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Abstract
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We present YOLO, a new approach to objegt detection.
Prior etk o object detection repurposes classifiers to per-
Joym detection. Instead, we frame object detection as a re-
g[r]e‘gsslfun problem 1o spatially separated bou‘ning boxes and
assoblated class probabilities. A single neural network pre-
dicts bounding boxes and class probubilities directly from
full images in oné Evilation. Since the whole detection
pipeline is a single network, it can be apnmxzed end mend
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Figure 1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) resizes
the input image to 448 x 448, (2) runs a single convolutional net-
work on the image, and (3) thresholds the resulting detections by

directly on detection performance. the model’s confidence.

Our tinffied architecture is extremely fast. Our base
YOLO model processes images in real-time at 45 frames
per second. A smaller version of the network, Fast YOLO,
processes an dstounding 155 frames per second while
still achieving double the mAP of other real-time detec-
tors. Compared 1o staterof-the-art detection systems, YOLO

makgs more localization errors but is less likely to predict

B b IR RIRAT 1.,..“«
e ML B G
methods o first generate patential bounding boxes n an im-
age and then run g classifier on these proposed boxes. After
classification, poy{‘proggssing is used o Teline the bound-
ing boxes, eliminite duplicate detections, and rescore the
boxes based on other objects in the scene [17]. These com-
plex pipelities are slow and hard to optimize because each
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Tncreased depth. On the linageNet dataset we
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Figure 1. Training error (lef) and test error (right) on CIFAR-10
with 20-layer and S6-layer “plain” networks. The deeper network
has higher training crror, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4, A4 SAA8GH4L L s ehiesns

vidence showing that these residual

ith a depth of up to0 152 layers—$x
mihafur s greatly benefited from very deep models

Driven by the significance of depth. a question arises: Is
learning beter networks as easy as stacking more layers? =5 %5
An obstitle to answering this question was the notorioust

of mnnlm\g/exp&dmg— sradients—|

Thisesul won the 10 place o e

a5 |

snany-visual recogni

Th( depth of representations is of central importance™

Tremely deey epresemations, we i 2% reave
provement on the COCO objiéet detection dataset. , Decp
vesidual et are foundations of our submissions o LSVRC
& COCO 2015 competitions', where we also won the Ist
places on the tasks of ImageNet detection, ImageNet local-
ization, COCO detection, and COCO segmentation.

3
Decp convolutional neural networks (22, 31} have led
to,a series of breakihroughs for imagg classiication, 21

atiper contérgence from th, beginning. This problem,
Poveve s bn el addffged by normaized nital.
3,9, 37, 13] and intermediate normalization layers 5
[mf \vhuh enable networks with tens of layers o start con-
verging for stoch dient duunl (SGD) with back-

ition tasks.  Solely due to our ex-

x, When deeper ﬁ
egradationTproblem s e G
) wmch deplh increasing, accuracy gets saturated (“hu:h m.gm be
44 X[ARG unsiprising) and then degrides rapidly. Unexpectedly, GEIA
such degradation is nof caused tings and-adding s estasssien ________________ E g =3

more layers to a suitably deep model leads to higher train-, Sl
ing error. as reported in [11, 42] and thoroughly verified by

et s

&8

50, 40]." Deep networks natgrally integrate, 3&‘”‘ Ciitigh. our experiments. Fig. 1 shows a typical example.

Ie»:l features.

nd clasSifiers in an end-to-end mulii-

‘L“by_\lu nnmbu of stacked layers (depth). Recent
4] reveals that network depth

‘The degradation (of training accuracy) indicates that not stsmsasusssss:
all systems are similarly easy (0 optimize, Let us consider a

shallower architecture and its decper cotifterpart that adds évs

VIS of features can be enriched
evidence

1 multiple detections. While not critical o performance as it
-
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wERE 3% in mAP.
J 2.4. Limitations of YOLO VoL {154/

R YOLO ifhposes strong spital chntraints on bounding
o predictions since each erid cellonly predicts o boses 4472474+
and can only have one class. This spatial constraint im- *,.rtiyass
its the number of nearby objects that our model can pre-
dict. Our model struggles with small objects that appear in
groups, such as flocks of birds.
Since our model learns to predict bounding boxes from
data, i struggles to géneralize (o objects in new or unusual
aspect ratios or configurations. Our model also uses rela-
tively drse features for predicting bounding boxes since
our architecture has multiple dow hsampling layers from the
input image.
Finally, while we train on a loss function that approxi- e #aiat
‘mates detection performance, our loss function treats errors
the same in small bounding boxes versus large bounding
boxes. A small error in a large box is generally benign but a
small error in a small box has a much greater éffect on 10U

Our main source of error is incorrect localizations. ##12¢E4
incorrect localizations. 25574 piet

p—
]

el FAC)NE)

where 1] denotes if object appears in cell i and L5 [de-
notes that the jth bounding box predictor in cell 775 “re-
sponsible” for that prediction.

Note that the loss function only pcnahms classification

§e-&  error if an object is present in that grid cell (hence the co

ditional class probability discussed earlier). It also only pe

nalizes bounding box coordinate error if that predictor is

‘responsible” for the ground truth box (i.c. has the highest
10U of any predictor i that grid cell).

We train the network for about 135 epochs on the train-
ing and validation data sets from PASCAL VOC 2007 and
2012. When testing on 2012 we also include the VOC 2007
test data for training. Throughout training we use a batch
size of 64, a momentuiit of 0.9 and a decay of 0.0005.

Our learning rate schedule is as follows: For the first
epochs we slowly raise the learning rate from 103 10 102

I we stagtat a high learning rate our model often divery ges

3. Comparison to Other Detection Systems 5% 8#/&x Rt

Object detection is a Gl problem in computer vision.
Detection pipelines generally start by_ cx!mctmgugs“_& of
Tohuy features from input images (Haar [23].
due to taSiable ghidients. We continue training with 10~ HOG [4], comvolutional features [61). Then, clicsifiers
for 75 epochs, then 10~ for 30 epochs, and finally 1074 [36, 21, 13, 10] ot ljgsahzcrs [1. 3] are used to identify
for 30 epochs. objects in the fegilte space. These classifiers or localizers

To avoid overfitting we use dropout and ckiénsive data  are run either in sJiding window fashion over the whole ini-
augmentation. A dropout Jayer with rate =5 after the first  age or on some Subset of regions in the image [35, 15, 39].
‘connecied Fayer prevents ¢6-adaptation between Jayers [151:™  We compare the YOLO detcction systemto several top,de-
For data augmentation we introduce random Scaling and  tection frameworks, highlighting Key similarities and differ-
translations of up to 20% of the original image size. We ences.
also randomly adjust the exposure and Sattiration of the im- Deformable parts models., Deformable parts models

inig window approach to object detection

age by up 10 a factor of L5 in the HSY, color space.
int pipeline to extract static features,

o i il
2.3. Tnference #4147 classify regions, predict bounding boxes for high scoring
regions, ete. Our system replaces all of these disparate parts
only requires one neuﬁr}; evaluation. On PASCAL VOC the with a single convolutional neural petwork. The network
network predicts 98 bounding boxes per image and class  performs feature exmcnon, )bo\lndmg box predicion, G-
for.cach box, YOLO 1 Jyfastat test Jnaximal -

Justlike in training, predicting detections for a test image

ofcrucial Imporance.  more laers onto it. There exsts a soluton by coptruction W..{
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Deeper neural networks are more difficult to train. We
present a residual learning fmmework to ease the training
of networks that are substan ially deeper than those used
previously. We e’(p‘?‘l‘(‘lll\ reformulate the layers as learn-

test error (%)
8
]
T

56-layer
-

20-layer

training error (%)

ing residual functions with re erence to the layer inputs, in- iter. (1e4) b T hergey
\\\ ___________________ s;e#;l_qfleurg(rnﬁg unreferenced functions. We provide com- Figure 1. Training error (lef‘) afl{{ test error (right) on CIFAR-10
E ¢1* ——  prehensive empirical evidence showing that these residual with ZO—Iayer f“fd S6-layer “plain” networks. The Fieeper network
> networks are easier to optimize, and can gain accuracy from has higher training error, and thus test error. S"““la" pl}er{arse:::mw
@) considerably increased depth. On the ImageNet dataset we on ImageNet is presented in Fig, 4. Ala SLmsaiLemtl s

. evaluate residual nets with a depth of up to 152 layers—8x

Lj deeper thun KGG nets [41] but still having lower c ,,,,,I;]’Z:i” greatly benefited from very deep models.
= ity An entemble of these residual nets achieves 3.57% error Driven by the significance of depth, a question arises: Is
on the ImageNet test set. This result won the 1st place on the learning better networks as easy as stacking more layers? i $unkuzaniss S
ILSVRC 2015 classification task. We also present analysis An obstidle to dnswennﬁ lh1>_q2e3n_on_ Wi D Eﬁ g
W on CIFAR-10 with 100 and 1000 layers. AR Mﬁ,,wm”w‘iproblem of \amsth/expTodmg gradient I LJ\ : | I
N N o0 The depth of representations is of central nnpnmmce de31 conver; gence from the begmmnz This problem,
$2E ?tt‘I ----------------- £9= = formany visual recognition tasks. Salﬁziy due to our ex- however, has been largely addressed by normalized initial- M%Ww"
= / 8 tremely deep representations, we obtain a 28% relative im- ization [23,9, 37, 13] and intermediate normalization layers rpire
+  provement on the COCO objé’c‘? detection dataset. Deep [16] which enable networks with tens of layers to start con-
ﬁ residual nets are foundati ofour bmissions to ILSVRC verging for stochastic (zrd(]ilent descent (SGD) with back-
Ve & COCO 2015 competitions', where we also won the Ist propagation [22]. BURE 4640 + Batch Mowmalization FuaerASHKEL
w  places on the tasks of ImageNet detection, ImageNet local- s When deeper networks ar

>' ization, COCO detection, und COCO segmentation.

able to start converging, a ?{I > Eﬁ
! |degradafic|probTem s Bevit cXposed With (e ristwork™ £ snis & Eﬂ: j—bl AJEX

ot i N
o [FER Resmete depth increasing, accuracy g gets turated (which might be

== S s nk
*Eﬂmiﬁ_ _________________________ x--t{nﬁoﬂudmu”""‘;‘fi—“{ IO {/ngj #AEAE unsurprising) and then degrades rapidly. _ Unexpectedly, S
-~ = AR SIHERLS AR MR ing prute 14 Egénlb
—

Deep convolutional neural networks [22, 21] have led, . more layers to a suitably deep model leads to higher train-

AW AR

1o, a series of breakthroughs for image CildSSkgggglﬁ{lm[’l ing error, as reported in [11, 42] and thoroughly verified by
50 407, Deep networks “dll“'d“)’ integrate, IOW/mld/hlgh' our experiments. Fig. 1 shows a typical example.

A
level features [30] and classifiers in an end-to-end mulii- The degradation (of training accuracy) indicates that not s s

________________________ .@EL«& - layer fashion, and the * “levels™of features can be enriched all systems are similarly easy to npum]/L Let us consider a
_[l\ édkﬂ”?”""‘by the number of stacked layers (duplh) Recent evidence L EAMA LA IR

Y shallower architecture and its deeper mumupm that adds !
[41 44]  reveals that network depth is cial importance, more layers onto it. There exists a solution by copstruction (.mu{ }..m
the challenging £4 o -

and the leading resulty, [41, - 44 13, 16] to the deeper model: the added layers are identity mdgp ng. S S
apasioontie ImageNet dataset 6]‘ 11 explon ‘very, deep” [41] models, and the other layers are copied from the learned shallower E\ 2N 2
FYTWAY Y, Wlth a depth of sixteen [41] to thirty [1 -Ln 1:':

aeed ke LT e T ET Manyu ther nan. R S A e e e e e e e e e e e e e e e e e -
o Yont ny other non- model. The existence of this constructed solution indicates
tnv1al visual recognition tasks [8, 12, |7, 32, 27] have also

( o)) that a deeper model should produce no higher training error szt
Ihttp: //image-net.org/challenges/LSVRC/2015/ and than its shallower counterpart. But experiments show that psissnasusmise

tTp: //mgcoco. org/dataset/#detect ions-challenge2015. our current solvers on hand are unable to find solutions that
| |

v i
Imagenet 2015 K

Coco kAR Hat)



BATAE R SR R BARE Yoto V)
CUPR 2otb , Opency People’s choice Avard

g ST @) THERA

Hsasa
prinveriety

Yolo VS (dmirtis)
N

YoloAR BB [ow

s ik REERLTLRL. Rl “ e o
AEARAN AL o HekA-R Yolo o
oy , . s )
. - et 67 BATAE RIAE B
i SRAAN: BAAT B You Only Look Once: Aok | nin
AR EATRL @) Yolov)

Yolo vl v2.v2
Darknel  Xner-net
CPR1bAERS AR TEO R

PO CY L 12X e
preecs

Unified, Real-Time Object Detection ot

PR R-cHn, Fast R-a
e R LT IC L)

Retiamt Yolo | R8G:

Joseph Redmon Santosh D‘;vvala*1 Boss Gll’SthkT Ali Farhadi*!
FAIR
Umverslty of Washington™, Allen Institute foﬂr AI', Facebook Al Research™

http://pjreddie.com/yolo/

Abstract

O giie
We pre. ent, YOLO, a new approuch to ob/ccr detection.
() Prior work on ob/ez‘r detection repi{l:poses clusslﬁers to per-
(@\] form detection. Instms{ we fr&me objectugetgcnon as are-
> gress(mn pmb/lem to spatially separated boun;]mg boxes and
< associated class probabilities. A single neural network pre-
z dicts baundmg boxes and class probabilities directly from
Sull un‘:fé}s in one Svaliation. Sinee "iﬁ whole detection
N pipeline is a single network, it can be o[’;mmzed eml to-end

—— directly on .glelefmm performance.

Our unified architecture is extremely fast. Our base
YOLO model proc images in real-time at 45 frames
- per second. A smaller version of the network, Fast YOLO,
¢)  Dprocesses an u\ﬁrundmg 155 frames per second while
i still achieving double the mAP of other real-time detec-

w tors. Compured 19 statezof-the-art detection systems, YOLO
> mukm nore lmahzumm errors but is less likely to predict
() fll)(’ poxmveo on background. Finally, YOLO learns very
<t swgeneral representations of objects. It autperforms other de-
\O tection methods, including DPM and R-CNN, nhen ge er-
g alizing from natural images to other domains like Gartwork.
\O
S
2 1. Introduction /s i sk ks v 1o sriRsiiE
N AR 35
> Humans glance at an image and instantly know what ob-
SZ jects are in the image, where they are, and how they inter-
— act. The human visual system is fast and accurate, allow-
€3 ing us to perform complex tasks like driving with little &bn-

g8 scious thought. Fast, accurate algorithms for object detec-
BAadir] tion would allow compnuters to drive cars wnhoul special-
ERHE. ized sensors, enable assistive devices to convey real-time
scene information to human users, and unloﬁé the potential
for general purpose, responswe roibonc systems.

Current detection systems repurpose classifiers to per-
form detection. To detect an object, these systems take a
AL classifier for that object and evaluate it at varibus locations
bR and scales in a test image. Systems lrke deformable parts
##%mokx  models (DPM) use a sliding window dppro.«.h where the
is run at even]y spaced locations over the entire

image [10]. ansek
AL More recent approaches like R-CNN use region proposal
A e
PINCE PN

ARRIIREEA —L.’:mqﬂi»juwtumm
ZARLTHASEIE shER | Hrae

I
SR 1
fommax soppresian. fite

Yolo vi BEHF| B
Figure 1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) resizes
the input image to 448 x 448, (2) runs a single convolutional net-
work on the image, and (3) |hrcsholds the resulting detections by
the model’s confidence.
I B
methods to ﬁrsl generate polentlal bounding boxes in an im-
age and then run a classlﬁer on these proposed boxes. After
classification, post processmo is used to rehne the bound-
ing boxes, climinate dupllcale detettions, .and rescore the
boxes bais;d on other objects in the scene i ~] These com-
plex plpeﬁnes are slow and hard to Oplllee because each
individual component must be trained separale ely. ﬁmiiﬂ Mo 1 s

We retrame ob]ecl d‘?,}“}{%ﬂ. as,a single regresslon” prob-
lem, slralwm trom 1maﬂe pixels to boundlnw box coordi-
nates and class probabilities. Using our system, you only
look once (YOLO) at an image to predict what objects are
present and where they are&musL 2n = shitn]

YQLQ‘ is refreshlngly slmple see Figure 1. A sin-
gle Convolutional network slmul[aneously predicts multi-
ple bounding boxes a‘nd class probabilities for those boxes.
YOLO trains on full 1mage5 and directly optimizes gelec-
tion performance. This {inified model has several benefits
over traditional methods of object detection.

Flrst YOLO is extremely fast. Since we frifie detection
asa rewressmn problem we don’t need a complex pipeline. ,_...u
We simply run our neural network on a new image at test ;e s
time to predict detections. Our base network runs at 45
frames per second with no batch processing on a Titan X
GPU and a fast version Iuns at more than 150 fps. This
means we can process slreammg video in real-time with
less than 25 milliseconds of latemy Furthermore, YOLO
achieves more than twice the m&an average precision of
other real-time systems. For a demo of our system running
in real-time on a webcam please see our project webpage:
http://pjreddie.com/yolo/.

Second, YOLO rédsons; globally about the image when

Yolo 69fLH#
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where denotes if object appears in cell 7 and de-

notes that the jth bounding box predictor in cell 7 is “‘re-
sponsible” for that prediction.

Note that the loss function only penahzes classification

sik-%  error if an object is present in that grid cell (hence the con-

nalizes bounding box coordinate error if that predictor is
“responsible” for the ground truth box (i.e. has the highest
10U of any predictor in that grid cell).

We train the network for about 135 epochs on the train-
ing and validation data sets from PASCAL VOC 2007 and

LS

2012. When testing on 2012 we also include the VOC 2007

test data for training. Throughout training we use a batch
size of 64, a momentuiis of 0.9 and a d‘edcla‘y“gf(].o()()&

Our learning rate schedule is as follows: For the first
epochs we slowly raise the learning rate from 10~ to 10’2
If we start at a high learning rate our model often dlverges

AELA
due to unstable gradients. We continue training with 102
for 75 epochs, then 10~ for 30 epochs, and finally 104
for 30 epochs.

To avoid overfitting we use dropout and extenslve _data
augmentation. A dropout lay Jayer with rate = .5 after the hrsl
connected layer prevents co adaptation between Iayers [ \]
For data augmentation we introduce random s«.almg and
translations of up to 20% of the 011g1nal u'nage size. We
also randomly adjust the exposure and Satuiration of the im-
age by up to a factor of 1.5 in the lH?V\color space.

2.3. Inference #f:#1%:%] o

Just like in training, predicting detections for a test image
only requires one net 0r%< evaluation. On PASCAL VOC the
network predicts 0§ ounding boxes per image and class
probabilities for each box. YOLO is extremely fast at test
time since it only requires a single network evaluation, un-
like classifier- based melhod

The grid design Ehforces spaual dlversny in the bound-
ing box predictions. Often it is clear which grid cell an
object falls in to and the network only predicts one box for
each object. However, some large objects or objects near
LA arid el A-thlex 37:8) pYVY3
{0543 4R A BT fo 0 16 KMt TRAAHME RITIR - THATE
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ditional class probability discussed earlier). It also only pr:i"J
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the border of multiple cells can be well locahzed by :ﬁm-
ple cells. Non-maximal suppression an be lised to fix these
multiple detections. While not critical {0 performance as it
is for R-CNN or DPM, non-maximal suppression adds 2-
3% in mAP.

2.4. Limitations of YOLO YeLo##t/%

e %) [ .
YOLO imposes strong spatial constraints on bounding

box predictions since each grid cell only predicts two boxes 41« "-:;‘J’“*'

and can only have one class. This spatial constraint lim- ‘:.M‘,‘m

its the number of nearby objects that our model can pre-

dict. Our model struggles with small objects that appear in
groups, such as flocks of birds.

Since our model learns to predict bounding boxes from
data, it struggles to fg’"é“neralize to objects in new or unusual
aspect re&los or configurations. Our model also uses rela-
tively coarse features for predlcnng bounding boxes since
our architecture has multiple dow‘fnsamplmg layers from the
input image.

Finally, while we train on a loss function that approxi- s A%

mates detection performance, our loss function treats errors
the same in small bounding boxes versus largembounding
boxes. A small error in a large box is generally benign but a
small error in a small box has a much greater effect on IOU.

Our main source of error is incorrect localizations. Mlmg!i(ifii_x
R TR

3. Comparison to Other Detection Systems 5% B 4S8 {ex it

Object detection is a égrg;iroblem in computer vision.
Detection pipelines generally start by extracting a set of
10| us& fea[ures from input images (Haar [25], SIFT [23],

G [4]. convolulmnal features [0]). Then, classmers
, 13, “]{ozr %oca]lzers [1, 32] are used to identify
objects in the fea‘t‘nre space. These classifiers or localizers
are run either in § iding window fashion over the whole im-
age or on some Slibset of regions in the image [35, 15, 39].
We compare the YOLO detection system to several lop de-
tection frameworks, hwhlwhlmg key similarities and differ-
ences.

Deformable pans models.  Deformable parts models 7"

iz v
(DPM) use a slldlna wmdow applmch to object delecnon:i«;:; <am
fiik

[10]. DPM uses a dm]omt plpelme to extract static features, sgua 3z siga

classify regions, predict bounding boxes for high scoring
regions, etc. Our system replaces all of these disparate parts
with a \mgle convolutional neural Eletwork The network
iz il e ons BRG]
performs feature. extraction, boundmg box predlcnon Jnon-
maximal suppression, and contextual reasoning all Eoneur-
rently. lnslead of static features, the network trains the fea-
tures in-line and optimizes them for the detection task. Our
linified architecture leads to a faster, more accurate model
than DPM. it PIrTIe
R-CNN. R-CNN and its variants use region proposals in-
stead of sliding windows to find objects in images. Selective

o
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ﬁ =8 ] f—
=BRe5
(im) & ChatGLM2-6E > ¥ > = X 0 gptrpg/agent; X % React App D

C @ localhost ® 9 5 & B
Ll =Ll =Lkd =Lk =k =kl =Ll = Ld = =R =R =L =L =B =B~ B~ B = L~ L
TLCERREEEEL L ELL LU UL R
tl 5

E _. - _. ' The JSON response indicating the next move is.

N
L

Sleepiness:
{p adDat

const completion = await this.callOpenAI(prompt, ©);
if (completion) {
console.log(®

stringify(

] i o
- ;\.
. = =] [start]
- o [start]
E . [start]
B [start]
- . [start]
i 2 [start]
- . 3 [start] prompt_tokens:
bl o [start] completion_tokens:
i e ': = e [start] al_tokens: 822
™ e . o, lamrlll sages lengtt 29 ¢
- b 2 [start] ERNIE-Bot-4 response
H D b= 37 . [start] "action": {
- .o e © [start] “move”,
E . . [start] "direction”: "right”
2 x [start] }
- [start] }
i start] { responseObject: { action: { type: ‘move', direction: ‘right' } } }
- . : [start] -
X - [start] i
E g S [start]
- . [start] [
. [start]
i 0 [start] g :“walkable”, "left":"wall”, "r
] g ) =) [start]
TR 0066 O
b = b’ [start]
-

i o [start] requestNextMove message for agent: agentl




Joining for coffee at a cafe

Taking a walk
in the park

[Abigail] : Hey Klaus, mind if
I join you for coffee?

[Klaus]: Not at all, Abigail.

How are you?

Finishing a
morning routine

<

A o

[John] : Hey, have you heard
anything new about the

upcoming mayoral election?
[Tom] : No, not really. Do you

know who is running?

*

so @
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Morning routine

— - Catching u o
\ o g gup Beginning workday
| | 1
b = i = 1) 1
R | A
] g = | ML:
" | — 4 Packing
Waking up Brushing teeth =
= - pi 2ol |
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Taking a shower Cooking breakfast S
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I'm planning a
Valentine's Day
party at Hobbs Cafe
on February 14th
from 5pm to 7pm!

Isalla

I heard you're
planning a Valentine's
Day party at Hobbs
Cafe. That sounds like
a great event!

Giorgio

Eddy

Wolfgang

John

Speaking of which,

P Isabella has invited
w us to a Valentine's g
Day party at Hobbs Jennifer
Sam Cafe.
I'm organizing a
reading night for the Q
Valentine's Day party u"p
' -
Ayesha at Hobbs Cafe. You're Maria

welcome to join.

I'm actually planning
on attending Isabella
Rodriguez's Valentine's
Day party as well, so
maybe we could talk

g more then!

Latoya
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: I am the CEO of CHATDEV. My main responsibilities include being an active decision- Waterfall Model @ {p o g D & Lﬁi = @

3
@
g

maker on users’ demands and other key policy issues, leader, manager, and executor. My d Desioner Reviewer s
Programmer CPO

CTO Programmer Programmer

decision-making role involves high-level decisions about policy and strategy; and my com- Phaso_Lovel | | .
municator role can involve speaking to the organization’s management and employees. T Checiewel e T et P T Brogranimer 'i‘“i';,;g‘r;,;(n;,‘ “"‘P;;g',;,;,;;,"i"‘i"‘g{o """"" oo
g instruc‘ror:m m @I 'ﬂ' @ Iﬂ' @ m

: Iam the CPO of CHATDEV. I am responsible for all product-related matters in CHATDEV. @ @ g @ N‘ =

Usually includes product design, product strategy, product vision, product innovation, project

7 o a a a fx a a a
management and product marketmg. Chat Chain {task}—> ¢ — {modality} — t_, — {language} — ¢} — {code} — i} — {code} — {3 — {code} — b —> {code}—> & — {spec}— b — {manual}

ki assistant@ ﬂ Iﬂ' @ ﬂ' @
. [ am the CTO of CHATDEV. I am very similar to information technology. I will make M‘ o . @
high-level decisions for the overarching technology infrastructure that closely align with the cro ISR pesioner Foviewer foster SRS

organization’s goals, while I work alongside the organization’s information technology staff
members to perform everyday operations.

Implement

@ I am a professional programmer of CHATDEV. I can write/create computer software or

Implement all
I methods. I
At
applications by providing a spe01ﬁc programming language to the computer. I have extensive @

computing and coding experience in many varieties of programming languages and platforms, Class Game: H
| def init( '

i
i
i
|
|
|
i
!
i
= Game.init() ..8_,1 I class Game:
! GTO def init(
i
i
|
i
|
i
|
i
|
\

such as Python, Java, C, C++, HTML, CSS, JavaScript, XML, SQL, PHP, etc,. ane m., Programmer T T | e 51 ,-.:
@: I am a code reviewer of CHATDEV. I can help programmers to assess source codes S ot S o e Frogrammer

for software troubleshooting, fix bugs to increase code quality and robustness, and offer (a) Naive Instruction in Coding (b) Thought Instruction in Coding
proposals to improve the source codes.

Explain and Suggest:

o=
main.py

ﬁ: I am a code tester of CHATDEV. I can use the software as intended to analyze its
functional properties, design manual and automated test procedures to evaluate each software
product, build and implement software evaluation test programs, and run test programs to
ensure that testing protocols evaluate the software correctly.

class Game:

\
i

'

| :

I

I

I

I

M’I ' [: L ass Geme: |
Programmer NameError is ... m | def init( : !
[Add parameter n in init .num = n 1

BT :

! '

: :

i

I

I

I

'

I

I

i

I

I

I

I
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| class Game:

i def init(
; .num =
|

|

|

|

|

|

|

|

|

|

|

|

|

|

@: I am a artistic designer of CHATDEV. I direct CHATDEV’s creative softwares and develop L Prog!ramimer
the artistic design strategy that defines the company’s brand. I create the unique image or ' ! ;
music of our producted softwares and deliver this distinctive design to consumers to create a e

clear brand image which is a fundamental and essential work throughout the company. e Rmnee e
(c) Naive Instruction in Testing (d) Thought Instruction in Testing

Programmer
Test Pass!
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Designing: Modality and Language Coding: Code Generation Coding: GUI Design

g: CTO (Chief Technology Officer) %z Programmer

g: Programmer @: Designer

g: CEO (Chief Executive Officer) g: CPO (Chief Product Officer)

: CTO (Chief Technology Officer)

g: To satisfy the new user’s demand and the product should be realizable via
the python programming language, you should keep discussing with me to
decide which product modality do we want the product to be? Once we all
have expressed our opinion(s) and agree with the results of the discussion
unanimously, any of us must actively terminate the discussion by replying
with a single word <END>, followed by our final product modality, e.g.,
“<END> PowerPoint”.

Q: I suggest we design the Gomoku game as a desktop application. This
modality will allow us to implement a visualized game that can be played
on a computer. It will provide a user-friendly interface and an interactive
gaming experience. Additionally, developing the game as a desktop ap-
plication will leverage our expertise in programming and ensure that the
product is realizable using the Python programming language.

g: I appreciate your initiative and I agree with your suggestion to design the
Gomoku game as a desktop application. This modality aligns with our
expertise and allows us to create a visually appealing and interactive game
for our users. By leveraging the object-oriented programming language, we
can ensure that the product is realizable and maintainable in the long run.
Let’s proceed with developing the Gomoku game as a desktop application.

Great! I’'m glad we’re aligned on developing the Gomoku game as a
desktop application.

<END> Desktop Application.

To satisfy the new user’s demand and make a desktop application realizable,
you should propose a concrete programming language.

Python with the Pygame library is a suitable choice for implementing a
basic Gomoku game.

02 20 9%

Great! Python is a versatile and widely-used programming language that
will be suitable for implementing a basic Gomoku game. Its simplicity
and readability make it a popular choice for beginners and experienced

developers alike.

%: Let’s get started with the development of the basic Gomoku game in Python
using the Pygame library!

g: <END> Python.

We have decided to complete the task through a executable software with
multiple files implemented via Python. You should write one or multiple
files and make sure that every detail of the architecture is implemented as
code. The software should be equiped with graphical user interface (GUI);
so you must choose a suitable GUI framework. Think step by step and
reason yourself to the right decisions to make sure we get it right. You will
first lay out the names of the core classes, functions, methods that will be
necessary, as well as a quick comment on their purpose.

To design a basic Gomoku game in Python with a GUI, we will need the
following core classes, functions, and methods:
e Board: This class represents the game board and handles the logic for
placing and checking moves.
e Game: This class manages the game flow and user interactions.

e GUI: This class handles the graphical user interface using a GUI
framework (e.g., tkinter).
Now, let’s proceed with the implementation of each file.

class Game:
def __init__(self):
self.board = [[0] * 15 for
self.current_player = 1
self.game_over = False
def make_move(self, row, col):
if self.board[row] [col]l != 0 or self.game_over:
return
self.board[row] [col] = self.current_player
if self.check_win(row, col):
self.game_over = True
elif self.is_board_full():
self.game_over = True
self.current_player = 3 - self.current_player

in range(15)]

class GUI:
def create_board(self):
self.board_frame = tk.Frame(self.window)
self.board_frame.pack()
for row in range(15):
row_buttons = []
for col in range(15):
button = tk.Button(width=50, height=50)
button.grid(row=row, column=col)
row_buttons.append (button)
self.buttons.append (row_buttons)
self.update_board_gui ()
def is_game_over(self, result):
pass
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@: To equip the software with a beautiful graphical user interface, we will
discuss and design many decorative images for GUI decoration. Now, we,
according to the codes, keep discussing the GUI beautification by listing
some functionally independent elements in GUI that are being considered
to be decorated by different pictures.

class GUI:

def __init__(self, game):
player_o = str("0")
player_x = str("X")

def make_move(self, row, col):
self.game.play_move(row, col)
self.buttons[row] [col]l.config("X"
if self.game.current_player == ’X’ else "0")

def is_game_over(self, result):
pass

e board.png: The game board where players make their moves.

e button.png: The button used to make a move on the game board.
e player_X.png: The image representing player X.

e player_0.png: The image representing player O.

e win.png: The message displayed when a player wins.

e game_over.png: The message displayed when the game is over. use

@: I have created all the pictures in the same directory as the Python files.
Now, use some or all of the them into the GUI to make it more beautiful
and creative.

To incorporate the designed images into the GUI, I have modified the ‘GUI’
class as follows:

class GUI:
def __init__(self, game):
player_o = Image.open("player_0.png")
player_x = Image.open("player_X.png")
def make_move(self, row, col):
self.game.play_move(row, col)
self.buttons[row] [col].config(image=self.player_x
if self.game.current_player == X’ else self.player_o)
def is_game_over(self, result):
pass

The modified ‘GUT’ class will load and resize the images, convert them to
Tkinter-compatible format, and use them to create the GUI elements.
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@: Programmer %s Tester

g: Here is the test report of the software:

Traceback (most recent call last):

File "main.py", line 19, in <module>
game = GomokuGame ()
NameError: name ’GomokuGame’ is not defined

g: According to the test reports, please locate and summarize the bugs that
cause the problem.

ﬁ: Based on the test report, the bug causing the problem is a NameError. The
error message indicates that the name GomokuGame is not defined. This
suggests that there is a missing import or definition for the GomokuGame
class in the source code. To resolve this issue, you need to import or define
the GomokuGame class in the source code before it is used. This can be
done by adding the necessary import statement or by defining the class
within the same file or in a separate module that is imported.

L2

To make the software execute smoothly and robustly, you should modify
the problematic code segments based on the test report and my suggestions.

g: This modified file has imported the GameBoard class that represents the
game board and handles the logic of the game.

Sy

import tkinter as tk

from tkinter import messagebox as tkmessagebox

from board import GameBoard

class GameGUI:

def __init__(self):

self.root = tk.Tk()
self.root.title("Gomoku")
self.game_board = GameBoard()
self.buttons = [[None] * 15 for
self.create_widgets()

in range(15)]

a: The code is well-structured and follows good coding practices. It passed
the test successfully.

g: CTO g: Programmer gz CEO g: CPO

g: To specify the dependencies or packages required for the project to run
properly, write a requirements . txt file according to the codes to specify
the dependencies or packages required for the project to run properly.

g: Here is the environment dependence file:

requirements.txt

numpy==1.24.3
pandas>=1.1.4
pygame==2.5.0
requests==2.31.0
tkinter==8.6
tqdm==4.65.0

g: According to the user demands, codes, requirements, and file format listed
above, write a manual .md file to provide detailed introduction to the uses
of the software.

Here is the user manual:

Gomoku Game User Manual

Introduction
Welcome to the Gomoku Game!

Installation
1. Install Python on your computer.
2. Open a terminal and run:

pip install -r requirements.txt

Running the Game

1. Open a terminal and run:
python main.py

2. Click on the empty cells.

3. The game will continue until one

player gets five stones in a row.

\J BES&TS

Software Info:

@ **Ccost**=$0.032732

¢ xxversion_updates**=5.0

B *+*num_code files**=2

g*num_png files*x=0

Byxxnum_doc_files**x=7

B **code lines**=103

B*xenv_lines*x=1

B **manual_lines**=35

®xnum_utterances**=26

@*xnum_self reflections**=1
**num_prompt_tokens**=14269
**xnum_completion_tokens*x=5664

#¥xxnum_total tokens**=19933

©@*xduration*x=420.00s
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peaceful night. |
was wondering if
anyone has any
suspicions or
observations they
would like to
share? | think its
important for us to
start discussing
and sharing our
thoughts to find
out who the
werewolves are.

\

( N\
| Good morning
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se€cr

a Well, | agree with Player 1, 3 and Player 4. Based on my observation
and analysis, | also think Player 5 is a little suspicious. But we might not

vote to kill him casually. \ | think Player 5 is a little suspicious.

3 Hi, | agree with Player 1 and Player 4 that we should ex_ |
change informations actively. Based on my observation,

J

b
olo ojo

V O Player 3\ > o

6 | observed that Player 5 was killed last night. As a witch, | used my
antidote to save him. Therefore, Player 5 may not be a werewolf, but
as killed by the werewolf last night.
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2 Good morning
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everyone. As a
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7 | agree with Player1,2 and 6. | think we have to actively gather infor—
mation and seriously speculate about who the werewolves are. We
should protect ourselves as much as possible and avoid being killed
by the werewolves. | will use my special ability wisely at night.

\_

\ (5 | have to defend myself bacause | am innocent. | think we should ga-
therimformation and have a full discussion now, we can’t kill a potenti—
alteammate in a hurry. On the contrary, | think Player 3 is a bit aggre-
ssive, and | suspect he is one of the werewolf.
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