .10 - T T T T
Doc. Text. Info.  Flickr. GQA VSR Avg. Visual7w DUDE SROIE 256 512 1024 2048
(a) Training Datasets (b) Zero-Shot Datasets (c) Visual Token Efficiency

Kl 26: EEUSH) Figure 3&4: Figure 3 PO H T, 1R 5%E; (b) scale Ty Ahr, MGHNEE XL,
4 Figure 4 AL, fF LA,

7 ARG, . BRBUREH 20

7.1: HiRM IR R EEE LM EEEER
PRl R e, A A SRS, B, HAESECE SO P B A5 SR RT REBR 44 1
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7 ORAE, ER MAFRE T

| R W RRE A O SRR AR SN A A, B desk reject.

S 72 fER BTEX #EE AR

DTEX & & M T HlfE AR . HERNAAET I A AE SO A BTEX (U, A, RS
RS, o A HRR ORI T A AN, A e S AN — Bl i T e

| R TR AT DTEX BIERIEIORG: Poster demo.

o -3 BIEIRSIA B

e SCHIVE R N 43U % 2 YouTube S ATFIBY-& , A B THTF TARRY W] WL 5 (483G 1], T (E
FEAS ATk PR B SO O A
S AT A B AR TH 58 st il -

o Mt WS Al Bl M ih FreeTTS (https://freetts.com/text-to-speech), YR
PSR B N T, PRSI I

o BijkE: T[] Final Cut Pro #EATHUBI . RIEEVASEERM, WAl SEREHATIEFRETE LT,
B0 Bilibili BRg o apped bR, BT SERCERIGEE . FRSEE A

WK EELA b B e i E, BERTAPTTEEIHL. 2ol Jr kA K& BRI AL .

| R UFRM R TR HI ¥ DEPO, CoDi.

g 7.4: IMEER

Ko, S SCEITH 50 (project page) ABITHEFRRIEIC. RS, FE/RPUFRHNEARE, MimiEETt
TARR AT T7 5 LB R

| R FR—MIH £ T DEPO, CoDi, UV-CoT
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https://www.overleaf.com/read/whxfjbgypfqj#84eadc
https://freetts.com/text-to-speech
https://www.bilibili.com/video/BV1L14y1y76W/
https://www.youtube.com/watch?v=BxLx8WFLdao
https://www.youtube.com/watch?v=sSzHHK4q1Dc
https://opencausalab.github.io/DEPO/
https://zhanxin-gao.github.io/CoDi/
https://kesenzhao.github.io/my_project/projects/UV-CoT.html
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