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“cat”? embedding

# "cat" Membedding

from openai import OpenAl
client = OpenAlI()

client.embeddings.create(
input="cat",

encoding_format="float"

)



“cat”"Membedding 1536kt

CreateEmbeddingResponse(data=[Embedding(embedding=[-0.0070539117, -0.01734057, -0.009698243, -0.030739458, -0.0124843605, 0.0030
714646, -0.0051114275, -0.04111828, -0.014561542, -0.021268075, 0.019240519, 0.050759807, -0.0012246867, 0.0025521691, -0.038452
68, -0.006057857, 0.03547515, -0.004622262, 0.0023749352, -0.013455602, -0.018942766, 0.009053111, 0.015894342, -0.008705732, -

0.0147316875, 0.007142529, 0.01315076, -0.013228743, 0.0028676456, 0.004898747, 0.004033845, -0.01680178, -0.015752554, -0.04304
6586, -0.027123885, -0.004278428, 0.008074779, -0.00993928, 0.022076262, -0.009124004, 0.0049200146, 0.00036133575, -0.01207317

8, 0.0132003855, -0.0038069857, 0.0069901077, -0.02209044, -0.0044804746, 0.001356726, 0.013831339, 0.0025628032, 0.008138584, -
0.011335884, 0.010371732, -0.005093704, 0.0028144754, 0.007996797, -0.01271831, 0.0131365815, 0.0022756841, 0.015951056, 0.00413
66406, -0.0018467779, 0.022756841, 0.0112153655, -0.0034011197, -0.007259503, 0.00040896737, -0.0041047386, 0.0050795255, 0.0323
8419, 0.028045503, 0.023621744, -0.005728202, -0.009584812, -0.007149618, -0.008663196, 0.011357153, -0.0006473471, -0.00534537

6, 0.03595723, -0.03261105, -0.016319703, 0.0056324955, 0.019765131, 0.006391057, -0.009343775, 0.0094572045, -0.010244123, 0.01
0577323, 0.021041216, 0.026400771, -0.012335484, 0.03760196, -0.010329195, 0.019524094, -0.01691521, 0.0249829, -0.006866044, -

0.059834186, 0.0058522657, 0.005207134, -0.04298987, -0.0076210606, -0.003746726, -0.009138184, 0.01847487, 0.0009987134, 0.0175
53251, -0.0026177457, -0.0075005414, 0.05750888, 0.011860497, -0.018205473, 0.005958606, -0.0052567595, -0.0049271043, -0.024259
785, -0.0060082315, -0.0159227, 0.010953059, 0.009372132, 0.038849685, 0.00729495, 0.018886052, 0.01901366, -0.007812473, 0.0136
54104, -0.013384709, 0.017156247, 0.02906637, 0.0006349407, 0.013909321, 0.009747868, 0.0009225028, 0.027591784, -0.041515283, -
0.0027701668, -0.004778228, -0.06278336, -0.0023518947, 0.019368127, -0.019538272, 0.0156107675, -0.010648217, 0.023706814, 0.02
4713503, 0.0037112792, 0.012066089, 0.0022898628, 0.0052106786, -0.008996396, 0.027152244, -0.017609967, -0.007372933, 0.0303140

EI:H]%

943, -0.0056892103, 0.023465777, -0.015837627, 0.022515804, 0.025876159, -0.0062244567, -0.017709218, -0.015667483, 0.006068491,
-0.010088157, ©.011286259, -0.007571435, -0.020544961, 0.011428046, -0.019708417, 0.016645813, 0.0011936708, -0.01027957, @.0038
956027, 0.028017145, 0.022303123, 0.02464261, 0.010322106, -0.0152563, -0.004179177, -0.026670167, -0.034964718, 0.010747467, -
0.0031494475, -0.0073020393, -0.03734674, 0.0005578439, 0.034624428, 0.008755358, -0.0059337933, 0.010747467, 0.015582411, -0.00
015142428, -0.033631917, 0.0076848646, —-0.040948134, -0.013398888, -0.009478472, 0.008358354, 0.005760104, 0.011484761, 0.012406
377, -0.014065287, -0.013888054, -0.009783315, 0.036751237, -0.013795892, -0.011839229, -0.0033231368, 0.01193848, 0.021424042,
0.007592703, -0.017780112, 0.0076919543, 0.003365673, 0.0017227142, 0.000435774, 0.014122003, 0.010378821, -0.025635121, 0.00493
0649, 0.0044592065, -0.006313074, -0.001993882, 0.004001943, 0.033887133, 0.01327128, -0.00541627, -0.034340855, 0.009010575, -
0.0027949796, 0.012654505, -0.019850204, -0.020417353, -0.017936077, 0.01922634, 0.020587496, -0.011924301, 0.008656107, 0.01614
9558, -0.00397713, 0.02530901, -0.0017351205, -0.014235432, -0.021282254, 0.017099533, 0.019027838, 0.013115314, 0.014547364, -
0.0027045903, 0.016957745, 0.007436737, ©.038963113, -0.028215647, -0.012994794, 0.008691554, -0.017156247, -0.020970322, -0.023
012059, -0.017808469, -0.024132177, -0.0112153655, 0.020275565, 0.02155165, -0.027052993, 0.041260067, 0.017312214, 0.021069573,
0.0022331479, -0.023848603, -0.00015064888, 0.035758726, 0.022359837, -0.017780112, 0.01337762, 0.01758161, -0.014561542, -0.010
839629, -0.018730085, -0.022416553, -0.0075997924, -0.011555655, 0.007550167, -0.01381007, ©.00917363, ©.02065839, 0.008384752,
0.019836025, -0.0072098775, -0.03017231, -0.01348396, ©.031505108, -0.0020470524, -0.012200786, -0.012626148, 0.0069369376, 0.01
7893542, -0.021735974, -0.010818361, 0.019084554, -0.010215766, 0.001627894, -0.019368127, 0.0014905377, 0.0031246347, -0.012413
467, 0.00447693, -0.001633211, -0.017326392, 0.010563144, 0.020034527, -0.014327594, -0.023338169, -0.014228343], index=0, objec
t="'embedding')], model='text-embedding-ada-002-v2', object='list', usage=Usage(prompt_tokens=1, total_tokens=1)) 2



CreateEmbeddingResponse(data=[Embedding(embed
ding=[-0.0070539117, -0.01734057, -0.009698243,
-0.030739458, -0.0124843605, 0.0030714646, -
0.0051114275, -0.04111828, -0.014561542, -
0.021268075, 0.019240519, 0.050759807, -
0.0012246867, 0.0025521691, -0.03845268, -
0.006057857, 0.03547515, -0.004622262,
0.0023749352, -0.013455602, -0.018942766,
0.009053111, 0.015894342, -0.008705732, -
0.0147316875, 0.007142529, 0.01315076, -
0.013228743, 0.0028676456, 0.004898747,
0.004033845, -0.01680178, -0.015752554, -
0.043046586, -0.027123885, -0.004278428,
0.008074779, -0.00993928, 0.022076262, -
0.009124004, 0.0049200146, 0.00036133575, -
0.012073178, 0.0132003855, -0.0038069857,
0.0069901077, -0.02209044, -0.004480474¢6,
0.001356726, 0.013831339, 0.0025628032



0.017780112, 0.01337762, 0.01758161, -
0.014561542, -0.010839629, -0.018730085, -
0.022416553, -0.0075997924, -0.011555655,
0.007550167, -0.01381007, 0.00917363,
0.02065839, 0.00884752, 0.019836025, -
0.0072098775, -0.03017231, -0.01348396,
0.031505108, -0.0020470524, -0.012200786, -
0.012626148, 0.0069369376, 0.017893542, -
0.021735974, -0.010818361, 0.019084554, -
0.010215766, 0.001627894, -0.019368127,
0.0014905377, 0.0031246347, -0.012413467,
0.00447693, -0.001633211, -0.017326392,
0.010563144, 0.020034527, -0.014327594, -
0.023338169, -0.014228343], index=0,
object='embedding')], model="text-embedding-ada-
002-v2', object="list’,
usage=Usage(prompt_tokens=1, total_tokens=1))



“J#" D embedding

# "cat" Membedding

from openai import OpenAl
client = OpenAlI()

client.embeddings.create(

- 11

input="4g",
encoding_format="float"

)



""" Membedding 15367t

CreateEmbeddingResponse(data=[Embedding(embedding=[-0.0070539117, -0.01734057, -0.009698243, -0.030739458, -0.0124843605, 0.0030
714646, -0.0051114275, -0.04111828, -0.014561542, -0.021268075, 0.019240519, 0.050759807, -0.0012246867, 0.0025521691, -0.038452
68, -0.006057857, 0.03547515, -0.004622262, 0.0023749352, -0.013455602, -0.018942766, 0.009053111, 0.015894342, -0.008705732, -

0.0147316875, 0.007142529, 0.01315076, -0.013228743, 0.0028676456, 0.004898747, 0.004033845, -0.01680178, -0.015752554, -0.04304
6586, -0.027123885, -0.004278428, 0.008074779, -0.00993928, 0.022076262, -0.009124004, 0.0049200146, 0.00036133575, -0.01207317

8, 0.0132003855, -0.0038069857, 0.0069901077, -0.02209044, -0.0044804746, 0.001356726, 0.013831339, 0.0025628032, 0.008138584, -
0.011335884, 0.010371732, -0.005093704, 0.0028144754, 0.007996797, -0.01271831, 0.0131365815, 0.0022756841, 0.015951056, 0.00413
66406, -0.0018467779, 0.022756841, 0.0112153655, -0.0034011197, -0.007259503, 0.00040896737, -0.0041047386, 0.0050795255, 0.0323
8419, 0.028045503, 0.023621744, -0.005728202, -0.009584812, -0.007149618, -0.008663196, 0.011357153, -0.0006473471, -0.00534537

6, 0.03595723, -0.03261105, -0.016319703, 0.0056324955, 0.019765131, 0.006391057, -0.009343775, 0.0094572045, -0.010244123, 0.01
0577323, 0.021041216, 0.026400771, -0.012335484, 0.03760196, -0.010329195, 0.019524094, -0.01691521, 0.0249829, -0.006866044, -

0.059834186, 0.0058522657, 0.005207134, -0.04298987, -0.0076210606, -0.003746726, -0.009138184, 0.01847487, 0.0009987134, 0.0175
53251, -0.0026177457, -0.0075005414, 0.05750888, 0.011860497, -0.018205473, 0.005958606, -0.0052567595, -0.0049271043, -0.024259
785, -0.0060082315, -0.0159227, 0.010953059, 0.009372132, 0.038849685, 0.00729495, 0.018886052, 0.01901366, -0.007812473, 0.0136
54104, -0.013384709, 0.017156247, 0.02906637, 0.0006349407, 0.013909321, 0.009747868, 0.0009225028, 0.027591784, -0.041515283, -
0.0027701668, -0.004778228, -0.06278336, -0.0023518947, 0.019368127, -0.019538272, 0.0156107675, -0.010648217, 0.023706814, 0.02
4713503, 0.0037112792, 0.012066089, 0.0022898628, 0.0052106786, -0.008996396, 0.027152244, -0.017609967, -0.007372933, 0.0303140

EI:H]%

8733, 0.015948033, 0.031079568, ©.012589859, 0.022690719, 0.011872131, 0.0046849814, 0.010614462, -0.024969008, -0.04266856, 0.¢
45434114, 0.019108666, -1.7824865e-05, —-0.021031385, 0.016659174, 0.011121481, 0.0090473145, 0.00086423586, -0.013775096, 0.0014
609701, 0.0022684133, —0.025021685, 0.038217332, -0.044327892, —-0.01579, -0.00428661, 7.7935554e-05, -0.009244855, -0.008059616,
0.022150777, -0.014183345, -0.02627277, -0.014196514, 0.04717246, -0.0011835916, -0.0065188077, -0.0043623336, 0.004227348, 0.0:
8375363, 0.023112137, -0.020504612, -0.012016994, 0.002446199, @.022756565, 0.0062620062, 0.012609612, 0.008066202, 0.003822391
6, 0.007104842, 0.025601136, -0.012260626, —0.0026420925, 0.017475672, 0.02473196, -0.008112294, -0.0074472437, -0.022229793, -
0.006640624, -0.018120969, -0.0047475356, -0.025074363, -0.015697815, -0.010983203, 0.01598754, 0.0251007, -0.0013663158, 0.0081
97894, 0.026694188, -0.0062587135, 0.0076447832, -0.012649121, -0.01485498, -0.01996467, 0.036478985, 0.02913051, 0.019319376,
0.025825014, -0.019319376, 0.012346227, 0.002255244, 0.0066900086, —0.035530794, 0.009527994, 0.014433562, -0.0046882736, -0.02¢
109534, -0.009771626, -0.016698683, -0.033239335, 0.0032659885, ©.015197381, 0.03065815, -0.019398391, 0.032949608, 0.002121904
9, -0.004872644, 0.0017548103, 0.0021087355, 0.01542126, ©.027365822, 0.0033104348, -0.013057369, 0.006545146, 0.016764529, -0.¢
25640642, 0.001470847, 0.003776299, -0.040324423, 0.0006967387, -0.016777698, 0.003684114, -0.0023935218, -0.016237756, 0.04625¢
61, 0.004451226, ©.012708383, -0.0011259759, -0.021531818, -0.0049549523, 0.021597665, -0.0064661303, -0.0006103151, -0.0015613¢
62, 0.022756565, 0.007308966, -0.01352488, -0.024086665, ©.031132245, -0.0067393933, -0.0021186124, -0.0018568725, 0.008507373,
0.0067821937, -0.017804904, 0.007802815, -0.019740794, -0.012952015, 0.03445091, 0.018595064, -0.0056891413, -0.0033499429, -0.¢
2686539], index=0, object="embedding')], model='text-embedding-ada-002-v2', object='list', usage=Usage(prompt_tokens=3, total_tc
kens=3))



CreateEmbeddingResponse(data=[Embedding(embed
ding=[-0.0075657675, -0.009231685, -0.009896735,
-0.0043261177, -0.01141779, 0.006953395, -
0.011760192, -0.025048025, -0.006953395, -
0.019925164, 0.013998975, 0.030026022,
0.003624852, 0.00029260557, -0.033107642,
0.015368583, 0.014525747, 0.0024527838,
0.02949925, -0.03769056, -0.0061138514, -
0.005004337, -0.009396302, -0.021531818, -
0.014183345, 0.004609258, 0.018963804, -
0.023625739, 0.0066175773, -0.0034371894,
0.022400994, -0.017818075, -0.012128933, -
0.032054096, -0.009001222, -0.020346582,
0.0014280468, -0.0114968065, 0.006127021, -
0.008922206, 0.001449447, 0.010798832, -
0.009699196, 0.01997784, 0.0015679707, -
0.004365626, -0.023270167, -0.00704558, -
0.012003824, 0.013254909, 0.00012819498,



0.013057369, 0.006545146, 0.016764529, -
0.025640642, 0.001470847, 0.003776299, -
0.040324423, 0.0006967387, -0.016777698,
0.003684114, -0.0023935218, -0.016237756,
0.04625061, 0.004451226, 0.012708383, -
0.0011259759, -0.021531818, -0.0049549523,
0.021597665, -0.0064661303, -0.0006103151, -
0.0015613862, 0.022756565, 0.007308966, -
0.01352488, -0.024086665, 0.031132245, -
0.0067393933, -0.0021186124, -0.0018568725,
0.008507373, 0.0067821937, -0.017804904,
0.007802815, -0.019740794, -0.012952015,
0.03445091, 0.018595064, -0.0056891413, -
0.0033499429, -0.02686539], index=0,
object='embedding')], model="text-embedding-ada-
002-v2', object="list’,
usage=Usage(prompt_tokens=3, total_tokens=3))
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embeddingD#HFDLHE VM5, ABENZDEKREFHFHARS_E
X, R T,

f=1=. ZD2Membeddingh &z o 1=, €Dembeddingh
FIETHIERDIESIZINESZEIEXTEFY

embeddinglZRNIKILED T, ZD2MDembedding 4,B DAFE
A-BZZEZBHIENTEFRT . AUMLA, BOLITAZO &9 5L
ROANKYIBEET,

A -B=||A]|B]| cosf



[ERD TS 1% 5T cosine similarity

A-B

0\ — i
cos(6) Al|B] % . cosine similarity&L\WNET,

cosine similarity(X, —1(RIMILAFEEIZRF) o +1(RD
FMLDATEEICE—) X THDEFEYET, OIFIRNIRIILHNERLT
WTHEN RN EERLET,

cosine similarityM{E (L. =D MembeddingD I ERDITE

(BANE. TERDZES) DEEZRT LARTEFT . TR
LITIEWEE . BERRAEWVNEEZONLDTY

“cat” & “J&” dMembedding Mcosine similarity 5t &EL T
AHFLEDo



“cat” & YiE"” Membedding
[F LTS

text_ja = 'J@"
text _en = "cat"

client = OpenAlI()
resp = client.embeddings.create(

input=[text_ja, text_en],
encoding_format="float",

)

emb_ja = resp.data[0].embedding
emb_en = resp.data[1].embedding



# cosine similarity
sim = cosine_similarity(emb_ja, emb_en)

print("Japanese:”, text_ja)

print("English :", text_en)

print(f"Embedding dim (JA): {len(emb_ja)}")
print(f"Embedding dim (EN): {len(emb_en)}")
print(f"Cosine similarity : {sim:.6f}")

Japanese: J&

English : cat

Embedding dim (JA): 1536

Embedding dim (EN): 1536

Cosine similarity : 0.845886



IEXF §) L'cat’d
embedding® k<L TL S

HELDIE. £XF &5 &'cat’Dembedding® &<l TLY
HIELHMYFET,

E3F: §

English : cat

Embedding dim (JA): 1536

Embedding dim (EN): 1536

Cosine similarity : 0.851908



X DEKR = XMDembedding

NFETIL, ‘cat’ v g’ ELvof=EEDembeddingz R TE7-
DTITH . XDOERETRT XDembeddingz#EiGd 5 EMNT
EF9,



"I am a cat” & “"EEIXIETHS, "
M embedding DFRLE

text_ja = 'EE(XHETHD, '
text en = "I am a cat."

client = OpenAl()

resp = client.embeddings.create(

input=[text_ja, text_en],
encoding_format="float",

)

emb_ja = resp.data[0].embedding
emb_en = resp.data[1].embedding



# cosine similarity
sim = cosine_similarity(emb_ja, emb_en)

print("Japanese:"”, text_ja)

print("English :", text_en)

print(f"Embedding dim (JA): {len(emb_ja)}")
print(f"Embedding dim (EN): {len(emb_en)}")
print(f"Cosine similarity : {sim:.6f}")

Japanese: EEIXHTH S,
English : I am a cat.
Embedding dim (JA): 1536
Embedding dim (EN): 1536
Cosine similarity : 0.881660



embeddinglX. —BYIZRFESDIT TGN &

— D FELTIFLWWERBYFET,
HHX NDembeddingld—BYIZRFSADITTIEGZELND T,

OpenAllZ[ZOpenAlId . GooglelZlGoogle®embedding
MEFEELET , TN TEL, OpenAIDH[ZHEH D
embeddingDiE AMNEFEELET .

ZNFET. OpenAlDtext-embedding-ada-002 &ULVS
embeddingETIILEF->TE=-DTT M. BLOpenAldDtext-
embedding-3-small&lLyS>embeddingETIILEFE-T=FE R %
RICRLFET,



"I am a cat” & “"EEIXIETHS, "
® embedding D FE{LL)

text_ja = 'EE(XHETHD, '
text en = "I am a cat."

Kt

client = OpenAlI()
resp = client.embeddings.create(

input=[text_ja, text_en],
encoding_format="float",

)

emb_ja = resp.data[0].embedding
emb_en = resp.data[1].embedding



# cosine similarity
sim = cosine_similarity(emb_ja, emb_en)

print("Japanese:"”, text_ja)

print("English :", text_en)

print(f"Embedding dim (JA): {len(emb_ja)}")
print(f"Embedding dim (EN): {len(emb_en)}")
print(f"Cosine similarity : {sim:.6f}")

Japanese: EEIXHTH S,
English : I am a cat.
Embedding dim (JA): 1536
Embedding dim (EN): 1536
Cosine similarity : 0.531995



LLMZ{E->7-&1R 1

text = "EEIFIHETHD, "
client = OpenAlI()

response = client.responses.create(
model="gpt-5.2",
input=f"RMDBARFZEZEKFEICFIERL TS T \n\n{text}",
)

print(response.output_text)



LLMZ{E>7=FIER 2

text = "EFEORW O RILERITAEEETHo=, "
client = OpenAlI()

response = client.responses.create(
model="gpt-5.2",
input=f"RMDBARFZEZEKFEICFIERL TS T \n\n{text}",
)

print(response.output_text)

When the long tunnel at the border was passed
through, it was the snow country.
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MIBDEHEIL. embeddinglZFALASH S -embeddingh®
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Amazon LE 2a—1EEMNoDERMZER 1

Dty aERDEYI A TIE, embeddingZzF|ALT-.
Amazon LE 21— 8NN EKRMBEROEEL YT IL-T
OS5 LZEBNALEOERINET,

SEDEY IV TEH BEGT—EDERFEZLET,
RE Dty a3 Tld, embeddingZ#fAL-EKRMRETO
DI LEBNALET,



EDXIGIRBEMNAREE DM ?

ZNYUTIL-TATSLT. EQLILBRENTELDON . T,
BlERTHEE=FELLD,

results = search_reviews(df, " ", n=1)

Disappointed: The metal cover has severely
disformed. And most of the cookies inside have been
crushed into small pieces. Shopping experience is
awful. I'll never buy it online again.

“spoilt (F A1=o71=) "THRELT. LE2a—DARXHARHTLSLD
TIMN. COHEE spoilt (. ZOERXIZEFN TS DITTIE
HYEE A,



“bad delivery” T®®ELTWLET,

results = search_reviews(df, "bad delivery",
n=1)

great product, poor delivery: The coffee is excellent
and I am a repeat buyer. Problem this time was with
the UPS delivery. They left the box in front of my
garage door in the middle of the drivewa

Bm(COWT RO LIERREDAETI .

results = search_reviews(df, "delicious beans",
n=3)



results = search_reviews(df, "delicious beans",
n=3)

Delicious!: I enjoy this white beans seasoning, it gives a
rich flavor to the beans I just love it, my mother in law
didn't know about this Zatarain's brand and now she is
traying different seasoning

Fantastic Instant Refried beans: Fantastic Instant Refried
Beans have been a staple for my family now for nearly 20
years. All 7 of us love it and my grown kids are passing on
the tradition.

Delicious: While there may be better coffee beans available,
this is my first purchase and my first time grinding my own
beans. I read several reviews before purchasing this brand,
and am extremely



JTTOAMazon LEa1—IE . EDLSILET—EMN?

RDESEE54FHELLEDcsvEKXDLE 2—F—2 T,
"data/fine_food reviews 1k.csv"
ST TATSLTIE,. ZD56M 10,000 T—2%FEVET,

A B (¢ D
EBIRY IR oductld Userld ProfileName HelpfulnessNHelpfulnessC Score

BO01E4AKFGCA3SGXH7AU delmartian
B00813GRG¢A1D87F6ZC\ dll pa
BO0OOLQOCH ABXLMWIJIX: Natalia Corre
BOOOUAOQICA395BORCE6I Karl
B006K2ZZ7K A1UQRSCLF. Michael D. Bi
B006K2ZZ7K ADTOSRK1N Twoapennytt
B006K2ZZ7K A1SP2KVKF) David C. Sulli
B006K2ZZ7K A3JRGQVEQIPamela G. W
BOOOE7L2R4 AIMZYO9TZR. James
B00171APVAA21BT40VZ( Carol A. Reec
B0001PBIFE A3HDKO70V Canadian Fal
BO009XLVG(A2725IB4YY A Poeng "Sp:
B0O009XLVG(A327PCT23YLT
B001GVISJV A18ECVX2R] willie "roadie
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B0040QORDIA1QHOOQ7C Janice Edwar
B0040QORDIA21PSVLL8F Creamed Cor
B0040QORDIAZ9F02WPX:looneylady
B0054E37FC A3RF10DUE: 2 under 2
BOO1E95KNI A2X61KKXXFSean P. LogL
BOO1E95KNI A2HDI47ZJU Pammie P.
BO01E95KNI A1A0Z3FEDX Cc23rdb
BO01E95KNI A2ANMHPYF JK
BOO7NVHOD A11U7S4HCk Joanna Dane
BOO1EO5UV(A3T6HT67EZJ. Brown
BOOOKJVINS A2SRXVZQB Mackenzie M
BOOOKJVINS ACVIOP8TES Jill
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Summary Text
5 1303862400 Good Quality | have bought several of the Vitality canned dog food products and have found them all to be of good
1 1346976000 Not as Adver Product arrived labeled as Jumbo Salted Peanuts...the peanuts were actually small sized unsalted. N

Time

4]1219017600 "Delight" say This is a confection that has been around a few centuries. Itis a light, pillowy citrus gelatin with nuts

LN
3

1307923200 Cough Medic If you are looking for the secret ingredient in Robitussin | believe | have found it. | got this in addition
1350777600 Great taffy
1342051200 Nice Taffy
1340150400 Great! Justa This saltwater taffy had great flavors and was very soft and chewy. Each candy was individually wrap

Great taffy at a great price. There was a wide assortment of yummy taffy. Delivery was very quick. If
| got a wild hair for taffy and ordered this five pound bag. The taffy was all very enjoyable with many 1

1336003200 Wonderful, te This taffy is so good. Itis very soft and chewy. The flavors are amazing. | would definitely recomme:
1322006400 Yay Barley
1351209600 Healthy Dog This is a very healthy dog food. Good for their digestion. Also good for small puppies. My dog eats he
1107820800 The Best Hotl don't know if it's the cactus or the tequila or just the unique combination of ingredients, but the flavc
1282867200 My cats LOVIOne of my boys needed to lose some weight and the other didn't. | put this food on the floor for the ¢
1339545600 My Cats Are | My cats have been happily eating Felidae Platinum for more than two years. | just got a new bag and

Right now I'm mostly just sprouting this so my cats can eat the grass. They love it. | rotate it around w

RS RS S RS RS, R S

1288915200 fresh and gre good flavor! these came securely packed... they were fresh and delicious! i love these Twizzlers!

1327363200 Fresh corn!
1348012800 Neutral on th Libbys Libbys Libbys.... you can do better. The sweet corn is exactly what it says it is. Its sweet
1331683200 food
1339718400 Did not like fl This drink mix works as well as products similar to it. The powder is difficult to get disolved conm

The fresh tasting corn, no additives! | can't believe Amazon can offer such good tasting corn in

This was a great product. | like the size because i can open a can and it is the right size for me.

1197763200 Fun way to a¢I'm just getting into the whole plank cooking thing, and so far I'm really enjoying it. Itis a great"
1259107200 Order them. (| was extremely pleased when | recv'd these. They were much larger and thicker than anticipat
1337990400 Cedar grilling | wanted to try a new way to cook meat and add more flavor to pork. | purchased a set of the ce
1316304000 Great flavor, | really enjoy these planks, especially for vegetables. | cook everything from beets, carrots, bro
1334188800 Yes, itis a CL This coffee, packed in the new VUE format for Keurig Vue machines, is absolutely a clone of co
1278892800 Not really Pe Don't buy this if you are looking for a peppermint tea as one cannot taste any peppermint as the
1224115200 Everyone loviWe ordered the Ferrero Rocher as a favor during our recent wedding. Not one was left and eve

PO O WA OO 0O W O W W

1342396800 Yummy as ah These were a Birthday gift for my mother! She loves chocolate! Perfect gift for her!l have never



FEDHITERD

Id,Productld,Userld,ProfileName,HelpfulnessNumerator
,HelpfulnessDenominator,Score, Time,Summary, Text

1,BO01E4KFGO,A3SGXH7AUHU8GW,delmartian,1,1,5,1
303862400,Good Quality Dog Food,I have bought
several of the Vitality canned dog food products and
have found them all to be of good quality. The product
looks more like a stew than a processed meat and it
smells better. My Labrador is finicky and she
appreciates this product better than most.



2,B00813GRG4,A1D87F6ZCVES5SNK,dI|
pa,0,0,1,1346976000,Not as Advertised,"Product
arrived labeled as Jumbo Salted Peanuts...the
peanuts were actually small sized unsalted. Not sure
if this was an error or if the vendor intended to
represent the product as ""Jumbo""."



3,BO00LQOCHO,ABXLMWIIXXAIN,"Natalia Corres
""Natalia Corres""",1,1,4,1219017600,"""Delight""
says it all","This is a confection that has been around
a few centuries. It is a light, pillowy citrus gelatin
with nuts - in this case Filberts. And it is cut into tiny
squares and then liberally coated with powdered
sugar. And it is a tiny mouthful of heaven. Not too
chewy, and very flavorful. I highly recommend this
yummy treat. If you are familiar with the story of
C.S. Lewis' ""The Lion, The Witch, and The
Wardrobe"" - this is the treat that seduces Edmund
into selling out his Brother and Sisters to the Witch."



4,BOOOUAOQIQ,A395BORC6FGVXV,Karl,3,3,2,130792
3200,Cough Medicine,If you are looking for the secret
ingredient in Robitussin I believe I have found it. 1
got this in addition to the Root Beer Extract I ordered
(which was good) and made some cherry soda. The
flavor is very medicinal.



data/fine food reviews 1k.csv Z774I)L®D
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Id,Productld,Userld,ProfileName,HelpfulnessNumerator
,HelpfulnessDenominator,Score, Time,Summary, Text

1,BO01E4KFGO,A3SGXH7AUHU8GW,delmartian,1,1,5,1
303862400,Good Quality Dog Food,I have bought
several of the Vitality canned dog food products and
have found them all to be of good quality. The product
looks more like a stew than a processed meat and it
smells better. My Labrador is finicky and she
appreciates this product better than most.



Id, Productld, Userld, ProfileName.
1,BO01E4KFGO0,A3SGXH7AUHU8GW,delmartian,

HelpfulnessNumerator,HelpfulnessDenominator,
Score, Time,

1,1,5,1303862400,

Summary,
Good Quality Dog Food,
Text

I have bought several of the Vitality canned dog food
products and have found them all to be of good quality.
The product looks more like a stew than a processed
meat and it smells better. My Labrador is finicky and
she appreciates this product better than most.



LE 1a—T—3D A AH

embedding_model = "text-embedding-3-small"
embedding_encoding = "cl100k_base"
max_tokens = 8000 # the maximum for text-embedding-3-small is 8191

# load & inspect dataset
input_datapath = "data/fine_food_reviews_1lk.csv" # to save space, we provide

df = pd.read_csv(input_datapath, index_col=0)
df = df[["Time", "ProductId", "UserId", "Score", "Summary", "Text"]]
df = df.dropna()

df ["combined"] = (

"Title: " + df.Summary.str.strip() + "; Content: " + df.Text.str.strip()

)
df.head(2)

https://github.com/openai/openai-cookbook/blob
365dfaa2ef36e0a6b7639ba8d211a451e0e90455
/examples/Get_embeddings from_ dataset.ipynb



https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb

Time

Productlid

df.head(2) O H

Userld Score Summary

where does one

0 1351123200 BOO3XPF9BO A3R7JR3FMEBXQB 5 start...and stop...

with a tre...

1 1351123200 B003JK537S A3JBPC3WFUTSZP 1 Arrived in pieces

7]

some to bring to my
Chicago fam...

combined

Wanted to save Title: where does one
start...and stop...

Title: Arrived in
pieces; Content: Not
pleased...

Not pleased at all.
When | opened the
box, mos...



[df = df[["Time", "Productld", "UserId", "Score", "Summary", "Text"]]

 —

Time  Productld Userld Score Summary Text combined

where does one Wanted to save Title: where does one

0 1351123200 BOO3XPFOBO A3R7JR3FMEBXQB 5 start...and stop... ~ some to bring to my start...and stop...
with a tre... Chicago fam... wit...

Not pleased at all. Title: Arrived in

1 1351123200 B003JK537S A3JBPC3WFUTSZP 1 Arrived in pieces ~ When | opened the |pieces; Content: Not
box, mos... pleased...

(" df["combined"] = ( %

“Title: " + df.Summary.str.strip() +

", Content: " + df.Text.str.strip()
. J
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OpenAlI API doc

https://developers.openai.com/api/docs/
quides/embeddings#embedding-models

Vector embeddings

Learn how to turn text into numbers, unlocking use cases like search.

New embedding models
@ text-embedding-3-small and text-embedding-3-large ,our newest and most performant embedding rr
now available. They feature lower costs, higher multilingual performance, and new parameters to control the c

What are embeddings?

OpenAl’s text embeddings measure the relatedness of text strings. Embeddings are commonly used fc

Search (where results are ranked by relevance to a query string)

Clustering (where text strings are grouped by similarity)

Recommendations (where items with related text strings are recommended)
Anomaly detection (where outliers with little relatedness are identified)
Diversity measurement (where similarity distributions are analyzed)

Classification (where text strings are classified by their most similar label)


https://developers.openai.com/api/docs/guides/embeddings#embedding-models
https://developers.openai.com/api/docs/guides/embeddings#embedding-models
https://developers.openai.com/api/docs/guides/embeddings#embedding-models
https://developers.openai.com/api/docs/guides/embeddings#embedding-models

Github
OpenAI-cookbook

Semantic text search using embeddings

https://github.com/openai/openai-
cookbook/blob/main/examples/Semantic text search
using embeddings.ipynb

Get embeddings from dataset

https://github.com/openai/openai-
cookbook/blob/365dfaa2ef36e0ab6b7639ba8d211a451

e0e90455/examples/Get embeddings from dataset.i
pynb



https://github.com/openai/openai-cookbook/blob/main/examples/Semantic_text_search_using_embeddings.ipynb
https://github.com/openai/openai-cookbook/blob/main/examples/Semantic_text_search_using_embeddings.ipynb
https://github.com/openai/openai-cookbook/blob/main/examples/Semantic_text_search_using_embeddings.ipynb
https://github.com/openai/openai-cookbook/blob/main/examples/Semantic_text_search_using_embeddings.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb

— Jupyter

File View Settings Help

M Files © Running

Select items to perform actions on them.

./

0O

Name

(J [®] Classification_using_embeddings.ipynb

(] [ Clustering.ipynb

(J [® Code_search_using_embeddings.ipynb

(Je M| Get_embeddings_from_dataset.ipynb

(J [® Question_answering_using_embeddings.ipynb
(J [®] Recommendation_using_embeddings.ipynb

(J [® Regression_using_embeddings.ipynb

(Je W Semantic_text_search_using_embeddings.ipynb
(Je W Text_embedding0.ipynb

(J W Untitled.ipynb

(]Je (W] User_and_product_embeddings.ipynb

(Je ™ Visualizing_embeddings_in_2D.ipynb

(] W Zero-shot_classification_with_embeddings.ipynb
(J [ OPENAI_KEY

(] “, Vector embeddings _ OpenAl AP|.pdf

O

M vectorEmb.md
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® FI . RERDMRZ. XFIDEFYANLEKRDEFYA'IC
RHELET,

@ RIZRERIARNSIVI—XFIIxE, XDEKRX [TEHLET,
@ ZLT. ADNEBERZVEDDD X EENLLNEBKRMELIME
STELEY,
0@ ANDERETEX'DEKRDIAZIDETENEH-I=6, FEIZ.
BERMAEVNEDZRMEMNMNEVET,



XFEHDOEKIEX embeddingTERIBEIN., BERDITS(E.
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® REDWMRTHANFIIDEFTYAMN L, TDembedding®d
SFYAZERLET,
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o ADEZLETEX'Dcosine similarityD et EM o=,
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GoogleM#& L. GoogleDcrawleriNA 23—yt THE
MICIELE=XFIDERGEFTYANG, XFIXTETAD
BEXRDJALNEEAZENDIRFEYET,

EINE. HEEELARDAR—UHICHTANZEFLEDSH. K
DREDFES| (IndexX) R—UZ#EDEXICEUTLET,

f=1=. GoogleDHEFRDEZ (LW T, HEIEEMN S oNT-EF,
FTDEENHTHKAIR—VUFIELFET , RLIndexIKYTH, £
nzxlF5|EIndex1ELVHENHYET,
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TEZALNTLVELT=,

MAT. FOERLEXFINBEREVATLIETEEETILIELD,
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MBI, CDIXFIERINGIBERBERINDEILEMN, §FS
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FT—DRD/N—FTENF-LNEBINVET,



AIEMERLL 1=, T—4&
data/fine_reviews 1k.csv

embedding_model = "text-embedding-3-small"
embedding_encoding = "cl100k_base"
max_tokens = 8000 # the maximum for text-embedding-3-small is 8191

# load & inspect dataset
input_datapath = "data/fine_food_reviews_1lk.csv" # to save space, we provide
df = pd.read_csv(input_datapath, index_col=0)
df = df[["Time", "ProductId", "UserId", "Score", "Summary", "Text"]]
df = df.dropna()
df ["combined"] = (
"Title: " + df.Summary.str.strip() + "; Content: " + df.Text.str.strip()
)

df.head(2)

https://github.com/openai/openai-cookbook/blob
365dfaa2ef36e0a6b7639ba8d211a451e0e90455
/examples/Get_embeddings from_ dataset.ipynb



https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb
https://github.com/openai/openai-cookbook/blob/365dfaa2ef36e0a6b7639ba8d211a451e0e90455/examples/Get_embeddings_from_dataset.ipynb

[df = df[["Time", "Productld", "UserId", "Score", "Summary", "Text"]]

 —

Time  Productld Userld Score Summary Text combined

where does one Wanted to save Title: where does one

0 1351123200 BOO3XPFOBO A3R7JR3FMEBXQB 5 start...and stop... ~ some to bring to my start...and stop...
with a tre... Chicago fam... wit...

Not pleased at all. Title: Arrived in

1 1351123200 B003JK537S A3JBPC3WFUTSZP 1 Arrived in pieces ~ When | opened the |pieces; Content: Not
box, mos... pleased...

(" df["combined"] = ( %

“Title: " + df.Summary.str.strip() +

", Content: " + df.Text.str.strip()
. J




mENREembeddinglbt LT=T—2D1ERL

data/fine_food_reviews_with_embeddings_1k.csv

T—4(Z"combined”" 71— /LE M S4ERL LT="embedding" &
WST4—ILEZEEML. TnZEFHLLIesvI7AILELTRTFL
F9,

df["embedﬁing"] = df.combined.apply(lanbda x: get_embedding(x, model=embedding_model))
df to_csv("data/fine_food_reviews_with_embeddings_1k.csv")



BEXIREembeddinglbLi=T—42D1ERX
data/fine_food_reviews_with_embeddings_1k.csv

F—4IZ"combined” 74— LK M S4ERK LT="embedding“&
L\ST4—ILRZEML., TNZEFH LI csVI7AILELTRIFELE
9,

df[“*embedding”] =

df.combined

.apply(lambda x:
get_embedding(x,model=embedding_model))

df.to_csv("data/fine_food_reviews_with_embeddings
_1k.csv")



get_embedding

get_embedding [&. openai/embeddings_utils.py TX®
FOCERSINTLFET,

def get_embedding(text: str, engine="text-similarity-
davinci-001", **kwargs)

# replace newlines, which can negatively affect
performance.

text = text.replace("\n", " ")

return openai.Embedding.create(input=[text],
engine=engine, **kwargs)["data"][0]["embedding"]



T—4MDembeddingD X EZEH# TS

cosine_similarityZ#| 9 571=IZ. Listis X MembeddingZarray
BRIZEHLET, literal_evallFREBRELLIZITO-OHIZHEASN
TWET,

import pandas as pd
import numpy as np
from ast import literal_eval

datafile_path =
"data/fine_food_reviews_with_embeddings_1k.csv"

df = pd.read_csv(datafile_path)
df["embedding"] =
df.embedding.apply(literal_eval).apply(np.array)



search_reviews

search_reviewsl&, ZZTld product_description&FE(E
TWAIITNEXEDEDIAAFRED cosine_similarity z Lt
L. EfI top_n HOmBELT—HHERERRLET,

from utils.embeddings_utils import get_embedding,
cosine_similarity

def search_reviews(df, product_description, n=3,
pprint=True):

#I1)—MDembeddingZRHTULVS

product_embedding = get_embedding(
product_description,
model="text-embedding-3-small"



embeddingZ1—ILEDENZEhDembedding&y T )—dD
embedding&dcosine_similarity 3K & . ZnZsimilarity71—IL
FIZEZRAATLS, ZOT4—ILRIE sortiIZFIASN S,

df["similarity"] = df.embedding.apply(lambda x:
cosine_similarity(x, product_embedding))

results = (
df.sort_values("similarity", ascending=False)
.head(n)
.combined.str.replace("Title: ", "")
.str.replace("; Content:", ": ")
)
if pprint:
for r in results:
print(r[:200])
print()
return results
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Datasets

ImageNet-1K [/76] contains 1,281,167 labeled train images, and
50,000 labelled validation images across 1,000 classes. The images
were transformed with standard procedures detailed by FFCV [56].

ImageNet-4K dataset was constructed by selecting 4,202 classes,
non-overlapping with ImageNet-1K, from ImageNet-21K [16] with
1,050 or more examples. The train set contains 1,000 examples and
the query/validation set contains 50 examples per class totalling to
~4.2M and ~200K respectively. We will release the list of images
curated together to construct ImageNet-4K.

JFT-300M [55] is a large-scale multi-label dataset with 300M
images labelled across 18,291 categories.

ALIGN [46] utilizes a large scale noisy image-text dataset containing
1.8B image-text pairs.



Model Training with ResNet50

We trained all ResNet50-MRL models using the efficient
dataloaders of FFCV [56]. We utilized the
rn50_40_epochs.yaml configuration file of FFCV to train all
MRL models defined below:

® MRL: ResNet50 model with the fc layer replaced by
MRL_Linear_Layer(efficient=False)

® MRL-E: ResNet50 model with the fc layer replaced by
MRL_Linear_Layer(efficient=True)

® FF-k: ResNet50 model with the fc layer replaced by
torch.nn.Linear(k, num_classes), where k € [8, 16, 32, 64,
128, 256, 512, 1024, 2048]. We will henceforth refer to
these models as simply FF, with the k value denoting
representation size.
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Adaptive Retrieval




Adaptive Retrieval #=
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FTRI(Ds = 16)ZANT . T—ER—h5, FlZ (£, 200
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200£MEATNVET) CHIXEZEICAIEGETT,

® RIZ. ZD200EDERIZFH LT, 2048 RTDLOLHEBR=E
FKI(D, = 2048)FHLNT. VTUEBREDBEESDEIFTY
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B2 LT BENTREINET,

AR DZADT=H1Z. ROMAP@kEP@KFIFALTULNVET,
® T FEHFEE mean average precision (MAP@k)

® EE(P@K):P@k =

k
CCT. correctypeqld. REKDIa—KJARZERAWT, 1)

KEEARTELLIANILZFDNN &ilifE nearest
neighborsMDEHRFEHTH D,




MRL Model

® MRL:
ResNet50MDfcE%
MRL_Linear_Layer (efficient =False)IZEZ=#21=FT L,
MRL-E:
fcBAMRL_Linear_Layer(efficient=True)IZEZ#Z 1-

ResNet50E€T L,

FF-k:

fcE#torch.nn.Linear(k, num_classes) CEZ#2 1-
ResNet50EF7 /L. ke[8, 16, 32, 64, 128, 256, 512,
1024, 2048], LIf&E. CNSDETILEEIZFFEMEY, KDIE
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4.3 Retrieval
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4.3.1 Adaptive Retrieval
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Funnel Retrieval
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E Image Retrieval
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Table 20: FAISS [ /] index size and build times for exact k-NN search with L2 Distance metric and
approximate k-NN search with HNSW32 [0].

| Exact Search | HNSW32
Rep. Size | ImageNet-1K | ImageNet-4K | ImageNet-1K | ImageNet-4K
Index Size Index Build | Index Size Index Build | Index Size Index Build | Index Size Index Build
(MB) Time (s) (MB) Time (s) (MB) Time (s) (MB) Time (s)
8 40 0.04 131 0.33 381 4.87 1248 24.04
16 80 0.08 263 0.27 421 6.15 1379 33.31
32 160 0.16 525 0.52 501 6.80 1642 37.41
64 320 0.38 1051 1.05 661 8.31 2167 47.23
128 641 0.64 2101 2.10 081 11.73 3218 89.87
256 1281 1.27 4202 4.20 1622 17.70 5319 102.84
512 2562 2.52 8404 8.39 2903 27.95 9521 158.47
1024 5125 5.10 16808 17.20 5465 44.02 17925 236.30
2048 10249 10.36 33616 41.05 10590 86.15 34733 468.18
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FAISS IZDW\TO/X 20175

“Billion-scale similarity search with GPUs”
https://arxiv.org/abs/1702.08734
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Hierarchical Navigable Small World

“Efficient and robust approximate nearest neighbor
search using Hierarchical Navigable Small World
graphs”

https://arxiv.org/abs/1603.09320

Federal state budgetary institution of science Institute of Applied
Physics of the Russian Academy of Sciences 2016-2018
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