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Prompt Response Prompt Response
ER#AT AR @HR%Tf’If% 0L Pa‘lgiﬁqh‘ﬁglﬂu ngﬁi&'ﬁ’:& You are a home robot. Now you are at the kitchen, this To fetch something from the fridge, | would follow these steps:
f«j—ﬁﬁﬁ‘_}iﬁﬂilﬂﬁiﬂ@ﬁﬁﬁfi;ﬁ, EREAA#L is what you can see from there. To fetch something Approach the refrigerator: The refrigerator is located on the
J— [ES—— RIMUBFRKIEERME. from the fridge, what should you do? right side of the kitchen island. It's a stainless steel model with
TERIZE T, }Efl]fi‘l?{ [ FELSE: . . a freezer compartment at the bottom and an ice maker
= —— i = 1/\ Goztrast;ve‘nre-\tl::lnlng (/\Xﬁbtiﬁ@l}ﬁ) :EE)X dispenser above it.
DR MR, ﬁﬁ:ﬁl}ll%ﬂﬁi’]‘ﬁﬁ ) ?ﬁgiﬁz[ﬂﬁ‘]§ﬂ, - Open the refrigerator door: To open the refrigerator door, |
e e I /]\FE:F@’ 5'— 1 EH:FI’ZE’ BB GIAHN would use my hands to grasp the handle or pull bar located on
W o o] ﬁ%ﬁﬂﬁﬂ%;&&§|ﬂ¢¥%mn the front edge of the refrigerator door. This action should be
1= T . . e | R A %g;;;;;;“ Qif;;f;é;i%;g%g§;g§ done carefully to avoid any accidental bumps into other items
] fen | o R : 12052 =R R in the kitchen.
o EHEEE, HERSEGRA—RANE— 19 X8 h. Locate the desired item: Once inside the refrigerator, | would
o i 3. Use E:’or zero-shot predi EE ion (m?f?;fﬁtiﬂiﬁ scan through the shelves and compartments for the specific
pm iy DI ax{f:n_‘, fid::) Buﬁéﬂlﬁq“?a 3] E'\Jiﬁ?ﬂﬁﬁ?#*iﬂi item | am looking for. The refrigerator has multiple shelves and
Fm . 5 REPGER RN MIRIREOFHE ) R AR 44 57 2 drawers that are likely organized by type of food or drink.
%E’AH}E;NE@ET‘W/I\%%B’ N Retrieve the item: After locating the desired item, | would
24 I%fzﬁﬂlﬁ%'%% 3‘— () Hz{gﬂﬂlﬂ{ﬁﬂiﬂiz@*ﬁ reach out and grab it using one hand while ensuring not to
B‘Eﬁiﬁ—?ﬁib‘m@e JZW???EM f%ﬁ:?ﬂ@j{%ﬁ‘]% disturb the organization of the contents. If the item is placed
zzgzﬁéqg%ﬁ%ﬁﬁg;ﬂ%%??ﬁ%ﬂ;ﬂﬁ;?}wi on a shelf or drawer, | would lift it up gently to remove it
AZEREE, B Zg G CLIPH{T! without knocking anything over.
#*?ﬁ?ﬁ“v liZE, —?&ﬂﬁq!ﬁﬁ?—ﬁ‘%?ﬁﬁqﬁ%ﬁﬁﬁ N Close the refrigerator door: After retrieving the item, | would
/7 i&fﬁ;ﬂﬂ;&ﬁkﬂﬁ)ﬁ¢§ﬁ§?wwuma N close the refrigerator door securely using the handle or pull bar.
BHIRYE, Z;lL*i%‘rH WIMﬁETCL—!PEEE‘JngﬂEE\‘JI Vi This ensures that the cold air remains trapped within the
Prompt fERE, 2IAT CALEBAEBRIFCRIESEMNEIUR li and maintains its ici
) ) ., HEMTHAMESHBEHM. Prompt Return to the task at hand: With the item retrieved from the
Which bathroom is the bedroom A closer to? _ o . fridge, | can now proceed with whatever activity | was doing
Tell me the main contribution of this paper. before, such as cooking or preparing a meal.
i
i Ii z (v Chitoper. P, Megn . Mo, hisopher A Sever", Gt Swan+
i Response e e &
becroo A o= e v . AnticLa wro Response
olala edroom A is closer to Bathroom A. FEro
. This can be determined by observing the floor plan = i e i o ot S e 207 . — . . .
a 3 5 The main contribution of this paper, as stated in the abstract, is
provided in the image. The layout of the rooms and to devel it del that i individual
bathrooms are clearly marked with labels, allowing us to e — 9 SR é cognitive model tha |ntegrate§ incwi Vua
bathroom A g n . a e q differences into human-automated vehicle interaction. The
identify their relative positions. Bedroom A is located on 1. nrodedon th im & N N e
T the left side of the floor plan, while Bathroom A s situated e —————— autnors aim to provice insights into how humans interact wi
™ directly below it, t ds the bottom-left £ th ks e bl by s b sd ke e new technologies and propose a framework for understanding
3| irectly below it, towards the bottom-left corner of the s s oy o e o these interactions. They also discuss potential pitfalls
°l image. This positioning indicates that there is no other ey s o i sl ith - They Py, p" del P d explain h
bathroom between them, making Bathroom A the closest :-*—,mm‘m'--‘::-_g-‘_;m-;;;:ﬂ-v-;u_: oca _W'_ uusn:\sa moc e_ an EXPEIH ow
= ey ety can help design effective user
ol one for Bedroom A. q o N Ty
b interfaces and interventions. Additionally, they conduct a
i ion study to ate possible benefits from
| et e s b e e i s bkt incorporating individual differences into the design process.
& o ko ey o A S i This conclusion is drawn directly from the text under the
\l] Response o s il b e o Gk et b "ABSTRACT" section, where it outlines the purpose and
contributions of the research.
The flowchart provided is a simple decision-making process <
that compares two variables, x and y, to determine which one &
yd has the greater value. The steps are as follows: /
2 1.Start with an input for variable 'x' and get its next input. Prompt Response
Prompt 2.Repeat step 1 for variable 'y. P e ay: = - k] =
3.Compare 'x' and 'y' using the "x > y" condition. If true, it . ’Zm"l_ﬂ{%ﬁ" ! "ec"aﬁft Eﬁnﬂ}fa‘l?ﬂﬂk_ﬂﬁﬁo kol
Can you translate the flowchart to a python code? means 'X' is greater than 'y, so put the maximum of these AR —Hzlbﬁﬁ‘]ﬁf;,“éﬁ%**@ﬁaﬁqﬁﬁu %z
two values into the output. If false, it means 'x' is not greater RBEFNOGREARER, HRE—IHE, —H%XE
than'y', so put the maximum of 'x' and 'y' into the output. H‘]ﬁf*%ﬂ—%!ﬁm;ﬁ?d\ﬂ%u " R
4.Finally, end the program by putting the max value into the WELCOME TO THE OFFICIAL R, — "‘ﬁﬁa‘?&iﬂwg,[%fjﬁh; J:EFF!
output. SITE OF MINECRAFT *EWHE?ES% REMinecraft” o XMZHMFH
Here is how you can translate this flowchart into Python code: HUEE MNH I THARA1HMi necraft® ﬂﬁ;
EERATER, —RXFAEIDRARIIES
i max 0t twoie 1 e Winecraftplik. BEil: “WHMKE/ETS Minecrafti
# Step 3: conpare x and y 351 MANFEAIMALR, TRRAHLX MR, MATA
if x>y =4 HRZ— 4 IERE ! " XER
S e i
s TR B ML XA, BRHMTRRRME.
else BEOKYE, XIEE FHIRE TMinecraftitt RAVIES—E
# Step 5: if x is not greater than y, output max = y HITCBR AT BEME AR S i AR LB SR A o
return y
# Put max to output (w4
output = max_of_two(input_value_for_x, input_value_for_y) e
print (output) Response
p
In this Python code, we define a function called max_of_two Prompt Zh; image SZDVIV? a gl.r;apff Wlth vanoml:s I!nes repriselrmngh £
that takes two arguments, x and y, and returns the maximum nl‘ e’elf‘; TO el vall atlonh.oﬁ (= exity Zv.er tmeASenﬁt] (tj'tl
of these two values. We then call this function with the Which direction of paper is the most likely source of B e D Sl
appropriate inputs and print the result. the table in the picture. a.nguage poceinel arg.e pdccuseceiithabtyderap
pertains to a study or analysis related to large-scale natural
‘/ language processing tasks, specifically focusing on language
P & C4 language modeling (large model) H modeling using a C4 dataset.
romp & 3.3{ NOPE 5 To determine the most likely direction of paper from which the
- I N z = = ROPE - - Prds Py table originated, we should look for visual clues in the image:
at art style is evident in this image? Response 332] —= albi =T e 3 1.Graph Style: The graph has a clear and professional
e Kerple 4 S = [ appearance, suggesting it could be part of an academic paper
The art style evident in this image is Impressionism. This can ¥3.1H== T5'sRPE i g or technical report.
be determined by several visual clues present: 2 (s FIRE (0Urs) /' g 2.Data Representation: The use of multiple lines with markers
=307\ 77 P I such as squares, diamonds, and circles indicates comparisons
Brushwork: The painting exhibits a loose, visible brushstroke . 2 between different models or methods. This kind of data
technique which is characteristic of Impressionist art. The 3 3 representation is common in research papers where different
strokes are not smooth or blended but rather they create a K ] experimental results are presented side by side for comparison.
sense of movement and texture. 3.Title and Content: The title provides context about the
Color Palette: The use of bright, vibrant colors that seem to 102 3 4 5 B 'r"latrure ol ;hT _'cen;gntlj Ittr:etn:;\ons Iangduagle rﬂ_ft’:e“f‘g e
i ' 5 p Validation sequence length (x10%) I o
capture the light and atmosphere of the scene without precise computational linguistics or machine learning topics.
detail is typical of Impressionist painters. The sky's blue with ; < 4.Legend: There is a legend at the bottom left that matches the
white clouds, the warm foneslon) the §Iiffs, and _the'va_ried hues pd colors of the lines to their respective models. This is typical in
used for the boats all contribute to this impressionistic ’ scientific graphs to help readers understand what each line
approach. Prompt represents without having to refer back to the text.
5.Axis Labels: The axes have labels that are consistent with
Subject Matter: The subject matter itself—a coastal landscape . . scientific notation ("Validation sequence length" and
e p p P P Pl he | f the f I hy b
Wlth figures and.bOEIS*IS commoniinimpressionistipaintings) EesgesnaR et iedcodeithaornuintbeimass "Validation log perplexity"). These labels suggest that the
which often depicted scenes from daily life and nature. paper is intended for an audience familiar with these terms,
_ ) - - 3 2 L\ which would include researchers or students in fields like
Lack of Detail: There is a lack of fine detail in the depiction of A" = a(} 1+ T (?) computer science or engineering.
objects such as the boats and figures, which suggests an k=1 6.Font and Formatting: The font used for the title and axis
emphasis on capturing the overall mood and impression of the labels appears to be sans-serif, which is often used in modern
scene rather than meticulous realism. \ 4 publications due to its readability and clean design.
Lt and Shad The olay of ight and shadi " & N\ Based on these observations, the most likely source of the
ight and Shadow: The play of light and shadow is another table in the picture is a publication from a field related to
hallmark of Impressionist works. In this painting, we see how artificial intelligence, machine learning, or computational
the artist has captured the interplay of sunlight on the water Response linguistics. It could be a journal article, conference proceedings,
and rocks, creating a dynamic effect. a thesis, or even a presentation slide from a seminar or
These elements togeth_er s.trongly suggest that the artwork CJ;;ﬁi\_'it:g 1 +\frac{3{4} \sum_{k=1}*{n} \left( \frac{4}{9} workshop. The style and content align well with scholarly work
belongs to the Impressionist genre. rig! rig! in those domains.
- J
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AT, B AR TR AR B R 0 S PR AR P . 120 SRR R TR R A RPN IR S 1 S
R Al i 4 o

AR BT BAEL A= 2 BRI AR R, [ ERREE [ 2 () Token TSN DAG
ROEPAERSA . S, FATPRINE G gnidas, KA T7E 384 x 384 433 #EATHISIE L
PRI SCASRXS 55 S-S 1E 1024 x 1024 43 BEA N PEIEA0ALE (5 B M o PR i a4 1
WA R AX R GRS AR, AR A ERAGERF 1024x1024 73 HER G (R AT 2 RZHUH
i) E45k 576 4~ Token, i% Token $HAE F & MM S5 Token &k 8BS T P4,
o HE T B SO A 2 e HER A 55

TEZ BESER BN R R, — T IR Bk G 24 I Zhad Ao B L - 5 Sl it
BT RE AT RESIBAL . FATMDITER, PRFFROs L PR S s —— R A=, 24 70%
X R R NI S R AT S B B R R X AR T SR R S IR R E B
AEJI B RE R, BOh, FATSIAT Ry “BUSHUA" Hems . I RAE IG5 R A 20 R R A
BB, BT ZEE S0 BSOS AR AG &, SCBL T AP
SHYEIBIERE

FERACEACREALIN , FATHES RS B AR i e A7/ NI S . AR, /A2
(e.g., 1B HiAY) FeyRAEHMENIL (Schaeffer et al., 2024) FRIRGEIRIVERE, thICTATLS S
BURITERE . FATRIAPIRIIT R AR X — M. 15, FATRPEAE PN 2 TR 2O HL R
VIR R . BEAh, B A8 B0 RE S O, FAEBIIZRE BUR G 7/ R he - R
Yo X AT, FATRTCAGEA 1B BISCHL A BRAYTERE , eSS A S R Al BB
AR o

AT T 3 R LR U2 PR, DeepSeek-VL R FIRIAUAE PG HH LN H o e 3R 4
FUB R PUARLS, FEAHRIBIAUIEL T, T -1 T R I R Ak B e e s B A T g )
IvERE, [RIECREFREAIE T O tERE. A MESERIFTIF LB Z N, ATE AT IR
(1.3B 1 7B), Air#2 e FIHEREIHK.

2. Bl

Z AL MR s SR R 0T S AR A G BB 23R AT B S nl o A w41
V-1 5 PR AL -5 S W OR RS . VL S50 th ok 5 &Rk IR L - SCA %0
AU, ETER SR R BRI ES BOSBRARAE 1 1 VL B OB BRI 8], B TER E
SERRFE I AT ST o #5BeiT, VL SIZREs eI gRprBe 1 Sivilie-ia = E i dy, e
BrEe 2 BRAPNZRILSE-TE A, 10 VL B oA T IR0 B 3, RS- 15+ B ot
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Il SR i MMC4 (Zhu et al., 2024) 13.1%
Wikipedia EN& CN (Foundation)
Wikihow (Yang et al., 2021)
Y PDF A1 Epub #0815

ERCETRES Capsfusion (Yu et al., 2023a) 11.1%
TaiSu (Liu et al., 2022b)
Detailed Caption (echo840, 2024)

TS5 EE Chart2text (Kantharaj et al., 2022) 2.1%
Geol70K (Gao et al., 2023)
Ureader (Ye et al., 2023)
Unichart (Masry et al., 2023)
M-paper (Hu et al., 2023)
ScienceQA (Lu et al., 2022b)
ScreenQA (Hsiao et al., 2022)
SciGraphQA-295K (Li and Tajbakhsh, 2023)
Paper2figurel00k (Rodriguez et al., 2023)
Widget Captioning (Li et al., 2020)
Screen2words (Wang et al., 2021)
Refexp (Mao et al., 2016)
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M GitHub notebook JMELA) python £:[&]
YA OCR - ArT (Chng et al., 2019) 1.2%

MLT-17 (Nayef et al., 2017)
LSVT (Sun et al., 2019)
UberText (Zhang et al., 2017)
Coco-text (Veit et al., 2016)
RCTW-17 (Shi et al., 2017)
ReCTS (Zhang et al., 2019)
TextOCR (Singh et al., 2021)
OpenVINO (Krylov et al., 2021)
HierText (Long et al., 2022)

R4 OCR arXiv {HEYLf) markdown (Blecher et al., 2023) 2.1%
A AR ER) DeepSeek-LLM 2T CATER} (DeepSeck-Al, 2024)  70.0%
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AT BN GRBR R T 2 A TR, BOME R ERR T EE . JATER P hfit
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i Bl Ll
P BT RIEARM) SFT £l (K 4) 10.5%
BHZHES  ShareGPT4V (Chen et al., 2023) 35.5%

LAION-GPTV (LAION, 2023)
LVIS-InstructdV (Wang et al., 2023a)
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TconQA (Lu et al., 2021)
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ScienceQA (Lu et al., 2022b)

) T AR A Screen-to-code (Abi, 2024) 2.0%
ScreenQA (Hsiao et al., 2022)

i A SFT  DeepSeek-LLM (DeepSeek-Al, 2024)  47.9%

2.2. WE iR

ABIFFE A ) S B O R S i 5 T 2 R 2 BESHIE SRR, A IR = GPT4V
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IconQA (Lu et al., 2021). AN, FRATIA T M TN LR SE o $2 BT 545 24 1 1 R 500
i1 Ureader (Ye et al., 2023). ScreenQA (Hsiao et al., 2022), Geol70K (Gao et al., 2023) Fl
ScienceQA (Lu et al., 2022b). T H., FATEESG 72K H Screen-to-code (Abi, 2024) {£:551) UT 4L,
MEEREE . IR SFT Hnm i, JALERR T35 By NIBZ R SFT £
i, HoA o FATH NS & iR B R L Ot DA BL St A 66 1 3 5+
HE ) RS . FATE TN FAELRPBUEE Z AL GPT-4V Hl Gemini ELSE I 61 .
IR JE R I LE ] BUBEAT A A0 Ao S A THI ) 73 6K R, IR Riaa 21200, ), 5%
e b, HERLL PRI A, TEULR 4. AL JER R AR A K i I R R AR
AN, B PRFATHE 2 SRR S RS S BLSE A AR AR O o A, %5 SR Rk A
T B BT A PR S, SEFNTRERS A RO A AR AR [ A 55 R0 28 0] R MERE . Gl
X — RGN, FATHRATZHE SET HE w2 nl 50 B R R, FHRARME
WA NS HeAh, FATH DeepSeek-LLM (DeepSeck-Al, 2024) H i IRYZESCA SFT %
HAVENFEATI A 515 S SFT BUEm—5r

3. Jitk
3.1. 3y

MRS E = BEWEHRmSE . WEsAE SR, AN A&



R BEW] T =
TR S/ AT AR R /SRR
TR/ AR . AR IR BEASIRL Hopth

VR4 I3 SR BT R 2 ) itk
Y \ : iR . GURR . AR IR
mméﬂb) ARG, XA HI A ) A hﬁmLLiff; leﬂmﬁ;E&ﬁL
nition i \TE"I“ )‘:' é ‘n/:} E '{_‘T: ,o OCR 5 AV ~ U aY)
SRR, RO T BT S8 ST B 5 e R F iR b
s R
g OONPUOKBUNSAR SRR B, o ULRERE. BB, TR SVG/Baseo 418,
Comeron) | EIMBEAIR CORERR, WARTRAR O ISR R L
RIS : PRI ORI . RO, SRR

Pl R

2 By SN EHEN ORI AR, T o A
O T SRR TR AR BimE It ek, R, HE . R Rk, CFmE. Kb

Sp7 ! CUEENG  EREGE. ARG, PR, SRR
T TSI S SR,
(Analysis) ETRRATBT AR THR, LA AR, PRIBG

3 i 1 A R 7%, < 5
PRI R R e ERVRHME SRR, FIATRHSRTE . TR AT
BLRHCRIL I

INGE SN TP S NN P SN/ PSS

X AR
jiﬁj FEPESIREART . Pk R R
WU ORI R R, SREPRAAIT . SETERBEAFT AT, R
(Commonsense TR R A A 54047 #iﬁﬁ BB BRI . JECH
Reasoning) P T S -
S ARAHER . BN, RAELLA . WAL
e AR . RSB, AT T
PR e K e o s e o
(Losical RSB RRRGE SX QIR el A ARSI L. SR
— SR R T S AT S A W (e . . R
méiimﬂ R OISR B e B S R T R P 25T - EUSPEREAY . ARUEREA. S, TG, MO
2 - . A AR HOHW. . TR
VR 1 SR 2 3K P P 0T S AR )
(Multigraph) 0B VBB Z AT ST AR E L WHERH . FSCRERT . HRE . HOR . T
éﬁf) VIR 1% BB e AT T 2. - FERPERI . RIS . RITEA

3| BT RGERAR AT BEE AR TG IR AR . AR 4T 5 SR [ (R B AR 7 TR 1Y 22 3
REJT, AR, Fetb. A, HEBL. PSRRI, XPBRAUR ARG & . B R
FRRET A TR AN, A KA AR 2 RS 53 W R IS it



E5 Hlik Ee Ll =%
5 WO L3 SRR R Y A B SR RE Sy, SR VI N A CVE W 1 bR A Wb 1 Ui 7. Yl o]
RTFERR B A B I AR A MR RE Jy, T 55 A KU BRI A
WP A GRS A AR 5
JrER TR . CUERR . AR, PR E bR . dRiiR
NI i b=
FEFEFAFW G R ‘EIJW'JEUC?M%»?{\ FHERSARR. iR sR. 158
FaEt e
el W ISR R AR A AU EMR 78, AR FRREE AT UT B, ERERN. A SVG/p64 Hifty. 2
SEANH (AARRS AR L 7R CRRAHIR) K5 B 4545 LA, TR R
HABER.
el 8 S0 AR . ORI SE . BT IR RN . SOARAR L
i W2 ) BRSNS AR AR 2 4R ), BT EG  BuREERS T VIR FAe AR
WAHEAT ET BRI AT SRR, JF 4 HRE SR 1R
LlLE AT R AR A SRS eRER. CPmEE . b
Ll R AT ARG AR . FREER. SaER
HRHEAT EARGIA . ERIAEA . AR E AT, 42
SRS B S
R ST ) S MR X A 0 i R A B S R AR, R ABXFR, BEXER. RNKR. WFXR
T BEEE ORI PR N 2 A T AR 5 0T A T
TrREHERE TECFIIREMERE . KPEThRE R
B IREDIRAS T, BT I AR, B E
SEHHERE Vg S BRI SO E
14 SR A PR -
HoAty 3 R PRASHEFE. PIASERL. JEMA L. WEESE. BRI
BRI, A7 R
PR 2 ) BRI L O R BEAR , 25 G AT B RECEZH. FRULE . AU
U5 B AHERLAE 7 ASE O AT 55
HoAt A L7/p N N L/ N TN = )
LR I T 91 B RAS R AR s bl X Pl 4 P 28 A T Al - ii’ﬁiﬂﬁ‘ ARUEESPAG . SE25 004l . FRRPRAl . itk
AL
Z I B R A 5 B AR 2 SR IR B RE HF 75| 2R A O ERHET . 47T
Z XL JRMAS L, FISCUERL . SR, R, R 5
i I 2 B A L A T T A R - VPRI RSN SRTAEA

4| FAMVEFXTNER SFT Bt Bk R . RRE R e RS TR SRS NS
SFT $¥ ity K 251l
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RO PGS . FRATRH SigLIP fE A EmiDas , MASEH A R B S SUHE SR .
SRT, FRATWELH BAA SigLIP JmhdhasxE A4 TH R BT A B A M. CLIP St v bt
#% (fugf SigLIP) FEMIE XM IR, AmIGE gLk, SEE FERA AR
FEME BT “CLIP EX” Tong et al. (2024) M dmbS AR, [FI, CLIP FgEALZ T
FISHRAR A FERE A (140 224 x 224, 336 x 336, 384 x 384, 512 x 512), XPHE T &4
PR AR AT 5 (a4 OCR MIRLIE € MiAT55) MIfiE

N lfax e E R TE, SR (Lin et al., 2023b; Tong et al., 2024; Wei et al., 2023) $2{8%&
ERHMY AL B HE s, DARG 9 SRS AL E E AL RE Sy . BE TSR ZhPL, FATHSN
AT SAM-B (Kirillov et al., 2023) f2itl s gaid#s I Z5n9 ViTDet (Li et al., 2022) &
B RALPARGURAE, HARZm 0 PR 1024 x 1024 FIREA . BR T SAM-B gl sh,
PR EE TH2 A0 % 384 x 384 G A SigLIP-L M3idnfidas. B, RATIRAW IS
a4 7 SAM-B I SigLIP-L Jufithds, 1Em8imitm P 1024 x 1024 PG R A Or B
SRR SRR #i50% SAMCB PS4 A2 SEHFIEQIA Y 1024 x 1024, F2E
J 64 x 64 x 256 FIAREIR .

XFF SAM-B AR 64 x 64 x 256 0 FERAFER, VL @GPy B SR HAEE 96 x 96 x
256, Ffif5, ERMAPWADERA 2 WERZ, A 24 x 24 x 1024 BFRHER, FRFEHEE) 576
x 1024, SRRy, SigLIP-L £ 576 x 1024 RIFEREFAL K5 @ P b Df e, 445
2] 576 NEEEN 2048 HYHLGE Token, XLEHLUE Token H A5 = Pif AL R HI MR AL
ENAESSIE R ). R B4 GeLU 3%, JFlitim AR5 5B a8 .

PARE-T5 S EACAY . RATRAHMWZIE A MLP B amiSa5 1 LLM. 5477, AR
HJZ MLP 43 G PR S 40 BEARRAE RN/ B E . B S, X SURRIETT H 4R TP, AR5 7
—J2 MLP #4653 LLM Ay A %5 .

EB, AR FHALET DeepSeek LLM (DeepSeek-Al, 2024) fyfd, HAM It
RARFEE B8 LLaMA (Touvron et al., 2023a,b) WJiit, RH® A RMSNorm (Zhang and
Sennrich, 2019) pRELH) Pre-Norm g5, - SwiGLU (Shazeer, 2020) /£ HHiH M 4% (FFN)
HBE R AL, HIARLEE R Sdmede. BiR4E T Rotary Embedding (Su et al., 2024) 7' &
ity , IS DeepSeek-LLM #[Flff43inl 2% . A1 H T — %51 DeepSeek-VL #AL, %FF%
THATZES SIE T AN B AR, o788 T DeepSeek Tl FRAR A ity — 4> v ] 6 £
PALKZETI SR .

HIKT 5, DeepSeek-VL-1B HiAUEET DeekSeek-LLM-1B iU, A ] 25 5000 12
S0 Token [IERHAESAT T 1%, T DeekSeek-VL-7B 42 NI F i i £ 2 J12 37 Token I
2511) DeepSeek-LLM-7B FZIF- % .

3.2. YIZkinife

el =L Brilll gk DeepSeek-VL, UNE 3 s : M3E-1E F@BCA A BRAEIE-15 5
NGRAE BE . FRNTH BT TOERERRE S, OOMHEF 13T —4> Token IR .
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X4

Prompt

Is the cyclist on the left or right side of the woman's handbag?

4

Response

The cyclist is on the left side of the woman's handbag. This can be determined by observing the relative positions of the objects in
the image:
1. The woman is holding a handbag that is positioned to her right side, as we view the image.
2. There is a cyclist depicted on the road behind the woman and to her left when looking at the image.
3. The cyclist appears to be moving away from the viewpoint, given their direction and the motion blur effect on their wheels
4. The cyclist is further down the road compared to the woman, which supports the conclusion that they are on the left side of the
handbag based on our perspective.
These visual clues confirm that the cyclist is indeed con the left side of the woman's handbag.
& J

Pl 2 | ATRAES R . DeepSeek-VL AEASAHE i/ M AT (1 2 BHLE B 4 AR o

3.2.1. BB 1: NZRBLAE-iF S G RN

APy B 2 B R R A S [ MBS 5iEF TR MRS IR, M e R ALE SR A
(LLM) % 2 seik ) amE. 5 LLaVA (Liu et al., 2024b) #1 Instruct-BLIP (Dai
et al., 2023) WSERIAFSE—2, FATRMEMAI T, FELHr BoORFFIL g i Al LLM R4k, X
VPTG F G EAR NS BTN GR . AT 125 xR H ShareGPT4V Y B SCHECN
A PA L 250 Jrxf 30k OCR {EILEC RO BRI VL @S

SR, HRAGEFEA (LLM) AHE, BE-IEF GRS (I 2 2 MLP) 355 R
FRIN e XA AR R R A BT s T RS . — A BRI RGBT
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Stage 1: Training VL Adaptor

DeepSeek LLM
Vision-Language -
Adaptor

SAM-B SigLIP-L

Hybrid Vision
Encoder

Image-Text Pairs

Stage 2: Joint VL Pre-fraining

DeepSeek LLM

|

- 1N
Vision-Language
Adaptor

SAM-B SigLIP-L

Hylbrid Vision
Encoder

Interleaved VL +
Pure Language Sequences

Stage 3: Supervised Finetuning

DeepSeek LLM
Vision-Language -
Adaptor

SAM-B SigLIP-L

Hybrid Vision
Encoder ¢

VL Chat Data +
Pure Language Chat Data

B3 | FATHRY IR (5 =B BrBe 1 9 Kgeilng-its (VL) @ricas, FRINREHR A
e i A SR E . BB 2 RG-S TE S WO SRR sy, o VL @ Boes Al
FERA ISR, BB 3 R E IR B, 1E WA ZRA% 2 B0 4 i SigLIP-L. VL
T A A AR

EAAEREB B M ATRL 7 O [ 20X — A, JAAER O by 7T SR, SRR, AR
BEBT B KB AR R b, R RESEERE T . (NI, FRATRSi R KA R
(LLM), FFAERT B 2 SRR mER e -5 = BN -

3.2.2. BB 2: WO PLNE -1 5 gk

TEAWT B, FATRRA BB, XU ERALE SR (LLM) B RS AR
WO BL. FATVRFFIEIRIDATARES , HOALTEF R VL &g -

W, FATE R A A ZRSER g LLM. SR, 3RA7TA UG SRS MR PR 174
ST, HEE AR AN PSR L A R, A 4 (ZRES: 15 F =100%:0%) FiR. X
2 7/E LLM Bl B BRI T 2 BOSHI A ATEBE A, B8 7350 2 BOSHE -5 Or B A 9k
JEZ [ F) R SREAA -

MBS BN W IR BT WA ERHNR: B, KBUEHSERE TR, 558
WIS AR R 2 . R, ZREHESHSZ B PIFAEESEhE, FE LLM 4
H BEST I ORI

A I -2 BE NSO WY A X — PR, FRATBT T — Ay B A R B A -2 S IR
o FEVIZRIIE], FATA I T 2SI, IR EE S BRI GR . 12738 B
FE R, ZMNERIRAMPZ . FAFER 4 F 3 DeepSeek-VL 1B B HEFT5LHE, AMER
AR TR A LB 2 o

XHE R AT DA T LAS R ghe: (1) BAIHS B E %M rinE e, ik
7R EE S MERE R SE TR T . (2). TS BRIIIAI R S EZ BESTERER B2 HIK, £
RALGRE T H USRS . (3). AFRBESAYIERES A ZRBR R Y LB strongly MK,
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SeedBench MMBench

45.0 Multimodal:Langauge=10%:90% 50.0 Multimodal:Langauge=10%:90% A
—e— Multimodal:Langauge=25%:75% —e— Multimodal:Langauge=25%:75% /\/“V
42.57 —e— Multimodal:Langauge=60%:40% 47.5] —*— Multimodal:Langauge=60%:40% 'y
—e— Multimodal:Langauge=75%:25% —e— Multimodal:Langauge=75%:25%
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B4 | IIZRBr B 2 AIREBSEL A L BIRON FEMERESS R . I RIS BEEHHE D] (2GS 55
=100%:0%) T2 LLM {EHRE R RE B Gl (285 5 =70%:30%) REARL
G DU M, (RN AR ) B RS RE T

WESE TR S Z B g KR . A, FATARABIES 17155 5 2 RSN gR 612y
N T3 R MBI AR PREFE T AR IR IR, AE SRS H s e A i ISR, AR T
T M2 SR E .

PRI S POINGRIR T, BB TN SR B2 AL BRI AS, 78 7B BB b Tk
B 2 B IR ] . —Fh A IE AR R TR MR (B4 1.3B fil) Eibfrscss, B
e Hy RS TB AL, sgianygd, FATIE R 1.3B BRI GR A GER i AE S A SET
(Blngmihsicit) AR 7B B, SR, FER B 2 I, FATER] T 1.3B BAAE K
Fatriy P, AR E NI BT N XE. IXAE Schaeffer et al. (2024) PEAWE: “BFf
FEN GO 5 IR R AT RE S 5 | R B R AT B A A2 4k, RIS Y4 1> Token 4154
W ARSI -3 L 3k Honl s As Al RS SEIR fRA TR E 1A IRAN A - 1.3B A
AR RA SN GE gk = SFT Bl X P9 PG AR MER A 5 0 RO RE Sy . R
B2 B A IR IR RIR LRSI A e AT
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/s &
Prompt Response — DeepSeek-VL

Explain the code, step by step. The code provided is a Python function that calculates the longest palindrome substring
of a given string. The function takes in two parameters, which are not defined within this

snippet but presumably represent the input strings to be processed.
class Solution:

def longestPalindrome(self, s: str) -> str Here's a step-by-step explanation of how the code works:
if len(s) <=1 1. It defines a helper function called longestPallndrome with two arguments, self (which
return s is likely a reference to an object or class instance) and s. This function returns a value,
which we can assume is the length of the longest palindrome substring found in s.
Max_Len=1 2. The main function starts by checking if the length of s is less than 1. If true, it
Max_Str=s [0 immediately returns sas there is no palindrome substring for empty or single character
strings.

for i in range(len(s)-1)
3. Next, it initializes variables Max_Len and Max_Str to store the maximum length of a

for j in range(i+1,len(s)): ) 8
palindrome substring found so far.

5 it CEl Ene) O] =3 BlE i (BE=]t 4. A loop (for i in range(len(s)-1):) iterates over all possible starting points of substrings
b fien S el in s. For each starting point i, another nested loop (for j in range(i+1, len(s))) checks
BEECSE? © SRR whether the substring from index i to j forms a palindrome.
The condition if j - i + 1 > Max_Len and s[i:j] == s[j:i][::-1] ensures that the substring is
return Max_Str both longer than the current maximum length and reads the same backward as forward.
If this condition is met, it updates Max_Len and Max_Str with the new maximum length
\ ) and substring.

5. After iterating through all possible substrings, the function returns Max_Str, which
contains the longest palindrome substring found.

6. Finally, the line return Max_Str indicates that the function will return the result of its
computation.

This function uses dynamic programming principles to find the longest palindromic
subsequence efficiently by storing intermediate results and avoiding redundant
calculations.

A J

Kl 5 | ARG R . DeepSeek-VL REAS PR Python {URSHH2 BN H AR HLE 14 AR -

NGEMRIXLEPRA, AR TR Nk, |5, RATPRAZIEFEEEEE (PPL)
IR WA W o 3K B OCRF S s A A AR 2%, S8 F-15 TR R B BT A B A
Bije, FADTERNELEME (Flan A, B, C. D) ¥ PPL, JEeBmA0) 0 IERREIE A
RAER . HIK, HATLAM/NLGIRE SET Bllas | AU Edge, f 23R — & i 45 A 2t
G XPIROAR G G tR T 1.3B BELNRRn R ETE, HAERT B 3 Jar R AP RE .

3.2.8. BB 3 W%

TEMCRT B, FATHE T8 2 R RIAX FI 2 DeepSeek-VL BIAUHEFTHAOR],  DANY 3R IG5
LMPATXERRE ST, S A AI#AE B DeepSeek-VL-Chat #2281, FLAIMH R 2 B dii-if
T SFT ARt uih SR8, VL SRS AR S amises, BT GPU NfEGI, SAM-B fr%f
el . FNOEFE R ARA Token, I FRBCRGEAN P PR . 9 PRIUERL LA 75 T ) 4 T 24
I, BAVHE T ZBESEHRH DeepSeek-LLM il fil ) A SCAH R Bl il & - %Ik Pk
TR PO 5 P i 2 D RE .

3.3. WIS BRI

P A B BE) PR S B & 2 5 Frs . BATH HAT-LLM (High-flyer, 2023) (—/MgEHR
R 3 UIGHESL ) YNZRRIPEAL TR AT DeepSeek-VLo HT-FRAT 8 FALE A A #5315 15 40 Ay
A&, RJGHE— A B BRI AR SCA R, AT TR] PARAAHIARF FOK S AT MG 2] VL A
g FAT TR A48 T SCAR AR B, IR HA R S R 5 — 2 o X5 —
JRRASIRIIBRIEEH, HEER ThMER K E AT EOR, (H3tziyg, 5 B2 hniE Transformer B
FALL, BRI TR N R, AR E T 5 A K AT L SE g i A%

15



DeepSeek-VL 1B DeepSeek-VL-7B
WL G b SigLIP SigLIP+SAM
[HE2 | OBBE1 B2 BiBE3 | BBl B2 B3
23] K 1.0x107% 3x107° 2.0x107° | 1.0x1073 42x107° 2.0x107°
LR JH)Ees Cosine Step Cosine Cosine Step Cosine
I EE T 0.0 0.0 0.0 0.0 0.0 0.0
o R 1.0 1.0 1.0 1.0 1.0 1.0
Ak g AdamW (B1 = 0.9, B, = 0.95) AdamW (B1 = 0.9, B, = 0.95)
FRHGEE 128 2000 256 128 2000 256
Ml 15000 96000 10000 15000 42000 10000
LR KN 256 1024 256 256 2304 256
AN JE 512 4096 4096 512 4096 4096
JFHAT A X v X X v X
MKLIHAT X X x X v v

%% 5 | FA'1 DeepSeek-VL BITEANESEL

i A 3 o B0 g i ds I AFAE IR R BUS A2 Z RTINS R 2, BRI FRATTHE AR AT 2
[F1) FE K 43 AR J2 DA S IS A1) S B AN ek . DeepSeek-VL [#_F /2 5 DeepSeek-LLM 5¢
A . WX FIME R, FRATINAE P PATAAT Megatron (Korthikanti et al., 2023; Narayanan
et al., 2021; Shoeybi et al., 2019) FFRIHE 3D HATHEAR, 1B DeepSeek-LLM (DeepSeek-Al,
2024) —FEESITEMIEE . DeepSeek-VL-TB fEH 64 A5 & (BT A5 8 Bt Nvidia A100
GPU) 4UAHIATEE AT 5 K, T DeepSeek-VL-1B 7% 1 16 /A0 B F 1 I5#ET 7 K.

4. PPk
4.1. AIF LB HENAE RS
FANTHE— BRIV ATFEUE EIPAEFRAT ALY -
ZERBEAEMREHEE . MMMU (Yue et al., 2023), CMMMU (Zhang et al., 2024), MM-
Bench (Liu et al., 2023a), MMBench-CN (Liu et al., 2023a). SeedBench (Li et al., 2023a) #l

MMV (Yu et al., 2023b). TP 2410 H 7 WA T 4EERE A EIER, R4 MMB/MMC-dev I
#+ DeepSeek-VL 53a4 X F-#H4T7HE .

Bl / AAs PRI HESE - OCRBench (Liu et al., 2023b);
Z)uE datasets: POPE (Li et al., 2023Db);
Bl 8 datasets: ScienceQA (Lu et al., 2022a) and MathVista (Lu et al., 2023).

FTATRMET B PAE %, UMD . Al py 3T A2 s A 2 Fa LA AL A i
e, M RCCA 455 . The comparative results, as illustrated in Table 6, show
that DeepSeek-VL-7B surpasses most open-source models of similar size across a wide range of

benchmarks.
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LLM MMMU CMMMU MMB MMC SEED OCRB POPE MathV MMVet

PR LMMs:

Gemini Pro Unk 489 - 75.2  74.0 70.7 659 - 45.2 59.2
GPT-4V Unk  56.8 42.5 75.0 747 T1.6 659 - 47.8 49.9
Qwen-VL-Plus Unk  45.2 39.5 66.2 69.6 T72.7 - - 43.3 55.7
Qwen-VL-MAX Unk 514 - 781 764 727 - - 51.0 61.8
JFJE 13B LMMs:

LLaVA-1.5 13B 36.4 - 68.2 61.9 68.2 331 85.9 26.4 38.3
VILA 13B - - 70.3  64.3 - - 84.2 - 38.8
LLaVA-Next 13B 36.2 - 70.0 644 719 - 86.7 35.3 48.4
JFE 7B LMMs:

EMU2-Chat 7B 36.3 23.8 63.6 459 68.9 - - 30.0 31.0
Qwen-VL-Chat B 37.0 - 60.6 56.7 64.8 - - 33.8 47.3
CogVLM 7B 37.3 24.8 63.7 53.8 68.8 - - 34.7 54.5
LLaVA-Next 7B 35.8 - 674 60.0 70.2 - 86.5 34.6 43.9
Yi-VL 6B 37.8 35.8 68.2 689 67.6 - - 28.0 31.1
DeepSeek-VL (ours) 7B 36.6 37.9 73.2 72.8 70.4 456 88.1 36.1 415

%6 | AFZHSHRBRNS L. EEE M AR, R TR

LLM MMMU CMMMU MMB MMC SEED OCRB POPE MathV MMVet

IR

MobileVLM 1.4B - - 53.2 - - - 84.5 - -
MobileVLM 2.7B - - 59.6 - - - 84.9 - -
MobileVLM V2 1.4B - - 59.6 - - - 84.3 - -
MobileVLM V2 2.7B - - 63.2 - - - 84.7 - -
LLaVA-Phi 2.7B - - 59.5 - - - 85.0 - 28.9
DeepSeek-VL (ours) 1.3B  32.2 274 64.6 61.3 66.7 409 87.6 31.1 34.8

7| ARV ZBESHRAART L .

DeepSeek-VL outperforms open-source models of similar size in benchmarks such as MMB,
MMC, and SEEDbench, even approaching proprietary models (DeepSeek-VL vs. GPT-4V =

70.4 vs. 71.6 on seedbench), demonstrating its powerful natural image comprehension capability.

The model also surpasses all open-source models in mathematical logic, but still lags significantly
behind proprietary models like GPT-4V (36.1 vs. 47.8 on MathVista). This difference could be

attributed to the variance in base model sizes.

Furthermore, as shown in Table 7, DeepSeek-V1.-1.3B significantly outperforms models of

comparable size. It demonstrates superior performance compared to leading open-source models

in the MMB benchmark test, while utilizing only close to half the parameters (1.3B vs. 2.7B),

indicating its robust natural image comprehension capability. DeepSeek-VL-1.3B even achieves

comparable results to 7B open-source models on MathVista, further validating the powerful

logical understanding capabilities of the DeepSeek-VL family.
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Version DeepSeek-VL DeepSeek-VL DeepSeek-LLM
1B Chat 7B Chat 7B Chat
Encoder SigL.IP SigLIP+SAM None
HellaSwag 56.0 68.4 68.5
MMLU 32.5 52.4 49.4
Benchmark GSMS8K 18.0 55.0 63.0
MBPP 10.0 35.2 35.2
AGIEval 14.0 27.8 19.3

Z¢ 8 | The performance on language benchmarks.

4.2. Public Language Benchmarks Evaluation

We evaluate our models on the following public language benchmarks:
Multi-subject multiple-choice datasets including MMLU (Hendrycks et al., 2020).

Language understanding and reasoning datasets including HellaSwag (Zellers et al.,
2019).

Language modeling datasets including Pile (Gao et al., 2020).
Math datasets including GSM8K (Cobbe et al., 2021).

Code datasets including MBPP (Austin et al., 2021).
Standardized exams including AGIEval (Zhong et al., 2023).

We apply perplexity-based evaluation to datasets that require answers to be chosen from
several options. These datasets include HellaSwag and MMLU. The perplexity-based evalua-
tion here refers to calculating the perplexity of each option and selecting the lowest one as the
model prediction. Perplexity-based evaluation helps to distinguish subtle probability difference
between model predictions and avoids discontinuity of exact match style evaluation. We apply
generation-based evaluation with greedy decoding for GSM8K and AGIEval. The generation-
based evaluation here refers to letting the model generate free texts and parsing results from
generated texts. We apply language-modeling-based evaluation for Pile-test, which means cal-

culating the bits-per-byte on the test corpus. And the results are illustrated in Table 8

It can be observed that across the majority of language benchmarks, DeepSeek-VL performs
comparably to, or even surpasses, DeepSeek-7B. For instance, it achieves scores of 68.4 vs. 68.5
on HellaSwag, which serves as a general benchmark for evaluating general language ability.
DeepSeek-VL outperforms DeepSeek-7B on metrics such as MMLU and AGIEval, indicating that
multimodal training methods may even aid in language tasks. Nevertheless, DeepSeek-VL-7B
shows a certain degree of decline in mathematics (GSM8K), which suggests that despite efforts

to promote harmony between vision and language modalities, there still exists a competitive
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Kl 6 | Human evaluation results on InternLM-XComposer2-VL (Dong et al., 2024),
CogVLM (Wang et al., 2023b), DeepSeek-VL and GPT-4V (OpenAl, 2023b).

relationship between them. This could be attributed to the limited model capacity (7B), and
larger models might alleviate this issue significantly. Overall, DeepSeek-VL strives to achieve

the goal of minimizing declines in language capability while addressing these challenges.

4.3. Human Evaluation

To further explore the capabilities of our DeepSeek-VL, we independently construct a dataset
for manual evaluation. This dataset comprises 100 questions, divided into seven categories, each
encompassing specific tasks. These categories and tasks are same as our taxonomy for the in-
house SFT data, as shown in Table 4. This approach ensures that the tasks we test are universal

and encompass the majority of use cases for multimodal models.

Moreover, based on the categories and tasks described in existing reports, we collect similar
image materials and developed prompts. The sources for these image materials include royalty-
free image communities and photographs taken by the researchers. This methodical collection
and prompt formulation process ensures our dataset is both comprehensive and representative

of real-world multimodal model applications.

We compare our DeepSeek-VL-7B with InternLM-XComposer2-VL, CogVLM and GPT-
4V as shown in Figure 6 (and we also provide visualization results in Appendix A). GPT-4V
demonstrates exceptional performance across most dimensions. All open-source models are still
far behind GPT-4V in logical reasoning, highlighting the necessity of scaling up the size of Large
Language Models (LLMs). DeepSeek-VL-7B achieves better results in overall performance,

reaching outcomes close to GPT-4V in Recognition, Conversion, and Commonsense Reasoning.

In addition, we conduct a comparative assessment using GPT-4V to evaluate the perfor-
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K 7 | GPT-4V-based Evaluation Results of DeepSeek-VL vs. Other Models: The chart depicts
results from a GPT-4V-based assessment across 99 test samples, demonstrating DeepSeek-VL’s
favorable outcomes against both open-source and proprietary models.

Stage 1, Training Step MMB MMC SEED POPE MMMU Average

2K 59.0 54.0 61.8 82.3 30.3 57.5
8K 58.0 45.0 58.5 84.9 29.2 55.1
20K 56.0 52.3 59.0 81.7 28.6 55.5
80K 58.1 55.0 58.6 78.6 27.9 55.6

2% 9 | Comparative directly SFT performance results on scaling up stage 1 data. The results
demonstrate that expanding the data scale at this stage does not yield benefits, or even results
in worse performance.

mance of DeepSeek-VL against other models across a set of 99 test samples designed for human
evaluation. Following (Zheng et al., 2024), we show GPT-4V the question and the answers
from two different models and ask GPT-4V to determine which one is better or declare a
tie. The results indicate a preference for DeepSeek-VL’s responses in the majority of cases, as
GPT-4V tends to rate the quality of DeepSeek-VL’s answers more favorably. As illustrated in
Figure 7, DeepSeek-VL is judged to be superior in over 60% of instances when compared to open-
source multimodal models, including Fuyu-8B, CogVLM-17B, and InternLM-XComposer2-VL.
Moreover, in comparison with other proprietary models, such as GPT-4V itself, DeepSeek-VL

demonstrates comparably exceptional performance.

4.4. Ablation Study

Scale Up Projector Training We expand the dataset for stage 1 (projector warmup) and
subsequently apply supervised fine-tuning. The results, depicted in Figure 9, demonstrate that
augmenting the training data volume does not enhance performance at this stage. This implies
that the projector’s capacity is inherently constrained, rendering it incapable of capturing the

extensive knowledge necessary for multimodal tasks.

Training Stage In Table 10, we examine the contributions of each stage to the model’s per-



Stage 1 Stage 2 Stage 3 MMB MMC SEED POPE MMMU Average

v v 99.4 04.2 61.4 82.5 29.2 o7.4
v v 63.4 60.5 65.9 87.1 31.8 61.7
v v v 64.3 61.3 66.7 87.6 32.2 62.4

Z¢ 10 | Analysis of model performance across training stages.
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K 8 | Comparative analysis of modality warmup on language (Pile-test) and multimodal (MM-
Bench and MMBench_ CN) benchmarks demonstrates that modality grouping consistently sur-
passes the non-grouped modality approach in language tasks, while simultaneously preserving
performance on multimodal tasks on training stage 2 (Multimodal:Language=60%:40%).

formance. It’s evident that combining stage 1, stage 2, and stage 3 yields significantly better
results across all metrics compared to combining stage 1 and stage 3 alone, demonstrating the
effectiveness of multimodal pretraining. Additionally, the combination of stage 2 and stage 3
still slightly lags behind the combined performance of stage 1, stage 2, and stage 3, indicating

that vision-language adaptor warmup stage remains meaningful.

Modality Group Training When mixing language and multimodal data, we observe that
directly blending them at the batch level significantly reduces training efficiency. This inefficiency
arises because each batch gradient backpropagation process waits for the slowest sample to
complete. As a result, the predominantly faster-to-process pure language data ends up waiting

for the multimodal samples to finish, leading to a decrease in overall training efficiency.

To address this issue, we experiment with grouping different modalities of data at each global
step, sampling distinct modalities separately. This approach involves organizing the training
data so that batches are composed either entirely of language data or entirely of multimodal

data at different training steps, rather than mixing them within the same batch.

The results are shown in Figure 8, we observe that this method does not compromise the
model’s performance while enhancing the model’s training efficiency by 20%. This strategy effec-
tively circumvents the bottleneck caused by the disparate processing times between modalities,

optimizing the training workflow.

Modality Warmup Considering that our approach involves multimodal training on the foun-
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Kl 9 | Comparative performance results on language (Pile-test) and multimodal (MMBench and
MMBench_ CN) benchmarks for modality warmup. Modality warmup consistently matches or
surpasses the performance of approaches without modality warmup across all evaluated tasks
on training stage 2 (Multimodal:Language=60%:40%).

dation of a language model, directly mixing multimodal data in a fixed proportion from the
outset can destabilize the model. To counteract this issue, we propose a simple yet effective
modality warm-up strategy. Initially, we set the language data ratio to 1, and then gradually

decrease it to the target ratio for the final model training (e.g., 0.7).

Our experiments, as illustrated in Figure 9, demonstrate that this strategy effectively pre-
vents a significant decline in language capabilities at the beginning of training, while also yielding
comparatively superior outcomes in the final phases for both the language and multimodal do-
mains. This gradual adaptation enables the model to more seamlessly adjust to the incorporation

of multimodal data, thereby improving overall training stability and performance.

Vision Encoder Selection In order to better acquire and utilize image information, we com-
pare the training loss of different vision encoders under our training settings except for reducing
training steps of stage 2 to 8000 for efficiency. As illustrated in Figure 10, the incorporation
of vision-only self-supervised encoders has been found to significantly enhance performance on
training loss. To more effectively process high-resolution images, our research ultimately adopts

a hybrid vision encoder strategy, combining SigLIP with SAM for our model’s implementation.

Vision-Language Adaptor Design To improve the efficiency of extracting information from
the visual encoder while adhering to current token length constraints, adjustments can be made
to the Vision-Language adaptor in two main ways: the method used to combine visual features

and the design of the MLP adaptor.

Previous studies (Tong et al., 2024) have indicated that combining visual features along
the sequence dimension can lead to better model performance, although this comes with the
trade-off of increased computational requirements due to a longer sequence of visual feature to-

kens. As demonstrated in the top section of Table 11, reducing the sequence length by stacking
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Architecture MMB MMC SEED POPE ScienceQA MMMU OCRB Average
Sequence Concatenation:

Token Pooling - W 61.2 59.6 61.6 86.5 57.7 31.6 304 55.5
Token Pooling - H 59.9 58.3 61.6 83.8 55.0 32.0 291 54.2

Embedding Concatenation:

Hybrid MLP 61.7 60.1 62.9 87.8 06.6 31.3 309 55.9
Shared MLP 62.0 58.9 62.5 86.6 54.7 30.2 318 55.2
Separate MLP 57.5 58.7 63.1 86.5 56.6 29.0 299 54.5

Z¢ 11 | Comparison of different adaptor architectures using SigLIP and SAM as hybrid vision
encoder, Hybrid MLP are used for sequence concatenation experiments. Bolded entries rep-
resent the best results, while underlined entries denote the second-best results. For calculating
the average score, we divide the OCRBench by the total number of questions.

visual features along the image’s width or height dimensions before sequence concatenation, in
order to keep the sequence length constant, does not achieve better results compared to sim-
ply merging them along the embedding dimension in most metrics. In terms of the adaptor
architecture, employing separate MLP adaptors for each vision feature encoder allows for more
precise adjustments to the specific values and distribution patterns of visual features, facili-
tating smoother model training. Conversely, using a shared MLP adaptor for different vision
encoders contributes to adequate feature fusion. We adopt a mixed strategy and report stable

and improved performance, as outlined in the lower section of Table 11.

5. Conclusion, Limitation, and Future Work

In this technical report, we have introduced DeepSeek-VL, a series of Multimodal Large Lan-
guage Models, available in scales of 1.3B and 6.7B parameters. This report has unveiled the
limitations inherent in the predominant projector-based pretraining methodologies, setting the

stage for the innovative approach adopted by DeepSeek-VL. By prioritizing a joint vision and
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language (VL) pretraining phase, DeepSeek-VL transcends traditional models by ensuring that
the integration of multimodal data does not compromise the linguistic capabilities of the Large
Language Models (LLMs). This is achieved through a strategic warm-up data ratio and the
introduction of a hybrid vision encoder, which together enable the efficient processing of high-

resolution images without losing sight of semantic richness.

The incorporation of a hybrid vision encoder, capable of handling 1024 x 1024 images within
a constrained token budget, underscores our commitment to preserving the nuanced details and
semantic integrity across diverse tasks. As a result, DeepSeek-VL emerges as a pioneering model
that not only meets but exceeds the standards set by generalist models in its class. It showcases
exceptional performance across a wide range of visually-centric benchmarks while sustaining

formidable proficiency in language-centric evaluations.

In making DeepSeek-VL publicly available, we aim to catalyze further innovation and explo-
ration within the research community, providing a robust foundation upon which future studies
can build. This gesture of openness is intended to facilitate the collective advancement of our

understanding and capabilities in handling multimodal data.

Looking ahead, we are excited to announce plans to scale up DeepSeek-VL to larger sizes,
incorporating Mixture of Experts (MoE) technology. This forthcoming expansion promises to
further enhance the model’s efficiency and effectiveness, opening up new horizons for research

and application in the field of Al
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" . import random
f set my variable v to pick random to

# REEEREFERUNER
guess = None
answer = random.randint(1, 10)

LRI Guess a number between 1 and 10 JERERTENS while guess != answer:
[ # WEATRRHU— 12102 BRBTF

print ("R —1R10Z BHKF. )
answer > my variable then guess = int(input())

if guess < 1 or guess > 10:

say for ° seconds print (RN T, WERAY. *)
elif guess > answer:

print ("ABT! ")
else:
o print ("AfET! ")
else:

print ("RET! *)

repeat until answer = my variable

answer < my variable

EEVAN Too low! el ° seconds

XM, BAMEH T random.randint () i #ok A sl— AN EN0Z 8] (1 BEHLE K/ R
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Response — Open-source Model 1

sorry, as a language model Al, | cannot process image into any other content.
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Response — Open-source Model 2

HERY XA A Python £ )T BOT LA HIAZE . python

def guess_number():

while True:

number = random.randint(1, 10)
print(f'Guess a number between 1 and 10 and wait:, number)
answer = input()

if answer == number:
print( K& 7! FF17)
continue

elif answer < number:
print(KIET ! SF 18
continue

else:

print(fRAERT! )

break

. J

Kl 11 | Visualization results. DeepSeek-VL can understand children’s programming diagrams
from the real world and provide detailed and organized explanations.
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Explain the image.

Multi Step Learning Rate Scheduler (80% + 10% + 10%)
29 Multi Step Learning Rate Scheduler (70% + 15% + 15%)

Multi Step Learning Rate Scheduler (60% + 20% + 20%)

Training Loss

40 60 100
Processed Tokens (Billions)

(b) Different proportions of multi-step stages

&
Response — DeepSeek-VL

The image is a line graph that compares the performance of two different learning rate schedulers,
namely the Multi Step Learning Rate Scheduler and the Cosine Learning Rate Scheduler. The x-axis
represents the number of processed tokens in billions, ranging from 0 to 100 billion. The y-axis
represents the training loss, which ranges from 2.0 to 3.0.

The blue line represents the Multi Step Learning Rate Scheduler with three steps of increasing
rates: (80% + 10% + 10%). This line starts at a high point near 3.0 on the y-axis when the number
of processed tokens is 0 billion, indicating a higher initial loss. As the number of processed tokens
increases, this line shows a steep decline in training loss, suggesting rapid improvement in model
performance as more data is processed. However, after approximately 40 billion processed tokens,
the line begins to level off, indicating diminishing returns on further processing.

The orange line represents the Cosine Learning Rate Scheduler. It also starts at a high point near
3.0 when the number of processed tokens is 0 billion but has a much smoother descent than the
blue line. This suggests a slower but steady decrease in training loss as more tokens are processed.
After around 60 billion processed tokens, this line levels off as well, similar to the blue line.

Both lines show a general trend of decreasing training loss as the number of processed tokens
increases, indicating improved model performance over time. However, the Multi Step Learning
Rate Scheduler appears to achieve lower losses more quickly compared to the Cosine Learning
Rate Scheduler, especially in the early stages of processing tokens.

/

Prompt

Help me find the bug.

find_max_in_sequence(sequence):
1f sequence:

turn

max_value = sequence([1]

or num in sequence:
if num > max_value:
max_value = num

max_value

J
e a
%
Response — Open-source Model 1
Line 1 expresses the number of tokens, following a nonlinear trend. Line 2 starts at value 80, then
is decreasing and increases by 10% until reaching a value where it then increases by 10%, before it
flattens out. Line 3 also starts in increasing part, then has some constant decreases between
different points, and after that express an increasing part. )
4 2\
-3
Response — Open-source Model 2
The image displays a line graph comparing the training losses of two different learning rates
schedulers: the Multi Step Learning Rate Scheduler (80% + 10% = 10%) and the Cosine Learning
Rate Scheduler. The y-axis represents the training loss in terms of billions, ranging from
approximately 2.2 to 3.0. The x-axis represents the number of processed tokens, with a range
from 0 to 100. The Multi Step Learning Rate Scheduler's line is blue, showing a sharp decline
initially and then stabilizing. The Cosine Learning Rate Scheduler's line is orange, showing a more
\_ gradual decline. Y,
( R

&
Response — DeepSeek-VL

The image shows a piece of code written in Python, which is intended to find the maximum value in
a sequence. The function definition starts with "def" indicating that this is a new function being
defined. The name of the function is "find_max_in_sequence".

The first line checks if the input is not a sequence; if it is, the function returns None. This is an
important check because functions should only operate on sequences (like lists or tuples) and not
other types of data structures. If the input is not a sequence, the function will return no result, which
can be useful for handling invalid inputs.

Next, there's a statement defining what a sequence is: max_value = sequence [1]. This seems
incorrect as it assigns the index 1 to max_value instead of the actual element at position 1 in the
sequence.

Then we have a loop that iterates over each number in the sequence. It uses an "if" condition to
check whether the current number (num) is greater than the current maximum value (max_value). If
true, it updates max_value to be equal to num. This part of the code appears correct, as it correctly
compares each number against the current maximum value and updates the maximum when
necessary.

Finally, after the loop ends, the function returns the updated max_value, which contains the
maximum value found in the sequence.

Based on the visual clues provided by the code snippet, the bug lies in the assignment of max_value
where it incorrectly assigns the index 1 rather than the value at that index in the sequence. The
corrected version would look like this: max_value = sequence[0].

This error could potentially lead to unexpected results if the sequence has more than one element,
as the function might fail to find the maximum value due to the wrong assignment of max_value.

%

Response — Open-source Model 1

The function name in the code is "find_max_in_sequence", but it has not actually been called as
the condition of the if-statement checks for 'not sequence' instead of 'if not sequence'. The actual
line where the function should be called is missing from the provided code.

s N
%

Response — Open-source Model 2

The bug in the code is that the condition for returning 'None' is set to 'if not sequence’, which is
incorrect. The correct condition should be 'if not max_value', to ensure that the function returns
'None' when the sequence is not found or when the max value is not found within the sequence.

Kl 12 | Visualization results. DeepSeek-VL has strong understanding capabilities for code and
charts in the real world.
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What coin is that? The coin is a 10 Baht coin from Thailand.
& J
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Response — Open-source Model 1
The coin is an Asian coin, which features a cityscape on it.
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L Response — Open-source Model 2
answering does not require reading text in the image
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Prompt Response — DeepSeek-VL
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K 13 | Visualization results. DeepSeek-VL possesses extensive knowledge of the real world.
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Convert it to markdown table. Here is the image content converted into a markdown table:
Dataset Total Training Testing Regularity Irregularit  #A
Frames Frames Frames y
Table 1. Comparision of our dataset with other reeased datasets.
HFrames Our Dataset 317,998 274515 42,883 300,308 17,090 -
Dataset - —
Total | Training | Testing | Regularity | Irregularity CUKHK Avenue 30,652 15,328 15,324 3,820 ; ;
Our Dataset | 317,398 | 274515 | 42883 | 300308 | 17,09
CUHK Avenue | 30,652 | 15328 | 1534 | 26832 | 3820 UCSD Ped2 4,560 2,550 2,010 2924 1656 -
UCSDPe2 | 4300 | 2550 | 2000 | 204 | 16% S et woto  |eaoo  |7200 | ssss | aces |-
UCSD Ped! 14000 | 6800 | 7200 | 9995 4005
Subway Entrance | 136,524 | 20,000 | 116524 | 134124 | 2400 Subway Entrance 136,524 20,000 116524 134124 2,400 -
Subway Exit | 72401 | 7500 | 64901 | 71681 70 Subway Exit 72,401 7,500 64,901 71,681 720 .
N
Please note that the "A" column in the original table seems to be empty or not fully visible in the
image provided.
. )
& N
Response — Open-source Model 1
Dataset #Frames | Total Training = Testing | Regularity | Irregularity
CUHK
30,652 37,398 = 27,515 42,988 300,308 17,090
Avenue
UCSD Perf2 4,560 2,550 2,010 2,924 2,924 1,656
UCSD Perfl 14,000 6,800 7,200 9,955 4,005 4,005
Subway
136,524 20,000 | 116,524 134,124 | 2,400 1,7567
Entrance
Subway Exit 72,491 7,500 64,901 71,681 720 645
- J
4 N
B
Response — Open-source Model 2
Dataset Total Training Testing Regularity Irregularity
Our Dataset 317,398 274,515 42,883 300,308 17,990
CUHK Avenue 30.652 15,328 15,324 26,832 3,820
UCSD Ped2 4560 2,550 2,010 2,924 1,636
UCSD Ped1 14,000 6,800 7,200 9,995 4,005
Subway Entrance 136,524 20,000 11,624 13,424 2,400
Subway Exit 74401 7,500 64,901 71,681 720
& J

& 14 | Visualization results. DeepSeek-VL is capable of accurately reading the contents of real-
world tables.
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