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Abstract

We investigate the generalization boundaries of cur-
rent Large Multimodal Models (LMMs) under out-of-
distribution scenarios and domain-specific tasks. We evalu-
ate their zero-shot generalization across synthetic images,
real-world distributional shifts, and specialized datasets
like medical and molecular imagery. Empirical results
indicate that LMMs struggle with generalization beyond
common training domains, limiting their direct application
without adaptation. To understand the cause of unreliable
performance, we analyze three hypotheses: semantic mis-
interpretation, visual feature extraction insufficiency, and
mapping deficiency. Results identify mapping deficiency as
the primary hurdle. To address this problem, we show that
in-context learning (ICL) can significantly enhance LMMs’
generalization. We further explore the robustness of ICL un-
der distribution shifts and show its vulnerability to domain
shifts, label shifts, and spurious correlation shifts between
in-context examples and test data, opening new avenues for
overcoming generalization barriers.

1. Introduction
Supported by the exponential growth of both data avail-
ability and computational prowess, the field of large lan-
guage models (LLMs) [22, 80] has witnessed a surge in
interest and development, demonstrably achieving gener-
alization across diverse natural language tasks [65, 110].
Pushing the boundaries of general artificial intelligence fur-
ther, the rise of Large Multimodal Models (LMMs) [2, 26]
aims to integrate LLM strengths with additional sensory
modalities, such as image, audio, or 3D data, enabling
them to condition their output on this broader range of
inputs [79, 99]. Some works extend LLMs with visual
understanding through end-to-end tuning, such as GPT-
4 [94], Gemini [79], Flamingo [2], and Qwen [9]. Alter-
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Figure 1. Zero-shot generalization of current LMMs on OOD gen-
eralization or domain-specific tasks.

natively, fueled by powerful LLMs like LLaMA [80], mod-
ular combinations of LLMs and image-to-text models such
as LLaVA [58], MiniGPT-4 [110], InstructBLIP [26] and
many more [7, 99] are also being explored. The burgeon-
ing field of LMMs has also witnessed a surge in benchmark
development [10, 35, 59], which demonstrate LMMs’ in-
triguing ability to solve complex multimodal tasks.

Despite the considerable progress in LMMs, a compre-
hensive understanding of their generalization capabilities
remains elusive, particularly when applied to specialized
domains or confronted with distributional shifts [96]. Re-
cently, researchers have highlighted the potential impact of
distributional bias on the reliability of LLMs [84, 96]. No-
tably, even GPT-4, a state-of-the-art LMM, exhibits sus-
ceptibility to generating erroneous outputs when encoun-
tering distribution shifts [40, 94]. Yet comprehensive evalu-
ations of current LMMs under out-of-distribution scenar-
ios and on domain-specific tasks rarely addressed during
training are scarce. Furthermore, existing studies often lack
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in-depth analysis and explanation of the underlying causes
driving LMMs’ susceptibility to errors in these situations.
This knowledge gap hinders the practical implementation
of LMMs and necessitates further research efforts in diverse
application areas under varying data distributions.

In this paper, we aim to delineate the boundaries of the
current LMMs’ generalization beyond the confines of its
training data distribution. We initially assess the zero-shot
generalization capabilities of LMMs across diverse test data
including images under synthetically generated and natural
distribution shifts, as well as domain-specific imagery. Our
objective is to simulate real-world data variations and eval-
uate the applicability of these models to specialized tasks.
We find that current LMMs struggle with zero-shot gener-
alization beyond domains closely resembling their training
data. Direct application of LMMs to specific domains with-
out further adaptation or fine-tuning is likely to be insuffi-
ciently accurate and reliable.

To uncover the root cause of unreliability, we conduct a
comprehensive error analysis investigating three plausible
hypotheses: (1) Semantic misinterpretation: LMMs may
struggle to grasp the nuanced meaning and implications of
specific scientific categories within prompts, harming their
understanding of the task. (2) Visual feature extraction
insufficiency: The inherent characteristics of medical and
molecular data, like high dimensionality or intricate image
features, might challenge the model’s internal encoding and
processing mechanisms, hindering accurate visual informa-
tion extraction. (3) Mapping deficiency: Restricted training
data in specialized domains hinders the development of ro-
bust mappings between semantic meanings and visual fea-
tures in LMMs.

Our analysis identifies that mapping deficiency is the pri-
mary hindrance to model generalization. To address this
limitation, we investigate the potential of in-context learn-
ing (ICL) to enhance the model’s acquisition and utilization
of critical relationships between semantic descriptions and
visual features. Surprisingly, we find that incorporating in-
context examples (ICE) not only from the target distribution
but also those with domain shifts significantly enhances the
generalization capabilities of LMMs. This opens exciting
avenues for using designed ICL to break through general-
ization barriers. Furthermore, we show that some severe
distribution shifts between ICE and test samples, including
label and spurious correlation shifts, can introduce perfor-
mance decline and instability rising. Thus promising data
selection of ICE approaches or reinforcement of generaliza-
tion is required for reliable applications of LMMs on spe-
cific tasks.

The contribution of the paper is summarized as follows.
• We evaluate the zero-shot generalization of 15 current

LMMs on 20 datasets under various distributional shifts.
We demonstrate that the OOD generalization perfor-

mance of LMMs can significantly diverge from their per-
formance on current public generic benchmarks.

• Our analysis identifies that mapping deficiency other than
semantic misinterpretation and visual feature extraction
insufficiency can be the primary hindrance to model gen-
eralization.

• We validate the potential of ICL to enhance the model’s
mapping knowledge and boost the generalization of
LMMs.

• We systematically examine the impact of distributional
bias within ICE, revealing that label and spurious cor-
relation shifts significantly hinder the generalization of
LMMs, while domain shifts do not.

2. Zero-shot Generalization
This section delves into the zero-shot generalization per-
formance of LMMs on visually shifted data encompassing
three categories: synthetically generated images, naturally
occurring distribution shifts, and domain-specific imagery
like medical and molecular datasets. We aim to elucidate
the generalization limitations and strengths of LMMs un-
der distinct data variations. We consider LMMs including
LLaVA [58], QWen [9], CogVLM [85], mPLUG-owl [95],
MiniGPT-4 [110], LLaMA-adapter V2 [36], CLIP [71],
BLIP [53], InstructBLIP [26], kosmos-2 [68], Emu-2 [77],
Intern [98], Claude-3 [3], Gemini-1.5 [79] and GPT-4 [65]1

for our experiments. The primary results are presented in
Figure 1, where datasets exhibiting superior LMMs perfor-
mance are labeled in black, and those with inferior perfor-
mance are labeled in red.

2.1. Zero-shot Generalization on Synthetic and Nat-
ural Images

We present an evaluation of LMMs on imagery with signif-
icant synthetic and natural shifts in data distribution. We
leverage 11 datasets, each with its distinct characteristics
and challenges: CMNIST [5], RMNIST [37], PACS [51],
VLCS [33], OfficeHome [83], TerraInc [12], Domain-
Net [67], Fmow [23], iWildCam [13], SVIRO [25], and
NICO++ [102]. The introduction of these datasets can be
found in Appendix C.

LMMs achieve outstanding performance on most
of the well-used datasets for domain generalization or
OOD generalization, such as PACS, VLCS, OfficeHome,
DomainNet, and NICO++. The performance approaches
or even surpasses that of the existing optimal algorithms,
suggesting that the generalization of these models to rec-
ognize common objects in the domains contained in
these datasets is strong. This may be because these do-
mains have been included in the training data for these
large models. Notably, the usability of current common ob-

1Please refer to Appendix C for the details of versions of these LMMs.
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Dataset CMNIST RMNIST DomainNet Fmow iWildCam NICO++ OfficeHome PACS SVIRO TerraInc VLCS Average

LLaVA 0.622 0.696 0.480 0.148 0.054 0.849 0.736 0.980 0.874 0.668 0.975 0.644
QWen2-VL 0.325 0.403 0.755 0.340 0.475 0.906 0.750 0.981 0.802 0.585 0.949 0.526
CogVLM 0.117 0.317 0.081 0.013 0.000 0.066 0.684 0.983 0.930 0.656 0.965 0.437
mPLUG-owl 0.356 0.411 0.412 0.020 0.003 0.796 0.738 0.969 0.680 0.545 0.972 0.537
MiniGPT-4 0.285 0.294 0.000 0.062 0.000 0.631 0.266 0.945 0.645 0.461 0.750 0.394
LLaMA-ada 0.314 0.252 0.389 0.022 0.003 0.394 0.000 0.690 0.137 0.294 0.197 0.245
CLIP 0.468 0.446 0.767 0.211 0.296 0.887 0.854 0.977 0.565 0.133 0.734 0.576
BLIP-2 0.339 0.376 0.508 0.043 0.000 0.673 0.527 1.000 0.918 0.328 0.937 0.514
InstructBLIP 0.510 0.611 0.477 0.020 0.000 0.483 0.003 0.723 0.000 0.376 0.257 0.315
kosmos-2 0.000 0.000 0.227 0.035 0.000 0.163 0.000 0.792 0.413 0.365 0.569 0.233
Emu-2 0.622 0.668 0.415 0.027 0.000 0.860 0.360 0.977 0.720 0.500 0.957 0.555
Intern 0.198 0.285 0.375 0.015 0.000 0.472 0.456 0.805 0.261 0.545 0.822 0.385
Gemini-1.5 0.880 0.955 0.810 0.312 0.748 0.934 0.923 0.993 0.883 0.690 0.849 0.816
GPT-4 0.772 0.895 0.784 0.232 0.517 0.891 0.870 0.980 0.732 0.591 0.531 0.709
Claude3 0.704 0.654 0.741 0.116 0.432 0.857 0.795 0.979 0.483 0.519 0.831 0.646

Random 0.100 0.100 0.003 0.116 0.091 0.017 0.015 0.143 0.333 0.143 0.200 0.115
SOTA 0.721[31] 0.981[76] 0.655[21] 0.380[19] 0.343[58] 0.885[102] 0.906[48] 0.990[55] 0.920[25] 0.696 [105] 0.855[62] 0.757

Table 1. Zero-shot generalization results of current state-of-the-art LMMs on OOD generalization datasets. Random indicates random
guess and SOTA indicates previous SOTA on each dataset for comparison.

ject recognition is also evidenced by the exceptional perfor-
mance of GPT-4 and Gemini on challenging benchmarks
like DomainNet (74.8% and 75.3% accuracy, respectively)
and iWildCam (52.3% and 68.2%). This surpasses the pre-
vious state-of-the-art approaches [21, 74]. The superior per-
formance of GPT-4 and Gemini on benchmarks with numer-
ous categories (DomainNet: 345, iWildCam: 206) suggests
these models excel at handling complex prompts.

2.2. Zero-shot Generalization on Domain-Specific
Data

We consider medical and molecular images for the evalu-
ation of domain-specific generalization ability for the fol-
lowing reasons. 1) Analyzing LMMs’ performance across
these two disparate domains, with their unique knowl-
edge requirements and data distributions, provides insights
into the generalization capabilities and potential of LMMs
for broader real-world applications. 2) They help investi-
gate the potential of incorporating auxiliary inputs, such as
domain-specific information and in-context examples, for
enhancing the model’s performance in specific application
areas. 3) Failure analysis on these tasks can highlight ar-
eas where further development and domain-specific adap-
tation might be necessary. We consider diverse medical
and molecular image datasets including Camelyon17 [78],
CT-XCOV [32], XCOVFour [39], HAM10000 [81], NIH-
Chest [64], and DrugOOD [44].

While LMMs excel at zero-shot generalization on OOD
datasets of synthetic and natural images, their performance
plummets when transitioning to medical and molecular
data. Specifically, all LMMs make near-random predic-
tions on all medical and molecular datasets. Please note
that the average number of categories in these domain-
specific datasets is significantly lower than that of common
object datasets in Section 2.1, e.g., there are only 2 cate-
gories in Camelyon17, CT-XCOV, DrugOOD_Assay, Dru-

gOOD_Scaffold, DrugOOD_Size, and DrugOOD_Protein.
This significant drop in performance suggests the

crucial fact that LMMs struggle with zero-shot general-
ization beyond domains closely resembling their train-
ing data. Thus direct application of these models to med-
ical and molecular domains without further adaptation or
fine-tuning is insufficiently accurate and reliable. We study
the underlying causes of the observed limitations of LMMs
generalization on specific domains and potential solutions
to enhance LMMs adaptability and robust performance
across diverse domains in Section 3 and 4.

3. Failure Analysis
We consider three potential causes of the failure on domain-
specific data: (1) Semantic misinterpretation: LMMs may
struggle to grasp the nuanced meaning and implications of
specific scientific concepts within prompts, leading to se-
mantic misinterpretation within text inputs. (2) Visual fea-
ture extraction insufficiency: The inherent characteristics
of medical and molecular data, such as high dimensional-
ity and intricate image features, can challenge the model’s
encoding and processing mechanisms, hampering accurate
visual information extraction. (3) Mapping deficiency: lim-
ited training data in specialized domains restricts the de-
velopment of robust and generalizable mappings between
semantic meanings and visual features.

Potential shared biases among LMMs. To uncover po-
tential shared biases arising from model architecture and
training methodologies in various LMMs, we begin with the
analysis of individual error patterns across diverse datasets.
We present an overall analysis of error in Appendix D and
extensive case studies of zero-shot generalization of LMMs
in Appendix E. We reveal a lack of consistent, dataset-
specific biases. Instead, errors appeared scattered across
most datasets. This suggests that despite similar architec-
tural and training characteristics, different LMMs do
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Dataset Camelyon17 HAM10000 NIH-Chest XCOVFour CT-XCOV DrugOOD_A DrugOOD_Sc DrugOOD_Si DrugOOD_P Average

LLaVA 0.508 0.363 0.089 0.431 0.509 0.623 0.624 0.623 0.620 0.488
QWen2-VL 0.588 0.185 0.044 0.591 0.450 0.577 0.405 0.433 0.498 0.419
CogVLM 0.513 0.061 0.066 0.040 0.443 0.500 0.500 0.500 0.500 0.347
MiniGPT-4 0.499 0.090 0.048 0.633 0.489 0.496 0.502 0.495 0.493 0.416
LLaMA-ada 0.536 0.117 0.000 0.000 0.555 0.499 0.500 0.500 0.500 0.356
CLIP 0.502 0.219 0.050 0.000 0.500 0.292 0.250 0.308 0.294 0.268
BLIP-2 0.503 0.073 0.006 0.333 0.503 0.500 0.500 0.500 0.500 0.380
kosmos-2 0.189 0.012 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.022
Emu-2 0.525 0.103 0.047 0.267 0.525 0.500 0.504 0.647 0.500 0.402
Intern 0.500 0.376 0.098 0.328 0.008 0.500 0.500 0.500 0.500 0.368
Gemini-1.5 0.485 0.571 0.134 0.390 0.503 0.519 0.495 0.491 0.519 0.456
GPT-4 0.472 0.487 0.098 0.190 0.526 0.504 0.565 0.475 0.521 0.426
Claude3 0.452 0.288 0.075 0.303 0.515 0.542 0.552 0.490 0.508 0.414

Random 0.500 0.143 0.050 0.250 0.500 0.500 0.500 0.500 0.500 0.383
SOTA 0.948[43] 0.965[47] 0.294[41] 0.955[14] 0.930[32] 0.821[44] 0.763[44] 0.714[44] 0.804[44] 0.799

Table 2. Zero-shot generalization results of LMMs on domain-specific datasets.

not exhibit consistent biases in semantic or visual fea-
ture extraction, such as persistently associating specific
semantic features with incorrect visual features. More-
over, this observation raises the intriguing possibility of
constructing multimodal models by strategically com-
bining LMMs to leverage their diverse error profiles and
achieve enhanced generalization capabilities.

Semantic misinterpretation. To analyze the impact of
semantic misinterpretation within text input on model fail-
ure, we use informative and distinct prompts that provide
additional scientific context and guidance for each dataset.
These prompts aim to address the potential limitations of
LMMs in understanding specific meanings and implications
of certain categories within the input prompt, particularly in
specialized scientific contexts. Specifically, we crafted in-
troductory prompts for each dataset comprising three key
elements: (1) domain specification and context, outlining
the relevant field and study goals; (2) expected expertise,
guiding the model towards domain-specific knowledge; and
(3) category-specific introductions, providing clear expla-
nations of each category’s meaning and potential character-
istics. Please see Appendix D.2 for details.

Table 3 shows that augmenting prompts with detailed
domain-specific background information yields negligible
performance improvements for LMMs in these tasks. This
suggests that: (1) semantic misinterpretation within text in-
put might not be the main limiting factor, or (2) the model’s
internal mechanisms may be inadequate for efficiently inte-
grating and leveraging the auxiliary information provided.

To thoroughly verify whether the models truly compre-
hend questions and the supplementary information provided
in prompts, we conduct a model semantic understanding ex-
periment. We task GPT-4o with formulating three questions
based on a standard prompt text (as shown in Appendix
C.4) and ten questions based on an informative and con-
textual prompt (as shown in Appendix D.2). Subsequently,
we prompt other LMMs to answer these questions based on
their corresponding prompts. GPT-4o then evaluates their

responses, assessing their comprehension of the prompt’s
textual content and assigning scores from 0 to 10 accord-
ingly. Note that to maintain consistency with previous ex-
perimental setups, we include images in the prompts for this
experiment as well, thus eliminating any potential influence
of image inclusion on the results. To establish baselines
for GPT-4o’s scoring, we evaluate the scores of GPT-2 and
randomly generated responses. These random responses
are generated by having LMMs answer the questions posed
by GPT-4o and then shuffling their answers randomly be-
fore presenting them to GPT-4o for scoring. Details are
in Appendix D.3. As shown in Table 4, compared to the
baseline, LMMs demonstrate significantly higher semantic
understanding capabilities, fundamentally grasping the task
within the prompt and providing reasonable answers.

Furthermore, we examine the potential influence of cate-
gory order within the prompt, aiming to ensure equitable
impact on model output regardless of category position.
Analysis presented in the Appendix D.4 indicates that cate-
gory order does not significantly affect model performance.
Therefore, semantic understanding failure is unlikely to
severely affect LMMs generalization.

Visual feature extraction insufficiency. To analyze
the impact of data complexity within visual input, we in-
vestigate the sufficiency of visual extraction capabilities in
LMMs for generalizing to specific domains. We employ
a linear probing approach, utilizing the publicly available
CLIP model as a feature extractor. Extracted features from
CLIP are then fed into a separate linear classifier trained
with corresponding category labels. By analyzing the clas-
sifier’s accuracy on unseen test data, we assess the quality
of visual features extracted by LMMs for generalization.

Table 5 demonstrates that when tested using linear prob-
ing, the feature extractors of open-source LMMs exhibit
comparable performance to CLIP, and all significantly out-
perform the zero-shot approach on medical and molecule
data. Thus the visual features extracted by LMMs and CLIP
possess the capability to distinguish categories in these
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Dataset Camelyon17 HAM10000 NIH-Chest XCOVFour CT-XCOV DrugOOD_A DrugOOD_Sc DrugOOD_Si DrugOOD_P Average

LLaVa 0.555(+4.7%) 0.621(+25.8%) 0.097(+0.8%) 0.327(-10.4%) 0.333(-17.6%) 0.501(-12.2%) 0.529(-9.5%) 0.504(-11.9%) 0.512(-10.8%) 0.442(-4.6%)
QWen-VL 0.523(-2.3%) 0.101(+0.6%) 0.078(+3.6%) 0.329(-3.8%) 0.500(+4.0%) 0.547(+6.6%) 0.502(+2.6%) 0.538(+5.7%) 0.504(+2.3%) 0.402(+2.1%)
CogVLM 0.500(-1.3%) 0.179(+11.8%) 0.000(-6.6%) 0.100(+6.0%) 0.500(+5.7%) 0.500(+0.0%) 0.001(-49.9%) 0.647(+14.7%) 0.629(+12.9%) 0.340(-0.7%)
MiniGPT-4 0.502(+0.3%) 0.223(+13.3%) 0.000(-4.8%) 0.008(-62.5%) 0.486(-0.3%) 0.000(-49.6%) 0.000(-50.2%) 0.000(-49.5%) 0.000(-49.3%) 0.135(-28.1%)
LLaMa-ada 0.439(-9.7%) 0.004(-11.3%) 0.000(+0.0%) 0.022(+2.2%) 0.441(+44.1%) 0.500(-5.5%) 0.500(+0.1%) 0.500(+0.0%) 0.500(+0.0%) 0.363(+0.7%)
BLIP-2 0.500(-0.3%) 0.004(-6.9%) 0.010(+4.0%) 0.333(+0.0%) 0.500(-0.3%) 0.500(+0.0%) 0.500(+0.0%) 0.500(+0.0%) 0.500(+0.0%) 0.372(-0.8%)
Emu-2 0.575(+5.0%) 0.098(-0.5%) 0.000(-4.7%) 0.333(+6.6%) 0.500(-2.5%) 0.717(+21.7%) 0.473(-3.1%) 0.504(-14.3%) 0.512(+1.2%) 0.489(+8.7%)
Intern 0.500(+0.0%) 0.000(-37.6%) 0.087(-1.1%) 0.205(-12.3%) 0.500(+0.0%) 0.500(+0.0%) 0.496(-0.4%) 0.500(+0.0%) 0.500(+0.0%) 0.365(-0.8%)
Gemini 0.506(+2.1%) 0.410(-16.1%) 0.104(-3.0%) 0.427(+3.7%) 0.697(+19.4%) 0.534(+1.5%) 0.506(+1.1%) 0.528(+3.7%) 0.519(+0.0%) 0.470(+1.4%)
GPT-4 0.430(-4.2%) 0.291(-19.0%) 0.000(-9.8%) 0.100(-9.0%) 0.534(+0.8%) 0.050(-45.4%) 0.023(-54.2%) 0.060(-41.5%) 0.295(-22.6%) 0.198(-22.8%)

Table 3. Prompt contextual information results on domain-specific datasets. Performance differences versus the common prompt are
indicated parenthetically, with positive values in red reflecting improvements in accuracy and negative values in green indicating drops.

Camelyon17_base Camelyon17_aug XcovFour_base XcovFour_aug DrugOOD_base DrugOOD_aug
Gemini-1.5_random 1.33±0.58 2.88±2.94 2.00±1.00 2.33±2.75 2.00±0.00 1.90±0.74
Gemini-1.5 9.33±1.15 (+8.00) 9.80±0.42 (+6.92) 10.00±0.00 (+8.00) 9.75±0.44 (+7.42) 9.67±0.58 (+7.67) 9.10±0.74 (+7.90)
QWen2-VL_random 2.00±1.00 3.00±2.87 1.33±0.58 2.70±1.25 2.00±1.00 2.40±1.84
QWen2-VL 9.67±0.58 (+7.67) 9.75±0.44 (+6.75) 10.00±0.00 (+8.67) 9.20±0.92 (+6.50) 9.60±0.70 (+7.60) 9.00±0.94 (+6.60)
GPT-2 5.67±1.15 5.33±0.58 6.67±1.15 3.30±1.18 6.33±1.53 4.50±2.22

Table 4. Scores for LMMs’ understanding of questions and informative prompts. _base denotes the use of base prompts while _aug refers
to prompts with extra information.

tasks, and effective classification can be achieved when cou-
pled with a suitable linear classifier. This suggests that the
visual feature extraction is unlikely the bottleneck hin-
dering LMMs generalization to these specific tasks.

The scaling of zero-shot generalization. We explore
the potential of enhanced input encoding capabilities in
large language models to quantify and potentially mitigate
the limitations in generalization arising from insufficient en-
coding capacity of both text and visual inputs. Extensive
research has established the performance gains achieved
through scaling neural networks, often governed by reliable
scaling laws related to training data, model size, and com-
putational resources[20, 65]. This understanding proves in-
valuable in mitigating the escalating cost of large-scale ex-
periments. However, existing scaling laws primarily apply
to in-distribution performance or general tasks, neglecting
OOD generalization. We investigate the scaling laws for
LMMs under OOD scenarios, shedding light on their be-
havior in real-world contexts.

Due to the limitations in publicly available model sizes
for other LMMs, we use CLIP as a representative model
to investigate the scalability of zero-shot generalization.
Specifically, we explore CLIP models with different sizes
of ViT architecture to evaluate the performance of these
CLIP models across five datasets: DomainNet, Terra Incog-
nita, Office-Home, NICO, and SVIRO, which are suited for
showcasing effective CLIP performance while minimizing
potential data leakage biases, thus maximizing the reliabil-
ity of our conclusions regarding the effectiveness of scaling.

Unlike the typical scaling law observed on in-
distribution tasks, where larger models tend to perform bet-
ter, Figure 2 reveals a different trend for OOD tasks, even
exhibiting a notable decline on TerraInc and SVIRO. This
suggests that simply scaling up model size and improv-
ing its in-domain encoding skills may not be sufficient

to guarantee improved generalization ability in domain-
specific scenarios.

We then analyze the impact of mapping deficiency and
potential solutions with in-context learning in Section 4.

4. In-context Learning Generalization
Building upon the failure analysis in Section 3, this sec-
tion investigates the potential of in-context learning (ICL) to
bridge the gap between LMMs and domains not represented
in their pre-training and fine-tuning data by addressing the
mapping deficiency. ICL has recently garnered significant
attention as a potential paradigm shift for large vision mod-
els [11, 107]. The following sub-sections study the poten-
tial of ICL for enhancing LMMs generalization by explor-
ing two avenues: 1) Utilizing target domain data directly
to inform the selection and construction of in-context ex-
amples (ICE). 2) Employing ICE that differ from the target
domain data. This focuses on evaluating the effectiveness of
ICL when bridging the gap between known and target data
distributions. In other words, we aim to assess LMMs’ per-
formance when the distribution of test data is not precisely
known when designing ICE.

Notations. Let X denote the inputs and Y the out-
puts. Suppose the test distribution is P test(X,Y ) and ICE
{(xi, yi)}ni=1 are sampled from a distribution P ICL(X,Y ).

4.1. ICL with Data from Target Distribution
This subsection explores the effectiveness of ICL to LMMs
in an ideal scenario: when examples are sampled di-
rectly from the target distribution, i.e., P ICL(X,Y ) =
P test(X,Y ). This simulates a setting where the target do-
main’s data distribution is known and readily available for
crafting ICE. By investigating the model’s performance un-
der such optimal conditions, we aim to determine the up-
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Figure 2. Scaling law of zero-shot generalization under
distribution shifts.

Table 5. The comparison of CLIP with linear probing (donated as CLIP(LP))
and zero-shot generalization of CLIP, GPT-4, and Gemini.

CLIP (LP) CLIP GPT-4 Gemini

COVID-CT 0.830 0.500 (-33 .0%) 0.432 (-47.95%) 0.498 (-40.00%)
DrugOOD_Assay 0.760 0.292 (-61.58%) 0.421 (-44.61%) 0.505 (-33.55%)
DrugOOD_Size 0.771 0.308 (-60.05%) 0.432 (-43.97%) 0.499 (-35.28%)
Fmow 1.000 0.211 (-78.90%) 0.220 (-78.00%) 0.268 (-73.20%)
HAM10000 0.840 0.219 (-73.93%) 0.530 (-36.90%) 0.410 (-51.19%)
NIH-Chest 0.740 0.050 (-93.24%) 0.057 (-92.30%) 0.078 (-89.46%)
COVID-Xray 0.970 0.000 (-97.00%) 0.239 (-75.36%) 0.390 (-59.79%)

per bound of potential performance improvements achiev-
able through ICL. This theoretical understanding can in-
form real-world applications by illuminating the limitations
and optimal capabilities of this approach when adapting
LMMs to specific domains.

Given the previously observed underperformance of
LMMs on specific domain-specific datasets, we select chal-
lenging and diverse datasets for our ICL experiments. This
choice prioritizes datasets where LMMs have demonstrated
limitations, allowing us to investigate the potential of ICL to
bridge this performance gap. We analyze GPT-4 and Gem-
ini due to their superior ICL capabilities observed in our
preliminary experiments, which enables the isolation and
analysis of the effectiveness of ICL without confounding
factors arising from models’ inherent limitations in under-
standing the guidance provided within such examples.

To further control for potential confounding factors like
prompt understanding and category imbalance, we imple-
mented a simplified experimental design for evaluating
ICL’s impact on LMMs performance on new domains and
tasks. Across all datasets, we first randomly partitioned
both domain and category into two balanced groups for the
test data, ensuring an equal number of samples per category.
This mitigates the influence of category imbalance and po-
tentially improves the consistency and reliability of our con-
clusions. We then investigate the effectiveness of ICE by
systematically varying their number. This stratified sam-
pling approach ensures that the ICE can be considered in-
dependently and identically distributed (i.i.d.), statistically
resembling the expected test data distribution.

Both GPT-4 and Gemini exhibit substantial performance
gains in ICL across XCOVFour, iWildCam, NIH-Chest, and
HAM10000. This trend consistently held, with increasing
numbers of ICE correlating with improved model perfor-
mance, as shown in Figure 3. The results demonstrate
that when ICE closely mirror the distribution of test
data, LMMs can achieve substantial performance gains
on many new tasks, where the degree of improvement
scales with the number of examples provided. This fur-
ther suggests that the primary obstacle to generaliza-
tion in these tasks likely stems from deficiencies in task-

specific knowledge mapping within the LMMs.

We show the whole results of GPT-4 and Gemini after
ICL with data from target distributions in Table 6. Intrigu-
ingly, both GPT-4 and Gemini fail to achieve performance
gains on molecular datasets. This may be due to the in-
herent complexity of predicting molecular activity. Accu-
rately classifying a molecule as “active" or not often re-
quires extensive domain knowledge and substantial train-
ing data, which mere ICE might not adequately provide.
This observation suggests that ICL may not be a univer-
sally effective approach, particularly for tasks demanding
specialized knowledge beyond readily learnable patterns.
Please see Appendix D.6 for more discussion. Further in-
vestigation is needed to elucidate the specific factors hin-
dering its efficacy in such cases and potentially refine ICL
strategies for tasks requiring domain expertise or introduce
other methods to improve the adaptation of models such as
retrieval-augmented generation (RAG) [49].

4.2. ICL under Distribution Shifts

This subsection investigates the generalization of LMMs
with ICL under realistic conditions where the target
data distribution may be unknown or deviate from that
of the ICE. We focus on three key challenges: (1) Domain
shifts: ICE and test samples are drawn from distinct do-
mains defined by each dataset. (2) Label shifts: While the
underlying domain remains, the distribution of labels differs
between ICE and test data. (3) Spurious correlation shifts:
If ICE contain misleading correlations not present in the tar-
get domain, the model may be prone to biased decisions,
indicating the careful design of ICE is needed to avoid such
pitfalls. Please note that these three types of shifts are not
orthogonal to each other, but they all represent the com-
mon and effective utilization of LMMs in real-world ap-
plications. While real-world domain shifts may potentially
encompass both label and spurious correlations shifts, our
experiments confine such shifts within the predefined do-
mains of the dataset to isolate and quantify the individual
effects of each factor on model generalizability.
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ICE XCOVFour iWildCam NIH-Chest CT-XCOV DrugOOD_P DrugOOD_Si DrugOOD_A Camelyon17 HAM10000
G

PT
-4

0 0.453(+0.0%) 0.642(+0.0%) 0.634(+0.0%) 0.500(+0.0%) 0.463(+0.0%) 0.303(+0.0%) 0.447(+0.0%) 0.500(+0.0%) 0.544(+0.0%)
2 0.688(+23.5%) 0.728(+8.6%) 0.634(+0.0%) 0.471(-2.9%) 0.449(-1.4%) 0.325(+2.2%) 0.454(+0.7%) 0.500(+0.0%) 0.645(+10.1%)
4 0.831(+37.8%) 0.890(+24.8%) 0.720(+8.6%) 0.658(+15.8%) 0.475(+1.2%) 0.292(-10.2%) 0.500(+5.3%) 0.568(+6.8%) 0.667(+12.3%)
8 0.843(+39.0%) 0.927(+28.5%) 0.736(+10.2%) 0.591(+9.1%) 0.475(+1.2%) 0.355(+5.2%) 0.395(-5.3%) 0.452(-4.8%) 0.640(+9.6/%)

G
em

in
i 0 0.742(+0.0%) 0.975(+0.0%) 0.585(+0.0%) 0.543(+0.0%) 0.48(+0.0%) 0.452(+0.0%) 0.488(+0.0%) 0.532(+0.0%) 0.533(+0.0%)

2 0.870(+12.8%) 0.967(-0.8%) 0.626(+4.1%) 0.571(+2.8%) 0.532(+5.2%) 0.408(-4.4%) 0.465(-2.3%) 0.505(-2.7%) 0.708(+17.5%)
4 0.842(+10.0%) 0.978(+0.3%) 0.663(+7.8%) 0.615(+7.2%) 0.563(+8.3%) 0.455(+0.3%) 0.438(-5.0%) 0.585(+5.3%) 0.656(+12.3%)
8 0.798(+5.6%) 0.978(+0.3%) 0.693(+10.8%) 0.813(+27.0%) 0.546(+6.6%) 0.501(+4.9%) 0.465(-2.3%) 0.504(-2.8%) 0.756(+22.3%)

Table 6. Results of ICL with data from target distribution.

Figure 3. ICL Generalization of GPT-4 and Gemini with ICE from the target distribution.

4.2.1. ICL under Domain Shifts

We leverage the inherent domain diversity within existing
datasets to investigate ICL’s efficacy under realistic condi-
tions. Prior research has established that domain shifts pose
significant challenges for generalization [38]. Therefore,
we deliberately construct scenarios where ICE and test sam-
ples are drawn from different domains within these datasets,
replicating natural or artificially induced distribution shifts,
i.e., P ICL(X,Y ) and P test(X,Y ) are the distributions of
different domains predefined in each dataset, respectively.
This is the basic setting for domain generalization (DG) and
out-of-distribution (OOD) generalization, which enables us
to observe how effectively ICL can bridge these gaps and
enhance LMMs generalization to unknown domains. In
the following experiments, we sample ICE and test sam-
ples from 2 domains within each dataset. For datasets with
multiple domains, we randomly sample 2 of them with ad-
equate diversity of categories and sufficient samples.

As shown in Figure 4, ICE with domain shifts con-
sistently significantly outperform zero-shot performance
and show surprisingly robust performance, only marginally
falling short of the gains achieved from examples di-
rectly drawn from the target distribution. This observa-
tion highlights the remarkable OOD generalization capabil-
ities of LMMs with ICL in traditional OOD settings when
presented with non-ideal examples. Specifically, across
datasets including iWildCam, DomainNet, CT-XCOV, and
HAM10000, ICL under domain shifts significantly bolsters
both GPT-4 and Gemini’s performance. We also observe
a consistent trend of increasing accuracy with the number
of provided examples. While ICL with domain shifts

slightly underperforms compared to target-distribution
examples, the performance remains indistinguishable
and suggests a remarkable capacity of LMMs to gen-
eralize across domains via ICL.

4.2.2. ICL under Label Shifts
We study another common challenge for generalization: la-
bel shift [8], where the ground-truth output (labels) be-
tween ICE and the test data exhibit distributional differ-
ences. Specifically, this means that P ICL(Y ) 6= P test(Y )
while P ICL(X|Y ) = P test(X|Y ). Unlike domain shifts,
which alter the entire underlying data structure, label shifts
primarily affect the output label space. Here we investigate
whether the model’s output preference can be influenced by
ICE, leading to potentially misleading predictions. Specifi-
cally, both ICE and test samples are sampled from the same
domain of each dataset with different distributions on Y .

Results are shown in Table 7. Changing the proportion
of categories in the context demonstrably alters the pre-
dicted category proportions, subsequently influencing over-
all performance. Maintaining a fixed test data distribution
while varying the in-context categories can lead to declin-
ing performance and rising instability. This suggests that
label shifts in real-world applications can significantly
impact LMMs generalizability. Therefore, the judicious
selection of ICE considering both the task specifics and
the desired target data distribution is crucial for stable
model performance.

4.2.3. ICL under Spurious Correlation Shifts
We explore the impact of spurious correlations on ICL’s
efficacy. Spurious correlations arise when training data
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Figure 4. Generalization of GPT-4 and Gemini with ICL under domain shifts. ICE_2_oracle indicates ICL with 2 ICE from target
distribution, while ICE_2_biased indicates 2 ICE that have domain shifts with target distribution.

Ratio XCOVFour NIH-Chest CT-XCOV

G
PT

-4

1:7 0.908(-0.9%) 0.719(-3.8%) 0.445(-9.5%)
2:6 0.820(-9.7%) 0.707(-5.0%) 0.471(-6.9%)
4:4 0.917(+0.0%) 0.757(+0.0%) 0.540(+0.0%)
6:2 0.958(+4.1%) 0.675(-8.2%) 0.502(-3.8%)
7:1 0.950(+3.3%) 0.663(-9.4%) 0.486(-5.4%)

G
em

in
i

7:1 0.699(-12.9%) 0.603(-7.7%) 0.742(-4.8%)
6:2 0.699(-12.9%) 0.627(-5.3%) 0.732(-5.8%)
4:4 0.828(+0.0%) 0.680(+0.0%) 0.790(+0.0%)
2:6 0.745(-8.3%) 0.676(-0.4%) 0.659(-13.1%)
1:7 0.732(-9.6%) 0.641(-3.9%) 0.717(-7.3%)

Table 7. ICL Generalization under label shifts.

ICE CMNIST DomainNet iWildCam Camelyon17 HAM10000

G
PT

-4
0 0.896 0.850 0.800 0.500 0.490
2 0.490 0.730 0.860 0.530 0.530
4 0.784 0.930 0.810 0.550 0.520
8 0.803 0.970 0.880 0.470 0.510

G
em

in
i 0 0.469 0.939 0.929 0.510 0.587

2 0.641 0.919 0.786 0.520 0.626
4 0.563 0.940 0.854 0.521 0.643
8 0.583 0.860 0.936 0.541 0.646

Table 8. Results under spurious correlation. ICE indicates the number of ICE.

across domains exhibits statistically unreliable associations
between input features and labels. Specifically, we divide
the features X into invariant Xv and spurious Xs compo-
nents, as outlined in Arjovsky et al. [5], Lin et al. [56]. The
output Y depends solely on the invariant features Xv in both
P ICL and P test distributions, represented as Y = g(Xv, ✏),
with g(Xv, ✏) being the labeling function on Xv and ✏ as
exogenous noise. The spurious correlation shift is charac-
terized by the difference P ICL(Y |Xs) 6= P test(Y |Xs).

These misleading correlations between Y and Xs, often
superficially stronger than invariant dependencies between
Y and Xv , can be readily acquired by models, hindering
their ability to generalize beyond the training data’s specific
domain context. Specifically, we leverage datasets contain-
ing two distinct domains (D1 and D2) and two categories
(C1 and C2). For ICE, we deliberately craft examples with
contrasting domain-category combinations: C1 data from
D1 and C2 data from D2. Conversely, test samples mir-
ror the opposite scenario, presenting C2 data from D1 and
C1 data from D2. This controlled setting ensures that ICE
and test samples exhibit opposing domain-category associ-
ations, allowing us to isolate the influence of spurious cor-
relation shifts between ICE and test samples on LMMs gen-
eralization beyond other distribution shifts.

The results in Table 8 support that spurious correlations
can negatively impact the effectiveness of ICL. GPT-4 ex-
hibits a marked drop in prediction accuracy across both

CMNIST and DomainNet when subject to ICL. Similar ob-
servations are evident in Gemini’s experiments on iWild-
Cam and DomainNet. This indicates that although ICL
can contribute to generalization compared with zero-
shot prediction in some scenarios, the presence of signif-
icant spurious correlations within ICE can pose a sub-
stantial threat to the generalization of LMMs on do-
mains not included in their pre-training data. Thus
promising data selection approaches or reinforcement of
generalization against spurious correlation is required
for reliable applications of LMMs on these tasks.

5. Conclusion
We investigated the generalization of current LMMs and
found that they showed unreliable performance beyond
common training domains. We found that the mapping de-
ficiency could be the major hurdle and showed the poten-
tial of ICL to largely enhance LMMs’ generalization. We
further presented ICL’s vulnerability to label and spurious
correlation shifts.
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