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Abstract

While multimodal large language models (MLLMs) are increasingly used
in deployment-specific visual domains as zero-shot solutions, they typi-
cally underperform specialized encoder-based models. However, adapting
MLLMs to new tasks remains difficult due to the fact that supervised
fine-tuning (SFT) often degrades the more generalist visual and instruction-
following abilities that make these models useful in the first place. This
tension is pronounced in fine-grained visual classification (FGVC) tasks. To
improve FGVC performance while preserving general-purpose multimodal
competence, this work studies the properties of a selective-edit fine-tuning
approach that constrains supervision to the portions of the response most
relevant to the target task. To measure the ability of the model to deploy its
knowledge while preserving general comprehension, we introduce IFBirds:
a small-scale benchmark which tests instruction-following and bird species
identification simultaneously. Across a suite of instruction-tuned models,
we find that user input image and text augmentation reliably improves
robustness, while assistant output text augmentations are only beneficial
when paired with mechanisms that limit overfitting. Finally, in line with
previous works, this works provides evidence that fine-tuning does not
increase the richness of the representations but rather improves the ability
of the LLM backbone to deploy the visual knowledge.

1 Introduction

Why haven’t we seen the widespread adoption of MLLMs in FGVC settings? Visual
classification has been revitalized by the introduction of Multimodal Large Language
Models (MLLMs) (OpenAl, 2023; Dai et al., 2023; Liu et al., 2023a; 2024a) which continue
improve performance in zero-shot and few-shot settings (Hong et al., 2025; Saha et al., 2024;
2025; Lawrence et al., 2026). However, it is also true that MLLMs lag behind specialized
encoder-based models (He et al., 2025; 2026) in specialized visual domains where data
is plenty. It is common for practitioners to perform prompt engineering and treat their
domain data primarily as an evaluation set, rather than directly adapting model weights
(Brown et al., 2020). The reason for this is familiar: naive supervised fine-tuning (SFT) on
in-domain examples can induce catastrophic forgetting, where updates optimized for a narrow
distribution interfere with pre-trained representations and instruction-following behavior,
degrading general reasoning and conversational competence Li et al. (2024); Sanyal et al.
(2025). This creates a persistent tension: we want models that internalize new, domain-
specific information, yet retain the broad capabilities acquired during pre-training. While
retrieval-augmented generation can incorporate new information without weight updates,
it is not a substitute for weight-space adaptation when the target task requires learning new
visual distinctions rather than merely retrieving missing facts.

We find this tension to be especially acute for fine-grained visual classification (FGVC), where
success depends on subtle cues and long-tail distinctions across standard benchmarks.
Existing fine-tuning pipelines can substantially improve FGVC accuracy, but these gains
frequently coincide with drops on generalist multimodal and instruction-following bench-
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Figure 1: Supervised fine-tuning on MLLMs for FGVC often results in overfitting.(left)
When performing supervised fine-tuning, the MLLM can often learn to simply repeat the
templates seen during training (right). Well-explored in pre-training, this work finds that
MLM can be modifed to work in the vision fine-tuning setting to increase performance on
FGVC datasets while keeping general visual capabilities intact. Deployment ability imprves
over several different model families.

marks, e.g. by measuring performance on datasets like MMBench (Liu et al., 2024c), MMMU
(Yue et al., 2024), and IFEval (Zhou et al., 2023). This work undertakes measuring this
deployment gap and characterizing the SFT data creation mechanism that influence it. This
work makes the following contributions and conclusions:

1. IFBirds: a small-scale benchmark for measuring FGVC deployment ability (Fig. 2).
IFBirds combines IFEval and CUB-200 to test whether MLLMs can still use fine-grained
visual knowledge while simultaneously following instructions. We make this data publicly

available!.

2. Input augmentations reliably improve robustness (Fig. 5). We show that adding
augmentations to both image and user text inputs significantly improves performance.
When viewing user writing as a source of randomness, this improvement is also statistically
significant.

3. Output augmentations help deployment only when paired with anti-overfitting tech-
niques (Fig. 6). We find that assistant text augmentations alone do not significant improve
standard FGVC performance. However, when paired with a modified MLM-style objective
that discourages overfitting, the main benefit appears in the form of (1) increased linguistic
variety and better (2) fine-grained knowledge deployment as measured by IFBirds.

2 Related Work

Fine-Grained Visual Classification with MLLMs. Although several works have focused
on improving the FGVC performance of MLLMs (Peng et al., 2025; Kim & Ji, 2025), reliably
identifying bird or plant species in natural images remains challenging (Kim & Ji, 2025;
Lawrence et al., 2026). Recent work explores training-free or data-efficient routes to FGVC
with MLLMs, e.g., attribute-to-LLM reasoning (Liu et al., 2024b) and vocabulary-free recog-
nition via LLM-generated descriptions (Demidov et al., 2025). Others focus on strengthening
fine-grained visual grounding and patch-level alignment (Wang et al., 2025), constructing
large-scale benchmarks that expose persistent weaknesses of VLMs (Yu et al., 2025; Pang
et al., 2025), or distilling MLLM supervision into cheaper models (Kuchibhotla et al., 2025).
However, these methods are limited to the information contained within the model weights, and
in this work we seek to imbue the MLLM with more fine-grained knowledge.

1https://anonymous.4open.science/r/c01m26,ifbirds—29F4/
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Figure 2: Instruction-following while performing species classification. (a) We propose
a modified MLM objective for assistant-side supervision: responses are sampled from a
bank of templates, a subset of non-answer tokens is randomly masked, and answer-bearing
tokens are always supervised. This encourages output diversity while preserving direct
learning of the species label. (b) IFEval consists of prompts whose instruction-following
behavior can be directly verified, while fine-grained visual classification datasets such as
CUB200 can be framed as open-set recognition by extracting the predicted species from an
MLLM’s response. IFBirds combines these two settings by requiring the model to identify
the bird species while following a randomly sampled instruction, yielding a joint measure
of instruction-following and fine-grained knowledge deployment.

This is a Gray Kingbird.

In particular, the FINEDEFICS framework He et al. (2025) fine-tunes Idefics2 Laurengon et al.
(2024) by incorporating attribute descriptions of objects during training and optimizing
a novel contrastive objective while using examples from similar but incorrect categories
as hard negatives. Similarly, Fine-R1 (He et al., 2026) adapts Qwen-2.5VL-7B Bai et al.
(2025) to FGVC by combining chain-of-thought SFT data with augmentation-based policy
optimization, producing strong few-shot performance in seen / unseen classes. These
approaches achieve state-of-the-art performance on FGVC datasets like CUB-200 Wah et al.
(2011), Flowers102 Nilsback & Zisserman (2008), FGVC Aircraft Maji et al. (2013), Oxford
Pets Parkhi et al. (2012), and Stanford Cars Krause et al. (2013). However, we observe that
these gains in FGVC accuracy often come at a cost: the general visual comprehension
ability of the model, as measured on broad multimodal benchmarks such as MMBench Liu
et al. (2024c), degrades noticeably .

MLLM Adaptation. Sequentially adapting a model to a new distribution often harms
previously reliable behaviors, a phenomenon commonly framed as catastrophic forgetting.
Continual learning (CL) undertakes the problem of updating the model so that new compe-
tence is added while prior knowledge is preserved (Kirkpatrick et al., 2017; Li & Hoiem,
2017; Lopez-Paz & Ranzato, 2017; Hou et al., 2019; Yan et al., 2021; Gao et al., 2023; Liu et al.,
2023b). However, we do not study FGVC adaptation through the CL lens. Our goal is to
understand what makes MLLMs perform well at fine-grained visual classification, which
can be investigated independently of continual learning. This distinction is especially impor-
tant because many CL methods are poorly matched to modern MLLMs: a large class of
approaches assumes access to pre-training or old-task data, for example through rehearsal,
distillation, or replay buffers Li & Hoiem (2017); Lopez-Paz & Ranzato (2017); Scialom
et al. (2022), an assumption that is typically unrealistic for public foundation models Shi
et al. (2024). Among data-oblivious alternatives, many methods operate purely in weight
space through regularization, parameter averaging, model merging, or selective parameter
updates Wortsman et al. (2022); Ilharco et al. (2023); Lin et al. (2024); Chen et al. (2025);
Panda et al. (2024); Sanyal et al. (2025). While useful for mitigating forgetting, these methods
generally do not exploit the generative structure of MLLMs and are not tailored to the
distinctive demands of FGVC. Our approach instead focuses on the data and supervision
side: we ask how FGVC training examples should be constructed, and which parts of the generated
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Figure 3: Instruction-following ability is predictive of whether to use regex or LLM-as-
judge. When taking the difference between the accuracy when using LLM-as-judge versus a
handwritten regex parser as a function of IFEval scores (left). When thresholding based on
IFEval scores greater than .5, this fully separates which models benefit from using a written
parser or LLM-as-judge as a second stage (right).

response should incur loss, so that adaptation better leverages the generative nature of MLLMs.
In this sense, our method is complementary to CL-style stabilization techniques rather than
a direct instance of them.

Some works seek to directly explain the phenomenon of training becoming unstable and
costly (Datta et al., 2023). Li et al. (2024) analyze why instruction fine-tuning can over-
write prior capabilities and connect forgetting to properties of the optimization landscape.
Parameter-efficient adaptation can also reduce forgetting: Biderman et al. (2024) show that
LoRA (Hu et al., 2022) often underperforms full fine-tuning at low ranks, but it tends to
preserve more general capability and yield more stable generations. Our work can be
interpreted to have a similar goal. An implication of our method is that careful token loss
selection with LoRA is a minimal intervention on the pre-trained weights.

3 Methodology

Creating FGVC fine-tuning data. Given a collection of FGVC datasets, we adapt an
instruction-tuned model on each training split while aiming to preserve its general con-
versational abilities. We study this setting only after instruction tuning, i.e., we do not
consider pre-trained base models. For user-text augmentation, we use GPT-5.4 to generate
45 paraphrases of the prompt "What is the species of the bird in this image?”. We
then adapt these paraphrases to other domains, e.g., "What type of food is in this
image?"” For image augmentation, we apply random rotations, crops, flips, and Gaussian
noise. To make the images more uniform, after the random augmentation the image is
scaled down so that the largest side is less than or equal to 512 pixels. For assistant text
augmentations, we again query GPT-5.4 to generate 45 templates of the phrase "This is a
{species_name}", and adapt them to each target domain.

Adapting MLLMs. To reduce overfitting on template wording, this work investigates selec-
tive token-loss strategy inspired by masked language modeling. Our goal is to encourage
the model to focus learning on small, high-precision corrections rather than wholesale
rewrites. Specifically, we always apply loss to the answer tokens and to a random subset
of the remaining assistant tokens. A diagram of this proposed method is shown Fig. 2
with a fixed masking threshold, 20%. Previous works have used selective token loss as an
additional training mechanism Laurengon et al. (2024), but, to the best of our knowledge,
none have tried to isolate its effect on downstream performance or explain the interactions
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Figure 4: Sequence perplexity over the CUB200 dataset for various models. (left) For
various pieces of the CUB200 data, eg. user text, assistant response, or assistant answer,
one can ask how expected the sequence is (middle). As opposed to creating a fixed set
of templates which the adaptive approach (1) prompts the model to produce an initial
response, (2) edit this response to match the ground-truth information about the image (e.g.,
the correct species name), and (3) backpropagate gradients only through the edited tokens,
leaving unchanged tokens detached from the loss (right).

between this training choice and the data-generation process . We therefore study which
properties of the data make this training setup effective.

Instruction-following while performing fine-grained visual classification (IF-Birds). As
alluded to previously, we find that FGVC performance is generally not tied to deployment
ability. Namely, we wish to measure the interaction between instruction-following and
visual classification. To measure this, we augment IFEval with FGVC data: namely for each
row with the IFEval dataset, we sample 10 examples from CUB200 and augment the IFEval
instruction with the phrase "Indicate the species of the bird in this image somewhere
in your response." Note that this differs from measuring IFEval and CUB200 individually:
in order to perform well, a model must indicate the ground truth schema somewhere in its
response while also following the instructions from the original IFEval row. An example
conjoined row from IFEval and CUB200 is shown in Fig. 2.

We perform filtering on the IFEval set to remove any prompts that could conflict with the
FGVC instruction, namely prompts relating to exactly reproducing phrases, other languages,
etc. . After filtering, we were left with a set of 82 IFEval base prompts, each of which was
augmented with 10 random images from CUB200. . We perform no cleaning on the class
names themselves, and instead opt to extract the exact strings corresponding to the ground
truth. In total, this produced a set of 820 image—text pairs.

4 What Matters When Evaluating and Training MLLMs for FGVC?

Evaluating autoregressive model outputs remains an open problem and the challenge is
even sharper in open-set recognition, where valid responses may be diverse and not always
map cleanly to a fixed label space. Prior work often relies on an LLM-as-a-judge protocol,
but this raises an important methodological question: how much of the measured performance
reflects the model itself versus the answer-extraction procedure? To characterize this sensitivity,
we compare three extraction and judging pipelines: (1) a hand-written regular-expression
parser and (2) the same base LLM used as an answer extractor following the nlg2choice
protocol. This ablation allows us to separate gains from the proposed method from gains
simply by changing the evaluation method.

What is the best way to evaluate free-form responses? Depicted in Fig. 3, we find that there
is a clear separations between models where parsing is sufficient and those where LLM-
as-as-judge is more advantageous. . In Fig. 3, instead of using LLM-as-judge as outlined
by the nlg2choice framework, we write a parser to pull out the species from the generated
text. Namely, we score a text as correct when it contains the ground truth species name and
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Figure 5: Input variance strongly increases downstream robustness when adapting
MLLM:s for FGVC. When creating FGVC data for fine-tuning MLLMs, one can do classical
image augmentations like rotations, crops, flips, and additive noise (a), but the user instruc-
tion forms a new axis of variance (b).

no other species name from the CUB200 schema. We find that there is a clear separation
between models which benefit from hand-written parsing or a second LLM-as-a-judge step.

How much performance is lost during the free-form response generation? Furthermore,
one can ask how much performance is lost through schema adherance. Next, consider Fig. 4.
Over various pieces of the inputs of CUB200, the perplexity is shown. Starting from the top
section of Fig. 4, we find that all model have a similar level of perplexity across the user
input. However, as tokens progress into the assistant text this changes: the naive supervised
fine-tuning method has extremely low perpleixty on the phrase "This is a”, implying that
effectively all of its outputs look similar to this phrase. An explicit characterization of this
in terms of Levenshtein distance is given in Fig. 6. Finally, we reach the most surprising
finding: when holding everything before the species name fixed, we see that Finedefics
and the naive SFT have extremely similar perplexities. In concrete terms this implies the
following: it’s not that Finedefics can’t indicate which species once it’s said "This is a”, but
that the model is getting distracted in the generation leading up until the answer. This motivates
the next piece of analysis.

What role does image and user text augmentation play in classification? Within the strict
SFT setting and leaving aside system prompts, there are four axes on which to build data:
(1) images, (2) user text, (3) assistant text, and (4) token loss. Considering (1) and (2) together,
we hypothesize that increasing the variance of the user prompts seen increases robustness
at evaluation time and explore this through a targeted experiment in Fig. 5. Simply put,
we see that both image and user text augmentations lead to improvements in downstream
performance. When viewing user writing as a source of randomness, it appears that as more
input augmention is used, the variance of performance also decreases. Furthermore, under
this setting the result is statistically significant.

What role does assistant text variation play in classification? The interaction between
assistant text variation and classification performance is less straightforward. As shown in
Fig. 6, even basic templating achieves strong performance on fine-grained vision datasets:
training on a single output template, indicated by 100% masking and (c) X, still yields
75.07% accuracy on CUB200. However, this does not tell the full story. The outputs of these
models differ qualitatively, and prior work suggests that deployment is itself an important
evaluation axis for MLLMSs. This raises a natural question: how deployable is the fine-
grained knowledge learned by the model? To answer this, we evaluate on IFBirds, a
benchmark designed to test whether models can simultaneously follow instructions and
express fine-grained bird knowledge. We find that assistant-side variation has limited effect
on raw FGVC performance, but a much larger effect on deployment: output variation alone
does not significantly improve classification, yet when paired with a selective loss that
prevents overfitting, it improves performance on IFBirds. This suggests that assistant text
variation is valuable primarily because it helps models express knowledge under varied
output constraints, rather than because it directly improves recognition accuracy.
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Figure 6: Why instruction-following and fine-grained visual classification ability need to
be jointly measured. Despite having very similar CUB200 scores, using assistant output
augmentation (c) has an effect on the linguistic variance observed from the model as well as
the ability to deploy that knowledge, as measured by simultaneously following instructions
while predicting fine-grained classes.

5 Results

51 Experimental Setup

Datasets In the following section, experiments are conducted over five FGVC datasets:
CUB200 (Wah et al., 2011) (200 classes), Flowers 102 (Nilsback & Zisserman, 2008) (102
classes), Stanford Cars (Krause et al., 2013) (196 classes), FGVC Aircrafts (Maji et al., 2013)
(100 classes) and Food101 (Bossard et al., 2014) (101 classes) which are notated as “Birds,”
“Flowers,” “Cars,” “Aircrafts,” and “Foods,” respectively. Also, these shorthand names are
also occasionally refered to as a domain when applicable. For general-purpose multimodal
benchmarks, the work considers MMBench (Liu et al., 2024c), IFEval (Zhou et al., 2023),
and MMMU (Yue et al.,, 2024). Finally, the work also considers the proposed IF-Birds
dataset discussed in Section 3. These benchmarks are chosen due to their wide acceptance
in the FGVC research community and are traditionally known to be difficult for MLLMs to
solve. For each dataset, the full training set is used. Namely, this work only considers the
fully-supervised setting.

Implementation Details. For fine-grained class extraction, we use LLM-as-a-judge, specifi-
cally nlg2choice which first queries for an open-ended, free-form response from the model,
then extracts the indicated answer with a second pass using contrained decoding. Con-
strained decoding is implemented using the Outlines? library. For inference, experiments
were ran in a heterogeneous environment of single-GPU nodes. All nodes required a GPU
with at least 23GB VRAM, 16 CPU cores, and 64GB RAM. Training was conducted on a
single node with a single A100 GPU. All models are evaluated at 1000 steps of 64 effective
batch size.

This work considers six models small to medium-sized models: Qwen-2.5VL-7B (Bai et al.,
2025), InternVL3-8B (Zhu et al., 2025), Idefics2-8B (Laurencon et al., 2024), Llama-3.2V-11B
(Grattafiori et al., 2024), Finedefics He et al. (2025), and Fine-R1 He et al. (2026). We use
default sampling parameters for each model to extract the free-form response. For the FGVC
setting, we treat each dataset as a full N-way open-set prediction problem. Namely, we
do not provide an guidance to the models at inference as to which classes they should be
predicting over. Instead we let the model speak freely then interpret teh resopnse into the
most faithful class in a second pass. For the multimodal benchmarks, we use the original
proposed metrics.

Znttps: //github.com/dottxt-ai/outlines
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Table 1: Performance of a suite of MLLMs on fine-grained vision classification datasets.
“~" indicates the SFT method and all FGVC datasets are treated as open-set recognition
problems. “Birds,” “Flower,” “Aircrafts,” “Cars”, and “Foods,” refer to CUB200 (Wah et al.,
2011), Flowers102 (Nilsback & Zisserman, 2008), FGVC Aircrafts (Maji et al., 2013), Stanford
Cars (Krause et al., 2013), and Food101 Bossard et al. (2014), respectively. “Average” is the
mean of the previously mentioned datasets. The best performing model in each category is
bolded. For CLIP-based model performance see Section A.

Method Birds Flowers Aircrafts Cars Foods Average
Idefics2-8B 9.61 25.50 17.67 19.08 17.24 17.82

~ 70.65 (+61.03) 97.32 (+71.83) 58.89 (+41.22) 85.37 (+66.29) 87.49 (+70.25) 79.94 (+62.12)
Finedefics 62.63 92.45 46.40 48.69 48.93 59.82

~ 74.4 (+11.77) 97.97 (+5.52) 57.61 (+11.21) 86.3 (+37.6) 83.27 (+34.33) 79.91 (+20.09)
InternVL3-8B 18.47 37.50 21.69 22.15 51.48 30.26

~ 27.24 (+8.77) 55.64 (+18.14) 24.54 (+2.85) 25.76 (+3.61) 61.94 (+10.46) 39.02 (+8.76)
Llama-3.2V-11B  49.59 62.24 37.12 36.78 72.72 51.69

~ 76 (+26.41) 96.57 (+34.33) 66.13 (+29.01) 73.93 (+37.15) 87.48 (+14.76) 80.02 (+28.33)
Qwen-25VL-7B  59.88 78.03 61.54 47.13 72.26 63.77

~ 83.71 (+23.83) 97.32 (+19.29) 73.37 (+11.83) 63.24 (+16.11) 82.74 (+10.48) 80.08 (+16.31)
Fine-R1 55.20 61.96 57.31 45.34 61.57 56.27

~ 7442 (+19.23) 89.21 (+27.25) 63.81 (+6.5) 57.48 (+12.14) 74.38 (+12.82) 71.86 (+15.59)

We instantiate this procedure using LoRA 4
(Hu et al., 2022) updates on the q.proj, B MMBench 1
v_proj, and lm_head parameters and train B [FEval

the whole model. We experiment with . MM -4.8 m— InternVL3
freezing different parts of the model and

more choices past MLM w/ Answer Tokens
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5.2 Benchmark Performance

FGVC Performance. In Table 2 we show the performance of the suite of considered mod-
els in the FGVC setting. Simply plut, across all models we find that FGVC performance
increases. The improvement is most pronounced for Idefics2-8B, which gains ~62% percent-
age points in terms of average accuracy across the FGVC datasets. We hypothesize that this
improvement mostly comes from the lack of alignment between the knowledge embedded
in the vision encoder and the LLM. We find, generally, that SFT allows the model to reach
performance comparable to its vision encoder probe score in . In terms of domains, we find
Flowers102 to be easiest, with the highest scores over all datasets for each model, which
aligns with the difficulty as measured by CLIP-based models Section A.

General visual and instruction-following ability degradation. However, these gains are
not without downsides: in Fig. 7 the change in performance after fine-tuning is shown on

3https ://github.com/huggingface/peft
4https://github.com/vllm-project/v1llm
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Figure 8: Linear probing experiments on Idefics2-8B for various trained components.
When enabling backpropogation on different components of the MLLM, this results in
vastly different probing scores (blue, orange, green) and resulting text performance (red).
In particular, only training the LLM of Idefics2-8B creates a model which outperforms
Finedefics. Fine-tuning the vision encoder and connector result in higher quality image
embeddings, but don’t necessarily imply a performant model.

various models for MMBench, IFEval, and MMMU. Using Finedefics as a baseline, which is
a fine-tuned version of Idefics2-8B, Fig. 7 still shows a consistent drop in general-purpose
benchmark drop, albeit less than the baseline. Notably, QWEN-2.5VL- is the only model
showing a small gain on MMBench (about +3.7) while staying near zero on IFEval/ MMMU,
suggesting that preserving general ability is possible but uncommon under standard SFT
pipelines.

Which part of the model is actually improving? Following Tan et al. (2025); Qin et al.
(2025), we perform linear probing at multiple stages of the MLLM to identify where fine-
grained gains originate in Fig. 8. Concretely, we extract representations from (1) the visual
encoder, (2) the multimodal connector, and (3) the final hidden states immediately before
the vocabulary projection layer. After averaging image-token embeddings, we train linear
probes on the CUB200 training set and evaluate on the test set.

The results reinforce the conclusion that vision is not the bottleneck for fine-grained multimodal
classification. But they also reveal a stronger result: better internal representations do not
necessarily yield better classifiers. Probe accuracy often improves when fine-tuning the
vision encoder or connector, yet these gains do not consistently translate into higher CUB200
or MMBench performance. At the same time, there is no single layer or module where
performance appears to collapse. Rather than being lost at one specific stage, fine-grained
information seems to remain present but insufficiently actionable. This suggests that the central
challenge is not merely encoding class-relevant information, but ensuring that the model
can deploy that information through generation. In other words, rich embeddings are only
useful if the autoregressive decoder can preserve them across long-range dependencies and
realize them as the correct species name in a predictable output format.

6 Conclusion

This work presented an analysis of the bottlenecks that prevent MLLMs from both learning
and deploying knowledge in FGVC settings. It studied this problem from two perspectives:
(1) supervised fine-tuning data design, where it found taht robustness is improved reliably
through input-side augmentations, while output-side augmentations help knowledge de-
ployment when paired with a selective loss that prevents overfitting. It also introduced
IFBirds to measure whether models can deploy fine-grained visual knowledge while simul-
tanously following instructions. Across standard FGVC datasets and generalist evaluation
suites, our results indicate that targeted supervision design can deliver strong task-specific
improvements with substantially reduced forgetting relative to conventional fine-tuning
pipelines.
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A Additional Results

Method Birds Flowers Aircrafts Cars Foods Average
Encoder-Based Classifiers

CLIP-L/14 61.79 77.63 32.76 76.83 89.42 67.69

~ 81.86 (+20.07) 91.68 (+14.05) 54.55 (+21.78) 83.46 (+6.63) 92.05 (+2.63) 80.72 (+13.03)
MetaCLIP-L/14 77.93 81.20 45.12 87.71 90.33 76.46

~ 85.55 (+7.63) 93.1 (+11.9) 65.29 (+20.16) 88.12 (+0.41) 91.79 (+1.47) 84.77 (+8.31)
SigLIP-s0400m 31.90 49.74 16.59 59.88 59.90 43.60

~ 86.26 (+54.37) 98.98 (+49.25) 79.00 (+62.41) 95.54 (+35.65) 94.68 (+34.78) 90.89 (+47.29)
Multimodal LLMs

Idefics2-8B 9.61 25.50 17.67 19.08 17.24 17.82

~ 70.65 (+61.03)  97.32(+71.83)  58.89 (+41.22) 8537 (+66.29)  87.49 (+70.25)  79.94 (+62.12)
Finedefics 62.63 92.45 46.40 48.69 48.93 59.82

~ 744 (+11.77) 97.97 (+5.52) 57.61 (+11.21) 86.3 (+37.6) 83.27 (+34.33) 7991 (+20.09)
InternVL3-8B 18.47 37.50 21.69 22.15 51.48 30.26

~ 27.24 (+8.77) 55.64 (+18.14) 2454 (+2.85) 25.76 (+3.61) 61.94 (+10.46) 39.02 (+8.76)
Llama-3.2V-11B 49.59 62.24 37.12 36.78 72.72 51.69

~ 76 (+26.41) 9657 (+34.33)  66.13 (+29.01) 7393 (+37.15)  87.48(+14.76)  80.02 (+28.33)
Qwen-2.5VL-7B 59.88 78.03 61.54 4713 72.26 63.77

~ 83.71(+23.83)  97.32(+1929) 7337 (+11.83) 6324 (+16.11)  82.74(+10.48)  80.08 (+16.31)
Fine-R1 55.20 61.96 57.31 45.34 61.57 56.27

- 7442 (+19.23)  89.21 (+27.25) 63.81 (+6.5) 5748 (+12.14) 7438 (+12.82)  71.86 (+15.59)

Table 2: Performance of popular vision-language systems on general-purpose and fine-
grained vision datasets. For encoder-based classifiers, ~~ indicates training a linear probe
on the test split. For the MLLMs, ~ indicates the SFT method. * and all FGVC datasets are
treated as open-set recognition problems.
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