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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. 1

(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. 1 (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 ! 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 Food101 [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. ! 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 U101 Avg. !

CLIP ViT-B/32

Zero-Shot - 92.4 44.6 45.1 19.2 69.3 80.5 87.3 60.1 62.5 64.5 62.6
TIP-Adapter 4 93.3 49.3 57.5 21.8 74.8 80.7 87.9 63.0 64.9 67.1 66.0 +3.4

k-NN 4 87.6 43.5 66.7 20.5 80.0 52.8 41.9 37.1 50.9 60.8 54.2 -8.4
TIP-Adapter 8 93.4 52.4 63.4 23.5 79.0 80.7 88.3 65.4 66.4 69.2 68.2 +5.6

k-NN 8 87.2 53.0 72.5 25.2 83.6 60.9 52.4 45.7 58.6 64.3 60.3 -2.3
TIP-Adapter 16 93.9 56.1 65.2 25.6 82.8 80.7 88.5 67.8 68.8 71.2 70.1 +7.5

k-NN 16 90.8 56.3 73.4 29.0 85.8 67.0 61.8 54.5 62.2 67.7 64.8 +2.2

CLIP ViT-B/16

Zero-Shot - 94.2 45.7 48.2 24.8 71.3 85.8 89.1 65.6 63.0 68.5 65.6
TIP-Adapter 4 94.8 49.1 66.6 27.9 76.8 86.2 90.1 68.3 65.8 71.5 69.7 +4.2

k-NN 4 90.2 46.6 72.7 29.5 86.9 65.6 58.0 50.2 53.6 62.6 61.6 -4.0
TIP-Adapter 8 94.9 52.2 69.6 30.5 79.9 86.2 90.2 70.0 67.6 73.2 71.4 +5.8

k-NN 8 90.6 56.3 73.7 32.0 90.3 71.8 65.2 59.3 60.6 68.3 66.8 +1.2
TIP-Adapter 16 95.6 57.0 76.4 33.3 84.8 86.5 91.9 73.1 70.0 75.5 74.4 +8.8

k-NN 16 93.1 58.2 76.2 36.3 92.0 77.0 75.3 65.7 64.4 70.6 70.9 +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 75.8 72.9
TIP-Adapter 4 97.1 57.3 68.8 37.1 84.9 91.2 93.8 79.0 70.1 77.0 75.6 +2.7

k-NN 4 92.9 49.9 75.0 35.0 93.7 75.2 61.9 58.6 56.6 72.7 67.2 -5.7
TIP-Adapter 8 97.3 59.9 74.5 40.4 87.9 91.3 94.0 80.2 71.4 78.1 77.5 +4.6

k-NN 8 94.1 59.6 81.0 40.9 94.4 81.4 70.9 67.6 63.7 77.4 73.1 +0.2
TIP-Adapter 16 97.5 64.4 77.7 44.3 92.2 91.4 94.2 82.8 73.6 80.1 79.8 +6.9

k-NN 16 96.2 64.1 82.3 44.2 96.5 83.9 81.6 72.8 67.7 78.4 76.8 +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 (LI) in Tabs. 9a to 9c.
In all tables, we report the average score (Avg.) and the

improvement (!) 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 (LI) 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 LI 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. 5c)
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. ! 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 U101 Avg. !

Qwen-2-VL 7B

Vanilla - 91.6 61.9 33.9 50.3 69.8 82.3 86.8 16.4 48.9 70.9 61.3

Random

4 71.5 41.7 21.0 11.1 20.0 64.1 55.3 7.0 10.8 37.4 34.0 -27.3
8 49.5 23.6 19.7 4.4 8.6 42.5 30.0 4.6 4.7 15.4 20.3 -41.0

16 20.6 16.9 17.5 2.3 3.9 39.0 15.5 2.7 1.2 5.9 12.6 -48.7

Similarity

4 92.3 58.2 45.5 63.4 88.4 73.3 74.0 59.6 59.1 67.3 68.1 +6.8
8 93.8 66.9 46.8 67.8 92.7 79.2 75.5 74.2 67.2 73.5 73.8 +12.5

16 95.5 74.8 53.8 70.0 96.3 83.1 80.8 83.1 72.7 79.4 79.0 +17.7

Qwen-2.5-VL 7B

Vanilla - 92.4 65.2 29.7 48.5 73.2 77.4 85.9 17.3 55.9 66.1 61.2

Random

4 90.1 52.1 30.4 13.2 45.6 57.6 75.0 10.9 27.0 58.9 46.1 -15.1
8 88.6 51.9 30.8 12.1 48.3 53.8 72.2 11.9 28.2 58.3 45.6 -15.6

16 87.2 50.7 30.3 11.0 48.7 47.3 67.8 10.9 28.1 55.4 43.7 -17.5

Similarity

4 92.2 50.2 38.6 50.4 90.4 63.4 72.5 34.5 59.0 61.9 61.3 +0.1
8 94.4 63.1 48.7 54.0 96.4 70.9 79.1 53.2 69.0 72.1 70.1 +8.9

16 95.6 72.5 55.6 60.8 98.3 76.9 85.2 69.0 74.0 76.8 76.5 +15.3

LLaVa OneVision 7B

Vanilla - 91.5 73.8 48.9 51.6 38.5 69.7 53.3 14.8 46.6 69.5 55.8

Random

4 16.9 15.2 17.6 3.6 4.8 14.5 21.4 1.3 10.0 11.9 11.7 -44.1
8 20.3 18.0 22.5 4.7 5.8 14.7 19.3 1.3 10.8 15.7 13.3 -42.5

16 80.2 69.6 1.5 11.4 24.6 11.9 39.1 3.5 11.2 23.3 27.6 -28.2

Similarity

4 94.8 68.3 60.0 30.0 73.3 60.5 47.7 55.6 47.9 66.4 60.4 +4.6
8 94.1 71.0 51.9 30.6 73.1 63.7 47.2 55.7 51.2 69.3 60.8 +5.0

16 94.6 72.8 53.8 29.7 73.4 64.3 46.0 52.4 51.8 69.2 60.8 +5.0

Phi-3.5-Vision

Vanilla - 76.4 52.4 33.7 6.8 27.3 53.1 49.4 6.5 31.8 47.6 38.5

Random

4 60.5 23.6 23.6 2.0 10.2 21.1 23.4 1.3 12.9 16.3 19.5 -19.0
8 47.9 11.8 18.1 1.4 5.7 14.1 11.5 0.9 7.1 8.2 12.7 -25.7

16 55.7 26.8 14.0 2.0 32.0 6.8 42.1 0.6 2.9 21.7 20.5 -18.0

Similarity

4 86.5 39.5 50.7 13.6 65.3 58.8 59.2 27.4 49.2 54.7 50.5 +12.0
8 91.2 51.1 65.6 17.5 74.6 65.1 67.0 36.0 58.0 65.3 59.1 +20.6

16 94.3 64.6 73.7 23.7 83.2 73.0 76.6 47.2 67.0 73.2 67.7 +29.2

Phi-4-MM

Vanilla - 85.8 56.6 29.5 14.7 25.5 54.2 47.7 3.3 29.3 48.9 39.6

Random

4 23.2 16.9 15.9 3.3 7.3 19.6 15.5 1.2 10.7 8.2 12.2 -27.4
8 22.0 10.2 13.7 1.7 10.0 11.2 12.2 1.3 7.0 8.6 9.8 -29.8

16 63.2 49.3 12.9 9.4 23.1 6.8 8.6 0.9 3.9 14.9 19.3 -20.3

Similarity

4 84.7 57.8 36.4 24.5 58.9 49.0 45.2 33.1 45.2 43.1 47.8 +8.2
8 86.0 68.4 42.9 29.6 64.6 54.4 42.6 32.9 49.2 45.5 51.6 +12.0

16 81.9 70.6 43.2 28.8 69.5 60.5 45.1 34.2 53.9 42.3 53.0 +13.4

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 (bCS), 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 5c for readability.

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

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

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

Qwen2-VL 7B

Zero-Shot - 78.7 51.9 76.0 43.7 42.6 30.8 49.8 29.2 64.0 39.2 62.9 31.9 63.0 34.5 43.4 33.1

Random

Ctx

4 48.0 48.9 67.7 39.5 30.0 31.2 49.4 29.0 42.9 40.5 55.9 37.3 41.0 37.0 46.3 34.7
8 48.2 49.2 66.0 41.9 24.0 27.6 45.7 26.6 37.6 36.8 49.7 35.7 37.0 31.4 39.2 29.7
16 24.4 41.4 52.7 39.7 17.1 23.4 41.3 23.0 31.7 34.4 44.8 34.6 31.1 29.2 34.1 27.9

Pseudo

ICL

4 81.1 53.4 76.2 44.4 42.8 31.2 50.1 26.9 53.1 40.2 64.4 30.7 49.1 38.9 49.1 38.6
8 76.8 52.9 75.2 44.6 37.7 34.0 52.1 31.9 47.3 36.6 58.9 32.4 47.0 37.1 46.4 36.3
16 73.7 52.6 74.0 46.3 35.1 30.3 47.9 27.3 48.1 37.9 59.4 33.3 49.8 36.9 45.9 35.7

4 90.8 59.8 73.7 60.5 65.9 36.9 46.7 37.5 88.8 55.1 66.4 52.1 93.4 36.1 44.9 35.8
8 92.1 61.4 72.0 59.6 62.1 37.9 45.3 36.6 86.6 58.9 69.8 54.0 95.6 35.2 43.0 35.4CIRCLE
16 91.5 65.6 74.3 63.5 61.6 41.9 49.4 40.5 87.3 61.1 72.0 57.3 91.5 42.5 50.2 39.8

Qwen2.5-VL 7B

Zero-Shot - 82.9 47.9 79.9 31.1 45.9 30.5 54.0 24.8 73.8 47.0 78.9 29.5 69.0 45.8 68.6 27.1

Random

Ctx

4 81.9 52.3 77.8 41.6 48.5 34.5 57.5 26.6 72.3 48.5 76.9 34.4 35.6 50.3 68.4 38.1
8 82.1 53.0 78.0 42.8 48.5 34.9 58.2 26.8 72.1 49.0 76.8 36.2 34.4 52.0 69.8 40.8
16 82.5 53.5 78.2 43.1 48.2 35.7 58.9 27.3 70.6 49.0 76.7 36.3 34.7 52.4 70.2 42.0

Pseudo

ICL

4 80.6 49.3 78.6 31.0 42.7 31.6 53.2 24.2 63.8 45.1 74.8 28.4 39.7 46.0 63.4 25.5
8 80.5 49.3 78.8 30.6 43.7 31.9 53.3 24.4 63.6 44.9 75.2 27.9 40.5 46.3 64.9 24.0
16 80.7 49.3 79.0 30.9 42.9 32.3 53.7 24.5 65.5 45.7 75.5 28.5 35.9 47.6 65.5 25.0

4 90.3 68.0 69.7 67.0 61.0 40.1 44.1 39.5 82.3 60.4 63.2 59.2 88.7 39.6 39.6 39.6
8 89.7 70.0 71.2 69.4 58.5 39.0 39.6 39.1 80.5 61.4 62.6 60.9 87.6 37.9 37.9 37.9CIRCLE
16 94.9 67.7 68.1 67.2 67.6 42.6 45.1 42.3 86.3 60.1 60.9 59.7 93.6 36.4 36.6 36.5

(b) LLaVa OneVision.

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

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

LLaVa OneVision 7B

Zero-Shot - 53.2 56.2 62.0 53.4 28.1 31.6 43.8 30.2 40.4 39.0 43.9 37.2 76.7 31.8 32.3 30.9

Random

Ctx

4 13.9 33.7 35.1 33.9 7.3 25.3 35.7 23.7 20.8 34.2 34.5 34.2 74.1 30.8 30.8 30.8
8 14.2 33.1 35.5 33.2 6.8 25.9 37.9 24.0 20.7 34.3 34.6 34.3 74.1 30.8 30.8 30.8
16 14.0 29.3 36.7 29.6 8.6 26.0 39.3 24.1 21.0 33.2 35.8 33.4 75.8 30.8 30.8 30.8

Pseudo

ICL

4 19.7 31.2 41.1 30.5 3.3 18.3 31.5 19.7 20.3 35.5 40.0 34.7 70.4 30.6 31.1 29.8
8 55.4 54.1 63.9 48.9 29.9 27.5 45.6 24.0 33.9 37.1 45.7 34.2 74.4 31.3 31.6 30.7
16 58.1 55.0 65.3 49.3 31.8 28.1 46.3 25.1 33.6 37.1 45.7 34.5 73.3 31.7 32.3 30.5

4 84.9 71.8 71.8 71.8 52.5 41.7 41.8 41.8 70.2 42.7 42.7 42.6 67.4 35.1 35.3 34.6

8 87.4 73.8 73.8 73.8 55.3 46.3 46.3 46.3 73.9 41.3 41.3 41.3 54.9 32.3 32.3 32.3CIRCLE
16 72.2 74.0 74.0 74.0 61.7 55.3 55.3 55.3 55.1 46.0 46.0 46.0 74.2 32.9 32.8 32.9

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 (!) 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.

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

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

Phi-3.5-Vision

Zero-Shot - 60.7 48.2 65.6 46.1 28.7 24.9 36.7 24.1 50.7 32.1 47.2 31.3 54.2 29.5 36.3 29.8

Random

Ctx

4 49.2 57.5 60.9 57.3 14.7 27.2 35.4 27.2 29.1 35.9 43.1 35.6 51.7 27.7 32.3 26.5
8 45.0 53.4 57.6 53.3 11.3 27.1 37.5 27.5 26.7 34.7 41.5 34.7 56.7 28.2 31.7 27.3
16 40.3 48.3 54.4 48.4 10.4 26.3 36.4 27.4 24.1 26.3 36.4 27.4 58.2 27.1 31.7 26.3

Pseudo

ICL

4 54.1 44.1 61.7 40.1 23.7 22.8 35.1 21.5 43.1 33.0 48.6 29.7 24.9 32.4 41.8 32.5
8 59.3 46.7 65.3 41.1 24.1 22.3 34.6 21.3 34.5 32.3 50.0 28.2 25.8 32.8 41.0 34.0
16 55.7 46.1 63.7 43.1 25.2 22.9 34.9 21.4 35.0 33.8 51.9 29.5 30.0 33.3 40.0 33.6

4 80.8 63.3 64.6 63.1 52.3 36.5 37.6 36.7 84.8 39.1 44.9 39.2 88.8 36.6 38.1 36.1

8 84.7 64.7 66.2 65.0 59.3 31.6 36.0 32.9 84.7 42.1 48.9 42.6 92.9 32.0 37.3 32.4CIRCLE
16 92.1 59.7 63.2 60.3 58.3 30.0 35.2 31.7 88.1 39.2 45.7 42.1 99.6 33.0 33.6 33.1

Phi-4-Multimodal

Zero-Shot - 49.8 57.4 58.7 57.2 21.2 29.2 32.7 29.2 37.7 39.2 39.2 39.1 73.6 31.6 31.7 31.6

Random

Ctx

4 10.9 32.6 32.6 32.6 9.6 30.1 30.2 30.1 29.9 38.1 38.1 38.1 70.0 30.6 30.6 30.6
8 13.0 34.2 34.2 34.2 7.7 29.6 29.7 29.6 31.2 38.5 38.5 38.5 71.7 30.7 30.7 30.7
16 11.3 32.8 32.8 32.8 5.8 28.5 28.6 28.5 30.9 37.9 37.9 37.9 72.3 30.8 30.7 30.6

Pseudo

ICL

4 51.9 61.5 62.0 61.5 15.1 26.6 31.2 26.7 37.7 41.6 41.7 41.5 72.8 31.9 31.9 31.9
8 49.2 59.9 60.0 59.9 14.9 32.0 33.3 32.0 36.4 41.4 41.4 41.4 73.2 31.5 31.5 31.5
16 51.6 61.5 61.5 61.5 19.1 24.7 31.1 24.5 35.7 41.1 41.1 41.0 71.6 32.0 32.0 32.0

4 87.0 68.5 69.4 68.6 40.0 35.9 36.6 35.6 80.7 49.7 53.2 49.2 92.4 34.6 36.3 34.4
8 85.3 65.9 68.4 65.7 61.5 37.4 43.8 34.7 79.3 57.0 60.3 56.8 91.5 38.2 38.9 37.7CIRCLE
16 91.5 65.5 70.1 66.4 67.6 43.2 46.1 43.4 79.1 53.3 55.5 53.0 75.2 40.2 42.5 37.9

sistently outperforms both the Zero-Shot baseline and the
Pseudo ICL approach. For example, on Prototypical datasets,
CIRCLE achieves a LI 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→ 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. ! computed w.r.t. the average (Avg.) of Zero-Shot. Results are split in Tabs. 6a to 6c for readability.

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

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

Qwen2-VL 7B

Zero-Shot - 55.8 28.6 20.7 20.6 41.7 50.7 25.1 48.3 48.1 43.1 38.3

Random

Ctx

4 54.8 25.5 27.3 20.8 35.7 52.5 33.1 53.3 42.9 41.0 38.7 -0.4
8 56.1 21.5 27.9 20.3 30.8 50.9 28.7 42.5 42.3 33.3 35.4 -2.9
16 50.8 18.8 26.4 22.8 26.7 46.5 30.0 35.5 32.0 25.1 31.5 -6.8

Pseudo

ICL

4 57.6 29.7 18.6 21.0 40.5 52.6 27.3 56.8 49.2 45.5 39.9 +1.6
8 57.1 28.4 29.1 20.5 35.6 50.1 24.1 53.6 48.6 44.5 39.2 +0.9
16 58.2 29.3 16.6 20.3 39.0 49.4 25.4 53.5 46.9 44.9 38.4 +0.1

4 62.5 29.0 32.2 26.3 49.3 66.1 49.7 45.9 57.0 49.6 46.8 +8.5
8 61.3 35.7 31.3 25.0 57.3 66.4 53.1 45.4 61.5 46.9 48.4 +10.5CIRCLE
16 68.4 36.5 37.0 31.4 54.5 67.9 61.0 53.7 62.7 52.3 52.5 +14.2

Qwen2.5-VL 7B

Zero-Shot - 48.8 28.3 19.0 36.7 47.4 52.4 41.1 54.9 47.0 44.2 42.0

Random

Ctx

4 55.8 29.1 28.3 35.4 49.6 47.7 48.1 65.2 48.8 46.2 45.4 +3.4
8 56.7 29.9 29.5 36.0 50.1 47.7 49.2 68.1 49.3 45.3 46.2 +4.2
16 57.6 30.2 31.7 35.8 51.0 47.8 48.2 69.0 49.5 45.1 46.6 +4.6

Pseudo

ICL

4 50.8 29.5 19.1 33.0 47.5 49.0 38.9 58.9 47.9 46.0 42.1 +0.1
8 50.3 29.8 19.2 34.0 48.4 49.2 37.1 58.6 48.3 46.6 42.2 +0.2
16 50.2 30.4 20.6 34.7 47.3 50.1 39.5 60.6 48.5 46.1 42.8 +0.8

4 68.0 39.8 30.9 29.6 64.5 58.4 58.4 49.5 68.0 49.5 51.7 +9.7
8 73.6 42.3 34.4 29.0 66.9 58.4 58.9 46.7 66.3 40.4 51.7 +9.7CIRCLE
16 70.3 41.7 35.1 29.6 66.4 56.8 57.1 43.3 65.0 51.0 51.6 +9.6

(b) LLaVa OneVision.

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

LLaVa OneVision 7B

Zero-Shot - 68.9 32.0 19.4 29.4 37.5 41.6 37.8 34.3 43.4 43.4 38.8

Random

Ctx

4 41.2 24.7 24.9 29.4 32.1 33.0 37.6 32.2 26.3 26.3 30.8 -8.0
8 40.1 24.1 27.1 29.4 32.0 33.3 37.7 32.2 26.1 26.4 30.8 -8.0
16 31.5 25.3 26.3 29.4 27.8 34.0 37.8 32.2 27.2 26.3 29.8 -9.0

Pseudo

ICL

4 19.9 17.2 17.6 29.4 26.3 45.1 35.1 31.8 42.5 20.0 28.5 -10.3
8 67.0 31.0 23.5 29.4 33.8 39.5 38.1 33.2 41.2 27.9 36.4 -2.4
16 66.5 30.1 23.2 29.4 32.7 40.6 38.2 34.0 43.5 31.0 36.9 -1.9

4 79.4 61.7 23.8 29.4 48.7 41.0 38.4 40.8 64.2 39.7 46.7 +7.9
8 81.1 52.2 32.9 29.8 40.6 43.9 39.3 34.8 66.5 53.9 47.5 +8.7CIRCLE
16 82.7 71.8 36.7 29.8 41.7 53.8 42.5 35.9 65.3 57.4 51.8 +13.0

display a selection of samples across a subset of the ten
evaluated datasets, providing three distinct examples for
each to illustrate the model’s behavior in diverse scenarios.

In these examples, we observe that while baseline meth-
ods exhibit inconsistent performance, occasionally identi-
fying the correct concept but frequently misclassifying or
hallucinating unrelated categories (especially in the Random

context), our CIRCLE predicts the correct label more consis-
tently. This underscores the robustness of CIRCLE, which
effectively leverages the context it constructs during the iter-
ative refinement steps to guide the underlying LMM to the
correct specificity and format.



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

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

Phi-3.5-Vision

Zero-Shot - 53.2 29.1 7.4 19.9 31.6 40.2 24.6 39.1 43.2 38.3 32.6

Random

Ctx

4 67.0 26.9 16.9 20.5 36.3 41.8 29.6 34.9 48.1 37.8 36.0 +3.4
8 62.1 24.7 24.1 22.9 36.6 37.5 30.1 33.5 44.8 32.6 34.9 +2.3
16 57.4 24.2 25.1 21.0 35.3 34.2 29.4 33.2 39.3 29.7 32.9 +2.3

Pseudo

ICL

4 49.6 26.0 6.6 18.8 31.7 39.3 28.0 46.0 38.5 35.8 32.1 -0.5
8 50.6 27.3 5.5 19.0 32.8 40.3 23.7 46.6 42.9 34.0 32.3 -0.3
16 52.7 26.4 5.8 19.8 31.0 40.6 29.9 46.8 39.6 36.4 32.9 +0.3

4 69.7 37.8 32.0 28.8 45.2 38.2 34.0 44.4 56.8 39.6 42.7 +10.1
8 72.4 37.9 30.0 25.5 42.8 49.0 34.4 38.5 56.9 26.9 41.4 +8.8CIRCLE
16 67.9 32.6 31.0 29.8 42.2 44.0 31.5 36.3 51.4 26.6 39.3 +6.7

Phi-4-Multimodal

Zero-Shot - 73.5 33.9 13.8 29.2 42.2 37.8 37.5 34.1 41.2 40.0 38.3

Random

Ctx

4 36.7 29.7 36.1 28.8 40.9 36.5 36.8 32.3 28.5 24.4 33.1 -5.2
8 39.5 27.8 36.9 29.1 41.4 36.4 37.6 32.3 28.9 24.2 33.4 -4.9
16 38.2 26.4 36.0 29.3 41.0 35.2 37.6 32.2 27.4 23.2 32.6 -5.7

Pseudo

ICL

4 75.7 32.2 14.9 29.3 42.8 43.8 38.2 34.5 47.4 32.7 39.1 +0.8
8 74.4 36.9 25.1 29.4 42.0 43.9 38.2 33.6 45.4 34.0 40.3 +2.0
16 76.4 29.4 13.2 29.4 41.9 43.1 38.2 34.7 46.7 31.5 38.4 +0.1

4 77.2 28.8 27.5 28.7 49.2 53.3 46.7 40.5 59.7 51.5 46.3 +8.2
8 71.9 38.3 36.8 28.4 54.6 62.1 54.3 48.1 59.9 37.0 49.1 +10.8CIRCLE
16 72.8 39.6 42.1 28.4 47.8 57.3 54.9 51.9 58.3 47.9 50.1 +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. ! 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. !

Qwen2-VL 7B

Zero-Shot - 81.3 50.3 39.8 30.7 68.7 77.0 43.2 55.7 70.7 59.0 57.6

Random

Ctx

4 75.9 42.7 52.0 30.7 49.4 68.7 49.7 61.9 59.4 53.5 54.4 -3.2
8 75.4 38.3 53.7 29.6 46.1 64.2 38.7 48.8 56.5 45.2 49.7 -7.9

16 63.3 33.7 54.2 29.4 41.0 57.6 35.9 38.8 42.0 35.9 43.2 -14.4

Pseudo

ICL

4 79.9 51.1 37.2 31.3 63.7 78.4 51.0 67.0 72.4 62.1 59.4 +1.8
8 80.2 44.9 53.2 30.6 56.8 73.2 46.8 62.1 70.1 58.3 57.6 +0.0

16 80.2 48.5 34.0 30.2 58.4 72.5 47.4 61.6 67.7 61.1 56.2 -1.4

4 79.6 42.6 35.3 38.1 54.3 80.4 64.7 51.8 67.8 62.1 57.7 +0.1
8 76.5 44.8 37.4 35.6 64.8 74.6 69.9 50.4 67.6 53.8 57.5 -0.1CIRCLE

16 79.0 46.2 40.2 42.2 64.4 77.5 73.9 58.1 69.5 61.8 61.3 +3.7

Qwen2.5-VL 7B

Zero-Shot - 85.6 53.4 41.3 68.7 79.7 79.6 77.3 68.5 74.2 67.2 69.5

Random

Ctx

4 82.9 52.6 54.8 60.0 77.0 72.5 81.3 76.9 72.6 65.2 69.6 +0.1
8 82.9 52.7 56.7 60.6 76.4 72.6 81.4 79.0 73.0 65.1 70.0 +0.5

16 83.5 52.9 59.0 60.3 76.6 72.6 80.8 80.1 73.0 64.7 70.3 +0.8

Pseudo

ICL

4 85.2 53.3 41.3 57.1 77.2 72.9 74.3 69.6 72.1 65.1 66.8 -2.7
8 85.0 53.3 41.0 60.0 78.6 73.4 73.7 69.9 72.7 65.4 67.3 -2.2

16 85.0 54.1 42.1 59.9 77.1 74.6 74.7 71.1 73.0 65.0 67.7 -1.8

4 71.1 47.6 30.9 29.6 64.5 60.6 64.5 49.5 68.2 53.8 54.0 -15.5
8 75.7 43.7 34.4 29.1 67.7 60.3 60.0 46.7 66.7 40.6 52.5 -17.0CIRCLE

16 71.1 45.3 35.6 29.9 66.6 57.8 58.5 43.3 65.1 54.4 52.8 -16.7

(b) LLaVa OneVision.

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

LLaVa OneVision 7B

Zero-Shot - 79.1 46.9 41.0 29.4 51.9 41.9 37.9 35.3 44.8 43.5 45.2

Random

Ctx

4 44.0 30.3 50.4 29.4 32.7 33.0 37.6 32.2 26.3 26.3 34.2 -11.0
8 44.9 30.9 56.4 29.4 32.7 33.3 37.7 32.2 26.1 26.4 35.0 -10.2

16 46.2 36.4 55.2 29.4 35.5 34.0 37.8 32.2 27.2 26.3 36.0 -9.2

Pseudo

ICL

4 33.0 35.0 38.6 29.4 35.1 49.7 35.3 32.9 49.2 20.9 35.9 -9.3
8 84.3 53.7 54.6 29.4 58.2 40.5 38.4 33.8 43.5 28.5 46.5 +1.3

16 84.1 53.5 53.9 29.4 57.0 41.6 38.4 35.2 46.6 31.5 47.1 +1.9

4 79.4 61.7 23.8 29.4 48.7 41.0 38.4 41.3 64.2 39.8 46.8 +1.6
8 81.1 52.3 32.9 29.8 40.6 43.9 39.3 34.8 66.5 53.9 47.5 +2.3CIRCLE

16 82.7 71.8 36.7 29.8 41.7 53.9 42.5 35.9 65.3 57.4 51.8 +6.6



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

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

Phi-3.5-Vision

Zero-Shot - 73.6 43.5 16.4 29.6 44.9 58.1 38.7 43.0 57.6 50.1 45.5

Random

Ctx

4 71.1 34.1 29.2 29.3 42.5 50.2 36.7 35.3 50.6 42.7 42.2 -3.3
8 67.4 32.0 41.6 29.3 41.2 46.3 36.9 34.1 47.7 38.9 41.5 -4.0
16 64.7 31.9 40.1 29.3 41.0 42.7 36.6 34.1 44.2 37.2 40.2 -5.3

Pseudo

ICL

4 69.3 40.9 16.1 29.2 41.9 58.9 45.1 54.4 54.2 48.3 45.8 +0.3
8 70.2 41.7 14.6 28.2 45.3 59.4 45.3 53.8 60.4 47.4 46.6 +1.1
16 71.5 40.8 14.9 25.8 42.9 60.4 52.5 54.2 55.9 49.1 46.8 +1.3

4 71.2 40.2 32.0 31.4 53.8 40.5 40.3 44.8 58.0 40.5 45.3 -0.2
8 73.6 42.6 30.2 30.8 52.0 52.6 42.1 43.8 58.8 35.3 46.2 +0.7CIRCLE
16 71.0 39.0 32.6 30.9 50.5 48.2 38.4 36.3 55.3 34.1 43.6 -1.9

Phi-4-Multimodal

Zero-Shot - 75.8 40.6 17.4 29.3 42.2 37.9 37.5 34.1 41.7 40.1 39.6

Random

Ctx

4 36.8 29.7 36.3 28.8 40.9 36.5 36.8 32.3 28.5 24.8 33.1 -6.5
8 39.5 27.8 37.2 29.1 41.4 36.4 37.6 32.3 28.9 24.2 33.4 -6.2
16 38.2 26.4 36.2 29.2 41.0 35.2 37.6 32.2 27.4 23.2 32.7 -6.9

Pseudo

ICL

4 76.7 38.5 22.4 29.3 42.9 43.9 38.2 34.5 47.4 32.7 40.6 +1.0
8 74.5 37.0 28.9 29.3 42.0 43.9 38.2 33.6 45.4 34.0 40.7 +1.1
16 76.4 41.0 21.0 29.3 41.9 43.1 38.2 34.7 46.7 31.5 40.4 +0.8

4 77.8 29.3 27.5 29.3 52.7 59.0 47.9 43.3 61.1 53.1 48.1 +8.5
8 76.7 42.0 37.7 28.4 57.6 65.3 57.9 49.4 60.2 51.9 52.7 +13.1CIRCLE
16 81.0 42.3 42.2 29.1 50.3 59.4 56.8 55.9 59.2 53.7 53.0 +13.4



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. ! 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. !

Qwen2-VL 7B

Zero-Shot - 51.3 27.9 20.6 20.4 33.3 37.3 25.0 45.8 36.1 38.9 33.7

Random

Ctx

4 46.3 26.0 24.0 20.8 34.9 45.7 31.3 48.6 32.7 37.1 34.7 +1.0
8 49.0 23.5 23.3 20.3 30.7 47.6 28.9 39.0 34.8 33.0 33.0 -0.7
16 48.6 20.8 23.1 22.8 26.8 46.8 30.0 32.9 30.8 25.2 30.8 -2.9

Pseudo

ICL

4 56.1 27.9 18.3 20.7 30.1 35.0 27.1 56.5 32.8 34.4 33.9 +0.2
8 55.2 27.7 26.3 20.3 32.2 39.9 25.1 52.3 34.1 41.9 35.5 +1.8
16 57.5 28.2 16.0 20.1 34.8 38.7 26.5 51.3 35.2 37.7 34.6 +0.9

4 66.6 29.0 34.6 26.2 52.2 62.9 41.3 45.5 54.5 48.8 46.1 +12.4
8 58.3 34.3 27.4 25.7 57.3 62.9 41.8 45.1 61.0 48.2 46.2 +12.5CIRCLE
16 65.2 34.8 35.9 30.2 53.5 67.2 51.2 49.4 61.8 50.9 50.0 +16.3

Qwen2.5-VL 7B

Zero-Shot - 33.0 26.3 18.6 24.7 29.5 31.8 27.3 29.4 29.3 29.6 27.9

Random

Ctx

4 51.4 26.7 21.4 26.1 33.3 31.1 38.9 50.1 31.9 31.6 34.3 +6.4
8 53.1 26.9 21.9 27.2 37.4 31.0 40.1 54.3 32.4 31.6 35.6 +7.7
16 54.0 26.8 23.2 28.6 39.3 31.2 38.5 55.4 32.2 32.1 36.1 +8.2

Pseudo

ICL

4 32.6 26.7 18.9 24.3 29.4 31.1 24.8 26.8 29.5 26.9 27.1 -0.8
8 32.1 26.7 18.9 24.1 29.1 30.6 23.8 23.9 29.1 27.7 26.6 -1.3
16 32.5 27.1 20.3 24.7 28.8 31.1 25.6 25.4 29.3 26.2 27.1 -0.8

4 66.0 37.9 30.9 29.6 64.2 57.9 55.6 49.5 67.9 49.9 50.9 +23.0
8 72.4 42.5 34.4 29.0 66.4 57.5 58.9 46.7 66.3 40.4 51.5 +23.6CIRCLE
16 69.5 41.8 34.4 29.6 66.0 56.3 56.8 43.3 65.0 50.5 51.3 +23.4

(b) LLaVa OneVision.

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

LLaVa OneVision 7B

Zero-Shot - 64.1 30.0 17.6 29.4 32.5 41.4 37.8 32.5 42.6 43.1 37.1

Random

Ctx

4 41.6 25.6 19.3 29.4 32.1 33.0 37.6 32.2 26.3 26.3 30.3 -6.8
8 40.4 25.2 20.4 29.4 32.0 33.3 37.7 32.2 26.1 26.4 30.3 -6.8
16 32.1 25.5 20.3 29.4 28.3 34.0 37.8 32.2 27.2 26.3 29.3 -7.8

Pseudo

ICL

4 23.3 22.5 16.3 29.4 27.1 41.9 35.1 30.2 37.8 20.3 28.4 -8.7
8 58.1 27.6 16.9 29.4 25.6 38.7 38.2 32.1 39.6 27.5 33.4 -3.7
16 57.3 27.0 17.9 29.4 25.3 39.8 38.2 31.6 41.4 30.6 33.8 -3.3

4 79.4 61.7 23.8 29.4 48.4 41.0 38.4 39.8 64.2 39.8 46.6 +9.5
8 81.1 52.3 32.9 29.8 40.6 43.9 39.3 34.8 66.5 53.8 47.5 +10.4CIRCLE
16 82.7 71.8 36.7 29.8 41.7 53.8 42.5 35.9 65.3 57.3 51.8 +14.7



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

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

Phi-3.5-Vision

Zero-Shot - 53.1 28.8 7.4 21.2 32.3 36.6 25.0 38.3 39.2 36.1 31.8

Random

Ctx

4 67.0 27.5 16.6 20.5 36.3 41.3 29.4 32.4 47.6 37.3 35.6 +3.8
8 62.0 25.3 24.3 22.9 36.6 37.6 29.8 31.7 44.5 32.8 34.8 +3.0
16 57.6 24.9 26.5 21.0 35.3 35.3 29.2 31.6 39.2 30.9 33.1 +1.3

Pseudo

ICL

4 47.4 25.3 6.7 20.8 27.3 32.7 29.2 44.3 32.8 32.4 29.9 -1.9
8 49.2 26.1 5.5 21.1 27.0 32.9 24.7 46.8 32.9 32.3 29.9 -1.9
16 52.1 25.5 5.8 20.4 27.0 32.9 28.7 46.9 34.0 32.9 30.6 -0.2

4 69.5 38.3 32.0 29.0 44.1 37.9 35.8 43.2 56.7 39.8 42.6 +10.8
8 72.7 39.4 30.0 28.4 42.5 49.4 35.9 36.3 57.2 29.3 42.1 +10.3CIRCLE
16 68.3 34.7 30.8 30.0 41.8 46.3 38.2 36.3 52.3 29.5 40.8 +9.0

Phi-4-Multimodal

Zero-Shot - 73.3 34.4 13.6 29.2 42.2 37.8 37.5 34.1 41.2 39.7 38.3

Random

Ctx

4 36.7 29.7 36.1 28.8 40.9 36.5 36.8 32.3 28.5 24.5 33.1 -5.2
8 39.5 27.8 36.9 29.1 41.4 36.4 37.6 32.3 28.9 24.1 33.4 -4.9
16 38.2 26.4 36.0 29.2 41.0 35.2 37.6 32.2 27.4 23.1 32.6 -5.7

Pseudo

ICL

4 75.5 32.8 14.9 29.3 42.7 43.8 38.2 34.5 47.4 32.5 39.2 +0.9
8 74.4 36.9 25.1 29.3 42.0 43.8 38.2 33.6 45.4 34.0 40.3 +2.0
16 76.4 28.9 13.2 29.3 41.9 43.0 38.2 34.7 46.7 31.5 38.4 +0.1

4 77.6 28.8 27.5 28.7 49.9 50.9 46.9 40.1 59.6 50.6 46.1 +7.8
8 71.7 38.7 36.6 28.4 53.8 61.7 54.7 47.0 59.8 28.7 48.1 +9.8CIRCLE
16 74.1 40.2 41.7 27.8 46.7 57.3 55.0 48.0 58.7 48.2 49.8 +11.5



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. ! 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. !

Qwen2-VL 7B

Zero-Shot - 84.0 59.5 17.7 55.5 68.9 74.3 46.0 63.5 72.2 47.7 58.9

Random

Ctx

4 64.8 36.5 19.5 47.1 38.9 45.4 44.3 34.9 31.3 33.9 39.7 -19.2
8 63.2 24.9 20.7 45.9 31.7 39.7 41.5 28.0 33.1 26.2 35.5 -23.4
16 31.1 17.8 17.6 31.1 59.7 25.3 10.0 31.0 17.8 15.9 25.7 -33.2

Pseudo

ICL

4 85.8 60.5 9.9 53.6 52.3 70.9 36.2 44.6 76.4 58.1 54.8 -4.1
8 83.0 45.1 18.6 52.9 50.0 64.4 27.3 41.0 70.6 49.4 50.2 -8.7
16 82.6 47.6 6.4 55.5 52.1 62.5 29.7 44.1 64.8 51.3 49.7 -9.2

4 92.7 69.4 54.9 88.6 91.5 88.9 86.2 98.1 88.8 73.5 83.3 +24.4
8 93.5 68.3 32.2 92.4 91.0 93.8 75.0 98.8 90.6 85.9 82.2 +23.3CIRCLE
16 94.0 66.5 39.1 84.8 90.7 91.0 80.3 98.1 89.0 79.2 81.3 +22.4

Qwen2.5-VL 7B

Zero-Shot - 84.3 58.9 12.5 68.8 74.7 76.1 70.7 69.3 81.6 66.3 66.3

Random

Ctx

4 85.4 60.3 22.0 39.5 75.7 64.9 76.3 31.7 78.5 63.3 59.7 -6.6
8 86.1 61.4 21.7 37.6 73.7 65.4 77.1 31.2 78.1 62.5 59.5 -6.8
16 87.3 61.5 21.3 34.6 74.4 61.3 75.9 34.8 77.6 61.7 59.1 -7.2

Pseudo

ICL

4 84.3 55.3 10.7 38.1 65.9 61.0 64.4 41.3 76.9 61.9 56.0 -10.3
8 83.1 56.4 13.4 33.3 69.8 59.3 61.7 47.6 77.9 61.4 56.4 -9.9
16 83.0 56.3 11.3 30.5 69.3 61.1 66.1 41.3 78.4 61.2 55.9 -10.4

4 90.1 68.8 42.1 95.6 94.4 80.2 72.4 81.8 90.6 72.2 78.8 +12.5
8 89.3 77.4 40.1 96.3 95.4 78.6 67.4 78.8 90.0 58.0 77.1 +10.8CIRCLE
16 95.9 71.7 50.2 93.7 93.9 90.8 74.1 93.5 93.9 81.1 83.9 +17.6

(b) LLaVa OneVision.

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

LLaVa OneVision 7B

Zero-Shot - 81.3 45.6 11.8 68.9 48.9 22.0 50.2 84.4 25.0 27.0 46.5

Random

Ctx

4 24.3 6.6 9.9 67.9 18.0 4.5 40.0 80.4 3.6 5.3 26.0 -20.5
8 25.1 7.0 9.0 67.9 17.3 4.5 40.4 80.4 3.3 4.3 25.9 -20.6
16 21.8 16.3 7.8 0.0 6.5 2.6 0.0 0.0 0.7 0.3 5.6 -40.9

Pseudo

ICL

4 3.1 2.8 5.1 68.9 7.7 24.4 28.9 71.8 36.3 2.0 25.1 -21.4
8 87.7 61.3 15.1 67.9 43.9 11.8 46.1 80.8 23.2 13.4 45.1 -1.4
16 87.9 61.2 18.0 67.9 42.1 12.7 46.1 78.9 28.3 16.3 45.9 -0.6

4 85.5 84.8 34.3 96.0 93.2 46.9 70.4 38.8 84.2 38.4 67.2 +20.7
8 88.0 66.6 22.3 96.6 93.1 58.1 70.4 13.2 86.8 76.9 67.2 +20.7CIRCLE
16 96.5 88.9 66.8 65.4 95.1 73.0 72.6 64.4 89.8 80.9 79.3 +32.8



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

Method Shots C101 DTD ESAT FGVC FLWR FOOD PETS CARS S397 U101 Avg. !

Phi-3.5-Vision

Zero-Shot - 75.0 45.6 1.7 60.7 61.8 42.9 47.4 47.7 46.4 38.8 46.8

Random

Ctx

4 66.6 19.9 5.0 39.2 46.5 20.0 20.7 64.2 31.9 19.2 33.3 -13.5
8 61.7 15.0 2.8 47.9 44.0 14.5 21.7 65.6 28.4 16.1 31.8 -15.0
16 56.5 15.4 0.8 55.6 43.4 8.6 20.2 60.9 24.1 15.0 30.0 -16.8

Pseudo

ICL

4 66.9 34.5 1.0 35.7 40.4 44.0 45.1 14.1 41.1 35.5 35.8 -11.0
8 68.4 39.8 0.0 35.8 31.7 40.0 31.8 15.8 50.3 32.5 34.6 -12.2
16 66.7 40.2 0.0 44.0 26.1 42.4 36.5 16.0 44.7 35.3 35.2 -11.6

4 79.2 66.0 29.5 98.5 89.9 78.1 86.4 79.2 82.4 61.4 75.1 +28.3
8 84.9 75.4 36.0 94.7 88.6 80.7 84.8 91.1 84.6 66.5 78.7 +31.9CIRCLE
16 93.5 75.1 47.8 99.1 84.1 94.6 85.7 100.0 90.6 52.1 82.3 +35.5

Phi-4-Multimodal

Zero-Shot - 76.6 32.4 10.0 67.1 54.2 15.0 43.9 80.1 23.0 21.3 42.4

Random

Ctx

4 15.5 5.9 17.7 62.7 44.7 9.1 36.0 77.3 6.3 5.3 28.0 -14.4
8 19.7 3.3 15.4 64.1 45.3 8.1 40.3 79.6 6.2 4.5 28.6 -13.8
16 18.3 1.7 12.1 65.7 46.3 6.7 39.7 78.9 4.3 3.6 27.7 -14.7

Pseudo

ICL

4 75.7 26.8 5.4 67.7 50.6 16.6 45.9 77.8 28.1 13.0 40.8 -1.6
8 74.1 19.7 10.1 67.7 47.3 15.9 45.9 78.6 24.4 14.9 39.8 -2.6
16 76.6 42.7 2.4 67.8 45.5 15.6 45.9 75.5 26.6 12.2 41.1 -1.3

4 88.3 31.1 21.0 95.6 88.6 76.4 77.0 89.1 85.7 68.0 72.1 +29.7
8 87.6 72.1 38.7 88.5 89.0 75.5 73.3 94.4 83.1 73.7 77.6 +35.2CIRCLE
16 93.7 72.9 61.9 70.7 92.5 70.2 74.7 79.7 89.3 68.1 77.4 +35.0

Table 10. Streaming results. We report results for Llama Inclusion (LI), 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.

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

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

Qwen2-VL 7B

Zero-Shot 78.7 51.9 76.0 43.7 42.6 30.8 49.8 29.2 64.0 39.2 62.9 31.9 63.0 34.5 43.4 33.1
Pseudo ICL 65.9 62.9 70.5 61.4 36.5 36.5 44.3 36.3 54.0 54.0 59.3 52.6 40.0 40.0 46.5 39.9

CIRCLE 90.4 60.9 71.7 59.5 58.8 38.8 46.1 38.4 83.4 56.0 66.9 55.2 83.5 42.2 51.4 38.7

Qwen2.5-VL 7B

Zero-Shot 82.9 47.9 79.9 31.1 45.9 30.5 54.0 24.8 73.8 47.0 78.9 29.5 69.0 45.8 68.6 27.1
Pseudo ICL 63.7 70.4 70.6 70.4 21.7 40.2 40.3 40.1 50.2 58.2 58.3 58.0 73.6 45.9 46.2 44.1

CIRCLE 87.3 66.0 66.5 66.0 60.2 39.5 40.6 39.5 81.0 55.0 56.7 54.9 86.7 37.3 37.3 37.3

LLaVa OneVision 7B

Zero-Shot 53.2 56.2 62.0 53.4 28.1 31.6 43.8 30.2 40.4 39.0 43.9 37.2 76.7 31.8 32.3 30.9
Pseudo ICL 44.8 45.0 56.0 39.0 25.2 25.8 41.1 23.1 25.7 34.1 42.3 33.3 72.4 30.8 30.8 30.8

CIRCLE 61.7 70.9 70.9 70.9 33.5 49.7 49.8 49.7 38.9 45.9 45.9 45.9 73.8 34.2 34.2 34.2

Phi-3.5-Vision

Zero-Shot 60.7 48.2 65.6 46.1 28.7 24.9 36.7 24.1 50.7 32.1 47.2 31.3 54.2 29.5 36.3 29.8
Pseudo ICL 49.5 58.8 61.0 58.5 19.3 29.1 35.5 28.9 41.3 42.7 45.6 42.0 68.8 32.5 32.5 32.5

CIRCLE 78.6 50.3 55.3 52.5 40.6 28.5 33.4 31.2 84.6 38.7 46.2 42.2 68.2 31.4 33.8 32.6

Phi-4-Multimodal

Zero-Shot 49.8 57.4 58.7 57.2 21.2 29.2 32.7 29.2 37.7 39.2 39.2 39.1 73.6 31.6 31.7 31.6
Pseudo ICL 50.6 62.3 62.3 62.3 18.8 36.1 36.7 36.0 36.7 41.8 41.8 41.8 71.3 31.7 31.7 31.7

CIRCLE 84.9 62.7 69.4 64.6 64.8 40.7 44.5 40.7 76.7 53.2 57.4 53.5 77.8 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. ! 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 U101 Avg. !

Qwen2-VL 7B

Zero-Shot 55.8 28.6 20.7 20.6 41.7 50.7 25.1 48.3 48.1 43.1 38.3
Pseudo ICL 70.0 31.9 24.3 25.8 51.6 70.0 40.5 54.2 55.7 53.4 47.7 +9.4

CIRCLE 63.2 34.0 32.1 33.8 54.1 62.0 51.9 50.6 58.5 50.2 49.0 +10.7

Qwen2.5-VL 7B

Zero-Shot 48.8 28.3 19.0 36.7 47.4 52.4 41.1 54.9 47.0 44.2 42.0
Pseudo ICL 78.7 37.1 27.4 29.8 66.5 66.8 41.2 61.9 62.2 56.2 52.8 +10.8

CIRCLE 70.5 35.5 32.0 30.1 63.6 51.9 49.5 44.4 61.6 51.0 49.0 +7.0

LLaVa OneVision 7B

Zero-Shot 68.9 32.0 19.4 29.4 37.5 41.6 37.8 34.3 43.4 43.4 38.8
Pseudo ICL 59.7 29.0 17.0 29.4 27.6 36.8 37.9 32.2 30.4 31.5 33.1 -5.7

CIRCLE 77.4 57.8 39.7 29.4 42.5 54.2 40.9 39.1 64.3 51.7 49.7 +10.9

Phi-3.5-Vision

Zero-Shot 53.2 29.1 7.4 19.9 31.6 40.2 24.6 39.1 43.2 38.3 32.6
Pseudo ICL 71.7 32.8 11.8 29.3 44.1 50.7 33.2 35.7 45.8 42.7 39.8 +7.2

CIRCLE 55.4 28.1 24.4 26.6 44.2 39.7 32.1 36.3 45.1 33.0 36.5 +3.9

Phi-4-Multimodal

Zero-Shot 73.5 33.9 13.8 29.2 42.2 37.8 37.5 34.1 41.2 40.0 38.3
Pseudo ICL 78.1 40.5 28.6 29.4 42.4 44.9 38.1 34.0 46.5 39.3 42.2 +3.9

CIRCLE 69.1 41.4 34.3 27.7 49.0 60.5 50.2 52.3 56.3 46.5 48.7 +10.4



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. ! 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 U101 Avg. !

Qwen2-VL 7B

Zero-Shot 81.3 50.3 39.8 30.7 68.7 77.0 43.2 55.7 70.7 59.0 57.6
Pseudo ICL 79.9 44.2 32.8 30.7 59.1 77.3 41.4 62.3 61.0 55.8 54.5 -3.1

CIRCLE 77.0 42.7 36.2 46.9 62.6 71.7 66.5 56.0 66.3 59.3 58.5 +0.9

Qwen2.5-VL 7B

Zero-Shot 85.6 53.4 41.3 68.7 79.7 79.6 77.3 68.5 74.2 67.2 69.5

Pseudo ICL 79.1 37.2 27.5 30.3 66.9 66.9 41.2 62.2 62.2 56.2 53.0 -16.5
CIRCLE 71.4 37.5 32.1 30.2 64.7 52.5 52.9 44.4 61.7 52.2 50.0 -19.5

LLaVa OneVision 7B

Zero-Shot 79.1 46.9 41.0 29.4 51.9 41.9 37.9 35.3 44.8 43.5 45.2
Pseudo ICL 81.6 49.4 36.9 29.4 48.6 40.4 37.9 32.2 31.5 37.0 42.5 -2.7

CIRCLE 77.4 57.8 39.7 29.4 42.5 54.2 40.9 39.1 64.3 51.8 49.7 +4.5

Phi-3.5-Vision

Zero-Shot 73.6 43.5 16.4 29.6 44.9 58.1 38.7 43.0 57.6 50.1 45.5

Pseudo ICL 74.1 39.9 20.2 29.4 44.7 56.2 35.9 35.7 47.9 46.3 43.0 -2.5
CIRCLE 59.3 34.8 24.9 30.9 53.6 46.7 38.3 36.6 51.3 40.5 41.7 -3.8

Phi-4-Multimodal

Zero-Shot 75.8 40.6 17.4 29.3 42.2 37.9 37.5 34.1 41.7 40.1 39.6
Pseudo ICL 78.2 40.6 30.0 29.4 42.4 44.9 38.1 34.0 46.5 39.4 42.4 +2.8

CIRCLE 77.9 44.0 35.3 34.5 53.7 64.3 54.2 55.5 61.0 54.1 53.4 +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. ! 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 U101 Avg. !

Qwen2-VL 7B

Zero-Shot 51.3 27.9 20.6 20.4 33.3 37.3 25.0 45.8 36.1 38.9 33.7
Pseudo ICL 69.4 31.2 24.9 25.7 50.1 67.2 40.5 54.2 53.3 52.9 46.9 +13.2

CIRCLE 61.4 34.8 31.1 30.0 54.9 61.4 49.3 47.5 57.5 49.2 47.7 +14.0

Qwen2.5-VL 7B

Zero-Shot 33.0 26.3 18.6 24.7 29.5 31.8 27.3 29.4 29.3 29.6 27.9
Pseudo ICL 78.7 37.0 27.2 29.8 66.2 66.5 41.2 58.4 62.1 55.9 52.3 +24.4

CIRCLE 70.5 35.8 31.8 30.2 63.1 52.1 49.6 44.4 61.6 51.0 49.0 +21.1

LLaVa OneVision 7B

Zero-Shot 64.1 30.0 17.6 29.4 32.5 41.4 37.8 32.5 42.6 43.1 37.1
Pseudo ICL 48.3 26.8 16.5 29.4 26.5 35.5 37.9 32.2 29.7 26.1 30.9 -6.2

CIRCLE 77.4 57.8 39.7 29.4 42.5 54.2 40.9 39.0 64.3 51.5 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 36.1 31.8
Pseudo ICL 71.7 32.6 11.8 29.4 44.0 48.9 33.1 35.6 45.3 42.3 39.5 +7.7

CIRCLE 56.7 31.5 24.6 28.8 44.2 44.8 37.8 36.4 48.2 37.6 39.1 +7.3

Phi-4-Multimodal

Zero-Shot 73.3 34.4 13.6 29.2 42.2 37.8 37.5 34.1 41.2 39.7 38.3
Pseudo ICL 78.1 40.6 28.6 29.4 42.3 44.9 38.1 34.0 46.5 39.0 42.1 +3.8

CIRCLE 71.1 42.2 33.6 27.4 48.9 60.2 51.5 50.7 58.1 46.3 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. ! 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 U101 Avg. !

Qwen2-VL 7B

Zero-Shot 84.0 59.5 17.7 55.5 68.9 74.3 46.0 63.5 72.2 47.7 58.9
Pseudo ICL 83.9 41.8 12.6 63.6 55.8 60.3 49.0 42.8 47.8 33.7 49.1 -9.8

CIRCLE 93.5 61.1 43.9 76.4 90.0 85.5 74.7 90.7 87.2 71.5 77.4 +18.5

Qwen2.5-VL 7B

Zero-Shot 84.3 58.9 12.5 68.8 74.7 76.1 70.7 69.3 81.6 66.3 66.3
Pseudo ICL 80.9 19.1 12.7 72.8 62.8 40.2 47.8 74.4 46.5 33.5 49.0 -17.3

CIRCLE 89.5 60.3 42.9 94.2 93.5 73.5 76.1 79.1 85.0 77.3 77.2 +10.9

LLaVa OneVision 7B

Zero-Shot 81.3 45.6 11.8 68.9 48.9 22.0 50.2 84.4 25.0 27.0 46.5
Pseudo ICL 81.5 47.5 3.9 65.9 25.7 10.1 41.4 79.0 8.1 24.3 38.7 -7.8

CIRCLE 77.0 40.3 37.7 65.7 45.4 23.5 47.8 81.9 46.4 22.4 48.8 +2.3

Phi-3.5-Vision

Zero-Shot 75.0 45.6 1.7 60.7 61.8 42.9 47.4 47.7 46.4 38.8 46.8
Pseudo ICL 69.4 31.7 4.8 60.9 56.9 31.3 35.8 76.7 29.5 21.5 41.9 -4.9

CIRCLE 79.9 46.6 12.0 96.0 88.0 87.0 78.9 40.3 77.2 63.1 66.9 +20.1

Phi-4-Multimodal

Zero-Shot 76.6 32.4 10.0 67.1 54.2 15.0 43.9 80.1 23.0 21.3 42.4
Pseudo ICL 76.1 22.7 17.4 65.9 47.6 16.9 45.7 76.7 25.1 16.3 41.0 -1.4

CIRCLE 86.4 65.1 60.5 84.1 86.4 78.6 65.0 71.6 83.5 68.6 75.0 +32.6



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.

Figure 8. Qualitative results from DTD [9] 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.



Figure 9. Qualitative results from FGVC Aircraft [24]. 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.

Figure 10. Qualitative results from Flowers102 [27]. 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.



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.

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.



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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