Large Multimodal Models as General In-Context Classifiers

Supplementary Material

This supplementary material provides additional technical
and implementation details, alongside extended experimen-
tal results and further analyses that complement the main
paper. Specifically, the material is organized as follows:

* Sec. A provides details regarding the datasets.

* Sec. B extends the closed-world analysis from Tab. |
(Main) by reporting granular, per-category performance
breakdowns.

» Sec. C presents the full set of results for the open-world
setting (Tab. 2 in Main), including evaluations on 4-shot
and 8-shot configurations.

 Sec. D provides the complete data for the streaming exper-
iments visualized in Fig. 6 (Main).

¢ Sec. E outlines the implementation specifics.

* Sec. F showcases an extended gallery of qualitative exam-
ples, complementing the visualizations in Fig. 4 (Main).

A. Datasets

We summarize the evaluation datasets in Tab. 3. The experi-
ments utilized the same training and test splits as previous
work [10, 12].

B. Closed-world results

This section presents the detailed, per-dataset results of the
experiments described in Sec. 3.3 and Tab. | (Main).

As they did not fit on a single page, we split the table
into two parts, showing contrastive VLMs in Tab. 4a and
generative LMMs in Tab. 4b.

For contrastive VLMs (Tab. 4a), we report the perfor-
mance of the Zero-Shot model, Tip-Adapter [43] using the
same backbone, and k-NN (as described in Sec. 3.3 in Main).
For both Tip-Adapter and k-NN, we report results with 4, 8,
and 16 shots. For each experiment, we report the average
(Avg.) on the ten datasets, and highlight the delta A w.r.t. the
average of the corresponding Zero-Shot model.

For LMMs (Tab. 4b), we report the performance of the
Vanilla model (i.e., multi-choice) and when using both a
Random context and a Similarity-based context that retrieves
images. Similarity ICL uses CLIP ViT-B/32 [30] to retrieve
the most similar images from the few-shot pool. We report
results in the 4-, 8-, and 16-shot settings.

The results for contrastive VLMs in Tab. 4a highlight
the efficacy of adapter-based methods over simple nearest-
neighbor retrieval in the few-shot regime. Tip-Adapter con-
sistently outperforms the Zero-Shot baseline across all back-
bones and shot settings, achieving a peak improvement of
+8.8% with ViT-B/16 at 16 shots. Conversely, the k-NN

Table 3. Dataset details. Summary details of the datasets used in
our experiments.

Abbr. Dataset Images Classes
C101  Caltech101 [14] 2,465 100
DTD DTD [9] 1,692 47
ESAT  Eurosat [17] 8,100 10
FGVC FGVC Aircraft [24] 3,333 100
FLWR Flowers102 [27] 2,463 102
FOOD Foodl101 [5] 30,300 101
PETS  Oxford Pets [28] 3,669 37
CARS Stanford Cars [19] 8,041 196
S397  SUN397 [38] 19,850 397
U101  UCF101 [33] 3,783 101

approach often struggles in low-shot scenarios (4 shots), fre-
quently yielding negative deltas compared to the zero-shot
baseline (e.g., -8.4% for ViT-B/32). However, k-NN perfor-
mance recovers as the number of support examples increases
to 16. Overall, while scaling the backbone from ViT-B/32
to ViT-L/14 improves absolute accuracy metrics, the relative
trends between Tip-Adapter and k-NN remain consistent.

In the case of generative LMMs (Tab. 4b), the data reveals
a critical sensitivity to the quality of the in-context exam-
ples. The Random setting proves catastrophic across the
board, causing massive performance degradation (e.g., up to
-48.7% for Qwen-2-VL), suggesting that irrelevant context
acts as noise that confuses the model rather than aiding it. In
contrast, Similarity-based retrieval unlocks significant perfor-
mance gains. This is most notable in Phi-3.5-Vision, which
scores +29.2% at 16 shots, and the Qwen family, where
Qwen-2-VL achieves a +17.7% boost.

C. Open-world results

This section details the results of our Open-World (OW)
experiments. We conduct a comprehensive evaluation across
all five models and ten datasets, testing three In-Context
Learning (ICL) variants: Random Context, Pseudo ICL, and
CIRCLE. For each method, we report performance at 4, 8,
and 16 shots.

The detailed results are organized by model family and
metric as follows:

* Main results. Tabs. 5a to 5c present the aggregated perfor-
mance for the Qwen series, LLaVa OneVision, and the Phi
series, respectively. These tables group results by dataset
type: Prototypical, Non-prototypical, Fine-grained, and
Very fine-grained.



Table 4. Closed-world results. Accuracy on the ten datasets. Bold indicates the best result for each VLM. A computed w.r.t. the Avg. of

Zero-Shot.
(a) Vision-Language Models (VLMs).
Model Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 Ul0l Avg. A
CLIP ViT-B/32
Zero-Shot - 924 446 45.1 19.2 69.3 80.5 87.3 60.1 62.5 64.5 62.6
TIP-Adapter 4 933 493 57.5 21.8 74.8 80.7 87.9 63.0 649 671 660 +34
k-NN 4 87.6 435 66.7 20.5 80.0 52.8 41.9 37.1 509 608 542 -84
TIP-Adapter 8 934 524 63.4 23.5 79.0 80.7 88.3 65.4 664 692 682 +5.6
k-NN 8 87.2 53.0 72.5 25.2 83.6 60.9 524 45.7 58.6 643 603 -23
TIP-Adapter 16 939 56.1 65.2 25.6 82.8 80.7 88.5 67.8 688 712 70.1 +7.5
k-NN 16 90.8 56.3 73.4 29.0 85.8 67.0 61.8 54.5 622 677 648 +2.2
CLIP ViT-B/16
Zero-Shot - 942 457 48.2 24.8 71.3 85.8 89.1 65.6 63.0 685 65.6
TIP-Adapter 4 94.8 49.1 66.6 27.9 76.8 86.2 90.1 68.3 65.8 715 697 +4.2
k-NN 4 90.2 46.6 72.7 29.5 86.9 65.6 58.0 50.2 536 626 61.6 -40
TIP-Adapter 8 949 522 69.6 30.5 79.9 86.2 90.2 70.0 67.6 732 714 +45.8
k-NN 8 90.6 563 73.7 32.0 90.3 71.8 65.2 59.3 60.6 683 668 +1.2
TIP-Adapter 16 95,6 57.0 76.4 333 84.8 86.5 91.9 73.1 70.0 755 744 +8.8
k-NN 16 93.1 58.2 76.2 36.3 92.0 77.0 75.3 65.7 644 706 709 +5.3
CLIP ViT-L/14
Zero-Shot - 96.8  53.7 60.2 32.7 80.8 91.0 93.5 76.8 68.0 758 729
TIP-Adapter 4 97.1 57.3 68.8 37.1 84.9 91.2 93.8 79.0 70.1 770 756 +2.7
k-NN 4 929 499 75.0 35.0 93.7 75.2 61.9 58.6 56.6 7277 672 -5.
TIP-Adapter 8 97.3 599 74.5 40.4 87.9 91.3 94.0 80.2 714 781 775 +4.6
k-NN 8 94.1 59.6 81.0 40.9 94.4 81.4 70.9 67.6 637 774 73.1 +0.2
TIP-Adapter 16 975 644 777 44.3 92.2 914 94.2 82.8 736 80.1 798 +6.9
k-NN 16 96.2 64.1 82.3 44.2 96.5 83.9 81.6 72.8 67.7 784 768 +3.9

* Metric-specific breakdowns. We provide granular break-
downs for each metric across all ten datasets in the subse-
quent tables:

— Semantic Similarity (SS) in Tabs. 6a to 6c.
— Concept Similarity (bCS) in Tabs. 7a to 7c.
— Median Concept Similarity (mCS) in Tabs. 8a to 8c.
— Llama Inclusion (LT) in Tabs. 9a to 9c.
In all tables, we report the average score (Avg.) and the
improvement (A) relative to the Zero-Shot baseline.

Results discussion. The open-world results (Tabs. 5a to 5c)
demonstrate the consistent superiority of CIRCLE over both
baselines and other ICL variants. Across all model families,
constructing the context with our CIRCLE yields significant
improvements in Semantic Similarity (SS), Median Concept
Similarity (mCS), and Llama Inclusion (L.T) compared to the
Zero-Shot baseline. For instance, with Qwen2.5-VL, our
16-shot configuration improves SS on Prototypical datasets
from 47.9 to 67.7, mCS from 31.1 to 67.2, and LT from 82.9
to 94.9. In contrast, Random Context acts as a distractor,
causing performance degradation. This is particularly evi-
dent in LLaVa OneVision (Tab. 5b), where 16-shot Random
context causes SS to lower from 56.2 (Zero-Shot) to 29.3,

mCS from 53.4 to 29.6, and LI from 53.2 to 14.0, whereas
CIRCLE recovers and boosts performance to 74.0, 74.0, and
72.2, respectively.

Furthermore, CIRCLE proves effective in handling fine-
grained tasks, a setting where standard models typically
struggle. In the Very fine-grained category, CIRCLE
achieves consistent gains. Notably, Phi-3.5-Vision (Tab. 5¢)
sees its LI score nearly double, jumping from 54.2 in Zero-
Shot to 99.6 with our CIRCLE in the default 16-shot setting.
Similarly, Qwen2.5-VL improves from 69.0 to 93.6 in the
same category. While Pseudo ICL generally offers some im-
provement over Random, it lacks the stability of our method,
often underperforming the zero-shot baseline.

Finally, the results highlight the importance of scaling the
number of shots when using relevant context. While 4-shot
performance with CIRCLE already surpasses the Zero-Shot
baseline in most metrics, such as the Fine-grained bCS score
for Qwen2-VL rising from 62.9 to 66.4, the performance gap
widens significantly at 16 shots (reaching 61.1 SS, 72.0 bCS,
and 57.3 mCS). This behavior suggests that CIRCLE suc-
cessfully leverages the additional diverse unlabeled images
to construct a more informative context, a capability that is



Table 4. Closed-world results. Accuracy on the ten datasets. Bold indicates the best result for each LMM. A computed w.r.t. the average
(Avg.) of Vanilla.

(b) Large Multimodal Models (LMMs).
Model Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIOl Avg. A
QOwen-2-VL 7B
Vanilla - 91.6 619 33.9 50.3 69.8 82.3 86.8 16.4 489 709 613
4 71.5 417 21.0 11.1 20.0 64.1 55.3 7.0 10.8 374 340 -273

Random 8 495 236 197 4.4 8.6 42.5 30.0 4.6 4.7 154 203  -41.0
16 206 169 175 23 39 39.0 15.5 2.7 1.2 59 12.6 = -48.7

923 582 455 63.4 88.4 73.3 74.0 596 591 673 68.1 +6.8
Similarity 8 93.8 669 4638 67.8 92.7 79.2 75.5 742 672 735 738 4125
16 95,5 748 53.8 70.0 96.3 83.1 80.8 831 727 794 79.0 +17.7

Owen-2.5-VL 7B
Vanilla - 924 652  29.7 48.5 73.2 77.4 85.9 17.3 559 66.1 612
4 90.1 52.1 304 13.2 45.6 57.6 75.0 10.9 27.0 589 46.1 -15.1

Random 8 88.6 519 308 121 48.3 53.8 72.2 11.9 282 583 456 -15.6
16 872 507 303 11.0 48.7 473 67.8 10.9 28.1 554 437 -175

4 922 502 386 50.4 90.4 63.4 72.5 34.5 590 619 613 +0.1
Similarity 8 944 63.1 487 54.0 96.4 70.9 79.1 53.2 69.0 721 70.1 +8.9
16 95.6 725 55.6 60.8 98.3 76.9 852 69.0 740 768 765 +153

LLaVa OneVision 7B
Vanilla - 91.5 73.8 48.9 51.6 38.5 69.7 53.3 14.8 46.6 69.5 558
4 16.9 15.2 17.6 3.6 4.8 14.5 21.4 1.3 10.0 11.9 117  -44.1

Random 8 203  18.0 225 4.7 5.8 14.7 19.3 1.3 10.8 157 133 -425
16 80.2 69.6 1.5 114 24.6 11.9 39.1 35 112 233 276 -282

4 948 683 60.0 30.0 73.3 60.5 47.7 556 479 664 604 +4.6
Similarity 8 94.1 71.0 519 30.6 73.1 63.7 47.2 55,7 512 693 608 +5.0
16 946 728 538 29.7 73.4 64.3 46.0 524 518 692 60.8 +5.0

Phi-3.5-Vision
Vanilla - 764 524 337 6.8 27.3 53.1 49 .4 6.5 31.8 476 385
4 60.5 23.6 236 2.0 10.2 21.1 23.4 1.3 12.9 16.3 19.5  -19.0

Random 8 479 11.8 18.1 1.4 5.7 14.1 11.5 0.9 7.1 8.2 12.7 = -25.7
16 557 268 140 2.0 32.0 6.8 42.1 0.6 29 217 205 | -18.0

4 86.5 395 507 13.6 65.3 58.8 59.2 274 492 547 505 +12.0
Similarity 8 912 51.1 656 17.5 74.6 65.1 67.0 36.0 580 653 59.1 @ +20.6
16 943 646 73.7 23.7 83.2 73.0 76.6 472 67.0 732 67.7 4292

Phi-4-MM
Vanilla - 858 56.6 295 14.7 255 542 47.7 33 293 489 39.6

4 232 169 159 33 7.3 19.6 15.5 1.2 10.7 8.2 122 274
Random 8 220 102 137 1.7 10.0 11.2 12.2 1.3 7.0 8.6 9.8  -29.8
16 632 493 129 9.4 23.1 6.8 8.6 0.9 39 149 193  -203

4 847 578 364 24.5 58.9 49.0 45.2 33.1 452 4311 478 +8.2
Similarity 8 86.0 684 429 29.6 64.6 54.4 42.6 329 492 455 516 +12.0
16 819 70.6 432 28.8 69.5 60.5 45.1 342 539 423 530 +134

absent when using Random or Pseudo-labeled contexts.



Table 5. Open-world results. We report results for Llama Inclusion (LI), Semantic Similarity (SS), Concept Similarity (oCS), and Median
Concept Similarity (mCS). Purple indicates our CIRCLE. Higher is better on all metrics. For each LMM, bold indicates the best result.

Results are split in Tabs. 5a to Sc for readability.

(a) Qwen2-VL and Qwen2.5-VL.

Prototypical Non-prototypical Fine-grained Very fine-grained
Method  Shots
LI SS bCS mCS LI SS bCS mCS LI SS bCS mCS LI SS bCS mCS
QOwen2-VL 7B

Zero-Shot - 787 519 760 437 2.6 308 498 292 640 392 629 319 63.0 345 434 331
Rand 4 480 489 677 395 300 312 494 290 429 405 559 373 41.0 370 463 347
“gt;’" 8 482 492 660 41.9 240 276 457 266 376 368 497 357 370 314 392 297
16 244 414 527 397 17.1 234 413 230 317 344 448 346 311 292 341 279
pooudo 81.1 534 762 444 428 312 50.1 269 53.1 402 644 307 49.1 389 49.1 386
jeC”L‘ 8 768 529 752 446 377 340 521 319 473 366 589 324 470 37.1 464 363
16 737 526 740 463 351 303 479 273 48.1 379 594 333 498 369 459 357
90.8 59.8 737 605 659 369 467 375 888 55.1 664 52.1 934 36.1 449 358
CIRCLE 8 921 614 720 596 62.1 379 453 366 86.6 589 69.8 54.0 95.6 352 430 354
16 915 656 743 635 61.6 419 494 405 873 6L1 720 573 915 425 502 3938

QOwen2.5-VL 7B
Zero-Shot - 829 479 799 31.1 459 305 540 248 738 470 789 295 69.0 458 68.6 27.1
Rand 4 819 523 778 416 485 345 575 266 723 485 769 344 356 503 684 38.1
“gt”’" 8 82.1 530 780 428 485 349 582 2638 72.1 490 768 362 344 520 69.8 408
. 16 825 535 782 43.1 482 357 589 273 706 49.0 767 363 347 524 702 420
Proud 4 80.6 493 786 310 427 316 532 242 63.8 45.1 748 284 397 460 634 255
;?’L" 8 80.5 493 788 306 437 319 533 244 63.6 449 752 279 405 463 649 240
16 807 493 790 309 429 323 537 245 655 457 755 285 359 476 655 250
903 680 69.7 67.0 61.0 40.1 441 395 823 604 632 592 887 39.6 39.6 39.6
CIRCLE 8 897 700 712 69.4 585 39.0 39.6 39.1 80.5 614 626 609 87.6 379 379 379
16 949 677 681 672 67.6 42.6 451 423 863 60.1 609 59.7 93.6 364 366 365

(b) LLaVa OneVision.

Prototypical Non-prototypical Fine-grained Very fine-grained
Method Shots

LI SS bCS mCS LI SS bCS mCS LT SS bCS mCS LI SS bCS mCS

LLaVa OneVision 7B
Zero-Shot - 532 562 620 534 28.1 316 438 302 404 39.0 439 372 767 318 323 309
Rand 4 139 337 351 339 73 253 357 237 20.8 342 345 342 741 308 308 308
"gt;’" 8 142 331 355 332 6.8 259 379 240 207 343 346 343 741 308 308 308
16 140 293 367 296 86 260 393 24.1 210 332 358 334 758 308 308 308
Proud 4 19.7 312 411 305 33 183 315 197 203 355 400 347 704 306 31.1 298
‘IeC”L” 8 554 541 639 489 299 275 456 240 33.9 37.1 457 342 744 313 316 307
16 58.1 550 653 493 318 28.1 463 25.1 33.6 37.1 457 345 733 317 323 305
849 718 718 718 525 417 418 418 702 427 427 426 674 351 353 346
CIRCLE 8 87.4 738 738 738 553 463 463 463 739 413 413 413 549 323 323 323
16 722 740 740 74.0 617 553 553 553 55.1 46.0 46.0 46.0 742 329 328 329

D. Streaming results

We provide detailed results for the Open-World Streaming
experiments in this section. We evaluate all five models on
the ten datasets, testing the Pseudo-label ICL variant and
CIRCLE.

We organize the results as follows:

* Main results. Tab. 10 presents the aggregated perfor-
mance for the Qwen series, LLaVa OneVision, and the Phi

series, categorizing results by dataset group: Prototypical,
Non-prototypical, Fine-grained, and Very fine-grained.

* Metric-specific results. Tabs. 11 to 14 provide granular
breakdowns across the ten datasets for SS, bCS, mCS, and
LI, respectively. We report the average score and the
improvement (A) relative to the Zero-Shot baseline.

Results discussion. The streaming results in Tab. 10 confirm
the robustness of CIRCLE in a streaming scenario. Across
the majority of models and dataset groups, CIRCLE con-



(c) Phi-3.5-Vision and Phi-4-Multimodal.

Prototypical

Non-prototypical

Fine-grained Very fine-grained

Method  Shots

LI SS bCS mCS LI SS bCS mCS LI SS bCS mCS LI SS bCS mCS
Phi-3.5-Vision
Zero-Shot - 60.7 482 656 46.1 28.7 249 367 24.1 507 321 472 313 542 295 363 298
Rond 4 492 575 609 573 147 272 354 272 291 359 43.1 356 517 277 323 265
"gt"m 8 450 534 576 533 113 271 375 275 26,7 347 415 347 56.7 282 317 273
* 16 403 483 544 484 104 263 364 274 241 263 364 274 582 27.1 317 263
Peend 4 S4.1 441 617 40.1 237 228 351 215 43.1 330 486 297 249 324 418 325
;ECMLO 8 593 467 653 4l.1 241 223 346 213 345 323 500 282 258 328 410 340
16 557 461 637 43.1 252 229 349 214 350 338 519 295 300 333 400 33.6
80.8 633 646 63.1 523 365 37.6 367 84.8 39.1 449 392 88.8 366 381 36.1
CIRCLE 8 847 647 662 65.0 593 316 360 329 847 421 489 42.6 929 320 373 324
16 921 597 632 603 583 300 352 317 88.1 392 457 42.1 99.6 330 33.6 33.1
Phi-4-Multimodal

Zero-Shot - 498 574 587 572 212 292 327 292 377 392 392 39.1 736 316 317 316
Random 4 109 326 326 32.6 96 30.1 302 30.1 299 381 381 38.1 70.0 306 306 306
i 8 13.0 342 342 342 77 296 297 29.6 312 385 385 385 71.7 307 307 307
* 16 113 328 328 328 58 285 286 285 309 379 379 379 723 308 307 306
Pooud 4 519 615 620 615 151 266 312 267 377 416 417 415 728 319 319 319
j"’C”L” 8 492 599 600 599 149 320 333 320 364 414 414 414 732 315 315 315
16 51.6 615 615 615 19.1 247 311 245 357 411 411 410 716 320 320 320
87.0 685 694 686 400 359 366 356 80.7 497 532 492 924 346 363 344
CIRCLE 8 853 659 684 657 61.5 374 438 347 793 570 60.3 56.8 91,5 382 389 377
16 915 655 701 664 67.6 432 461 434 79.1 533 555 53.0 752 402 425 379

sistently outperforms both the Zero-Shot baseline and the
Pseudo ICL approach. For example, on Prototypical datasets,
CIRCLE achieves a LT of 90.4 with Qwen2-VL (vs. 78.7
Zero-Shot) and 84.9 with Phi-4-Multimodal (vs. 49.8 Zero-
Shot). Similarly, SS increases from 51.9 to 60.9 for Qwen2-
VL and from 57.4 to 62.7 for Phi-4-Multimodal, while mCS
from 43.7 to 59.5 and from 57.2 to 64.6, respectively. While
Pseudo ICL occasionally shows strength in specific similar-
ity metrics (e.g., SS for Phi-3.5-Vision), it is inconsistent
across models, metrics, and datasets. In contrast, CIRCLE
exhibits superior overall stability.

E. Implementation details

For the closed-world experiments, we evaluate the three
most common CLIP [30] variants using ViT-B/32, ViT-
B/16, and ViT-L/14 [13]. For both the closed-world and
open-world experiments, we evaluate five Large Multimodal
Models (LMMs) from three publicly available model se-
ries: (i) Qwen2-VL 7B [37] and Qwen2.5-VL 7B [3]; (ii)
LLaVa OneVision 7B [20]; (iii) Phi-3.5-Vision [1] and Phi-
4-Multimodal [25].

For LMMs, we use a varying batch size for generation.
For tasks with a small context (e.g., multi-choice experi-
ments), our hardware (see Resources below) supports up to
batch size 32 for Qwen2-VL and Qwen2.5-VL. For more
complex and rich contexts, such as that of few-shot classi-
fication in the closed-world setting (see Sec. 3 and Tab. 1)

and the context we build for CIRCLE (see Sec. 4 and Tab. 2),
the batch size needs to be decreased to 8, 4, or 2 samples
per GPU, depending on the LMM. To reduce VRAM usage,
we downscale the context images to 224 x 224 pixels. For
reproducibility, we always use greedy decoding up to 64
generated tokens.

For a fair comparison, we use the same experimental
framework of [12] for all our experiments. We note that the
Llama Inclusion metric is sensitive, and provides incorrect
scores for non-sentence responses. Therefore, we encapsu-
late the comma-separated class options provided by CIRCLE
in the template “The target object in the photo is one of these
[output].”.

We run all our experiments on NVIDIA A100 GPUs
with 40, 64, and 80 GB of VRAM. Simpler experiments
(e.g., Zero-shot closed-world) can be run on a single GPU,
while we run experiments with large contexts on multiple
GPUs to reduce wait times, using up to 4 GPUs per ex-
periment. Evaluation time ranges from a few minutes for
Zero-shot closed-world experiments to 8-10 hours for the
largest datasets (Food101 and SUN397, see Tab. 3 for details
on their sizes) in the Streaming setting, where the context
has to be re-generated many times.

F. Qualitative results

We provide additional qualitative examples to complement
the visual analysis presented in Fig. 4 (Main). Figs. 7 to 13



Table 6. Open-world results. Semantic Similarity (SS) on the ten datasets. Purple indicates our CIRCLE. Higher is better. For each
LMM, bold indicates the best result. A computed w.r.t. the average (Avg.) of Zero-Shot. Results are split in Tabs. 6a to 6¢ for readability.

(a) Qwen2-VL and Qwen2.5-VL.
Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UlI01 Avg. A

Owen2-VL 7B
Zero-Shot - 558 286 207 206 417 507 251 483 481 431 383

vty 548 255 273 208 357 525 331 533 429 410 387 -04
iy 8 56.1 215 279 203 308 509 287 425 423 333 354 29

16 508 188 264 228 267 465 300 355 320 251 315 -68

Peeudo 576 297 186 210 405 526 273 568 492 455 399 416
o1 8 571 284 291 205 356  50.1 241 53.6 486 445 392 409

16 582 293 166 203 390 494 254 535 469 449 384 +0.1

625 290 322 263 493  66.1 497 459 570 496 468 +85

CIRCLE 8 613 357 313 250 573 664 531 454 615 469 484 +105
16 684 365 370 314 545 679 610 537 627 523 525 4142

Owen2.5-VL 7B
Zero-Shot - 488 283 190 367 474 524 411 549 470 442 420

Rand 4 558 20.1 283 354 496 477 481 652 488 462 454 434
“’ét omn- g 567 299 295 360  50.1 477 492  68.1 493 453 462 +42

* 16 576 302 317 358 510 478 482  69.0 495 451 466 +4.6
poonds 508 295 19 330 475 490 389 589 479 460 421 +0.1

; é‘L 8 503 298 192 340 484 492 371 586 483 466 422 +02

16 502 304 206 347 473 501 395  60.6 485 46.1 428 +08

4 68.0 398 309 296 645 584 584 495 68.0 495 517 497

CIRCLE 8 73.6 423 344 290 669 584 589 467 663 404 517 497
16 703 417 351 296 664 568 571 433 650 510 516 496

(b) LLaVa OneVision.

Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UlOl Avg. A
LLaVa OneVision 7B

Zero-Shot - 689 320 19.4 29.4 37.5 41.6 37.8 343 434 434 388
Rand. 4 412 247 249 29.4 32.1 33.0 37.6 322 263 263 308 -8.0
“gt om- g 401 241 271 294 320 333 377 322 261 264 308 -8.0
. 16 315 253 263 294 27.8 34.0 37.8 322 272 263 298 | -90
Pseudo 4 199 172 17.6 294 26.3 45.1 35.1 31.8 425 200 285 -103
IétL 8 67.0 310 235 29.4 33.8 39.5 38.1 332 412 279 364 24
16 66.5 30.1 23.2 294 32.7 40.6 38.2 34.0 435 31.0 369 -19
4 794 617 238 294 487 410 384 408 642 397 467 +79
CIRCLE 8 81.1 522 329 29.8 40.6 43.9 39.3 34.8 66.5 539 475 +8.7
16 82,7 718 36.7 29.8 41.7 53.8 42.5 35.9 653 574 518 +13.0
display a selection of samples across a subset of the ten context), our CIRCLE predicts the correct label more consis-
evaluated datasets, providing three distinct examples for tently. This underscores the robustness of CIRCLE, which
each to illustrate the model’s behavior in diverse scenarios. effectively leverages the context it constructs during the iter-
In these examples, we observe that while baseline meth- ative refinement steps to guide the underlying LMM to the
ods exhibit inconsistent performance, occasionally identi- correct specificity and format.

fying the correct concept but frequently misclassifying or
hallucinating unrelated categories (especially in the Random



(c) Phi-3.5-Vision and Phi-4-Multimodal.

Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIO1 Avg. A

Phi-3.5-Vision

Zero-Shot - 532 291 74 199 316 402 246 39.1 432 383 326
Rand 4 67.0 269 169 205 363 418 296 349 481 37.8 360 434
“’ét"’” 8 62.1 247 241 229 366 375  30.1 335 448 326 349 423
* 16 574 242 251 210 353 342 294 332 393 297 329 423
o 496 260 6.6 18.8 317 393 280 460 385 358 321 -05
I(;‘L 8 506 273 55 190 328 403 237 466 429 340 323 -03
16 527 264 58 198 310 406 299 468 396 364 329 +03
4 69.7 378 320 288 452 382 340 444 568 39.6 427 +10.1
CIRCLE 8 724 379 300 255 428 490 344 385 569 269 414 488
16 67.9 326 310 298 422 440 315 363 514 266 393 467
Phi-4-Multimodal

Zero-Shot - 735 339 138 292 422 378 375 341 412 400 383
Rand, 4 367 297 361 288 409 365 368 323 285 244 331 -52
“gt”’" 8 395 278 369 291 414 364 376 323 289 242 334 -49
* 16 382 264 360 293 410 352 376 322 274 232 326 -5.7
Poud 4 757 322 149 293 428 438 382 345 474 327 391 408
;QC“LO 8 744 369 251 294 420 439 382 336 454 340 403 420
16 764 294 132 294 419 431 382 347 467 315 384 +0.1
4 772 288 275 287 492 533 467 405 597 515 463 482
CIRCLE 8 719 383 368 284 546 621 543 481 599 370 49.1 +108

16 72.8  39.6 42.1 28.4 47.8 57.3 54.9 519 583 479 501 +11.8




Table 7. Open-world results. Concept Similarity (bCS) on the ten datasets. Purple indicates our CIRCLE. Higher is better. For each
LMM, bold indicates the best result. For each LMM, bold indicates the best result. A computed w.r.t. the average (Avg.) of Zero-Shot.
Results are split in Tabs. 7a to 7c for readability.

(a) Qwen2-VL and Qwen2.5-VL.
Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. A

QOwen2-VL 7B

Zero-Shot - 81.3 503 398 307 687 770 432 557 707 59.0 57.6
Rand, 4 759 427 520 307 494 687 497 619 594 535 544 32
“gt on- g 754 383 537 296 461 642 387 488 565 452 497 79
* 16 633 337 542 294 410 576 359 388 420 359 432 -144
P 799 511 372 313 637 784 510 670 724 621 594 +1.8
or 8 802 449 532 306 568 732 468 621 70.1 583 576 +0.0
16 802 485 340 302 584 725 474 616 617 611 562 -4
4 796 426 353 381 543 804 647 518 678 621 577 401
CIRCLE 8 765 448 374 356 648 746 699 504 676 538 575 0.1
16 790 462 402 422 644 715 739 581 695 618 613 437

Owen2.5-VL 7B

Zero-Shot - 85.6 534 413 687 797 7196 773 685 142 612 695
Rand 4 829 526 548 600 770 725 813 769 726 652 696 +0.1
“gt on- g 829 527 567 606 764 726 814 790 730 651 700 +0.5
x 16 835 529 590 603 766 726 808 801 730 647 703 +08
Peend 4 852 533 413 571 772 729 743 696 721 651 668 2.7
“;EC”L o 3 850 533 410 600 786 734 737 699 727 654 673 22
16 850 541 421 599 771 746 747 711 730 650 677 -1.8
711 476 309 296 645 606 645 495 682 538 540 -155
CIRCLE 8 757 437 344 291 677 603 600 467 667 406 525 -17.0
16 71.1 453 356 299 666 578 585 433  65.1 544 528 -16.7

(b) LLaVa OneVision.

Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. A
LLaVa OneVision 7B

Zero-Shot - 79.1 469 410 294 519 419 379 353 448 435 452
Rand 4 440 303 504 294 327 330 376 322 263 263 342 [-11.0
“Z,tom 8 449 309 564 294 327 333 377 322 261 264 350  -102
* 16 462 364 552 294 355 340 378 322 272 263 360 92
Poond 330 350 386 294 351 497 353 329 492 209 359 93
SIZ"LO 8 843 537 546 294 582 405 384 338 435 285 465 +13
16 84.1 535 539 294 570 416 384 352 466 315 471 +19

4 794 617 238 294 487 410 384 413 642 398 468 +1.6

CIRCLE 8 81.1 523 329 298 406 439 393 348 665 539 475 423

16 827 718 36.7 29.8 41.7 53.9 42.5 359 653 574 518 +6.6




(c) Phi-3.5-Vision and Phi-4-Multimodal.

Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIO1 Avg. A

Phi-3.5-Vision

Zero-Shot - 73.6 435 164 296 449 581 387 430 576 501 455
Rand 4 711 341 292 293 425 502 367 353 506 427 422 -33
“’ét omn- g 674 320 41.6 293 412 463 369 341 477 389 415 -40
x 16 647 319 401 293 410 427 366 341 442 372 402 -53
o 693 409 161 292 419 589 451 544 542 483 458 403
I(;‘L 8 702 417 146 282 453 594 453 538 604 474 466 +1.1
16 715 408 149 258 429 604 525 542 559 491 468 +13
4 712 402 320 314 538 405 403 448 580 405 453 -02
CIRCLE 8 73.6 426 302 308 520 526 421 438 588 353 462 407
16 710 390 326 309 505 482 384 363 553 341 436 -19
Phi-4-Multimodal

Zero-Shot - 758 406 174 293 422 379 375 341 417 40.1 39.6
Rand, 4 36.8 297 363 288 409 365 368 323 285 248 331 -65
“gt”’" 8 395 278 372 291 414 364 376 323 289 242 334 -62
* 16 382 264 362 292 410 352 376 322 274 232 327 -69
Poud 4 767 385 224 293 429 439 382 345 474 327 406 +1.0
;QC“LO 8 745 370 289 293 420 439 382 336 454 340 407 +1.1
16 764 410 210 293 419 431 382 347 467 315 404 408
4 778 293 275 293 527 590 479 433 611 531 481 485
CIRCLE 8 767 420 377 284 576 653 579 494 602 519 527 +13.1

16 81.0 423 422 29.1 50.3 59.4 56.8 559 592 537 53.0 +134




Table 8. Open-world results. Median Concept Similarity (mCS) on the ten datasets. Purple indicates our CIRCLE. Higher is better. For
each LMM, bold indicates the best result. For each LMM, bold indicates the best result. A computed w.r.t. the average (Avg.) of Zero-Shot.
Results are split in Tabs. 8a to 8c for readability.

(a) Qwen2-VL and Qwen2.5-VL.
Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. A

Owen2-VL 7B
Zero-Shot - 513 279 206 204 333 373 250 458 361 389 337

Rand, 4 463 260 240 208 349 457 313 486 327 371 347 1.0
“Zt"’" 8 490 235 233 203 307 476 289 390 348 330 330 -0.7
* 16 486 208 231 228 268 468 300 329 308 252 308 -29
Pooud 4 561 279 183 207  30.1 350 27.1 565 328 344 339 402
;ECMLO 8 552 277 263 203 322 399 251 523 341 419 355 418
16 575 282 160 201 348 387 265 513 352 377 346 +09
4 66.6 290 346 262 522 629 413 455 545 488 461 +124
CIRCLE 8 583 343 274 257 573 629 418 451 61.0 482 462 +125
16 652 348 359 302 535 672 512 494 618 509 500 +163

Owen2.5-VL 7B

Zero-Shot - 33.0 263 186 247 295 318 273 294 293 296 279

Rand, 4 514 267 214 261 333 311 389 501 319 316 343 +64
“Ztom 8 531 269 219 272 374 310  40.1 543 324 316 356 417
* 16 540 268 232 286 393 312 385 554 322 321 361 482
Pooud 4 326 267 189 243 294  31.1 248 268 295 269 271 -08
jeC”LO 8 321 267 189 241 291 306 238 239 291 277 266 -1.3
16 325 271 203 247 288  31.1 256 254 293 262 271 -08
660 379 309 296 642 579 556 495 679 499 509 +23.0
CIRCLE 8 724 425 344 290 664 575 589 467 663 404 515 4236
16 69.5 418 344 296 660 563 568 433 650 505 513 +234

(b) LLaVa OneVision.

Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIOl Avg. A
LLaVa OneVision 7B

Zero-Shot - 641 300 176 294 325 414 378 325 426 431 371
Rand, 4 416 256 193 294 321 330 376 322 263 263 303 -6.8
“Zt omn- g 404 252 204 294 320 333 377 322 261 264 303 -68
. 16 32.1 255 203 294 283 340 37.8 322 272 263 293 -78
Poond 4 233 225 163 294 271 419 351 302 378 203 284 87
‘;eC”LO 8 581 276 169 294 256 387 382 321 396 275 334 -37
16 573 270 179 294 253 398 382 316 414 306 338 -33
4 794 617 238 294 484 410 384 398 642 398 466 495
CIRCLE 8 81.1 523 329 298 406 439 393 348 665 538 475 +104

16 82.7 718 36.7 29.8 41.7 53.8 42.5 359 653 573 51.8 +14.7




(c) Phi-3.5-Vision and Phi-4-Multimodal.

Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIO1 Avg. A

Phi-3.5-Vision

Zero-Shot - 531 288 74 212 323 366 250 383 392 361 318
Rand 4 67.0 275 166 205 363 413 294 324 476 373 356 438
“’ét"’” 8 620 253 243 229 366 376 298 317 445 328 348 430
x 16 576 249 265 210 353 353 292 316 392 309 331 +13
Peoud 4 474 253 67 208 273 327 292 443 328 324 299 -19
;‘g‘Lo 8 492 261 55 211 270 329 247 468 329 323 299 -19
16 521 255 58 204 270 329 287 469 340 329 306 -02
4 69.5 383 320 290 441 379 358 432 567 398 426 +108
CIRCLE 8 727 394 300 284 425 494 359 363 572 293 421 +103
16 683 347 308 300 418 463 382 363 523 295 408 490

Phi-4-Multimodal

Zero-Shot - 733 344 136 292 422 378 375 341 412 397 383
Randd 4 367 297 361 288 409 365 368 323 285 245 331 -52
“gt”’" 8 395 278 369 291 414 364 376 323 289 241 334 -49
x 16 382 264 360 292 410 352 376 322 274 231 326 -57
Poud 4 755  32.8 149 293 427 438 382 345 474 325 392 409
;QC“LO 8 744 369 251 293 420 438 382 336 454 340 403 420
16 764 289 132 293 419 430 382 347 467 315 384 +0.1
4 77.6 288 275 287 499 509 469  40.1 596 50.6 46.1 +7.8
CIRCLE 8 717 387 366 284 538 617 547 470 598 287 481 498

16 74.1 402 417 27.8 46.7 57.3 55.0 48.0 587 482 498 +115




Table 9. Open-world results. Llama Inclusion (LI) on the ten datasets. Purple indicates our CIRCLE. Higher is better. For each LMM,
bold indicates the best result. A computed w.r.t. the average (Avg.) of Zero-Shot. For each LMM, bold indicates the best result. Results are
split in Tabs. 9a to 9c for readability.

(a) Qwen2-VL and Qwen2.5-VL.
Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. A

Owen2-VL 7B
Zero-Shot - 840 595 177 555 689 743 460 635 722 477 589

Rand, 4 648 365 195 471 389 454 443 349 313 339 397 [ -192
“Zt"’" 8 632 249 207 459 317 397 415 280 331 262 355 234
* 16 311 178 176 311 597 253 100 310 178 159 257 -332
Pooud 4 858 605 99 536 523 709 362 446 764 581 548 -4.1
;ECMLO 8 83.0 451 186 529 500 644 273 410 706 494 502 @ -87
16 82.6 476 64 555 521 625 297 441 648 513 497 92
4 927 694 549 886 91,5 889 862 981 888 735 833 +244
CIRCLE 8 935 683 322 924 910 938 750 988 90.6 859 822 4233
16 940 665 391 848 907 910 803 981 89.0 792 813 +224

Owen2.5-VL 7B

Zero-Shot - 843 589 125 688 747 761 707 693 816 663 663

Rand, 4 854 603 220 395 757 649 763 317 785 633 597 -66
“Ztom 8 86.1 614 217 376 737 654 771 312 781 625 595 -6.8
* 16 873 615 213 346 744 613 759 348 776 617 591 -72
Pooud 4 843 553 107 381 659 610 644 413 769 619 560 | -103
jeC”LO 8 83.1 564 134 333 698 593 617 476 719 614 564 99
16 83.0 563 113 305 693  6l.1 661 413 784 612 559 -104
90.1 688 421 956 944 802 724 818 906 722 788 +125
CIRCLE 8 893 774 401 963 954 786 674 788 900 580 77.1 +108
16 959 717 502 937 939 908 741 935 939 811 839 +176

(b) LLaVa OneVision.

Method  Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIOl Avg. A
LLaVa OneVision 7B

Zero-Shot - 813 456 118 689 489 220 502 844 250 270 465
Rand, 4 243 66 99 679 180 45 400 804 36 53 260 =205
“Zt omn- g 251 7.0 90 679 173 45 404 804 33 43 259 206
. 16 218 163 78 0.0 6.5 2.6 0.0 00 07 03 56 -409
Poond 4 31 28 51 689 77 244 289 718 363 20 251 | 214
‘;eC”LO 8 877 613 151 679 439 118 461 808 232 134 451 -1.4
16 879 612 180 679 421 127 461 789 283 163 459 -06
4 855 848 343 960 932 469 704 388 842 384 672 4207
CIRCLE 8 880 666 223 966 931 581 704 132 868 769 672 +20.7

16 96.5 889 66.8 65.4 95.1 73.0 72.6 644 898 809 793 +328




(c) Phi-3.5-Vision and Phi-4-Multimodal.
Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. A
Phi-3.5-Vision

Zero-Shot - 750 456 17 607  61.8 429 474 477 464 388 468
Rand, 4 66.6 199 50 392 465 200 207 642 319 192 333 | -135
“gt”’" 8 617 150 2.8 479 440 145 217 656 284 161 31.8  -150
* 16 565 154 08 556 434 86 202 609 241 150 300 -16.8
Pond 4 669 345 1.0 357 404 440 451 141 411 355 358 | -11.0
;EC”LO 8 684 398 00 358 317 400 318 158 503 325 346  -122
16 667 402 00 440 261 424 365 160 447 353 352  -116
4 792 660 295 985 899 781 864 792 824 614 751 +283
CIRCLE 8 849 754 360 947 886 807 848 9.1 846 665 787 +31.9
16 935 751 478 991 841 946 857 100.0 90.6 52.1 823 4355
Phi-4-Multimodal

Zero-Shot - 76.6 324 100 671 542 150 439  80.1 230 213 424
Rand, 4 155 59 177 627 447 9.1 360 773 63 53 280 | -144
AN 197 33 154 641 453 81 403 796 62 45 286 -138
* 16 183 1.7 121 657 463 6.7 397 789 43 36 277  -147
Pooud 4 757 268 54 677 506 166 459 778 281 130 408 -1.6
;ECMLO 8 741 197 101 677 473 159 459 786 244 149 398 2.6
16 76.6 427 24 678 455 156 459 755 266 122 411 -13
4 883 31.1 210 956 886 764 770 89.1 857 68.0 72.1 +29.7
CIRCLE 8 876 721 387 885 890 755 733 944 831 737 716 +352
16 937 729 619 707 925 702 747 797 893 681 774 +350

Table 10. Streaming results. We report results for Llama Inclusion (L.I), Semantic Similarity (SS), Concept Similarity (bCS), and Median
Concept Similarity (mCS). Purple indicates our CIRCLE. Higher is better on all metrics. For each LMM, bold indicates the best result.

hod Prototypical Non-prototypical Fine-grained Very fine-grained
Metho
LI SS bCS mCS LI SS bCS mCS LI SS bCS mCS LT SS bCS mCS
QOwen2-VL 7B

Zero-Shot 787 519 76.0 437 426 308 49.8 292 640 392 629 319 63.0 345 434 33.1
Pseudo ICL 659 629 705 614 36.5 365 443 363 540 54.0 593 526 40.0 40.0 465 399
CIRCLE 904 609 71.7 595 588 388 46.1 384 834 56.0 669 552 835 422 514 387

QOwen2.5-VL 7B

Zero-Shot 829 479 1799 31.1 459 305 54.0 248 73.8 47.0 1789 295 69.0 458 68.6 27.1
Pseudo ICL 63.7 1704 70.6 70.4 21.7 40.2 403 40.1 50.2 582 583 58.0 73.6 459 462 441
CIRCLE 873 66.0 665 66.0 60.2 395 40.6 395 81.0 550 56.7 549 86.7 373 373 373

LLaVa OneVision 7B

Zero-Shot 532 562 620 534 28.1 31.6 438 302 404 39.0 439 372 76.7 31.8 323 309
Pseudo ICL 448 450 56.0 39.0 252 258 41.1 231 257 341 423 333 724 30.8 30.8 30.8
CIRCLE 61.7 709 709 70.9 33.5 49.7 498 49.7 389 459 459 459 73.8 342 342 342

Phi-3.5-Vision
Zero-Shot 60.7 482 65.6 46.1 28.7 249 36.7 24.1 50.7 32.1 47.2 313 542 295 363 29.8
Pseudo ICL 495 588 61.0 585 193 29.1 355 289 413 427 456 420 68.8 325 325 325
CIRCLE 786 503 553 525 40.6 285 334 31.2 84.6 387 462 422 682 314 338 326
Phi-4-Multimodal

Zero-Shot 49.8 574 587 572 212 292 327 292 377 392 392 39.1 73.6 31.6 31.7 316
Pseudo ICL 506 623 623 623 18.8 36.1 36.7 360 36.7 41.8 41.8 418 713 31.7 31.7 31.7
CIRCLE 849 62.7 694 64.6 64.8 40.7 445 40.7 76.7 532 574 535 778 40.0 45.0 39.1




Table 11. Streaming results. Semantic Similarity (SS) on the ten datasets. Purple indicates our CIRCLE. Higher is better. For each LMM,
bold indicates the best result. A computed w.r.t. the average (Avg.) of Zero-Shot. For each LMM, bold indicates the best result.

Method C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIOl Avg. A

Owen2-VL 7B

Zero-Shot 558 28.6 207 20.6 41.7 50.7 25.1 483 481 43.1 383
Pseudo ICL 70.0 319 243 25.8 51.6 70.0 40.5 542 557 534 477 +94
CIRCLE 632 340 321 33.8 54.1 62.0 51.9 506 585 502 49.0 +10.7

Owen2.5-VL 7B

Zero-Shot 48.8 283 19.0 36.7 47.4 524 41.1 549 47.0 442 420
Pseudo ICL 787 371 274 29.8 66.5 66.8 41.2 619 622 562 528 +10.8
CIRCLE 70.5 355 32,0 30.1 63.6 51.9 49.5 444 616 510 49.0 +7.0

LLaVa OneVision 7B

Zero-Shot 689 320 194 294 37.5 41.6 37.8 343 434 434 388
Pseudo ICL 59.7  29.0 17.0 294 27.6 36.8 37.9 322 304 315 331 57
CIRCLE 774 578 39.7 294 42.5 54.2 40.9 39.1 643 517 49.7 +10.9

Phi-3.5-Vision

Zero-Shot 532 29.1 7.4 19.9 31.6 40.2 24.6 39.1 432 383 326
Pseudo ICL 71.7 328 118 29.3 44.1 50.7 33.2 357 458 427 398 +72
CIRCLE 554 28.1 244 26.6 44.2 39.7 32.1 36.3 451 33.0 365 +39

Phi-4-Multimodal

Zero-Shot 73.5 339 138 29.2 42.2 37.8 37.5 34.1 412 400 383
Pseudo ICL 781 405  28.6 294 42.4 44.9 38.1 340 465 393 422 439
CIRCLE 69.1 414 343 27.7 49.0 60.5 50.2 523 563 46.5 487 +104




Table 12. Streaming results. Concept Similarity (bCS) on the ten datasets. Purple indicates our CIRCLE. Higher is better. For each
LMM, bold indicates the best result. A computed w.r.t. the average (Avg.) of Zero-Shot. For each LMM, bold indicates the best result.

Method C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIOl Avg. A

Owen2-VL 7B
Zero-Shot 81.3 503 398 30.7 68.7 77.0 43.2 55.7 70.7 590 576

Pseudo ICL 79.9 442 328 30.7 59.1 7.3 41.4 623 61.0 558 545 -3l
CIRCLE 71.0 427  36.2 46.9 62.6 71.7 66.5 560 663 593 585 +09

Owen2.5-VL 7B

Zero-Shot 85.6 534 413 68.7 79.7 79.6 71.3 68.5 742 672 69.5
Pseudo ICL 791 372 275 30.3 66.9 66.9 41.2 622 622 562 530 -16.5
CIRCLE 714 375 321 30.2 64.7 52.5 52.9 444 617 522 500 -19.5

LLaVa OneVision 7B

Zero-Shot 79.1 469 410 294 519 41.9 37.9 35.3 448 435 452
Pseudo ICL 81.6 494 369 294 48.6 40.4 37.9 322 315 370 425 27
CIRCLE 774 578 397 294 42.5 54.2 40.9 39.1 643 518 49.7 +45

Phi-3.5-Vision
Zero-Shot 73.6 435 16.4 29.6 44.9 58.1 38.7 43.0 57.6 50.1 455
Pseudo ICL 741 399 20.2 29.4 44.7 56.2 35.9 35.7 479 463 43.0 -25
CIRCLE 593 348 24.9 30.9 53.6 46.7 38.3 36.6 51.3 405 41.7 -3.8
Phi-4-Multimodal

Zero-Shot 758 406 174 29.3 42.2 37.9 37.5 34.1 417 40.1 396
Pseudo ICL 782 40.6  30.0 29.4 42.4 44.9 38.1 340 465 394 424 428
CIRCLE 779 440 353 34.5 53.7 64.3 54.2 555 610 541 534 +13.8




Table 13. Streaming results. Median Concept Similarity (mCS) on the ten datasets. Purple indicates our CIRCLE. Higher is better. For
each LMM, bold indicates the best result. A computed w.r.t. the average (Avg.) of Zero-Shot. For each LMM, bold indicates the best result.

Method C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UlI0l Avg. A
Owen2-VL 7B
Zero-Shot 51.3 279 20.6 20.4 333 37.3 25.0 45.8 36.1 389 337
Pseudo ICL 694 312 24.9 25.7 50.1 67.2 40.5 54.2 533 529 469 +13.2
CIRCLE 614 34.8 31.1 30.0 54.9 61.4 49.3 47.5 575 492 477 +14.0
Owen2.5-VL 7B
Zero-Shot 33.0 263 18.6 24.7 29.5 31.8 27.3 29.4 293 296 279
Pseudo ICL 78.7 37.0 27.2 29.8 66.2 66.5 41.2 58.4 62.1 559 523 +244
CIRCLE 70.5 358 31.8 30.2 63.1 52.1 49.6 44 .4 61.6 510 49.0 +21.1
LLaVa OneVision 7B
Zero-Shot 64.1 30.0 17.6 294 32.5 41.4 37.8 32.5 42,6 431 371
Pseudo ICL 483  26.8 16.5 29.4 26.5 35.5 37.9 32.2 29.7 26.1 30.9 -6.2
CIRCLE 774 57.8 39.7 29.4 42.5 54.2 40.9 39.0 643 515 49.7 +12.6
Phi-3.5-Vision
Zero-Shot 53.1 28.8 7.4 21.2 32.3 36.6 25.0 38.3 39.2 361 31.8
Pseudo ICL 71.7  32.6 11.8 294 44.0 48.9 33.1 35.6 453 423 395 +7.7
CIRCLE 56.7 31.5 24.6 28.8 44.2 448 37.8 36.4 48.2 37.6 391 +7.3
Phi-4-Multimodal
Zero-Shot 733 344 13.6 29.2 42.2 37.8 37.5 34.1 412 397 383
Pseudo ICL 78.1 40.6 28.6 29.4 42.3 449 38.1 34.0 46.5 39.0 421 +3.8
CIRCLE 71.1 422 33.6 27.4 48.9 60.2 51.5 50.7 581 463 49.0 +10.7




Table 14. Streaming open-world results. Llama Inclusion (LI) on the ten datasets. Purple indicates our CIRCLE. Higher is better. For
each LMM, bold indicates the best result. A computed w.r.t. the average (Avg.) of Zero-Shot. For each LMM, bold indicates the best result.

Method C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 UIOl Avg. A

Owen2-VL 7B
Zero-Shot 84.0 595 17.7 55.5 68.9 74.3 46.0 63.5 722 477 589

Pseudo ICL 839 418 126 63.6 55.8 60.3 49.0 428 478 337 49.1 @ -98
CIRCLE 93.5 611 439 76.4 90.0 85.5 74.7 90.7 872 715 774 +185

Owen2.5-VL 7B

Zero-Shot 843 589 125 68.8 74.7 76.1 70.7 69.3 81.6 663 663
Pseudo ICL 80.9 19.1 12.7 72.8 62.8 40.2 47.8 744 465 335 490 -173
CIRCLE 89.5 603 429 94.2 93.5 73.5 76.1 79.1 8.0 773 772 +109

LLaVa OneVision 7B

Zero-Shot 813 456 118 68.9 48.9 22.0 50.2 844 250 27.0 465
Pseudo ICL 81.5 475 39 65.9 25.7 10.1 41.4 79.0 8.1 243 387  -71.8
CIRCLE 770 403 377 65.7 45.4 23.5 47.8 819 464 224 488 +23

Phi-3.5-Vision
Zero-Shot 75.0 456 1.7 60.7 61.8 42.9 47.4 47.7 46.4 388 468
Pseudo ICL 69.4 31.7 4.8 60.9 56.9 31.3 35.8 76.7 295 215 419 49
CIRCLE 79.9 46.6 12.0 96.0 88.0 87.0 78.9 40.3 772 631 669 +20.1
Phi-4-Multimodal

Zero-Shot 76.6 324 100 67.1 54.2 15.0 439 80.1 23.0 213 424
Pseudo ICL 76.1 227 174 65.9 47.6 16.9 45.7 76.7 25.1 163 410 -14
CIRCLE 864 651 60.5 84.1 86.4 78.6 65.0 716 835 68.6 75.0 +32.6
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Ground Truth: airplane
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VANILLA

The object in the photo is
an airplane.

PSEUDO-LABEL

The object in the image is
an airplane.

RANDOM

helicopter

CIRCLE

airplane, jet, airliner

VANILLA

The object in the photo is
a Canon camera.

PSEUDO-LABEL

The object in the image is
a Canon camera.

RANDOM

laptop

CIRCLE

camera, point-and-shoot,
Canon
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The object in the photo is
a boat.

PSEUDO-LABEL

The object in the image is
a boat.
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airplane 29 1 17

CIRCLE

boat, ferry, vessel

Figure 7. Qualitative results from Caltech101 [14]. We visualize three distinct samples, showing the response given by the Vanilla
model, with Random context, with Pseudo-labeling examples, and using our CIRCLE . We use Qwen2-VL [37] 7B as the LMM.

VANILLA

The photo shows a black
background with a grid of
small, evenly spaced dots.
This pattern is often
referred to as a "dot

grid" or "dotted grid."

PSEUDO-LABEL

The image shows a piece of
wood with a visible knot
and a crack. The wood
appears to be a wooden
board or panel, and the
knot and crack are natural
features of the wood.

Figure 8. Qualitative results from DTD [9] We visualize three distinct samples, showing the response given by the Vanilla model, with

Ground Truth: perforated

RANDOM

The object in the photo is

a piece of fabric with a

striped pattern.

CIRCLE

grid, perforated, metal

1
|

Ground Truth: pleated

VANILLA

The object in the photo is
a piece of fabric with a
pleated texture. The
pleats create a wave-like
pattern, giving the fabric
a distinctive and textured
appearance.

PSEUDO-LABEL

The object in this image

is a cluster of dry, brown
grasses. The grasses
appear to be in a state of
dormancy, possibly due to
seasonal changes or lack
of water. The image shows
the grasses in a natural
outdoor setting, likely a
field or meadow.

RANDOM

The object in the photo is
a woven basket.

CIRCLE

textile, pleated, fabric

&

Ground Truth: zigzagged

VANILLA

The object in the photo is
a piece of fabric or
clothing with a zigzag
pattern. The pattern
consists of alternating
light and dark zigzag
lines, creating a gradient
effect from top to bottom.

PSEUDO-LABEL

The image shows a pattern
of zigzag lines in
alternating colors of
black and white. This type
of pattern is often used

in textiles, wallpaper, or
other decorative surfaces.
The zigzag design can be
found in various forms of
art and design, and it is
known for its geometric
and visually striking
appearance.

RANDOM

The object in the photo is
a waffle.

CIRCLE

pattern, chevron, zigzag

Random context, with Pseudo-labeling examples, and using our CIRCLE . We use Qwen2-VL [37] 7B as the LMM.



Ground Truth: A318

VANILLA

The object in the photo is
an airplane.

PSEUDO-LABEL

The object in the image is
an airplane.

Figure 9. Qualitative results from FGVC Aircraft [24]. We visualize three distinct samples, showing the response given by the Vanilla

RANDOM

airplane

CIRCLE

airliner, commercial,
Airbus A318, Tarom,
Romanian airline

Ground Truth: C-130

VANILLA

The object in the photo is
an aircraft.

PSEUDO-LABEL

The object in the image is
an airplane.

RANDOM

The object in the photo is
an airplane.

CIRCLE

transport aircraft,
military, C-130 Hercules

Ground Truth: MD-80

VANILLA

The object in the photo is
an airplane.

PSEUDO-LABEL

The object in the image is
an airplane.

RANDOM

The object in the photo is
an airplane.

CIRCLE

airliner, commercial,
MD-80

model, with Random context, with Pseudo-labeling examples, and using our CIRCLE . We use Qwen2-VL [37] 7B as the LMM.

Ground Truth: hibiscus

VANILLA

The object in the photo is
a hibiscus flower.

PSEUDO-LABEL

The image shows a cluster
of pink flowers with white
centers. The flowers
appear to be in full bloom
and are likely part of a
garden or natural setting.

Figure 10. Qualitative results from Flowers102 [27]. We visualize three distinct samples, showing the response given by the Vanilla

RANDOM

flower

CIRCLE

hibiscus, hibiscus, pink
hibiscus

VANILLA

The object in the photo is
a flower. It appears to be
a type of thistle,
characterized by its
spiky, round, and blue-
purple petals.

PSEUDO-LABEL

The image shows a group of
passionflowers.
Passionflowers are a type
of flowering plant in the
genus Passiflora, known
for their large, showy
flowers that often have a
distinctive shape
resembling a cross. The
flowers in the image have
vibrant purple petals with
a white center and long,
white stamens.

Ground Truth: globe thistle

RANDOM

The object in the photo is
a flower.

CIRCLE

blue flower, echinops,
globe thistle

Ground Truth:

VANILLA

The object in the photo is
a bird of paradise flower
(Strelitzia reginae). It

is characterized by its
vibrant, colorful flowers
that resemble the wings of
a bird. The flower has
bright yellow and blue
petals with a red base.

PSEUDO-LABEL

The image shows a pink
ginger flower (Alpinia
officinarum). Ginger
flowers are known for
their large, showy blooms
that often have a pink or
red coloration. They are
typically found in

tropical and subtropical
regions and are often used
in ornamental gardens. The
flower in the image has a
distinctive shape

bird of paradise

RANDOM

The object in the photo is
a flower.

CIRCLE

bird of paradise, tropical
flower

model, with Random context, with Pseudo-labeling examples, and using our CIRCLE . We use Qwen2-VL [37] 7B as the LMM.



Ground Truth: basset hound

VANILLA

The object in the photo is
a toy. The dog is holding
it in its mouth.

PSEUDO-LABEL

The image shows a black
cat lying down on a white
surface.

RANDOM

The object in the photo is
a toy.

CIRCLE

dog, basset hound, toy

Ground Truth:

VANILLA

The object in the photo is
a dog.

PSEUDO-LABEL

The object in the image is
a cat.

: english setter

RANDOM

The object in the photo is
a dog.

CIRCLE

dog, English Setter

Ground Truth: sphynx

VANILLA

The object in the photo is
a cat.

PSEUDO-LABEL

The image shows a white
dog with a fluffy coat,
lying on a wooden surface
with fallen leaves around
it. The dog appears to be
a Samoyed or a similar
breed.

RANDOM

CIRCLE

cat, hairless, Sphynx

Figure 11. Qualitative results from Oxford Pets [28]. We visualize three distinct samples, showing the response given by the Vanilla
model, with Random context, with Pseudo-labeling examples, and using our CIRCLE . We use Qwen2-VL [37] 7B as the LMM.

A Al

VANILLA

The object in the photo is
a car. Specifically, it
appears to be a Volvo
model, as indicated by the
logo on the front grille.

PSEUDO-LABEL

The object in the image is
a gray pickup truck.

Ground Truth: 2012 Volvo C30 Hatchback

RANDOM

The object in the photo is
acar.

CIRCLE

coupé, Volvo, Volvo C30

Ground Truth: 2012 Aston Martin Virage Coupe

VANILLA

The object in the photo is
a sports car.

PSEUDO-LABEL

The object in the image is
a black Hyundai Tucson
SUV.

RANDOM

The object in the photo is
acar.

CIRCLE

sports car, luxury sports
car, Aston Martin sports
car

Ground Truth: 2012 Chevrolet Silverado 1500 Hybrid Crew Cab

VANILLA

The object in the photo is
a silver Chevrolet
Silverado pickup truck.

PSEUDO-LABEL

The object in the image is
a black sedan parked in a
lot.

RANDOM

The object in the photo is
a 2012 Chevrolet Silverado
1500 Regular Cab pickup
truck.

CIRCLE

truck, pickup truck,
Chevrolet Silverado

Figure 12. Qualitative results from Stanford Cars [19]. We visualize three distinct samples, showing the response given by the Vanilla
model, with Random context, with Pseudo-labeling examples, and using our CIRCLE . We use Qwen2-VL [37] 7B as the LMM.



VANILLA RANDOM

The photo shows a small,
rectangular putting green
with a red flag in the

Ground Truth: motel

center. The putting green golf course
VANILLA RANDOM is surrounded by a border
of white rocks and a bed
The object in the photo is The object in the photo is of small rocks and
a hotel or motel building. a building, specifically a
Ground Truth: lighthouse g b Y y flowers.
VANILLA BANDON PSEUDO-LABEL CIRCLE
Thg object in the photo is Thg object in the photo is The object in the image is PSEUDO-LABEL CIRCLE
a lighthouse. a lighthouse. 5 i hine. It
a pizza-making machine. The image shows a golf course, putting green
is a large, industrial cityscape with a prominent
machine used in a pizza tall tower, which is Coit
factory or production Tower, located in San
PSEUDO-LABEL CIRCLE facility. The machine is Francisco, California, The
designed to automate the is si ;
The image shows a building lighthouse, lighthouse, process of making pizzas, hotel, motel iofm%zlrel;r:;\}llag,;]dl :2;?:
with a large "T" logo on coast including the stretching surrounded by various
the front, two garage . of the dough and the buildings and trees. The
doors, a_nd a s_mal] awning application of toppings. sky is clear, and the
on'th.e right side. The The image shows a person overall scene captures the
building appears to be a working with the machine, urban landscape of the
garage or a storage likely adding ingredients city.
facility. .

Figure 13. Qualitative results from SUN397 [38] We visualize three distinct samples, showing the response given by the Vanilla model,
with Random context, with Pseudo-labeling examples, and using our CIRCLE . We use Qwen2-VL [37] 7B as the LMM.
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