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Abstract

Vision-language models fail at some tasks that are simple for humans, but why?
Many failures point to a mismatch between the models’ representations. We test
this by showcasing a new failure: a VLM can misclassify simple concepts, like a
zebra, if they are not explicitly used to align its vision-language representations.
This occurs although the vision and language models separately know of the
concept and persists for both retrieval and generative models. Thus, alignment is
hard due to the language part of the VLM’s representations clustering based not on
semantics but other features, e.g. the first word in a sentence. We propose a method
that can match images and captions without directly translating between their
representations and demonstrate that it achieves good performance on a benchmark
where VLMs struggle due to representational misalignment, beating models with
two orders of magnitude more parameters.

1 Introduction
Vision language models (VLMs) struggle in some tasks that are simple for humans. These include
identifying visual analogies [Yiu et al., 2024], matching semantically different but syntactically
similar captions to images [Thrush et al., 2022], and counting animal legs in images where the
number differs from what is typical [Vo et al., 2025].

Many of these stem from differences in the vision and language models’ representations. Using
the Winoground benchmark, Diwan et al. [2022] find that models fail likely due to representational
misalignment. Vo et al. [2025] show that VLMs can default to relying on the language model’s
knowledge instead of on what the vision model actually sees.

Although it is hard to quantify what aligned representations are, a simple functional test comes from
a thought experiment known as Molyneux’s problem — “could a blind man that suddenly regains
their eyesight visually recognize objects they previously only felt?” [Degenaar et al., 2024]. Recent
research showed that people who regained their eyesight can visually distinguish between objects
they feel a few days after their surgery [Held et al., 2011]. Replacing tactile knowledge with lingual,
can VLMs do the same? For example, given a vision and language model that separately know what
a zebra is, when combined as a VLM is that knowledge translated from one modality to another?

Surprisingly not. To test if the model generalizes between modalities, a concept, such as a zebra, can
be excluded from its multimodal training set. This data is then used to finetune an adapter between a
vision-only and language-only model, enabling them to do visual-question answering. Although the
models separately know about zebras, the resulting VLM fails at classifying zebras (see Figure 1).

Here we use this failure as a case study in why VLMs, as they are often trained, struggle bridging be-
tween different representations. To address it we develop Partially Supervised Intermodal Alignment
(PSIA), a method that manages to link samples in the different modalities, albeit only for retrieval.
We demonstrate that it gets good performance on Winoground, a benchmark where most VLMS
struggle due to their representational misalignment [Thrush et al., 2022]. PSIA outperforms some
10B+ VLMs using models with less than 100M parameters.
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Figure 1: Pretrained vision (V) and language (L) models that both know what a zebra but still fail to
identify one if not jointly trained on zebra image-text pairs. Image from Commons [2024].

Section 2 summarizes when the failure occurs and Section 3 discusses why it is both intuitively and
mechanistically surprising. Section 4 motivates PSIA and demonstrates it on Winoground.1

2 Failure Setup
We briefly describe when the failure occurs, with a thorough overview relegated to Appendix A.
To test if the single-modality models’ knowledge generalizes between modalities we pick several
common unambiguous objects to omit from the training data as held-out concepts.2 The models are
then finetuned on either their regular datasets or a version without the held-out concepts. The models
trained without the concepts struggle recognizing them, getting concept detection accuracies around
4-15%, whereas those trained on the regular data get accuracies around 90%. This is shown for small
scale retrieval and generative settings, using a ViT-B/16 and GPT2-small, and a large scale generative
VLM, LLaVA-7B [Liu et al., 2023]. In the small cases, only linear adapters/projectors are trained so
the pretrained models’ weights are not altered, with stronger adapters ablated in Appendix B. LLaVA
uses low rank (LoRA) adapters.

3 Why does this Happen?
The failure is surprising precisely because we would expect it not to occur. Examining why this
intuition breaks down helps clarify its causes.

Language representations are known to exhibit analogies. Mikolov et al. [2013a] first showed that
the representations of “King” minus “Queen” is similar to “Man” minus “Woman”. Similarly, for
vision, Radford [2015] showed that this “representation arithmetic” occurs also in a GAN, where the
representation of “smiling woman” minus “neutral woman” plus “neutral man” yields a smiling man’s
image. Assuming this holds more generally and for other models, as some works show [Millidge,
2023, Huh et al., 2024], this implies these representations have a linear structure with respect to
specific concepts.

Given two models with this linear structure, a linear transformation should be sufficient to map
between their representations. Mikolov et al. [2013b] found that a linear map between different
languages’ embeddings allows translating words not in that map’s training data, with top-1 accuracies
over 40%. Why are the accuracies far lower when the models are from different modalities?

To understand why the multimodal case is different we plot the language model’s representations
for various sentences. We use all combinations of “the/a fox/wolf is bad/good/happy/sad” as inputs

1Code can be found at [redacted link].
2Specifically, “zebra”, “banana”, “pizza”, “umbrella”, and “toothbrush”. These concepts were chosen as

they appear often in the datasets, are simple, are synonymless, are verifiably known by the models (e.g. all
are Imagenet classes, so an image classifier clearly recognizes them), and easily describable by analogy. For
example, “a horse with black and white stripes” is a good approximation of a zebra.
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as they have syntactic and semantic variations with clear similarities between versions. Output
representations are taken by averaging the token representations before the unembedding layer. To
generate input embeddings analogous to the generative case, for each sentence 20 single-token soft
prompts that generate it are learned. In both cases the language model is GPT2-small.
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Figure 2: PCA representations of different sentences, at the language model’s input (soft prompts that
induce a sentence – left) or output (the embeddings it gives for different sentences – right). While
some analogies are seen, embeddings cluster chiefly based on the first token (“a” vs “the”), which is
a more syntactic than semantic variation. Details are in Appendix G.

Figure 2 shows a PCA of these representations. In both cases there is a clear divide based on the
sentences’ first words. While some analogical relationships exist, e.g. see Figure 2 right, semantically
similar sentences can have far-apart representations. These syntactic variations can lead to complex
relationships that make the intermodal mapping nonlinear, e.g. as “a fox is happy” minus “a fox is
good” is similar to “a wolf is happy” minus “a wolf is good” but the relationship breaks if the last
sentence is replaced by a semantically similar phrase like “the wolf is good”.

A different perspective is due to forgetting. If the entire model is finetuned then it is not surprising
that it would forget concepts not in the finetuning data. When tuning fewer parameters this could still
happen but less so, and similarly when indirectly tuning the model using adapters.3 In these cases
there is tension between the adapter’s complexity, the model’s final performance, and the incurred
forgetting. If the relationship between different representations is simple, as it is in Mikolov et al.
[2013a], less forgetting occurs as a simple adapter can easily generalize.

4 Partially Supervised Intermodal Alignment
There are several ways to train a model so it better generalizes. One is to have a training signal that
is informative about unseen concepts or classes, as happens in knowledge distillation [Hinton et al.,
2015]. Another is to better use existing models’ capabilities, so learning becomes unnecessary. These
considerations motivate PSIA.

Knowledge distillation cannot be directly used for retrieval as it is designed for classification.
However, we can use data for semantically meaningful pseudo-classes – given a set of anchors A and
candidates C, a semantic similarity model s can assign each candidate ci a length |A| probability
vector s(ci) = pi over the anchors A.4 Two well trained semantic similarity models sa, sb should
be consistent with one another, so sa(c) ≈ sb(c). Additionally, given two semantically identical
versions of the same data (e.g. views of an image or descriptions in different modalities), c, c̃, a well
trained model should be consistent here too, having s(c) ≈ s(c̃).

If the anchors contain different semantically identical views then the consistency requirements
prescribe additional constraints. Image-caption pairs are two such views, with different models

3This is intuitive but nontrivial, see Appendix C for a deeper discussion.
4For brevity, throughout this section conditioning is omitted and we use s(ci) for s(ci|A).
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processing each. In this case the anchors and candidates are ci = (vi, ti) while the semantic
similarity models sv, st process only their modality, so, with slight abuse of notation, sv(ci) = sv(vi)
and similarly for st. Thus, consistency requires sv(vi) ≈ st(ti), which is a relationship between the
two modalities. Note that this connection does not require any gradient-based training on paired data.

In practice, the candidates can be seen as two sets, one with images and one with captions, instead
of a single set of pre-existing pairs. The consistency requirement prescribes how to do intermodal
retrieval, such as text-to-image lookup. Given some text t and a set of candidate images v1, v2, ...,
find argmini d(st(t), sv(vi)), where d is a distance metric between the two distributions. We use
the Jensen-Shannon divergence as our distance of choice as it works well in practice.5 Additional
technical details are in Appendix H. Winoground Accuracies Total #

Model Text Image Group Parameters

CLIP (ViT-B/32)∗ 30.8 10.5 8.0 151M
LLaVA-1.5-13B† 33.5 35.0 17.3 13B
GPT4V† 60.3 45.3 33.5 >1T

PSIA 46.8 43.8 42.5 120M

Random∗ 25.0 25.0 16.7
Human∗ 89.5 88.5 85.5

Table 1: Winoground scores for different models.
Text, image, and group refer to text→image, im-
age→text, and joint matching accuracies, respec-
tively. Random chance is lower than 50% as a set
of two images and two captions is correctly labelled
only if both pairs are correctly matched. Experi-
ment details are in Appendix H.1. ∗Thrush et al.
[2022],†Mitra et al. [2024]

We demonstrate PSIA over Winoground, a
benchmark where models need to distinguish
between pairs of similarly worded captions
and their images, e.g. “some plants surround-
ing a lightbulb” and “a lightbulb surround-
ing some plants” [Thrush et al., 2022]. Ta-
ble 1 shows that PSIA works well, surpassing
LLaVA-13B. Notably, the anchors here are
random image-caption pairs from the COCO
dataset, which is a qualitatively different dis-
tribution than Winoground. PSIA gets a better
group accuracy than GPT4V and outperforms
LLaVA-1.5-13B on all metrics, in spite of it
not requiring any gradient based training over
multimodal data and using far smaller models.

5 Discussion

Vision and language representations are likely difficult to align due to having a fundamentally
different structure. Language’s sequential order makes semantically similar sentences have very
different embeddings, unlike vision where models learn to cluster semantically similar images
[Chen et al., 2020]. While these oddities can be consistent within modalities, evidenced by simple
in-modality alignment between models as shown by Mikolov et al. [2013a], they can lead to
surprising shortcomings when the modalities are different.

It is unclear how scale affects this failure. While seemingly fundamental to how models are currently
trained, with the language part of the VLM pretrained only on text, Huh et al. [2024] theorize
that non-semantic differences in representations might decrease with model size. Representational
alignment is known to be difficult even with very large models, as they still have sub-human
performance on some simple multimodal tasks [Thrush et al., 2022, Vo et al., 2025, Yiu et al., 2024].
On the other hand, Geirhos et al. [2021] report that, in some cases, larger vision models gradually
make more “human like” mistakes — perhaps VLMs do so as well.

PSIA demonstrates that the two modalities can be bridged without explicitly projecting from one
representation into another. As it is only for retrieval it cannot be used for many problems that require
generation, but it conceptually shows a potential solution. Finding ways to generalize and robustify
PSIA is an interesting avenue for future work.

What may fix this failure for generative models? Using a language-aligned vision backbone, like a
CLIP model, would alleviate but not fully solve it as the language model’s embeddings would remain
the same. It would be interesting seeing if large VLMs trained without different language and vision
components, such as Fuyu-8B [Bavishi et al., 2023], exhibit these failures, but their pretraining is
costly. Finding efficient ways to create such models, e.g. by merging unimodal components, could
be interesting for future work.

5Technically Jensen-Shannon is a distance squared, but squaring does not affect relative rankings between
possible candidates. Also, as this is a comparison between two distributions with one acting as a reference, it is
tempting to use divergences like Kullback-Leibler instead of distances, but this yielded worse performance.
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A Failure Demonstrations

VLMs are typically trained by combining pretrained vision and language models and finetuning them
on a dataset of image-text pairs. For example, for image captioning an adapter can be used to project
the vision model’s representations past the language model’s embeddings layer as a “soft prompt”
that induces the correct caption [Merullo et al., 2022]. An extended discussion of common VLM
setups is given in Appendix E.

Datasets. To test generalization we remove the held-out concepts from the finetuning data. This
is done by filtering out all image-text pairs where a) the text contains the object’s name or b) the
image is likely to contain it. Image-based filtering is important to prevent misclassified data from
hampering the experiment, e.g. zebra images accidentally captioned as giraffes. This is done using a
CLIP ViT-L/14 model and filtering images with a similarity threshold greater than 0.2 to the text “a
photo of a <concept>”, with the threshold found through manual tuning.

To see how well the models later detect these concepts we construct a test-set consisting of clear
examples of them. Using the same CLIP model, for each concept we take the top-100 Imagenet
images that are most similar to it.

How do we know the models “know” these concepts? For the vision models this is simple – all
the concepts are Imagenet classes and the models are Imagenet classifiers that get high accuracies.
For the language models, they can be prompted to complete texts such as “a <cncept> is” or asked
questions about it.

Experiment details. We demonstrate the failure for two settings — retrieval and generation. For
retrieval we combine ViT-B/16 and GPT2-small models by linearly projecting their final layer’s
representations to a shared space and training using a CLIP loss [Radford et al., 2021]. For generation
we combine the same models but using a single linear adapter, from the vision representations to the
language embeddings, training the model to do image-captioning. Both cases use the COCO-2014
dataset for training [Lin et al., 2014] and train only the projectors/adapters, keeping the base vision
and language models fixed. To ensure the models are well trained their learning rates and weight
decays are found using a random hyperparameter search. Training details and ablations over more
complex adapters are in Appendix E.

To see whether the failure disappears at larger scales we also train a LLaVA-7B model [Liu et al.,
2023]. LLaVA is a generative VLM trained to do visual question answering using a large curated
dataset.6

A.1 Failing to Retrieve

Model Best Concept Detection
Accuracy Throughout Training

Conceptless 4.5%
Regular 87.4%
CLIP (ViT-B/16) 84.6%

Table 2: Best concept top-1 detection accuracy over the
test set when evaluating throughout training models trained
on data with and without the concepts. The model trained
without the concepts fails to generalize to them. The regular
model performs close to a pretrained CLIP with a similar
number of parameters, showing the failure is not due to
insufficient model capacity or training. The CLIP model is
evaluated as is without additional training.

To see whether the VLMs manage to
bridge between different modalities
we train two models, one trained on
the regular dataset and one without the
held-out concepts. To measure how
well the models retrieve the held-out
concepts, we mix the concept test im-
ages with some from imagenet, taking
an image from every class that does
not include the concepts. Imagenet
is a nice “distractor” dataset as it has
object-centric images that are easy to
filter based on their class labels. To
retrieve these we measure the cosine
similarity between the image embeddings and the text embedding of “a photo of a <concept>”,
picking the image with the highest similarity.

6We do not test how scale affects retrieval as large scale multimodal retrieval tasks usually use pretrained
CLIP models, unlike generation where powerful unimodal models are often finetuned. Thus, we are unaware of
cases where large pretrained unimodal models are combined and finetuned for retrieval.
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Table 2 shows the best concept detection accuracy throughout training using the regular dataset and
the one without the concepts. The model trained without the concepts performs poorly, about 20×
worse than the model trained on the regular dataset but significantly above random chance (0.1%).

A.2 Failing to Generate

Model Best Concept Detection
Accuracy Throughout Training

Conceptless 7.8%
Regular 89.6%
End-to-end finetuning† 91.3%

Table 3: Best concept detection accuracy throughout training.
The model trained on data without the held-out concepts does
far worse than the one trained with them. †[NLP Connect, 2022]

For the generative setting we test
whether the models translate be-
tween the modalities by similarly
training two models, once on the
regular dataset and again without
the held-out concepts. A model
detects a concept if it directly ap-
pears in its generated textual out-
put. Qualitative explanations, like
calling a banana “a yellow fruit”, hence do not count.

For the small-scale image captioning task Table 3 shows the top concept detection accuracy throughout
training. The model trained without the held-out concepts fails to generalize, while the model trained
on the regular dataset performs similarly to a strong baseline from NLP Connect [2022] using the
same unimodal backbones, showing that training just the linear adapter does not substantially hurt
performance.

A.2.1 Failing at Scale

Many phenomena are qualitatively different, if not nonexistent, when using sufficiently large models
and datasets. To check whether this failure vanishes in a larger setting, we perform a similar
experiment with LLaVA-7B [Liu et al., 2023]. Typically LLaVA is trained in two steps, first by
finetuning a linear adapter between a frozen vision backbone and language head, and then by
finetuning the adapter and language model together. We choose to have the second stage use low
rank (LoRA) adapters instead of fully finetuning the model both for simplicity and to minimize
catastrophic forgetting with respect to the held-out concepts in the language model.

By default LLaVA uses a CLIP-based vision transformer, but this model has already seen concepts in
both modalities. Instead, we use a ViT-L/16@384 model that is trained for Imagenet classification.
This backbone only saw images during its pretraining and has the same number of parameters and
tokens as the regular LLaVA vision backbone.

To test if the model recognizes a concept we prompt it to answer “What is in this image?”, with a
correct answer being one where it names the concept.7

Model Concept Detection Accuracy
(End of Training)

Conceptless (Stage 1, only linear adapter) 19.7%
Conceptless (Stage 2, adapter+LoRA) 11.7%
Regular 93.5%
CLIP Backbone 98.0%

Table 4: Concept detection accuracy for different models. Accuracy is shown at
the end of training to emphasize the different stages for the model trained without
the concepts. “Regular” is after stage 2 using the ViT backbone and the unfiltered
dataset, as is “CLIP Backbone” but with LLaVA’s default vision transformer.

As Table 4 shows,
the models
trained on the
filtered data strug-
gle to generalize.
However, they
perform better
than they do at
smaller scales,
especially when
only the linear
adapter is used. The best conceptless detection accuracy throughout the first stage of training peaks
at 31%, which implies the failure may have the potential to disappear at scale but be nullified by the
continued training. However, it is unclear to what extent the model properly recognizes objects vs
memorizes associations, e.g. that bathrooms typically have toothbrushes — this is discussed and
qualitatively analyzed in Appendix F.

7Other prompts, such as trying to promote reasoning by asking it to “Describe the image’s features without
naming any objects and afterwards please describe the image’s contents”, were found to worsen performance.
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B Do Better Adapters Help?

To see if better adapters help we repeated the two small scale experiments with two more powerful
adapters – an MLP and an attention block between the tokens and learnable embeddings. The
attention adapter has a single learnable token embedding for retrieval and 200 for generation, where a
ViT-B/16 has 197 vision tokens by default. For retrieval we also experiment with three different kinds
of pooling – mean pooling, max pooling, and, specifically for the vision transformer, taking the class
token. When the vision transformer uses the class token the language model defaults to mean pooling.
The attention adapter needs no pooling due to the cross attention already aggregating information.

In all cases the linear adapter generalized best to the held-out concepts. For generation the best
concept detection accuracy is the one reported in Table 3, whereas for retrieval the pooling with a
linear adapter did a bit better, getting a best concept detection accuracy throughout training of 11.1%.

Note that this is a very lenient metric as it measures the model’s best performance at any point
throughout training, so it is unaffected by overfitting. In practice, test accuracies were measured after
every 0.1 epochs.

C Why Could Adapters Lead to Forgetting?

There are both broad and specific explanations why tuning only part of a model, or layers added
to the start or end of it, can result in forgetting. Broadly, given sufficient optimization and strong
adapters, this can be equivalent to training the model as usual. For example, Petrov et al. [2024] show
that training soft prompts is in some cases equivalent to finetuning the full model.

Specifically for models that output softmax distributions (like generative language models) the
optimal distribution during training for a never seen token is one where it gets zero probability and
hence a very negative logit. A simple way to do this is by making its logit bias very low, which a
linear layer on top of the model’s head can easily do.

In all these cases there is no guarantee the model will forget and not benignly overfit to the data
while still generalizing. Whether this happens likely depends on how powerful the adapter is and how
complex the relationship it needs to learn.

D Hyperparameters

Optimal learning rates and weight decays were chosen by doing a grid search over learning rates
and weight decays spaced log-linearly in 10−5, 10−4.5, ...10−2 and 10−4, 10−3, ...10−1 respectively.
Optimal retrieval hyperparameters were chosen based on the model’s top-1 Imagenet classification
accuracy over Imagenet’s validation set. Generation hyperparameters were optimized on the BLEU
score over COCO’s validation set. Models were trained for 10 epochs with an early stopping patience
of 5, with validation metrics computed once every 0.25 epochs.

Resulting optimal hyperparameters for all generative model configurations are listed in Table 5. For
retrieval a learning rate of 10−4 and weight decay of 10−2 was found to work well for all settings.

Adapter type Learning rate Weight decay

Linear 10−2.5 10−2

MLP 10−3 10−2

Attention 10−3.5 10−3

Table 5: Optimal learning rates and weight decays for different adapters for the small scale generative
experiments.

For the large scale experiment with LLaVA the default hyperparameters and training setup as per Liu
et al. [2023] were used.
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E How are VLMs Trained?

We focus first on retrieval VLMs, which are typically CLIP models [Radford et al., 2021], and then
on generative VLMs, where we focus on models that output text.

Training is usually as per Radford et al. [2021], where a text and vision encoder are trained together
from scratch using image-caption pairs. CLIP outputs embeddings where their temperature-scaled
cosine similarities are interpreted as logits. CLIP is trained to maximize the probability between
correct image-caption pairs and minimize incorrect pairs’ matching probabilities using a cross entropy
loss.

Generative VLM training is more involved. Models are often initialized using pretrained vision
and language models, with them being connected using some adapters. While many variants exist
[Alayrac et al., 2022, Li et al., 2023, Liu et al., 2023], Merullo et al. [2022] showed that a linear
adapter is sufficient. This adapter projects vision tokens from the vision transformer into the language
model, acting as “soft prompts” [Li and Liang, 2021] – token embeddings that result from some
upstream representation instead of the model’s embedding layer. In many cases the adapter and
language model are trained together, although Zhu et al. [2023] find training just the adapter to be
sufficient.

Often the vision backbone is a CLIP model’s vision encoder so its representations are already
somewhat aligned with the language model due to its multimodal training. Although not studied here,
this can lead to some failures as well, e.g. Gal [2021], Tong et al. [2024] find that CLIP models can
give similar representations to images which have meaningful semantic differences.

F Recognizing vs Memorizing in LLaVA

A VLM can coincidentally say that a concept is in an image without recognizing it but hallucinating
it based on its surroundings. Vo et al. [2025] explicitly show this bias by demonstrating VLMs
misclassifying how many legs edited pictures of animals have, where the VLM’s language part relies
on pre-existing knowledge (e.g. “a chicken has two legs”) instead of using the picture (“this chicken
has three legs”). In our case such hallucinations are more subtle, as it is unclear whether the VLM
recognized a concept visually or relied on the language model’s knowledge. For example, given an
image of a bathroom the VLM may start outputting the sentence “This is an image of a bathroom,
which has a soap dispenser, toothpaste, ...” and at some point mention a toothbrush, regardless of
whether or not the image has one.

It is hard to tell when the VLM recognizes a concept versus relies on its surroundings and the language
model’s knowledge. Manually checking the answer LLaVA gives after its first stage of training (top
row in Table 4) shows that this may be about 30% of answers where the concept was detected. An
answer is considered associative and not direct if before the model mentions the main concept (e.g. a
zebra) it mentions its surroundings or characteristics in a way where the language model would likely
have mentioned the concept anyway, e.g. the bathroom example from before.

G Language Representations Plot Details

The sentence embedding/“output representations” are found by passing the sentence through GPT2-
small and averaging the representations before the unembedding layer. The soft prompts/“input
representations” are found by optimizing a soft prompt made up of a single token to produce a
given sentence. Each soft prompt was randomly initialized from a standard normal distribution and
optimized for 200 steps with a learning rate of 0.1. All final soft prompts perfectly reproduce their
target sentence.

H Additional Details on PSIA

PSIA has some implicit assumptions which are important to address. When using different semantic
similarity models st, sv the assumption that st(ti) ≈ sv(vi) requires both models to be equally
calibrated with respect to their temperature. For example, if the text model st has a very high
temperature then it will give a uniform distribution across anchors and it will not be consistent with
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the vision model’s distribution. This can be remedied by calibrating the two temperatures using a
validation set, or manually finding a good temperature.

Another problem is whether the two modalities contain the same information. The captions are
generally less informative than the pictures, as to fully specify an image requires a very long
description. While this can lead to wrong candidate pairings, given a sufficiently large pool of
candidates all matches should be at least semantically plausible.

H.1 PSIA Experiment Details

The experiment in Section 4 used a sentence transformers all-MiniLM-L12-v2 [Reimers and
Gurevych, 2019] and MoCo v3 [Chen et al., 2021] models for the language and vision embed-
dings respectively. MoCo v3 was chosen as it is an instance discrimination model [Wu et al., 2018],
trained to output probabilities between pairs of embeddings, although ongoing experiments show
that other kinds of models can work as well. all-MiniLM-L12-v2 has 33M parameters while MoCo
v3 is based on a ViT-B/16, which has 86M. For simplicity a temperature of 10 was used for both
modalities.

I Compute

All small scale experiments were run on a single A100 GPU with each run taking a few hours.
LLaVA-7B was trained on a single GH200 over a bit more than a day. PSIA was run on an RTX 4090
and takes a few minutes, including loading and sampling anchors.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The introduction presents the paper’s contributions while trying to remain
nuanced, e.g. emphasizing that PSIA is retrieval only and under which conditions the failure
occurs.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: We try to emphasize the limitations in relevant sections, e.g. PSIA being only
for retrieval and more of a conceptual solution that demonstrates a point than a broadly
useful method.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: The paper has no precise theorems. The discussion around PSIA is illustra-
tive/intuitive but not rigorous.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: The paper’s Appendices discuss many of the results, training setups, the
hyperparameters used, and other details. Code and data are also provided.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The Github repository is linked in the first footnote. Appendices contain
training and hyperparameter details.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: All design choices are specified, with an omittance implying default standards
are used (e.g. typical splits).

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: The paper does not include error bars as the results likely have a low variance.
Additionally, the variance likely does not qualitatively change the results, e.g. the large
gap between models trained with and without the held out concepts is likely unaffected by
randomness like the adapter’s initialization.

Guidelines:

• The answer NA means that the paper does not include experiments.
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• The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: See Appendix I.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research conforms with the code of ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: This paper presents work whose goal is to advance the field of Machine
Learning. There are many potential societal consequences of our work, none which we feel
must be specifically highlighted here.
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Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Wikipedia Commons is credited with the zebra image in the first figure.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: There are no such new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: There is no crowdsourcing or research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: There is no crowdsourcing or research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: The paper clearly describes where and how LLMs are used.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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