Decompose, Compare, and Decide:
Multimodal LLMs are Implicit Few-Shot Learners

Yunhan Wang, Eshika Khandelwal, Edson Araujo, Walid Bousselham,
Nina Shvetsova, and Hilde Kuehne

Tuebingen AI Center, University of Tuebingen, Germany
yunhan.wang@student.uni-tuebingen.de

Abstract. Multimodal Large Language Models (MLLMs) have demon-
strated remarkable abilities when analyzing images, yet translating these
capabilities to few-shot image classification remains challenging. To bridge
this gap, we present DeCoDe, a simple yet effective technique that en-
ables off-the-shelf MLLMs to act as strong few-shot classifiers without
any additional training. Our approach builds on the idea of few-shot
classification as a set of pairwise image comparisons, decomposing the
task into a set of binary decisions. Given a query image and a support
image from a candidate class, the MLLM is prompted to decide whether
the two images depict the same class. The logit corresponding to an af-
firmative response is then used as a similarity score to assign the query
image to the most likely class. While this already yields good results,
we show that providing additional high-level information, such as the
data domain, to the model further improves performance. Our evalu-
ation provides an extensive analysis of various inference variants on a
suite of twelve datasets, six established and six newly curated few-shot
benchmarks spanning across diverse domains. The results show that the
proposed simple decomposition technique can turn off-the-shelf MLLMs
into powerful few-shot learners, significantly outperforming current state-
of-the-art few-shot methods on both standard and novel domains. Code
is available at https://github.com/yunhanwang1105/DeCoDe.
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1 Introduction

Few-shot learning (FSL) enables models to generalize to new tasks and domains
using only a small number of labeled examples per class. This can be especially
valuable for real-world scenarios where large annotated datasets are unavail-
able or adaptation to novel tasks is required at inference time. Early few-shot
methods required model training on a set of base classes in order to enable
recognition of held-out novel classes |12}211|33,/38/40|43]. With the emergence of
foundation models trained on large-scale web data via self- or weakly-supervised
objectives, such as DINO [29] or CLIP [32], the focus shifted towards exploring
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Fig. 1: We propose a decomposed prompting technique (DeCoDe) for few-shot classi-
fication with MLLMs. We decompose the task into pairwise support—query compar-
isons, asking whether two images belong to the same class. By ranking the model’s af-
firmative responses across candidate pairs (compare) and selecting the highest-scoring
logit as the predicted class (decide), MLLMs become strong few-shot classifiers without
any training. Unlike standard in-context prompting, which relies heavily on semantic
label names, our decomposed approach succeeds even with anonymized labels by forc-
ing the model to perform direct visual-to-visual comparison.

how pretrained representations can be leveraged for improved few-shot classifica-
tion with minimal or no additional training ﬂ§|, More recently,
multimodal large language models (MLLMs), such as LLaVA-OneVision ,
InternVL3 , or Qwen3-VL , have demonstrated strong vision-language ca-
pabilities, raising the question of whether such models can also serve as effective
few-shot learners .

So far, MLLMs have been explored for few-shot learning in three ways: by
extracting discriminative embeddings from the internal representations of the
MLLM , by verbalizing discriminative visual features and matching them to
query images |45], or via in-context learning where support and query images
are jointly provided in a single prompt . However, in-context prompting has
been shown to perform poorly for few-shot image classification when used off-
the-shelf [2527], often requiring additional fine-tuning to encourage stronger
reliance on the support examples .

To address this limitation, the proposed approach reformulates few-shot clas-
sification as a set of pairwise comparisons. Instead of reasoning over all support
examples jointly, the few-shot task is decomposed into binary prompts asking
the MLLM whether a query image and a support image belong to the same class.
Unlike existing methods, particularly 7 the proposed technique considers
the logit of the Yes token to rank all candidate pairs and assign the query image
to the most likely class. While this simple technique, when applied to standard
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MLLMs, is already sufficient to outperform current state-of-the-art methods,
it shows that the models can benefit from contextual information, such as the
domain of the data. Namely, we found that the performance of the pairwise de-
composed setting further improves when models are given the topic of the data,
usually based on the dataset name, such as cars, yoga poses, etc. We thus coin
the respective workflow as Decompose, Compare, Decide (DeCoDe) and show
that this technique can transform state-of-the-art MLLMs into high-performing
few-shot learners.

However, evaluating the few-shot capabilities of web-scale pretrained mod-
els remains challenging. In particular, the performance of models on standard
few-shot benchmarks may be influenced by potential overlap between bench-
mark datasets and the models’ pretraining corpora. As a result, models may
rely on memorized knowledge rather than adapting to the provided support ex-
amples [20]. To address this issue, we conduct an extensive analysis on two sets
of datasets and in two evaluation modes. First, with respect to datasets, we
consider six standard few-shot datasets, as well as six novel datasets, which can
be considered as out-of-domain for web-scale trained models. We observe that
most MLLMs already achieve near-perfect accuracy on the standard datasets
in a 0-shot setting, often even exceeding 1-shot performance. In contrast, we
consider novel, out-of-domain datasets as datasets that show substantially low
0-shot performance as well as a clear improvement from 0-shot to a simple 1-shot
baseline. We consider this as an indication that the model might have seen less
of the original data and needs to rely more on visual cues. Second, we consider
two different few-shot settings for MLLMs: first, we consider a semantic setting,
in which semantically meaningful class labels are provided together with the
support images, and, second, we consider an anonymized setting, where sup-
port images are labeled only with numerical identifiers (e.g., Class 1, Class
2), preventing the model from relying directly on textual knowledge. Our anal-
ysis shows that the anonymization alone is enough to reduce the performance
of MLLMs for in-context learning, even on standard benchmarks, whereas the
proposed decomposition is able to significantly increase the performance in all
cases, with and without class labels, as well as for standard and novel datasets.

The contributions of this work can be summarized as follows:

— We propose a simple, yet effective technique of Decompose, Compare, Decide
(DeCoDe), to turn MLLMs into powerful few-shot learners by ranking the
logits corresponding to an affirmative response to a binary prompt question.

— We show that decomposed MLLMs can further benefit from high-level cues
such as domain information and propose a new few-shot evaluation scenario
by providing the global dataset domain as context.

— We conduct a systematic evaluation of current MLLMs for few-shot learning
across standard and novel out-of-domain datasets and under different modes,
including anonymized class labels, revealing when models rely on memorized
pretraining knowledge versus true few-shot adaptation.
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2 Related Works

VLM Embeddings for Few-Shot Learning. Vision-Language Models (VLMs) such
as CLIP provide a strong foundation for FSL by enabling classification based on
embedding similarity. Prior work has adapted such embeddings for few-shot tasks
via prompt learning [7}/18,46,/51-53] or adapter-based methods [14,/42}/47.|49].
More recent works explore additional adaptation strategies. Two-Stage Few-Shot
(2SFS) [10] performs two-stage PEFT-based representation learning; Logit De-
confusion [23] addresses class bias at the logit level; ProKeR [6] applies training-
free kernel regression over pretrained CLIP features; LoRA Recycle |17] enables
tuning-free adaptation via reuse of pre-trained LoRAs [16]. CAML [11] is a
large-scale, meta-trained framework built on a ViT [9] backbone that enables
in-context classification using frozen image embeddings. Unlike methods that
modify pretrained encoders, our proposed technique does not adapt the under-
lying representation or update parameters. Instead, we investigate how frozen
MLLMs can perform few-shot classification purely through structured inference.

Finally, Kravets et al. [20] discuss the problem that standard CLIP few-
shot evaluations are partially transductive due to pretraining overlap, and in-
troduce an unlearning-based pipeline to construct inductive benchmarks that
reveal substantial performance drops in existing methods. We follow this idea,
but instead of unlearning and thus changing the model parameters, we use al-
ternative datasets that can be considered more out-of-domain for web-trained
multimodal models.

MLLMs for Few-Shot Learning. Beyond adapting pretrained VLM encoders,
SAVs |27] extracts representations from MLLMs for downstream few-shot clas-
sification. VRL [45] leverages MLLMs to automatically derive interpretable ver-
balized features that capture inter-class differences and intra-class commonali-
ties. Other works explore generative few-shot prompting with MLLMs [25,27],
yet such models often remain less effective with respect to embedding-based
few-shot methods, despite strong performance on open-ended vision—language
tasks. A central challenge is their reliance on semantic language priors rather
than visual evidence from the support set [5]. GFSL [25] addresses this in part
through label anonymization, applied within a fine-tuning strategy. Across these
works, evaluations vary considerably in scope: SAVs focus on standard bench-
marks, VRL reports results on novel out-of-domain datasets. Building on this
idea, we jointly examine zero-shot and few-shot regimes, the effect of semantic
versus anonymized labels, and evaluate across both standard and novel datasets,
providing a unified evaluation across these axes.

3 Method

In this section, we introduce our inference framework for few-shot classification.
Fig. [1] illustrates the inference pipeline of our framework. Given multimodal
context consisting of images and text, the MLLM is prompted to predict the
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Variant ‘Paradigm ‘ Label ‘Domain‘ Description

0-shot w. labels In-context |Semantic X No support images; only query image and labels given

1-shot w. labels In-context |Semantic X Support images with labels given

1-shot w/o labels In-context |Anonymous X Support images with anonymized labels e.g., Class 1, ..., Class 5

Ours (Decomposition)

1-shot dec. w. labels Decompose|Semantic X Binary comparisons w. label added to binary question

1-shot dec.+ Dingo w. labels |Decompose|Semantic v Binary comparisons w. label + Domain-adapted prompt wording
1-shot dec. w/o labels Decompose| Anonymous X Binary comparisons w/o label

1-shot dec.+ Dingo w/o0 labels|Decompose| Anonymous v Binary comparisons w/o label + Domain-adapted prompt wording

Table 1: Overview of inference variants. Each variant is characterized by its task
structure, label naming strategy, and distinguishing mechanism. dec. = decompose,
Dinto = domain information.

class of a query image based on the provided support examples. Depending on
the prompting paradigm, the prediction is either obtained directly from the
model’s generated response or derived from the model’s output logits for specific
answer tokens (e.g., ‘Yes’).

Table [[l summarizes the inference variants evaluated in this work. The vari-
ants differ along three dimensions: (i) the prompting paradigm (in-context learn-
ing vs. decomposed pairwise prompting); (ii) the use of dataset-level domain in-
formation; and (iii) the anonymization of semantic class labels. In addition, we
evaluate a 0-shot setting as a baseline to assess whether the models can classify
a query based solely on its prior knowledge without visual support examples. In
all experiments, we follow the prompt design of [25] and explore more prompt
options in the supplementary material.

3.1 Problem Formulation

Classical few-shot learning protocols [12}38,/43] divide a dataset into a set of
base classes used for supervised pre-training and a set of novel classes reserved
for few-shot evaluation. In contrast, training-free approaches leverage VLMs and
MLLMs [6},27,/42,/49], bypassing supervised base-class training, thanks to rich
representations acquired during large-scale web pretraining. In this paper, we
follow a training-free protocol in the standard N-way K-shot setting. The model’s
task is to classify a query image into one of N classes given a support set of K
labeled examples per class. We define the support set S to be sampled from the
test set as:

S={(@}cn)|n=1,....N k=1,..., K}, (1)

where N is the number of classes sampled, K is the number of samples per class,
and C = {e¢1,...,cn} is the set of corresponding class names where each ¢, is
the semantic name of the n-th class. We formulate the query set Q as:

Q= {(z% ¢}, (2)

where 27 is the query image and y € {1,..., N} is its ground-truth class index
with respect to the support classes C.
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Fig. 2: Variants of prompt formulations used in our experiments. (a) standard in-
context prompting with semantic labels. (b) standard in-context prompting with
anonymized labels. (c) decomposed pairwise prompting with semantic labels. (d)
decomposed pairwise prompting with anonymized labels. (e) decomposed pairwise
prompting with domain information and semantic labels. (f) decomposed pairwise
prompting with domain information and anonymized labels.

3.2 In-Context Few-Shot Classification with MLLMs

To assess the few-shot capabilities of current MLLMs, we consider few-shot learn-
ing as an in-context learning task. Given a support set S and a query image x9,
the model is prompted to predict the class of the query image via multiple-choice
selection over the candidate classes. The prompt consists of the concatenation of
all support images with their corresponding class labels, followed by the query
image and the list of candidate class options. The resulting prompt p is struc-
tured as:

p:xil@Str@cl...xme@Str@cN ! pStrdl.ci;2.09;. .. (3)

The model is expected to output a class index § € {1,..., N}, which we extract
from the generated text via regular expression matching. Full prompt can be
found in the top-left of Figure [2| (a). We further instruct the model to output
the expected answer format. Exact prompts and instruction-following errors are
reported in the supplementary material.
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3.3 Decomposed Few-Shot Classification with MLLMs

In contrast to in-context learning, we propose to decompose the few-shot classifi-
cation problem into a set of pairwise comparisons. For each support example and
the query image, the model is prompted to determine whether the two images
belong to the same class. Given (S, z%), we decompose the support set into a set
of pairwise prompts:

P={pos|n=1,...,N, k=1,...,K}, (4)
Each prompt compares the query image with a support example:
Pk =Ty, ©27 O Str Dy (5)

All prompts are independently processed by the model. The full prompt can
be found in the mid-right of Figure [2[ (c). For each prompt p, k, the model’s
output logit for the token Yes is used as the score indicating whether the pair
belongs to the same class:

K
. _ . 1 .
SP = logit(Yes | pns),  § = argmax ?;sﬁ?;’, (6)
=1
where § € {1,..., N} is the index with the highest averaged pairwise score as

the predicted class. This choice is consistent with recent VQA-based scoring
approaches such as VQAScore [24], which scores image-text alignment using the
Yes token for evaluating text-to-visual generation; in contrast, we score support—
query image-pair matches for few-shot image classification.

3.4 Decomposed Prompting with Domain Information

Decomposed prompting resembles the
classical few-shot classification scenario,

where a single representation is com- Table 2: Mapping of datasets to their
pared against a set of others. However, domain information text.

MLLMs also offer the ability to fur-  Dataset Dingo text
ther refine this setting by encouraging  Towisi i & action category
the model to focus on dataset-specific — Airerare J20) aireraft variant
. Dogs [19] dog breed
concepts. To leverage those capabili- — Pomaniet (50) Lego brick type
ties, we replace the generic term class  Viwigy' &2 industrial product

. . . Egyptian hieroglyph [13] Egyptian hieroglyph
with a domain-appropriate term Ding,  Flying insects [31) insect Specics

. Arabic sign language [1] sign language
(e.g., pose, texture, species) that re-
flects the concept represented in a given
dataset. The full prompt can be found in the bottom-right of Figure [2] (e).
The descriptors Ding, are inferred for each dataset as shown in Table [2 This
grounds each comparison in both visual and textual semantics, allowing the
MLLM to leverage its pretrained domain-level knowledge alongside the visual
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evidence from the support imageﬂ We further provide preliminary evidence in
the supplementary material that D;,s, can be inferred automatically with com-
petitive performance, and we also include example dataset labels to illustrate
how D¢, captures domain-level information distinct from class labels.

3.5 Prompting Without Class Labels

To isolate the model’s ability to learn from visual examples alone, we replace all
semantic class names ¢, with abstract identifiers (e.g., Class 1, ..., Class N)
in both the support demonstrations and the option list. All other formatting
stays identical. This forces the MLLM to rely on visual similarity rather than
leveraging any prior knowledge associated with class names. The full anonymous
prompts can be found in the right column of Figure

3.6 Episode Construction

We construct evaluation episodes using the standard N-way K-shot protocol |6}
27.142/49]. In each episode e, an N-way label set is sampled, C = {c1,...,cn},
with support set S = {(z7, k,cn)}nN 1Kk , containing K examples per class and

a single query sample Q = {(z¢ cy)} Given (S,z7), the model predicts § €

{1,..., N}. Performance is measured as mean episodic accuracy over a set of
evaluation episodes &:
Acc = | £] Z = Y.
ecf

For each dataset, we pre-sample a fixed set of 1000 evaluation episodes using
a fixed random seed. We verify that cumulative accuracy stabilizes well within
1000 episodes. All evaluation runs are performed on the same set of episodes to
ensure fair comparison across models and variants.

4 Evaluation

4.1 Datasets

We evaluate the proposed technique on a diverse collection of datasets spanning
established few-shot benchmarks and novel specialized domains.

Standard benchmarks. We evaluate on standard few-shot classification bench-
marks following [11})25//27], including mini-ImageNet [43], a widely used general-
purpose few-shot benchmark; CUB [44], Aircraft [26], and Dogs [19], which test
fine-grained visual discrimination within natural categories; UCF101 [39] (mid-
dle frame of video clip), representing action recognition under a video-to-image
transfer. We further remove action images with strong object bias [37]. In Do-
mainNet [30], we sample episodes within a single domain at a time, excluding
the real domain to avoid overlap with the mini-ImageNet domain.

! For mini-ImageNet and DomainNet, we use a generic instruction asking the model
to focus on the depicted concept rather than domain or texture. See supplement.
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Novel datasets. We introduce a benchmark suite of six visually distinctive datasets
to probe model generalization under stronger domain shift. Namely, we con-

sider the Lego bricks dataset (Lego) [15], industrial parts (Ind.) 35|, yoga poses

(Yoga) [34], ancient Egyptian hieroglyphs (Hiero.) [13], flying insects (Insect) [31]

and Arabic alphabet sign language (Sign) |1]. These cover highly specialized

concepts as shown by the particularly low 0-shot recognition performance of

pretrained MLLMs. We thus assume that those concepts are only sparsely rep-

resented in standard text-image pretraining, making them suitable test cases for

evaluating the visual few-shot capabilities of pretrained MLLMs.

4.2 Experimental Details

Models. We analyze three open-source state-of-the-art MLLMs of comparable
scale (7-8B parameters): Qwen2.5-VL-7B-Instruct [4], Qwen3-VL-8B-Instruct [3],
and InternVL3-8B [54]. All models are used in inference-only mode, with token-
level scores extracted directly from output logits as described in Eq. @

SFT Baseline. We use supervised fine-tuning (SFT) for Qwen3-VL-8B-Instruct
with LoRA [16] on the semantic in-context few-shot formulation. The training
data consists of 1000 5-way 1-shot episodes sampled from the minilmageNet base
classes and the model is trained to output the correct query class. We fine-tune
for 3 epochs with LoRA rank 16 and alpha 16, applying LoRA to all non-visual
linear modules while keeping the visual modules frozen. Optimization uses a
learning rate of (5 x 107°), warmup ratio 0.03. The model is then evaluated
directly on all target datasets without any further tuning.

FSL Baselines. We compare against a diverse set of few-shot learning base-
lines. CLIP [32| and SigLIP [48] are vision-language models that support 0-
shot classification via text-image cosine similarity, and few-shot classification
via K-nearest neighbour (KNN) search over image embeddings. CLIP uses a
ViT-B/32 backbone, while the SigLIP model variant is base-patch16-224. DI-
NOv2 base model [29] and I-JEPA (ViT-H/14) [2] are vision-only self-supervised
models, evaluated via KNN over frozen embeddings. Tip-Adapter [49] builds a
training-free cache model from CLIP features (ViT-B/32). CAML |[11] is a large-
scale meta-learning method with a ViT-H encoder pre-trained on Laion-2B [36]
that performs in-context classification from frozen embeddings. ProKeR [6] im-
plements training-free kernel regression over pretrained CLIP features (ViT-
B/32). Finally, SAVs [27] directly leverage internal representations of MLLMs
for training-free few-shot classification. We implement SAVs on top of Qwen2.5-
VL-7B-Instruct, making it the closest baseline to our approach.

4.3 Comparison to State-of-the-art

Table [3] compares our method against few-shot baselines and recent MLLM-
based approaches across standard and novel benchmarks, evaluated under both
semantic and anonymized settings.
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Panel A: Main comparison

Standard Datasets Novel Datasets
Method mini UCF CUB Air. Dogs Dom.|Avg |Lego Ind. Yoga Hiero. Insect Sign|Avg |Total
With labels (Semantic)
Reported results
SAVs [27] 98.7
CAML [11] 1-shot 96.2 - 91.8 63.3 - - - - - - - - - - -
GFSL [25]  1-shot 98.2 - 96.6 96.6 96.7 - - - - - - - - - -
Reproduced baselines
CLIP [32] 0-shot 95.5 81.2 9 72.9 90.4 86.2 | 86.7 | 30.3 31.7 31.3 39.9 57.7 20.0 | 35.2| 60.9
ProKeR [6] 1-shot 98.1 89.0 94.7 73.4 925 90.3 |89.3|49.7 51.7 43.2 68.1 70.3 38.2 |53.5| 714
SigLip [48] 0-shot 98.3 85.4 97.5 79.0 98.7 882 |91.5| 63.0 49.4 91.8 47.2 72,9 20.2 | 57.4| 74.5
SAVs [27] 1-shot 98.4 94.4 96.0 89.4 93.1 86.2 |92.9|68.2 57.8 62.4 64.4 80.4 28.8 |60.3| 76.6
CAML [11] 1-shot 98.7 90.7 95.3 86.9 94.9 81 91.3 | 62.3 78.0 25.2 84.4 95.4 52.3|66.3| 78.8
Intern VL3
0-shot 99.1 95.7 89.6 73.8 93.7 92.0 |90.7| 53.1 60.8 58.5 45.2 68.2 18.8 | 50.8 | 70.7
1-shot 76.2 94.8 83.2 30.3 86.6 61.8 | 72.2| 49.0 64.9 45.2 35.6 82.4 20.0 | 49.5 | 60.8
1-shot dec. 98.4 945 94.1 75.7 92.7 89.8 |90.9|62.8 75.0 73.6 75.7 89.0 58.7|72.5| 81.7
Quen2.5-VL
0-shot 97.2 93.0 96.4 89.5 91.8 85.3 |92.2| 50.1 42.9 50.7 43.1 80.0 20.7 |47.9| 70.1
1-shot 88.1 84.7 66.6 61.9 81.0 73.6 | 76.0 | 54.9 49.9 67.9 66.0 88.8 59.3 |64.5| 70.2
1-shot dec. 98.5 93.7 96.9 94.6 95.8 90.5 [95.0| 65.5 73.5 80.6 78.1 93.3 67.7|76.5| 85.7
Qwen3-VL
0-shot 99.1 96.6 96.5 89.1 96.4 92.6 |95.1| 63.4 62.8 66.0 48.1 80.1 21.3 | 57.0| 76
1-shot 85.3 92.7 85.0 75.3 86.2 84.6 |84.9| 66.9 80.3 74.5 82.4 89.1 68.4|76.9| 80.9
1-shot dec. 98.9 97.3 96.8 92.2 96.1 91.9 |95.5|70.6 81.4 83.4 89.5 89.1 70.6|79.1| 87.3
1-shot SFT 98.9 97.6 97.6 90.1 96.9 92.9 [95.7| 77.9 77.9 81.7 81.6 95.5 70.1 | 80.8 | 88.2
Without labels (Anonymous)
Reproduced baselines
I-JEPA [2] 1-shot 76.8 75.5 53.8 325 9.1 39.8 | 59.6 | 45.1 42.1 60.0 68.4 45.1 31.3 | 48.7 | 54.1
Tip-A. [49] 1-shot 97.7 822 939 709 90.2 87.0 |[87.0| 31.2 39.5 33.2 42.2 62.1 21.5 | 38.3 | 62.6
CLIP [32] 1-shot 86.5 83.0 80.6 61.0 66.7 63.9 |73.6|51.3 51.5 35.3 80.4 76.8 41.5 | 56.1 | 64.9
DINO [29] 1-shot 93.0 95.2 97.8 64.6 95.5 74.1 |86.7| 65.0 73.6 52.1 85.1 66.0 40.2 | 63.7 | 75.2
SigLip [48] 1-shot 91.3 88.6 90.4 85.2 84.7 70.1 |85.1|70.3 75.7 62.4 87.9 91.0 48.2|72.6| 78.8
Intern VL3
1-shot 229 36.0 204 21.0 210 19.9 |23.5| 23.0 27.5 23.4 21.0 23.3 219|234 234
1-shot dec. 94.8 92.8 90.6 70.8 91.4 78.8 [86.5|55.4 81.2 51.9 92.1 86.0 76 73.8| 80.
Qwen2.5-VL
1-shot 23.0 70.4 384 47.9 43.7 30.9 |42.4| 41.3 49.4 57.2 57.1 88.8 68.8|60.4| 51.4
1-shot dec. 97.0 94.9 96.2 92.8 92.7 82.9 .8/ 60.8 73.9 74.6 86.2 72.1 76.5|74.0| 83.4
Quwen3-VL
1-shot 21.4 26.6 38.0 39.4 27.7 205 |289]| 256 31.1 213 30.0 23.6 28.1|26.6| 27.8
1-shot dec. 94.9 93.0 87.0 91.1 88.1 79.1 |88.9|63.7 81.2 67.5 94.5 33.9 72.6|68.9| 78.9
1-shot SFT 51.4 51.8 80.3 65.1 62.3 26.8 56.3 14.2 51.1 51.4 58.4 68.2 54.4 | 54.6 | 55.5
Panel B: With dataset-specific domain information
Method mini UCF CUB Air. Dogs Dom. | Avg |Lego Ind. Yoga Hiero. Insect Sign|Avg |Total
With labels (Semantic)
Intern VL3
1-shot dec. 98.4 94.5 94.1 757 92.7 89.8 |90.9| 62.8 75.0 73.6 75.7 89.0 58.7 | 72.5| 81.7
1-shot dec. +Djns, 98.0 94.9 95.1 76.6 93.0 89.8 [91.2|64.7 75.3 80.1 77.3 91.8 65.1|75.7| 83.5
Quweng2.5-VL
1-shot dec. 98.5 93.7 96.9 94.6 95.8 90.5 |95.0 | 65.5 73.5 80.6 78.1 93.3 67.7|76.5| 85.7
1-shot dec. +Djnf, 98.5 94.3 97.6 95.8 96.5 91.0 |95.6|66.4 74.2 84.3 88.1 97.0 80.9 81.8| 88.7
Qwen3-VL
1-shot dec. 98.9 97.3 96.8 92.2 96.1 919 |955| 70.6 81.4 83.4 89.5 89.1 70.6 | 79.1| 87.3
1-shot dec. +Djnf, 99.0 97.3 97.9 93.6 96.6 92.0 |[96.1|72.9 80.5 88.3 90.2 97.4 82.0|85.2| 90.6
Without labels (Anonymous)
Intern VL3
1-shot dec. 94.8 92.8 90.6 70.8 91.4 78.8 |86.5| 55.4 81.2 51.9 92.1 86.0 76.2 | 73.8 | 80.2
1-shot dec. +Djn, 95.1 95.0 95.3 77.0 90.7 80.6 [89.0| 61.2 78.2 84.8 90.3 93.8 86.9(82.5| 85.7
Quweng2.5-VL
1-shot dec. 97.0 94.9 96.2 92.8 92.7 829 |92.8| 60.8 73.9 74.6 86.2 72.1 76.5 | 74.0 | 83.4
1-shot dec. +Dinfo 97.2 92.4 97.4 95.2 94.7 84.3 |93.5(63.0 72.1 84.3 83.0 97.5 82.0|80.3| 86.9
Qwen3-VL
1-shot dec. 94.9 93.0 87.0 91.1 88.1 79.1 |88.9| 63.7 81.2 67.5 94.5 33.9 72.6 | 68.9 | 78.9
1-shot dec. +Djnf, 95.2 96.6 96.8 92.4 95.4 78.7 |92.5|68.9 80.3 89.6 91.2 98.2 86.6|85.8| 89.2

Table 3: Comparison with state-of-the-art on standard/novel benchmarks for 5-way
1-shot, resp. O-shot if indicated. Panel A reports the main comparison; Panel B re-
ports the effect of dataset-specific domain information Dinso. dec. = decompose and
SFT = supervised fine-tuning. Best results are highlighted bold per subsection. Col-
ored rows mark our method variants.

With semantic labels. On standard datasets, 0-shot MLLMs already achieve
remarkably strong performance. For example, Qwen3-VL and InternVL3 reach
above 90% average accuracy without any support examples. Interestingly, 1-shot

in-context inference often performs worse than 0-shot (e.g., InternVL3 drops from
90.7% to 72.2% average; Qwen2.5-VL from 92.2% to 76.0%). This indicates that
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adding support images does not guarantee effective adaptation and may even
introduce interference when strong semantic priors dominate.

In contrast, on novel datasets, the trend reverses: 1-shot generally improves
over 0-shot. For instance, Qwen3-VL increases from 57.0% (0-shot avg) to 76.9%
(1-shot avg), suggesting that support examples become more beneficial as pre-
training overlap decreases. This highlights the importance of evaluating beyond
saturated standard benchmarks.

Across both dataset groups, our decompositional approach consistently out-
performs 1-shot inference and matches or surpasses 0-shot performance on stan-
dard benchmarks, while substantially outperforming 0-shot performance on novel
datasets. Adding dataset-specific domain information further improves results,
yielding the best overall averages (e.g., 90.6% for Qwen3-VL, 88.7% for Qwen2.5-
VL) and establishing new state-of-the-art few-shot performance.

Compared to the FSL baseline methods, mainly Qwen3-VL models outper-
form current methods in the simple decomposed setting, while the other two
models perform on par. This is expected for standard datasets, given the large-
scale pretraining data, but the difference becomes more pronounced for novel
datasets, where MLLMs significantly outperform our considered FSL baselines
in most cases while remaining on par with the SF'T baseline.

Without semantic labels (Anonymous). When semantic class names
are removed, the performance of in-context 1-shot MLLMs drops dramatically.
InternVL3 and Qwen3-VL collapse to near-random prediction (around 23-28%
total average in 5-way classification), revealing a heavy reliance on semantic
priors rather than true support—query alignment. Qwen2.5-VL shows slightly
more robustness but still degrades substantially.

In stark contrast, the decomposition approach remains highly effective in the
anonymized regime. For all three MLLMs, our method restores strong few-shot
performance. With Qwen3-VL, it surpasses the SFT baseline by 23.4 points.
This shows that structured pairwise inference explicitly enforces visual corre-
spondence and mitigates the semantic dominance.

Interestingly, also in this setting, where MLLMs cannot rely on their textual
knowledge, they are able to outperform few-shot baseline methods. We again
observe that, also here, the performance difference to the baseline models is
smaller on the standard benchmarks, but widens for the novel benchmark setting.
This shows that MLLMs might have learned general visual patterns that help
them to generalize beyond the training distribution.

Moreover, in Panel B of Table [3] incorporating domain information leads
to consistent overall gains across models and evaluation settings. The improve-
ment is particularly clear on the novel datasets, suggesting that D, provides
useful high-level context about the label space when the classes are less famil-
iar. These results indicate that lightweight domain descriptions can complement
decision-based prediction and improve recognition without additional training.

Overall, the results confirm that the proposed decomposed inference frame-
work consistently enables robust few-shot adaptation across both semantic and
anonymized settings, achieving state-of-the-art performance.
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Standard Datasets Novel Datasets
Method mini CUB Dogs ‘ Avg ‘ Lego Yoga Hiero. ‘ Avg ‘ Total
With labels (Semantic)
Intern VL3
0-shot 99.1 89.6 93.7 | 94.1 53.1 58.5 45.2 52.3 | 73.2
0-shot dec. 97.0 882 91.5 | 92.2 49.4  53.9 42.4 48.6 | 70.4
1-shot (baseline) 76.2 83.2 86.6 | 82.0 49.0 45.2 35.6 43.3 | 62.6
1-shot calibrated 94.0 95.7 909 | 93.5 65.4 56.6 47.2 56.4 | 75.0
1-shot dec. (ours) 984 94.1 92.7 | 95.1 62.8 73.6 75.7 | 70.7 | 82.9
1-shot dec.4Dinto (ours) 98.0 95.1 93.0 | 95.4 64.7 80.1 77.3 74.0 | 84.7
Qwen2.5-VL
0-shot 97.2 96.4 91.8 | 95.1 50.1  50.7 43.1 48.0 | 71.5
0-shot dec. 97.6 964 96.0 | 96.7 65.5 56.1 45.7 55.8 | 76.2
1-shot (baseline) 88.1 66.6 81.0 | 78.6 54.9  67.9 66.0 62.9 | 70.8
1-shot calibrated 94.8 96.1 92.7 | 94.5 64.1  70.7 72.7 69.2 | 81.8
1-shot dec. (ours) 98.5 96.9 958 | 97.1 65.5  80.6 78.1 | 74.7 | 85.9
1-shot dec.+Dingo (ours) 98.5 97.6 96.5 | 97.5 66.4 84.3 88.1 | 79.6 | 88.5
Qwen3-VL
0-shot 99.1 96.5 96.4 | 97.3 63.4  66.0 48.1 59.2 | 78.2
0-shot dec. 96.2 96.0 959 | 96.0 63.4  62.7 46.7 57.6 | 76.8
1-shot (baseline) 85.3 85.0 86.2 | 85.5 66.9 74.5 82.4 74.6 | 80.0
1-shot calibrated 94.5 93.2 924 | 93.4 70.9 80.0 85.8 78.9 | 86.2
1-shot dec. (ours) 98.9 96.8 96.1 | 97.3 70.6 83.4 89.5 | 81.2 | 89.2
1-shot dec.+Djpto (ours) 99.0 97.9 96.6 | 97.8 72.9 88.3 90.2 | 83.8 | 90.8

Table 4: Ablation on decomposition and context across standard and novel bench-
marks (5-way). Top-1 accuracy (%). dec. = decompose, D;,f, = dataset specific domain
info. Best and second-best results are highlighted bold and underlined per section.

4.4 Ablation

We ablate three design choices that determine the effectiveness of our framework.

Ablation of Decomposed Prompting. First, we analyze whether the performance
gains stem from the binary decomposition itself or from the support—query com-
parison it introduces. To this end, we consider a 0-shot decompose variant where
no support image is given; the model answers: ‘“Is this image depicting c,?
Yes or No.’’ In Table [d] 0-shot decomposition does not improve over standard
0-shot inference and can even perform slightly worse (e.g., Qwen3-VL: 78.2% —
76.8%). This indicates that the gains of 1-shot decomposition do not arise from
the binary prompt structure, but from the support-query comparisons.

Ablation on Calibration Effects. Second, given that MLLMs exhibit strong lan-
guage priors, we examine whether the performance of pairwise decomposition
just stems from an implicit calibration. To this end, we consider an in-context
1-shot inference with calibration. Namely, we apply pointwise mutual informa-
tion (PMI)-style calibration [50] to reduce option bias introduced by the prompt
context. For each candidate class, we compute the standard prediction given the
query image ¢ and support set S, and then subtract the score obtained when
the query image is replaced by a placeholder text ‘‘query image is omitted”’
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Standard Datasets Novel Datasets
Scoring rule mini CUB Dogs ‘ Avg ‘ Lego Yoga Hiero. ‘ Avg ‘ Total
(1) arg max|Confidence(Yes)] 73.3 84.6 86.6 |81.5]46.9 712 682 |62.1| 71.8
(2) arg min[Score(No)| 97.0 96.1 929 |95.3| 64.1 744 857 |74.7| 85.0
(3) arg max|[Score(Yes) - Score(No)] 97.1 96.2 92.6 | 95.3| 63.9 744 86.1 |74.8| 85.1
(4) arg max|[Score(Yes)] 97.1 96.1 92.7 |95.3| 64.1 746 86.2 |75.0| 85.1

Table 5: Comparison of pairwise scoring rules for Qwen2.5-VL in the 5-way 1-shot
decomposed setting without semantic labels. All logit-style scoring variants perform
nearly identically, confirming the scoring choice (4) of our method.

while keeping the rest of the prompt unchanged: P(y|z?,S) — P(y|S). As shown
in Table [d] PMI-style calibration mitigates option bias in in-context inference
and improves total accuracy (e.g., InternVL3: 62.6% — 75.0%; Qwen3-VL: 80.0%
— 86.2%). However, it remains inferior to decomposition. Replacing N-way infer-
ence with pairwise decomposition consistently yields larger gains (e.g., Qwen3-
VL: 86.2% — 89.2%), with particularly great improvements on novel datasets.

FEvaluation of Logit scoring. Having established decomposition as the key com-
ponent, we verify that its performance is robust to the choice of logit scoring
rule used for ranking. Our pairwise inference ranks each support—query pair
using the logit score of the Yes token (Eq. @) Table [5[ compares alternative
scoring strategies on Qwen2.5-VL, including: (1) using the model’s generated
confidence score output for Yes; (2) minimizing the No logit score: Score(No); (3)
a PMI-style correction Score(Yes) - Score(No); (4) the direct Yes logit score.
The exact prompt used to obtain the confidence score is provided in the
supplementary material. The three logit-based variants yield nearly identical
results across all datasets, confirming that the method is robust to the choice
of ranking rule. In contrast, using the model’s explicit confidence score leads
to a substantial drop in accuracy (e.g., 73.3 on mini-ImageNet, 46.9 on Lego),
indicating that generative confidence signals are less reliable for fine-grained
pairwise matching. We provide further details on scoring in the supplement.

4.5 5-way 5-shot Analysis

We analyze the effect of increasing the number of shots under a fixed 5-way set-
ting. The 5-way 5-shot episodes are constructed by extending the corresponding
5-way 1-shot episodes with four additional support samples per class, allowing
for a controlled comparison (see also Equation@. Results are reported in Table|§|
for Yoga, Lego, and Industrial datasets.

While in-context learning benefits from a single support example, its per-
formance deteriorates when moving to 5-shot, suggesting that longer in-context
prompts introduce interference rather than improved adaptation. In contrast,
decomposition with D¢, consistently improves from 1-shot to 5-shot, achieving
the best average accuracy (85.8%), outperforming the SFT baseline. This be-
havior highlights a key advantage of decomposition: additional support images
contribute positively through independent pairwise aggregation.
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Novel Datasets

Method Yoga Lego Industrial Avg
S5w-1s dw-bs bw-1s bw-5s bSw-1s bSw-5ds ‘ S5w-1s bw-5s
In-context 74.5 459 669 439 80.3 60.9 | 73.9 50.2
Decompose + Dinso 88.3 91.8 72.9 80.7 80.5 85.0 | 80.6 85.8
SFT baseline 81.5 8.0 776 773 782 824 79.1 82.6

Table 6: Few-shot classification accuracy (%) on Yoga, Lego, and Industrial datasets
under semantic 5-way 1-shot and 5-way 5-shot settings using Qwen3-VL.

1004
¢ =§— In-context
Decompose

o
S
=3
S

80

o~
=)
S
S

60

SFT | Total avg
404 —e— In-context | Standard avg
—# In-context | Novel avg

== In-context | Total avg

204 Dec. +D_info | Standard avg
Dec. +D_info | Novel avg
Dec. +D_info | Total avg

Latency per Episode (ms)
S w
S 3
1= (=3
3 S

Average Accuracy (%)

,_.
=)
=3
S

o

04— r T v T T T T
3 5 10 20 3 5 10 20
N-way N-way

(a) N-way-1-shot accuracy for comparing IN- (b) N-way-1-shot runtime analysis comparing
cOoNTEXT and DEcoMPOSE + domain info perfor- IN-cONTEXT and DEcCoMPOSE + domain info. We
mance. We report the average accuracy for stan- report the mean episode latency for single-pass
dard and novel datasets, as well as for all. and decomposed batch inference (batch size 64).

Fig. 3: Scaling with N-way using Qwen3-VL. (a) Accuracy comparison between
IN-cONTEXT (with and without SFT) and DECOMPOSE + domain info. (b) Correspond-
ing runtime analysis under identical decoding and batching settings. N € {3,5,10,20}.

4.6 N-way 1-shot Analysis

We further analyze the scalability with respect to the number of classes N €
{3,5,10,20} under the 1-shot setting. In Fig. In-context inference degrades
sharply as N increases. While performance is competitive at small N, accu-
racy drops substantially at 10- and 20-way episodes. In contrast, our decom-
posed method remains robust across all N, outperforming the SF'T baseline.
The performance gap widens as the task becomes more challenging, demon-
strating that structured pairwise comparison scales more reliably than standard
N-way prompting. This trend holds consistently across standard, novel, and av-
eraged results, confirming that the improved scalability is not dataset-specific
but inherent to the inference structure.

4.7 Runtime

The main limitation of decomposition is that it requires access to token logits
and incurs O(N) comparisons for an N-way problem. Thus, to investigate the
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computational cost difference, we measure runtime as end-to-end episode latency
(ms) in the 1-shot N-way setting using Qwen3-VL (N € {3,5,10,20}), averaged
over 50 episodes per N. We compare in-context prompting, which requires one
forward pass per episode, and with the proposed pairwise decomposition, which
requires N comparisons per episode. All experiments were conducted on a single
NVIDIA H100 GPU (80GB) [28| using Bfloat16 precision, deterministic de-
coding, left padding, CUDA synchronization, and a batch size of 64 for both
episodes and generation. We report the mean latency per episode.

Results in Figure [3b] show approximately linear scaling for both single infer-
ence and decomposition. The runtime gap is modest at small N but widens at
10-20 way (approximately 1.7x slower at 20-way), reflecting the computational
trade-off introduced by structured decomposition. While those numbers reflect
the single GPU setting, we argue that, especially for real-world scenarios, settings
with larger N or K would most likely aim for a parallelization across multiple
GPUs, as all forward paths can be processed independently, which would allow
to mitigate longer runtime in those cases if needed.

5 Conclusion

We presented a simple yet effective framework for few-shot image classification
with multimodal large language models based on Decompose, Compare, Decide
(DeCoDe). Instead of prompting the model to directly select among class names,
our method reformulates classification as binary support—query matching, using
the logit of the Yes response as a similarity score aggregated across support
examples. This structured inference encourages direct visual comparison and
reduces reliance on semantic priors from class labels.

Across both standard and novel benchmarks, the proposed decomposition
consistently improves performance over conventional in-context prompting and
competitive training-free baselines, achieving state-of-the-art results. The gains
are particularly pronounced in the anonymized setting where semantic labels are
removed, revealing that structured pairwise comparison more effectively lever-
ages the support set.

These findings suggest a practical inference-time adaptation strategy: users
can define new visual categories using a few support images, while the MLLM
classifies queries by explicitly comparing them against the provided references
without parameter updates.

Beyond the inference method, we introduce a controlled evaluation protocol
that disentangles semantic priors from visual adaptation by comparing zero-shot
and few-shot regimes with and without semantic labels across diverse datasets.
Our results show that standard in-context prompting relies heavily on semantic
cues, while the proposed decomposition better captures support adaptation.
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