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Existing OSSL methods:
have not sufficiently explored more
practical fine-grained OSSL tasks.

Visual language models(CLIP):
Focus on capturing global, general
attributes.

Difficult to concentrate on fine-
grained features.

Core Challenges:

Visual differences between ID and
OOD samples are not significant.
Existing models struggle to capture
fine-grained distinguishing features.
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Figure 2. Overview of the proposed CFSG-CLIP framework. CFS5G-CLIP 1s composed of a coarse-guidance branch and a fine-guidance
branch based on the pre-trained CLIP model. In the coarse-guidance branch, we design a semantic filtering module to initially capture
global and local visual features. In the fine-guidance branch, we design a visual-semantic injection strategy to embed category-related
visual cues into the visual encoder for further refining the local visual features. For brevity, we omit the SSL training process.
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Visual-semantic Injection Dual-branch Training
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I Experiments

% | Stanford Dogs | Stanford Cars | CUB-200-2011 |  FGVCAircraft
ethod

5 20 5 20 | 5 20 | 5 20
CLIP [27] 79.25+000 79.25+000 | 75.97+000 75.97+0.00 | 66.00+000 66.00+000 | 31.37+000 31.37+0.00
CLIP-LORA [41] | 83.81+037 84.31+027 | 82.71+056 82.45+130 | 70.95+085 73.40+0.75 | 40.89+173 42.37+07
CLIP-Adapter [7] | 82.91+025 86.02+027 | 84.31+002 87.13x028 | 80.03+029 84.77+1.02 | 47.77x090 55.79+0.73
CoOp [45] 83.01+026 85.68+037 | 85.45+031 87.64+046 | 80.10+029 85.40+037 | 45.39+096 55.43+030
LoCoOp [24] 83.08+025 86.26+0.11 | 84.10+072 87.83+066 | 79.27+045 85.63+054 | 45.53+136 54.67+1.59
PLOT [3] 84.46+007 87.11+009 | 86.28+030 88.59+045 | 81.43+066 87.20+0.14 | 49.59+037 58.25+0.93
MaPLe [14] 85.64+015 87.64+020 | 88.16+025 90.34+0.25 | 83.30+033 88.77+021 | 52.43+047 64.33+1.21
Ours 85.48+021 89.42+016 | 90.38+009 93.08+0.08 | 84.73x017 91.75+024 | 61.09+027 73.56+0.58
M Stanford Dogs Stanford Cars | CUB-200-2011 FGVCAircraft

ethod

5 20 5 20 | 5 20 5 20
CLIP [27] 77.17+000 77.17+000 | 75.70+000 75.70+000 | 64.10+0.00 64.10+000 | 31.08+000 31.08+000
CLIP-LORA [41] | 82.34+057 82.67+036 | 82.10+056 81.03+1.24 | 70.52+1.3¢  72.20+045 | 40.10+1.69 41.57+069
CLIP-Adapter [7] | 81.63+0.14 84.36+025 | 83.65+004 86.50+025 | 81.36+060 85.20+095 | 46.87+088 53.52+135
CoOp [45] 81.65+020 84.25+041 | 84.63+036 86.84+042 | 81.04+006 84.92+051 | 44.55+094 54.35+030
LoCoOp [24] 81.784+023 84.68+020 | 83.25+076 87.17+0.64 | 80.45+086 85.46+032 | 44.67+135 53.60+157
PLOT [3] 82.95+007 85.54+0.11 | 85.58+032 87.83+034 | 83.32+031 87.16+017 | 48.68+037 57.13+092
MaPLe [14] 84.09+0.19 86.02+025 | 87.43+027 89.48+025 | 84.72+053 88.66+060 | 51.79+043 63.12+1.19
Ours | 84.02+0.15 87.77+0.19 | 89.65+005 92.34+0.10 | 86.46+025 90.92+024 | 59.92+026 72.13+057

Open-set classification balanced accuracy =~ BA= 5 > Recally
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Experiments

Stanford Cars

CUB-200-2011

Figure 5. Visualization of patch-tokens extracted by semantic filtering module. We find that the semantic filtering module can correctly
extract local visual regions on different fine-grained datasets.
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Open-Set Domain Generalization in CLIP
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novel class performances) comparisons of various CLIP-based
DG/ODG/open-set recognition techniques versus our approach
in LSOSDG setting with one-training example per known class,
demonstrating the improved performances of OSLOPROMPT.

Mini-DomainNet[34]
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Figure 6. Pseudo-open images generated by ODG-CLIP [46] are highly coarse-grained in relation to the known classes. While CuMix
[28] provides improved fine-grained details compared to ODG-CLIP, 1t still lacks proper semantic coherence. Our pseudo-open image
generation achieves a fine-grained level of detail, maintaining both semantic relevance and class-specific granularity (for PACS).

. Pseudo-open class images generated
Known class images in ODG-CLIP
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I prompt learning strategy &AM AAS
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I prompt learning strategy

Domain-generic prompts
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I Experiments

Methads CLIP-based Venue PACS VLCS OfficeHome Multi-Dataset  Mini-DomainNet | Average
Aee H-somore Ace H-score  Ace H-score  Ace H-score  Acc H-score | Are H-score
CLIP + OpenMax (OSR) [2] v CVPR'l6 20.24 3197 20.59 31.83 20.00 32.64 11.74 20,87 1692 28.05 17.90 29.07
CLIPN (OSR) [52] v ICCV'23 6403 55.79 2534 19.49 4418 32.83 39 84 36.28 47.63 4091 44 .20 37.06
MORGAN (F5-05R) [ 3] b4 WACWY23 3740 19.06 3135 X122 1921 18.51 30.00 37.26 22.40 15.70 28.07 23.55
STYLIP (DG + OSR) [5] v WACWY24  T4.89 (.99 2794 3461 5234 21.95 51.50 47.64 5944 5746 5322 44.53
PromptSRC (DG + OSR) [2(1] v ICCV'23 3572 27.08 24 98 204 22102 14.85 3016 31.18 2520 20.44 27.62 2272
LM (FADG + O5R) [36] ® CVPR'23 3522 21412 il.6l 28.76 21.30 13.60 2973 34,80 24.50 1775 2847 23.27
ODG-Net (ODG) [4] ® TMLE 23 3482 21.67 32.33 29.17 2047 11.45 29.16 29.40 22.05 19.08 2177 22.15
MEDIC (ODG) [53] ® ICCWV23 3391 21.40 3294 2628 21.31 11.75 3035 33.11 2373 19.05 2845 2232
SCI-PD (ODG) [6] v CVPR’24 2340 2584 19,88 19.60 3527 44 31 16.95 1918 16.25 2333 2235 26.45
ODG-CLIP (ODG) [46] v CVPR'24 6E.B9 7556 5243 54.70 48.69 52.93 63.74 69,53 61.05 65.50 58.96 63,64
OSLoPrOMPT (Ours) W - 927 04,86 TE.E9 TH.89 09,73 . 0 T6.340 T74.49 69,040 67.57 | 7732 T5.57
Methads CLIP-hased Venue PACS VLCS OfficeHome Multi-Dataset  Mini-DomainNet | Average
Ace  H-score Ace  H-score  Ace H-score Ace H-score  Acc H-score | Ace  H-score
CLIP + OpenMax (OSR) [2] W CVPR'16 68.75 R().9H 66.25 T4.74 3559 4928 56.59 68 &4 3246 48. M) 51.93 6441
CLIPN (OSR) [52] W ICCV'23  T78.04 71.14 3292 27.95 4794 400,33 46.50 39.23 55.78 48.53 52.24 4544
MORGAN (F5-08R) [ 20] ® WACW'23 4627 24.06 42.16 38.70 3620 18.63 35.47 42 80 37.81 X7.06 3958 30.25
StyLIP (DG + OSR)[5] W WACW 24 8010 70001 45,78 4893 61.87 4246 54.58 49.76 .03 6. 68 61.27 54.37
PromptSRC (DG + O5R) [20] W ICCV'23 46.86 30.23 3616 32.36 31.10 2035 3568 38.12 3637 31.32 3724 3028
2LM (FSDG + O5R) [36] Y CVPR'23 4670 24.06 41.67 37.36 2938 18.95 35.04 35.38 3843 28.70 38.24 2889
ODG=-Net (ODG) [4] ® TMLR'23 46.66 25912 43.05 37.71 3452 1596 34.20 36.93 3095 23.72 3968 28.05
MEDIC (ODG) [53] 4 ICCV'23 4488 25.05 400,53 35.56 30.40 18.45 35.42 3626 3695 30.60 37.64 2018
SCI-FD (OQDG) [6] W CVFR'24 35.16 34.53 30.11 3048 3298 42.50 32.20 28.89 21.25 30.57 3034 33.39
ODG-CLIP (ODG) [46] W CVPR'24 @ E3.65 RE.16 6293 56.89 55.32 4931 T74.40 T6.14 T4 38 65.49 TO14 67.20
OSLoPrOMPT (Ours) W - 93.72 501 T9.04 7734 7533 6208 TV.75 B0.05 7452 . 5% | 5047 T6.21
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Analysis of domain-specific prompts

v" Manual prompting: Domain of a CLS 5933  65.88
+v" Manual prompting with image conditioning 62.96  67.27
v" Manual prompting expanded with ad-hoc 60.69  63.82
attributes from A [29]

v Manual prompting with ad-hoe attributes 62.16  65.11
and image conditioning

v" Visual attributes learning [21] 38.35 60.57
v Proposed cross-attention approach 64.04  67.57

Analysis of domain-agnostic prompts

+" Full context learning [62] 60.81  53.43
v Image-cond. context learning [61] 63.10  59.61
v Proposed multi-modal prompting 64.04  67.57

Sensitivity to the number of attributes per class in A

v 4 64.04  67.57

v 8 6397 6636

v 12 63.79  65.14
Importance of the loss terms

v LEmE (46 domain-specific guidance) 6251  63.86

LRy O (hartial 6252 65.56

domain-specific guidance)

 Clomp y plomipes 4 £ 64.04  67.57
Pseudo-open image synthesis

v' Generic sample generation of [46] 41.09  49.07

v Mixup-based [28] pseudo-open images 5726  64.85

v Our fine-grained sample generation 64.04  67.57

o 030 = nditioning i 100 { wmm ODG-CLP _wm Ours | || @ |™=™ ODG-CLIP W= Ours = 15+
g 0.28 1| domain-specific prompts | @ 5 mn
2. 0.26 S H 60 E sl
5 0.24 2 80 = e
Eo22 50 E 54
@ ] . 15 11/54 21/44 31/34 =

0.20 =¥ - No. of Open vs Closed Classes || a g

CLIp Attributes-based L 0
Image-cond image cond. Shots {Openness) ODG-CLIP Ours
1a) ] ic) id)
Methods 0O.H. ML.DNet
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