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Abstract
The advancement of Multimodal Large Language Models (MLLMs) has greatly accelerated the development of appli-
cations in understanding integrated texts and images. Recent works leverage image-caption datasets to train MLLMs,
achieving state-of-the-art performance on image-to-text tasks. However, there are few studies exploring which layers of
MLLMs make the most effort to the global image information, which plays vital roles in multimodal comprehension and
generation. In this study, we find that the intermediate layers of models can encode more global semantic information,
whose representation vectors perform better on visual-language entailment tasks, rather than the topmost layers. We
further probe models regarding local semantic representations through object recognition tasks. We find that the
topmost layers may excessively focus on local information, leading to a diminished ability to encode global information.
Our code and data are released via https://github.com/kobayashikanna01/probing_MLLM_rep.
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1. Introduction

Recently, Large Language Models (LLMs) have
achieved remarkable advancements in various nat-
ural language processing applications (Touvron
et al., 2023; OpenAI, 2024), owing to pre-training
on massive text corpus. It becomes a popular topic
nowadays to transfer the powerful capacity of LLMs
to Multimodal Large Language Models (MLLMs)
through image-caption corpus (Alayrac et al., 2022;
Li et al., 2023). These MLLMs show an impres-
sive ability to handle multimodal tasks, including
Image Captioning (IC, Plummer et al., 2015) and Vi-
sual Question Answering (VQA, Goyal et al., 2017).
However, existing research has predominantly fo-
cused on the ability of MLLMs to generate single to-
kens one by one, while lacking investigations about
how their representation vectors can encode global
multimodal information. In generation tasks like IC
and VQA, when predicting the next token, the mod-
els may only need to focus on a local part of the
image and a subsequence of the text to handle the
task. But in tasks like image-text retrieval (Xie et al.,
2019), the MLLMs should aim to encode the global
semantic information of the entire image and text,
when predicting whether they have correlation.

In this work, we focus on understanding and
uncovering how the global and local semantic in-
formation is encoded in the decoder-only MLLMs.
To track the representing ability of each layer in

†This work was done when Mingxu Tao and Quzhe
Huang were interns at Kuaishou Technology.

MLLMs, we use probing study, a popular tool to in-
vestigate model interpretability (Tenney et al., 2019;
Jawahar et al., 2019). Previous probing studies of
pure-text language models have explored the rep-
resenting ability of models in various levels, from
local to global semantics (Liu et al., 2019; Talmor
et al., 2020). However, to the best of our knowl-
edge, existing works about vision-language models
sorely focus on investigating the ability to represent
local semantic information, for instance, from a lex-
ical perspective (Dahlgren Lindström et al., 2020).
We also note that previous works (Ma et al., 2022;
Dai et al., 2023b) mainly study the encoder-only
or encoder-decoder models, with less than 1B pa-
rameters, such as CLIP (Radford et al., 2021) and
BLIP (Li et al., 2022). Our work investigates the
representing ability of decoder-only MLLMs, from
both global and local perspectives, thus bridging a
gap in prior works.

Our main contributions in this paper are:
(1) We design an image-text entailment task to

probe MLLM’s ability to encode global cross-modal
information and design a pair of prompts for object
recognition to study local representation.

(2) We find that, when encoding global informa-
tion, it is the intermediate layers rather than the
topmost layers that perform the best.

(3) Through the probing study of local represen-
tations, we find the topmost layers may excessively
focus on local information, leading to a diminished
ability to encode global information.

(4) To the best of our knowledge, we are the
first to find and discuss the potential shortcomings

https://github.com/kobayashikanna01/probing_MLLM_rep
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of decoder-only MLLMs in representing global se-
mantic information. We hope our findings could
encourage the community to explore ways to im-
prove the pre-training process of MLLMs, and even
to improve the architecture designs of MLLMs.

2. Related Works

Exploiting the local and global semantic represen-
tations is commonly employed in the processing
of image data (Bian et al., 2017; Lv et al., 2019;
Chen et al., 2021; Zhao and Zhou, 2022). By ad-
justing the receptive field size of CNN layers, the
model can capture information at various granular-
ities (Simonyan and Zisserman, 2015; Dai et al.,
2023a). However, in the MLLMs, the structure of
each Transformer layer can usually be similar or
the same to others. Therefore, we wonder how
MLLMs represent the local and global information,
especially when the inputs are sequences of visual
tokens but not matrices of pixels.

Previous studies (Chi et al., 2020; Vulić et al.,
2020) in pre-trained language models (PLMs, i.e.,
BERT) employ probing tasks to investigate which
layer in the model make the most effort to encode
lexical, syntactic, or semantic information. These
works reveal that the lower layers in BERT can
encode lexical information, while the upper ones
tend to encode syntactic and semantic information.
In this work, we follow previous works and employ
multimodal probing tasks to study the granularity of
information represented by each layer in decoder-
only MLLMs.

We also note that there are other methods avail-
able for studying the representing mechanisms of
LLMs. For example, Sajjad et al. (2023) propose
removing specific layers of PLMs to investigate their
effects by comparing the performance of the mod-
els before and after removal. Previous works (Ko-
valeva et al., 2019; Rogers et al., 2021) also use
neuron-wise examinations and visualization meth-
ods to provide detailed analyses. Although these
methods are mainly implemented on encoder-only
PLMs, we believe that they may provide insights for
future research on the interpretability of MLLMs.

3. Global Multimodal Representation

We first aim to investigate how each layer can en-
code the global cross-modal semantic information.
Motivated by natural language inference, where
the alignment between global meanings of two sen-
tences plays a vital role (MacCartney et al., 2008;
Tay et al., 2018), we design an image-text entail-
ment task whose goal is to decide whether a caption
can entail a given image or not.

We thus build a dataset based on MS COCO (Lin
et al., 2014), which contains more than 200K la-
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Figure 1: Performance on the image-text entail-
ment task when using the representations at each
layer.

beled images and five captions for each image.
Formally, we denote the images as M = {mi| i =
0, 1, · · · } and the five human-written caption texts
of mi as Ti = {ti,k|k = 0, · · · , 4}.

We define this image-text semantic entailment
task as a binary classification task. For each image
mi ∈ M, we select all its captions Ti to construct
positive image-text pairs. Furthermore, we also use
the image mi and captions sampled from

⋃
j ̸=i Tj

to form negative examples. For each positive pair
⟨mi, ti,k⟩, we randomly sample 5,000 captions from⋃

j ̸=i Tj . To ensure a balanced number of positive
and negative examples, we select one negative
caption that has the highest similarity1 with ti,k as
the negative sample.

Following previous probing studies (Hupkes
et al., 2018; Jawahar et al., 2019), we freeze
all parameters of the multimodal large language
model (MLLM). We use the following prompt to
combine the image and caption pairs as input: [Im-
age] This image describes "[Caption]". Is it
right? Answer:. We then extract the hidden-state
features generated by each layer of MLLM, and
take the vectors corresponding to the last tokens
as representations of the whole inputs. For the L-th
layer, whose feature vector can be denoted as HL,
we train a binary classifier fL : HL 7→ {0, 1}. In
this paper, we employ single-layer linear classifiers
for experiments and use Adam (Kingma and Ba,
2015) as the optimizer.

We examine several popular decoder-only
MLLMs, including Kosmos-2 (Peng et al., 2023),
LaVIT (Jin et al., 2023), Emu(Sun et al., 2023) and
Qwen-VL (Bai et al., 2023), with parameter scales
ranging from 7B to 14B. We employ accuracy to
measure the extent to which the representation vec-
tors can encode information for the image-text en-
tailment task. Experimental results are illustrated
in Figure 1. From the results, we find represen-

1The similarity is calculated by model
all-mpnet-base-v2 (https://
huggingface.co/sentence-transformers/
all-mpnet-base-v2).

https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
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tation vectors of the topmost layers do not yield
optimal performance. For instance, in Kosmos-2,
a model consisting of 24 Transformer layers, we
find that its representation vectors generated by
the 9th layer demonstrate the best performance in
the image-text entailment task. Similarly, the 23rd
layer in LaVIT, the 20th layer in Emu, and the 18th
layer in Qwen-VL achieve the best performance, all
of which are not the topmost layers in their corre-
sponding models. As the depth of layers increases
to the topmost, all models’ abilities to encode global
multimodal information exhibit a diminishing trend.

In light of previous research, which demon-
strates the upper layers in BERT can possess the
strongest ability to represent global semantic infor-
mation (Jawahar et al., 2019; Koto et al., 2021), we
intuitively hypothesize that the same phenomenon
may appear in MLLMs. However, our experimental
results display a deviation from the conclusions of
prior works on encoder-only PLMs.

Revisiting the pre-training process of decoder-
only MLLMs, we find there is a gap between their
pre-training objective and the ability to encode
global semantic information. Since models learn
how to generate the sequence token by token, the
representation vectors encoded by upper layers
may inherently focus more on information related to
the local token which will be generated next, rather
than all the context tokens. For MLLMs that have
been pre-trained but without being fine-tuned on
downstream tasks, their predicted tokens in zero-
shot scenarios may not always perform well in ad-
dressing complex tasks that need global informa-
tion. Hence, focusing on encoding the local seman-
tic features of such tokens does not contribute to
addressing the image-text entailment task. This
may be the reason why representation vectors of
intermediate layers outperform the upper layers.

4. Local Multimodal Representation

To investigate whether the upper layers encode
more local information about the token to be gen-
erated than the lower layers, we employ the MS
COCO dataset again and conduct an object recog-
nition task. MS COCO comprises annotations for
80 distinct categories. For an image mi, its an-
notated object category list can be denoted as
{Ok|k ∈ I}, where I ⊆ {0, 1, · · · , 79} is an indi-
cator set denoting the categories of objects present
in image mi. In this work, we regard the recogni-
tion task for different object categories as 80 sepa-
rate binary classification tasks, in which the model
needs to predict whether the input image contains
a specific type of object.

We first study whether the feature vectors en-
coded by each layer can be used to predict a spe-
cific object category, when we provide sufficient
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Figure 2: Performance on the object recognition
task when using the representations at each layer
of different MLLMs.

cues of other categories. It is intuitive that if there
are n types of objects in an image and we pro-
vide (n− 1) categories of them in the text input, a
well pre-trained MLLM should then output the n-th
remaining category. Thus, we extract the vision-
language features by following prompt: [Image]
This image contains the following types of objects:
[Obj_1], [Obj_2], ..., [Obj_n-1],. Similar to
the entailment task, we also freeze the parameters
of MLLMs and collect representation vectors of the
last token as features of the whole input sequence.
We denote the representation vectors of layer L as
HWithCat

L . It is important to note that, to prevent data
leakage, when training and evaluating the probing
model for the category c, the input object list for im-
age mi should be {Ok|k ∈ I ∧ k ̸= c}. To mitigate
the potential impact arising from the order of input
object categories, we shuffle the object lists during
both training and evaluation.

In the probing study, as we look at higher layers,
the improvement of model performance might be
attributed to the expansion of the model’s parame-
ter scale, resulting in enhanced representing ability.
To eliminate the influence of scale expansion on
performance, we formulate another set of exper-
iments to perform object recognition without any
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Prompt without Categories Prompt with Categories
Pos. Set Neg. Set Pos. Set Neg. Set

Token Freq. Token Freq. Token Freq. Token Freq.
A .9662 A .9532 man .1063 and .1250
a .0079 a .0129 people .1017 grass .0416
black .0063 zebra .0102 woman .0636 building .0281
two .0035 Gir .0059 and .0514 street .0279
tennis .0022 two .0044 tennis .0431 mirror .0229
snowboarder .0020 elephant .0017 baseball .0373 tree .0227
an .0018 an .0009 person .0294 water .0187
baseball .0015 brown .0009 beach .0242 window .0170
Two .0013 Two .0007 boy .0238 animal .0161
skateboard .0013 bananas .0007 skateboard .0213 plate .0157
OTHERS .0059 OTHERS .0087 OTHERS .4979 OTHERS .6643

Table 1: Frequency of the top 10 frequently gener-
ated tokens.

category cues, serving as the baseline. We use
the following prompt: [Image] This image con-
tains the following types of objects:. The vector set
of layer L extracted by this prompt is denoted as
HNoCat

L .
Similar to the entailment task, we also examine

the four large-scale multimodal models, including
Kosmos-2, LaVIT, Emu, and Qwen-VL. Due to the
imbalance in the ratio of positive to negative exam-
ples in the object recognition tasks, we employ the
Macro Average F1 score across all categories as
our evaluation metric. The experimental results are
illustrated in Figure 2. From the results, we first
find that, across the upper layers of all four MLLMs,
the probing models trained on HWithCat outperform
the ones trained on HNoCat. However, in the lower-
most layers, providing several categories as input
can hurt the probing model’s performance. The re-
sults probably indicate that the upper layers, those
closer to the token probability prediction layer, tend
to encode more local features of the tokens to be
decoded, rather than global semantic information.

To further validate the hypothesis, it is neces-
sary to examine whether given a subset of object
categories as input, the model indeed produces to-
kens that are relevant to the remaining categories
present in the image. We take the person cat-
egory and the Kosmos-2 model as a case study.
We randomly select 10,000 examples from the test
set, with 5,409 of them containing the person ob-
jects (positive examples), while the remaining im-
ages do not (negative examples). We employ the
two prompts to extract HNoCat and HWithCat as in-
put, capturing the first new tokens generated by
Kosmos-2. We then examine the frequency dis-
tributions of the generated tokens on positive and
negative examples separately. In Table 1, we list
the statistical results for the top 10 most frequently
generated tokens for each setting.

We can find when employing the prompt that in-
cludes all object categories except person, there
is a significant difference in the distributions of the
first tokens generated by the model for positive
and negative examples. We note that, in the case
of positive examples, 5 out of the top 10 most
frequently generated tokens have meanings asso-
ciated with person (red-colored), while all of the 10

tokens of negative examples lack semantic rele-
vance to person.

Nevertheless, when using the prompt without
providing any categories, the model generates "A"
or "a" with a frequency exceeding 96%, both in
the positive and negative example sets. We also
find among the top 10 frequent tokens, several of
them convey meanings corresponding to the ob-
ject categories other than person, such as tennis,
snowboarder, zebra, and other tokens that are col-
ored by blue. It indicates that the representation
vectors may randomly encode one category of the
objects appearing in the image.

By comparing the results of positive and negative
sets generated by the two prompts separately, we
can infer that the topmost layer of a MLLM can be
effective in representing the local semantic features
of the token to be decoded.

Furthermore, we note the model’s performance
continuously improves from the lowermost to the
second-to-last layer, while it significantly declines
in the topmost layer. We revisit the frequency distri-
butions of the first generated tokens. We can find
there is an overlap in the tokens generated by the
model for positive and negative examples, such as
"A", "a", "and", "skateboard", and etc. These over-
lapping tokens may indicate the model produces in-
distinguishable representation vectors, which neg-
atively affect the performance of probing models.
We conjecture that, compared to preceding layers,
representation vectors in the topmost layer of a
MLLM may lose certain global semantic informa-
tion but shift their focus towards specific tokens to
be outputted, although these tokens may not have
relevant meanings to person. This could also be
the reason why the intermediate layers, rather than
the topmost layers, perform better in the image-text
entailment tasks.

5. Results of More Prompts

Through a pair of cross-modal prompts, we find in
the decoder-only MLLMs, the deficiency of upper
layers in encoding global semantic information may
arise from that such layers focus excessively on the
local information of one token. In order to examine
the robustness of our findings, we also conduct
experiments with different prompts to probe the
model’s ability to perform object recognition tasks.
The employed prompts are listed in Table 2. These
prompts use diverse forms of expression and pos-
sess varying lengths.

We replace the prompts in Section 4 with them
and implement experiments based on the same
settings. We take Kosmos-2 as an instance, and
the results based on each prompt are shown in
Figure 3. Comparing the results in Figure 2 and
Figure 3, we find despite using different prompts,
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Figure 3: Performance on object recognition of the representations extracted with various prompts.

Prompt 1: [Image] What types of objects are there here? Please
list them: [Obj_1], [Obj_2], ..., [Obj_k],
Prompt 2: [Image] Objects in this picture are: [Obj_1],
[Obj_2], ..., [Obj_k],
Prompt 3: [Image] There can be several types of objects in this
image, including up to eighty kinds of objects. These objects can
be any color, including red, green, blue, orange, yellow, purple, pink,
and etc. Some of these objects can be very huge, while others can
be very small. In the meantime, there are also many objects which
can be overlapping with others. Please look carefully at the image for
any detailed information. Now, you can write which type of objects
you can find in the image: [Obj_1], [Obj_2], ..., [Obj_k],

Table 2: Variant prompts to extract representation
vectors for object recognition.

the Kosmos-2 model performs consistently across
all groups of experiments. It indicates that our find-
ings can be prompt-agnostic.

6. Conclusion

In this paper, we investigate how the decoder-only
MLLMs represent the global and local cross-modal
semantic information, through prompt-based prob-
ing study. We experiment with four open-source
models, extracting representation vectors using var-
ious prompts. Our findings remarkably remain con-
sistent across diverse models and prompts, which
indicates the upper layers in MLLMs focus too
much on the semantic features of the next token
to be generated. It may result in a loss of global
information in the upper layers. Our findings shed
light on understanding the potential mechanism
of MLLMs to represent global and local features.
We hope this paper can inspire our community to
delve into more effective pre-training mechanisms
for MLLMs.
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