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assisting animal-related research. However, 1t 1s challenging to design a perception model that can adapt to different ; > — P = n
animals across various perception tasks, due to the varying poses of a large diversity of animals, lacking data on rare 1 (mm =
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Algorithm 1: Universal Animal Perception (UniAP) B
Input: Query Image X, Prompt Set P o I
Output: Predictions Y9 _{Support Image} Support Label fmbedding Overall architecture of UniAP
~ . ] -\
1: Constants: !'/ $ - | i Pose Estimation Semantic Segmentation
2: T = {Pose Estimation, Semantic Segmentation } 5 | Koala Echidna  Racoon Cat Brid Abyssinian  Siamese  Bengal Beagle  British Shortair
3: Functions: 3 i , e ,.
4 |
4:  f7:Image encoder with task-specific parameters ;' & (I -'
5:  g: Label encoder (shared across tasks) %
6: M: Matching module : | |
7:  h: Label decoder | UniAP i i
8:  o: Similarity function | | |
9: Initialize: X }
. 4 7 T —
10:  q < fT(Xq) | | 5 o |
11: for each (X;,Y")in P do i [ v rNo [|E | ‘
. ; : S
12:  k; « f7(X?) {Encode using Image Encoder} : Ny Tt
13:  v; < g(Y;") {Encode using Label Encoder} < S L
14: end for = |
. . . . . . . = . '
15: m <— M(q, ki, v;) UniAP unifies different tasks under a single model via - b -
16: Y7 <— h(m) {Decode using Label Decoder} few-shot learning. Visualization
e Experiment
Algorithm 2: Matching module M in UniAP Model | #tasks | #shots | Task-Specific  Shared
Inpllt: q, k, V POMN et On.e multlp le 58.25M 0 Model # shots Animal Kingdom Animal Pose APT-36K Setting | 4ehots | Animal Kingdom | Animal Pose | APT-36K
Output' m Painter | multiple one 0 353.55M PCK@0.2 PCK@0.05 | PCK@0.2 PCK@0.05 | PCK@0.2 PCK@0.05 | | PCK@0.2 PCK@O0.05 | PCK@0.2 PCK@O0.05 | PCK@0.2 PCK@0.05
Ours | multiple | multiple 0.07M 111.01M HRNet : 9049 6204 | 9047 7591 | 9165 6626 | OOD |35 | ooes  9ss | 900 7778 | 9647 8618
1: Constants: Painter 1 70.52 48.34 77.86 53.85 74.11 139 | 1 77.39 61.25 77.69 46.74 92.41 61.41
. . ] 1 59.97 30.65 73.28 51.81 63.90 38.52 20720735 99.26 98.10 94.97 88.47 96.92 92.70
2:  Number of heads /1, Head size gH v o Number of task-specific and shared parameters for a task. POMRe! 3/3/2 | 7915 5288 | 717 499 | 579 84 |cp | 0| S8 2461 | 6047 247 | 739 419
3:  Trainable projection matrices w,°, w; , wy , w URiAP (our 1 6444 3473 | 7667 4731 | 8531 6L72 R - o ) |
4 for b — 1 topff 11 o hoWh »Who ours) | 30/35/40 |  99.65 98.59 90.10 71.78 96.47 $6.18 Ablation studies on evaluation settings.
' w® (kw)T Results of Pose Estimation SRR
5: M A < Ah \/Th Dataset bias tuning (awl+ft) full tuning (awl+{ft) & |
Sof ¥ M V Animal Kingdom 3.119 4.369 Model #shots | Acc. mloU Model # shots | Acc.  * 5: /
6:  op < Softmax( A)th Animal Pase 5100 ) 565 SAM,.., - | 92.06 88.99 CLIPvirBase - | 8854 | i
7: end for APT36K 5731 4005 Painter 1 | 8647 77.72 CLIPViT Large - 9037 ; / o ||| LA L
8: m < Concat(o, ...,0r )w® ’ ’ . 1 | 97.08 93.38 : 1 | 9219 e : m = @ B om v s W B m om
9 return m (01, ..., 01) UmiAP(ours) | 15 | 97.11 9427 UniAP(ours) | 5 | 9313 v movl B i (O meni
: mber of tunin hes for b1 ning and full tunning. . . . - - -
Number ot tuning batches for bias tuning and full tu S Results of Semantic Segmentation and classification Ablation studies on the performance ot various shots




