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᪎ 㾷

൪Ჟമ࠶ۿ类ᱟ计算机⨶䀓൪Ჟമۿǃ䇶别઼ᝏ⸕ઘതц⭼Ⲵ䟽㾱䙄ᖴǄ൪

Ჟമ࠶ۿ类Ⲵѫ㾱ԫ࣑ᱟྲօ䇙计算机ቭ䟿᤹➗Ӫ类䇔⸕Ⲵᯩᔿ䇶别н਼൪Ჟ类

别ˈ⎹৺机ಘ学Ґǃ⾎㓿ᗳ⨶䇔⸕઼计算机㿶㿹ㅹཊ学科Ӕ৹技术ˈሩҾᇎ⧠ᘛ

䙏ᴹ᭸ൠ㓴㓷ǃ㇑⨶大㿴⁑മۿᮠᦞާᴹ䟽大Ⲵ⧠ᇎ᜿ѹǄ⭡Ҿ൪Ჟᡰवਜ਼ⴞḷ

Ⲵཊṧᙗ઼н⺞ᇊᙗˈ൪Ჟ࠶类䶒Ѥ类޵ᐞᔲᙗ઼类䰤⴨լᙗє大᥁ᡈᙗ䰞仈Ǆ

ѪҶ䀓ߣ䘉є类䰞仈ˈ਼ᰦѪҶ䚯ݽՐ㔏࠶类ᯩ⌅䗷ཊ׍䎆മࢢ࠶ۿǃⴞḷỰ⍻ǃ

Ӫ工ḷ⌘䈝ѹㅹ计算ԓԧ大Ⲵ༴⨶᫽作ˈᵜ᮷䪸ሩ䈝ѹ学Ґԕ৺สҾ䈝ѹⲴ൪Ჟ
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䰤Ⲵ⤜・਼࠶ᐳٷ䇮ˈᦅ㧧൪Ჟ䈝ѹޣ㚄Ⲵ㠚❦⢩ᙗǄᨀࠪ deep-BoWˈ䚯
Ҷݽ BoW Ր㔏ᶴ建ᯩ⌅ᡰާᴹⲴᙗ㜭վǃ计算༽ᵲᓖ儈Ⲵ䰞仈˗ѪҶ䀓ߣ
䇽㺻⢩ᖱа䇽ཊѹ઼аѹཊ䇽Ⲵ䈝ѹ⁑㋺䰞仈઼ᦅ㧧൪Ჟമۿ中ᒯ⌋ᆈ൘Ⲵ

䈝ѹޣ㚄䰞仈ˈ䟷用 logistic ↓ᘱݸ傼࠶ᐳˈ学Ґ䳀ޣ㚄䈝ѹˈᒦሶަ应用
Ҿ൪Ჟ࠶类˗

2. ᨀࠪҶа⿽ޣ㚄ѫ仈ੁ䟿Ⲵᯩ⌅ˈᰘ൘䀓ߣ䳀䈝ѹ㺘⽪ሩҾ࠶类ԫࡔ࣑别࣋
ᕡⲴ䰞仈ǄสҾ Fisher Kernel ⨶䇪ˈ᧒㍒⭏ᡀᔿ⁑ර与ࡔ别ᔿ⁑රⲴ㔃ਸˈ
ᨀࠪޣ㚄ѫ仈ੁ䟿ˈᨀॷ䳀䈝ѹⲴࡔ别㜭࣋ǄѪҶ㜭䇙ᡰᨀࠪⲴᯩ⌅ᴤ䘲ਸ

大㿴⁑ᮠᦞ䳶ˈ䘋а↕㔉ࠪҶสҾਈ࠶䍍ਦᯟ≲䀓઼ਹᐳᯟ䟷ṧ≲䀓Ⲵє⿽

㚄ѫ仈ੁ䟿ᇎ⧠ㆆ⮕ǄᡰᨀࠪⲴᯩ⌅൘大㿴⁑ᮠᦞ䳶к通䗷ᇎ傼傼䇱Ҷަޣ

ᴹ᭸ᙗˈኅ⽪ࠪަሩ CNN ⢩ᖱⲴ䖳大ᙗ㜭ᨀॷˈሩสҾ␡ᓖ⢩ᖱⲴ Fisher
Kernel 㺘⧠ࠪᐘ大Ⲵ▌࣋ǄᡰᨀࠪⲴޣ㚄ѫ仈ੁ䟿与␧ਸ儈ᯟ㌫ࡇⲴ Fisher
Vector а䎧ˈѪമۿ䈝ѹ㺘⽪ᶴ建Ҷањᴤ࣐ᆼ༷Ⲵ⭏ᡀᔿ⁑රǄ
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ф㔃ਸ Fisher Vector 㺘⽪䘋а↕ᨀॷ⁑රᙗ㜭ˈ䚯ݽҶᱮᔿⲴⴞḷḷ⌘ᡆ
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Abstract

Scene classification is the gateway to understand scene images, recognize and
perceive the surrounding world. Its primary task is how to make computers recog-
nize scenes in the similar way to the human cognition, and this task involves in-
terdisciplinary technologies, such as machine learning, neuropsychology, computer
vision and so on. Scene classification is of great importance for effectively organizing
images. Object diversities and uncertainties in scene images invite intra-class vari-
ability and inter-class similarity for scene classification. To solve these problems, we
propose a series of algorithms semantic learning and semantic based image represen-
tation, without costly work of the conventional strategies on conventional strategies
image segmentation, object detction and manual annotations. The contributions of
this dissertation are as follows:

1. A latent correlated semantic representation is proposed, to remove the inde-
pendence assumptions for latent semantic learning among local image regions
and capture the natural property of semantic correlation for scenes. Deep-BoW
is proposed to improve the conventional BoWs without costly computations.
The latent correlated semantic representation is learned to capture the cor-
relations among semantics for scenes by introducing the logistic normal prior
distribution, and is applied for scene classification to deal with the semantic
ambiguity problem.

2. Correlated Topic Vector (CTV) is proposed, to improve the discriminative a-
bility of the latent semantic representation for scene classification. Based on
Fisher Kernel theory, the combination of the generative model and discrim-
inative model is exploited and correlated topic vector is derived to improve
the discriminative ability of the latent semantic representation. To make the
method suitable for the large-scale datasets, we further provide a Variational
Bayesian solution and a Gibbs sampling solution. Experiments on large-scale
datasets validate the effectiveness of CTV, showing its great improvemen-
t over CNN features and great potential to other Fisher Kernel based deep
features. Together with Gaussian Mixture Models based Fisher Vector and
Latent Dirichlet Allocation based Fisher Vector, CTV constructs a more com-
plete generative model for image semantic representations.

3. A latent object discovery approach is proposed, to adaptively discover discrim-
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inative and representative image regions. Following the min-entropy princi-
ple, latent objects are learned in a global to local and local to global manner
and Fisher Vector feature encoding strategy is developed to further improve
the model. The proposed approach can adaptively exploit discriminative and
representative image regions without any explicit object annotation or pre-
defined object detector. It not only unifies the explicit objects and cluster-
derived regions, but also works well with a state-of-the-art feature encoding
method. Experimental results validate its effectiveness to model the uncertain-
ty of complex scene images, and its great potential to process complex spatial
distributions of scene objects. Furthermore, the proposed model is extend-
ed to another computer vision task, i.e., weakly supervised object detection,
exploiting its generalization.

Keywords: Scene images, Image classification, Latent semantic, Latent object,
Fisher vector
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ㅢжㄖ 㔠论

1.1 ᕋ䀶

“视觉，是从图像中发现图像呈现了现实世界的什么和是哪里的过程”[1]Ǆ
䘉ᱟ㪇名⾎㓿学ᇦ઼ᗳ⨶学ᇦ David Marr ൘ 20 ц㓚ᨀࠪⲴޣҾ㿶㿹Ⲵᇊ

ѹǄ൪Ჟ⨶䀓ᱟӪ类ᢗ㹼䇨ཊᴹԧ٬㹼Ѫ与ԫ࣑Ⲵส⸣ˈᱟ计算机ӾӪ类൪Ჟᝏ

⸕Ⲵ䀂ᓖᶕᝏ⸕⧠ᇎц⭼Ⲵ䗷程 [2]Ǆ൪Ჟ⨶䀓ᴰสᵜⲴԫ࣑ᱟሶањ㠚❦മ࠶ۿ
类ࡠՇཊ䈝ѹ类别ѻаˈণ൪Ჟമ࠶ۿ类ԫ࣑Ǆ൪Ჟമ࠶ۿ类ԫ࣑ˈѫ㾱ᱟഎㆄ

മۿ੸⧠Ⲵᱟଚ䟼Ⲵ䰞仈Ǆ

1.2 ⹊ガ㜂Ქфᝅѿ

1.2.1 ⹊ガ㜂Ქ

䘁年ᶕˈ䲿⵰电子ᩴۿ䇮༷ⲴᲞ৺ǃ⧠ԓ通信Ⲵਁኅ઼计算机技术Ⲵ䘋

↕ˈᮠᆇമۿ作Ѫ⧠ԓ信᚟Ր᫝Ⲵ䟽㾱Ⴢփˈ⇿ཙ䜭൘大㿴⁑Ⲵӗ⭏ᒦਁᐳǄ

ྲ GoogleǃⲮᓖㅹᩌ㍒ᕅ᫾㖁ㄉⲴമۿᓃ൷ᐢ䎵䗷ᮠॱӯˈFlickrǃFacebookǃ
Instagramǃᗞ博ㅹ㖁㔌⽮Ӕᴽ࣑ᒣਠ⇿ཙ᧕ਇ⵰ᶕ㠚ц⭼਴ൠⲴӪԜкՐⲴॳⲮ
зᑵമۿǄਖཆˈ㿶仁ⴁ᧗ǃ机ಘӪǃᰐӪ傮傦⊭䖖ǃ५学ᡀۿㅹ应用亶ฏҏ൘

нᯝӗ⭏ཊ⿽ཊṧⲴമۿǄྲ↔⎧䟿Ⲵമۿ䍴Ⓚ൘ѠᇼӪԜ⭏⍫Ⲵ਼ᰦˈҏԔӪ

ᖸᇩ᱃䘧ཡ൘⎙ྲ✏⎧Ⲵᮠᦞѻ中㘼ᰐ⌅ᘛ䙏ᴹ᭸ൠ㧧ਆᴹ用信᚟ǄՐ㔏Ⲵ׍䶐

Ӫ工ḷ⌘Ⲵമ࠶ۿ类㇑⨶ᯩᔿˈ⭡Ҿᆈ൘ḷ⌘ԓԧ大઼ѫ㿲ḷ⌘ᑖᶕⲴ⡷䶒ḷ⌘

䰞仈ˈᰐ⌅应ሩᙕ䙏໎䮯ᴤᯠⲴᓎ大മۿᮠᦞᓃǄഐ↔ˈྲօ࡙用计算机㠚ࣘሶ

മۿቭ䟿᤹➗Ӫ类䇔⸕Ⲵᯩᔿ䘋㹼н਼类别䈝ѹⲴ࠶类ˈӾ㘼ᘛ䙏ᴹ᭸ൠ㓴㓷ǃ

㇑⨶大㿴⁑മۿᮠᦞާᴹ䟽大Ⲵ⧠ᇎ᜿ѹǄ

മ࠶ۿ类ᱟُࣙҾ计算机技术ᶕራ᢮ਸ䘲Ⲵമۿ㺘⽪ᯩᔿǃѪമۿ⺞ᇊᡰ኎

䈝ѹ类别Ⲵ䗷程ǄമۿⲴ䈝ѹ类别ਟԕ࠶Ѫє⿽：ㅜаᱟⴞḷ类别ˈণമۿ中

ĀᴹӰѸā̠ ㅜҼᱟ൪Ჟ类别ˈণമۿ᧿䘠ⲴᱟĀӰѸൠᯩāǄമ1.1中Ⲵєᑵമव
ਜ਼Ҷ建ㆁǃ䖖ǃṁǃ㹼Ӫㅹⴞḷˈ᧿䘠ⲴᱟањĀstreetāⲴ൪ᲟǄᵜ⹄ウ䈮仈ޣ
⌘ҾㅜҼ类䈝ѹǄ

൘计算机㿶㿹亶ฏˈՇཊ᮷⥞㔉ࠪҶޣҾ൪ᲟⲴᇊѹ：

• ൘儈ቲ൪Ჟᝏ⸕Ⲵ⹄ウ中ˈ൪Ჟ㻛ᇊѹѪ䈝ѹޣ㚄ⲴǃӪ类Ӿн਼㿶䀂㿲ሏ
㍐઼ཊњ⿫ᮓⴞḷԕа⿽オ䰤ݳⲴ⧠ᇎц⭼⧟ຳˈ䈕⧟ຳ中ᡰवਜ਼Ⲵ㛼Ჟࡠ

〙ᒿᧂᐳ [3]Ǆ
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മ 1.1 Āstreetā൪Ჟമۿ中ⴞḷḷ⌘

മ 1.2 ൪Ჟമۿṧֻ与൪ᲟᾲᘥӁ

• ൪Ჟᱟ൘аᇊ程ᓖкࠐњⴞḷнਟ亴⍻Ⲵਐ᭮ [4]Ǆ

• ൪Ჟᱟаᇊ㿶䀂лⲴ⧟ຳ੸⧠：ᡰवਜ਼Ⲵⴞḷ઼ᱮ䵢⢙փ䜘࠶ԕа⿽ᴹ᜿ѹ
Ⲵᯩᔿ㓴㓷൘а䎧 [5]Ǆ

• ൪Ჟᱟ指Ӫ类ਟԕ൘ަ中⍫ࣘⲴൠᯩˈᡆ者Ӫ类ਟԕࡽᖰⲴൠᯩ [2, 6]Ǆ

ቭ㇑䘉Ӌ൪ᲟᇊѹⲴ䈤⌅н਼ˈնᱟӾ⭡䘉ӋᇊѹᗇࡠⲴ൪ᲟᾲᘥӁ

˄മ1.2˅ਁ⧠ˈԆԜ਼ޡᾲᤜࠪ൪Ჟ㺘䗮Ⲵᱟањൠᯩˈᒦфवਜ਼Ҷާᴹа
ᇊオ䰤ᧂᐳⲴᇎփ˄ⴞḷ Ǆ˅൪Ჟമ࠶ۿ类ᱟሩ㿶㿹ส⹰ቲ䶒Ⲵᝏ⸕࠶类ˈᆳสҾ

ሩ൪ᲟⲴ㿶㿹㺘⽪ˈ࡙用࠶类ಘሶаᑵമ࠶ۿ类ࡠањ൪Ჟ类别ˈӾ㘼Ѫമۿ䍻

Ҹањ䈝ѹ类别/ḷਧˈྲ教ᇔǃޜ࣎ᇔǃ儈䙏ޜ䐟ǃ἞᷇ǃ㗭∋⨳൪ǃ૆஑侶ǃ
教าㅹㅹǄ䘉Ӌ൪Ჟ䈝ѹ类别ˈণ൪ᲟḷਧˈӾӪ类Ⲵ䀂ᓖᶕ䇢ˈ㜭ཏᦅ᥹⧟ຳ

ⲴѠᇼᙗ઼ཊṧᙗ˗Ӿ机ಘⲴ䀂ᓖᶕ䇢ˈާᴹ儈ᓖᣭ䊑ᙗ઼༽ᵲᙗˈ䘉ቡѪ机ಘ

䇶别൪Ჟᑖᶕᐘ大Ⲵ᥁ᡈǄ

മۿਟ䀓᷀Ѫ൪Ჟ˄scene˅– ⴞḷ˄object˅– 䜘Ԧ˄part˅/४ฏ˄region˅

2



ㅜаㄐ 㔚䇪

മ 1.3 ൪Ჟ⨶䀓

– 子䜘Ԧ˄subpart˅/子४ฏ˄subregion˅– 䗩㕈˄edge˅/㓩⨶˄texture˅– ㍐ۿ
˄pixel˅̍ ᖒᡀҶ㠚к㘼лǃ㠚л㘼кⲴቲ⅑㔃ᶴˈྲമ1.3ᡰ⽪Ǆ⭡Ҿ൪Ჟമۿ中
ⴞḷཆ㿲ǃ㿶䀂Ⲵᐞᔲᙗԕ৺ⴞḷ࠶ᐳⲴн⺞ᇊᙗˈቲ⅑ॆǃ༽ᵲॆⲴ൪Ჟ㔃ᶴˈ

䙐ᡀҶ൪Ჟമۿ䖳大Ⲵ类޵ᐞᔲᙗ઼类䰤⴨լᙗ䰞仈Ǆഐ↔ˈᡁԜн㜭ㆰ单ൠᶴ

建൪ᲟമۿⲴ⢩ᖱ㺘⽪Ǆн䗷ˈ䈕൪Ჟ㔃ᶴӾᵜ䍘к᨝⽪Ҷ൪ᲟമۿѠᇼⲴ䈝ѹ

信᚟Ǆ൪Ჟ䈝ѹ信᚟ˈᱟሩ൪Ჟ㠚❦㔃ᶴⲴ⨶䀓ˈ࡫⭫Ҷ൪ᲟⲴᇎփњփǃᇎփ

与ᇎփѻ䰤Ⲵ䈝ѹޣ㌫઼オ䰤ޣ㌫ˈѪ൪Ჟ࠶类ԫ࣑ᨀ׋Ҷ䟽㾱信᚟Ǆഐ↔ˈส

Ҿ䈝ѹⲴ൪Ჟമۿ⢩ᖱ㺘⽪ˈᡀѪ൪Ჟ࠶类ⲴṨᗳ⹄ウ䰞仈ǄሩҾ൪Ჟ࠶类䰞仈ˈ

Ӿ儈ቲ䈝ѹ – ൪Ჟ – ሩമۿ㠚❦㔃ᶴǃкл᮷信᚟Ⲵ儈ᓖᣭ䊑઼ᾲᤜˈࡠվቲ䈝
ѹ – 䗩㕈/㓩⨶ǃۿ㍐ – മۿ৏࿻⢩ᖱⲴ᧿䘠ˈє者ѻ䰤ᆈ൘⵰ᐘ大ⲴĀ䈝ѹ呯
⋏ā˄ semantic gap˅[7, 8]ˈᶱ大ൠ䲀ࡦ⵰൪Ჟ࠶类ᙗ㜭Ǆ

1.2.2 ⹊ガᝅѿ

สҾ䈝ѹⲴ൪Ჟമۿ⢩ᖱ㺘⽪与࠶类䰞仈Ⲵ⹄ウˈѫ㾱ᱟ䪸ሩ൪Ჟമۿᡰ൘

ⲴĀ䈝ѹ呯⋏ā䰞仈ˈ൘ᰐ䴰ᱮᔿⲴമࢢ࠶ۿǃӪ工ḷ⌘ᡆ者大䟿ⲴⴞḷỰ⍻Ⲵ

ᶑԦлˈ᥆ᧈ൪Ჟ䈝ѹ信᚟ˈራ≲㺘⽪࣋ᕪⲴ䈝ѹǄᴤ䘋а↕ൠˈสҾ学ҐࡠⲴ

䈝ѹˈ㔃ਸӪ类൪Ჟᝏ⸕ᯩᔿˈᶴ建ࡔ别࣋ᕪⲴ⢩ᖱ㺘⽪ˈ໎ᕪ൪Ჟ࠶类⁑ර䀓

类Ⲵ߶⺞ᓖǄ൪Ჟ࠶䘋㘼ᨀॷ൪Ჟˈ࣋ᐞᔲᙗǃ类䰤⴨լᙗⲴ㜭޵类ۿ൪Ჟമߣ

Ⲵ䘋↕ˈ਼ᰦሩҾ计算࣑ԫޣ类技术Ⲵᨀॷˈⴤ᧕ᡆ䰤᧕ൠᖡ૽⵰൪Ჟ⨶䀓⴨࠶

机㿶㿹䰞仈Ⲵ␡ޕ⹄ウԕ৺㿶㿹⹄ウ技术൘ӪԜ⭏⍫中Ⲵ应用䜭ᴹ⵰䟽㾱Ⲵ᜿ѹǄ

൪Ჟ࠶类技术Ⲵ⹄ウ᜿ѹѫ㾱փ⧠൘ԕлࠐњᯩ䶒：

1. ⴞḷỰ⍻઼䇶别Ǆᗳ⨶⢙⨶学ᇦ Torralba 2009 年ਁ⧠：ྲ᷌⨶䀓Ҷањ൪
ᲟⲴᮤփᾲ䊼ˈ䛓Ѹ൪Ჟ中Ⲵⴞḷਟԕ㋮⺞ൠ䇶别ࠪᶕˈণ֯ᱟ൘ᖸվⲴ

6*6 മ࠶ۿ䗘⦷л [9]Ǆ㘼ᖃⴞḷ㝡⿫Ҷᆳᡰ൘Ⲵкл᮷ᰦˈⴞḷ䇶别ᙗ㜭ቡ

3



สҾ䈝ѹⲴ൪Ჟമۿ⢩ᖱ㺘⽪与࠶类䰞仈⹄ウ

Պ䲿ѻਈᐞǄᡰԕ൪Ჟമ࠶ۿ类㜭ཏѪമۿⴞḷỰ⍻ǃᇊ位ǃ䇶别ㅹᴤ儈ቲ

⅑Ⲵമۿ⨶䀓ᨀ׋ᴹ᭸Ⲵкл᮷䈝ѹ㓯㍒ˈ᧘ࣘ⴨ޣ㿶㿹⹄ウⲴਁኅǄ

2. മۿỰ㍒Ǆᖃ用ᡧᩌ㍒മۿᰦˈ൪Ჟ࠶类ᱟሶ大䟿Ⲵമۿ䘋㹼ᣭ䊑䈝ѹ࠶
类ˈ❦ਾ൘਼а൪Ჟ类别Ⲵമۿ中ˈᑞࣙ用ᡧᴤᘛᦧൠራ᢮वਜ਼ḀњⴞḷⲴ

മۿˈᡆ者┑䏣аᇊ䈝ѹᶑԦⲴമۿǄสҾ䈝ѹᡆ者޵ᇩമ઼᷀࠶ۿỰ㍒ˈ

ਟُࣙҾ൪Ჟമ࠶ۿ类ᑞࣙӪԜሩമۿⲴᘛ䙏⍿㿸ǃỰ㍒઼⨶䀓ˈᴤ儈᭸ൠ

㓴㓷ǃ㇑⨶⎧䟿ⲴമۿᮠᦞǄ

3. 㿶仁Ự㍒ǄሩҾ⎧䟿Ⲵⴁ᧗㿶仁ᶕ䈤ˈᖃỰ㍒ᡆ者䐏䑚┑䏣ࠪ⧠൘Ḁњ൪ᡰ
ⲴⴞḷᰦˈӪ工䙀ᑗᩌ㍒㿶仁㙇䍩ᰦ䰤䮯ˈԓԧ大ˈ㘼൪Ჟ࠶类ሶՊ大大ᨀ

儈Ự㍒ⴁ᧗㿶仁Ⲵ᭸⦷Ǆ

4. 机ಘӪ导㡚Ǆ൪Ჟമ࠶ۿ类㜭ཏѪ机ಘӪᝏ⸕ަᖃࡽᡰ༴Ⲵ⧟ຳˈѪަᨀ׋
䟽㾱Ⲵݸ傼信᚟ˈᘛ䙏ᝏ⸕ઘത⧟ຳ中Ⲵᇎփⴞḷˈ䖵ࣙ䐟ᖴ㿴ࡂˈᒦф䪸

ሩн਼Ⲵ机ಘӪԫ࣑ˈ指导机ಘӪሩ⧟ຳⲴӔӂ㹼Ѫˈ䘉ሩ机ಘӪ导㡚ㅹ⹄

ウ与应用ᴹ⵰䟽㾱Ⲵ᜿ѹǄ

5. 䚕ᝏമۿ应用Ǆ䲿⵰ছᱏǃ㡚オㅹ技术Ⲵ䘋↕ˈ㧧ਆࡠⲴ䚕ᝏമۿ⭡Ҿ࠶䗘
⦷Ⲵᨀ儈㘼वਜ਼Ҷ䎺ᶕ䎺ѠᇼⲴ信᚟䟿ˈሩަ䘋㹼൪ᲟⲴ࠶类ਟᘛ䙏⨶䀓䚕

ᝏമۿⲴ⧟ຳ信᚟ˈѪ䚕ᝏമۿⲴ␡ޕ⹄ウᨀ׋指导Ǆ

6. ᰐӪ傮傦⊭䖖应用Ǆ䘁年ᶕˈᰐӪ傮傦⊭䖖Ӿᾲᘥᐢ䙀⑀ਈѪ⧠ᇎǄ൪Ჟമ
类㜭ཏᘛ䙏䇶别⊭䖖༽ᵲཊਈⲴઘത⧟ຳˈѪ⊭䖖䙏ᓖ઼䐟ᖴⲴᲪ㜭ॆ࠶ۿ

䈳᧗ᨀ׋信᚟Ǆ

1.3 ⹊ガࣞᵰф⹊ガ޻ᇯ

1.3.1 䳴⛯䰤从᷆࠼

൪Ჟമۿ㺘⽪与࠶类䰞仈⎹৺计算机㿶㿹ǃ机ಘ学Ґ઼⾎㓿ᗳ⨶䇔⸕科学ㅹ

ཊ学科Ӕ৹技术ˈྲമ1.4ᡰ⽪ǄMIT Ӿ 2006 年㠣 2017 年㓴㓷Ҷཊቺ൪Ჟ⨶䀓
⹄䇘Պˈᶕ㠚⾎㓿⭏⨶学ǃ䇔⸕⾎㓿学ǃ㿶㿹䇔⸕઼计算机㿶㿹ㅹ亶ฏⲴ亦级学

者᰾⺞Ҷ൪Ჟ࠶类Ⲵ⹄ウ䰞仈઼ަ䟽㾱ᙗǄ䲿⵰മ޵ۿᇩⲴ༽ᵲॆˈ൪Ჟമۿ㺘

⽪与࠶类䰞仈ᐢᡀѪ计算机㿶㿹亶ฏ中Ⲵ✝䰘⹄ウᯩੁǄ

与ⴞḷമ࠶ۿ类⴨∄ˈ൪Ჟമ࠶ۿ类䶒Ѥᴤ大Ⲵ᥁ᡈǄӾᮠᦞ䳶മۿ中ቡਟ

ԕᖸⴤ㿲ൠ㿲ሏࡠє类࠶类䰞仈ⲴᐞᔲǄമ1.5ኅ⽪Ҷ࠶别ᶕ㠚єњᮠᦞ䳶Ⲵമ
ԕⴞḷѪ中ᗳ˄object-centric˅Ⲵⴞḷᮠᦞ䳶：ۿ PASCAL VOC 2007[10]ǃԕ൪
ᲟѪ中ᗳ˄scene-centric˅Ⲵ൪Ჟᮠᦞ䳶 SUN 397[6]ǄPASCAL VOC 2007 ᮠᦞ䳶
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ㅜаㄐ 㔚䇪

䇑㇇ᵪ㿶㿹

㊫⁑ර࠶˗⽪⢩ᖱ㺘˖࣑㊫ԫ࠶

֫ް
ӣঝ

മ 1.4 ൪Ჟമ࠶ۿ类ѫ㾱⎹৺Ⲵ⹄ウ亶ฏ

* Object-centric 㑱㉯旇漑PASCAL VOC 2007漒

racewaystreet Parking_lothighway desert campsiteParking_lot

* Scene-centric㑱㉯旇漑SUN 397漒

Challenge-2 scene : Intra-class similarity

car car car car car car car

മ 1.5 ൘ⴞḷᮠᦞ䳶与൪Ჟᮠᦞ䳶中वਜ਼ⴞḷĀcarāⲴമۿሩ∄

㺘 1.1 ൪Ჟᮠᦞ䳶与ⴞḷᮠᦞ䳶㔏计信᚟ሩ∄

㊱ශ ൰Ქᮦᦤ䳼 ⴤḽᮦᦤ䳼

ᮠᦞ䳶 SUN 397 PASCAL ImageNet
⇿аᑵമۿ中ᇎֻᒣ൷ᮠⴞ 16.8 1.69 1.59

⇿аᑵമۿ中ⴞḷ类别ᒣ൷ᮠⴞ 9.46 1.5 1.5
⇿аᑵമۿ中ⴞḷቪᓖᒣ൷大ሿ 0.0863 0.241 0.358

中Ⲵമۿवਜ਼Ⲵⴞḷ大ཊ∄䖳ᱮ㪇ˈ∄ྲˈⴞḷĀcarāᙫᱟ位Ҿമۿ中ᗳǃаᑵ
മۿ中ⴞḷĀcarāᮠ䟿通ᑨਚᴹањᇎֻǄնᱟ൘൪Ჟമۿ中ˈᡰवਜ਼Ⲵⴞḷ൘
ᮠ䟿ǃቪᓖǃ䚞ᥑǃ㛼Ჟǃݹ㓯ǃ位㖞ǃ㿶䀂ㅹᯩ䶒ᆈ൘∄䖳大Ⲵн⺞ᇊᙗˈ∄

ྲˈⴞḷĀcarā൘ཊњ൪Ჟ中ࠪ⧠ᰦˈ㺘⧠ࠪҶ䖳ᕪⲴ䲿机ᙗˈ䙐ᡀ൪Ჟ䖳大Ⲵ

5



สҾ䈝ѹⲴ൪Ჟമۿ⢩ᖱ㺘⽪与࠶类䰞仈⹄ウ

⭰
倈
☹
㕮

坖
归
☹
㕮

മ 1.6 ൪ᲟമۿⲴ类޵ᐞᔲᙗ

ਈॆᙗǄ㺘1.1㔉ࠪҶє类ᮠᦞ䳶Ⲵ㔏计信᚟ሩ∄㔃᷌ [6]ǄӾሩ∄㔃᷌ᶕⴻˈ൪Ჟ
ᮠᦞ䳶中ࠪ⧠Ⲵⴞḷᇎֻᮠⴞཊǃⴞḷ⿽类ཊṧǃⴞḷቪᓖሿˈ䘉Ѫ൪Ჟമ࠶ۿ

类䰞仈ᑖᶕҶ∄䖳大Ⲵ䳮仈Ǆ

൪Ჟമ࠶ۿ类䶒Ѥ⵰є大䳮仈Ǆ˄ 1˅ᆈ൘䖳大Ⲵ类޵ᐞᔲᙗǄ⭡Ҿ㠚❦⭼൪
ᲟⲴཊṧॆ⢩ᙗˈণ֯ᱟ਼а类别Ⲵ൪Ჟമۿˈᙫᱟ੸⧠ࠪн਼Ⲵᖒᔿˈ䘉ṧቡ

导㠤൪Ჟമۿ类޵Ⲵ䖳大ᐞᔲᙗǄྲമ1.6ᡰ⽪ˈ༿ᆓᰐⲭ䴚㾶ⴆⲴኡ㜹与ߜᆓᴹ
ⲭ䴚㾶ⴆⲴኡ㜹੸⧠ࠪᖸ大Ⲵн਼ˈн਼㺇䚃൪Ჟ⭡Ҿ㿶䀂ǃ㺇䚃⧟ຳㅹⲴᐞᔲ

ҏ੸⧠ࠪᖸ大Ⲵн਼Ǆ˄ 2˅类䰤Ⲵ⴨լᙗǄ਼а类ⴞḷਟ㜭ࠪ⧠൘ཊњ൪Ჟ中ˈ
䙐ᡀҶн਼类别ѻ䰤Ⲵ൪Ჟമۿᆈ൘⴨լѻ༴ˈ∄ྲĀཙオāՊᆈ൘Ҿ大䜘࠶㠚

❦൪Ჟമۿ中Ǆਖཆ༽ᵲǃཊਈⲴݹ➗ᖡ૽˄н਼Ⲵݹ➗⧟ຳᶑԦл㧧ਆⲴമۿ

ᆈ൘䖳大ᐞᔲ ǃ˅ቪᓖᖡ૽˄᣽ᩴ䮌ཤⲴ䘌䘁ᑖᶕⲴᐞᔲᙗ ǃ˅൪Ჟ类别䈝ѹⲴѫ

㿲ᙗⲴн⺞ᇊᙗ˄ሩ਼аᑵ൪Ჟമۿˈн਼Ⲵ㿲ሏ者ਟ㜭ᴹн਼Ⲵ⨶䀓ㅹ˅̍ 䘋а

↕໎࣐Ҷ൪Ჟമ࠶ۿ类Ⲵ䳮ᓖǄ

1.3.2 ⹊ガࣞᵰ

ᗳ⨶䇔⸕学ᇦሩҾӪ类൪Ჟᝏ⸕ᯩᔿѫ㾱⭡є⿽㿲⛩：˄ 1˅ԕⴞḷѪ中ᗳⲴ
ᯩᔿ：൪Ჟਟԕ⭡ⴞḷ䳶ਸ㺘⽪ [11]ˈᡰԕᡁԜਟԕ通䗷䇶别൪Ჟ中Ⲵⴞḷᶕ用
Ҿ用Ҿ൪Ჟ㺘⽪઼࠶类˗˄ 2˅ԕ൪ᲟѪ中ᗳⲴᯩᔿ：Ӫ类大㝁ਟԕᘛ䙏䇶别ࠪ൪
Ჟമۿ [12–14]ˈᡰԕᡁԜᰐ䴰䇶别ࠪⴞḷˈਟԕⴤ᧕࡙用൪Ჟ信᚟ᶕ䇶别൪Ჟമ
Ǆۿ

Ѫє大类：ԕ࠶类技术ѫ㾱࠶ᦞᗳ⨶䇔⸕学ᇦⲴ䘉є⿽㿲⛩ˈ⧠ᴹⲴ൪Ჟ׍

ⴞḷѪ中ᗳⲴ⢩ᖱ㺘⽪઼ԕ൪ᲟѪ中ᗳⲴ⢩ᖱ㺘⽪Ǆє类⹄ウⲴ਼ޡ⛩ᱟˈ大䜘

6



ㅜаㄐ 㔚䇪

ウ工作⹄ޣ⴨࠶ [15–20] ԕቍ䈅䀓ߣվቲ⢩ᖱᑖᶕⲴĀ䈝ѹ呯⋏ā䰞仈Ѫࠪਁ⛩ˈ
᧒㍒㺘⽪࣋ǃࡔ别࣋ᕪⲴ൪Ჟ䈝ѹԕ৺⴨ޣ䈝ѹ⢩ᖱ㺘⽪ᯩ⌅ˈᨀॷ࠶类⁑ර४

Ǆնᱟˈє类⹄ウ䟷用Ⲵㆆ⮕ᆈ൘ᖸ࣋ᐞᔲᙗ઼类䰤⴨լᙗⲴ㜭޵类ۿ൪Ჟമ࠶

大Ⲵн਼ˈѪ൪Ჟ࠶类ԫ࣑ᑖᶕн਼Ⲵ䰞仈Ǆ

• ԕⴞḷѪ中ᗳⲴ⢩ᖱ㺘⽪ᯩ⌅

䈕类㺘⽪ᯩ⌅ᒯ⌋䟷用ェѮ൪Ჟ中ࠪ⧠ⲴⴞḷⲴㆆ⮕：˄ 1˅亴ᇊѹਟ㜭
ࠪ⧠൘൪Ჟ中Ⲵⴞḷ⿽类ˈ˄ 2˅亴䇝㓳ⴞḷỰ⍻ಘˈ˄ മ䙽শỰ⍻ⴞޘ˅3
ḷˈ˄ 4˅用Ự⍻ࡠⲴⴞḷ㺘⽪൪ᲟമۿǄ䈕类⢩ᖱ㺘⽪ᯩ⌅ᶱ大ൠ׍䎆Ҿ亴
䇝㓳ⲴⴞḷỰ⍻ಘˈ㘼䘉ӋⴞḷỰ⍻ಘ⏥ⴆⲴⴞḷ⿽类䶎ᑨᴹݸᇊѹǃ亴ݸ

䲀ˈ㘼фⴞḷỰ⍻ಘᒦнᙫᱟ㜭ཏ励ἂൠ䀓ߣ൪Ჟമۿ中ᡰᆈ൘Ⲵⴞḷ䚞

ᥑǃቪᓖǃݹ㓯ǃ㛼ᲟㅹỰ⍻䳮仈ˈ㧧ᗇਟ䶐ⲴⴞḷỰ⍻㔃᷌ǄਖཆǄェѮ

ᔿⲴㆆ⮕导㠤ަ计算༽ᵲ儈Ǆ

• ԕ൪ᲟѪ中ᗳⲴ⢩ᖱ㺘⽪ᯩ⌅

䈕类㺘⽪ᯩ⌅䟷用Ⲵㆆ⮕ᱟӾޘമ学Ґ䳀䈝ѹ信᚟ˈᖒᡀሩ൪ᲟമۿⲴа⿽

Ҷㅜа类ᯩ⌅㋇᳤Ⲵ㺘⽪ᯩᔿ઼ᓎ大ⲴỰ⍻计算ݽተ᧿䘠Ǆ䈕类ᯩ⌅䚯ޘ

䟿ˈնᱟަࡔ别࣋与㺘⽪࣋䖳大程ᓖਇ䲀Ҿ൪Ჟ类޵ᐞᔲᙗ઼类䰤⴨լᙗǄ

ᙫⲴᶕ䇢ˈሩҾ൪Ჟ࠶类⹄ウˈᰐ䇪ᱟԕⴞḷѪ中ᗳⲴ⢩ᖱ㺘⽪䘈ᱟԕ൪Ჟ

Ѫ中ᗳⲴ⢩ᖱ㺘⽪ˈᆳԜ⹄ウⲴᵜ䍘䰞仈䜭ᱟ᧒㍒൪ᲟⲴ䈝ѹ信᚟ˈ䘉ҏ↓ᱟ൪

Ჟമۿ⢩ᖱ㺘⽪⹄ウⲴṨᗳ䰞仈Ǆ⤝ѹൠ䇢ˈ䈝ѹਟԕᱟ൪Ჟ中ࠪ⧠Ⲵᇎփⴞḷˈ

ᒯѹൠ䇢ˈ䈝ѹਟԕᱟ൪Ჟ中ާᴹаᇊкл᮷信᚟˄context ǃ˅㍗㠤˄compact ǃ˅
䘎㔝Ⲵ㿶㿹ݳ㍐Ǆഐ↔ˈ൘ᵜ᮷中ˈᡁԜਟԕᢺ൪Ჟമ࠶ۿ类䰞仈ᾲᤜѪєњޣ

䭞䰞仈：

(1) ྲօ࡫⭫䈝ѹ˄semanticˈҏਟ〠Ѫѫ仈 topic/theme˅̨

(2) สҾ䈝ѹྲօ㧧ᗇՈᔲⲴ൪Ჟ⢩ᖱ㺘⽪˛

1.4 ⹊ガ޻ᇯфѱ㾷䍗⥤

䪸ሩҾ൪Ჟ࠶类ԫ࣑Ⲵ᥁ᡈᙗ䰞仈ˈᵜ᮷⹄ウ޵ᇩԕ䈝ѹѪ中ᗳኅᔰˈ㔃ਸ

ԕ൪ᲟѪ中ᗳ઼ԕⴞḷѪ中ᗳⲴӪ类㿶㿹ᝏ⸕ᯩᔿˈ᧒ウєњޣ䭞ᙗ䰞仈：˄ 1˅
ྲօ࡫⭫൪Ჟ䈝ѹǃ˄ 2˅สҾ䈝ѹྲօ㧧ᗇՈᔲⲴ൪Ჟ⢩ᖱ㺘⽪ˈᨀࠪ㺘⽪࣋ǃ
㚄䈝ѹޣǄྲമ1.7ᡰ⽪ˈᵜ᮷ѫ㾱Ӿ䳀࣑类ԫ࠶ᕪⲴ⢩ᖱ㺘⽪ᒦ用Ҿ൪Ჟ࣋别ࡔ
㺘⽪ǃޣ㚄ѫ仈ੁ䟿઼䳀ⴞḷ᥆ᧈйњ䜘࠶ᶕ᧒ウєњޣ䭞ᙗ䰞仈Ǆ㺘1.2㔉ࠪҶ
਴њ䜘࠶与єњޣ䭞ᙗ䰞仈Ⲵޣ㌫Ǆᵜ᮷Ⲵ⹄ウ޵ᇩ઼ѫ㾱䍑⥞ᾲᤜѪԕлࠐ⛩：
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ू९ટੲ
ֺࠥ

આӐѮ৏ટੲ
ֺࠥઋ঑ߒז

୼ொ

ू९஛ધ
Уէ୏੮
ॐ؆Ю

આӐટੲֺࠥ
▲ટךУ澝▲
Уךટ୼ொ

ू९֫ް
ધУҼ৻
୼ொۅ

આӐ࣫ࡣސ߄
ધУङࣞॹث
ҝગ୼ொۅ

ू९ׂй
Fisher߾
ङ஛Пொ
է୏

આӐ஛ધУէ
୏੮ॐӮӰԃ
ਈՉஒۅ澝ڞ

୼ொ

ू९ࣔګ
੮ॐЊҼ
壝ՠۅ৻
ߐ܉

આӐ֫ްધУ
Ҽ৻ۅ୼ொ

ॕЅ्
୪һ৊੶Т਽ठ

ॕ्֙
һ৊Оஙզଞ਽ठ

ॕл्
୪ࣹߗ㞀㟮

֢ҥԙ־
/patchӥӢ

૩ܵڪࢤ଑ف
ԗࡐګ৚ु澝ࣔګࣔ

֢ҥ؅ڪࢤЭ/਽ठ
ԗࡐګ৚ु澝ࣔګࣔ

Ӣ६ࠆ
ֹ੟এ֢ҥ

ׂйધУङ֫ް֣Ҧࣔګ੮ॐЊӣঝ୼ொू९

Q1-㧈⼯㋭⿎⧂㈑䈐䅆 Q2-〚䇻䈐䅆㧈⼯〒⭤䇦䅍⭥⧂㈑㲹䎘⢎㬟

୼ொ1 ୼ொ2

• ୼ொ1͹䅸⺀坧䠹坧䊯⼦俼⋖ℯ庂⠦敏ℵ漓⵵ᴌ俼᳿䗳斎䘿ᴺ林㑯䗭Ȼ⩖⁷㑯䗭䖃➝↟伋➝↟漢䅸⺀℣K↚⋖敏ȼ
• ୼ொ2͹∹⛞/patchℑ℅㒸⸎◹⪙漓⻼䑤☹㕮ᴬ㔽卖⼦嫬ᵈ/∹⛞漢䅸⺀ᴍ℅䭺㤠⚊℅䢺

ू९஛ऩ
߶ङ؆Ю
ߐ܉

આӐ֫ްߒז
ऩ߶ଭۨङঝ
ӄٛۅڑչঝ
୿बѷۅ୼ொ

ू९Ҷق
ৈՠୂق
ङֺࠥ؆
Юߐ܉

આӐֺࠥଋך
ҼୂقࡨԚֿ
ЮҞٛ؆ߛ٫

୼ொ

ू९ֺࠥ
આӐڞड
षऩ߶ࠒ
Ѡԇࡹ

ऀځֺࠥي۽

മ 1.7 ᵜ᮷⹄ウᙍ䐟઼⹄ウ޵ᇩ৺与൪Ჟ࠶类Ṷᷦሩ应ޣ㌫

㺘 1.2 ⢩ᖱ㺘⽪与䈝ѹ

⢯ᖷ㺞⽰ Q1-ྸ֋ࡱ⭱൰Ქ䈣ѿ Q2-ะӄ䈣ѿྸ֋㧭ᗍՎᔸⲺ
൰Ქ⢯ᖷ㺞⽰

BoW K-means 㚊类ˈ㿶㿹ᆇި ⺜ᙗ䟿ॆˈⴤᯩമ

Fisher Vector(GMM) ␧ਸ儈ᯟᾲ⦷ Fisher Kernel
CNN ⾎㓿ݳ◰⍫ ধ〟ǃ⊐ॆ

䳀ѫ仈ੁ䟿 䳀ѫ仈/䈝ѹ 䳀ѫ仈ੁ䟿

㚄ѫ仈ੁ䟿ޣ 䳀ޣ㚄ѫ仈/䈝ѹ 㚄ѫ仈ੁ䟿ޣ

䳀ⴞḷਁ⧠ 䳀ⴞḷ 䳀ⴞḷ学Ґ

• สҾ䳀ޣ㚄䈝ѹ㺘⽪Ⲵ൪Ჟ࠶类䰞仈⹄ウ

ѪҶ䀓ߣՐ㔏䇽㺻˄Bag of WordsˈBoW˅⢩ᖱ൘൪Ჟമۿ⢩ᖱ㺘⽪ᰦⲴ计
算༽ᵲᓖ儈Ⲵ䰞仈ˈᵜ᮷⹄ウ㔃ਸҶ CNN˄Convolutional Neural Networkˈ
CNN˅Ⲵ䈝ѹ⢩ᙗˈᶴ建ᴤ儈᭸Ⲵ䇽㺻⢩ᖱˈণ deep-BoWǄdeep-BoW ᢃ
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ㅜаㄐ 㔚䇪

⹤ҶՐ㔏ⲴสҾ SIFT˄Scale-Invariant Feature TransformˈSIFT ǃ˅CNN
ㅹተ䜘᧿䘠子Ⲵ BoW ᶴ建ᯩᔿˈ∄䖳ྭൠ࡙用Ҷ CNN Ⲵ䈝ѹ⢩ᙗ˄Ոᔲ
Ⲵ䈝ѹ⌋ॆᙗ઼ᕪ大Ⲵ䈝ѹ㚊类᭸应 Ǆ˅ਖཆˈ与Ր㔏ⲴสҾ㚊类ᶴ建 BoW
ᯩᔿн਼Ⲵᱟˈdeep-BoW 䚯ݽҶ䛓Ӌ㚊类ǃ䟿ॆㅹ计算ԓԧ大Ⲵ算⌅ˈ؍
⮉ҶᴤཊⲴ信᚟Ǆ

䘋а↕ˈѪҶ䀓ߣ BoW ⢩ᖱⲴа䇽ཊѹǃаѹཊ䇽䰞仈 [21]ˈᵜ᮷⹄ウ࡙
用ѫ仈⁑ර学Ґ൪ᲟമۿⲴ䳀䈝ѹ㺘⽪Ǆ䳀䈝ѹ㺘⽪Ⲵ⹄ウˈ䚯ݽҶӪ工ḷ

⌘ǃⴞḷỰ⍻ǃമࢢ࠶ۿㅹ仍ཆⲴǃ计算䟿大Ⲵ༴⨶Ǆնᱟˈ䳀⣴࡙ݻ䴧ѫ

仈⁑ර˄Latent Dirichlet AllocationˈLDA˅൘学Ґ䳀䈝ѹᰦᆈ൘ањ∄䖳
ѕṬⲴٷ䇮ˈণ䈝ѹ/ѫ仈ѻ䰤ᱟ⴨ӂ⤜・ⲴǄ䈕⤜・ᙗٷ䇮ѕ䟽ൠ䘍㛼Ҷ
⧠ᇎ൪Ჟമۿ中ᡰᆈ൘Ⲵ䈝ѹޣ㚄⢩ᙗˈ∄ྲṼ子ǃἵ子ǃ电㝁ᙫᱟа䎧

ࠪ⧠൘ޜ࣎ᇔ൪Ჟ中ˈཙオǃṁᵘǃ䚃䐟ᙫᱟа䎧ࠪ⧠൘儈䙏൪Ჟ中ǄѪҶ

㜭ཏᴤ᧕䘁ⵏᇎⲴ学Ґ䈝ѹˈᡁԜ৫䲔ᦹ⤜・ᙗٷ䇮ˈ学Ґ䳀ޣ㚄䈝ѹᒦ

ሶަ应用Ҿ൪Ჟ࠶类ԫ࣑中Ǆѫ㾱䍑⥞ᱟ：ᢃ⹤Ր㔏 BoW ᶴ建ᯩᔿˈᨀࠪ
deep-BoWˈᴯԓՐ㔏สҾ SIFT Ⲵ BoW˗学Ґ䳀ޣ㚄䈝ѹ⢩ᖱ㺘⽪ˈᦅ㧧
൪Ჟമۿ中ᆈ൘Ⲵ䈝ѹޣ㚄/ޡ⧠⧠䊑ˈᰐ䴰Ӫ工ḷ⌘ǃⴞḷỰ⍻ǃമ࠶ۿ
ㅹ༽ᵲⲴ䖵ࣙ༴⨶Ǆࢢ

• สҾޣ㚄ѫ仈ੁ䟿Ⲵ൪Ჟ࠶类䰞仈⹄ウ

ѪҶ䀓ߣสҾѫ仈䈝ѹⲴ䳀䈝ѹࡔ别࣋ᕡⲴ䰞仈ˈᡁԜ᧒㍒Ӿ⭏ᡀᔿ⁑ර

˄Generative Model˅与ࡔ别ᔿ⁑ර˄Discriminative Model˅⴨㔃ਸⲴ䀂ᓖˈ
ᨀॷѫ仈⁑ර学ҐࡠⲴ䳀䈝ѹⲴࡔ别࣋Ǆѫ仈ᾲ⦷࠶ᐳ㺘⽪㲭аᇊ程ᓖк䀓

类䰤Ⲵ४ۿᐞᔲᙗ䰞仈ˈնᱟ㚊类作用৽㘼⁑㋺Ҷ൪Ჟമ޵类ۿҶ൪Ჟമߣ

สˈ࣑类ԫ࠶ۿᐳ作Ѫ൪Ჟ㺘⽪䗷Ҿ单а˗ሩҾ൪Ჟമ࠶⦷ᙗˈ用ѫ仈ᾲ࠶

Ҿ䳀䈝ѹ/ѫ仈⢩ᖱ㺘⽪Ⲵᙗ㜭ਇࡠ䖳大䲀ࡦˈᒦн㜭аⴤ䲿⵰ѫ仈ᮠⴞǃ
ᆇިᮠⴞⲴ໎࣐㘼໎࣐ǄสҾ Fisher Kernel⨶䇪 [22]ˈᡰᨀࠪⲴ䳀ѫ仈ੁ䟿
Ⲵ਼࣋㚄ѫ仈䈝ѹ㕆⸱ᕕ㺕վቲ⢩ᖱⲴ㺘⽪㜭ޣ㚄ѫ仈ੁ䟿ˈ൘用中ቲޣ઼

ᰦˈቍ䈅ሶ⭏ᡀᔿ⁑ර与ࡔ别ᔿ⁑ර⴨㔃ਸˈᨀࠪާᴹ䖳ᕪࡔ别ᙗ઼㺘⽪ᙗ

Ⲵ⢩ᖱ㺘⽪Ǆѫ㾱䍑⥞ᱟ：Ӿ⁑ර䀂ᓖᶕⴻˈᡁԜ৫ᦹ⣴࡙ݻ䴧ݸ傼࠶ᐳሩ

Ҿѫ仈Ⲵ⤜・ᙗٷ䇮ˈُࣙҾ logistic ↓ᘱݸ傼࠶ᐳᶕ䘋а↕࡫⭫ѫ仈ѻ䰤
Ⲵޣ㚄㔃ᶴ˗Ӿ Fisher Kernel 䀂ᓖᶕⴻˈ⢩ᖱੁ䟿Ⲵᶴ建㘳㲁Ҷ䈝ѹѻ䰤
Ⲵ⴨ޣᙗǄ൘ޣ㚄ѫ仈⁑ර中ˈݸ傼࠶ᐳ与ਾ傼࠶ᐳⲴ䶎ޡ䖝⢩ᙗˈ֯ᗇሩ

ᮠլ❦ᰐ⌅䀓᷀计算ˈ䙐ᡀสҾ Fisher Kernel Ⲵޣ㚄ѫ仈ੁ䟿᧘导Ⲵ䳮ᓖǄ
ѪҶ䀓ߣ䈕䰞仈ˈᡁԜ࠶别ᆼᡀҶสҾਈ࠶䍍ਦᯟ˄Variational Bayesianˈ
VB˅≲䀓઼สҾਹᐳᯟ䟷ṧ˄Gibbs Sampling, GS˅≲䀓Ⲵє⿽ޣ㚄ѫ仈ੁ
䟿ᇎ⧠ᯩ⌅Ǆ
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สҾ䈝ѹⲴ൪Ჟമۿ⢩ᖱ㺘⽪与࠶类䰞仈⹄ウ

• สҾ䳀ⴞḷⲴ൪Ჟ࠶类䰞仈⹄ウ

൪Ჟമۿवਜ਼Ҷቲ⅑ॆ䈝ѹˈྲ൪Ჟ类别ࡠ൪Ჟⴞḷࡠ޽ተ䜘ඇǄѪҶ䚯ݽ

ԫօⴞḷỰ⍻ǃӪ工ḷ⌘ㅹ䴰㾱仍ཆ工作Ⲵᯩ⌅ˈᡁԜᨀࠪ䳀ⴞḷᯩ⌅ˈ学

Ґ൪Ჟമۿ中ᱮ㪇ᙗⲴǃঐѫ导ൠ位Ⲵ㿶㿹䈝ѹݳ㍐ǄѪҶ䚯ݽ⁑ර⭡Ҿ䗷

ཊޣ⌘ተ䜘४ฏᡰᑖᶕⲴ学Ґٿᐞ䰞仈ˈᡁԜᨀࠪҶޘተࡠተ䜘ǃተ䜘ޘࡠ

ተⲴ䳀ⴞḷ᥆ᧈㆆ⮕Ǆ䈕ㆆ⮕Ⲵਸ⨶ᙗ൘Ҿ䚥ᗚҶӪ类൪Ჟᝏ⸕Ⲵ㠚❦⢩ᙗ

[23]ˈӾޘተࡠተ䜘ᶕⴻ：ањ൪Ჟਟ㜭㻛࠶䀓ѪĀⴞḷā̍ ◰࣡ਁᧈ൪Ჟ

മۿ中䛓Ӌ㺘⽪࣋ᕪⲴĀⴞḷāᡆ者ተ䜘४ฏ˗Ӿተ䜘ޘࡠተᶕⴻ：Āⴞḷā

ᱟ㻛㔃ᶴॆൠ㓴㓷Ѫањ൪Ჟˈ◰࣡䛓Ӌ㻛ਁᧈⲴĀⴞḷāᴤާᴹࡔ别ᙗൠ

䀓䟺ањ൪ᲟമۿǄ䳀ⴞḷ᥆ᧈѫ㾱䀓ߣ⧠ᴹᯩ⌅Ⲵԕлйњ䰞仈：⁑ර׍

䎆大䟿亴ݸᇊѹᇎփⴞḷ类别Ⲵǃ亴ݸ䇝㓳ⲴⴞḷỰ⍻ಘˈ䶒Ѥᓎ大ⲴỰ⍻

计算䟿઼༽ᵲⲴⴞḷỰ⍻᥁ᡈ˗਴њⴞḷⲴỰ⍻ᱟ⴨ӂ⤜・Ⲵˈণ֯ᱟྭⲴ

Ự⍻㔃᷌ˈҏᰐ⌅؍䇱㜭ཏ㺘䗮ࠪѠᇼⲴ൪Ჟ䈝ѹ˗࠶类⁑ර䗷ཊൠޣ⌘Ҿ

൪Ჟተ䜘४ฏǄᡁԜѫ㾱Ⲵ䍑⥞൘Ҿ：ᨀࠪ䳀ⴞḷⲴᾲᘥˈ䟷用ޘተ与ተ䜘

⴨㔃ਸⲴ学ҐᯩᔿǄਖཆˈᡰᨀࠪⲴ䳀ⴞḷ᥆ᧈ⁑ර㻛ᢙኅ应用Ҿᕡⴁⶓⴞ

ḷỰ⍻ԫ࣑中ˈ䘋а↕᧒㍒⁑රⲴᴹ᭸ᙗǄ

1.5 ᵢ文Ⲻ㓺㓽㔉ᶺ

ㅜаㄐˈ㔚䇪Ǆ䇪䘠൪Ჟമ࠶ۿ类Ⲵ⹄ウ㛼Ჟ઼᜿ѹˈ᧿䘠൪Ჟമ࠶ۿ类൘

ⴞḷỰ⍻઼䇶别ǃമۿỰ㍒ǃ㿶仁Ự㍒ǃ机ಘӪ导㡚ǃ䚕ᝏമۿ应用઼᯵⑨导㡚

ㅹᯩ䶒Ⲵ应用Ǆ᷀࠶Ҷ൪Ჟമ࠶ۿ类Ⲵ䳮⛩䰞仈ˈ᰾⺞Ҷᵜ᮷Ⲵѫ㾱⹄ウ޵ᇩ઼

䍑⥞Ǆ

ㅜҼㄐˈ൪Ჟമ࠶ۿ类技术Ⲵਁኅ与⧠⣦Ǆᾲ䘠൪Ჟമ࠶ۿ类Ⲵѫ㾱ᯩ⌅ˈ

ᒦф䪸ሩҾվቲǃ中ቲ઼儈ቲ⢩ᖱ㺘⽪ㅹᯩ䶒䘋㹼Ҷޘ䶒䈖㓶Ⲵ᷀࠶Ǆ

ㅜйㄐˈสҾ䳀ޣ㚄䈝ѹ㺘⽪Ⲵ൪Ჟ࠶类Ǆᢃ⹤Ր㔏 BoW ᶴ建ᯩᔿˈᒦ㔃
ਸ CNN ⌋ॆᙗᕪǃ㚊类᭸应㍗㠤Ⲵ䈝ѹ⢩ᙗˈᨀࠪ deeo-BoW ᶴ建ᯩ⌅Ǆ䪸ሩ
BoW Ⲵа䇽ཊѹǃаѹཊ䇽Ⲵ䈝ѹ⁑㋺䰞仈ˈสҾѫ仈⁑ර学Ґ䳀䈝ѹ㺘⽪Ǆ

㘳㲁ࡠ൪Ჟമۿ中ᡰᆈ൘Ⲵ䈝ѹޣ㚄⢩ᙗˈ䟷用 logistic ↓ᘱݸ傼࠶ᐳ˄logistic
normal prior distribution˅̍ ৫䲔ᦹተ䜘മۿඇѻ䰤Ⲵ⤜・਼࠶ᐳٷ䇮ˈᴤྭൠ建

⁑൪Ჟമۿᒦ用Ҿ⢩ᖱ学ҐǄ大䟿Ⲵᇎ傼㔃᷌傼䇱ҶᡁԜᡰᨀࠪⲴ Deep BoW ઼
䳀ޣ㚄䈝ѹⲴᴹ᭸ᙗǄ

ㅜഋㄐˈสҾޣ㚄ѫ仈ੁ䟿Ⲵ൪Ჟ࠶类Ǆ䪸ሩ䳀䈝ѹࡔ别࣋ᕡⲴ䰞仈ˈԕ

Fisher Kernel Ѫ⨶䇪׍ᦞˈᨀࠪ㔃ਸ⭏ᡀᔿ⁑ර઼ࡔ别ᔿ⁑රⲴ⢩ᖱ㺘⽪ᶴ建ᯩ
⌅ˈᨀॷ⢩ᖱⲴ㺘⽪ࡔ઼࣋别࣋ǄᡰᨀࠪⲴޣ㚄ѫ仈ੁ䟿ˈᰘ൘࡙用ѫ仈ѻ䰤Ⲵ

㚄ᙗˈᒦሶަ㕆⸱Ҿޣ Fisher Vector Ṷᷦ中ԕ↔ᶕᨀॷ㺘⽪Ⲵࡔ别㜭࣋ǄѪҶ㜭
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ㅜаㄐ 㔚䇪

䇙ᡰᨀࠪⲴᯩ⌅ᴤ䘲ਸ大㿴⁑ᮠᦞ䳶ˈ䘋а↕㔉ࠪҶਈ࠶䍍ਦᯟ≲䀓઼ਹᐳᯟ䟷

ṧ≲䀓Ⲵޣ㚄ѫ仈ੁ䟿ᇎ⧠ㆆ⮕Ǆਖཆˈ൘大㿴⁑ᮠᦞ䳶кⲴᇎ傼ҏ傼䇱Ҷޣ㚄

ѫ仈ੁ䟿Ⲵᴹ᭸ᙗˈᒦኅ⽪ࠪަሩ CNN ⢩ᖱⲴ䖳大ᙗ㜭ᨀॷˈሩสҾ␡ᓖ⢩ᖱ
Ⲵ Fisher Kernel 㺘⧠ࠪᐘ大Ⲵ▌࣋Ǆ与 GMM ㌫ࡇⲴ Fisher Vector ઼ LDA ㌫ࡇ
Ⲵ Fisher Vector а䎧ˈᡰᨀࠪⲴޣ㚄ѫ仈ੁ䟿Ѫമۿ䈝ѹ㺘⽪ᶴ建Ҷањᴤ࣐ᆼ
༷Ⲵ⭏ᡀᔿ⁑රǄ

ㅜӄㄐˈสҾ䳀ⴞḷ᥆ᧈⲴ൪Ჟ࠶类ǄѪҶ㠚䘲应ൠਁᧈާᴹࡔ别ᙗ઼㺘⽪

ᙗⲴമۿ४ฏǃ䚯ݽᱮᔿⲴⴞḷḷ⌘ᡆ者大䟿亴ᇊѹⲴᱮᔿⴞḷỰ⍻ಘˈᨀࠪҶ

䳀ⴞḷਁ⧠Ⲵᯩ⌅ǄᡰᨀࠪⲴᯩ⌅ˈ㔃ਸᴰሿॆ⟥߶઼ࡉ Fisher Vector 㺘⽪ᶕᨀ
ॷ䳀ⴞḷⲴਁᧈǄᡰ学ҐࡠⲴ䳀ⴞḷнӵ㔏аҶᱮᔿⲴⴞḷ઼㚊䳶Ⲵ४ฏˈ਼ᰦ

与 Fisher Vector ⢩ᖱ㕆⸱ᯩ⌅㶽ਸˈᗇࡠн䭉Ⲵᙗ㜭㺘⧠Ǆ䈕ᯩ⌅ҏѪ䘋а↕᧒
㍒൪Ჟമۿ䈝ѹᨀ׋Ҷ∄䖳大Ⲵ▌࣋Ǆ通䗷ᇎ傼ҏ傼䇱Ҷᡰᨀࠪᯩ⌅ⲴՈᔲᙗ㜭

㺘⧠ǄਖཆˈѪҶ㜭ཏ䘋а↕ᢙኅ䳀ⴞḷ᥆ᧈ⁑රⲴ应用ˈ࡙用ᡰᨀࠪⲴ⁑ර䀓

ᰦ通䗷ᇎ傼傼䇱Ҷᡰᨀࠪ⁑රⲴᴹ᭸ᙗ઼⌋ॆᙗǄ਼ˈ࣑ᕡⴁⶓⴞḷỰ⍻ԫߣ

ᴰਾˈㅜޝㄐᙫ㔃ᵜ᮷Ⲵѫ㾱工作ˈᨀࠪሩᵚᶕ工作ᯩੁⲴኅᵋǄ
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ㅢӂㄖ ൰Ქഴ࠼܅㊱ᢶᵥⲺਇኋф⧦⣬

൪Ჟമ࠶ۿ类ᐢᡀѪ计算机㿶㿹亶ฏ中Ⲵ✝䰘⹄ウᯩੁǄྲօራ≲ሩ൪Ჟമ

类Ⲵѫ㾱࠶ۿᱟ൪Ჟമˈ࣑类ԫ࠶䎆机ಘ学Ґ算⌅ᆼᡀ׍Ⲵਸ䘲㺘⽪ԕ৺ྲօۿ

⹄ウ޵ᇩǄ൪Ჟമۿᆈ൘䖳大类޵ᐞᔲᙗ઼类䰤⴨լᙗˈ਼ᰦ䘈ਇ气ىǃݹ➗ǃ

ቪᓖǃ᣽ᩴ䀂ᓖㅹᖡ૽ˈ䘉Ѫ൪Ჟമ࠶ۿ类ԫ࣑ᑖᶕҶᶱ大Ⲵ᥁ᡈǄ䘁年ᶕˈ൪

Ჟ࠶类⹄ウਆᗇҶᱮ㪇Ⲵ䘋↕ˈ⎼⧠ࠪ大䟿Ⲵ⹄ウ工作Ǆ൪Ჟ࠶类䰞仈Ⲵᒯ⌋᧒

ウˈ᧘ࣘ⵰㿶㿹൪Ჟ⨶䀓Ⲵ␡ޕ⹄ウ઼⴨ޣ计算机㿶㿹ԫ࣑Ⲵਁኅˈྲⴞḷ䇶别

[24, 25]ˈമۿỰ㍒ [26–28]ˈ઼Ც㜭机ಘӪ导㡚 [29, 30]Ǆ

2.1 ᕋ䀶

൪Ჟ类别ᱟӪԜ⨶䀓Ⲵᣭ䊑䈝ѹᾲᘥˈᱟ䍻Ҹ൪ᲟമۿⲴ儈ቲ䈝ѹ信᚟ˈ൪

Ჟമ࠶ۿ类Ⲵ䗷程ቡᱟራ᢮վቲ⢩ᖱࡠ䈕ᣭ䊑儈ቲ䈝ѹᾲᘥⲴ᱐ሴޣ㌫ǄӾ计算

机㿶㿹Ⲵ䀂ᓖᶕⴻˈ൪Ჟ࠶类Ⲵ䀓ߣㆆ⮕ѫ㾱׍䎆Ҿ⢩ᖱᨀਆ与机ಘ学Ґᯩ⌅Ǆ

ᙫⲴᶕ䇢ˈањᆼᮤⲴ൪Ჟമ࠶ۿ类Ṷᷦѫ㾱वᤜй䜘࠶：⢩ᖱᨀਆǃ࠶类ಘ઼

ᙗ㜭䇴⍻ˈྲമ2.1ᡰ⽪Ǆᑨ用Ⲵ൪Ჟ࠶类Ⲵᙗ㜭䇴⍻ᱟ䟷用ᒣ൷߶⺞ᓖ˄mean
Average Precision, mAP˅̠ ᑨ用Ⲵ࠶类ಘᴹ᭟ᤱੁ䟿机˄Support Vector Machineˈ
SVM˅̍ ㆆṁ˄Decisionߣ Tree˅̍ K 䘁䛫˄K-Nearest NeighborsˈKNN˅ㅹǄሩ
Ҿ⢩ᖱᨀਆˈ国޵ཆ大䟿Ⲵ⹄ウ工作专⌘Ҿ⢩ᖱ㺘⽪Ⲵᨀਆˈԕᵏ㧧ᗇާᴹՈᔲ

㺘⽪࣋ǃᕪ大ࡔ别࣋Ⲵ⢩ᖱ㺘⽪Ǆ䲿⵰计算机㿶㿹Ⲵਁኅˈമۿ⢩ᖱ㺘⽪Ⲵ㔤ᓖ

ҏ൘与ᰕء໎ˈྲമ2.2ᡰ⽪ǄӾᰙӋ年ਚᱟㆰ单ൠ䟷用仌㢢ǃ㓩⨶ǃ䗩㕈ㅹվቲ
⢩ᖱˈࡠสҾ䈝ѹⲴ中ቲ⢩ᖱ㺘⽪ˈ൪Ჟമۿ⢩ᖱ㺘⽪ѫ㾱䘈ᱟ׍䎆Ҿ᡻工䇮计

Ⲵᯩᔿᶕᶴ建Ǆնᱟˈ᡻工䇮计⢩ᖱ㺘⽪Ⲵѫ㿲ᙗٿᐞǃԫ࣑ᙗٿᐞ䲀ࡦҶަ㺘

⧠ᙗ㜭઼ᒯ⌋应用ǄѪҶ䀓ߣ䈕䰞仈ˈสҾ䈝ѹⲴ⢩ᖱ学Ґᯩ⌅⎼⧠ࠪᶕˈቔަ

ᱟধ〟⾎㓿㖁㔌Ⲵޤ䎧ˈᶱ大ൠ᧘ࣘ⵰൪Ჟമۿ⢩ᖱ㺘⽪ⲴਁኅǄӾ䈝ѹ㺘⽪ᯩ

䶒ࠪਁˈ⧠ᴹ൪Ჟമۿ⢩ᖱ㺘⽪ਟԕ࠶Ѫվቲǃ中ቲǃ儈ቲйњቲ⅑˄㿱മ2.3 Ǆ˅

媬䷂㑯㉭旅

㱊嫔㑯㉭旅

䅸⺀㋏⋕
℅䭺╧

℅䭺╧庒⃹枃㱊䭺K

⼦俼嫃㱊

媬䷂㑯㉭旅

㱊嫔㑯㉭旅

䅸⺀㋏⋕
℅䭺╧

℅䭺╧庒⃹枃㱊䭺K

⼦
俼
嫃
㱊

മ 2.1 ൪Ჟമ࠶ۿ类สᵜ⍱程മ
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A. Oliva, 
A. Torralba
IJCV 

S. Lazebnik et al
CVPR

A. Quattoni, 
A. Torralba
CVPR

J. Xiao, A. Oliva, 
A. Torralba et al
CVPR

B. Zhou, A. Oliva, 
A. Torralba et al
NIPS

B. Zhou, A. Oliva, 
A. Torralba et al
PAMI

S. Thorpe et al
NATURE 

䅸⺀䷳ⶥ漓⋁㑯㑯䗭

Low level features and 

histogram

Middle level features Deep CNNLow level features  

and bag-of-words
Raw pixel

Color Histogram

Texture, Shape, Edge 

Corner detection

Latent Dirichlet Allocation, 2005

Fisher vector, 2006

VLAD,2010

Object bank, 2010

SIFT,1999

BOW,2004

HOG,2005

SPM,2006

AlexNet,2012

GoogleNet,2015

VGGNet, 2015

ResNet,2016
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397

205

365

2588 4485 6700 130519
2500000

8000000

-7000000

-2000000

3000000

8000000

13000000

0

100

200

300

400

500

Scene8 Scene15 MitIndoor67 Sun397 Places205 Places365
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㑱
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䅺
⺂坩䠻

മ 2.2 ൪Ჟമۿᮠᦞ䳶㔏计与൪Ჟമۿ⢩ᖱ㺘⽪ᾲ䘠

മ 2.3 ൪Ჟമ࠶ۿ类ᯩ⌅
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2.2 ൰Ქഴ܅Ⲻքቸ⢯ᖷ㺞⽰

ᰙᵏⲴ൪Ჟമ࠶ۿ类ਟㆰ单ⴻڊᱟสҾվቲ⢩ᖱ㺘⽪ⲴҼ࠶类䰞仈：ᇔ޵

˄indoor˅与ᇔཆ˄outdoor ǃ˅ґᶁ˄country˅与෾ᐲ˄city˅ㅹㅹǄվቲ⢩ᖱ㺘
⽪а㡜通䗷ⴤ᧕൘മۿۿ㍐ᮠᦞк计算ᗇࡠˈ㜭ཏᇒ㿲ǃⴤ᧕ൠ৽᱐മ޵ۿᇩˈ

ֻྲ仌㢢ǃ㓩⨶઼ᖒ⣦ㅹ⢩ᖱǄSzummer ㅹ [31] ᴰᰙ䟷用վቲ⢩ᖱཊ䱦⇥࠶类
ᇎ⧠൪Ჟമ࠶ۿ类Ǆ൘ㅜа䱦⇥ˈ俆ݸ൷रൠሩമۿ䘋㹼࠶ඇˈ❦ਾٷ䇮਴子

ඇ⴨ӂ⤜・ˈ࠶别൘਴њ子ඇ中ᨀਆ MSAR 㓩⨶⢩ᖱ઼ Ohta オ䰤仌㢢ⴤᯩ
മ⢩ᖱˈ࡙用 KNN 类ಘሶ਴ᆇඇ䇶别ѪĀindoorāᡆ者Āoutdoorā̠࠶ ㅜҼ䱦

⇥ˈ䘎᧕ㅜа䱦⇥਴ᆇඇ㓩⨶઼仌㢢࠶类㔃᷌ˈᖒᡀᯠⲴ⢩ᖱੁ䟿ˈُࣙҾਖ

ањ࠶类ಘᗇࡠᴰ㓸൪Ჟ࠶类㔃᷌Āindoorāᡆ者ĀoutdoorāǄVailaya ㅹ [32] ࡉ
ᱟᨀਆമۿⲴ⢩ᖱˈُࣙҾҼݳ䍍ਦᯟ࠶类ಘˈ俆ݸሶമ࠶ۿ类ѪĀindoorā/
Āoutdoorā/Āotherāй⿽൪Ჟ类别ˈ❦ਾ࡙用 SVM 䘋а↕ሶĀoutdoorā൪
Ჟ㓶࠶ѪĀlandscapeā/ Ācityā/Āotherā̍ Ѫ࠶䘋а↕ሶĀlandscapeā㓶޽
Āsunsetā/Āforestā/Āmountainā/ĀotherāǄ2004 年ˈLowe[33] ᨀࠪቪᓖнਈ
⢩ᖱਈᦒ⢩ᖱ SIFTˈSIFT ⢩ᖱሩ᯻䖜ǃ㕙઼᭮Ӟᓖਈॆㅹ൷؍ᤱнਈᙗˈሩ㿶
䀂ਈॆǃԯሴਈᦒ઼ಚ༠ҏާᴹ䖳ᕪⲴっᇊᙗˈ䘁年ᶕᆳ൘൪Ჟ࠶类ǃമۿỰ㍒

ㅹ计算机㿶㿹亶ฏⲴ应用ॱ࠶ᒯ⌋Ǆ䲿ਾˈColorSIFT[34]ǃHOG[35]ǃLBP[36]ǃ
SSIM[37]ǃtexton[38]ǃtexton forests[39]ǃOTC[40] ㅹՇཊ᧿䘠子㻛ᨀࠪф用Ҿ൪
Ჟ࠶类中Ǆ

2.3 ൰Ქഴ܅Ⲻѣቸ⢯ᖷ㺞⽰

վቲ⢩ᖱオ䰤中Ⲵ⴨լᙗн㜭ᙫᱟⴤ᧕ൠ৽᱐儈ቲ䈝ѹⲴ⴨լᙗˈ䘉ቡ导㠤

є者ѻ䰤ᆈ൘ᖸ大Ⲵ䈝ѹ呯⋏ [7]ǄѪҶᕕ㺕վቲ⢩ᖱ与儈ቲ䈝ѹᾲᘥѻ䰤Ⲵ䈝ѹ
呯⋏ˈՇཊⲴ⹄ウ工作㠤࣋Ҿ建・മۿⲴ中ቲ䈝ѹ㺘⽪Ǆ与↔਼ᰦˈ൪Ჟ࠶类⹄

ウ䰞仈Ⲵ䟽⛩⭡Ҽ࠶类䰞仈䙀⑀䖜ਈѪ൪Ჟ类别ᱟཊ⿽ާփ൪Ჟ类别ˈྲ⎧የǃ

㺇䚃ǃ䏣⨳൪ǃࢗ院ǃ电ᖡ院ㅹǄ中ቲ⢩ᖱ㺘⽪࠶类通䗷机ಘ学Ґ技术建・㿶㿹

⢩ᖱ与䈝ѹᾲᘥѻ䰤Ⲵޣ㌫ˈާփਟ࠶Ѫй⿽ᯩ⌅：สҾ䈝ѹሩ䊑Ⲵ㺘⽪ᯩ⌅ǃ

สҾ䈝ѹ኎ᙗⲴ㺘⽪ᯩ⌅઼สҾѫ仈⁑රⲴ㺘⽪ᯩ⌅Ǆ

2.3.1 ะӄ䈣ѿሯ䊗Ⲻ㺞⽰ᯯ⌋

สҾ䈝ѹሩ䊑Ⲵ㺘⽪ᯩ⌅ᶕⓀҾԕⴞḷѪ中ᗳⲴ൪Ჟ䇔⸕˄൪Ჟᱟ⭡ᴹ䲀ᮠ

ⴞф׍аᇊቲ⅑㔃ᶴࠪ⧠Ⲵⴞḷ㓴ਸ㘼ᡀ˅̍ ᡰԕਟԕ用ࠪ⧠൘൪ᲟⲴⴞḷ࠶ᐳ

৺ަ⴨ӂѻ䰤Ⲵޣ㌫ᶕ㺘⽪൪ᲟǄа㡜ᶕ䈤ˈӪԜُࣙҾࢢ࠶ǃỰ⍻ᡆ䇶别算⌅

㧧ᗇമۿ中Ⲵⴞḷሩ䊑 (ྲ⎧የǃ儈ኡ઼⊭䖖ㅹ) ᡆ者४ฏǄᑨ用Ⲵࢢ࠶算⌅ᱟ
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Felzenszwalb สҾമⲴࢢ࠶算⌅ [41]ǃJianbo Shi สҾ Normalized Cut Ⲵമ࠶ۿ
ࢢ [42]ˈSande Ⲵ Selective Search[43]ˈᑨ用ⲴⴞḷỰ⍻算⌅ᴹ DPM (Deformable
Part Models)[44]ǄJosef ㅹ [45] ਾࢢ࠶类ಘሩ࠶用࡙޽ˈࢢ࠶䘋㹼४ฏۿሩമݸ
Ⲵ४ฏ䘋㹼ⴞḷ䇶别ˈᴰਾ൘ተ䜘信᚟Ⲵส⹰к䘋㹼൪ᲟⲴ࠶类ǄFan ㅹ [46] 通
䗷ḷ⌘а㌫ࡇᴹ᜿ѹⲴ४ฏᶕ䇝㓳Ự⍻ಘˈ࡙޽用Ự⍻ಘራ᢮⍻䈅മۿ中Ⲵⴞḷ

४ฏˈᴰਾ࡙用ᴰ大ਾ傼ᾲ⦷䇶别മۿⲴ൪Ჟ类别ǄFredembach ㅹ [47] ൘ሩമۿ
别ሩ਴ተ䜘࠶ᒦ޽˅㧧ᗇ⢩ᖱ४ฏ˄Eigenregion⌅ᯩ᷀࠶࠶ѻਾˈ࡙用ѫᡀࢢ࠶
४ฏ䘋㹼࠶类ˈᴰਾṩᦞമۿ४ฏⲴተ䜘࠶类㔃᷌ᆼᡀሩᮤᑵമۿⲴ൪Ჟ࠶类Ǆ

Ӿᵜ䍘к䇢ˈสҾ䈝ѹሩ䊑Ⲵ㺘⽪ᯩ⌅ᱟሶ൪Ჟ࠶类䰞仈䖜ॆѪҶമࢢ࠶ۿ

઼ⴞḷ䇶别䰞仈Ǆⴞࡽˈമࢢ࠶ۿ算⌅Ⲵᙗ㜭ᒦн⨶ᜣˈྲ Selective Search ࢢ࠶
算⌅൘㧧ᗇࡠᆼᮤⴞḷ४ฏⲴ਼ᰦҏӗ⭏Ҷ大䟿Ⲵ䈝ѹሩ䊑ࢢ㻲ᡆ者䈝ѹሩ䊑䟽

༽Ⲵ४ฏ˗㘼ⴞḷ䇶别ᵜ䓛ӽᱟањቊᖵ䀓ߣⲴ䰞仈ˈᒦфⴞḷỰ⍻䴰㾱䇝㓳Շ

ཊⲴⴞḷỰ⍻ಘˈ䘉ṧⲴ䈍ˈቡ䴰㾱᡻工ḷ䇠䇝㓳䳶മۿ中Ⲵⴞḷˈሶ导㠤㙇䍩

ᰦ䰤䮯ˈ㣡䍩大Ǆഐ↔ˈสҾ䈝ѹሩ䊑Ⲵ㺘⽪ᯩ⌅ਇࡠമ઼ࢢ࠶ۿⴞḷ䇶别ᙗ㜭

Ⲵ䲀ࡦǄ

2.3.2 ะӄ䈣ѿኔᙝⲺ㺞⽰ᯯ⌋

สҾ䈝ѹ኎ᙗⲴ㺘⽪ᯩ⌅通䗷ӪѪ指导ሶമۿ൪Ჟ᤹➗һݸᇊѹⲴ䈝ѹ኎ᙗ

ᶕ᧿䘠ˈӾ㘼ُࣙҾ䘉Ӌᝏᇈ኎ᙗᾲᘥᶕ䀓䟺മۿⲴ䈝ѹǄAude Oliva与 Antonio
TorralbaᨀࠪⲴ gist⢩ᖱᱟሩ൪ᲟⲴᮤփ᧿䘠ˈ㿴䚯ሩമۿⲴࢢ࠶ᡆሩമۿⴞḷǃ
४ฏⲴ༴⨶ˈ⭡മۿⲴ㠚❦ᓖǃᔰ䱄ᓖǃ㋇㌉ᓖǃᯩੁᓖǃጾ዆ᓖㅹᝏ⸕኎ᙗᶕ

㺘⽪൪ᲟⲴオ䰤㔃ᶴ [48]ǄTorralba ㅹ [49] ሶമ࠶ۿѪањњሿ४ฏˈ޽Ӫ工䍻
Ҹ⇿њሿ४ฏањ䈝ѹ኎ᙗˈ通䗷㔏计ཊњമۿ४ฏⲴ䈝ѹ኎ᙗᶕ㺘⽪മۿⲴ䈝

ѹ޵ᇩǄShuo Wang ㅹӪ [50] 䟷用ᕡⴁⶓⲴᯩᔿˈ൘ُࣙҾ࠶ቲオ䰤䀓᷀㺘⽪算
⌅学Ґ൪Ჟ㔃ᶴⲴ਼ᰦˈޣ㚄与ᡆṁ㢲⛩઼മۿ中ࠪ⧠Ⲵ൪Ჟ኎ᙗˈ䇝㓳൪Ჟ中

ⴞḷ与኎ᙗሩⲴ⁑රˈ਼ᰦᇎ⧠മۿ኎ᙗᇊ位Ǆ

สҾ䈝ѹ኎ᙗⲴ㺘⽪ᯩ⌅ᖸ大程ᓖк׍䎆Ҿѫ㿲䇮ᇊⲴമۿ኎ᙗ⢩ᖱˈф䴰

㾱Ӫ工ḷ⌘മۿ中Ⲵ䈝ѹ኎ᙗˈഐ↔ަ⌋ॆᙗ㜭ᐞˈӪ工ḷ⌘ᯩᔿⲴԓԧཚ大ˈ

ᒦфḷ⌘ᆈ൘ḷ⌘者њӪྭٿ与⨶䀓ˈਟ㜭Պ导㠤ḷ⌘㔃᷌ᆈ൘аᇊⲴٿᐞǄ

2.3.3 ะӄѱ从⁗ශⲺ㺞⽰ᯯ⌋

2003年 J̍osef Sivic与Andrew Zisserman[51]ُ䢤᮷ᵜ༴⨶亶ฏ中Ⲵ BoW(Bag
Of Word) ⁑රˈ俆⅑ᨀࠪҶ㿶㿹䇽ި⁑රⲴᾲᘥˈᶴ建㺘⽪㿶㿹മۿⲴ BoW ⢩
ᖱˈ䲿ਾ BoW ԕަᱮ㪇Ⲵᙗ㜭㻛ᒯ⌋Ⲵ应用Ҿമ࠶ۿ类ǄնᱟՐ㔏Ⲵ BoW ⢩
ᖱᱟሶվቲ⢩ᖱੁ䟿ᕪ⺜ൠ䟿ॆࡠањ㿶㿹䇽 word кˈн਼മۿⲴ BoW 㺘⽪
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മ 2.4 Ācoastā൪Ჟമۿԕ৺Ӫ工ḷ⌘㔃᷌

Ⲵ⴨լᓖࡔᯝᱟ建・൘਴മۿѻ䰤Ⲵ word 䟽༽⅑ᮠⲴส⹰кˈഐ↔ˈBoW ਚᱟ
㿶㿹䇽ࠪ⧠仁⦷ˈᡰԕ⌘ޣ BoW ൘ђᦹҶമۿⲴオ䰤ቲ⅑信᚟Ⲵ਼ᰦᘭ㿶኎Ҿ
䈝ѹቲⲴ⴨ޣˈ䘉ቡ䙐ᡀҶ⢩ᖱ㺘⽪Ⲵа䇽ཊѹ઼аѹཊ䇽Ⲵ䈝ѹ⁑㋺䰞仈 [52]Ǆ
2006 年ˈSvetlana Lazebnik ㅹӪᨀࠪ SPM (Spatial Pyramid Matching)[53]ˈѪ
BoW 㕆⸱オ䰤㔃ᶴ信᚟ǄѪҶ㔉 BoW ᶴ建ᴤ㍗㠤Ⲵ㿶㿹䇽ިˈAymen Shabou
ㅹ [54] ᨀࠪተ䜘㓖ᶏⲴオ䰤↓ࡉ㕆⸱ BoWǄ

ѪҶ⎸䲔 BoW ᑖᶕⲴ word ⁑㋺䰞仈ˈѫ仈⁑රُࣙҾ⁑ර䳀ਈ䟿᥆ᧈ൪
Ჟമۿ中ቲ䈝ѹˈᐢᡀѪⴞࡽ൪Ჟമ࠶ۿ类Ⲵ✝䰘⹄ウᯩ⌅Ǆѫ仈⁑රᴰᰙࠪ⧠

൘᮷ᵜ᷀࠶与༴⨶亶ฏˈ䘁年ᶕ൘计算机㿶㿹亶ฏҏᗇࡠҶᒯ⌋Ⲵ应用Ǆᴰާ

ԓ㺘ᙗⲴ䈝ѹѫ仈⁑රᱟᾲ⦷▌൘䈝ѹ᷀࠶ pLSA (probabilistic Latent Semantic
Analysis) ⁑ර [55] ઼▌൘⣴࡙ݻ䴧࠶ᐳ LDA ⁑ර [56]ǄสҾѫ仈⁑රⲴ൪Ჟമ
Ⲵᝏ⸕Ǆަаᱟ൪Ჟਟ䇔Ѫᱟཊۿ类ᯩ⌅ᱟสҾє⿽ӪԜሩ൪Ჟമ࠶㺘⽪与ۿ

⿽ⴞḷ᤹➗аᇊᐳተ㓴ᡀˈ׍ᦞⴞḷ৺ަⴞḷѻ䰤Ⲵޣ㌫ᇎ⧠ሩ൪Ჟ䇶别˗ަ

Ҽˈ⾎㓿学ᇦ઼㿶㿹⹄ウ学ᇦਁ⧠：Ӫ类ਟԕᘛ䙏ᒦфᴹ᭸ൠ࠶类㠚❦൪Ჟമۿ

[12–14]ˈн㇑类别ᱟ⭡൪Ჟ中ањⴞḷᡰᇊѹ䘈ᱟ⭡ᮤњ൪ᲟⲴ⢩ᙗᡰᇊѹǄ
ሩ൪Ჟമ࠶ۿ类ԫ࣑ᶕ䈤ˈㅜа⿽൪Ჟᝏ⸕ᯩᔿа㡜䴰㾱ُࣙҾമࢢ࠶ۿǃ

ⴞḷỰ⍻算⌅ࠪࢢ࠶४ฏᡆỰ⍻ࡠⴞḷˈ建・൪Ჟമࡠۿ४ฏ/ⴞḷˈࡠ޽മ
ۿ patch ᡆ者 word ѻ䰤Ⲵ࠶ቲ׍䎆ޣ㌫ˈԕ৺ⴞḷ४ฏ与൪Ჟ类别ѻ䰤Ⲵޣ
㚄ޣ㌫ˈྲ Josef Sivic ㅹӪ [45] ࡙用 pLSA ᥆ᧈമۿ中Ⲵⴞḷᒦᇊ位ˈErik B.
Sudderth ㅹӪ [57] ࡙用 LDA ⁑ර建・ĀsceneāࡠĀobjectāᡆ者Āregionāࡠ޽
ĀpatchāⲴޣ㌫ǄㅜҼ⿽൪Ჟᝏ⸕ᯩᔿᰐ䴰䇶别ࠪ൪Ჟ中Ⲵᡰᴹⴞḷˈਚ䴰ሶമ
ተⲴ䀂ᓖӪޘۿተ䜘䈝ѹ信᚟ˈӾᮤᑵമۿⲴ子४ฏˈ൷रᦅ᥹മࡉᡀ㿴࠶ࡂۿ

Ԝቡਟԕ䇶别ࠪ൪Ჟ类别Ǆਇ↔੟ਁˈ䇨ཊ学者ቍ䈅䚯ᔰമ઼ࢢ࠶ۿⴞḷ䇶别䗷

程ˈⴤ᧕Ӿമۿ中学Ґ൪Ჟ޵ᇩ㺘⽪ˈ∄ྲ Feifei Li ㅹӪ [17] ُࣙҾ LDA ⁑ර
ⴤ᧕Ӿ㿶㿹ᮠᦞ中学Ґ൪ᲟⲴ中ቲ㺘⽪ˈ䚯ݽҶӪ工ḷ⌘മۿ中Ⲵⴞḷᡆ者䈝ѹ
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മ 2.5 ൪Ჟമۿ⢩ᖱሩ∄

४ฏ˗Anna Bosch[18, 19] 俆ݸሶ pLSA ⭏ᡀ⁑ර学ҐࡠⲴаᑵമۿ topic ᾲ⦷࠶
ᐳ作Ѫ⢩ᖱ㺘⽪ˈ࡙޽用 SVMǃKNN Ǆۿ类൪Ჟമ࠶别⁑රࡔ

ᰐ䇪ᱟ pLSA 䘈ᱟ LDAˈѫ仈⁑රⲴ䳀ਈ䟿 topic 䜭ᱟԕ䶎ⴁⶓⲴᯩᔿ䘋
㹼᥆ᧈˈ൘⁑ර䇝㓳䱦⇥ᘭ⮕ᦹമۿⴞḷⲴ类别信᚟ˈᡰԕ᧿䘠࣋ᕪ大Ⲵѫ仈⁑

ර൘用Ҿ࠶类ԫ࣑ᰦਇࡠ䲀ࡦˈа㡜ਾ㔝䇶别ԫ࣑䘈䴰㾱ࡔ别࠶类ಘᶕᇎ⧠Ǆਖ

ањнᇩᘭ㿶Ⲵ䰞仈ᱟˈѫ仈⁑ර༴⨶Ⲵᱟᐢђᦹമۿオ䰤㔃ᶴ信᚟઼кл᮷

信᚟Ⲵ BoW ⢩ᖱ㺘⽪ᮠᦞˈᡰԕ pLSA ઼ LDA ⁑රⲴ学Ґҏᱟᰐമۿオ䰤㔃
ᶴ信᚟઼кл᮷信᚟ǄѪҶᨀ儈ѫ仈⁑රⲴࡔ别࣋ˈа㡜⹄ウ者൘ѫ仈⁑ර中࣐

ྲˈ⽪Ⲵѫ仈⁑ර⢩ᖱ㺘࣋别ࡔᴹާࡠ类别信᚟ˈᐼᵋ学Ґۿമޕ Wang ُࣙ
Ҿ sLDA[58] 建⁑൪Ჟ类别与മۿḷ⌘Ⲵޣ㌫ˈsoftmax ࠭ᮠнӵሶ৏ᵜ䘎㔝Ⲵ
ḷਧ䖜ᦒѪ⿫ᮓⲴ类别䗃ࠪˈ㘼ф࠶类ࠪ൪Ჟമۿᡰ኎Ⲵ൪Ჟ类别与മۿḷ⌘˗

Mandar Fixit ㅹӪ [59] ൘ LDA ⁑ර中Ⲵ topic к䶒ޕ࣐മۿ类别Ⲵⴁⶓ指导作
用ˈ໎ᕪ LDA Ⲵࡔ别࣋ǄަԆ类լ工作䘈ᴹ cLDA[17]ˈDiscriminative LDA[60]ˈ
MedLDA[61, 62]ˈcssLDA[63] ㅹǄਖаᯩ䶒ˈ൘ѫ仈⁑ර中ޕ࣐オ䰤信᚟ˈ㜭
ཏ൘ᇎ⧠࠶类ᙗ㜭ᨀॷⲴ਼ᰦ䗮ࡠⴞḷᡆ者኎ᙗᇊ位ⲴⴞⲴˈഐ↔ Liangliang
Cao[64] ᨀࠪオ䰤⴨ޣѫ仈⁑රˈ建・ patch ሩ应Ⲵ word ᆇި઼മۿ子४ฏཆ㿲
word ᆇިˈ䗷ࢢ࠶മۿˈᒦ䘛֯൘਼ањ਼ᶴⲴ४ฏ中ˈۿ㍐⛩ѻ䰤ᱟޡӛ⴨਼
Ⲵ topic˗Zhenxing Niu[65] ㅹӪ䇔Ѫа൪Ჟ⭡位Ҿн਼オ䰤位㖞Ⲵ൪Ჟ㿶㿹ݳ㍐
㓴ᡀˈ൘ DiscLDA ⁑ර中ޕ࣐ patch 位㖞Ⲵਟ㿲⍻ਈ䟿ˈ用䳀ਈ䟿 topic 㺘⽪൪
Ჟ中Ⲵ㿶㿹ݳ㍐ˈ⇿ањമۿ patch ሩ应Ⲵ䳀ਈ䟿Ⲵ٬ԓ㺘Ⲵᱟ䈕 patch ᶕ㠚Ҿ
൪Ჟ中ଚањ㿶㿹ݳ㍐Ǆ

สҾѫ仈⁑රⲴ㺘⽪࠶类ᯩ⌅൘മۿ൪Ჟ࠶类应用中ਆᗇҶ䖳ྭⲴ࠶类㔃᷌ˈ

ᐢ㓿ᡀѪᖃࡽമۿ൪Ჟ࠶类中മۿ㺘⽪࠶类Ⲵѫ⍱ᯩ⌅Ǆ❦㘼ሩҾമۿᮠᦞˈ⴨
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䛫മۿඇѻ䰤ᆈ൘⵰䶎ᑨᕪⲴкл᮷䈝ѹޣ⭏ޡ㌫ˈ䘉㻛⧠ᴹⲴ大䜘࠶ѫ仈⁑ර

ᘭ⮕Ǆഐ↔ˈྲօᴹ᭸࡙用മۿ४ฏѻ䰤Ⲵкл᮷䈝ѹ信᚟ˈӾ㘼ᨀ儈䈝ѹѫ仈

⁑රⲴ࠶类㜭࣋ᱟสҾ䈝ѹѫ仈⁑රⲴമۿ൪Ჟ࠶类算⌅䴰㾱䘋а↕⹄ウⲴ䰞仈Ǆ

2.4 ൰Ქഴ܅Ⲻ儎ቸ⢯ᖷ㺞⽰

Li Lijia[66, 67] 䇔Ѫമۿਟԕ用ࠪ⧠൘മۿ中Ⲵⴞḷᶕ㺘⽪ˈ通䗷Ự⍻മۿ中
Ⲵⴞḷˈᶴ建 Object Bank 作Ѫሩ൪ᲟമۿⲴ儈ቲ⢩ᖱ㺘⽪Ǆ൘ཊњᮠᦞ䳶кⲴ
㔃᷌㺘᰾ањᑖᴹ䈝ѹ᜿ѹⲴമۿ㺘⽪㜭ཏᴹࣙҾ߿ቁ儈ቲ㿶㿹䇶别ԫ࣑与վቲ

മۿ㺘⽪ѻ䰤Ⲵ䈝ѹ呯⋏Ǆ

䘁年ᶕˈ䲿Ҷ⾎㓿㖁㔌Ⲵޤ䎧ˈӪԜُࣙҾ⾎㓿㖁㔌学Ґǃ䇠ᗶཊṧॆമۿ

ᮠᦞ⁑ᔿˈ㧧ᗇࡔ别࣋ᕪ大Ⲵ儈ቲ⢩ᖱ㺘⽪ǄZhen Zuo ㅹӪ [68] ሩҾ⇿а类别ԕ
ᮠᦞ㠚䘲应Ⲵᯩᔿ◰⍫а䜘࠶ filtersˈᒦ؍ᤱн਼类ѻ䰤ޡӛ filter Ⲵ⢩ᙗˈ学Ґ
ࠪާᴹᖸᕪࡔ别࣋Ⲵ Filter Bankˈ用Ҿ㕆⸱⢩ᖱǄBolei Zhou ㅹӪ [69] ᩌ䳶Ҷ大
ሿᱟ SUN ൪Ჟᮠᦞ䳶 60 Ⲵؽ Places ᮠᦞ䳶ˈᒦสҾ↔ᮠᦞ䳶䇝㓳ޣҾ൪Ჟമۿ
Ⲵধ〟㖁㔌⁑රǄ䇝㓳ྭⲴ㖁㔌ਟ㧧ᗇሩަԆ൪Ჟമۿᮠᦞ䳶中മۿⲴ儈ቲ⢩ᖱ

㺘⽪ˈфਆᗇᱮ㪇Ⲵ࠶类ᙗ㜭Ǆ

н䗷ˈ䇝㓳ধ〟⾎㓿㖁㔌৲ᮠ䴰㾱大㿴⁑Ⲵᮠᦞˈᒦф㖁㔌䇝㓳ᰦ䰤䮯Ǆਖ

ཆˈਇᮠᦞ䳶઼䇝㓳ᰦ䰤Ⲵ䲀ࡦˈ൘࡙用ধ〟⾎㓿㖁㔌༴⨶ⴞḷ䇶别䰞仈ᰦˈа

㡜䜭Պ䟷用 ImageNetǃPlaces ᮠᦞ䳶䇝㓳ྭⲴ㖁㔌⁑ර৲ᮠˈ䘉ṧቡՊᑖᶕᮠᦞ
䳶ฏ㠚䘲应Ⲵ䰞仈Ǆ

2.5 ൰Ქᮦᦤ䳼ਇኋ

䘁年ᶕˈ൪Ჟ࠶类ᯩ⌅ਆᗇҶᖸ大Ⲵ䘋↕Ǆ与↔਼ᰦˈ൪Ჟᮠᦞ䳶Ⲵ㿴⁑ҏ

ᴹҶ∄䖳大ⲴਁኅǄྲമ2.2ᡰ⽪ˈ䲿⵰ᰦ䰤Ⲵਈ䗱ˈѫ⍱Ⲵ൪Ჟᮠᦞ䳶ᰐ䇪ᱟަ
മۿᮠⴞ䘈ᱟަ类别ᮠⴞ䜭ᴹ䖳大程ᓖⲴ໎䮯ˈቔަᱟ 2010 年ѻਾˈ൪Ჟᮠᦞ䳶
Ⲵ类别໎䮯ࡠҶ 397 类ˈമۿᮠⴞ໎䮯ࡠҶ 130519 ᑵǄࡠҶ 2017 年ˈPlaces356
൪Ჟᮠᦞ䳶 800 зⲴᮠᦞ䟿ˈᴤᱟ䗮ࡠҶ൪Ჟᮠᦞ䳶ࡽᡰᵚᴹⲴᮠᦞ㿴⁑Ǆ
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ㅢпㄖ ะӄ䳆ީ㚊䈣ѿ㺞⽰Ⲻ൰Ქ࠼㊱

ањ൪Ჟമۿ通ᑨᱟ⭡㤕ᒢњ䈝ѹᇎփ㓴ᡀˈ∄ྲˈskyǃrockǃstreetˈ઼
carǄ䘉Ӌᇎփᙫᱟԕнਟ亴⍻Ⲵቲ⅑㔃ᶴ㓴㓷൘а䎧 [4, 71]ˈ਼ᰦᆳԜ䘈㻛ཊњ
类别ᡰޡӛǄ䘉ቡᖸਟ㜭Ѫ൪Ჟ䇶别ԫ࣑ᑖᶕѕ䟽Ⲵ类޵ᐞᔲᙗ઼类䰤⴨լᙗ䰞

仈Ǆ൘൪Ჟ࠶类ԫ࣑中ˈ൪ᲟⲴḷਧˈ∄ྲˈcoastǃvillageǃcoast઼ inside cityˈ
ㅹԧҾሩ൪ᲟമۿⲴᮤփ䇔⸕઼儈ቲ䈝ѹᣭ䊑ˈ㘼䘉ᚠᚠᖸ䳮㻛վቲ⢩ᖱᦅ᥹ࡠǄ

与ԕⴞḷѪ中ᗳⲴമ࠶ۿ类ԫ࣑⴨∄ˈ൪Ჟമ࠶ۿ类ԫ࣑ᴤާ࣐ᴹ᥁ᡈᙗǄᵜㄐ

ԕ᧒ウ൪Ჟ䈝ѹѪ中ᗳˈ⹄ウ࡙用ѫ仈⁑ර学Ґ䳀䈝ѹ㺘⽪⴨ޣ技术ˈѫ㾱എㆄ

൪Ჟമۿ⢩ᖱ㺘⽪ᰦྲօ࡫⭫൪Ჟ䈝ѹⲴ䰞仈Ǆ㘳㲁ࡠ൪Ჟമۿ中ᡰᆈ൘Ⲵ䈝ѹ

㚄䈝ѹ⢩ᖱ㺘⽪Ǆᡁޣ㚄ᙗˈᨀࠪҶ䳀ޣ中Ⲵ䈝ѹۿ㚄䘉а䟽㾱⢩ᙗˈ建⁑മޣ

Ԝᵏᵋˈޣ㚄ᙗⲴޕ࣐Պᨀॷᡰ学ҐⲴ⭏ᡀᔿ⁑රⲴࡔ别࣋ˈᨀ儈൪ᲟമۿⲴ䇶

别㋮ᓖǄ

3.1 ᕋ䀶

䪸ሩҾ൪Ჟ࠶类ԫ࣑ˈѪҶ࡫⭫䈝ѹˈ俆ݸ㾱᰾⺞Ⲵањࡽᨀᱟᡰ㾱⹄ウⲴ

䈝ѹᱟᱮᔿⲴ䘈ᱟ䳀ᔿⲴǄᱮᔿⲴ䈝ѹа㡜指ᆼᮤⲴᇎփⴞḷˈྲ⊭䖖ǃṼ子ǃ

ᶟ子ㅹ˗䳀ᔿⲴ䈝ѹࡉ指ԓⲴ޵ᇩ∄䖳ᣭ䊑ˈഐѪަѫ㾱ᱟ通䗷机ಘ学Ґᯩ⌅ԕ

䶎ⴁⶓⲴᯩᔿ学ҐᗇࡠⲴǄн਼类රⲴ䈝ѹሶՊ导㠤н਼Ⲵ䈝ѹ㧧ਆㆆ⮕ˈ਼ᰦ

ҏՊᖡ૽н਼Ⲵ൪Ჟ⢩ᖱ㺘⽪Ⲵ㕆⸱Ǆ

൘⧠ᴹ工作中ˈᑨ㿱ⲴᱮᔿⲴ䈝ѹᱟ亴ݸᇊѹྭⲴᱮᔿ䈝ѹᡆ者൪Ჟ类别Ǆ

↔类䈝ѹ䴰㾱用Ӫ工ḷ⌘ᡆࢢ࠶४ฏˈ䘋㘼䇝㓳⢩ᇊⲴ䈝ѹ࠶类ಘǄ䈝ѹ㧧ਆⲴ

ᯩᔿਟԕᱟӪ工ḷ⌘ᡆ者㿶㿹ԫ࣑˄ྲമࢢ࠶ۿǃ䈝ѹࢢ࠶ǃⴞḷỰ⍻ㅹ Ǆ˅а⿽

ㆰ单Ⲵ䈝ѹ㧧ਆᯩᔿᱟ൪Ჟ类别ቡᱟਟԕ㻛࡙用Ⲵ䈝ѹǄ䈕ㆆ⮕ٷ䇮аᑵമۿⲴ

൪Ჟ类别ᱟ㻛䈕മۿⲴᡰᴹ४ฏඇޡӛⲴ [16]Ǆᴰ⍱㹼Ⲵ䈝ѹ㧧ਆㆆ⮕ᱟ׍䎆亴
䇝㓳а㓴ⴞݸᮠᦞ䳶к亴ۿ䇝㓳ྭⲴⴞḷỰ⍻ಘǄ൘㔉ᇊⲴԕⴞḷѪ中ᗳⲴമݸ

ḷỰ⍻ಘˈ࡙用䘉Ӌ䇝㓳ྭⲴⴞḷỰ⍻ಘ൘൪Ჟമۿкᢗ㹼Ự⍻᫽作ˈԕỰ⍻ࡠ

ⲴⴞḷᖃڊĀⵏᇎāⲴⴞḷ㘼ᘭ⮕ަ中Ⲵ䭉Ự઼┿Ựⴞḷ [15]ǄสҾᱮᔿ䈝ѹⲴ
⢩ᖱ㺘⽪ᯩ⌅ˈᵜ䍘кቡᱟԕⴞḷѪ中ᗳⲴ൪Ჟമۿ㺘⽪ᯩ⌅Ǆቭ㇑䈕类ᯩ⌅㧧

ᗇҶн䭉Ⲵ࠶类ᙗ㜭ˈնᱟᆳԜᶱ大ൠ׍䎆ҾӪሩҾ䈝ѹⲴ亴ݸᇊѹ˄ྲᇊѹਟ

㜭ࠪ⧠൘൪Ჟമۿ中Ⲵⴞḷ类别 Ǆ˅ᴤѕ䟽Ⲵᱟˈަᶱ大ൠਇ䲀Ҿᱮᔿᯩᔿ㧧ਆࡠ

Ⲵ䈝ѹ㔃᷌Ǆ䘉ᇎ䍘кᱟᢺ৏ᵜањ൪Ჟമۿ⢩ᖱ㺘⽪Ⲵ䰞仈䖜ਈѪ䘁լⴞḷỰ

⍻ǃമࢢ࠶ۿㅹԫ࣑ˈᖸਟ㜭䙐ᡀ䰞仈⹄ウṨᗳⲴ⁑㋺与ٿᐞˈᘭ㿶Ҷ᧒ウ൪Ჟ

മۿⲴᵜ䍘ᙗк㠚❦㔃ᶴㅹ䰞仈Ǆ
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൘⧠ᴹ工作中ˈ䳀ᔿⲴ䈝ѹѫ㾱ᱟӾമۿ中学Ґ㧧ᗇˈަㆆ⮕ਟᾲᤜѪ׍䎆

机ಘ学Ґᯩ⌅ˈԕ䶎ⴁⶓᡆ者ⴁⶓⲴᯩᔿ学Ґ䈝ѹǄഐ↔ˈ↔类䈝ѹа㡜н䴰㾱

ᱮᔿⲴമࢢ࠶ۿǃӪ工ѫ仈ḷ⌘ᡆ者大䟿ⲴⴞḷỰ⍻ǄสҾ䳀ᔿ䈝ѹⲴ⢩ᖱ㺘⽪ˈ

ᵜ䍘кቡᱟԕ൪ᲟѪ中ᗳ˄scene-centric˅Ⲵ⢩ᖱ㺘⽪ [17–20]Ǆᵜㄐ中Ⲵ⹄ウሩ
䊑ᱟ䳀ᔿ䈝ѹǄ

3.2 ⴮ީᐛ֒

а㡜ൠˈԕ൪ᲟѪ中ᗳⲴ⢩ᖱ㺘⽪ᱟสҾ BoW ⁑ර㘼ᶴ建ⲴǄBoW ᱟԕᰐ
ᒿⲴተ䜘᧿䘠子Ⲵ䳶ਸᶕ㕆⸱аᑵമۿǄᆳሶ⭡ k-means ㅹ㚊类ᯩ⌅㧧ᗇⲴ㚊类
中ᗳ作Ѫ䈝ѹˈᒦф㕆⸱䈝ѹⴤᯩമ作ѪമۿⲴ⢩ᖱ㺘⽪ǄBoW 䟿ॆተ䜘᧿䘠子
Ⲵ䗷程ᱟᴹ信᚟ᦏཡⲴˈ䘉࣯ᗵՊ䙐ᡀ䇽Ⲵ䈝ѹ⁑㋺˄word ambiguity˅[21]：а
ѹཊ䇽˄synonymy˅઼а䇽ཊѹ˄polysemy Ǆ˅а䇽ཊѹ指Ⲵᱟˈн਼Ⲵ㿶㿹䇽
ਟ㜭㺘⽪Ҷ⴨਼Ⲵ䈝ѹ˗аѹཊ䇽指Ⲵᱟˈ⴨਼Ⲵ㿶㿹䇽൘н਼Ⲵкл᮷信᚟中

ਟ㜭㺘⽪н਼Ⲵ䈝ѹǄྲമ3.1ᡰ⽪ˈণ֯ࡽєᑵ኎ҾĀvillageā൪ᲟˈBoW ⢩ᖱ
ӽᰗ੸⧠䶎ᑨ大ⲴᐞᔲᙗǄ䈕⧠䊑㺘᰾Ҷ BoW ሩҾ类޵ਈॆᙗⲴ༴⨶㜭࣋∄䖳
ᕡǄѪҶ䀓ߣ BoW Ⲵ䈝ѹ⁑㋺䰞仈ˈ䎧ⓀҾ㔏计᮷ᵜ䈝ᯉⲴ⭏ᡀ⁑රˈᾲ⦷ॆ
䳀䈝ѹ᷀࠶⁑ර˄probabilistic Latent Semantic AnalysisˈpLSA˅[55] 㻛用Ҿ学
Ґ൪Ჟ䳀䈝ѹ [18, 19]Ǆնᱟ pLSA ⁑රⲴ学Ґਇṧᵜᮠ䟿Ⲵᖡ૽ˈᇩ᱃ӗ⭏䗷ᤏ
ਸ䰞仈Ǆ䳀⣴࡙ݻ䴧࠶ᐳ⁑ර LDA[56] 通䗷ᕅݸޕ傼࠶ᐳⲴᯩᔿ䀓ߣҶ pLSA ⁑
රⲴ䗷ᤏਸ䰞仈Ǆ൘ 2005 年ˈLDA 㻛用Ҿ༴⨶൪Ჟമۿˈ学Ґ中ቲ䳀ѫ仈/䈝ѹ
⢩ᖱˈӾ㘼䘋а↕ᨀॷҶ BoW ⢩ᖱᙗ㜭㺘⧠ [17]Ǆ

൪Ჟമۿ੸⧠∄䖳ᕪⲴ䈝ѹޣ㚄⢩ᖱˈ㘼䘉а⢩ᙗ൘൪Ჟ⢩ᖱ㺘⽪与࠶类

䰞仈⹄ウ中ᙫᱟ㻛ᘭ⮕Ǆྲമ3.1Ⲵㅜй㹼ᡰ⽪ˈᡁԜਟԕ㿲ሏࡠа㓴ѫ仈ˈণ
sky-rock-house-treeˈᙫᱟ൘Āvillageā൪Ჟ中ޡ⧠Ǆᖸ᰾ᱮˈањ൪ᲟമۿՊ੸
⧠ࠪа⿽ᖸᕪⲴ䈝ѹ/ѫ仈ޣ㚄⢩ᙗˈᒦфᴤ䟽㾱Ⲵᱟˈ䈕⢩ᙗሩҾањ൪Ჟ类
别ᱟ⢩ᇊⲴˈ㘼фᱟਟԕሶ䈕类别与ަԆ类别४别ᔰᶕⲴǄնᱟ㌏㌅Ⲵᱟˈ䘉

ṧⲴޣ㚄ᙗ൘⧠ᴹⲴ大䜘࠶工作中䜭㻛ᘭ⮕ˈवᤜ൘ BoW ⁑ර中ǄֻྲˈLDA
൘ѫ仈∄ֻкޕ࣐⣴࡙ݻ䴧ݸ傼࠶ᐳ [56]ˈ㘼䘉⿽ڊ⌅∄䖳ᕪ⺜ൠٷ䇮ѫ仈
˄themes/topics˅ѻ䰤ᱟ⴨ӂ⤜・ⲴǄ

൘ᵜㄐ中ˈᡁԜ࡙用ޣ㚄ѫ仈⁑ර˄Correlated Topic ModelˈCTM˅[117,
120]ᶕᦅ᥹ѫ仈ѻ䰤Ⲵޣ㚄ᙗˈᒦሶަ㹽⭏Ⲵ䳀ѫ仈作Ѫа⿽䈝ѹ㺘⽪ǄCTMᱟ
ሶ㓿ިⲴ䳀⣴࡙ݻ䴧࠶ᐳ⁑රⲴ⣴࡙ݻ䴧ݸ傼࠶ᐳᴯᦒѪањᴤ࣐⚥⍫Ⲵ logistic
↓ᘱ࠶ᐳ [116]ˈ㘼䈕࠶ᐳѫ㾱ᱟᕅޕҶѫ仈ѻ䰤Ⲵॿᯩᐞ⍻ᓖǄ❦㘼ˈྲ᷌ᡁԜ
ᐳ࠶ᰗ䟷用Ր㔏ᯩ⌅ᨀਆ䈝ѹˈণӵӵ㘳㲁䳀ѫ仈׍ [18, 19]ˈ䛓ѸӾ CTM 中㧧
ᗇⲴ䳀䈝ѹ⢩ᖱ㺘⽪ሶᰐ⌅؍䇱аⴤ䜭ᴹྭⲴ䇶别ᙗ㜭㺘⧠Ǆ䘉њ类լⲴᛵߥ൘
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മ 3.1 Āvillageā൪Ჟ઼Ācoastā൪ᲟമۿṧֻǄㅜҼ㹼ᱟ൪Ჟമۿṧֻˈㅜа㹼ᱟᆳԜ
਴㠚ᡰሩ应Ⲵ㿶㿹䇽ⴤᯩമˈㅜй㹼ᱟᆳԜ਴㠚ሩ应Ⲵѫ仈Ǆㅜഋ㹼㔉ࠪҶᆳԜ਴㠚ᡰሩ

应Ⲵѫ仈ᾲ⦷࠶ᐳǄ

ަԆѫ仈⁑රкҏᰦᴹਁ⭏ [105]ˈֻྲ pLSA ઼ LDAǄ⭡ҾᆳԜⲴ䶎ⴁⶓ学Ґ
⢩ᙗˈа㡜ൠˈӾ䘉Ӌѫ仈⁑ර中ᗇࡠⲴ䳀ѫ仈㺘⽪ᙫᱟ㕪ቁࡔ别࣋ⲴǄ

ѪҶ㧧ᗇ与ᰦء䘋Ⲵᙗ㜭㺘⧠ˈᡰᨀࠪⲴ䳀ޣ㚄䈝ѹ㺘⽪Ⲵᇎ⧠ᱟสҾধ〟

⾎㓿㖁㔌˄Convolutional Neural NetworkˈCNN˅[89] ⢩ᖱⲴǄᴹ᮷⥞㺘᰾ˈ൘
ImageNet[77] ᮠᦞ䳶к䇝㓳Ⲵ CNNˈަ␡ቲ学ҐࡠҶ䈝ѹ⢩ᖱ [107]ˈቔަᱟަ
ˈⲴ⢩ᖱኅ⽪ࠪҶ᰾ᱮⲴ䈝ѹ㚊类᭸᷌Ǆഐ↔ˈሩҾ൪Ჟ䇶别䰞仈ࡠ䘎᧕ቲᨀਆޘ

ধ〟⾎㓿㖁㔌⢩ᖱਟԕ㻛用ᶕ作Ѫа⿽⢩ᖱ᧿䘠ˈᰐ䴰ԫօⴞḷỰ⍻ᡆ者ⴞḷ࠶

䘎᧕䳀ቲⲴޘⲴ仍ཆ工作Ǆⴤ㿲ൠˈᡁԜਟԕᢺࢢ CNN ⢩ᖱᖃ作ᱟ学ҐࡠⲴ䖟
䍻٬˄soft-assignment˅Ⲵ䇽ⴤᯩമˈӾ㘼䚯ݽҶᢺ CNN 作Ѫተ䜘᧿䘠子ᇎᯭ㚊
类ǃ䐍⿫ᓖ䟿ㅹ᫽作ᶕ建・㿶㿹ᆇިǄ
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3.3 deep-BoW

Ր㔏Ⲵ BoW ᶴ建ᯩᔿа㡜वᤜᨀਆተ䜘᧿䘠子ǃ㚊类㧧ਆ㿶㿹ᆇި˄visual
dictionary ǃ˅ᓖ䟿䐍⿫ǃⴤᯩമ计算ㅹ᫽作 [17, 19]ˈަ中㿶㿹ᆇިवਜ਼Ⲵᱟ㿶㿹
䇽˄word Ǆ˅൘ CNN ࠪ⧠ѻਾˈተ䜘᧿䘠子⭡ᑨ用Ⲵ SIFT ⢩ᖱᴯᦒѪ CNN ᶕ
ᶴ建 BoW[16, 92, 115]Ǆ൘ᵜ᮷中ˈᡁԜሶ↔ BoW 〠ѻѪ CNN-BoWǄ䈕 BoW
ᶴ建ᯩᔿᑖᶕҶ༽ᵲǃԓԧ大Ⲵ༴⨶ǄѪҶ䀓ߣ↔䰞仈ˈᡁԜ㔃ਸ CNN ՈᔲⲴ
䈝ѹ⢩ᖱˈᢃ⹤Ր㔏Ⲵ BoW ᶴ建ᯩ⌅ˈᨀࠪҶ deep-BoWǄ

deep-BoW Ⲵᇎ⧠वᤜйњ䗷程：ተ䜘⢩ᖱᨀਆǃ⢩ᖱ㕆⸱˄encoding˅઼
⢩ᖱ⊐ॆ˄pooling Ǆ˅മ3.2ᱟ deep-BoW Ⲵᶴ建⍱程Ǆ俆ݸˈаᑵമۿ㻛࠶ࡂ

Ѫമۿඇ˄patch˅̍ ᒦ൘ањ密䳶㖁ṬкᣭṧമۿඇǄ൘ᵜ᮷中ˈᡁԜ䘹ᤙধ

〟⾎㓿㖁㔌Ⲵᴰਾањޘ䘎᧕ቲ作Ѫተ䜘⢩ᖱǄ᧕лᶕˈተ䜘⢩ᖱሶ通䗷㔤ᓖ

䟷ṧⲴᯩᔿ䘋㹼⢩ᖱ㕆⸱ˈ㧧ᗇተ䜘 soft-assignment BoWǄᴰਾˈ䟷用 average
pooling Ⲵᯩᔿˈᶕ༴⨶䈕മۿ中ᡰᴹമۿඇⲴተ䜘 BoW ੁ䟿ˈӾ㘼㧧ᗇањޘ
ተ soft-assignment deep-BoWǄ⭡Ҿѫ仈⁑රⲴ䗃٬ޕа㡜ᱟᱟᮤරᮠ٬ˈᡰԕ
ѪҶᯩׯਾ㔝ѫ仈⁑රⲴ学ҐˈᡁԜሶᇎᮠ٬Ⲵ soft-assignment deep-BoW ࡉ↓
ॆѪᮠ٬ѪᮤᮠⲴ deep-BoWǄ

൘⢩ᖱ㕆⸱Ⲵ䗷程中ˈ䘹ਆধ〟⾎㓿㖁㔌ޘ䘎᧕ቲ⢩ᖱ作Ѫተ䜘ส⹰᧿䘠

子Ǆ㘳㲁ࡠሩҾ亴䇝㓳ྭⲴമ࠶ۿ类㖁㔌ˈ䘉Ӌޘ䘎᧕ቲⲴ⾎㓿ݳ䗃ࠪ٬Ⲵ大

ሿ৽᱐Ҷ⾎㓿ݳሩമۿ㿶㿹⁑ᔿⲴ૽应程ᓖˈ㘼ф⇿њ⾎㓿ੁٮݳҾሩ⢩ᇊമ

㿶㿹⁑ᔿᡆ者ⴞḷӗ⭏૽应ۿ [143]Ǆഐ↔ᡁԜਟԕᢺধ〟⾎㓿㖁㔌ᖃڊ㿶㿹ᆇ
ިˈ䘹ਆ䈝ѹᣭ䊑ᙗᴤᕪⲴޘ䘎᧕ቲⲴ⾎㓿ݳ作Ѫ㿶㿹ᆇިⲴ㿶㿹䇽ˈᢺޘ䘎᧕

ቲ䗃ࠪ作Ѫа⿽䖟䍻٬Ⲵ BoWǄྲٷ䟷用Ր㔏Ⲵ BoW ᶴ建ᯩᔿˈสҾধ〟⾎

㓿㖁㔌␡ᓖ⢩ᖱⲴ BoW ӵӵᱟᢺ␡ᓖ⢩ᖱᴯᦒᑨ用ⲴՐ㔏᡻工䇮计᧿䘠子ˈն
ᱟ䈕ᯩᔿӽᰗᰐ⌅䚯ݽ㚊类ǃ䐍⿫ᓖ䟿ㅹᓎ大计算䟿ˈቔަᱟ㚊类ǃ䐍⿫ᓖ䟿儈

㔤␡ᓖ⢩ᖱǄѪҶ┑䏣н਼⁑ර༽ᵲᓖⲴ䴰≲ˈ⢩ᖱ㔤ᓖ䟷ṧᗇࡠ⁑ර⢩ᇊ㔤

ᓖⲴ BoW ੁ䟿Ǆ䟷ṧㆆ⮕ਟԕᱟ fixed samplingˈaverage samplingˈᡆ者 max
sampling ㅹǄ൘ਾ䶒Ⲵᇎ傼䜘࠶ˈᡁԜሶ㔉ࠪሩн਼䟷ṧᯩᔿⲴ䇴ՠ㔃᷌ˈᒦ傼
䇱ᡰᨀࠪ deep-BoW Ⲵᴹ᭸ᙗ：ᰐ䇪䟷用ଚ⿽䟷ṧㆆ⮕ˈᡰᨀࠪⲴ deep-BoW ⢩
ᖱ࠶类ᙗ㜭㺘⧠൷ՈҾสҾ㚊类算⌅˄ྲ GMMǃk-means˅Ⲵ CNN-BoWǄ

deep-BoW Ⲵਸ⨶ᙗਟᖂ㓣Ѫԕлࠐ⛩：

• 䈝ѹ⢩ᙗǄ␡ᓖ CNN ᐢ㻛傼䇱ާᴹᱮ㪇Ⲵ䇶别ᙗ㜭 [89, 107, 124]ˈަ␡ቲ
Ⲵ◰⍫⢩ᖱ㺘⧠ࠪҶՈᔲⲴമۿ㺘⽪⌋ॆᙗ઼ᕪ大Ⲵ䈝ѹ㚊类᭸应 [107]Ǆ

• 䖟䍻٬⢩ᙗǄCNN ⢩ᖱਟԕ㻛䇔Ѫᱟа⿽䖟䍻٬Ⲵ BoWǄ

• 䶎䍏ᙗǄ䈳ᮤ㓯ᙗ单ݳਈᦒ˄rectified linear unit transformationˈReLU
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Patch
CNN

features
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Patch

Image

Local feature extraction PoolingEncoding

Deep-BoW
Local soft-

assignment BoW

Local soft-

assignment BoW

Local soft-

assignment BoW

CNN

features

CNN

features

മ 3.2 deep-BoW ᶴ建⍱程

transformation˅؍䇱Ҷ⢩ᖱ٬ᱟ䶎䍏Ⲵˈ与 BoW ᵜ䍘⴨ㅖਸǄ

• 计算䟿ሿǄ与Ր㔏ⲴสҾ㚊类ᶴ建 BoW ᯩᔿн਼Ⲵᱟˈ䚯ݽҶ䛓Ӌ㚊类ǃ
䟿ॆㅹ计算ԓԧ大Ⲵ算⌅ˈ؍⮉ҶᴤཊⲴ信᚟Ǆަᶴ建䗷程ѫ㾱⎹৺Ⲵᱟㆰ

单Ⲵ㓯ᙗԓᮠ计算᫽作Ǆ

3.4 䳆ީ㚊䈣ѿ㺞⽰

䈝ѹ学Ґ⁑ර䟷用 CTMˈаᯩ䶒ᱟѪҶ৫ᦹ⣴࡙ݻ䴧ݸ傼࠶ᐳሩҾѫ仈Ⲵ
⤜・ᙗٷ䇮 [114, 115]ˈਖаᯩ䶒ᱟُࣙҾ logistic ↓ᘱݸ傼࠶ᐳ [116, 125] ᶕ䘋
а↕建⁑ѫ仈ѻ䰤Ⲵޣ㚄㔃ᶴǄ

ᡁԜٷᇊањ൪Ჟᮠᦞ䳶वਜ਼ D ᑵമۿǄ㔉ᇊ V њ㿶㿹䇽 word Ⲵᆇިˈ⇿
аᑵമۿᱟ⭡ањ㿶㿹䇽Ⲵ䳶ਸᶕ㺘⽪Ǆ↓ᔿൠˈwd = {wd,n, n ∈ 1, ..., Nd} 㺘⽪
㿶㿹䇽൘ᆇި中Ⲵ㍒ᕅˈ⇿а㔤ᓖ࠶别ሩ应Ҷ൘മۿ d 中䟷ṧⲴ Nd њമۿඇˈ

ҏቡᱟˈwd,n ᱟമۿ d ㅜ n њമۿඇᡰ㻛䍻٬Ⲵ㿶㿹䇽Ǆ൘ѫ仈⁑ර中ˈаᑵമ

Ҿޣ㻛建⁑Ѫۿ K њ䳀ѫ仈Ⲵ␧ਸˈަ中⇿ањѫ仈ᱟ⭡ޣҾ V њ㿶㿹䇽Ⲵཊ

亩ᔿ࠶ᐳᶕ㺘⽪ⲴǄ㔉ᇊḀњѫ仈ˈ⇿ањ䇽䟷ṧҾањཊ亩ᔿ࠶ᐳˈ䇽Ⲵᾲ⦷

ᱟ⭡ањ⸙䱥 β = (βij)K×V ৲ᮠॆⲴǄCTM Ⲵമ⁑ර㔃ᶴਟ㿱മ3.3ˈަ⭏ᡀᔿ
䗷程ਟ㿱㺘3.1Ǆ

䈝ѹ/ѫ仈ѻ䰤Ⲵޣ㚄㔃ᶴ⭡⁑ර中Ⲵ logistic ↓ᘱ࠶ᐳ [116, 125] ᶕ建⁑Ǆ
logistic ↓ᘱ࠶ᐳⲴ৲ᮠᱟ K 㔤൷٬ੁ䟿 µ ઼ K ×K Ⲵॿᯩᐞ⸙䱥 ΣǄ䘉єњ৲

ᮠ㻛〠ѻѪ䎵৲Ǆമۿ d Ⲵѫ仈∄ֻᱟ θd = [θ1d, ..., θ
i
d, ..., θ

K
d ]ˈަ中

θid = f(ηid) = exp ηid/
∑

i′
exp ηi′d � (3-1)

i ᡆ者 i′ 指ԓⲴᱟ K ѫ仈中Ⲵㅜ i ᡆ者ㅜ i′ њѫ仈ǄCTM 䇮ٷ ηd ᴽӾањ৲ᮠ

Ѫ N{µ,Σ} Ⲵ↓ᘱ࠶ᐳǄഐ↔ˈ࠭ᮠ f(ηd) ሶ ηd ᱐ሴࡠᆳⲴ൷٬৲ᮠᖒᔿ：θdǄ
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മ 3.3 GMMǃLDA ઼ CTM മ⁑රǄ˄ a˅GMM മ⁑රˈ˄ b˅㘳㲁ṧᵜᮠⲴ GMM ㅹ
ԧമ⁑රˈ˄ c˅LDA മ⁑රˈ˄ d˅CTM മ⁑ර

(a) ↓⴨ޣ (b) ⤜・ (c) 䍏⴨ޣ

മ 3.4 logistic ↓ᘱ࠶ᐳⲴҼ㔤单㓟ᖒ⽪ֻ

㺘 3.1 ѫ仈⁑රⲴ⭏ᡀ䗷程

1. 䟷ṧ ηd|{µ,Σ} ∼ N{µ,Σ}ˈަ中 µ ઼ Σ ᱟ৲ᮠ：൷٬઼ॿᯩᐞǄ

2. ሩҾ⇿ањ䇽 wdn, n ∈ {1, ..., Nd} :

(a) Ӿཊ亩ᔿ࠶ᐳ Mult(f(ηd)) 中ˈ䟷ṧѫ仈 znˈަ中 f(ηd) ᱟѫ仈∄ֻ ηd ሩҾᒣ൷

৲ᮠॆ˄mean parameterization˅θd Ⲵ㠚❦৲ᮠᖒᔿ˗

(b) ሩҾ⇿ањѫ仈ˈӾཊ亩ᔿ࠶ᐳ Mult(βzn) 中ˈ䟷ṧ䇽 wd,n|{zn, β}Ǆ

θd ᱟ位Ҿ K − 1 㔤Ⲵѫ仈单㓟ᖒ˄topic simplex˅кⲴањ⛩Ǆ٬ᗇаᨀⲴᱟˈ
৲ᮠ Σ ᨝⽪Ҷѫ仈ѻ䰤Ⲵޣ㚄ޣ㌫Ǆྲമ3.4ᡰ⽪ˈѫ仈ѻ䰤Ⲵ↓⴨ޣǃ⴨ӂ⤜・
઼䍏⴨࠶ޣ别൘单㓟ᖒкᴹн਼ᛵߥⲴ੸⧠Ǆ

മۿ d Ⲵሩᮠլ❦ᱟ L = log p(wd|µ,Σ, β)：

p(wd|µ,Σ, β)

=
∫
p(η|µ,Σ)(

Nd∏
n=1

∑
zn

p(zn|η)p(wd,n|zn, β))dη,
(3-2)

ަ中 zn 指ԓⲴᱟ䇽 wd,n Ⲵѫ仈䍻٬ੁ䟿˄topic assignment vector˅̍ ҏቡᱟ䇽 n

൘മۿ d ࠪ⧠Ⲵࠪ⧠а⅑Ǆ䈕ੁ䟿ਚᴹа亩ㅹҾ 1ˈަԆ亩ޘ䜘ㅹҾ 0Ǆ
ᖸ᰾ᱮˈѫ仈∄ֻ p(η|µ,Σ) ᡰᴽӾⲴ logistic ᐳˈ与ѫ仈䍻٬࠶傼ݸ p(zn|η)

ᡰᴽӾⲴཊ亩ᔿਾ傼࠶ᐳˈє者ᱟ䶎ޡ䖝Ⲵ˄non-conjugate˅[117]Ǆഐ↔ˈޜᔿ
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(3-2) 中Ⲵ〟࠶ᱟᖸ䳮䀓᷀ൠ计算ࠪᶕǄഐ↔ˈCTM Ⲵ≲䀓а㡜䟷用ਈ࠶䍍ਦᯟ
[119] ᯩ⌅ˈᕅޕਈ࠶৲ᮠᶕ䘁լ≲䀓Ǆਈ࠶䍍ਦᯟᱟањ䘁լᯩ⌅ˈ用ҾՈॆሩ
ᮠլ❦࠭ᮠ˄log-likelihood˅Ⲵ⺞ᇊᙗⴞḷл⭼ [119]ǄާփⲴᱟˈ൘ mean-field
䇮лٷ [120]ˈ৏࿻Ⲵമ⁑රਟԕ用ਈ࠶৲ᮠ˄variational parameters˅{λ, ν2, ϕ}
ᶕㆰॆǄ↔ᰦˈᡁԜਟԕᗇࡠ L = LV B + DKL(q||p) ≥ LV Bˈަ中 DKL ᱟ࠶ᐳ

q 与࠶ᐳ p ѻ䰤Ⲵ KL ᮓᓖ˄Kullback-Leibler divergenceˈKL divergence Ǆ˅LV B

ᱟሩᮠլ❦࠭ᮠⲴл⭼ǄL ਟԕ䘁լѪ LV B：

LV B = Eq[log p(η|µ,Σ)] +
Nd∑
n=1

Eq[log p(zn|η)]+

Nd∑
n=1

Eq[log p(wd,n|zn, β)] +H(q),

(3-3)

ަ中 Eq[·] ᱟޣҾਈ࠶࠶ᐳ˄variational distribution˅q Ⲵᵏᵋˈ䈕ਈ࠶࠶ᐳⲴ৲
ᮠᱟ {λ, ν2, ϕ}˗H(q)ᱟ䈕ਈ࠶࠶ᐳⲴ⟥Ǆਈ࠶৲ᮠ {λ, ν2, ϕ}ᱟ K 㔤Ⲵമۿ⢩ᇊ

˄image-specific˅Ⲵੁ䟿ǄޣҾྲօ≲䀓ਈ࠶৲ᮠ {λ, ν2, ϕ} ઼⁑ර৲ᮠ {µ,Σ, β}
ਟԕ㿱᮷⥞ [117]Ǆ
൘ CTM ⁑ර中ˈቭ㇑ѫ仈ᮠⴞሩҾᮤњᮠᦞ䳶中Ⲵമۿ䜭ᱟ Kˈնᱟѫ仈

Ⲵ∄ֻˈҏቡᱟ θdˈ൘н਼Ⲵമۿѻ䰤ᱟ䲿机ਈॆⲴǄ䘉ѫ㾱ᱟഐѪѫ仈ᱟӾݸ

傼࠶ᐳ中䲿机䟷ṧᗇࡠⲴǄѫ仈∄ֻ θ 䲿മਈॆ˄ণമۿ⢩ᇊॆ˅Ⲵ⢩⛩ˈ֯ᗇ

⇿аᑵമۿ䜭ᴹ㠚ᐡ⢩ᇊⲴѫ仈∄ֻ大ሿˈ䀓ߣҶ BoW 䇽ѹ⁑㋺䰞仈˗਼ᰦˈ

ѫ仈∄ֻ大ሿਇ logistic ↓ᘱ࠶ᐳᖡ૽ˈ֯ᗇ⇿аᑵമۿ੸⧠ࠪѫ仈ޣ㚄ᆈ൘Ⲵ
⢩ᙗǄഐ↔ˈ֯用മۿⲴѫ仈∄ֻ θ 作ѪᡁԜᜣ㾱Ⲵа⿽䳀䈝ѹ㺘⽪ˈᱟа⿽ਸ

⨶ⲴᯩᔿǄ

3.5 ᇔ僂僂䇷ф⁗ශ᷆࠼

൘ᵜ㢲ˈ൘ᇎ傼䇮㖞кˈᡁԜ䟷用与᮷⥞ [83, 118, 135] 类լⲴᇎ傼䇮计：ส
ҾᡰᨀࠪⲴ⢩ᖱˈ䇝㓳ањ one-vs-all Ⲵ㓯ᙗ SVM 类࠶类ಘˈᒦф䟷用ᒣ൷࠶
߶⺞ᓖ [92] ᶕᓖ䟿࠶类ᙗ㜭ǄᡁԜⲴᇎ傼൷ᱟ൘䇮༷৲ᮠѪ 2.10GHz CPUǃ64G
RAM ઼ NVIDIA Tesla K40C GPU Ⲵ计算机к䘀㹼ⲴǄ

3.5.1 䇴㖤

ᮦᦤ䳼Ⱦ ᡁԜ൘єњޜᔰ൪Ჟᮠᦞ䳶к䘋㹼ᇎ傼傼䇱：SCENE 8 ઼ MIT
Indoor 67 [87]ǄMIT Indoor 67 ᮠᦞ䳶वਜ਼ 67 њ൪Ჟ类别ˈ䈕ᮠᦞ䳶㻛࠶ࡂѪ
5360 ᑵ䇝㓳മ઼ۿ 1340 ᑵ⍻䈅മۿˈҏቡᱟ⇿а类别࠶别वਜ਼ 80 ᑵ䇝㓳മ઼ۿ
20 ᑵ⍻䈅മۿǄ
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ᇔ僂䇴㖤ȾሩҾമۿ亴༴⨶ˈаᑵമۿⲴ大ሿ㻛䈳ᮤࡠ 256×256 ㍐ǄሩҾۿ
മۿඇⲴ大ሿ˄൘᮷中ҏ〠ѻѪቪᓖ˅Pˈ൘ᇎ傼中ᡁԜ䘹用Ҷ 3 њቪᓖˈণമ
别ሩ应࠶ඇⲴ大ሿۿ 256×256ǃ128×128 ઼ 64×64 ㍐Ǆ൘ᡰᴹቪᓖкˈᣭṧമۿ
ඇⲴ㖁Ṭ↕䮯ᱟۿ 32 њۿ㍐ǄሩҾተ䜘⢩ᖱ᧿䘠子ˈᡁԜ࡙用 Caffe[124] 别ส࠶
Ҿ ImageNet ᮠᦞ䳶 [77] ઼ Places ᮠᦞ䳶 [69] к亴䇝㓳Ⲵ Alex-network[89] ᨀਆ
CNN FC7 ⢩ᖱǄሩҾ deep-BoWˈᡁԜ䘹用 max sampling ㆆ⮕Ǆ

3.5.2 ᇔ僂㔉᷒

deep-BoW ⭡ҾമۿⲴ大ሿ䘕ᔲˈᡰԕн਼ⲴമۿՊӗ⭏н਼ᮠⴞⲴമۿ

patchඇǄ㘳㲁ࡠ deep-BoW׍䎆Ҿаᑵമۿ中ተ䜘 patchⲴᮠⴞˈᡁԜ⋯用 caffe
␡ᓖ学Ґ工ާ中ሩҾ䗃ޕമۿⲴ༴⨶ᯩᔿ：ሶᮤᑵമۿᖂаॆ᭮㕙ࡠ 256×256
大ሿˈ䈕ڊ⌅Ӿⴤ㿲кᶕⴻՊ⴨ሩᴤ儈᭸аӋǄѪҶ傼䇱䘉њٷ䇮ˈᡁԜ৸׍

ᦞਖањᶴ建 deep-BoW Ⲵㆆ⮕ˈᒦڊҶᇎ傼Ǆ䈕ㆆ⮕ᱟ：俆ݸ㻱࢚৏࿻മۿˈ

❦ਾሶ㻱࢚ᡀⲴ patch ඇ᭮㕙ࡠ 256x256 大ሿˈ޽аа䘋㹼 CNN ⢩ᖱᨀਆǄᡁ
Ԝሶ䈕ㆆ⮕⭏ᡀⲴ deep-BoW ㆰ〠Ѫ deep-BoW(CR)ǄᡁԜሩ∄ҶᵜㄐᡰᨀࠪⲴ
deep-BoW(ours) ઼ deep-BoW(CR)ˈ㔉ࠪҶᆳԜ൘н਼ᛵߥлⲴᙗ㜭㺘⧠ˈ㿱
മ3.6઼മ3.7ǄӾᇎ傼㔃᷌ਟԕⴻࠪˈdeep-BoW(ours) лߥѾ൘ᡰᴹⲴ⍻䈅ᛵࠐ
Ⲵᙗ㜭㺘⧠൷ՈҾ deep-BoW(CR)Ǆഐ↔ˈ൘ᵜ᮷ᡰᴹ⎹৺ࡠ deep-BoW Ⲵᇎ傼
中ˈ൷䟷用ᵜㄐ㢲ᡰᨀⲴ deep-BoW(ours) ᶴ建ㆆ⮕Ǆ

256 512 2048 4096
0.3

0.35

0.4

0.45

0.5

0.55

0.6

0.65

A
cc

ur
ac

y

CNN-BoW(k-means) 
deep-BoW(fixed) 
deep-BoW(random) 
deep-BoW(max)

1024
Dimension

മ 3.5 CNN-BoW 与 deep-BoW ൘ MIT Indoor 67 ᮠᦞ䳶кⲴሩ∄㔃᷌

䳆ީ㚊䈣ѿ㺞⽰ ѪҶ傼䇱 CTM Ⲵᙗ㜭ˈᡁԜ࡙用 t-sne[138] ൘മ3.8中ਟ㿶
ॆҶй⿽⢩ᖱ：BoWǃสҾ LDA Ⲵ䳀䈝ѹ㺘⽪઼สҾ CTM Ⲵ䳀䈝ѹ㺘⽪Ǆ䘉
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മ 3.6 ൘н਼ቪᓖл deep-Bow (CR) 与 deep-BoW (ours) Ⲵᙗ㜭ሩ∄

മ 3.7 ൘ 256 ቪᓖлн਼⾎㓿㖁㔌л deep-Bow (CR) 与 deep-BoW (ours) Ⲵᙗ㜭ሩ∄

Ӌᇎ傼䘹ᤙ൘ SCENE 8 ᮠᦞ䳶к [48] 䘋㹼ǄਖཆˈᡁԜӾйњ⍻ᓖкሩй⿽⢩
ᖱⲴᙗ㜭䘋㹼Ҷ䘋а↕Ⲵ䇴ՠ：㚊类㓟ᓖ [139]ˈDunn Validity Index (dvi) [140]
઼ᒣ൷࠶类㋮ᓖ aca[92]Ǆ㚊类㓟ᓖ˄purity˅指Ⲵᱟ㚊类ᗇࡠⲴ单њ cluster 中ᡰ
኎ঐѫ㾱∄ֻⲴ类别Ⲵṧᵜᮠ与䈕 cluster Ⲵ大ሿⲴ∄٬ˈcluster 大ሿㅹҾ䈕㚊
ᗇⲴ cluster 中ᡰवਜ਼ⲴṧᵜᙫᮠǄ㓟ᓖ䎺儈ˈ㚊类ᯩ⌅Ⲵ᭸᷌ቡ䎺ྭ [139]Ǆdvi
㺑䟿Ⲵᱟ㚊类ᗇࡠⲴ clusters Ⲵ㍗㠤程ᓖ [140]Ǆaca ᱟ⇿а类࠶类↓⺞⦷Ⲵᒣ൷
٬ [92]ǄӾമ3.8中ਟ㿲⍻ࡠˈ൘䳀䈝ѹ⢩ᖱオ䰤中ˈสҾ CTM Ⲵ䳀䈝ѹ⢩ᖱ䜭
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000

മ 3.8 ࡙用 t-sne ᯩ⌅Ⲵ⢩ᖱਟ㿶ॆ㔃᷌മ

㺘⧠ࠪҶՈ䎺Ⲵ㚊类᭸᷌˗਼ᰦᆳ䘈㧧ᗇҶйњ⢩ᖱ中Ⲵᴰྭ൪Ჟ࠶类ᙗ㜭㺘⧠Ǆ

മ3.9㔉ࠪҶ䳀ޣ㚄䈝ѹ㺘⽪൘ SCENE 8 ᮠᦞ䳶кⲴ࠶类㺘⧠Ǆ٬ᗇ⌘᜿Ⲵ
а⛩ᱟˈ䳀ޣ㚄䈝ѹ㺘⽪ᒦн㜭䲿⵰ѫ仈ᮠⴞⲴ໎࣐㘼аⴤ໎࣐ˈമ3.9中Ⲵᇎ傼
ҏ傼䇱Ҷ䘉аᛵߥǄപᇊᆇި大ሿнਈˈሩҾᆇި大ሿㅹҾ 200 ઼ 256 Ⲵє⿽ᛵ
նᱟᖃ˗࣐别䲿ѻ໎࠶类ᙗ㜭ҏ࠶ަˈ࣐䳀ѫ仈㺘⽪⢩ᖱ䲿⵰ѫ仈ᮠⴞⲴ໎ˈߥ

ѫ仈ᮠⴞ࠶别大Ҿ 50 ઼ 60 ᰦˈަ࠶类ᙗ㜭৽㘼䲿ѫ仈ᮠⴞⲴ໎࣐㘼л䱽ǄสҾ
LDA Ⲵ䳀䈝ѹ㺘⽪ҏᆈ൘类լᛵߥˈᒦфަᛵߥ൘᮷⥞ [105] 中ҏᗇࡠҶ傼䇱Ǆ
ᙫⲴᶕ䇢ˈ䳀䈝ѹ㺘⽪Ⲵተ䲀ᙗ通ᑨнᱟᶕ㠚Ҿ‭㌅Ⲵ㔏计ՠ计㔃᷌ˈ㘼ᱟᶕ㠚

ҾᴰṩᵜⲴ BoW 㺘⽪ᡰᆈ൘Ⲵ޵൘ᙗⲴ䈝ѹ⁑㋺ [20]Ǆਖањ৏ഐᱟˈⓀҾ䇽ޡ
⧠Ⲵ䳀䈝ѹ⢩ᖱᒦ⋑ᴹ࡙用䈝ѹ/ѫ仈与䇽ѻ䰤Ⲵ㔏计信᚟Ǆ䘉єњ৏ഐ䀓䟺ҶѪ
ӰѸสҾ CTM Ⲵ䳀䈝ѹ㺘⽪用Ҿ࠶类ԫ࣑ᰦⲴተ䲀ᙗˈቭ㇑ᆳ通䗷建⁑ѫ仈ѻ
䰤Ⲵޣ㚄㔃ᶴᴤྭൠ࡫⭫Ҷ൪Ჟ䈝ѹǄ

ѪҶ䘋а↕สҾ䈝ѹ㧧ᗇ㺘⧠ՈᔲⲴ൪Ჟ⢩ᖱ㺘⽪ˈᡁԜቍ䈅Ӿ信᚟ࠐօⲴ

䀂ᓖˈ᧒ウᓅቲ䇽ሩҾ中ቲ䈝ѹⲴ䍑⥞ǄѪҶᇎ⧠䘉њⴞḷˈᡁԜ൘ㅜഋㄐሶՊ

ᨀࠪޣ㚄ѫ仈ੁ䟿Ⲵ䀓ᯩߣṸ˗ޣ㚄ѫ仈ੁ䟿ᱟสҾ Fisher Kernel ᷦᶴˈ㜭ཏ㶽
ਸ⭏ᡀᔿ઼ࡔ别ᔿє⿽ᯩ⌅ⲴՈ࣯Ǆ

ѱ从䈣ѿީ㚊ᙝ䇞论 ѪҶ䘋а↕䇪䇱学ҐࡠⲴѫ仈ˈᡁԜ䘹用 SUN 397 ᮠ
ᦞ䳶മۿ中ާᴹ䖳ޘⲴⴞḷ࠶ᐳḷ⌘信᚟ [6] ⲴമۿǄѪҶㆰ单䎧㿱ˈᡁԜሶ䘉
Ӌ䘹ࠪⲴമۿ〠ѻѪ SUN-anno ᮠᦞ䳶ˈᒦф൘䈕ᮠᦞ䳶кᶕ䇴ՠ学ҐࡠⲴѫ仈
ԕ৺ѫ仈ѻ䰤Ⲵޣ㚄ᙗǄ䈖㓶ൠ䇢ˈᡁԜ࡙用᡻工ࢢ࠶Ⲵⴞḷ४ฏᶕᶴ建ѫ仈ᾲ

⦷മ˄Topic Probability MapsˈTPMs˅̍ 㔏计⇿њࠪࢢ࠶Ⲵⴞḷ४ฏ与ѫ仈ѻ䰤

Ⲵሩ应信᚟Ǆ䘉Ӌѫ仈ᾲ⦷മ TPMs 用Ҿኅ⽪学ҐࡠⲴѫ仈与ᇎ䱵ⴞḷѻ䰤Ⲵሩ
应ޣ㌫ˈᴤᱮᔿൠኅ⽪ᡁԜ学ҐࡠⲴ䳀ѫ仈/䈝ѹᱟӰѸǄѪҶᶴ建 TPMˈสҾ
学ҐࡠⲴޘተ৲ᮠ β ઼മۿ⢩ᇊ˄⇿аമۿ䜭ᴹ㠚ᐡᡰሩ应Ⲵ˅Ⲵ৲ᮠ ϕˈᡁԜ

ሩаᑵമۿⲴ⇿аۿ㍐䍻Ҹањ K 㔤Ⲵѫ仈ᾲ⦷ੁ䟿Ǆަ中ˈ位ҾањമۿඇⲴ

ӛањ⴨਼Ⲵѫ仈ੁ䟿ˈ䘉ᱟഐѪ൘Ѫޡ㍐ۿ CTM ⁑රᶴ建 BoW ᰦᱟሶമۿ
ඇⲴˈdeep-BoWۿѪമ࠶ Ⲵањമۿඇሩ应ањ wordǄ↓ྲᡁԜҶ䀓Ⲵˈ⇿а
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Topic Number
8  10 12 20 30 40 50 60 70 100 120

A
cc
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y

0.66

0.68

0.7

0.72

0.74

0.76

0.78

0.8

vocabularySize-200
vocabularySize-256

മ 3.9 สҾ CTM Ⲵ䳀䈝ѹ㺘⽪⢩ᖱ൘ SCENE 8 ᮠᦞ䳶кⲴ࠶类ᙗ㜭㔃᷌

њۿ㍐ਟ㜭㻛㤕ᒢњമۿඇޡӛ˄ഐѪ䟷ṧമۿඇⲴᯩᔿ密䳶䟷ṧˈമۿඇⲴ大

ሿ઼㖁ṬⲴ↕䮯ᖡ૽Ҷ਴њമۿඇѻ䰤Ⲵ䟽ਐᛵߥ Ǆ˅สҾаᑵമۿ中Ⲵᡰᴹമۿ

ඇˈሩ⇿ањۿ㍐Ⲵѫ仈ᾲ⦷ੁ䟿࠶别䘋㹼઼࣐ˈ䘉ṧ⇿ањۿ㍐䜭ሩ应ањѫ

仈ᾲ⦷ੁ䟿Ǆ⭡Ҿ⇿аᑵമۿ大ሿнㅹˈᡰԕ⇿ањۿ㍐Ⲵѫ仈ᾲ⦷ੁ䟿ሶՊ䲔

ԕۿ㍐㻛മۿඇޡӛⲴ⅑ᮠˈӾ㘼ᗇࡠᖂаॆⲴѫ仈ੁ䟿ˈҏণᗇࡠ䈕മۿⲴѫ

仈ᾲ⦷മ TPMǄᴤާփൠ䇢ˈ⭡Ҿ⇿ањۿ㍐⛩䜭ሩ应Ҷањ K 㔤Ⲵѫ仈ᾲ⦷

ੁ䟿ˈᡰԕаᑵമۿⲴѫ仈ᾲ⦷മ TPM ަᇎਟㅹԧҾ K њമۿ大ሿⲴ⢩ᇊѫ仈

Ⲵᾲ⦷മǄ

മ3.10俆ݸ㔉ࠪҶє大൪Ჟ⿽类Ⲵޘተѫ仈ᾲ⦷മ˄global TPM ：˅ᇔ޵൪Ჟ

类别઼ᇔཆ൪Ჟ类别Ǆޘተѫ仈ᾲ⦷ᱟ⭡઼࣐аᑵമۿⲴ K њ⢩ᇊѫ仈Ⲵᾲ⦷

മ㘼ᗇࡠⲴˈণᆳᱟањമۿ大ሿⲴᾲ⦷മǄቭ㇑ѫ仈Ⲵ学Ґᱟ䶎ⴁⶓⲴˈնᱟˈ

Ӿമ3.10ਟԕ㿲ሏࡠˈTPMs 中儈ᾲ⦷Ⲵۿ㍐ᖸྭൠሩ应Ҷ൪Ჟമۿ中ࠪࢢ࠶Ⲵ
ⴞḷǄਖཆˈᴹ᜿ᙍⲴᱟˈԔӪᝏޤ䏓Ⲵⴞḷ㻛а䎧ᱮ⧠ࠪᶕˈֻྲˈtoiletⴞḷ
઼ washbasinⴞḷа䎧ᱮ⧠൘ bathroom൪Ჟ中˗cushionⴞḷ/windowⴞḷ઼ bedⴞ
ḷа䎧ޡ⧠൘ bedroom൪Ჟ中˗buildingⴞḷ઼ carⴞḷа਼ᆈ൘൘ street൪Ჟ中Ǆ
ྲമ3.11ᡰ⽪ˈḀӋѫ仈Ⲵ TPMs 㺘⧠ࠪа⿽ᴹ᜿ᙍⲴሩ应ޣ㌫：⁑රᡰ

学ҐࡠⲴѫ仈与Ӫ工ⴞḷ/Ự⍻ࡠⲴⴞḷѻ䰤Ⲵሩ应Ǆֻྲˈ൘ bedroom൪Ჟ中
њˈTopic2 Ⲵєњ儈ᾲ⦷Ⲵ४ฏᖸྭൠሩ应Ҷ desk lampⴞḷ઼ chairǄ䘋а↕㿲
ሏਟⴻࠪˈTopic3 儈ᾲ⦷Ⲵ४ฏሩ应 tableⴞḷ઼ night tableⴞḷˈTopic4 ሩ应
windowˈTopic5ሩ应 chairˈTopic6ሩ应 ceilingˈTopic7ሩ应 tableˈTopic8ሩ应
floor઼ bedǄ൘ highway൪Ჟമۿ中ˈTopic1 Ⲵᾲ⦷儈Ⲵ४ฏሩ应ⴞḷ truck઼ⴞ
ḷ occluded truckˈTopic3 ሩ应ⴞḷ fieldˈTopic5 ሩ应ⴞḷ treeˈTopic7 ሩ应ⴞ
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Bathroom

Building

Game RoomBedroom Dining Room

Skyscraper Street Highway 

മ 3.10 㚄ⴞޣ中ᾲ⦷儈Ⲵѫ仈通ᑨሩ应Ҷۿተѫ仈ᾲ⦷മǄӾമ中ਟԕਁ⧠ˈ൪Ჟമޘ
ḷˈֻྲˈ൘ bathroom൪Ჟ中ˈⴞḷ toilet与ⴞḷ washbasin⴨ޣ㚄ൠࠪ⧠˗൘ bedroom൪
Ჟ中ˈⴞḷ cushion与ⴞḷ bed⴨ޣ㚄ൠࠪ⧠Ǆ

ḷ occluded truckˈTopic8 ሩ应ⴞḷ skyǄ䘉Ӌ㔃᷌ᱟ൘᜿ᯉѻ中ˈҏ傼䇱Ҷ䳀ѫ
仈䈝ѹ⭏ᡀⲴ㜭࣋Ǆ٬ᗇ⌘᜿Ⲵа⛩ᱟˈণ֯ K њѫ仈ᱟᡰᴹമޡۿӛⲴˈնᱟ

⭡Ҿᡰ᧘ᯝࠪⲴമۿ⢩ᇊⲴ৲ᮠ ϕ Ⲵ㕈᭵ˈањѫ仈Պ൘н਼Ⲵമۿ中ኅ⽪ࠪн

਼ⲴĀⴞḷā䈝ѹǄᙫⲴᶕ䇢ˈ൘⋑ᴹԫօⴞḷࢢ࠶ᡆ者Ự⍻ḷ⌘Ⲵᛵߥлˈᡰ

学ҐࡠⲴ䳀ѫ仈ਟԕਁᧈࠪ䎧ѫ㾱作用Ⲵᱮᔿⴞḷˈ਼ᰦ൘൪Ჟമۿк੸⧠ࠪҶ

类别⢩ᇊᙗ˄category-specific˅Ⲵ⢩䍘Ǆ
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Topic probability map

Topic probability map

മ 3.11 ѫ仈ᾲ⦷മԕ৺ԆԜ与മۿ中Ự⍻઼ࢢ࠶ḷ⌘㔃᷌Ⲵሩ应ǄᡁԜਁ⧠ᴹ᜿ᙍⲴᱟˈ
学ҐࡠⲴѫ仈ᖸྭൠሩ应Ҷᇎփⴞḷ઼മࢢ࠶ۿ४ฏǄ

ѪҶᱮᔿൠኅ⽪ѫ仈ѻ䰤Ⲵޣ㚄ᙗˈᡁԜ൘മ3.12㔉ࠪҶᡰ学ҐࡠⲴ 8 њ
ѫ仈Ⲵޣ㚄⸙䱥ˈ਼ᰦ൘മ3.13中㔉ࠪҶ䪸ሩҾᡰᴹ学ҐࡠⲴѫ仈ሩ应Ⲵ䜘࠶
ⴞḷˈԕ৺ᆳԜᡰሩ应ⲴⴞḷⲴ㔏计㔃᷌Ǆ↓ྲᡰ亴ᵏⲴˈ䘉Ӌ㔃᷌൘аᇊ程
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മ 3.12 ൘ SUN-anno ᮠᦞк学ҐࡠⲴ 8 њѫ仈 topic ѻ䰤Ⲵޣ㚄ޣ㌫Ǆᇎᗳശԓ㺘єњ
ѫ仈ᱟ↓⴨ޣˈオᗳശ㺘⽪єњѫ仈ᱟ䍏⴨ޣⲴǄശⲴॺᖴ䎺大ˈ↓/䍏⴨ޣᓖ䎺儈Ǆ

ᓖк䀓䟺Ҷѫ仈ѻ䰤Ⲵ↓/䍏⴨ޣᙗǄֻྲˈTopic1 中Ⲵ chairⴞḷ઼൘ Topic2
中Ⲵ tableⴞḷᙫᱟа䎧ࠪ⧠ˈቔަᱟ൘ᇔ޵൪Ჟമۿ中˗㘼䘉а⧠䊑ҏ↓ྭ与
മ3.12ᡰ⽪Ⲵ Topic1 与 Topic2 ѻ䰤Ⲵ↓⴨ޣⲴ㔃䇪⴨ㅖਸǄ

൘Շཊ൪Ჟ中ⴞḷѻ䰤Ⲵޡ⧠⧠䊑઼ⴞḷ与ᡰ学ࡠⲴѫ仈ѻ䰤㋮࿉Ⲵሩ应ޣ

㌫ˈ傼䇱Ҷޣ㚄䰞仈⺞ᇎ൘൪Ჟമۿ中ᆈ൘Ǆ
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മ 3.13 ањѫ仈ሩ应Ⲵⴞḷ∄ֻˈᒦф䘉Ӌⴞḷሩ应Ⲵᴰᴹਟ㜭Ⲵѫ仈Ǆമ中ҏ㔉ࠪ
Ҷ⇿ањѫ仈 topic ᡰሩ应Ⲵᾲ⦷ᴰ大Ⲵ 10 ⿽类别ⲴⴞḷǄӾമ中ᡁԜਟԕ㿲ሏࡠˈ
Topic1 中Ⲵⴞḷ chair઼ Topic2 中Ⲵⴞḷ tableᙫᱟа䎧ࠪ⧠ˈቔަᱟ൘ᇔ޵൪Ჟമۿ
中Ǆ䘉а⧠䊑↓ྭ与മ3.12中ᡰ⽪Ⲵ Topic1 与 Topic2 ᱟ↓⴨ޣⲴ኎ᙗ⴨а㠤Ǆ

3.6 ᵢㄖቅ㔉

൘ᵜㄐ中ˈᡁԜᨀࠪҶ䳀ޣ㚄䈝ѹ㺘⽪用Ҿ൪Ჟ࠶类ˈᰘ൘建⁑ѫ仈ѻ䰤Ⲵ

傼ݸ䇮ˈ䟷用㖇สᯟ⢩↓ᘱٷᐳ࠶਼・⤜ඇѻ䰤Ⲵۿ㚄ᙗǄᡁԜ৫䲔ᦹተ䜘മޣ

ᒦ用Ҿ⢩ᖱ学ҐǄਖཆˈᡁԜสҾ㮤ਜ਼Ѡᇼ䈝ѹ信᚟ۿᐳˈᴤྭൠ建⁑൪Ჟമ࠶

Ⲵ CNN ⢩ᖱᨀࠪҶ deep-BoW ⢩ᖱ用Ҿ䳀ޣ㚄䈝ѹ㺘⽪Ⲵ学Ґˈ㜭ཏ䘋а↕ᨀ
ॷ䳀ޣ㚄䈝ѹ㺘⽪Ⲵᙗ㜭Ǆ
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ㅢ഑ㄖ ะӄީ㚊ѱ从ੇ䠅Ⲻ൰Ქ࠼㊱

൪Ჟമۿ通ᑨ㮤ਜ਼䈝ѹޣ㚄ˈቔަᱟሩҾ大㿴⁑മۿᮠᦞ䳶ǄᵜㄐᨀࠪҶа

њ⭏ᡀᔿമۿ㺘⽪：䳀ѫ仈ੁ䟿˄Latent Topic VectorˈLTV˅઼ޣ㚄ѫ仈ੁ䟿
˄Correlated Topic VectorˈCTV Ǆ˅LTV ઼ CTV ᧒㍒与࡙用Ҷ㿶㿹䇽≷˄visual
words˅ሩҾѫ仈˄topic˅Ⲵ䍑⥞ˈ通䗷与 Fisher Kernel ṶᷦⲴ㶽ਸᶕ指⽪൪Ჟ
䰤ⲴᐞᔲᙗⲴᯩᔿˈᨀॷ䳀䈝ѹ㺘⽪Ⲵࡔ别࣋Ǆ㘳㲁ࡠ൪ᲟമۿⲴ䈝ѹޣ㚄ᙗᙫ

ᱟ㻛Ր㔏⢩ᖱ㕆⸱ᡰᘭ⮕Ⲵ䰞仈ˈCTV ᱟ൘ LTV Ⲵส⹰к৫ᦹҶ䈝ѹ⤜・ᙗٷ
䇮ˈޕ࣐䈝ѹޣ㚄ᙗ䘋а↕ᨀॷ⢩ᖱⲴࡔ别࣋ǄᡰᨀࠪⲴ CTV 䘈䘋а↕与␡ᓖ
CNN ⢩ᖱ઼ਹᐳᯟ䟷ṧ㔃ਸˈኅ⧠ࠪҶᖸ大Ⲵ▌࣋ˈቔަᱟ༴⨶大㿴⁑ǃ༽ᵲⲴ
൪ᲟമۿǄєњ൪Ჟᮠᦞ䳶кⲴᇎ傼㔃᷌傼䇱Ҷ CTV ⲴՈ䎺ᙗǄ

4.1 ᕋ䀶

൘ᵜ᮷中ˈѪҶᨀॷ䳀䈝ѹ㺘⽪ሩҾ࠶类ԫࡔ࣑别࣋ᕡⲴ䰞仈ˈᡁԜสҾ

Fisher Kernle ⨶䇪ᨀࠪҶ䳀ѫ仈ੁ䟿 LTV 㚄ѫ仈ੁ䟿ޣ઼ CTVǄᡁԜᡰᨀࠪⲴ
LTV ઼ CTV ᵜ䍘кᱟӾ信᚟ࠐօ䇪Ⲵ䀂ᓖˈ䘋а↕᧒㍒ᓅቲⲴ㿶㿹䇽ሩҾ中ቲ
ѫ仈学ҐⲴ䍑⥞与ᖡ૽作用Ǆ㘼䘉ᱟ与 BoW 与䳀䈝ѹ㺘⽪ᱟ䶎ᑨн਼ⲴˈഐѪ
BoW ᐳǄሩҾєᑵ࠶Ҿѫ仈Ⲵ⌘ޣ䎆Ҿ㿶㿹䇽ࠪ⧠Ⲵ⅑ᮠᒦф䳀䈝ѹ㺘⽪ਚᱟ׍
ᶕ㠚н਼൪Ჟ类别Ⲵമۿˈ⴨լཆ㿲Ⲵ४ฏᙫᱟੁٮҾ⴨਼Ⲵ㿶㿹䇽ˈնᱟ䳀䈝

ѹ⭡Ҿᴹ䲀Ⲵѫ仈Պ导㠤ަᖸ䳮Ѫ䇶别ԫ࣑ᨀ׋䖳大Ⲵ㿶㿹䇽ᐞᔲᙗǄᡁԜᡰᨀ

ࠪⲴ LTV ઼ CTV สҾ Fisher Kernelˈ㔃ਸҶ⭏ᡀᔿᯩ⌅઼ࡔ别ᔿᯩ⌅ⲴՈ࣯ˈ
ᒦфሶ㿶㿹䇽与ѫ仈Ⲵ䘉Ӌ኎ᙗ㘳㲁Ҷ䘋৫Ǆ㘳㲁ࡠ൪Ჟമۿ中䈝ѹޣ㚄䘉а䟽

㾱⢩ᙗˈCTV ᱟ൘ LTV Ⲵส⹰к৫ᦹҶ䈝ѹ⤜・ᙗٷ䇮ǄᙫѻˈᡁԜᡰᨀࠪⲴ
CTV ᴹԕл䍑⥞：

(1) ൘ Fisher Kernel オ䰤中᧘导ࠪҶ CTV Ⲵ㺘⽪ޜᔿˈᰘ൘ᨀॷ䳀ޣ㚄䈝ѹ㺘
⽪Ⲵࡔ别࣋Ǆ

(2) 㔉ࠪҶ儈᭸Ⲵਹᐳᯟ䟷ṧ≲䀓ᯩᔿˈᰘ൘൘大㿴⁑ᮠᦞ䳶кᨀॷ CTV Ⲵਟ㹼
ᙗǄ

4.2 ⴮ީᐛ֒

ਇ᮷ᵜ࠶类 [109] Ⲵ੟ਁˈBoW [108] ᐢ㻛ᒯ⌋应用Ҿമۿ䇶别ԫ࣑Ǆᆳᱟԕ
㿶㿹䇽Ⲵޡ⧠ᶕ࡫⭫аᑵമۿǄ❦㘼⺜ᙗⲴ䇽䍻٬与ⴤᯩമ㕆⸱ᯩᔿ导㠤Ҷമۿ
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オ䰤信᚟Ⲵᦏཡ઼⇿ањ䇽Ⲵ䈝ѹ⁑㋺䰞仈ˈᴤн用䈤ަሩҾ൪Ჟ䇶别ԫ࣑Ⲵ䈝

ѹޣ㚄ᙗ䘉њ䟽㾱኎ᙗⲴ䰞仈Ǆ൪ᲟമۿⲴ中ቲĀѫ仈āᡆ者Ā䈝ѹā㺘⽪ࡉᱟ

ሩ BoW Ⲵа⿽ᢙኅˈᆳԜᱟ൘ቭ࣋ປ㺕ᓅቲമۿ⢩ᖱ与儈ቲ䈝ѹᾲᘥⲴ䈝ѹ呯
⋏Ǆ

ⴤ᧕ሶᱮ⽪ѫ仈䍻٬Ҿമۿඇ˄patch˅ᡆ者४ฏ˄region˅Ⲵᯩ⌅ˈ䶒Ѥ
ѫ仈ḷ⌘Ⲵᓎ大工作䟿与ཊṧॆⴞḷⲴнਟ䶐Ự⍻㔃᷌ㅹ᥁ᡈᙗ䰞仈ǄLi ㅹӪ
[15, 129] ᨀࠪҶ “Object Bank” (OB) Ⲵᯩ⌅ˈަᇎ䍘ᱟُࣙҾՇཊⴞḷỰ⍻ಘ൘
н਼മۿቪᓖк䘋㹼ⴞḷỰ⍻ˈԕ↔㧧ᗇ⇿ањۿ㍐к⇿ањⴞḷࠪ⧠Ⲵᾲ⦷Ǆ

OB ᯩ⌅аޡ䴰㾱൘ 12 њമۿቪᓖǃ21 њオ䰤䠁ᆇຄ㖁Ṭкᢗ㹼 177 њⴞḷ类
别ⲴỰ⍻ಘǄྲ↔ᓎ大ⲴỰ⍻计算䟿֯ަᖸ䳮⌋ॆࡠ大㿴⁑൪Ჟമۿᮠᦞ䳶中ˈ

∄ྲ SUN 397 [6] ᡆ者 Places 205 [69]Ǆ䲔↔ѻཆˈLi ㅹӪӾ 1000 类ⴞḷ中䇔ⵏ
᥁䘹Ҷ 177 类ⴞḷˈԕӪ工Ⲵᯩᔿ䀓᷀䘉Ӌ 177 类ⴞḷѻ䰤Ⲵ⢩ᙗ与䈝ѹޣ㌫Ǆ
❦㘼ˈ䘉Ӌޣ㌫ᒦ⋑ᴹ用Ҿ൪Ჟ䇶别ԫ࣑Ǆ

аӋ工作ࡉᱟ䟷用 Fisher Kernel ᶕᨀॷ BoW[110]ǄJaakkola ઼ Haussler
[116] Ѫ࠶类ԫ࣑㔉ࠪҶ Fisher Kernel Ⲵа⿽㺘䘠ᯩᔿǄPerronnin ઼ Dance ᧘ࡉ
ࣘҶ Fisher Kernel ൘മ࠶ۿ类ԫ࣑中ⲴਁኅǄԆԜสҾ␧ਸ儈ᯟ⁑ර᧘导ࠪҶᴤ
փⲴާ࣐ Fisher Vector ᖒᔿˈᒦሶަᕅࡠޕമ࠶ۿ类中 [83]Ǆተ䜘໎࣐᧿䘠子ੁ
䟿˄Vector of Locally Aggregated DescriptorsˈVLAD˅[112]ᱟа⿽㍗㠤Ⲵ⢩ᖱ㺘
⽪ˈਟԕⴻڊᱟสҾ GMM Ⲵ Fisher Vector Ⲵа⿽ㆰॆ⡸ᵜˈаᇊ程ᓖкᨀॷҶ
BoW ᙗ㜭㺘⧠ǄᙫⲴᶕ䇢ˈFisher Kernel ᱟ׍䎆Ҿ⭏ᡀ⁑රⲴˈⴞަࡽᐢ㓿㻛ᒯ
⌋应用Ҿമ࠶ۿ类中 [111]Ǆ⭡สҾ⣴࡙ݻ䴧࠶ᐳⲴ GMM ᧘导ࠪⲴ Fisher Kernel
[113] 䇮ٷǄަ࣑类ԫ࠶ۿᱟ作Ѫ⢩ᖱਈᦒⲴа⿽ᯩᔿ应用Ҿമࡉ L1 ᖂаॆⲴⴤ

ᯩമተ䜘᧿䘠子ਟԕ⭡⣴࡙ݻ䴧࠶ᐳᶕ建⁑Ǆ

CNN ⢩ᖱ㺘⽪䘁年ᶕ൘ ImageNet ⴞḷ䇶别䰞仈кਆᗇҶԔӪⷙⴞⲴᡀ᷌Ǆ
ަᡀ࣏ᶱ大ൠ◰࣡⵰൪Ჟമۿ䇶别亶ฏⲴ⹄ウ者䟷用 CNN ⢩ᖱ፼ޕ用Ҿ൪Ჟ࠶
类ԫ࣑ˈᴯᦒՐ㔏ⲴสҾ SIFTተ䜘᧿䘠子Ⲵ Fisher VectorᷦᶴǄֻྲˈGongㅹ
Ӫ [92] Ӿമۿተ䜘ඇᨀਆ CNN ᧿䘎᧕ቲⲴ⢩ᖱˈԕ↔⢩ᖱ㺘⽪䳶ਸ作Ѫተ䜘ޘ
䘠子ᶕ㺘⽪ањ൪ᲟമۿˈᒦфѪമۿ䇶别ԫ࣑ᶴ建 VLAD⢩ᖱ፼ޕ㺘⽪ǄDixit
ㅹӪ [128] ሶ䈝ѹᕅޕ Fisher Kernel Ṷᷦˈᨀਆተ䜘മۿඇⲴ CNN ⢩ᖱˈᒦᢺ
䘉Ӌ⢩ᖱ作Ѫ䈝ѹཊ亩ᔿ˄Semantic MultiNomialˈSMN˅᧿䘠子Ǆᖃተ䜘䈝ѹ
᧿䘠子㻛建⁑Ѫཊ亩ᔿ࠶ᐳᰦˈ൘⣴࡙ݻ䴧␧ਸ⁑ර˄Dirichlet Mixture Modelsˈ
DMM˅Ⲵส⹰лˈᡁԜቡਟԕ᧘导ࠪ∄ GMM FV ᴤ㠚❦Ⲵа⿽⢩ᖱ፼ޕˈণ
DMM FVǄ䲔↔ѻཆˈDixit ㅹӪ࡙用㠚❦৲ᮠॆਈᦒᶕ㕃䀓 SMN ᧿䘠子Ⲵ儈ᓖ
䶎⅗ᔿ⢩ᙗˈᒦф൘㠚❦৲ᮠオ䰤中䟷用 GMM FV ⴨਼Ⲵڊ⌅计算ࠪ䈝ѹ FVǄ
สҾ用Ҿമ࠶ۿ类ԫ࣑Ⲵ Fisher Kernel Ṷᷦˈ⴨ᖃཊⲴ工作ᐢ㓿ਆᗇ

Ҷᖸ大Ⲵ䘋↕˗նᱟˈа㡜ൠˈԆԜ䜭ᱟٷ䇮ᡰᴹമۿⲴඇᱟ⤜・਼࠶ᐳൠ
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˄independent and identically distributedˈi.i.d.˅䟷ṧҾ⴨ޣⲴ⭏ᡀᔿ⁑ර中Ǆᖸ
᰾ᱮˈ䘉⿽⤜・਼࠶ᐳⲴٷ䇮䘍㛼ҶമۿⲴᵜ䍘⢩ᙗǄਖཆˈ䈝ѹޣ㚄ᙗҏᖸቁ

൘⧠ᴹ工作中㻛㘳㲁ࡠǄCinbis ㅹӪ [114, 115] ᢺаᑵമۿⴻ作ᱟањᰐᒿⲴ४
ฏ䳶ਸˈ࡙用⣴࡙ݻ䴧ݸ傼࠶ᐳᶕ৲ᮠॆਈ䟿ˈ㘼䈕ਈ䟿൘н਼മۿ䰤ᱟਈॆⲴǄ

ԆԜ䘹用Ҷ䛓Ӌ㜭ཏᦅ᥹ࡠമۿተ䜘४ฏ׍䎆ޣ㌫Ⲵ⭏ᡀᔿ⁑රˈֻྲ LDA ઼
䳀 GMM ⁑රǄ∄ྲሩҾ䳀␧ਸ儈ᯟ⁑රˈԆԜᢺ GMM Ⲵ৲ᮠ作Ѫ䳀ਈ䟿ˈᕅ
ᐳ৲ᮠˈণ⁑රⲴ䎵৲ˈ用⁑රⲴ䎵৲᧗࠶傼ݸᐳ˗Ӿṧᵜᮠᦞ中学Ґ࠶傼ݸޕ

傼˗应用ݸҾ䳀⁑ර৲ᮠⲴޣࡦ Fisher Kernel ࠭❦ਆ㿲⍻ᮠᦞⲴሩᮠլ≳ˈࡉ߶
ᮠޣҾ⁑ර䎵৲Ⲵа䱦导ᮠǄቭ㇑൘䘉Ӌ工作中䳀䈝ѹ㻛ᒯ⌋ൠ⹄ウˈնᱟ䈝ѹ

㚄ᙗӽᰗ⋑ᴹ㻛㘳㲁Ǆޣ

4.3 Fisher Kernel

ᇐ⨼ ሩҾԫа৲ᮠᱟ Θ Ⲵᾲ⦷⁑ර P (X|Θ)ˈFisher Ṩ K(Xi, Xj) =

UT
Xi
I−1UXj

ˈަ中 UX = ∇Θ logP (X|Θ)ˈާᴹԕлᙗ䍘 [110]：

• ᆳᱟањᴹ᭸ⲴṨ࠭ᮠ˗

• ᆳሩҾ৲ᮠⲴԫօਟ䘶˄઼ਟᗞ࠶Ⲵ˅ਈᦒާᴹнਈᙗ˗

• 类ಘ䟷用ⲴᱟสҾ↔⁑ර㧧ᗇⲴ࠶䇮ањ⁑රⲴḷਧᱟ䳀ਈ䟿ˈྲ᷌ањٷ
Fisher Ṩˈ䛓Ѹ䈕࠶类ಘⲴ㔃᷌ሶՊ⑀䘋ൠ㺘⧠ࠪ㠣ቁ与สҾ਼а⁑රⲴᴰ
大ਾ傼ՠ计ḷਧаṧྭǄ

൘ Fisher Ṩ中ˈUX 㻛〠Ѫ Fisher Scoreˈᱟሩᮠլ❦࠭ᮠޣҾ⁑ර৲ᮠⲴ
а䱦导ᮠˈ㺘⽪Ⲵᱟ⋯⵰඀ḷᴢ㓯ǃф㓿䗷৲ᮠオ䰤޵ Θ ⛩Ⲵ䙏ᓖ˗I 㻛〠Ѫ

Fisher信᚟⸙䱥˄Fisher Information MatrixˈFIM˅̍ ᱟሩᮠլ❦࠭ᮠޣҾ⁑ර৲

ᮠа䱦导ᮠⲴᯩᐞˈᢞ╄⵰ᕐ䟿ᓖ䟿Ⲵ䀂㢢Ǆ൘Ḁ↓ࡉᶑԦлˈFIM ᵜ䍘ᱟሩᮠ
լ❦࠭ᮠޣҾ৲ᮠⲴҼ䱦导ᮠ [70]ˈণ I[Θ]=E[u[Θ]

Tu[Θ]] = −E[∂2L/∂Θ2]Ǆ

Fisher ṨਟԕⴻڊᱟᡁԜሶ৏ṧᵜオ䰤ਈᦒѪањ䐍⿫ᓖ䟿Ѫ I Ⲵ⍱

ᖒオ䰤ˈUX ᱟ৏ṧᵜ X ᱐ሴࡠ↔オ䰤Ⲵањ⛩˗൘ᯠオ䰤中ˈ䐍⿫ᓖ䟿

ਈѪ Fisher ᓖ䟿 IˈṨⲴ޵〟计算ণᱟ㺑䟿єњṧᵜ⴨լᙗǄ䘋а↕ˈ⭡Ҿ

K(Xi, Xj) = UT
Xi
I−1UXj

ˈަ中 ΦXi
= I−1/2UXˈFisher ṨⲴ޵〟Ⲵਖа⿽ㅹԧ计

算ᱟ㺑䟿൘⅗ᔿオ䰤中єњṧᵜⲴ⴨լᙗˈਚн䗷↔ᰦṧᵜ൘⅗ᔿオ䰤Ⲵ⢩ᖱ㺘

⽪ਈѪҶ ΦXˈ㘼нᱟ৏ᶕṧᵜ൘⅗ᔿオ䰤Ⲵ䈝ѹᾲ⦷Ⲵ⢩ᖱ㺘⽪Ǆഐ↔ˈᡁԜਟ

ԕ൘⅗ᔿオ䰤ᶴ建 Fisher ੁ䟿 ΦX 作Ѫ⢩ᖱ㺘⽪ˈᒦሶަ䘱࠶ޕ类ಘ䘋㹼༴⨶Ǆ
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4.4 䳆ѱ从ੇ䠅

䳀ѫ仈ੁ䟿ᱟสҾ⭏ᡀᔿ⁑ර LDA[56] ᧘导ࠪⲴ Fisher ੁ䟿ǄLDA ⁑රٷ
䇮മۿ dⲴѫ仈∄ֻᱟᴽӾ৲ᮠѪ αⲴ⣴࡙ݻ䴧࠶ᐳǄമۿ中Ⲵ䇽 w ࠪ⧠ᾲ⦷ᴽ

Ӿཊ亩ᔿ࠶ᐳ p(wn|z, β)ˈަ中 z ᱟѫ仈ˈβ ᱟ⁑රⲴਖањ৲ᮠǄሩҾ LDAˈа

њ᮷ẓⲴլ❦࠭ᮠᱟ p(w|α, β) =
∫
p(θ|α)(

N∏
n=1

∑
zn

p(zn|θ)p(wn|zn, β))dθǄ⭡Ҿ LDA

⁑ර中ᆈ൘৲ᮠ㙖ਸᛵߥˈᰐ⌅ⴤ᧕≲䀓Ǆ通䗷ᕅޕਈ࠶৲ᮠ γ ઼ ϕˈ䟷用ਈ

䀓Ⲵ䘁լ⁑රˈ↔ᰦⲴլ❦࠭ᮠᱟ࠶䍍ਦᯟᯩ⌅ሶ৏⁑ර䖜ᦒѪањਟഐᔿ࠶

L(γ, ϕ;α, β)Ǆ൘ LDA ⁑රਈ࠶⌅≲䀓Ⲵ E ↕中ˈപᇊ⁑ර৲ᮠ αǃβˈ通䗷ᴰ大

ॆլ❦ˈᗇࡠᴰՈⲴ䘁լ⁑රਈ࠶৲ᮠⲴ γ∗(w)ǃϕ∗(w)˗൘ M ↕中ˈപᇊਈ࠶
৲ᮠ (γ∗(w), ϕ∗(w))ˈ਼ṧᴰ大ॆլ❦ˈᗇࡠᴰՈⲴ⁑ර৲ᮠ αǃβ[56]Ǆ⇿аᑵമ
䜭ሩ应ањۿ (γ∗(w), ϕ∗(w)) ሩˈᡰԕ৲ᮠ (γ∗(w), ϕ∗(w)) ᱟ与മۿ⴨ޣⲴˈ䘁լ

⁑ර৲ᮠ ϕ∗(w) ᱟḀаᑵമۿ中ࠪ⧠Ⲵ⇿ањ word Ⲵ topic ᾲ⦷࠶ᐳˈγ∗(w) ᱟ
⣴࡙ݻ䴧৲ᮠˈᆳਟԕⴻڊᱟ൘ topic 单㓟ᖒкаᑵമۿⲴа⿽㺘⽪Ǆ৲ᮠ β ᱟ

മۿ䳶级别Ⲵˈᆳ㺘⽪ⲴᱟӾᮤњമۿᮠᦞⲴ䀂ᓖᶕⴻ⇿ањ topic ᡰሩ应Ⲵᆇ
ި中 word Ⲵᾲ⦷࠶ᐳǄ

ᦞ׍ Fisher Ṩ⨶䇪ˈᡁԜਟԕสҾਈ࠶䍍ਦᯟᯩ⌅㧧ᗇⲴሩᮠլ❦࠭ᮠ᧘导
ࠪ䳀ѫ仈ੁ䟿Ǆ俆ݸˈLDA ⁑රⲴሩᮠլ❦࠭ᮠޣҾ⁑ර䎵৲ᮠ α, β ઼ਈ࠶৲

ᮠ ϕ, γ Ⲵ Fisher Score ᧘导ྲл：

∂L
∂αi

= ψ(
∑k

j=1 αj)− ψ(αi) + ψ(γi)− ψ(
∑k

j=1 γj), (4-1)

∂L
∂βij

=
N∑

n=1

ϕniw
j
n

βij
, (4-2)

∂L
∂ϕni

= ψ(γi)− ψ(
∑k

j=1 γj) + logβiv − logϕni − 1 + λ, (4-3)

∂L
∂γi

= ψ′(γi)(αi +
∑N

n=1 ϕni − γi)− ψ′(
∑k

j=1 γj)
∑k

j=1 (αj +
∑N

n=1 ϕnj − γi).

(4-4)
ަ中 ψ ᱟሩᮠ Γ ࠭ᮠ˄gamma ࠭ᮠ˅Ⲵа䱦导ᮠ [144]ˈλ ᱟ⁑ර≲䀓中ᕅޕⲴ
ањᯠⲴਈ࠶৲ᮠ [56]Ǆ

LDA ⁑රⲴሩᮠլ❦࠭ᮠޣҾ⁑ර䎵৲ᮠ α, β ઼ਈ࠶৲ᮠ ϕ, γ Ⲵ FIM ᧘导
ྲл：

IXαi
=

N∑
n=1

p(xn|θ)( ∂L
∂αi

)2 = −E[ ∂2L
∂αi

2 ] = ψ′(αi)− ψ′(
∑k

j=1 αj), (4-5)

IXβij
=

N∑
n=1

p(wn|θ)( ∂L
∂βij

)2 = −E[ ∂2L
∂βij

2 ] =
N∑

m=1

ϕmiw
j
m

βij
2 , (4-6)
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Iϕij
=

N∑
n=1

p(wn|θ)(
∂L

∂ϕij

)2 = −E[ ∂
2L

∂ϕij
2 ] = 1/ϕni, (4-7)

Iγi =
N∑

n=1

p(xn|θ)( ∂L
∂γi

)2 = −E[ ∂2L
∂γi2

]

= ψ′(γi)− ψ′′(γi)(αi +
∑N

n=1 ϕni − γi)+

ψ′′(
∑k

j=1 γj)
k∑

j=1

(αi +
∑N

m=1 ϕmi − γi)− ψ′(
∑k

j=1 γj).

(4-8)

สҾ᧘导ࠪⲴ Fisher Score ઼ FIMˈᡁԜṩᦞ Fisher ੁ䟿 ΦXi
= I−1/2UX ޜ

ᔿ计算ޣҾ {α, β, ϕ, γ} ৲ᮠⲴഋњ Fisher ੁ䟿ˈ䘎᧕ᒦ↓ੁॆࡉ䟿ণᗇࡠ䳀ѫ仈
ੁ䟿 LTVǄ↓ॆࡉਟԕᱟ power ᡆ者ˈॆࡉ↓ L2 ॆࡉ↓ [118, 126]Ǆ

4.5 ީ㚊ѱ从ੇ䠅

สҾٷ䇮ࡽᨀ：CTM ਟԕ䖳ਸ⨶ൠѪ䳀䈝ѹ⢩ᖱ建⁑ѫ仈ѻ䰤Ⲵޣ㌫ˈᒦф
Fisher Kernel ਟԕ䘋а↕ᨀॷ⢩ᖱⲴࡔ别࣋ˈ䛓Ѹˈ൪Ჟ࠶类ԫ࣑Ⲵ䀓ᯩߣṸቡ
⴨ᖃⴤ㿲：俆ݸӾ䇝㓳䳶中ՠ计 CTM Ⲵ৲ᮠˈ❦ਾ൘ Fisher Kernel ṶᷦлѪ䇝
㓳䳶઼⍻䈅䳶മۿ਴㠚ᶴ建ޣ㚄ѫ仈ੁ䟿 CTVǄCTV 作Ѫᴰ㓸Ⲵ⢩ᖱ㺘⽪ˈ䗃
ањ㓯ᙗࡠޕ SVM 类ಘ中ˈ用Ҿ䇶别н਼൪Ჟ类别Ǆ൘ᵜሿ㢲ˈᡁԜሶՊާ࠶
փ䇘䇪 CTV Ⲵ᧘导与≲䀓ǄᡁԜᐢ㓿൘ㅜйㄐӻ㓽Ҷ䳀䈝ѹˈቔަᱟ䳀ޣ㚄䈝
ѹˈѫ㾱എㆄྲօ࡫⭫/学Ґ䈝ѹ䰞仈Ǆ᧕лᶕˈᡁԜᨀࠪⲴ CTVˈ㔃ਸ⭏ᡀᔿ
⁑ර与ࡔ别ᔿ⁑රᨀॷ˄䳀˅䈝ѹⲴࡔ别⢩ᙗˈѫ㾱എㆄྲօสҾ学ҐࡠⲴ䈝ѹ

ᶴ建ՈᔲⲴ⢩ᖱ㺘⽪ǄCTV 㕆⸱ⲴสᵜᯩṸާփਟ㿱മ4.1Ǆ
㚄ѫ仈ੁ䟿ᱟสҾޣ CTM ⭏ᡀᔿ⁑ර᧘导ࠪⲴ Fisher ੁ䟿Ǆ⭏ᡀᔿ⁑ර

CTM Ⲵ৲ᮠᱟ Θ= {µ,Σ, β}˄ণ⁑ර䎵৲ {µ,Σ} ተ৲ᮠޘ઼ β˅̍ ۿҾമޣަ d

Ⲵሩᮠլ❦࠭ᮠྲޜᔿ (3-2) ᡰ⽪ǄѪҶ᧘导 CTVˈᡁԜ䴰㾱计算ሩᮠլ❦࠭ᮠ
Ҿ⁑ර৲ᮠޣ Θ= {µ,Σ, β}Ⲵ Fisher Score઼ FIMǄ↓ྲㅜйㄐ中ᡰ䇘䇪Ⲵ䛓ṧˈ
CTM 中Ѫ࡫⭫ѫ仈ѻ䰤ޣ㚄㔃ᶴ㘼ᕅޕⲴ logistic ࠶ᐳཊ亩ᔿ࠶ᐳ与ਾ傼࠶傼ݸ
ᐳᱟ䶎ޡ䖝⢩ᙗˈ઼լ❦࠭ᮠ中৲ᮠ㙖ਸˈ䙐ᡀլ❦࠭ᮠ计算ǃ⁑ර≲䀓Ⲵ䳮ᓖˈ

䘉ҏ֯ᡁԜн㜭ⴤ᧕᧘导ࠪሩᮠլ❦࠭ᮠⲴởᓖ用Ҿ CTV ⢩ᖱ计算Ǆ᧕лᶕˈ
ᡁԜሶ㔃ਸ CTM ⁑රⲴє⿽≲䀓ㆆ⮕࠶别㔉ࠪє⿽ CTV Ⲵᇎ⧠Ǆ

4.5.1 ะӄ਎࠼䍓ਬᯥⲺީ㚊ѱ从ੇ䠅

ᡁԜ俆ݸ䇘䇪ྲօ࡙用ਈ࠶䍍ਦᯟᯩ⌅ᶕ᧘导ࠪ CTV ⢩ᖱⲴањᖒᔿ㺘䗮Ǆ
ᔿޜ (3-2) ᱟമۿ d Ҿޣ CTM Ⲵሩᮠլ❦࠭ᮠǄᡁԜ䟷用ਈ࠶䍍ਦᯟᯩ⌅ [119]
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മ 4.1 㚄ѫ仈ੁ䟿Ⲵ㕆⸱⽪᜿മޣ㚄ѫ仈⁑රⲴ学Ґԕ৺ޣ

ᶕ᧘导ࠪ CTV Ⲵᖒᔿ㺘䗮Ǆ↓ྲㅜйㄐ中ᡰ㔉ࠪⲴˈ䈕ሩᮠլ❦࠭ᮠ㻛䘁լѪ
ᔿޜ (3-3) Ⲵ LV BǄ᧕лᶕᡁԜ计算 LV B ৲Ҿ䎵ޣ {µ,Σ} Ⲵ Fisher Score：

u[µ] = ∂L/∂µ = Σ−1(λd − µ), (4-1)

u[Σ−1] = ∂L/∂Σ−1 = 1/2(Σ− diag(ν2d)− (λd − µ)T (λd − µ)). (4-2)

ተ৲ᮠޘҾޣ β Ⲵ Fisher Score ᱟ u[β] = (u[βij ])K×V = (∂L/∂βij)K×Vˈަ中

∂L/∂βij =

Nd∑
n=1

ϕd,niw
j
d,n/βij. (4-3)

µ ઼ Σ ᱟⵏᇎཊݳ儈ᯟ࠶ᐳⲴ৲ᮠˈԆԜᱟӾᡰᴹമۿ中学ҐࡠⲴǄࡽ䶒ᐢ㓿ᨀ

λdˈࡠ ઼ ν2d ᱟമۿ⢩ᇊⲴˈ䘉ѫ㾱ᱟഐѪԆԜᱟӾ单њ㿲⍻മۿᮠᦞ wd 中ᤏਸ

ᗇࡠⲴǄ(λd − µ) 㺑䟿Ⲵᱟⵏᇎݸ傼࠶ᐳⲴ൷٬与ᆳⲴ䘁լਈ࠶࠶ᐳ൷٬ѻ䰤Ⲵ

ᐞᔲǄ类լⲴˈΣ − diag(ν2d) 亩㺑䟿Ⲵᱟєњ࠶ᐳᯩᐞѻ䰤ⲴᐞᔲǄϕd,ni ᱟањ

ཊ亩ᔿ࠶ᐳ৲ᮠˈ指Ⲵᱟ൘㔉ᇊ topic i ⲴᶑԦлˈword wd,n ࠪ⧠Ⲵਟ㜭ᙗǄu[β]
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ਟԕⴻ作ᱟ word ࠪ⧠⅑ᮠⲴᵏᵋˈަ中 word ࠪ⧠Ⲵᾲ⦷ ϕd,ni ᱟᴹањޘተ৲

ᮠ β Ҿޣ䱥҈⌅ˈᡁԜሶ≲䀓ሩᮠլ❦࠭ᮠ⸙ݽᵳⲴǄѪҶ䚯࣐ Σ−1 Ⲵٿ导ᮠˈ

ণޜᔿ (4-2) 中 Σ Ⲵ䘶ˈ㘼нᱟ≲䀓ሩᮠլ❦࠭ᮠޣҾ৲ᮠ Σ Ⲵٿ导ᮠǄޜᔿ

(4-1)-(4-3) Ⲵާփ᧘导㿱䱴ᖅAǄ
ਖཆˈޣҾ䎵৲ {µ,Σ} Ⲵ Fisher 信᚟⸙䱥ਟԕㆰ单ൠ㺘⽪Ѫ：

I[µ] = −E[∂2L/∂µ2] = Σ−1, (4-4)

I[Σ−1] = −E[∂2L/∂(Σ−1)2], (4-5)

I[β] = −E[∂2L/∂β2
ij]

= −
Nd∑
n=1

p(wd,n|θd)∂2L/∂β2
ij

= −
Nd∑
n=1

p(wd,n|θd)
Nd∑
m=1

ϕd,miw
j
d,m/β

2
ij

=−
Nd∑
m=1

ϕd,miw
j
d,m/β

2
ij.

(4-6)

ᴹҶ Fisher Score ઼ FIMˈᡁԜ・ণቡᴹҶйњޣҾ {µ,Σ, β} ৲ᮠⲴ䘁լ
Fisherੁ䟿：φ[µ] = I[µ]

−1/2u[µ]ˈφ[Σ] = I[Σ]
−1/2u[Σ]ˈφ[β] = I[β]

−1/2u[β]Ǆ᧕лᶕˈᡁ

Ԝ䘎᧕ᒦ↓ॆࡉ䘉йњੁ䟿ˈቡᗇࡠҶᜣ㾱Ⲵ CTVǄ↓ॆࡉ䟷用与 LTV ⴨਼Ⲵ
power ᡆ者ˈॆࡉ↓ L2 ॆࡉ↓ [118, 126]Ǆ

4.5.2 ะӄਿᐹᯥ䟽ṭⲺީ㚊ѱ从ੇ䠅

каሿ㢲中ˈᡁԜӻ㓽Ҷਈ࠶䍍ਦᯟᯩ⌅ᴹ⺞ᇊᙗⲴ˄䘁լ˅ሩᮠլ❦࠭ᮠ

[117, 121] 㺘䗮ᔿˈਟԕ㻛用Ҿ CTV ᖒᔿ㺘䗮Ⲵ᧘导Ǆնᱟˈ⭡Ҿ䶎ޡ䖝ݸ傼
Ⲵᵜ䍘䰞仈 [121, 122]ˈ൘䇝㓳䱦⇥ˈสҾ䘁լਈ࠶䍍ਦᯟᯩ⌅Ⲵ CTM ৲ᮠ学
Ґˈ䴰㾱㙇䍩ᰲ䍥Ⲵ计算ԓԧǄሩҾᰕ⳺໎䮯Ⲵᮠᦞ䳶ˈ大㿴⁑ǃ༽ᵲⲴᮠᦞ࣯

ᗵՊ֯ᗇ䈕䰞仈ᰕ⑀࣐ࢗǄѪҶ䀓ߣ䈕䲀ࡦ䰞仈ˈᡁԜ䟷用ਟᢙኅਹᐳᯟ䟷ṧ算

⌅ (scalable Gibbs Sampling algorithm) [121]Ǆ䈕算⌅∄䖳ᇩ᱃ᢗ㹼ˈᒦфᵜ䍘к
ᱟᒦ㹼ॆⲴˈ䘲ਸ大㿴⁑ᮠᦞⲴ学ҐǄ൘᧕лᶕⲴ䇘䇪中њˈᡁԜሶสҾ VB ᯩ
⌅᧘导ᗇࡠⲴ CTVˈ䇠作ᱟ CTV-VB˗ሶสҾ Gibbs Sampling Ⲵ CTVˈ䇠作ᱟ
CTV-GSǄ

Gibbs Sampling 䚯ݽҶሩᮠլ❦࠭ᮠ中〟࠶亩Ⲵ⺞ᇊᙗ计算ˈᱟ通䗷ሩањ
䲿机ᣭṧⲴ䳀ਈ䟿䟷用䲿机ਈᦒ᫽作㘼䶎Ոॆሩᮠլ❦࠭ᮠⲴл⭼Ǆնᱟˈ与↔

਼ᰦˈᡁԜᖸ䳮ⴤ᧕᧘导ࠪสҾ Gibbs Sampling Ⲵ CTV ⲴާփᖒᔿǄ䀓ߣ䈕䰞
仈Ⲵањㆆ⮕ᱟˈ䘁լࠪ Gibbs Sampling 䀓⌅Ⲵሩᮠլ❦࠭ᮠǄ䘉њⴤ㿹䇔䇶ᶕ
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㠚ҾሩҾ Gibbs Sampling 与ਈᯩ࠶⌅Ⲵ㚄㌫Ⲵ䇪䇱 [123]：LGS к࣐ DKL Ⲵᵏ

ᵋㅹҾ LV Bˈণ LGS = LV B − Eq(zT |w){DKL[q(y|zT , x)||r(y|zT , x)]} ≤ LV Bˈަ中

x ᱟ㿲⍻ᮠᦞˈzT ᱟ䘝ԓ䟷ṧⲴ㔃᷌ˈy = z0, z1, ..., zT−1 ᱟ⇿а⅑䘝ԓⲴ⣦ᘱਈ

䟿ᒿࡇ˄a series of state variables˅̍ r(y|zT , x) ᱟ q(y|x, zT ) Ⲵањ⢩ᇊⲴ䘁լ࠶
ᐳǄDKL ᱟ࠶ᐳ q 与࠶ᐳ r ѻ䰤Ⲵ KL ᮓᓖ [123]ǄLV B ਟԕⴻ作ᱟ LGS Ⲵањ

к⭼Ǆഐ↔ˈᡁԜਟԕ䘁լ⭡ DKL Ⲵᵏᵋ᧗ࡦ Gibbs Sampling Ⲵሩᮠլ❦࠭ᮠǄ
ሩҾ CTV-GSˈᡁԜቍ䈅㶽ਸਈ࠶䍍ਦᯟ与ਹᐳᯟ䟷ṧⲴՈ⛩ᶕᶴ建 CTVǄާփ
ൠ䈤ˈสҾਈ࠶䍍ਦᯟᯩ⌅Ⲵ CTV ᧘导ˈѪ CTV ⢩ᖱᨀ׋ања㡜ᔿⲴᖒᔿॆ
㺘䗮ǄሩҾ CTV-GSˈަ㕆⸱ᯩᔿ׍ᰗ׍䎆Ҿ CTV-VB Ⲵ㺘䗮ᖒᔿˈަ⴨ޣⲴ৲
ᮠ学Ґሶ䟷用 Gibbs Sampling 学ҐǄਈ࠶䍍ਦᯟ઼ਹᐳᯟ䟷ṧˈєњᯩ⌅䜭ᱟሩ
CTM Ⲵሩᮠլ❦࠭ᮠⲴ䘁լˈᡰԕᆳԜ᧿䘠Ⲵᱟ䈕࠶ቲᾲ⦷മ⁑ර中⴨਼Ⲵਈ
䟿䰤Ⲵ׍䎆ޣ㌫ǄਖཆˈᡁԜሶՊ൘ሿ㢲4.6中ˈ通䗷ᇎ傼ᶕ傼䇱 CTV-GSⲴ䘉⿽
䘁լᯩᔿⲴਸ⨶ᙗǄ

4.6 ᇔ僂僂䇷ф⁗ශ᷆࠼

4.6.1 䳆ѱ从ੇ䠅

䳀ѫ仈ੁ䟿൘൪Ჟ࠶类ԫ࣑к䇴ՠˈᡁԜ䘹用 SIFT ⢩ᖱ作Ѫተ䜘᧿䘠子ˈ
ᮠᦞ䳶ᱟ SCENE 类⁑ර䟷用Ⲵᱟ࠶ˈ8 one-vs-all Ⲵ㓯ᙗ SVM 类ಘˈᙗ㜭䇴࠶
ՠ䟷用ᒣ൷࠶类߶⺞ᓖ [92]Ǆ
൘ LTV ⢩ᖱⲴ计算中ˈᡁԜ໎࣐ሩ৲ᮠ ϕ Ⲵሩ喀᫽作ˈᇎ傼㔃᷌ሩ应

㺘4.1中ĀImprovedāаࡇǄӾᇎ傼㔃᷌ਟⴻࠪˈ᭩䘋ਾⲴޣҾ৲ᮠ ϕ 䟿Ⲵ⢩ᖱ࠶

ԕ৺与ަԆ࠶䟿⢩ᖱⲴ㓴ਸˈ大䜘࠶ᛵߥл䜭ᴹҶᙗ㜭кⲴᨀ儈Ǆ

ᡁԜሩ LTV㔃᷌中ഋњ৲ᮠሩ应Ⲵ࠶䟿࠶别䘋㹼䇴ՠᶕ᷀࠶਴њ࠶䟿ሩ⢩ᖱ
Ⲵ䟽㾱程ᓖˈྲ㺘4.1ᡰ⽪ǄሩҾ单њ࠶䟿ˈޣҾ৲ᮠ β Ⲵ LTV 类ᙗ㜭࠶䟿Ⲵ࠶
ᴰ儈ˈޣҾ৲ᮠ α 䟿⢩ᖱǄ࠶䟿Ⲵ㓴ਸ⢩ᖱˈᙗ㜭⮕ᗞ䎵䗷单њ࠶ᴰվǄєњࡉ

ᡁԜ通䗷൘ LTV 中ޕ࣐ FIM Ⲵㆆ⮕ˈሩ LTV 中 FIM 䘋㹼Ҷᇎ傼傼䇱Ǆн
ޕ࣐ FIM Ⲵ LTV ⴨ᖃҾ Fisher Scoreˈ⢩ᖱ㕆⸱ਚ用Ҷа䱦信᚟Ǆޕ࣐ FIM Ⲵ
LTV ᱟቍ䈅ޕ࣐⁑රⲴҼ䱦ٿ导信᚟ᒦ用Ҿ㕆⸱⢩ᖱ：ᴰ大լ❦ՠ计ᯩ⌅൘≲䀓
ᾲ⦷࠶ᐳ৲ᮠᰦˈᱟԔ log լ❦Ⲵа䱦导ᮠㅹ 0Ǆ㘼 Fisher vector ⲴṨᗳ Fisher
Score ҏ↓ᱟ log լ❦ޣҾ⁑ර৲ᮠⲴа䱦ٿ导ˈф Fisher Score ⲴᵏᵋㅹҾ 0Ǆ
Ӿⴞࡽᇎ傼㔃᷌ᶕⴻˈҼ䱦 log լ❦作用н大Ǆ
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㺘 4.1 ൘ᆇި大ሿѪ 64ǃѫ仈ᮠⴞѪ 8 ᰦ䳀ѫ仈ੁ䟿൘ SCENE 8 ᮠᦞ䳶кⲴ൪Ჟ࠶类
㔃᷌

LTV ⢯ᖷ
Accuracy(%) Accuracy(%)

δLTV 䇗㇍ѣࣖؗޛᚥ⸟䱫ε δLTV 䇗㇍ѣৱᦿؗᚥ⸟䱫ε

LTV(α) LTV(β) LTV(γ) LTV(ϕ) Plain Improved Plain Improved
√

– – – 35.85 31.20 60.17 60.17
–

√
– – 71.61 71.61 77.07 77.07

– –
√

– 44.44 44.44 48.62 48.62
– – –

√
68.75 73.15 61.12 56.83

√ √
– – 72.67 72.67 76.96 76.96

– –
√ √

68.80 73.52 64.72 64.19
√

–
√

– 52.97 52.97 66.05 66.05
√

– –
√

68.96 73.46 62.45 59.80
–

√
–

√
73.25 75.64 72.93 75.69

√ √ √ √
73.15 73.15 77.12 77.12

√ √ √ √
73.52 75.90 72.72 75.74

4.6.2 ީ㚊ѱ从ੇ䠅

൘䈕ሿ㢲ˈᡁԜ䇴ՠҶᡰᨀࠪⲴ CTV Ⲵᙗ㜭ˈᒦфሶަ与ཊњᴰ⴨ޣⲴᯩ
⌅䘋㹼Ҷሩ∄Ǆ൘ᇎ傼䇮㖞кˈ䟷用与᮷⥞ [83, 118, 135] 类լⲴᇎ傼䇮计：สҾ
ᡰᨀࠪⲴ CTV ⢩ᖱˈ䇝㓳ањ one-vs-all Ⲵ㓯ᙗ SVM ࠶类ಘˈᒦф䟷用ᒣ൷࠶
类߶⺞ᓖ [92] ᶕᓖ䟿࠶类ᙗ㜭Ǆ

4.6.2.1 䇴㖤

ᮦᦤ䳼ȾᡁԜ൘єњ benchmark ᮠᦞ䳶к䘋㹼ᇎ傼傼䇱：SUN 397 [6, 88] ઼
MIT Indoor 67 [87]Ǆ

ᇔ僂䇴㖤Ⱦ 㘳㲁ࡠ CNN ␡ቲⲴ◰⍫⢩ᖱ㺘⧠ࠪⲴՈᔲⲴമۿ㺘⽪⌋ॆᙗ઼
ᕪ大Ⲵ䈝ѹ㚊类᭸应 [107]ˈ൘ާփᇎ⧠кˈᡁԜ䟷用 CNN ⢩ᖱ [89] 作Ѫተ䜘᧿
䘠子ᶴ建 deep-BoWˈᒦ用ᶕ䇴ՠᡰᨀࠪⲴ CTVǄަ中 deep-BoW Ⲵᇎ⧠䗷程㿱
ㅜйㄐ޵ᇩǄ൘䇝㓳䱦⇥ˈdeep-BoW ੁ䟿ሶՊ䗃ࡠޕ CTM ⁑ර中用Ҿ学Ґ⁑
ර৲ᮠˈ㘼 CTM Ⲵ学Ґᯩ⌅ᱟสҾ VB ᡆ者 GS ᯩ⌅Ǆ㔉ᇊҶ学ҐࡠⲴ CTM
৲ᮠˈᡁԜṩᦞޜᔿ (4-1 4-6)ˈሶ deep-BoW ੁ䟿用Ҿ⭏ᡀ CTV ⢩ᖱˈᒦሶ䈕
⢩ᖱ用Ҿ⍻䈅䱦⇥Ⲵ࠶类ԫ࣑Ǆ൘ᇎ傼中ˈᡁԜ൘йњቪᓖк˄ሿǃ中ǃ大ቪᓖˈ

ҏቡᱟਆн਼大ሿᮠ٬Ⲵ P˅ᇎ⧠Ҷ CTV-VB઼ CTV-GS˄ѪҶㆰॆˈє者㔏〠
Ѫ CTVs Ǆ˅ሩҾཊቪᓖ CTV˄multi-scale CTV˅̍ 㘳㲁ࡠ Fisher Vector ᱟ儈㔤
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Ⲵˈ൘ާփᇎ傼中ˈᡁԜᒦ⋑ᴹⴤ᧕Ѣ㚄й⿽ቪᓖкⲴ৏࿻ CTV ⢩ᖱᶕ㧧ᗇཊ
ቪᓖ CTVǄཊቪᓖ CTV-VB/CTV-GS ᱟй⿽ቪᓖⲴ⢩ᖱ਴㠚ሩ应Ⲵ SVM ᗇ࠶
ੁ䟿ⲴѢ㚄Ǆ

⭡Ҿ CTV Ⲵᇎ⧠ᱟสҾㅜйㄐⲴ deep-BoWˈᡰԕ CTV ᇎ傼中ሩҾമ
亴༴⨶ˈ䟷用与ۿ deep-BoW ⴨਼Ⲵᯩ⌅ǄᡁԜ俆ݸᢺаᑵമۿⲴ大ሿ䈳ᮤࡠ

256×256 ඇⲴ大ሿˈ൘ᇎ傼中ᡁԜ䘹用Ҷۿ㍐ǄሩҾമۿ 3 њቪᓖˈণമۿඇ
Ⲵ大ሿ࠶别ሩ应 256×256ǃ128×128 ઼ 64×64 ۿ㍐Ǆ൘ᡰᴹቪᓖкˈᣭṧമۿ
ඇⲴ㖁Ṭ↕䮯ᱟ 32 њۿ㍐ǄሩҾተ䜘⢩ᖱ᧿䘠子ˈᡁԜ࡙用 Caffe[124] 别ส࠶
Ҿ ImageNet ᮠᦞ䳶 [77] ઼ Places ᮠᦞ䳶 [69] к亴䇝㓳Ⲵ Alex-network[89] ᨀਆ
CNN FC7 ⢩ᖱǄሩҾ deep-BoWˈᡁԜ䘹用 max Sampling ㆆ⮕ǄѪҶ学Ґ CTV
中⎹৺ࡠⲴ⁑ර৲ᮠˈdeep-BoW Պ䗃ࡠޕสҾ VB 学ҐⲴ CTM ⁑ර中ᡆ者ᱟ
สҾ GS学ҐⲴ scalable CTM⁑ර [121]中Ǆਖཆˈ൘ logistic↓ᘱ࠶ᐳሩ应Ⲵ਴
㔤ᓖ˄ᾲ⦷˅ѻ઼䴰┑䏣ㅹҾ 1 Ⲵ㓖ᶏˈ䘉᜿ણ⵰਴㔤ᓖᱟ㓯ᙗ⴨ޣⲴˈ䴰㾱൘
CTM Ⲵ≲䀓中ሶަ中ањ㔤ᓖⲴ൷٬઼ᯩᐞޘ㖞Ѫ䴦ˈഐ↔а㡜ᛵߥлॿᯩᐞ
ᱟ䶎┑〙ǃཷᔲⲴˈ䘉ቡѪ Fisher 信᚟计算ޜᔿ中计算ॿᯩᐞ⸙䱥Ⲵ䘶ᑖᶕҶ䳮
ᓖǄഐ↔ˈ൘ާփⲴᇎ傼中ˈᡁԜ用 Fisher Score ᶕ䘁լ CTV ⢩ᖱǄ䲔ѻ↔ཆˈ
᮷⥞ [22] ҏᡰ指ࠪ FIM ᱟн䟽㾱ⲴǄ
൘᧕лᶕⲴ䇘䇪中ˈ൘ ImageNet ᮠᦞ䳶 [77] к䇝㓳Ⲵ␡ᓖ CNN 㖁㔌㻛㕙

Ѫ߉ CNN-Iˈ൘ Places ᮠᦞ䳶 [69] к䇝㓳Ⲵ␡ᓖ CNN 㖁㔌㻛㕙߉Ѫ CNN-P
˄PlacesNet Ǆ˅สҾ CNN-I ⢩ᖱᗇࡠⲴ CTVs 㻛㕙߉Ѫ CTV-Is (वᤜ CTV-VB-I
઼ CTV-GS-I)ˈสҾ CNN-P ⢩ᖱᗇࡠⲴ CTVs 㻛㕙߉Ѫ CTV-Ps (वᤜ CTV-
VB-P ઼ CTV-GS-P)Ǆ

4.6.2.2 ѱ㾷ᇔ僂㔉᷒

SUN 397 ᮦᦤ䳼Ⱦ 㺘4.2ኅ⽪Ҷ൘大㿴⁑ᮠᦞ䳶 SUN 397 кⲴѫ㾱ᇎ傼㔃
᷌ǄᡁԜѫ㾱Ӿєњᯩ䶒ሩ∄ҶᡰᨀࠪⲴ CTVs(CTV-VB and CTV-GS)：˄ 1˅与
สҾ Fisher Vector ṶᷦⲴᴰ⴨ޣⲴᯩ⌅Ⲵሩ∄ˈ˄ 2˅与ަԆ state-of-the-art ᯩ
⌅Ⲵሩ∄Ǆ൘㺘4.2中㔉ࠪⲴ⴨ᯩޣ⌅中ˈDMM FV [128] ᱟ单ቪᓖⲴˈ㘼 VLAD
[92]ǃSemantic FV [128]ǃCTV-GSs ઼ CTV-VBs ᱟཊቪᓖⲴˈާփൠ䇢ˈᱟй
њቪᓖⲴǄ

基于 ImageNet 的实验结果。 ㅜа㓴ሩ∄ᯩ⌅䟷用 CNN-I Ⲵ FC7 ⢩ᖱ作Ѫ
᧿䘠子Ǆ䘉Ӌᴰ⴨ޣⲴሩ∄ᯩ⌅वᤜҶ baseline CNN ઼㤕ᒢสҾ Fisher Vector
Ⲵᯩ⌅：DMM FV [128]ǃSemantic FV [128] ઼ VLAD [92]Ǆ൘㺘4.2中ˈbaseline
CNN-I ਆᗇҶ 42.61% Ⲵ࠶类߶⺞⦷ [69]ǄᡰᨀࠪⲴ CTV-VB-I ਆᗇҶ 53.35% Ⲵ
߶⺞⦷ˈCTV-GS-I ਆᗇҶ 53.21% Ⲵ߶⺞⦷˗ᆳԜ࠶别∄ baseline CNN-I 儈ࠪ
Ҷ 10.74% ઼ 10.60%Ǆਖཆˈሩ∄ަԆสҾ Fisher Vector Ⲵᯩ⌅ˈCTV-Is ҏᴹ
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Village

Castle
Restaurant 

Patio
Abbey

Construction 
Site

Lake 
Natural

SlumSlum Kasbah
Desert 

Vegetation
Cottage 
Garden

Kasbah

മ 4.2 Āvillageā൪ᲟⲴ䇶别㔃᷌Ǆㅜа㹼Ⲵᡰᴹമۿᱟ CTV 类↓⺞㘼࠶ CNN ⢩ᖱ䭉
㻛ۿѪ৽ֻⲴ㔃᷌ǄㅜҼ㹼㠣ㅜഋ㹼ˈ㔉ࠪҶ䈕ᑵമ࠶ CNN ⢩ᖱ䭉࠶Ⲵ类别ሩ应Ⲵ൪Ჟ
മۿǄ∄ྲㅜа㹼ㅜаࡇⲴ castle൪Ჟമۿˈ㻛 CNN 䭉࠶Ѫ castle൪Ჟ类别˗สҾㅜҼ
㹼㠣ㅜഋ㹼㔉ࠪҶ castle类别ሩ应Ⲵ൪ᲟമۿˈᡁԜਟԕ㿲ሏ：village઼ castleєњ类别
Ӿཆ㿲ᶕⴻˈᆈ൘䖳大Ⲵ⴨լᙗǄ

(a) (b)

Village VillageCastle Desert Vegetation

മ 4.3 ४ฏṧֻ

Airplane Cabin

Art Gallery

Baseball Field

Campus

Barn

Racecourse

Subway Station Platform

Laudromat

മ 4.4 ഋњ൪Ჟ类别Ⲵ䇶别㔃᷌ǄሩҾ⇿а类ˈᡁԜ㔉ࠪҶаᑵമۿˈф䈕മۿᱟ
CTV-GS 类↓⺞㘼࠶ CNN ⢩ᖱ䭉࠶Ѫ৽ֻⲴ㔃᷌Ǆ
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∄䖳ྭⲴ㺘⧠ǄCTV-I-VB ઼ CTV-I-GS ∄别࠶ DMM FV [128] 儈ࠪҶ 3.49% ઼
3.35% Ⲵ࠶类߶⺞ᓖǄቭ㇑ DMM FV ઼ CTVs 䜭ᱟสҾ Fisher Vector Ⲵˈնᱟ
DMM FV 与 CTVs є者ѻ䰤Ⲵањޣ䭞ᙗⲴн਼ѻ༴൘ҾˈDMM FV ᒦ⋑ᴹ
㘳㲁ѫ仈ѻ䰤Ⲵޣ㚄ᙗ˄theme/topic correlations Ǆ˅สҾ GMM Ⲵ Semantic FV
[128] ѫ㾱ᱟ䟷用ཊ亩ᔿ৲ᮠੁ䟿Ⲵ㠚❦৲ᮠॆ˄natural parameterizations˅ᶕᨀ
ॷ DMMFV ∄ᰗ׍类߶⺞⦷Ǆн䗷ˈᆳⲴᙗ㜭࠶ CTV-VB-I ઼ CTV-GS-I 别࠶
վҶ 1.55% ઼ 1.41%Ǆণ֯ᱟ൘ഋњቪᓖкѢ㚄Ⲵ Semantic FVs Ⲵᴰྭᙗ㜭㺘
⧠ 53.0% [128] ҏ਼ṧվҾ CTV-IsǄ䲔↔ѻཆˈVLAD 㻛䇔ѪᱟสҾ GMM Ⲵ
Fisher Vector[128] Ⲵа⿽䘁լǄGong ㅹӪ [92] ൘䇪᮷中指ࠪˈสҾ CNN-I Ⲵཊ
ቪᓖ VLAD ਟԕሶ࠶类ᙗ㜭ᨀॷࡠ 51.98%Ǆ਼ṧൠˈCTV-GS-I ઼ CTV-VB-I
ᰗ䎵䗷Ҷཊቪᓖ׍ VLADǄа㡜ൠ䇢ˈ൘䘉Ӌᴰ⴨ޣⲴᯩ⌅中њˈDMM FV ᱟ
建・൘ DMM ѻкˈ㘼 DMM ᱟٷ䇮ѫ仈˄themes/topics˅ѻ䰤ᱟ⴨ӂ⤜・Ⲵ˗
VLAD ઼ Semantic FV ᱟ׍䎆Ҿ GMM Ⲵˈ㘼 GMM ᱟٷ䇮മۿ中Ⲵമۿඇᱟ
⴨ӂ⤜・Ⲵ [115]ˈᒦ⋑ᴹѫ仈ޣ㚄ᙗǄᙫⲴᶕ䇢ˈ䘉Ӌ与 CTV-Is Ⲵሩ∄㔃᷌傼
䇱Ҷ：˄ ˄ˈ䇮ᒦнᱟᙫ㜭䘲ਸҾ建⁑ѫ仈/䈝ѹٷᐳⲴ࠶਼・⤜˅1 2˅ѫ仈/䈝ѹ
ѻ䰤Ⲵޣ㚄ᙗⲴᕅޕˈਟԕᨀॷสҾ Fisher Vector 㹽⭏Ⲵ⢩ᖱሩҾ䇶别ԫ࣑Ⲵᙗ
㜭Ǆ

㺘4.3㔉ࠪҶᡁԜᡰᨀࠪⲴ CTVs ൘н਼ቪᓖкⲴᇎ傼㔃᷌Ǆ൘⇿ањ单
ቪᓖкˈᡰᨀࠪⲴ CTV-VB-I Ⲵ࠶类߶⺞ᓖ࠶别ᱟ：256×256 ቪᓖк 44.30%ǃ
128×128 ቪᓖк 50.08%ǃ64×64 ቪᓖк 47.00%Ǆ൘⇿ањ单ቪᓖкⲴ CTV-GS-I
Ⲵᙗ㜭ˈ与 CTV-VB-I ᱟ⴨ᐞнཊⲴǄє者ѻ䰤Ⲵᐞ䐍ᴰվӵӵᱟ 0.48%ˈᴰ儈
ᱟ 2.48%Ǆ↓ྲк䶒ᨀࡠⲴˈሩҾє者Ⲵཊቪᓖᛵߥˈ䘉њᐞ䐍㕙ሿࡠҶ 0.14%Ǆ
նᱟᡁԜн㜭ᘭ⮕Ⲵа⛩ᱟˈ用Ҿ≲䀓 CTM Ⲵਈ࠶䍍ਦᯟᯩ⌅䗮ࡠ᭦ᮋᰦˈ㙇
䍩Ҷ∄䖳䮯Ⲵᰦ䰤ˈቔަᱟሩҾ大㿴⁑ᮠᦞ䳶ˈ∄ྲ SUN 397ǄสҾ GS Ⲵ≲䀓
ᯩ⌅ [121] ֯ CTV-GS-I Ⲵ学Ґᴤ࣐儈᭸ǄᙫⲴᶕ䇢ˈ൘ᙗ㜭кˈє者Ⲵ࠶类ᙗ
㜭ᱟн⴨клⲴ˗൘计算䟿кˈᡁԜⲴ CTV-GS-I ∄ CTV-VB-I ᴤ࣐ᴹ᭸Ǆ
⴨∄Ҿ VLAD [92]ˈᡁԜᡰᨀࠪⲴ CTV-VB-I ൘ 256×256 ቪᓖкᨀॷҶ

4.73% Ⲵ࠶类ᙗ㜭ˈ൘ 128×128 ቪᓖкᨀॷҶ 4.74%ˈ൘ 64×64 ቪᓖкᨀॷ
Ҷ 6.79%Ǆ类լൠˈCTV-GS-I Ⲵ࠶类㺘⧠䎵ࠪ VLAD ᒣ൷ᴹ 4 њⲮ࠶⛩Ǆ൘
128×128 ቪᓖкˈCTV-VB-I ઼ CTV-GS-I ՈҾ Semantic FVǄ൘ 256×256 ቪᓖ
кˈCTV-VB-I 㺘⧠ᗇ∄ Semantic FV ྭ㘼 CTV-GS-I ਆᗇҶ与 Semantic FV ਟ
∄Ⲵᙗ㜭Ǆ

基于 PlacesNet的实验结果。ѪҶᴤ࠶ݵ࣐ൠ傼䇱ᡰᨀࠪⲴ CTVsˈᡁԜ৸ส
Ҿԕ൪ᲟѪ中ᗳ˄scene-centric˅Ⲵ PlacesNet[69]ᔰኅҶᇎ傼Ǆ⴨∄ object-centric
ImageNet [77]ˈPlacesNet ᱟ scene-centric ⲴǄ↓ྲ㺘4.2ᡰኅ⽪ⲴˈCTV-Ps Ⲵᙗ
㜭᰾ᱮ∄ CTV-Is 儈ࠪҶ大㓖 5 њⲮ࠶⛩ǄCTV-VB-P ਆᗇҶ 58.39% Ⲵ࠶类߶
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⺞ᓖˈCTV-GS-P ਆᗇҶ 58.43% 类߶⺞ᓖǄ与࠶ CNN-P ⴨∄ˈCTV-VB-P ઼
CTV-GS-P 别ਆᗇҶ࠶ 4.07% ઼ 4.11% ᙗ㜭ᨀॷǄ

٬ᗇ⌘᜿Ⲵа⛩ᱟˈสҾн਼ⲴቪᓖˈCTV-VB-P ઼ CTV-GS-P ާᴹ⴨਼
Ⲵᙗ㜭㺘⧠䎻࣯：ቪᓖ䎺ሿˈᙗ㜭䎺վˈާփᇎ傼ᮠᦞਟ㿱㺘4.3Ǆ੸⧠䈕䎻࣯
Ⲵṩᵜ৏ഐਟ㜭ᱟ PlacesNet ઼ ImageNet є者ᡰ学ҐࡠⲴ䈝ѹѻ䰤ⲴᐞᔲᙗǄ
ImageNet ᱟ object-centric Ⲵˈഐ↔ˈᡰ学ҐࡠⲴ CNN ⢩ᖱޣ⌘Ҿ儈ቲ object-
oriented Ⲵ䈝ѹ/ⴞḷǄ䘉а⛩ㅖਸ൪ᲟമۿⲴањһᇎ：ⴞḷᙫᱟࠪ⧠൘൪Ჟമ
中ሿⲴ४ฏ/ቪᓖкǄҏ↓ഐѪྲ↔ˈሿቪᓖкⲴۿ CTV-Is Ⲵ࠶类ᙗ㜭ՈҾ大ቪ
ᓖкⲴ CTV-Isˈ䘉ᱟਸ⨶ⲴǄ❦㘼ˈPlacesNet ᱟ scene-centric Ⲵˈᆳᡰ学Ґࡠ
Ⲵ CNN ⢩ᖱᱟ䎻ੁҾޘተᙗⲴ scene-oriented 䈝ѹǄቪᓖ䎺ሿˈമۿඇवਜ਼Ⲵ൪
Ჟ级别Ⲵ信᚟䎺ቁǄഐ↔ˈᡰᨀࠪⲴ CTV-Ps ൘䖳大Ⲵቪᓖкᙗ㜭ᴤྭˈ䘉ҏᱟ
ਸ⨶ⲴǄ

ᡁԜ䟷用᮷⥞ [92] ਁᐳⲴޜᔰԓ⸱ˈ䟷用 CNN-I ⢩ᖱᴯᦒѪ CNN-P ⢩ᖱ
ᶕᶴ建ཊቪᓖ VLADǄ൘йњ单ቪᓖкˈPlacesNet 与 ImageNet є者学ҐࡠⲴ
䈝ѹᐞᔲᙗˈᐢ㓿ѕ䟽ൠᖡ૽ࡠสҾ CNN-P Ⲵ VLAD Ⲵᙗ㜭㺘⧠ǄӾ 256×256
ቪᓖࡠ 64×64 ቪᓖˈVLAD ᙗ㜭л䱽Ⲵ程ᓖᴤ大Ǆ⴨∄ҾཊቪᓖⲴ CTV-Psˈส
Ҿ CNN-P Ⲵཊቪᓖ VLAD վҶ 6.7 њⲮ࠶⛩Ǆሩ∄ CNN-I ᛵߥˈᡁԜⲴสҾ
CNN-P Ⲵ CTVs 䖳大程ᓖкൠ䎵䗷Ҷ VLADǄ

ѪҶ䘋а↕᷀࠶ CTVsˈᡁԜኅ⽪Ҷ൘⍻䈅മۿк CTV-Is Ⲵ࠶类ᇎ傼㔃
᷌Ǆമ4.2Ⲵㅜа㹼ᱟޣҾ village类别Ⲵ䇶别ṧֻˈ䈕൪Ჟമۿ中 buildingsǃskyǃ
trees઼ rocksᱟޡ⧠ⲴǄᡰᨀࠪⲴ CTV ࡙用Ӿ䇽ޡ⧠˄word co-occurrence˅学Ґ
ᱟۿᒦ㕃䀓䇽ѹ⁑㋺䰞仈Ǆ䲔↔ѻཆˈ䘉Ӌമ⧠ޡ㚄䳀ѫ仈ᶕ᧿䘠䈕䈝ѹޣⲴࡠ

CTV↓⺞࠶类Ⲵ↓ֻ˄true positive˅㘼㻛 CNN⢩ᖱ䭉࠶Ѫ৽ֻ˄false negative˅
Ⲵ㔃᷌Ǆԕമ4.2中Ⲵㅜа㹼ㅜаᑵമۿѪֻˈ䈕മۿ㻛 CTV-GS ↓⺞ൠ䇶别Ѫ
village൪Ჟ类别ˈնᱟ㻛 CNN ⢩ᖱ䭉䈟ൠ䇶别Ѫ castle൪Ჟ类别Ǆ通䗷㿲ሏ䘉ᑵ
മۿᡰ㔉ࠪⲴ village类别઼ castle类别Ⲵ൪Ჟമۿˈbuildingsǃsky઼ trees൘єњ
൪Ჟ类别中ᙫᱟа䎧ࠪ⧠ˈ䘉֯ᗇє类൪Ჟമۿཆ㿲к∄䖳⴨լǄ䈕类䰤⴨լᙗ

䰞仈Ѫ൪Ჟമۿ⢩ᖱ㺘⽪ᑖᶕҶᐘ大Ⲵ᥁ᡈǄሩҾᡁԜᨀࠪⲴ CTV ⢩ᖱᶕ䇢ˈ
ᆳަ中ޣҾޘተ䳀৲ᮠ β Ⲵ䜘࠶ˈӾṩᵜк᧘ࣘ⵰ visual words ᖡ૽⵰ latent
topicǄҏ↓ᱟ word 与 topic ѻ䰤Ⲵᖡ૽作用ˈᴹࣙҾ䇶别൪Ჟ类别ѻ䰤Ⲵᐞᔲ
ᙗˈ䘉ᱟഐѪањѫ仈ᱟਇ䲀Ҿаᑵമۿ⢩ᇊ኎ᙗⲴǄമ4.2中用㔯㢢Ṷḷ⌘ࠪ
ᶕⲴ buildingˈ൘н਼Ⲵ൪Ჟ中ਈॆᱟᐘ大Ⲵˈ∄ྲˈcastleǃabbeyǃconstruction
siteǃslum઼ kasbahǄമ4.3㔉ࠪҶമ4.2中ㅜаق઼ࡇᮠㅜҼࡇⲴєᑵ village൪Ჟ
മۿⲴ४ฏǄᡁԜਟԕ␵Რൠⴻࡠˈ䘉єᑵമۿ中ᡰḷࠪⲴ४ฏˈᆈ൘∄䖳大Ⲵ

ᐞᔲǄ䲔↔ѻཆˈമ4.4ҏኅ⽪Ҷᶕ㠚ަԆ类别ⲴഋњṧֻǄ䘉ഋњᶕ㠚ഋњ类别
ⲴമۿˈሩҾ CTV ᶕ䇢ᱟ↓ֻˈሩҾ CNN ⢩ᖱᱟ㻛䭉࠶Ⲵ৽ֻ˄㻛 CNN ⢩ᖱ
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䭉䈟ൠ䇶别ѪަԆ类别 Ǆ˅൘മ4.3˄a˅中ˈvillage൪Ჟമۿ㻛 CNN ⢩ᖱ䭉࠶Ѫ
castle൪Ჟ类别ˈնᱟӾ㔉ࠪⲴйᑵ castle൪ᲟമۿਟԕⴻࠪˈሩҾ castle൪Ჟ中
ިරⲴ castleⴞḷተ䜘४ฏˈԆԜ与 village൪ᲟമۿⲴިර४ฏ cottage ⴞḷተ䜘
४ฏˈᆈ൘ᖸ大Ⲵн਼Ǆ਼ṧⲴᛵߥˈҏᆈ൘Ҿമ4.3˄b˅中 village൪Ჟ类别与
desert vegetation൪Ჟ类别ѻ䰤ǄᡰԕᡁԜُ䢤 Fisher Kernel Ⲵᙍᜣˈ䟷用ѫ仈与
㿶㿹䇽ѻ䰤Ⲵޣ㌫ᶕᦅ㧧ཆ㿲⴨լⲴєњ൪Ჟ类别ѻ䰤ⲴᐞᔲᙗǄҏ↓ᱟสҾ↔

㿲ሏˈ੟ਁ⵰ᡁԜሩ CTV Ⲵ᧒ウǄ
MIT Indoor 67 ᮦᦤ䳼Ⱦ 㺘4.4ኅ⽪Ҷ CTV ൘ MIT Indoor 67 ᮠᦞ䳶к

Ⲵѫ㾱ᇎ傼㔃᷌Ǆ与 SUN 397 类լˈᡁԜҏѫ㾱Ӿєњᯩ䶒ሩ∄ҶᡰᨀࠪⲴ
CTVs：˄ 1˅与 baseline CNN ⢩ᖱ઼ Fisher Vector 㹽⭏Ⲵᴰ⴨ޣⲴᯩ⌅Ⲵሩ
∄ˈ˄ 2˅与ަԆ state-of-the-art ᯩ⌅Ⲵሩ∄Ǆሩ൘㺘4.4中ᡰ㔉ࠪⲴ⴨ᯩޣ⌅中ˈ
DMM FV [128] ઼ Sparse Coding FV [134] ᱟ单ቪᓖⲴˈ㘼 VLAD [92]ǃSemantic
FV [128]ǃCTV-GSs ઼ CTV-VBs ᱟཊቪᓖⲴˈާփൠ䇢ˈᱟйњቪᓖǄ
基于 ImageNet 的实验结果。 䲔Ҷ Sparse Coding FV [134] 䟷用ㅜޝቲⲴ

CNN-I ⢩ᖱ作Ѫ᧿䘠子ˈㅜа㓴ሩ∄ᯩ⌅䟷用Ⲵᱟ CNN-I Ⲵ FC7 ⢩ᖱ作Ѫ᧿䘠
子Ǆ൘䘉Ӌ⴨ޣⲴᯩ⌅中ˈCNN baselineⲴ࠶类߶⺞ᓖᱟ 56.79% [69]ǄCTV-VB-I
ਆᗇҶ 68.88% Ⲵ࠶类߶⺞ᓖˈCTV-GS-I 㧧ᗇҶ 68.36% Ⲵ࠶类㺘⧠Ǆ与 SUN
397 ᮠᦞ䳶ᇎ傼㔃᷌类լˈᡁԜҏ൘ MIT Indoor 67 ᮠᦞ䳶кᗇࠪ⴨਼Ⲵ㔃䇪：
CTV-VB-I ઼ CTV-GS-I Ⲵᙗ㜭㺘⧠⴨ᐞн大ˈᱟਟ∄䖳Ⲵˈᒦф䜭ᖸ大程ᓖ
кൠ䎵ࠪҶ CNN-I baselineǄਚн䗷ˈࡽ者䇶别㔃᷌ᴤ߶⺞ˈ㘼ਾ者Ⲵᰦ䰤༽ᵲ
ᓖᴤվǄਖཆˈᡰᨀࠪⲴ CTV-Is 与 VLADǃDMM FVǃSemantic FV ઼ Sparse
Coding ᱟਟ∄䖳ⲴǄSparse Coding FV [134] ᱟ൘ተ䜘 CNN-I ⢩ᖱⲴส⹰кˈ䟷
用 Sparse Coding ⁑රᶕᶴ建 Fisher Vector ⲴǄ与 Semantic FV ઼ VLAD н਼
ⲴᱟˈLatent GMM FV ᯩ⌅ [115] Ѫ GMM ⁑රⲴ␧ਸᵳ䟽˄mixing weights˅
৲ᮠ࣐кҶањ⣴࡙ݻ䴧ݸ傼࠶ᐳǄᖃ Latent GMM FV 䟷用与ᡁԜ类լⲴ密
䳶㖁Ṭ䟷ṧ˄dense grid sampling˅ⲴമۿඇⲴᯩᔿᰦˈLatent GMM FV 㧧ᗇҶ
65.0% Ⲵ߶⺞ᓖǄ⭡Ҿ⣴࡙ݻ䴧ݸ傼࠶ᐳⲴ㕈᭵ˈLatent GMM ⁑ර᰾ᱮൠ指ࠪˈ
ᆳަ中Ⲵ⇿ањ单 Gaussian ѻ䰤ᱟӂ⴨⤜・Ⲵˈ㘼䘉Ӌ单 Gaussian ⁑රਟⴻڊ
ᱟањ㚊类中ᗳᡆ者ањѫ仈/䈝ѹǄᙫᗇᶕ䇢ˈLatent GMM FV ᒦ⋑ᴹᢺ䘉
Ӌ Gaussian ѻ䰤Ⲵޣ㚄ᙗ㘳㲁䘋৫Ǆ⴨৽ൠᱟˈᡰᨀࠪⲴ CTV-Is ൘؍䇱 Fisher
Vector ⲴՈ㢟⢩ᙗⲴ਼ᰦˈ㘳㲁Ҷѫ仈/䈝ѹѻ䰤Ⲵޣ㚄ᙗǄӾᇎ傼㔃᷌ਟԕ᰾ᱮ
ⴻࠪˈCTV-VB-I 䎵ࠪ Latent GMM FV3.88 њⲮ࠶⛩Ⲵ࠶类߶⺞ᓖǄഐ↔ˈ⤜・
ᙗⲴٷ䇮ሩҾ࡫⭫൪ᲟമۿⲴ䈝ѹཚ䗷ѕṬҶǄ

ਖཆˈᡁԜҏ䇴⍻Ҷн਼ቪᓖк CTVs Ⲵ൪Ჟമۿ䇶别ᙗ㜭㺘⧠ˈާփ㔃᷌
ਟ㿱㺘4.3Ǆ൘ 256×256 ቪᓖкˈCTV-VB-I ਆᗇҶ 59.78% Ⲵ࠶类߶⺞ᓖˈ䎵ࠪ
Ҷ VLAD 6.06 њⲮ࠶⛩ǄCTV-GS-I ਆᗇҶ 58.88% Ⲵ࠶类߶⺞ᓖˈ䎵ࠪ VLAD
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Topic Number

8 16 32 64 128

A
c
c
u

ra
c
y

0.5

0.52

0.54

0.56

0.58

0.6

0.62

0.64

0.66

0.68

0.7
CTV-GS(256x256)

CTV-GS(128x128)

CTV-GS(64x64)

CTV-GS(multi-scale)

മ 4.5 Ҿѫ仈ᮠⴞⲴ䇴ՠޣ

5.15 њⲮ࠶⛩Ǆ൘䈕ቪᓖкˈCTVs ᱟӾޘተമۿк㕆⸱⢩ᖱⲴˈ㘼нᱟᢺമۿ
㻱࢚ᡀമۿඇǄሩҾᇔ޵൪Ჟമۿᶕ䇢ˈԆԜᙫᱟ੸⧠ࠪ༽ᵲⲴⴞḷ㓴㓷㔃ᶴˈ

䘋㘼导㠤䖳大Ⲵ类޵ਈॆᙗ˗ྲ᷌䟷用㻱࢚മۿඇⲴᯩᔿᶕ㕆⸱⢩ᖱˈਟ㜭Պ߿

ሿ类޵ਈॆᙗˈഐѪተ䜘മۿඇа㡜䜭वਜ਼∄䖳ቁᮠ䟿Ⲵⴞḷˈ߿ቁҶമۿⲴ༽

ᵲᓖǄ

基于 PlacesNet 的实验结果。สҾ CNN-P˄PlacesNet˅̍ ᡰᨀࠪⲴ CTVs㧧
ਆҶ儈䗮 73.88%Ⲵ࠶类߶⺞ᓖˈާփ㔃᷌ਟ㿱㺘4.3Ǆ与 SUN 397ᇎ傼㔃᷌⴨լˈ
CTV-Ps ൘单ቪᓖкᴤੁٮҾ൘䖳大ⲴቪᓖкᴹᴤྭⲴᙗ㜭㺘⧠ǄCTV-VB-P ൘
256×256 ቪᓖкਆᗇҶ 70.90% Ⲵ࠶类߶⺞ᓖǄ⴨∄Ҿ 128×128 ቪᓖкⲴ࠶类㔃
᷌ˈ256×256 ቪᓖਆᗇҶ 2.17% Ⲵᙗ㜭ᨀॷ˗⴨∄Ҿ 64×64 ቪᓖкⲴ࠶类㔃᷌ˈ
256×256 ቪᓖਆᗇҶ 12.17% Ⲵᱮ㪇ᙗ㜭ᨀॷǄ䘉ṧⲴᇎ傼㔃᷌ᱟ与 SUN 397 ᮠ
ᦞ䳶类լⲴˈ㘼䘉ަ中Ⲵṩᵜ৏ഐҏ与к䶒䇘䇪Ⲵ⴨਼Ǆ

4.6.2.3 ⁗ශ䇺զф৸ᮦ䇺զ

学ҖࡦⲺѱ从фѱ从ҁ䰪Ⲻީ㚊ᙝ䇞论 ᡰ学ҐࡠⲴѫ仈/䈝ѹ㶽ਸҶ类别
⢩ᇊᙗⲴޣ㚄ޣ㌫ˈԆԜ㮤ਜ਼ⲴѠᇼ䈝ѹਟԕ໎ᕪ㺘⽪类޵Ⲵ⴨լᙗǄ࣐޽к

Fisher Vector ᯩ⌅ሩҾ类䰤ࡔ别㜭࣋Ⲵ໎ᕪˈCTV ሩҾ൪Ჟ࠶类ԫ࣑㺘⧠ࠪҶᐘ
大Ⲵ▌࣋Ǆ

ѱ从ᮦⴤⲺ䇺զ: ѫ仈ᮠⴞⲴ䇴ՠᱟ൘ MIT Indoor 67 ᮠᦞ䳶к䘋㹼Ⲵˈާ
փᇎ傼㔃᷌㿱മ4.5Ǆᖃѫ仈ᮠⴞӾ 8 ࡠ 128 ໎大ᰦˈཊቪᓖ CTV-GS Ⲵ࠶类ᙗ
㜭ਈॆᗇᖸሿǄ䘉аᇊ程ᓖк㺘᰾Ҷѫ仈ᮠⴞሩҾ CTV ᒦнᱟањѫ㾱ഐ㍐Ǆ
䘉ᱟഐѪˈCTVs ⓀҾ䳀ޣ㚄ѫ仈/䈝ѹˈ㘼ᴹ䲀Ⲵѫ仈ᮠⴞᐢ㓿䏣ཏ൘ Fisher
Kernel オ䰤中ᦅ㧧ࡠаᑵമۿⲴѫ仈与䇽ѻ䰤ⲴᗞሿᐞᔲǄ
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⁗ශ≸䀙㇍⌋Ⲻ䇺զ: ᡁԜ䪸ሩє⿽н਼ CTM ≲䀓算⌅ᡰᗇࡠⲴ CTVs ⢩
ᖱ䘋㹼ᇎ傼᷀࠶：CTV-VB ઼ CTV-GSǄ൘㺘4.2ǃ4.3઼4.4中ˈਟԕ㿲ሏࡠˈᰐ
䇪ᱟཊቪᓖ䘈ᱟ单ቪᓖˈCTV-GSs ᙫᱟ与 CTV-VBs ⴨ᐞнཊǄֻྲˈ൘йњ单
ቪᓖкˈሩҾ MIT Indoor 67 ᮠᦞ䳶ˈCTV-VB-I 与 CTV-GS-I ѻ䰤Ⲵᐞ䐍ˈᒣ
൷ਚᴹ 0.70 њⲮ࠶⛩˗ሩҾ SUN 397 ᮠᦞ䳶ˈ䈕ᐞ䐍ᒣ൷ਚᴹ 1.38 њⲮ࠶⛩Ǆ
൘ཊቪᓖкˈሩҾ MIT Indoor 67 ᮠᦞ䳶ˈ䘉њᐞ䐍䱽ࡠҶ 0.52%˗ሩҾ SUN
397 ᮠᦞ䳶ˈ䘉њᐞ䐍ᴤᱟ䱽ࡠҶ 0.06%Ǆ䘉Ӌਟᘭ⮕Ⲵᙗ㜭ᐞ䐍㺘᰾Ҷ Gibbs
Sampling ሩҾਈ࠶䍍ਦᯟ算⌅ᱟањᖸྭⲴ䘁լǄ

4.7 ᵢㄖቅ㔉

൘ᵜㄐ中ˈѪҶ൘䳀䈝ѹⲴส⹰к㧧ᗇՈᔲⲴ൪ᲟമۿˈᡁԜ㔃ਸ⭏ᡀᔿ⁑

ර઼ࡔ别ᔿ⁑රˈᨀࠪҶ䳀ѫ仈ੁ䟿⢩ᖱ㺘⽪Ǆᴤ䘋а↕ˈѪҶ৫䲔ተ䜘മۿඇ

ѻ䰤Ⲵ⤜・਼࠶ᐳٷ䇮ˈ䟷用 logistic ↓ᘱݸ傼࠶ᐳ建⁑䳀䈝ѹޣ㚄ޣ㌫ˈᒦᨀࠪ
㚄ѫ仈ੁ䟿ޣ CTVǄCTV ⢩ᖱ㺘⽪Ⲵᇎ⧠нӵ㔃ਸҶ㮤ਜ਼Ѡᇼ䈝ѹ信᚟Ⲵ CNN
⢩ᖱˈ਼ᰦҏ᧒ウҶ▌൘Ⲵޣ㚄ᙗ䈝ѹˈᒦሶަ㕆⸱Ҿ Fisher Vector Ṷᷦ中, ԕ
↔ᶕᨀॷ㺘⽪Ⲵࡔ别㜭࣋ǄѪҶ㜭䇙ᡰᨀࠪⲴᯩ⌅ᴤ䘲ਸ大㿴⁑ᮠᦞ䳶ˈᡁԜ䘋

а↕㔉ࠪҶਈ࠶䍍ਦᯟ≲䀓઼ਹᐳᯟ䟷ṧ≲䀓Ⲵ CTV ᇎ⧠Ǆ൘大㿴⁑ᮠᦞ䳶к
Ⲵᇎ傼傼䇱Ҷ CTV Ⲵᴹ᭸ᙗˈᒦኅ⽪ࠪަሩ CNN ⢩ᖱⲴ䖳大ᙗ㜭ᨀॷˈሩส
Ҿ␡ᓖ⢩ᖱⲴ Fisher Kernel 㺘⧠ࠪᐘ大Ⲵ▌࣋Ǆᙫѻˈ与 GMM ㌫ࡇⲴ Fisher
Vector ઼ LDA ㌫ࡇⲴ Fisher Vector а䎧ˈᡁԜᡰᨀࠪⲴ CTV Ѫമۿ䈝ѹ㺘⽪
ᶴ建Ҷањᴤ࣐ᆼ༷Ⲵ⭏ᡀᔿ⁑රǄ
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ㅢӊㄖ ะӄ䳆ⴤḽ᥌᧎Ⲻ൰Ქ࠼㊱

൪ᲟമۿⲴ༽ᵲᙗѫ㾱փ⧠൘н਼⿽类ǃн਼ᮠⴞǃн਼ቪᓖⲴⴞḷ࠶ᐳ൘

൪Ჟ中н਼Ⲵ位㖞ˈ䙐ᡀ൪Ჟമۿ䖳大Ⲵ类޵ᐞᔲᙗ઼类䰤⴨լᙗ䰞仈Ǆ׍䎆ⴞ

ḷỰ⍻ǃമࢢ࠶ۿⲴᯩᔿቭ䟿䇶别ࠪ൪Ჟ中ᡰᴹⴞḷⲴㆆ⮕ˈнӵ䴰㾱༴⨶ⴞḷ

㠚䚞ᥑ઼⴨ӂ䚞ᥑǃቪᓖཊṧǃ⿽类ཊṧǃᇎֻᮠ䟿ཊṧㅹ᥁ᡈᙗ䰞仈ˈ㘼ф䘉

ӋⴞḷⲴỰ⍻ᡆ者ࢢ࠶Ⲵањٷ䇮ᨀࡽᱟⴞḷ䜭ᱟ⴨ӂ⤜・ᆈ൘Ҿ൪Ჟ中Ǆ⧠ᴹ

ⴞḷỰ⍻ಘਚ㾶ⴆҶᶱᴹ䲀Ⲵⴞḷ类别ˈᰐ⌅┑䏣ሩ൪Ჟമۿ中ਟ㜭ᆈ൘Ⲵ਴类

Ѡᇼ⢩ᖱ㺘⽪Ⲵ䴰≲Ǆ൘ᵜㄐۿᙗⴞḷⲴỰ⍻ˈҏᰐ⌅┑䏣൪Ჟമࡊᙗᡆ者䶎ࡊ

中ˈᡁԜᨀࠪ䳀ⴞḷ˄Latent ObjectˈLO˅ᶕ㺘⽪൪ᲟⲴ䈝ѹ信᚟ˈᰐ䴰ԫօമ
ተ઼ተ䜘Ⲵ学ҐᯩᔿˈᨀࠪޘǃӪ工ḷ⌘ᡆ大䟿亴䇝㓳ⴞḷỰ⍻ಘ˗㔃ਸࢢ࠶ۿ

䳀ⴞḷਁ⧠˄Latent Object DiscoveryˈLOD˅Ⲵᯩ⌅ˈ㠚䘲应ൠਁᧈ൪Ჟമۿ中
ާᴹࡔ别ᙗǃ㺘⽪ᙗⲴ४ฏˈᒦ㌫㔏ॆൠ㓴㓷䳀ⴞḷᶕᶴ建൪Ჟ⢩ᖱ㺘⽪Ǆ

5.1 ᕋ䀶

⨶䀓㿶㿹൪Ჟമۿᱟ䇶别ǃ᧘ᯝᡁԜઘതц⭼Ⲵ䙄ᖴѻаǄањĀ൪Ჟā᧿

䘠Ⲵᱟањݵ┑ҶѠᇼᇎփ˄∄ྲˈཙオˈ⋉┙ˈṁᵘˈṼ子ˈ䰘ㅹㅹ˅Ⲵањ

ൠᯩǄн਼⿽类ǃ大ሿǃቪᓖ઼位㖞Ⲵᇎփⴞḷ䙐ᡀҶ䶎ᑨ大Ⲵ൪Ჟཆ㿲н⺞ᇊ

ᙗǄ㘳㲁ࡠ൪Ჟ⭡ⴞḷ㓴ᡀˈ䇨ཊ⹄ウ工作㠤࣋Ҿ᥆ᧈ䛓Ӌᑨ㿱ⲴⴞḷǄ䈕ㆆ⮕

ᗇ⳺Ҿ൘⧠ᴹޜᔰᮠᦞ䳶˄ྲ PASCAL ઼ ImageNet˅кᐢ㓿䇝㓳ྭⲴⴞḷỰ⍻
ಘǄնᱟˈ䘉Ӌᮠᦞ䳶㾶ⴆⲴⴞḷ类别䶎ᑨᴹ䲀ˈ∄ྲ PASCAL ⴞḷỰ⍻ᮠᦞ
䳶ਚवਜ਼Ҷ 20 类ˈImageNet ⴞḷമۿᮠᦞ䳶वਜ਼Ҷ 200 类Ǆ൘൪Ჟമۿ中ˈྲ
മ5.1ᡰ⽪ˈ∄ྲཙオǃ⋉┙઼⋉═ˈᱟ⋑ᴹ᰾⺞Ⲵǃ㿴ࡉⲴⴞḷ䗩⭼ˈᡰԕ⧠ᴹ
ⴞḷỰ⍻ಘᡰਁᧈࠪⲴ४ฏˈᒦнᱟᙫᱟާᴹ㺘⽪࣋ⲴǄ൪Ჟമۿ中Ⲵⴞḷᆈ൘

ѕ䟽Ⲵ㠚䚞ᥑ઼⴨ӂ䚞ᥑǃቪᓖཊṧǃ⿽类ཊṧǃᇎֻᮠ䟿ཊṧㅹ᥁ᡈᙗ䰞仈ˈ

䘉ቡ䙐ᡀỰ⍻൪Ჟമۿ中Ⲵⴞḷ䶒Ѥ䶎ᑨ大Ⲵ᥁ᡈǄণ֯ⴞḷỰ⍻ಘᴹ⵰ՈᔲⲴ

ᙗ㜭㺘⧠ˈ൪Ჟ中Ⲵⴞḷᱟ㻛⤜・Ự⍻ࡠⲴ˗䘉ӋỰ⍻ࡠⲴⴞḷњփᰐ⌅┑䏣ሩ

༽ᵲ൪ᲟⲴ᧿䘠Ǆн਼类别Ⲵ൪Ჟ类别ᖸਟ㜭Պࠪ⧠⴨਼类别Ⲵⴞḷˈ䛓Ѹⴞḷ

Ự⍻ಘᖸਟ㜭൘䘉Ӌн਼类别൪Ჟമۿ中䗃ࠪ⴨լ४ฏˈᰐ⌅┑䏣᧿䘠൪Ჟ类别

ᐞᔲᙗⲴ䴰≲Ǆ

ᡁԜᨀࠪ䳀ⴞḷ用Ҿ൪Ჟ䇶别ˈᰐ䴰ԫօḷ⌘઼亴䇝㓳Ⲵᑨ㿱ⴞḷỰ⍻ಘǄ

䳀ⴞḷᰒਟ㜭ᱟ䛓Ӌᑨ㿱Ⲵᇎփⴞḷ৸ਟԕᱟᇎփⴞḷ␧ਸփˈᡆ者ᱟⴞḷ䜘Ԧˈ

ᡆ者ᱟаӋ㓩⨶ॆⲴǃ仌㢢ѠᇼⲴമۿ४ฏǄLO нᱟӵ䲀Ҿ䘉Ӌᑨ㿱Ⲵⴞḷ类
别˄ྲ PASCAL 中 20 类ⴞḷ˅̍ 㘼ᱟѪ൪Ჟമਁۿᧈᱮ㪇Ⲵǃѫ导ᙗⲴമۿ४
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Highway Street Classroom Office Living-room

Highway Industry Tall-building Coast Mountain

(a)

(b)

മ 5.1 ൪Ჟമۿ⽪ֻǄ(a) ൪Ჟമۿṧֻ –वਜ਼ҶаӋᑨ㿱Ⲵⴞḷˈ∄ྲˈ⊭䖖Ṽ子ǃ⬦
子ǃ⋉ਁǃӪǃ电㝁䭞ⴈǃ⤇ǃҖᷦㅹㅹˈ䘉Ӌⴞḷᱟ⧠ᴹⲴⴞḷỰ⍻ಘቭ࣋৫学Ґ઼Ự

⍻Ⲵሩ䊑˗(b) ൪Ჟമۿṧֻ –⧠ᴹⲴⴞḷỰ⍻ಘ൘䘉Ӌമۿ中ᖸਟ㜭ཡ᭸ˈഐѪ䘉Ӌ൪
Ჟമۿᖸ䳮㻛࠶䀓Ѫᴹ⭼Ⲵǃ䗩⭼␵ᲠⲴⴞḷǄ∄ྲˈ൘Ā⎧የā൪Ჟ中ˈ⎧≤੸⧠Ⲵᱟ

䶎ࡊᙗ䗩⭼Ⲵ⢩ᙗǄሩҾĀ儈䙏ā൪Ჟˈ᤹➗ᑨ䇶ˈᡁԜਟԕỰ⍻䖖䖶ⴞḷ˗նᱟĀ儈

䙏ā൪Ჟ中ˈ⋑ᴹԫօ䖖䖶Ⲵᛵߥҏᰦᴹਁ⭏Ǆഐ↔׍䎆ҾՇཊ亴䇝㓳ⲴᱮᔿⴞḷỰ⍻ಘ

Ⲵ൪Ჟ䇶别ㆆ⮕ˈ䴰㾱䶒Ѥᶱަᓎ大ⲴỰ⍻计算䟿઼ᶱަ༽ᵲⲴⴞḷỰ⍻᥁ᡈ˄∄ྲˈⴞ

ḷ䚞ᥑǃн਼ⴞḷቪᓖǃн਼ⴞḷ大ሿㅹ Ǆ˅

ฏǄн਼Ҿ⧠ᴹⲴᱮ㪇ᙗ⹄ウ工作ˈLO 䎻ੁҾ䛓Ӌާᴹࡔ别ᙗǃ㺘⽪ᙗⲴ४ฏˈ
ᒦфᱟ与类别⴨ޣⲴǄ

ᡁԜሶ䳀ⴞḷਁᧈ建⁑൘ањᴰሿॆ⟥ⲴṶᷦ中ˈ䟷用ޘተࡠተ䜘ǃተ䜘ࡠ

ᇊѹⲴᡆ者亴䇝㓳Ⲵᇎփⴞݸ䎆Ҿ亴׍ተⲴᯩᔿ䘋㹼⁑ර学ҐǄ䳀ⴞḷਁᧈнޘ

ḷỰ⍻ಘˈᆳᱟ䟷用ᴰሿ⟥ࡔ别࠭ᮠᶕ䇝㓳ањ൪Ჟ⢩ᇊⲴ䳀⁑රˈ用ᶕ㠚ࣘൠǃ

㠚䘲应ൠѪ⇿аᑵ൪Ჟമਁۿᧈа㓴䈝ѹ४ฏǄ通䗷 LO ሩമۿ级别࠶类Ⲵޡ㓯
ᙗᶕ࣐ᵳ䳀ⴞḷˈӾ㘼ᇎ⧠㠚䘲应ተ䜘⢩ᖱ㕆⸱Ǆ䳀ⴞḷ᥆ᧈⲴѫ㾱䍑⥞ᾲᤜྲ

л：

1. ᨀࠪᴰሿॆ⟥䳀ⴞḷਁᧈㆆ⮕ˈ用ᶕᨀਆާᴹ㺘⽪ᙗ઼ࡔ别ᙗⲴമۿඇǄ

2. ᨀࠪޘተ઼ተ䜘⴨㔃ਸⲴ学ҐṶᷦˈ用ᶕ学ҐสҾᴰሿॆ⟥Ⲵ䳀ⴞḷǄ
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5.2 ⴮ީᐛ֒

䇶别ࠪݸҾӪ类ᝏ⸕Ⲵ⹄ウ指ࠪˈӪ类ਟԕᘛ䙏䇶别ањ൪Ჟ㘼ᰐ䴰俆ޣ

൪Ჟ中Ⲵⴞḷ [17]ǄสҾ↔⹄ウਁ⧠ˈ通ᑨˈ൪Ჟ䇶别Ⲵᑨ用ㆆ⮕ᱟ㧧ᗇޘተⲴ
൪Ჟ㺘⽪ǄสҾ↔ㆆ⮕Ⲵᯩ⌅ᱟӾаᮤᕐമۿ䘋㹼学Ґˈᒦф⭏ᡀޘተ᧿䘠子

[17–20]Ǆ通ᑨˈ䘉Ӌᯩ⌅ᱟ建・൘ BoW ⢩ᖱѻкⲴǄ⭡Ҿ㋇㌉Ⲵተ䜘ੁ䟿䟿ॆˈ
BoW ࣯ᗵՊ䙐ᡀа䇽ཊѹǃаѹཊ䇽Ⲵ䰞仈ˈӾ㘼ᦏᇣ൪Ჟ䇶别Ⲵᙗ㜭Ǆ㘳㲁ࡠ
൪Ჟਟԕ㻛䀓᷀ѪⴞḷⲴ㓴ਸˈഐ↔൪Ჟ䇶别ⲴㅜҼ⿽ㆆ⮕ᱟԕⴞḷѪ中ᗳⲴᯩ

⌅ˈ学Ґ൪ᲟⲴተ䜘信᚟Ǆ⴨ޣⲴ工作大㠤ਟ࠶Ѫє类：สҾ亴䇝㓳ⴞḷỰ⍻ಘ

Ⲵᯩ⌅ [74–76] ઼สҾተ䜘४ฏ学ҐⲴᯩ⌅ [72, 93–97]Ǆ
สҾⴞḷỰ⍻Ⲵᯩ⌅䇔Ѫ⢩↺Ⲵⴞḷ类别׳䘋儈ቲ䈝ѹⲴ᥆ᧈǄ䈕ᯩ⌅Ⲵа

њ䳀ਜ਼ٷ䇮ᱟ൪ᲟമۿⲴᡰᴹ类别ޡӛа྇亴ݸᇊѹྭⲴⴞḷ类别Ǆഐ↔䈕类ᯩ

⌅䈅മḷ⌘४ฏᒦф䇝㓳⴨应ⲴⴞḷỰ⍻ಘǄ䘉ṧⲴỰ⍻ಘਟԕ䟷用൘仍ཆⲴⴞ

ḷമۿᮠᦞ䳶˄ྲ PASCAL[10] I̍mageNet[89]˅к亴ݸ䇝㓳Ⲵ DPM˄Deformable
Part-based ModelsˈDPM˅[44] ᡆ者 RCNN ㌫ᯩࡇ⌅ [73–76]ˈਚн䗷䘉Ӌ仍ཆ
Ⲵᮠᦞ䳶ਚवਜ਼Ҷ䶎ᑨᴹ䲀Ⲵⴞḷ⿽类ǄสҾỰ⍻ࡠⲴᡆ者ḷ⌘Ⲵ४ฏˈਟԕѪ

മۿ䇶别ԫ࣑ⴞḷ⢩ᖱᨀਆᡆ者⢩ᖱ㕆⸱Ǆ൘᮷⥞ [66, 67] 中ˈᵾ伎伎ㅹӪᨀࠪ
ĀObject Bankāᯩ⌅ˈ䟷用൘ 12 њቪᓖ઼ 21 њオ䰤䠁ᆇຄ㖁ṬкỰ⍻ 177 ⿽ⴞ
ḷˈ㧧ᗇ⇿ањⴞḷࠪ⧠൘⇿ањۿ㍐༴Ⲵᾲ⦷Ǆ䘉ṧⲴԕⴞḷѪ中ᗳⲴᯩ⌅ٮ

ੁҾራ᢮㓿ᑨࠪ⧠Ⲵа㡜ᙗⴞḷˈնᱟ䘉Ӌᯩ⌅нӵỰ⍻计算ԓԧ大ˈ㘼ф䴰㾱

䀓ߣⴞḷ䇝㓳ฏ઼ⴞḷฏⲴᐞᔲᙗ䰞仈ǄWu ㅹӪ [72] ᨀࠪ⭏ᡀ Meta ⴞḷ઼а
㌫ޡࡇӛỰ⍻ಘˈ䟷用สҾ䶎ⴁⶓⲴ㚊类ᯩ⌅઼ᕡⴁⶓⲴ学Ґᯩ⌅ᶕ䀓ߣ䘉Ӌ䰞

仈Ǆн䗷ˈ䘉Ӌᯩ⌅䜭䗷ཊൠራ᢮н਼类别൪Ჟമۿ中䜭ਟ㜭ᆈ൘Ⲵⴞḷˈᘭ⮕

Ҷн਼൪ᲟമۿⲴᐞᔲᙗǄ

สҾተ䜘४ฏ学ҐⲴᯩ⌅㠤࣋Ҿ学Ґањࡔ别ඇ䳶ਸˈᒦሶᆳԜ用Ҿ中ቲ䈝

ѹ㺘⽪Ǆ൘᮷⥞ [93] 中ˈ作者⋯用 DPM[44] Ⲵᙍᜣˈሶањ൪Ჟ㿶Ѫа⿽⢩↺
Ⲵⴞḷˈ䈕ⴞḷ䜘ԦⲴオ䰤位㖞൘学Ґ䗷程中⴨ሩҾⵏᇎⴞḷṶ㘼䘋㹼䈳ᮤˈᒦ

ф䘈㜭ᑖᶕተ䜘ඇⲴオ䰤ሩ喀Ǆ❦㘼ˈ⭡Ҿᶱ大Ⲵཆ㿲ਈॆᙗ઼༽ᵲⲴඇオ䰤࠶

ᐳˈ⴨ሩҾⴞḷᶕ䇢ˈ与 DPM 类լⲴᯩ⌅ሩҾ㺘⽪൪Ჟ䗷Ҿ㿴ॆࡉǄ䘁年ᶕⲴ
工作 [72, 93–97] ᴤੁٮҾᕡⴁⶓ学Ґ˄∄ྲˈ䳀᭟ᤱੁ䟿机˅ᡆ者䶎ⴁⶓ学Ґ
̍˅别㚊类ࡔˈྲ∄˄ ԕ↔ᶕਁᧈ中ቲተ䜘ඇǄSingh ㅹӪ [93] ᨀࠪ䟷用䶎ⴁⶓࡔ
别㚊类ᶕ᥆ᧈањࡔ别ඇ䳶ਸˈᒦф䘉Ӌࡔ别ඇਟԕ用Ҿᆼޘ䶎ⴁⶓ中ቲ䈝ѹ㺘

⽪Ǆնᱟ䈕ᯩ⌅㕪ቁᴤ䘋а↕Ⲵ⢩ᖱ㕆⸱ㆆ⮕ǄDurand ㅹӪ [78] ᕅޕҶᴰሿ -ᴰ
大ॆ䳀㔃ᶴ SVM˄min-max latent structural SVMˈMANTRA˅̍ ሩҾањ类别

Ⲵ൪Ჟˈ㓴ਸተ䜘ඇⲴᴰ儈Ự⍻ᗇ઼࠶ᴰվ࠶ˈ㧧ᗇ䈕类别Ⲵ亴⍻ᗇ࠶Ǆ䳀䠁ᆇ

ຄ४ฏ˄Latent Pyramidal RegionsˈLPR˅[79] Ѫተ䜘४ฏᶴ建オ䰤䠁ᆇຄ⢩ᖱ
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മ 5.2 䳀ⴞḷ᥆ᧈ⍱程മ

㺘⽪ˈُࣙҾ䳀ਈ䟿⁑ර Latent SVM ӾՇཊ४ฏ中䘹ᤙᗇ࠶ᴰ儈Ⲵ४ฏᒦ亴⍻
൪ᲟḷਧǄ䘉Ӌᯩ⌅ӽᰗ䜭䗷ཊൠޣ⌘മۿ中ተ䜘४ฏˈᘭ⮕Ҷޘተ信᚟ԕ৺ޘ

ተ与ተ䜘信᚟є者ѻ䰤Ⲵޣ㚄ޣ㌫Ǆ൘ᵜ᮷中ˈᡁԜ䟷用䳀⁑ර学Ґᶕਁᧈ䳀ⴞ

ḷˈ൘ᴰሿॆ⟥߶ࡉл㔃ਸተ䜘઼ޘተㆆ⮕ˈ学Ґ൪ᲟമۿⲴᮤփ信᚟઼ተ䜘䳀

ⴞḷǄ㘳㲁ࡠⴞḷฏ൪ᲟⲴޣ㌫ˈӾޘተࡠተ䜘Ⲵ䀂ᓖᶕⴻˈањ൪Ჟਟ㜭㻛࠶

䀓ѪĀⴞḷā̍ ◰࣡ਁᧈ൪Ჟമۿ➗⡷中Ⲵ䛓Ӌާᴹ㺘⽪࣋ⲴĀⴞḷāᡆተ䜘४

ฏ˗Ӿተ䜘ޘࡠተⲴ䀂ᓖᶕⴻ Ā̍ⴞḷā㻛㔃ᶴॆൠ㓴㓷Ѫањ൪Ჟˈ◰࣡䛓Ӌ㻛

ਁᧈⲴĀⴞḷāᴤާᴹࡔ别ᙗൠ䀓䟺ањ൪ᲟമۿǄ㠚䘲应ൠ学Ґ઼ਁᧈⲴ䳀ⴞ

ḷˈ䚯ݽҶՐ㔏ᶴ建൪Ჟ⢩ᖱ㺘⽪പᇊᰐ䴰大䟿亴䇝㓳ⴞḷỰ⍻ಘ用ҾỰ⍻ᴹ䲀

类别ⲴⴞḷǄ

5.3 䳆ⴤḽ᥌᧎

ᔰ⁗ 䇮䇝㓳䳶ᱟٷ D= {(x1, y1), ..., (xN , yN)} ∈ (X × Y)NǄሩ⇿аሩ (x, y)ˈ

ᆳԜ䜭ᴹањ䳀ਈ䟿 h Ⲵ䳶ਸ与ѻ⴨ޣ㚄Ǆަ中 x ∈ X ᱟањ൪Ჟമۿˈᆳ
Ⲵ൪Ჟ类别ḷਧᱟ y ∈ YǄh ∈ H ԓ㺘Ҷ䳀ⴞḷਟ㜭Ⲵ位㖞Ǆ⁑ර䗃ޕ x ᱟਟ

㿲⍻Ⲵਈ䟿ˈަ٬൘䇝㓳䱦⇥઼⍻䈅䱦⇥䜭ᱟᐢ⸕Ⲵ˗⁑ර䗃ࠪ y ᱟнਟ㿲⍻

ਈ䟿ˈަ٬ਚᴹ൘䇝㓳䱦⇥ᱟᐢ⸕Ⲵ˗䳀ਈ䟿 h Ⲵ٬൘䇝㓳䱦⇥઼⍻䈅䱦⇥䜭

ᱟᵚ⸕ⲴǄਈ䟿 w ᱟᖵ≲Ⲵ㓯ᙗࡔ别䳀⁑රⲴ৲ᮠǄ㔉ᇊ䗃ޕമۿ xˈ䗃ࠪਈ

䟿઼䳀ਈ䟿Ⲵ㚄ਸᶑԦᾲ⦷㻛䇠作䳶ਸ Px = {P (y, h|x;w), ∀(y, h) ∈ X × Y}Ǆ
㔉ᇊ䗃ࠪḷਧ yˈ䳀ਈ䟿ⲴᶑԦᾲ⦷㻛䇠作䳶ਸ P y

x = {P (h|x, y;w), ∀h ∈ H}Ǆ
а㡜ᛵߥлˈQy

x = {P (y, h|x;w), ∀h ∈ H} ᱟањᒯѹ࠶ᐳԓ㺘ˈᵜ䍘кᱟ
ᐳ࠶ Px Ⲵањ子䳶ˈণ䗃ࠪ y ᡰሩ应Ⲵ子䳶Ǆ与 Px н਼ⲴᱟˈQy

x н䴰㾱

ㅹҾ઼࣐ 1ǄAD ⟥˄Aczél and DaróczyˈAD˅[98] 㻛用ᶕ䇴ՠ䳀ਈ䟿Ⲵн⺞
ᇊᙗǄAD ⟥ᱟ⪎࡙⟥˄Renyi Entropy˅Ⲵ⌋ॆˈᆳⲴᇊѹᱟ Hr,s(Q

y
x;w) =

1
1−r

log
(∑

h P (y, h|x;w)
r+s−1/∑

h P (y, h|x;w)
s)ˈަ中 r ≥ 0, r ̸= 1, s ≥ 0, r + s ≥

1Ǆ
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ᡁԜ䟷用ᴰሿॆ⟥ㆆ⮕ˈਁᧈࡔ别࣋ᕪⲴ䳀ⴞḷˈⴞⲴ൘Ҿ൘䱽վ䳀ਈ䟿н

⺞ᇊᙗⲴ਼ᰦ㧧ᗇቭਟ㜭߶⺞Ⲵ䗃ࠪḷਧ亴⍻Ǆ᮷⥞ [99, 145] 䇪䇱ҶޣҾ AD ⟥
Ⲵањ⢩ᙗ：ޣҾ y Ⲵᒯѹ࠶ᐳⲴ AD ⟥ਟԕ߉ᡀޣҾ y Ⲵ䍏ሩᮠլ❦与ޣҾᐢ

⸕ yᰦ䳀ਈ䟿ᶑԦᾲ⦷Ⲵ AD⟥ѻ઼：Hr,s(Q
y
x;w) = − logP (y|x;w)+Hr,s(P

y
x ;w)Ǆ

Ӿ↔ᔿਟⴻࠪˈаᯩ䶒ˈᴰሿॆ Hr,s(Q
y
x;w) ᜿ણ⵰ᴰ大ॆޣҾ y∗ Ⲵሩᮠլ❦ˈ

ণԔᴰՈ䀓 y∗ Ⲵᾲ⦷ᴰ大˗ਖаᯩ䶒ˈᴰሿॆ Hr,s(Q
y
x;w) ᜿ણ⵰ᴰሿॆޣҾ䳀

ਈ䟿Ⲵн⺞ᇊᙗǄᡰԕᡁԜਟԕ通䗷ᴰሿॆ䈕 AD ⟥ᶕ亴⍻䗃ࠪḷਧˈ䗮ࡠ൘᥆
ᧈ⺞ᇊᙗ儈ǃࡔ别࣋儈Ⲵ䳀ⴞḷⲴ਼ᰦ㧧ᗇሩҾ䗃ࠪḷਧᴤ߶⺞Ⲵ亴⍻ⲴⴞⲴ：

y∗ = argmin
y
Hr,s(Q

y
x;w). (5-1)

ሩҾањ学ҐࡠⲴ⁑ර৲ᮠ wˈ㔉ᇊањ൪Ჟമۿ xˈޣҾ䗃ࠪਈ䟿与䳀ਈ

䟿Ⲵ㚄ਸᾲ⦷㻛ᇊѹѪ

P (y, h|x;w) = 1/Z(x;w) · exp
(
wTϕ(x, y, h)

)
� (5-2)

ަ中 Z(x;w) ᱟ䝽࠭࠶ᮠ˄partition function˅̍ 䇱ᾲ⦷ѻ઼㻛ᖂаॆѪ؍ 1˗ሩ
Ҿമۿ x Ⲵањਟ㜭Ⲵ䳀ⴞḷ hˈϕ(x, y, h) ᱟަ㚄ਸ⢩ᖱੁ䟿Ǆ

通䗷ޜ᷀࠶ᔿ (5-1)ˈ⴨∄Ր㔏нਜ਼䳀ਈ䟿Ⲵࡔ别⁑රˈ䈕สҾᴰሿॆ⟥Ⲵ䳀
ਈ䟿⁑ර൘䀓࠶ߣ类䰞仈ᰦнаᇊᴹཚཊՈ࣯Ǆѫ㾱৏ഐ൘Ҿⴤ᧕ᴰሿॆ AD ⟥
Ⲵ㔃᷌ᱟ൘䱽վ䳀ਈ䟿н⺞ᇊᙗⲴ਼ᰦᨀॷ亴⍻Ⲵ߶⺞⦷ˈҏቡᱟ䳀ਈ䟿Ⲵᕅޕ

໎࣐Ҷ⁑ර亴⍻Ⲵ䳮ᓖ：亴⍻Ⲵ㔃᷌䴰㾱؍䇱䳀ਈ䟿઼䗃ࠪḷਧєњ䟿ⲴᴰՈǄ

նᱟሩҾ࠶类䰞仈ˈᡁԜѫ㾱ޣ⌘Ⲵᱟቭਟ㜭䗃ࠪᴰՈḷਧ亴⍻ǄѪҶ䀓ߣ䘉а

䰞仈ˈᡁԜᨀࠪޘተ઼ተ䜘⴨㔃ਸⲴ䳀ⴞḷ᥆ᧈᯩ⌅ǄӾޘተࡠተ䜘ˈᵏᵋ൘മ

中ۿ䳀ਈ䟿ˈ学Ґ⁑ර䎻ੁ᥆ᧈ൪Ჟമޕተḷਧ˄൪Ჟ类别˅Ⲵ指导лˈᕅޘۿ

ተˈᵏᵋ࡙用᥆ᧈޘࡠᕪⲴ䳀ⴞḷ˗Ӿተ䜘࣋别ࡔ㍐ˈণᱮ㪇ᙗǃݳ䭞ᙗ㿶㿹ޣ

Ⲵ䳀ⴞḷᶴ建ᴤާᴹ㺘⽪ࡔ઼࣋别࣋Ⲵ⢩ᖱ㺘⽪ˈ䘋㘼ᨀॷ࠶类⁑රⲴ亴⍻㜭࣋Ǆ

สҾ↔㿲⛩ˈᡁԜᨀࠪޘተ઼ተ䜘⴨㔃ਸⲴᴰሿॆ⟥䳀⁑ර学Ґᯩ⌅：

y∗ = argmin
y
HL(Qy

x;w) +HG(Qy
x;w). (5-3)

ަ中HL(Qy
x;w) = H∞,1(Q

y
x;w) = − logmax

h
P (y, h|x;w)ˈHG(Qy

x;w) = H2,0(Q
y
x;w)

= − log
∑

h P (y, h|x;w) +KˈK ᱟањᑨ䟿Ǆഐ↔ˈᡁԜ亴⍻䗃ࠪḷਧ y：

y∗ = argmax
y

{max
h
p(y, h)

∑
h
p(y, h)}

= argmax
y

{max
h
p(y, h)p(y)}.

(5-4)

ᖸ᰾ᱮˈ൪ᲟḷਧᱟӾєњ䀂ᓖ㻛亴⍻Ⲵ：(1) ተ䜘४ฏⲴᴰ大૽应ˈ(2) ተ૽ޘ
应Ǆਟ亴⍻Ⲵ信᚟通䗷ޘተ઼ተ䜘ᯩᔿ㔃ਸ൘а䎧Ǆ
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⁗ශ学ҖሩҾޜᔿ (5-3)ˈᖃਚ㘳㲁ަ中Ⲵ HL(Qy
x;w)䜘࠶ᰦˈHL(Q

y
x;w) =

− logmax
h

P (y, h|x;w)ˈᱟᴰሿ⟥˄Minimum Entropy˅[99]Ǆ⴨应ൠˈ㔉ᇊ⁑ර
৲ᮠ w1 ઼㚄ਸ⢩ᖱ ϕ1ˈޜᔿ (5-1) Ⲵ亴⍻ˈㅹԧҾ㔉ᇊ䗃ޕਈ䟿 x ᶑԦлⲴޣ

Ҿ y Ⲵ㚄ਸᴰ大ਾ傼᧘ᯝˈ

(ȳ(w1), h̄(w1)) = argmax(y,h)∈Y×HP (y, h|x)

= argmax(y,h)∈Y×H wT
1 ϕ1(x, y, h).

(5-5)

䘉ṧˈᡁԜቡ㧧ᗇҶޣҾ (y, h) ሩⲴᴰՈ亴⍻㔃᷌ˈ᧕лᶕ通䗷ㆰ单ൠᣋᦹޣҾ

h Ⲵ䜘࠶ˈቡᗇࡠҶޣҾ y Ⲵ亴⍻٬Ǆնᱟˈһᇎкˈ䘉њޣҾ (y, h) Ⲵᴰ大ਾ

傼亴⍻㔃᷌ “䗷ҾҀ㿲”ˈ⺞ᇊᙗൠᢺ䳀ਈ䟿䍻٬Ѫ (y, h) ᾲ⦷䗮ࡠᴰ大ᰦ h Ⲵ⣦

ᘱǃᢺ䗃ࠪḷਧ䍻٬Ѫ (y, h) ᾲ⦷䗮ࡠᴰ大ᰦ y Ⲵ٬Ǆ䈕亴⍻ḷਧ y Ⲵᯩ⌅ሩҾ

䳀ਈ䟿 h Ⲵᢠࣘ䶎ᑨ᭿ᝏˈᆳ⭊㠣ሩҾㆰ单Ⲵᛵߥҏᖸਟ㜭ᕅޕ∄䖳大ⲴٿᐞǄ

ഐ↔䈕㚄ਸᴰ大ਾ傼亴⍻ (y, h) ⲴᴰՈ㔃᷌ᒦнаᇊᱟޣҾ y ⲴޘተᴰՈ亴⍻Ǆ

䘉ҏ◰ਁ⵰ᡁԜᕅޘޕተ⁑රǄ

ሩҾޜᔿ (5-3)ˈᖃਚ㘳㲁ަ中Ⲵ HG(Qy
x;w)䜘࠶ᰦˈHG(Q

y
x;w) = − log

∑
h

P (y, h|x;w) +KˈㅹԧҾሩҾ䳀ਈ䟿Ⲵ䗩䱵ॆ [99]Ǆ㔉ᇊ⁑ර৲ᮠ w2 ઼㚄ਸ⢩

ᖱ ϕ1ˈޜᔿ (5-1) Ⲵ亴⍻ˈㅹԧҾ䗩䱵ॆᴰ大ਾ傼亴⍻ [99]ˈ

ȳ(w2) = argmax
y∈Y

∑
h
P (y, h|x)

= argmax
y∈Y

log
∑

h
exp

(
wT

2 ϕ1(x, y, h)
)
,

(5-6)

ᖸ᰾ᱮˈ䈕ᔿ子ᱮᔿൠ㘳㲁Ҷ䳀ਈ䟿Ⲵн⺞ᇊᙗǄਖཆˈṩᦞᶠ἞нㅹᔿ

˄Jensen’s Inequality˅઼ log(·)࠭ᮠⲴ䶎ࠨᙗˈᡁԜ᧘导ࠪ log
∑

h exp
(
wT

2 ϕ1(x, y, h)
)

Ⲵл⭼ˈ

log
∑

h
exp

(
wTϕ(x, y, h)

)
≥

∑
h
wT

2 ϕ1(x, y, h)

= wT
2

∑
h
ϕ1(x, y, h)

= wT
2 ϕ2(x, y, h).

(5-7)

ᔿޜ (5-7) ሶ䳀ⴞḷᮤਸ൘а䎧ˈӾ单њተ䜘४ฏ⢩ᖱ㺘⽪ ϕ1 㧧ᗇањޘተ⢩ᖱ

㺘⽪ ϕ2Ǆㆰ单ᶕⴻˈޜᔿ (5-7Ⲵᵜ䍘ᱟˈሩҾањ䳀ਈ䟿 SVM ⁑රˈᒿࡇ䗩䱵
ॆ䳀ਈ䟿ㅹԧҾ学Ґањ㓯ᙗ SVM ⁑රˈᰐ䴰ⴤ᧕学Ґ༽ᵲⲴǃ⎹৺大䟿ޣҾ
䳀ਈ䟿ⲴՈॆ计算઼ log-sum-exp ᫽作Ⲵⴞḷ࠭ᮠǄ

ᙫⲴᶕ䇢ˈᡁԜᴰ㓸Ⲵⴞḷᱟᴰ大ॆ䗃ࠪਈ䟿 y Ⲵਾ傼ᾲ⦷ P (y|x;w)ǄสҾ
HL(Qy

x;w) ઼ HG(Qy
x;w)ˈ䳀ਈ䟿Ⲵਾ傼ᾲ⦷ਟ㺘⽪Ѫˈ

logP (h|y, x) = log (P (y, h|x)/P (y|x))

∝ wT
1 ϕ1(x, y, h)− log

∑
h
exp

(
wT

2 ϕ1(x, y, h)
)

≤ wT
1 ϕ1(x, y, h)− wT

2 ϕ2(x, y),

(5-8)
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ଵݓ ݄ ଶ1ݓ 2

3

0: Initialization  

1: locally Learning

2: Globally learning

3: Latent object discovery

0

ǡݕሺ݌ ݄ȁݔሻ ǡݔሺ݄ȁ݌ ሻݕ ሻݔȁݕሺ݌

ݐ݊݁ݐ݈ܽ ǣݏݐ݆ܾܿ݁݋ ݌ ݄ ǡݔ ݕ ൌ ݌ ǡݕ ݄ ǡݔ ݕ Ȁ݌ሺݕȁݔሻ
മ 5.3 学Ґ䗷程

P (h|y, x) ∝ exp
(
wT

1 ϕ1(x, y, h)/ expwT
2 ϕ2(x, y)

)
. (5-9)

н䳮⨶䀓ˈ䳀ਈ䟿Ⲵᾲ⦷ਟԕ⭡ањ Softmax ࠭ᮠ䘁լ㧧ᗇǄ䈕 Softmax ࠭ᮠ
ޣተ⁑රޘҾਁ⧠类别⢩ᇊⲴ䳀ⴞḷˈ㘼⌘ޣተ઼ተ䜘⁑රǄተ䜘⁑රޘ䎆Ҿ׍

⌘ҾสҾਁᧈⲴ䳀ⴞḷⲴ㕆⸱⢩ᖱᶕ䘋㹼൪Ჟ䇶别Ǆ൘ᵜㄐ中ˈᡁԜ䟷用สҾ

GMM Ⲵ Fisher Vector ⢩ᖱ㕆⸱ᯩ⌅Ǆ
൘ањᴰ大䗩⭼Ⲵ建⁑中ˈ⁑ර৲ᮠ w = (w1, w2) Ⲵ学Ґ通䗷ᴰሿॆл䶒Ⲵ

ⴞḷ࠭ᮠ㧧ᗇ：

min
w,ξ

1

2
∥w∥2 + C

N

N∑
i=1

ξi

s.t. H(Qy
xi
;w)−H(Qyi

xi
;w) ≥ ∆(yi, y)− ξi,

∀y ̸= yi,∀(xi, yi) ∈ D,

(5-10)

ަ中 H(Qy
x;w) = HL(Qy

x;w)+HG(Q
y
x;w)˗∆(yi, y)ᱟ 0-1ᦏཡˈণ：ྲ᷌ yi = yˈ

∆(yi, y) = 0ˈ੖ࡉㅹҾ 1Ǆ
ާփൠˈ൘৲ᮠ学Ґ䱦⇥ˈ俆ݸ学Ґ৲ᮠ w1 Ⲵተ䜘⁑රˈণ Model 1ˈѫ㾱

用ᶕਁᧈ䳀ⴞḷ˗᧕⵰学Ґ৲ᮠѪ w2 Ⲵޘተ⁑රˈণ Model 2ˈ用ҾѪമۿ䇶别
ԫ࣑㘼㌫㔏ᙗൠ㓴㓷䘉Ӌ䳀ⴞḷǄ਼ᰦˈ൘ޘተተ䜘⁑රⲴᖡ૽лˈ䘉Ӌ䳀ⴞḷ

Ⲵ㖞信ᓖՊ㻛ᴤᯠˈ㘼㻛用Ҿла⅑䘝ԓ学Ґ中Ǆ৲ᮠⲴ学Ґ䗷程ਟ৲㿱മ5.3Ǆ
⁗ශᇔ⧦൘ᇎ⧠䗷程中ˈ䟷用 Selective Search[104]ㆆ⮕ᗇࡠተ䜘४ฏˈ䘉Ӌ

४ฏѪ䳀ⴞḷᨀࡍ׋࿻ى䘹䳶ǄสҾ Places 205ᮠᦞ䳶 [69]亴䇝㓳Ⲵ Alex㖁㔌Ⲵ
ㅜгቲ⢩ᖱሶ作Ѫ䘉Ӌ४ฏⲴተ䜘⢩ᖱ᧿䘠子Ǆ൘䇝㓳Ⲵㅜа䱦⇥䱦⇥ˈModel
1 䘹ᤙ䳀ⴞḷᱟ׍ᦞى䘹४ฏⲴᾲ⦷Ӿ大ࡠሿᧂᒿˈ᤹➗亴ݸ䇮ᇊⲴ∄ֻࡐ٬䲔
ᦹᾲ⦷վⲴ४ฏˈ㧧ᗇ䳀ⴞḷ↔䱦⇥ㆋ䘹Ⲵ䰸٬Ǆ㓿䗷ㆋ䘹ˈ⇿аᑵമ࠶别㧧ᗇ

н਼ᮠ䟿Ⲵ䳀ⴞḷǄн䗷↔ᰦⲴ䳀ⴞḷⲴਁᧈ䗷程中ᒦ⋑ᴹ㘳㲁ޘተ信᚟Ǆ൘ㅜ

Ҽ䱦⇥ˈᡁԜ䟷用 Fisher Vector 㕆⸱ᯩ⌅ሶമۿⲴ䳀ⴞḷ㕆⸱Ѫањޘተ⢩ᖱੁ
䟿Ǆٷ䇮ㅜа䱦⇥മۿ x ਁᧈҶ T њ䳀ⴞḷ {xxt, t = 1, ..., T}ˈᒦф䘉Ӌ䳀ⴞḷ
ㅖਸ৲ᮠѪ λ = {αi, µi,Σi, i = 1...N} Ⲵ GMM ⁑රˈަ中 αiǃµi ઼ Σi 别ᱟ࠶
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GMM中ㅜ iњ儈ᯟ⁑රⲴᵳ䟽ǃ൷٬઼ॿᯩᐞ৲ᮠǄGMMⲴ৲ᮠӾᡰᴹ䇝㓳മ
Ǆ⭡Ҿ৲ᮠࡠㅜа䱦⇥㧧ᗇⲴ䳀ⴞḷ中学Ґᗇۿ α 䟿作用∄䖳ሿ࠶ [118]ˈFisher
Vector ӵ⭡ µ ઼ Σ ሩ应Ⲵ࠶䟿Ѣ㚄ᶴᡀǄᴤཊ㓶㢲ਟԕ৲㘳᮷⥞ [118]Ǆн䗷与
᮷⥞ [118] н਼Ⲵа⛩ᱟˈ൘ LOD 中ˈᶴ建 Fisher Vector Ⲵമۿඇ/४ฏᮠⴞн
䜭⴨਼ˈҏቡᱟۿᱟሩҾᡰᴹമ޽ T ሩҾн਼മۿਟԕᱟн਼ⲴǄሩҾवਜ਼Ҷн

਼⿽类ǃн਼ᮠⴞǃн਼ቪᓖⲴᇎփᇎֻⲴ༽ᵲ൪ᲟമۿˈнㅹᮠⴞⲴ䳀ⴞḷਁ

ᧈⲴڊ⌅ᴤ࣐ਸ⨶઼⚥⍫Ǆ㓿䗷ㅜҼ䱦⇥ˈ䳀ⴞḷሶṩᦞޜᔿ (5-9) 䘋㹼ᴤᯠᒦ
用Ҿла䖞Ⲵ⁑ර䘝ԓ学ҐǄ

5.4 䳆ⴤḽ᥌᧎൞ᕧⴇ⶙ⴤḽỶ⎁ѣⲺᓊ⭞

ሩҾⴞḷỰ⍻ԫ࣑ˈⴁⶓ䇝㓳Ự⍻⁑ර䴰㾱ሩമۿ中Ⲵⴞḷ䘋㹼㋮⺞ᇊ位ḷ

ᇊǄնᱟ⭡Ҿḷᇊ工作䟿大ˈ㙇ᰦ㙇࣋ˈቔަᱟሩҾ大㿴⁑ᮠᦞ䳶ˈ䘉ѪⴞḷỰ

⍻Ⲵᇎ䱵应用ᑖᶕҶᖸ大Ⲵ䍏ᣵǄѪҶ㕃䀓䈕䰞仈ˈᕡⴁⶓⴞḷỰ⍻˄Weakly
Supervised Object DetectionˈWSOD˅䘁年ᶕ㻛ᒯ⌋⹄ウǄWSODᱟ൘㕪ቁⴞḷ
൘മۿ中㋮⺞位㖞ǃਚᴹമۿ级别ⲴⴞḷḷਧⲴᶑԦл䇝㓳Ự⍻⁑රⲴǄ⭡Ҿḷ

ᇊᮠᦞ∄䖳ᕡˈྲօᗇࡠਟ䶐Ⲵ WSOD ⁑රቡᴤާ࣐ᴹ᥁ᡈᙗǄ
ѪҶ䇝㓳Ự⍻⁑රˈWSOD 䴰㾱ѪỰ⍻ಘ㧧ਆਟ䶐ⲴⴞḷṧᵜǄᡰԕ䀓ߣ

WSOD 䰞仈Ⲵєњޣ䭞䰞仈ᱟ：ྲօ᭦䳶ⴞḷṧᵜ઼ྲօสҾ᭦䳶ࡠⲴⴞḷṧᵜ
㧧ᗇⴞḷỰ⍻ಘǄ⧠ᴹ WSOD ⹄ウ中ˈа㡜䟷用 Selective Search ㅹᯩ⌅ᨀਆى
䘹Ṷ作Ѫⴞḷṧᵜى䘹䳶Ǆնᱟаᑵമਟ㜭Պӗ⭏кॳњى䘹Ṷˈྲ↔大Ⲵ≲䀓

オ䰤ѪỰ⍻⁑රⲴ≲䀓ᑖᶕᓎ大Ⲵ计算䟿ǄሩҾка㢲ᨀࠪⲴ LOD ⁑රˈⴞḷ
ṧᵜⲴ᭦䳶䗷程ㅹԧҾ䳀ⴞḷⲴ᥆ᧈ䗷程ǄᡰԕˈѪҶ䀓ߣ WSOD 䰞仈ˈ࡙用
൘ка㢲ᨀࠪⲴ LOD ⁑රˈᢺⴞḷṧᵜ用䳀ਈ䟿ᶕ㺘⽪ˈ൘学ҐⲴ䗷程中нᯝ
ൠ䈳ᮤ䳀ਈ䟿ˈ䙀↕ᇊ位ࡠമۿ中ᴰᴹਟ㜭ᱟ↓ֻⲴ䛓а䜘࠶ṧᵜǄн䗷 LOD
⁑ර൘䀓ߣ WSOD 䰞仈ᰦˈ㘳㲁ࡠ൪Ჟ࠶类与 WSOD є者ѻ䰤Ⲵᐞᔲᙗˈ䘈䴰
㾱ᴹڊа⛩䈳ᮤǄ㺘5.1ሩ∄ҶสҾ䳀ਈ䟿⁑ර൘䀓ߣ WSOD 与൪Ჟ࠶类䰞仈Ⲵ
н਼Ǆє者Ⲵㅜањн਼൘Ҿ䗃ࠪਈ䟿 y Ⲵ级别н਼：WSOD 中 y ᱟⴞḷ类别ˈ

ণተ䜘ḷਧ˗൪Ჟ࠶类中 y ᱟ൪Ჟ类别ḷਧˈণޘተḷਧǄє者ⲴㅜҼњн਼൘

Ҿ用Ҿ⁑ර䇝㓳Ⲵ৽ֻᶕⓀⲴമۿᆈ൘ᐞᔲ：WSOD Ⲵ৽ֻᶕ㠚Ҿ↓ֻമަ઼ۿ
Ԇ类别Ⲵമۿˈ㘼൪Ჟ࠶类Ⲵ৽ֻਚᶕ㠚ަԆ类别Ǆ⭡Ҿ LOD ⁑ර㔃ਸҶޘተ
઼ተ䜘Ⲵ学Ґᯩᔿˈᡰԕ LOD ⁑රਟԕⴤ᧕䀓ߣㅜа⛩н਼ǄሩҾㅜҼ⛩н਼ˈ
ѫ㾱ᶕ㠚Ҿ WSOD ԫ࣑≲ਆተ䜘४ฏⲴ⢩↺ᙗˈᡰԕѪҶ䀓ߣ䈕䰞仈ˈᡁԜ൘
LOD Ⲵส⹰к໎࣐Ҷޣ㚄ᣁ઼ࡦ䜘Ԧᣁࡦˈ৫䲔ޣ㚄ⴞḷ઼ⴞḷተ䜘䜘ԦⲴᒢᢠ
作用Ǆᵜ᮷ᡰᨀࠪⲴ WSOD 学Ґ䗷程ᱟ：俆ݸሩ䗃ޕമۿ䘋㹼ޣ㚄ᣁޣˈࡦ㚄
ᣁࡦⲴ⍱程ᱟݸ计算䇝㓳മۿ中Ⲵⴞḷѻ䰤Ⲵޣ㚄ᙗˈ❦ਾṩᦞޣ㚄ᙗ䟷ṧമۿ
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㺘 5.1 ᕡⴁⶓⴞḷỰ⍻与൪Ჟ࠶类䰞仈Ⲵሩ∄

ᔰ⁗ ᕧⴇ⶙ⴤḽỶ⎁Աࣗ ൰Ქ࠼㊱Աࣗ

Աࣗ 㔉ᇊⴞḷḷਧˈỰ⍻ⴞḷ
㔉ᇊ൪Ჟḷਧˈ䇶别ࠪമۿᡰ኎Ⲵ൪

Ჟ类别

਎䠅

x മۿ ተޘ മۿ ተޘ

y ⴞḷ类别 ተ䜘 ൪Ჟ类别 ተޘ

h ⴞḷਟ㜭Ⲵ位㖞 ተ䜘 ⴞḷਟ㜭Ⲵ位㖞 ተ䜘

䇣㓹
↓ֻ ਚᶕ㠚ᵜ类别Ⲵമۿ ਚᶕ㠚ᵜ类别Ⲵമۿ

৽ֻ ᶕ㠚↓ֻᡆަԆ类别മۿ ަԆ类别മۿ

人⎁⁗ශ {y∗, h∗} = arg max
y∈Y,h∈H

p(y, h|x) y∗ = arg max
y∈Y

p(y|x)

= arg max
y∈Y

∑
h p(y, h|x)

ᮠᦞ䳶ˈᗇࡠ৫ޣ㚄Ⲵമۿˈᴰਾሩമۿᨀਆى䘹Ṷ઼⢩ᖱˈ޽䘋㹼 LOD 学Ґ
ᗇ࠶ࡠ类⁑රˈѻਾ䘋㹼䜘ԦᣁࡦǄѪҶᣁࡦ䜘Ԧˈ䴰㾱亴⍻ࠪ䜘Ԧਟ㜭൘Ⲵ位

㖞ˈ❦ਾ֯用亴⍻ࡠⲴ䜘Ԧ学Ґᴰ㓸Ⲵ⁑රǄ

5.5 ᇔ僂僂䇷ф⁗ශ᷆࠼

5.5.1 ൰Ქ࠼㊱

ᵜሿ㢲㔉ࠪᇎ傼㔃᷌ᶕ䇴ՠᡰᨀࠪⲴᯩ⌅Ⲵᙗ㜭Ǆ䇴ՠⲴ指ḷᱟᒣ൷࠶类߶

⺞ᓖ [87]ǄᡰᨀࠪⲴᯩ⌅൘єњޡޜᮠᦞ䳶к䘋㹼Ҷᇎ傼傼䇱：SCENE 15[53] ઼
MIT Indoor 67[87]ǄSCENE 15 ᮠᦞ䳶ᴹ 15 њ类别ˈ൘䈕ᮠᦞ䳶кⲴᮠᦞ䳶䇮㖞
与᮷⥞ [53] ⴨਼Ǆ

5.5.1.1 ѱ㾷ᇔ僂㔉᷒

俆ݸ㔉ࠪᡰᨀࠪⲴᯩ⌅与 state-of-the-art ᯩ⌅Ⲵሩ∄㔃᷌Ǆྲ㺘5.2ᡰ⽪ˈ൘
SCENE 15 ᮠᦞ䳶кˈᡰᨀࠪⲴᯩ⌅㧧ᗇҶᴰྭⲴᙗ㜭：94.65%Ǆྲ㺘5.3ᡰ⽪ˈ
൘ MITIndoor 67 ᮠᦞ䳶кˈᡰᨀࠪⲴᯩ⌅Ⲵᙗ㜭ՈҾ大䜘࠶⧠ᴹᯩ⌅ˈਚ∄ཊ
ቪᓖⲴ MANTRA[78] ઼ཊቪᓖⲴ MetaObject[72] վҶа⛩ˈնᱟ׍ᰗ㧧ᗇҶ䶎
ᑨᴹㄎҹ࣋Ⲵᙗ㜭Ǆ

ሩ⁑ර䘋㹼ᴤ␡ޕⲴᇎ傼᷀࠶Ǆᇎ傼ѫ㾱൘ SCENE 15 ᮠᦞ䳶к䘋㹼Ҷ傼
䇱ˈާփᇎ傼㔃᷌㿱㺘5.4Ǆаᯩ䶒ˈྲ᷌৫䲔ᦹᡰᨀࠪ⁑රⲴޘተ⁑ඇˈᡰᨀࠪ
Ⲵ⁑රਟԕㆰ单ൠⴻ作ᱟ latent SVMˈ↔ᰦ⁑රਚᗇࡠҶ 88.16% Ⲵ䇶别㔃᷌Ǆ
⴨∄㔃ਸҶޘተ઼ተ䜘Ⲵ LODˈ䘉њ㔃᷌վҶ 6.49%Ǆѫ㾱৏ഐᱟˈተ䜘⁑රˈ
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㺘 5.2 SCENE 15 ᮠᦞ䳶Ⲵᇎ傼ሩ∄

Method Accuracy(%)

CNN-places [69] 90.19
CNN-hybrid [69] 91.59
SPM [53] 81.4
Discriminative Part Detectors [96] 86.0
Object Bank [67] 90.2
MANTRA (single-scale) [78] 80.7
MANTRA (multi-scale)[78] 93.4
Ours 94.65

ҏቡᱟ latent SVMˈਚᱟ单㓟ൠ䈅മᴰ大ॆ䳀ਈ䟿 h ઼ḷਧ y Ⲵ㚄ਸᾲ⦷ˈҏ

ቡᱟ p(y, h|x;w)ˈᰐ⌅؍䇱є者Ⲵ㚄ਸᾲ⦷ᴰ大Ⲵᰦىḷਧ y Ⲵᾲ⦷ p(y|x;w)
ᴰ大Ǆ䘉ቡᱟѪӰѸ latent SVM ਚޣ⌘ተ䜘४ฏ㘼ᘭ⮕ޘተ൪Ჟкл᮷信᚟Ⲵ
৏ഐǄਖаᯩ䶒ˈྲ〫᷌䲔ᦹᡰᨀࠪ⁑රⲴተ䜘⁑ඇˈ⁑රਟԕㆰ单ൠⴻ作ᱟ䗩

䱵ॆ䳀 SVM˄Marginal latent SVMˈMLSVM˅̍ ↔ᰦ⁑රਚᴹ 88.25% Ⲵ䇶别ᙗ
㜭ǄMLSVM ㅹ਼Ҿਆ⎸Ҷተ䜘४ฏⲴᖡ૽ˈ通䗷ሩਈ䟿 h ᶕ䗩䱵ॆ䳀ਈ䟿 h ઼

ḷਧ y Ⲵ㚄ਸᾲ⦷˗❦ਾ MLSVM ቡਟԕᴰ大ॆޣҾਈ䟿 y Ⲵᾲ⦷ p(y|x;w)Ǆն
ᱟ MLSVM ᘭ⮕Ҷተ䜘४ฏሩ൪ᲟⲴޡӛ作用ˈᆳ࣯ᗵᰐ⌅ᦅ᥹ߣᇊᙗ作用Ⲵǃ
ተ઼ተ䜘⴨㔃ਸⲴޘ㍐Ǆ䘉ҏ䀓䟺Ҷ⴨∄ҾᡰᨀࠪⲴݳᕪⲴ㿶㿹㓶㢲࣋别ࡔ LOD
ᯩ⌅ˈѪӰѸ MLSVMл䱽Ҷ 6.4%Ⲵᙗ㜭ǄӾޜᔿ (5-7)ᶕⴻˈྲ᷌Ԕ w1 = w2ˈ

ᡰ᧘ᯝࠪᶕⲴ䍍ਦᯟޜᔿ (5-9)ˈᱟањ用Ҿ䳀ⴞḷਁ⧠Ⲵ Softmax ࠭ᮠǄᆳ㧧ᗇ
Ҷ 93.73% Ⲵ䇶别ᙗ㜭Ǆਖཆˈമ5.4ᱟ⁑රሩҾ䳀ⴞḷᮠⴞⲴᇎ傼䇴ՠ㔃᷌Ǆ

5.5.1.2 ⁗ශ᷆࠼

മ5.6㔉ࠪҶᡰᨀࠪⲴ⁑ර൘ SCENE 15 ᮠᦞ䳶кਁᧈⲴ䳀ⴞḷǄਟԕ㿲ሏ
ྲ∄ˈᡰਁ⧠Ⲵ䳀ⴞḷާᴹ᰾⺞Ⲵ⢩ᇊ类别Ⲵ⢩ᙗˈࡠ Ā̍গᇔā൪Ჟ中Ⲵ䳀ⴞ

ḷᙫᱟ指वਜ਼Ҷᒺǃ᷅ཤ઼ਠ⚟Ⲵ㔃ᶴॆ४ฏ˗㘼Āliving-roomā൪Ჟ中Ⲵ䳀ⴞ
ḷᙫᱟ指䛓Ӌवਜ਼Ҷ⋉ਁǃデᡧ઼Ṽ子Ⲵ㔃ᶴॆ४ฏǄ䘉є⿽൪Ჟ੸⧠Ⲵ⢩ᇊ类

别኎ᙗⲴᛵߥᱟ䶎ᑨн਼ⲴǄᡰᨀࠪⲴ⁑රਟԕ学Ґࠪн㿴ࡉⲴǃ⚥⍫ᓖ儈Ⲵ൪

Ჟ㿶㿹ݳ㍐Ǆ∄ྲˈ൘Ācoastā൪Ჟ中ˈ䳀ⴞḷᱟ⎧≤઼ཙオⲴ४ฏ˗൘Ātall
buildingā中ˈ䳀ⴞḷᱟ䛓Ӌवਜ਼㤕ᒢᓗ儈ᾬᇎֻⲴ४ฏǄሩҾⴞḷⲴᖒ⣦ˈ䘉Ӌ
᥆ᧈࡠⲴ䳀ⴞḷਟԕᱟާᴹ᰾⺞䗩⭼Ⲵࡊփⴞḷˈҏਟԕᱟ⚥⍫ᓖ儈Ⲵ䶎ࡊփⴞ

ḷǄሩҾⴞḷⲴ类别ˈ䳀ⴞḷਟԕᱟᑨ㿱ⲴⴞḷˈҏਟԕᱟަԆⴞḷ类别ˈ∄ྲ
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㺘 5.3 MITIndoor 67 ᮠᦞ䳶Ⲵᇎ傼ሩ∄

Method Accuracy(%)

CNN-places [69] 68.24
CNN-hybrid [69] 70.80
SPM [53] 34.4
Discriminative Patches++ [93] 49.40
Discriminative Part Detectors [96] 51.4
FV+Bag of Parts [94] 63.18
Mid-level Elements IFV [95] 66.87
Object Bank [67] 68.2
MOP [92] 68.24
MANTRA (single-scale) [78] 56.4
MANTRA (multi-scale)[78] 76.6
MetaObject [72] 78.9
Ours 75.77

㺘 5.4 SCENE 15 ᮠᦞ䳶Ⲵ⁑රሩ∄

Method Accuracy(%)

Local (LSVM) 88.16
Global (MLVM) 88.25
Lod (Softmax, ours) 93.73
Lod (FV, ours) 94.65

建ㆁǃ⎧≤઼ཙオㅹǄሩҾⴞḷᇎֻⲴᮠⴞˈ䳀ⴞḷਟԕਚᱟањᇎֻˈҏਟԕ

ᱟа㓴ᇎֻǄ

ᡁԜᨀࠪⲴᯩ⌅ᰐ䴰大䟿亴ݸᇊѹྭⲴǃ䇝㓳ྭⲴⴞḷỰ⍻ಘˈҏн䴰㾱㋮

⺞ൠᇊ位ⴞḷᇎփˈ䚯ݽ⚮䳮ᙗⲴỰ⍻计算䟿Ǆਖཆˈ䳀ⴞḷⲴਁ⧠ਟԕ߿ቁᶕ

㠚సᵲǃ䈝ѹ⁑㋺Ⲵ४ฏሩ൪Ჟ䇶别ⲴᒢᢠǄਇ⳺Ҿ类别⢩ᇊⲴ኎ᙗˈਁᧈ䳀ⴞ

ḷᴹࣙҾਁᧈമۿ中Ⲵ㺘⽪࣋ǃࡔ别࣋ᕪⲴ४ฏǄ

ᡁԜᨀࠪⲴᯩ⌅䎻ੁҾਁᧈ类别⢩ᇊⲴ䳀ⴞḷˈণሩḀа类к䇝㓳Ⲵ⁑රᶕ

䇢ˈᆳ൘൪Ჟ类别⴨լⲴമۿкਁᧈަ㿶㿹⴨լⲴ४ฏˈն൘ަԆ类别Ⲵ൪Ჟമ

␧⏶Ⲵ㔃᷌ǄԕĀhighwayā൪ᲟѪֻࡠаӋᵲҡⲴ४ฏˈᗇࡠкˈᆳਚᦅ㧧ۿ
˄മ5.7˅̍ ൘Āliving roomā类别к䇝㓳Ⲵ⁑ර൘Āhighwayā൪ᲟкӰѸ䜭⋑Ự⍻
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മ 5.4 䳀ⴞḷᮠⴞ䇴ՠ

ۿᱟ䎻ੁҾࡉ㘼Ātallbuildingā类别к䇝㓳Ⲵ⁑ර˗ࡠ buildings Ⲵ४ฏǄമ5.8ᱟ
Ӿ࠶类ᗇ࠶Ⲵ䀂ᓖঠ䇱Ҷ䈕㔃䇪Ǆਖཆˈമ5.7ҏ傼䇱Ҷ䇝㓳Ⲵ⁑රਟԕ൘⴨਼类
别മۿк᢮ࡠ䈝ѹа㠤Ⲵ४ฏˈ㘼൘ަԆ类别ⲴമۿкਚᱟỰ⍻ࡠ㌏ҡⲴ४ฏǄ

LSVM result (attend to local regions) LODinitializationSegmentationImage

മ 5.5 䳀ⴞḷሩ∄㔃᷌മ
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Bedroom

IndustrySuburb

Living-room

Coast Highway

Street Tall-building

മ 5.6 䳀ⴞḷਁ⧠

CoastForestHighway Mountain OpencountryStreetTallbuilding Livingroom͚Highway͛

മ 5.7 н਼⁑රⲴ Lod ਟ㿶ॆ

5.5.2 ᕧⴇ⶙ⴤḽỶ⎁

ᇎ傼ᡰ用Ⲵᮠᦞ䳶ᱟ PASCAL VOC 2007 ᮠᦞ䳶ˈ䈕ᮠᦞ䳶ޡᴹ 9963 ᕐമ
ޡˈۿ 20 类ⴞḷǄ䈕ᮠᦞ䳶ሶᮤњമۿ䳶࠶ࡂᡀйњ䜘࠶：trainǃval ઼ testˈ
⇿њ䜘࠶Ⲵമۿᮠ࠶别Ѫ 2501ǃ2510઼ 4952Ǆᵜ᮷᤹➗ᕡⴁⶓⲴѫ⍱ڊ⌅ˈሶᮠ
ᦞ䳶࠶Ѫ trainval ઼ test єњ䜘࠶ˈ࠶别作Ѫ䇝㓳䳶઼⍻䈅䳶Ǆᵜ᮷⋑ᴹ֯用മ
˅Recall˄⦷ޘⲴḷਧǄ⁑රᙗ㜭䟷用⭡ḕۿ中ሩⴞḷⲴḷᇊˈਆ㘼ԓѻⲴᱟമۿ
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suburb☹㕮(䨫᳿䭺K)◽῎

1 2 3 4 5

6 7 8 9 10

㢁䊆㗿⠦䖃⅌≀ᴩ∹⛞ 嫤ⵄ◽῎㫎᳿∹⛞䖃㫎᳿䭺K⺖℅

മ 5.8 Class-1 Ā˄suburbā൪Ჟ类别˅മۿⲴᗇ࠶ᴰ儈Ⲵࡽॱњ४ฏ

઼߶⺞⦷˄Precision˅єњ䟿计算ᗇࡠⲴᒣ൷߶⺞ᓖᶕ䇴ՠǄᵜ᮷൘ PASCAL
VOC 2007 ᮠᦞ䳶кⲴ 20 њ类ⲴỰ⍻㔃᷌ྲ㺘5.6ᡰ⽪Ǆ

㺘 5.5 PASCAL VOC 2007 ᮠᦞ䳶Ⲵ਴类ⴞḷⲴമ⡷ᮠ

类别
മۿᕐᮠ

类别
മۿᕐᮠ

trainval test trainval test

plane 238 204 table 200 190
bike 243 239 dog 421 418
bird 330 282 horse 287 274
boat 181 172 mtbike 245 222
bottle 244 212 person 2008 2007
bus 186 174 plant 245 224
car 713 721 sheep 96 97
cat 337 322 sofa 229 223
chair 445 417 train 261 259
cow 141 127 tv 256 229
计ޡ 5011 4952

ᇔ僂㔉᷒ф᷆࠼φ ᇎ傼中Ⲵޣ㚄ᣁࡦⲴㆆ⮕нӵ䇙⁑ර㜭学Ⲵᴤྭˈᒦ

ф䘈߿ቁҶ޵ᆈ⎸㙇ˈ䱽վҶ⁑රⲴ学Ґᰦ䰤Ǆ൘㺘5.6中 Ā̍LODāǃĀLOD-
CāǃĀLOD-Pā઼ĀLOD-CPā࠶别㺘⽪ᵜ᮷ᇎ傼Ⲵ LOD算⌅ǃLOD㔃ਸޣ㚄ᣁ
ǃLODࡦ 㔃ਸ䜘Ԧᣁ઼ࡦ㔃ਸޣ㚄 -䜘ԦᣁࡦⲴ㔃᷌Ǆሩ∄⴨ޣ工作ĀSLSVMā̍
ᡰᨀࠪⲴ⁑ර൷ᗇࡠҶн਼程ᓖⲴᙗ㜭ᨀॷǄമ5.9㔉ࠪҶᵜ᮷ᨀࠪⲴ⁑ර઼
᭩䘋ࡽⲴ㔃᷌ሩ∄Ǆമ中ㅜаࡇᱟᖵỰ⍻മۿˈ↓ֻṧᵜवᤜĀ⊭䖖āǃĀ⬦

子āǃĀ电㿶ā઼Ā⤇ā̍ 㘼与ѻޣ㚄Ⲵ৽ֻⴞḷ࠶别ᱟĀሿ⊭䖖āǃĀӪāǃĀṼ

子ā઼Ā㖺āǄ↓ֻṧᵜѪമ中Ⲵ㔯㢢Ṷᡰ⽪Ǆമ中ㅜҼࡇᱟĀSLSVMā⁑රⲴ
ṧᵜᗇ࣐࠶ᵳ㍟计Ⲵ㔃᷌ǄӾ䈕㔃᷌ਟԕⴻࠪˈᵜ᮷ᨀࠪⲴᯩ⌅㕃䀓Ҷޣ㚄ⴞḷ

᱃㻛䈟ࡔѪ↓ֻⲴ䰞仈Ǆ
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മ5.10ᱟᵜ᮷ᨀࠪⲴ⁑ර઼᭩䘋ѻࡽⲴ⁑රⲴሩ∄㔃᷌Ǆമ中ˈ㓒㢢Ṷᱟሩ
∄ᯩ⌅ĀSLSVMā˄ Soft Latent SVMˈSLSVM˅Ⲵ㔃᷌ˈ㔯㢢Ṷᱟᵜ᮷ᨀࠪᯩ⌅
Ⲵ㔃᷌ǄӾമ中ਟԕⴻࠪˈᵜ᮷ᯩ⌅∄䖳ྭൠ᭩ழҶⴞḷ䜘Ԧ᱃㻛䈟ࡔѪⴞḷⲴ

䰞仈Ǆമ5.10中ㅜйࡇᱟᵜ᮷ᯩ⌅Ⲵ㔃᷌ǄӾമ中ਟԕᖸ᰾ᱮⲴⴻࠪˈ൘ㅜйࡇ
中Ⲵ㔃᷌中ˈᵜ᮷ᯩ⌅ᖸྭൠᣁࡦҶޣ㚄Ⲵ৽ֻⴞḷˈ䘉֯ᗇ⁑ර䇝㓳ਇࡠⲴᒢ

ᢠ䖳ሿǄ

㺘 5.6 ᕡⴁⶓⴞḷỰ⍻ᇎ傼㔃᷌৺ሩ∄

Method Song[146] Song[147] Bilen[103] SLSVM[102] LOD LOD-C LOD-P LOD-CP

plane 27.6 36.3 42.2 46.2 39.8 36.1 37.2 44.9
bike 41.9 47.6 43.9 46.9 42.0 36.4 40.2 52.2
bird 19.7 23.3 23.1 24.1 22.7 18.1 22.2 24.5
boat 9.1 12.3 9.2 16.4 9.1 10.5 16.0 14.4

bottle 10.4 11.1 12.5 12.2 12.9 10.0 4.5 11.2
bus 35.8 36.0 44.9 42.2 42.1 35.1 43.2 40.6
car 39.1 46.6 45.1 47.1 42.1 43.3 45.9 52.2
cat 33.6 25.4 24.9 35.2 23.4 31.8 28.8 35.2

chair 0.6 0.7 8.3 7.8 9.3 2.7 7.3 3.4
cow 20.9 23.5 24.0 28.3 21.3 21.7 31.3 28.9
table 10.0 12.5 13.9 12.7 8.0 10.6 11.5 3.4
dog 27.7 23.5 18.6 21.5 17.9 19.1 23.9 25.9

horse 29.4 27.9 31.6 30.1 27.6 30.9 37.3 39.4
mtbike 39.2 40.9 43.6 42.4 41.9 34.3 40.1 44.4
person 9.1 14.8 7.6 7.8 10.8 14.9 13.9 24.5
plant 19.3 19.2 20.9 20.0 18.8 14.2 19.3 17.2
sheep 20.5 24.2 26.6 26.8 19.9 17.5 27.4 19.1
sofa 17.1 17.1 20.6 20.8 18.4 8.3 16.5 18.2
train 35.6 37.7 35.9 35.8 33.5 30.1 39.6 40.7

tv 7.1 11.6 29.6 29.6 18.2 13.9 22.5 24.9

mAP 22.7 24.6 26.4 27.7 24.0 22.0 26.4 28.3
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മ 5.9 Ự⍻㔃᷌ᗇ࠶ሩ∄മǄㅜаࡇѪ৏മˈമ中Ⲵ㔯Ṷ㺘⽪↓ֻṧᵜˈㅜҼǃй࠶ࡇ别
Ѫሩ∄ᯩ⌅ SLSVM ઼ᵜ᮷ᯩ⌅ⲴỰ⍻㔃᷌Ǆ

മ 5.10Ự⍻㔃᷌ሩ∄മǄമ中㔯㢢ṶѪᵜ᮷ᯩ⌅ⲴỰ⍻㔃᷌ˈ㓒㢢ṶѪሩ∄ᯩ⌅ SLSVM
ⲴỰ⍻㔃᷌Ǆ
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5.6 ᵢㄖቅ㔉

ᵜㄐᨀࠪањ䳀ⴞḷਁ⧠ᯩ⌅ˈ用Ҿ㠚䘲应ൠਁᧈࡔ别ᙗǃ㺘⽪ᙗᕪⲴമۿ

४ฏˈ䚯֯ݽ用ⴞḷḷ⌘ᡆ者ᱟ大䟿亴ᇊѹⲴᱮᔿⴞḷỰ⍻ಘǄ㔃ਸᴰሿॆ⟥߶

઼ࡉ Fisher Vector 㺘⽪ᶕᨀॷ࠶类⁑රǄᡰᨀࠪⲴ䳀ⴞḷнӵ㔏аҶᱮᔿⲴⴞḷ
઼㚊䳶Ⲵ४ฏˈ਼ᰦ与 Fisher Vector ⢩ᖱ㕆⸱ᯩ⌅㶽ਸˈᗇࡠн䭉Ⲵᙗ㜭㺘⧠Ǆ
䈕ᯩ⌅ҏѪ䘋а↕᧒㍒൪Ჟമۿ䈝ѹᨀ׋Ҷ∄䖳大Ⲵ▌࣋Ǆ通䗷ᇎ傼ҏ傼䇱Ҷᡰ

ᨀࠪᯩ⌅ⲴՈᔲᙗ㜭Ǆ
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ㅢޣㄖ ᙱ㔉фኋᵑ

6.1 ᵢ文ᐛ֒ᙱ㔉

ᵜ᮷ѫ㾱䪸ሩ൪Ჟമۿᆈ൘䖳大类޵ᐞᔲᙗ઼类䰤⴨լᙗⲴ䰞仈ˈ䀓ྲߣօ

ራ≲ሩ൪Ჟമۿਸ䘲Ⲵ⢩ᖱ㺘⽪ԕ৺ྲօ׍䎆机ಘ学Ґ算⌅ᆼᡀ࠶类ԫ࣑Ǆ⹄ウ

Ṩᗳᱟ᧒ウྲօ学Ґ与᥆ᧈ൪Ჟമۿ中Ⲵ䈝ѹ⢩ᖱ઼ྲօสҾ䈝ѹ㧧ᗇՈᔲⲴ൪

Ჟ⢩ᖱ㺘⽪є大䰞仈ǄᡰᨀࠪⲴᯩ⌅ѫ㾱学Ґ൪ᲟമۿⲴ䳀䈝ѹ㺘⽪઼᧒ウ䈝ѹ

㚄䘉а䟽㾱⢩ᙗˈᒦสҾޣ Fisher Kernel ⨶䇪㔃ਸ⭏ᡀᔿ⁑ර઼ࡔ别ᔿ⁑රᶕᶴ
建ࡔ别࣋ᕪⲴ൪Ჟ⢩ᖱ㺘⽪Ǆ䘋а↕ൠˈѪҶ䀓ߣ⢩ᖱᶴ建ᰦമۿ४ฏ࠶ࡂപᇊ

㘼ᘭ⮕൪Ჟ中ᱮ㪇ᙗ䈝ѹᡆ४ฏⲴ䰞仈઼⢩ᖱᶴ建与࠶类⁑ර࠶⿫Ⲵ䰞仈ˈᨀࠪ

Ҷ䳀ⴞḷ作Ѫ䈝ѹⲴа⿽㺘⽪ᖒᔿ઼䳀ⴞḷ᥆ᧈⲴ൪Ჟ࠶类ᯩ⌅Ǆᵜ᮷Ⲵѫ㾱⹄

ウᡀ᷌ྲл：

• Ր㔏Ⲵ BoW ⢩ᖱ䟷用㚊类઼ⴤᯩമ㔏计⢩ᖱⲴᯩᔿˈ࠶别用ᶕ㺘⽪䈝ѹ઼
㕆⸱䈝ѹǄѪҶ䚯ݽ㚊类ǃ䐍⿫ᓖ䟿ㅹԓԧ大Ⲵ计算ˈᵜ᮷ُࣙҾ CNN Ⲵ
Ոᔲ䈝ѹ⢩ᙗ઼㚊类᭸应ˈᢃ⹤Ր㔏Ⲵ BoW ᶴ建ᯩ⌅ˈᨀࠪ deep-BoW Ⲵ
BoWᶴ建ᯩ⌅ǄѪҶ䀓ߣ BoWⲴа䇽ཊѹǃаѹཊ䇽Ⲵ䈝ѹ⁑㋺䰞仈ˈᵜ
᮷สҾѫ仈⁑ර学Ґ൪ᲟമۿⲴ䳀䈝ѹ㺘⽪Ǆ㘳㲁ࡠ൪Ჟമۿ中ᆈ൘䈝ѹޣ

㚄⢩ᙗˈᨀࠪ䳀ޣ㚄䈝ѹ㺘⽪ˈᰘ൘通䗷䟷用 logistic ↓ᘱݸ傼࠶ᐳ৫䲔ተ
䜘മۿඇ䈝ѹѻ䰤Ⲵ⤜・਼࠶ᐳٷ䇮ˈ䚯ݽҶՐ㔏൪Ჟമ࠶ۿ类ᯩ⌅׍䎆മ

ǃⴞḷỰ⍻ǃӪ工ḷ⌘䈝ѹㅹᒢ亴ᯩᔿᑖᶕⲴ计算䟿大ㅹ䰞仈Ǆࢢ࠶ۿ

• 㲭❦䳀ޣ㚄䈝ѹ㺘⽪аᇊ程ᓖк䀓ߣҶᡁԜྲօ㺘⽪൪Ჟമۿ䈝ѹⲴ䰞仈ˈ
նሩҾ൪Ჟമ࠶ۿ类ԫ࣑ᶕ䇢ˈަᶱ大ൠਇ䲀Ҿ⁑රⲴ䳀䈝ѹ/ѫ仈ᮠⴞǃ
㿶㿹䇽ިⲴ大ሿǃ⢩ᖱ㔤ᓖㅹഐ㍐ˈѕ䟽ൠᖡ૽ަ࠶类㜭࣋Ǆഐ↔ˈᡁԜᨀ

ࠪ䳀ѫ仈ੁ䟿઼ޣ㚄ѫ仈ੁ䟿ˈሶ学ҐࡠⲴޣ㚄䈝ѹ㕆⸱Ҿ Fisher Vector
Ṷᷦ中ᶕᨀॷ㺘⽪Ⲵࡔ别㜭࣋ǄѪҶ㜭䇙ᡰᨀࠪⲴᯩ⌅ᴤ䘲ਸ大㿴⁑ᮠ

ᦞ䳶ˈ䘋а↕㔉ࠪҶਈ࠶䍍ਦᯟ≲䀓઼ਹᐳᯟ䟷ṧ≲䀓Ⲵޣ㚄ѫ仈ੁ䟿ᇎ

⧠Ǆ൘大㿴⁑ᮠᦞ䳶кⲴᇎ傼傼䇱Ҷޣ㚄ѫ仈ੁ䟿Ⲵᴹ᭸ᙗˈᒦኅ⽪ࠪަ

ሩ CNN⢩ᖱⲴ䖳大ᙗ㜭ᨀॷˈሩสҾ␡ᓖ⢩ᖱⲴ Fisher Kernel㺘⧠ࠪᐘ大
Ⲵ▌࣋Ǆ与 GMM ㌫ࡇⲴ Fisher Vector ઼ LDA ㌫ࡇⲴ Fisher Vector а䎧ˈ
ᡰᨀࠪⲴޣ㚄ѫ仈ੁ䟿Ѫമۿ䈝ѹ㺘⽪ᶴ建Ҷањᴤ࣐ᆼ༷Ⲵ⭏ᡀᔿ⁑රǄ

• ൘䳀䈝ѹ㺘⽪学Ґ઼สҾ䳀䈝ѹ㧧ᗇⲴޣ㚄ѫ仈ੁ䟿中ˈ⢩ᖱⲴ学Ґ઼ᶴ
建ᱟ与࠶类⁑රⲴ䇝㓳⴨ӂ࠶⿫ⲴǄਖཆᡰ⎹৺ࡠⲴተ䜘४ฏᱟപᇊ࠶ࡂ

Ⲵˈ䘉ҏሶՊᖡ૽ࡠሩ൪Ჟ中ࡔ别࣋ᕪⲴ信᚟Ⲵ᥆ᧈǄᵜ᮷ᨀࠪҶањ䳀ⴞ
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ḷਁ⧠Ⲵᯩ⌅ˈ用Ҿ㠚䘲应ൠਁᧈࡔ别ᙗǃ㺘⽪ᙗᕪⲴമۿ४ฏˈ䚯ݽⴞḷ

ḷ⌘ᡆ者大䟿亴ᇊѹⲴⴞḷỰ⍻ಘⲴ֯用ˈ਼ᰦ㔃ਸᴰሿॆ⟥߶઼ࡉ Fisher
Vector 㺘⽪ᶕᨀॷ䳀ⴞḷⲴਁᧈǄᡰᨀࠪⲴ䳀ⴞḷнӵ㔏аҶᱮᔿⲴⴞḷ
઼㚊䳶Ⲵ४ฏˈ㘼ф㶽ਸҶ Fisher Vector ⢩ᖱ㕆⸱ˈᗇࡠн䭉Ⲵᙗ㜭㺘⧠Ǆ
䈕ᯩ⌅Ѫ䘋а↕᧒㍒൪Ჟമۿ䈝ѹᨀ׋Ҷ∄䖳大Ⲵ▌࣋ǄਖཆˈᡰᨀࠪⲴ䳀

ⴞḷਁ⧠⁑ර㻛ᢙኅࡠ计算机㿶㿹中ⲴᕡⴁⶓⴞḷỰ⍻ˈ␡᷀࠶ޕ䳀ⴞḷਁ

⧠⁑රˈ᧒ウަ⌋ॆᙗǄ

6.2 ᵠᶛᐛ֒ኋᵑ

൘ޣ㚄ѫ仈ੁ䟿Ⲵ学Ґ中ˈ⭏ᡀᔿ⁑ර与ࡔ别ᔿ⁑රⲴ学Ґ਴㠚⤜・ˈ䲔Ҷ

ᑖᶕ䖳大Ⲵ计算䟿ѻཆˈє者৲ᮠⲴ学Ґᒦ⋑ᴹ㘳㲁⴨ӂѻ䰤Ⲵᖡ૽ˈᮤњ⁑ර

Ⲵ学Ґᱟ䶎ㄟࡠㄟⲴˈаᇊ程ᓖкᖡ૽Ҷ⁑රⲴ᭸⦷઼ᙗ㜭Ǆ൘䳀ⴞḷ᥆ᧈ中ˈ

⁑රⲴ学Ґҏᆈ൘类լⲴ䰞仈Ǆᡰԕˈ䪸ሩ⁑රⲴ学Ґᯩᔿ䰞仈ˈ൘ᵚᶕⲴ工作

中ˈ计ࡂӾ൪Ჟമۿ⢩ᖱ㺘⽪Ⲵ䀂ᓖࠪਁˈԕ Fisher Vector Ѫ中ᗳˈ㘳㲁␡ᓖ学
Ґᷦᶴˈ᧒㍒⭏ᡀᔿ⁑ර与ࡔ别ᔿ⁑රⲴㄟࡠㄟ学ҐṶᷦǄ

⁑㚄ᙗˈ㘼⧠ᇎ中ˈ䳀䈝ѹᾲᘥ∄䖳ޣⲴᱟ䳀䈝ѹѻ䰤Ⲵ⌘ޣ㚄ѫ仈ੁ䟿ޣ

㋺ˈሩ൪ᲟⲴਟ䀓䟺ᙗ䖳ᕡǄਖཆˈ䳀䈝ѹ学Ґѫ㾱ᱟสҾ logistic ↓ᘱݸ傼࠶ᐳ
Ⲵѫ仈⁑රˈ㘼䈕类⁑ර༽ᵲᓖ儈ˈݸ傼࠶ᐳ与ਾ傼࠶ᐳⲴ䶎ޡ䖝⢩ᙗ໎࣐Ҷ⁑

ර计算䳮ᓖˈ䘁լ≲䀓䖳䳮؍䇱⁑ර学ҐⲴ᭦ᮋᙗǄਖཆˈᵜ⹄ウⲴ䟽ᗳӾ൪Ჟ

മۿ䳀䈝ѹⲴ䀂ᓖᶕ᧒ウ൪ᲟമۿⲴ㺘⽪⢩ᖱᒦ应用Ҿ࠶类ԫ࣑Ⲵ䰞仈ˈ൘᧕л

ᶕⲴ工作中ˈਟԕᤃኅ⹄ウⲴ䟽ᗳᶕ᧒ウ൪Ჟമۿˈ∄ྲ൪Ჟ中ᇎփⴞḷѻ䰤Ⲵ

㌫ǃオ䰤㔃ᶴㅹᯩ䶒ˈ䘋а↕Ӿ计算机㿶㿹䀂ᓖᶕ໎ᕪሩ൪ᲟⲴ⨶䀓Ǆਖཆ䘈ޣ

计ࡂᢙኅ⹄ウ䰞仈ˈӾ൪Ჟമۿਟ䀓䟺ᙗ઼㘳㲁൪Ჟオ䰤㔃ᶴⲴ䀂ᓖˈ᧒ウ 3D
൪ᲟമۿⲴ⢩ᖱ㺘⽪ˈ᧒ウ␡ᓖ信᚟与 RGB 信᚟ሩҾ൪Ჟമۿ㺘⽪ǃ⨶䀓Ⲵ作
用ˈᒦ൘ᮠᦞ䳶кሩᨀࠪⲴ⨶䇪઼ᯩ⌅䘋㹼傼䇱Ǆ
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CTM Ⲵ৲ᮠᱟ Θ= {µ,Σ, β}Ǆമۿ d Ⲵ log-likelihood 䘁լѪ LV B：

LV B = Eq[log p(η|µ,Σ)] +
Nd∑
n=1

Eq[log p(zn|η)]+

Nd∑
n=1

Eq[log p(wd,n|zn, β)] +H(q)

= 1/2 log |Σ−1| −K/2 log 2π−

− 1/2[Tr(diag(ν2d)Σ
−1) + (λd − µ)TΣ−1(λd − µ)]+

N∑
n=1

{
K∑
i=1

λd,iϕd,ni − ζ−1(
K∑
i=1

exp(λd,i + ν2d,i/2))+

1− logζ}+
N∑

n=1

K∑
i=1

ϕd,ni log βi,wd,n
+

K∑
i=1

1/2(log 2π + log ν2d,i + 1)−

N∑
n=1

K∑
i=1

ϕd,ni logϕd,ni,

(A-1)

ަ中ˈζ ᱟਈ࠶৲ᮠǄLV B 中⎹৺৲ᮠ µ Ⲵ亩ᱟ：

L
[µ]
V B = 1/2(λd − µ)TΣ−1(λd − µ). (A-2)

LV B 中⎹৺৲ᮠ Σ Ⲵ亩ᱟ：

L
[Σ]
V B = 1/2(log |Σ−1|+ Tr(diag(ν2d)) + (λd − µ)TΣ−1(λd − µ)). (A-3)

LV B 中⎹৺৲ᮠ β Ⲵ亩ᱟ：

L
[β]
V B =

N∑
n=1

K∑
i=1

ϕd,ni log βi,wd,n
. (A-4)

ṩᦞޜᔿ(A-2)-(A-4)ˈ࠶别ޣҾ৲ᮠ µ,Σ, β Ⲵа䱦ٿ导ণᗇޣࡠҾ䘉йњ৲ᮠ

Ⲵ Fisher Score 计算ޜᔿ：ޜᔿ (4-1)-(4-3)Ǆ㘳㲁ࡠ FIM ਟㅹԧҾሩᮠլ❦࠭ᮠ
Ҿ৲ᮠޣ别࠶ᔿ(A-2)-(A-4)ޜҾ৲ᮠⲴҼ䱦导ᮠⲴ䍏ᮠˈṩᦞޣ µ,Σ, β ⲴҼ䱦导

ᮠˈণਟᗇޣࡠҾ䘉йњ৲ᮠⲴ FIM 计算ޜᔿ：ޜᔿ (4-4)-(4-6)Ǆ
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