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Abstract. Recent research has achieved significant advancements in vi-
sual reasoning tasks through learning image-to-language projections and
leveraging the impressive reasoning abilities of Large Language Models
(LLMs). This paper introduces an efficient and effective framework that
integrates multiple modalities (images, 3D, audio and video) to a frozen
LLM and demonstrates an emergent ability for cross-modal reasoning
(2+ modality inputs). Our approach explores two distinct projection
mechanisms: Q-Formers and Linear Projections (LPs). Through exten-
sive experimentation across all four modalities on 16 benchmarks, we
explore both methods and assess their adaptability in integrated and sep-
arate cross-modal reasoning. The Q-Former projection demonstrates su-
perior performance in single modality scenarios and adaptability in joint
versus discriminative reasoning involving two or more modalities. How-
ever, it exhibits lower generalization capabilities than linear projection in
contexts where task-modality data are limited. To enable this framework,
we devise a scalable pipeline that automatically generates high-quality,
instruction-tuning datasets from readily available captioning data across
different modalities, and contribute 24K QA data for audio and 250K
QA data for 3D. To facilitate further research in cross-modal reason-
ing, we introduce the DisCRn (Discriminative Cross-modal Reasoning
(DisCRn)) benchmark comprising 9K audio-video QA samples and 28K
image-3D QA samples that require the model to reason discrimina-
tively across disparate input modalities. Code and data is available at
https://github.com/salesforce/LAVIS /tree/main/projects/xinstructblip,

Keywords: multimodal - x-modal alignment - cross-modal reasoning

1 Introduction

Humans inherently process information from multiple sensory modalities to in-
terpret their surroundings and make decisions based on a comprehensive view of
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their environment. However, Multimodal Large Language Models (MLLMs) are
primarily concentrated on visual tasks, often overlooking the rich diversity of
other common modalities like Audio, Video, and 3D, and failing to tap into the
potential of comprehensively understanding multiple modalities (>>2) in unison,
which is crucial for advanced tasks such as cross-modal reasoningﬂ

The incorporation of various modalities beyond images into LLMs is still an
area ripe for exploration, particularly regarding effective integration frameworks.
A significant challenge lies on the lack of instruction-tuning datasets for other
modalities like Audio, 3D, and Video, especially for data that involve two or
more modalities simultaneously, making joint modality training a plausible but
resource intensive approach to enable cross-modal reasoning.

In response to the above challenges, we introduce X-InstructBLIP, an ex-
tendable framework - illustrated in Figure [I] and further analyzed in Section [3]-
designed to align various modalities (image, 3D, audio, video) to LLMs, achieving
single-modal reasoning tasks for each modality and enabling cross-modal reason-
ing across three or more modalities. To facilitate this exploration and given the
scarcity of unary instruction-tuning data for a spectrum of modalities other than
the image modality, we introduce a simple yet potent approach in Section [41}
a three-stage-query data augmentation technique to leverage open-source LLMs
to extract instruction-tuning data from captioning datasets.

Our framework explores two state-of-the-art projection mechanisms on frozen
LLMs - a prerequisite for maintaining separate modality training - instruction-
aware Q-Formers [14] and linear projections [48]. Through an expansive eval-
uation on 13 benchmarks across 4 modalities we find that Q-Formers tend to
exhibit higher performance on single modality tasks and versatility in distin-
guishing when to reason in a joint or discriminative manner in the presence of
2+ extra-linguistic modalities. Figure [2] shows illustrative results, highlighting
the capabilities of our framework. To quantify and challenge this emergent ability
we introduce DisCRn in Section [{:2] an automatically curated Discriminatory
Cross-modal Reasoning challenge dataset requiring models to distinguish be-
tween diverse combinations of modalities, such as audio-video and 3D-image.
Our contributions are summarized as follows:

(i) We introduce an extendable framework that aligns Image, 3D, Audio, and
Video to LLMs, and we benchmark its emergent cross-modal reasoning capability
across two projection mechanisms. This framework does not need specific pre-
training tailored to each modality. To the best of our knowledge, this is the
first attempt to demonstrate that discriminative cross-modal reasoning emerges
naturally through individual modality alignment to LLMs.

(ii) We introduce an automatic approach for crafting instruction-tuning datasets
for a variety of modalities, leveraging only readily available captioning data and
open-source language models. Contributing ~ 250k samples for 3D QA data and
~ 24k samples for Audio QA data.

3 Cross-modal reasoning is the ability to integrate and discriminate information from
multiple modalities over text, in contrast to “multimodal reasoning,” traditionally
reserved for vision-language tasks.
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Fig. 1: Despite utilizing distinct pre-trained encoders for each modality and indepen-
dently aligning them to language through individual instruction aware Q-Formers,
X-InstructBLIP demonstrates emergent abilities in cross-modal comprehension.

(iii) We collect DisCRn, the first dataset designed for evaluating instruction-based
cross-modal discriminative reasoning. Which includes ~36k examples across var-
ious modalities such as video, audio, 3D, and images.

2 Related Work

Vision Language Models: Recent years have seen a surge in models capa-
ble of executing a spectrum of vision-language tasks, leading to the creation
of Multimodal Language Models (MLMs). These models align the static vision
and language representations through various techniques, such as unified pre-

training , vision-to-language alignment through tex-
tual feature extraction , vision-encoder optimization , and
linear [16,[36}/48], transformer-based [8,[56,[59], or auto-encoder based projec-

tions [47,89]. More relevant to this work are approaches that learn intermediate
vision-informed language token representations either interleaved in LLM lay-
ers such as in Flamingo and LLaMA adapter or only to the input layer
such as in the BLIP series which employ Q-Former based projections,
LLAVA , and MiniGPT4 which employ linear projections.

Cross-Modal Language Models: Projection-based approaches, initially fo-
cused on images, have recently broadened to encompass audio ,
video , and 3D projections into pre-trained large lan-
guage models (LLMs). This expansion has seen the advent of unified pretraining
frameworks such as mPLUG2 and OnePeace [73], as well as projection-based
methods for enhancing frozen LLMs, like VideoLLaMA and X-LLM ,
which aim to jointly train audio and video processors. Notably, X-LLM focuses
on this integration primarily during the latter stages of training. In a similar
vein, ChatBridge adopts a training approach akin to X-LLM but utilizes a
perceiver-based projection . Audio-Visual LLM follows a similar training
paradigm of a final joint finetuning stage, but instead of maintaining a frozen
LLM, it updates it using LoRA . Our method is set appart by maintaining
independent finetuning throughout and a frozen LLM avoiding the instability in
training due to disparately aligned modality projections. Another line of work,
including ImageBind-LLM , PandaGPT and PointLLM leverages
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allus [here comes the sun] wllwss [nutcracker theme]

Q: Which band plays this famous Q: What is the name of this
song? famous melody?

A: The Beatles A: Waltz of the Snowflakes from
Q: What instrument you hear? the Nutcracker Suite by

A: Guitar Tchaikovsky

'l Q: Which input is more likely to be taking place
st W in aclassroom? Q: Describe the image in detail Q: Describe the image in detail using

eS| 1. Audi i
, "“’“g;,‘ udio A: The image shows a 3d model the corresponding 30 rnodfl. )
- 'l l‘i Az L'\ Q: Which one is taking place in a kitchen? of a white and red animal, which A A 3D model of a white tiger with
) A: Video appears to be a cat or awolfitis red eyes and a long tail, standing on
vl [poem recitation) standing on its hind legs. its hind legs.

Q‘Z What animal s this? Q: How likely is it to hear these sounds in the
A: Cow location depicted in the image?
Q: Using both the audio and the 3d model,
what animal is this?
A: Sheep

A: itis very likely to hear these sounds in the
location depicted in the image

alfw [baa-]

“llws [children laughing]

+ allu [sokyoku] §

Q: Which country am | in? :

A: Japan X Y g
Q: Which country am 1in? A: China Q: Describe the 3D model. Q: Describe the 3D model.
A: 3D model of a cartoon A: 3D model of a triceratops
character with long legs and arms, dinosaur with horns and a long
Q: Briefly describe the video. resembling a monster tail

A: A 3D animation of a computer screen

Q: Describe the image.

A: There are four yellow parrots sitting on a
branch in front of a mesh fence the birds are
perched together and seem to be enjoying each
other's company they are surrounded by green
trees and foliage

Q: What sound is playing in the audio?
A: Music is playing

Q: Given the audio describe the video.
ijus [music beats] A: This is a DJ software screen shot
of a DJ software on a laptop

Fig. 2: Qualitative Examples: X-Instruct BLIP framework effectively handles both uni-
modal and cross-modal tasks without training on joint data.

unified representations such as ImageBind to only implicitly align addi-
tional modalities to LLMs by only training on image-text pairs. Contemporary
works such as AnyMAL and OneLLM have pushed the boundaries fur-
ther by extending the application of projection-based approaches to additional
modalities, such as 3D. Unlike other models that keep the LLM frozen, both opt
to unfreeze the LLM during training. OneLLM adopts a router-based mixture of
experts strategy to learn the mapping between different modalities. In contrast,
AnyMAL focuses on jointly learning a LLaVA-style Projection layer for each
modality during a portion of the training process.

Multimodal Multi-Input Language Tasks: The advancements in single in-
put vision-language tasks have paved the way for the development of tasks ne-
cessitating models to concurrently reason about multiple non-linguistic inputs,
such as engaging in spatial reasoning across multiple images [4], deliberating
over a series of slides [67], responding to queries necessitating cross-modal rea-
soning across images and tables [44], or executing a range of instruction-based
tasks involving multiple image inputs . Despite their complexity, these tasks
operate mostly within the realms of image-text modalities. Even though cross-
modal tasks exist, predominantly requiring models to reason over joint audio
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Fig. 3: Projection types explored in the X-InstructBLIP Framework. (a) is an an in-
struction aware Q-Former projection [14] and (b) is a linear projection [48].

and video [1,/39], there is a gap in the evaluation of models’ generative capabili-
ties in reasoning about cross-modal inputs contrastively. While models are often
optimized on contrastive objectives [10,|11,|28}|33}140%/42,/43L/61], even in cross-
modal settings [20,[25}/58], their evaluation is confined to classification tasks or
utilizing the contrastively learned representations for downstream tasks. To ad-
dress this gap, we introduce DisCRn, a task requiring contrastive reasoning across
cross-modal inputs in an open generation setting, evaluating a model’s ability
to translate features of various modalities from its internal representations to its
generative output distribution.

3 Method

Framework Overview: Figure [I] depicts an overview of the framework’s setup
which extends instruction finetuning for image alignment [14,48] to an arbitrary
number of modalities through independent fine-tuning of modality-specific pro-
jections to a frozen LLM, further broken down in Algorithm [I} X-InstructBLIP’s
alignment framework involves the following steps: (1) For each modality, collect
an instruction tuning dataset suite (x,y) € Dy s.t. = (xpr, 27) is a tuple of a
modality input and text, and y is the expected text output. (2) Let Encys be a
modality encoder to R and Ency be a mapping from text to the LLM’s embed-
ding space R% . Optimize a single separate projection module fé” : R 5 Rkdr
for each modality M on D, while maintaining the parameters of the LLM frozen,
where k is the number of LLM input tokens corresponding to the non-linguistic
input. For sequential data, such as video and audio, we extract N x k query to-
kens; each frame is encoded and processed separately by the projection module.
(8) The model is optimized under a causal language modeling objective [49|:
ming Lcr (LLM(.IILLM), h(y)) where Lcg is the cross entropy loss, 6 the Q-Former
parameters, y is the target sequence, LLM(zy,,Mm) is the LLM’s prediction.

X-Instruct Projection: Figure [3alhighlights all components associated with
learning instruction aware Q-Former projections [14] for multiple modalities.
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Algorithm 1 X-InstructBLIP Optimization Framework

Require: Set of modalities M, each associated with a set of datasets Das, and set of
templates I = {In, : M € M;t € T} for each task t € T

1: for each modality M in M do

2: Initialize modality-specific pre-trained encoder Encas

3 Initialize LLM encoder Encr (tokenize and embed text)

4: Initialize projection f3 : R%M — R*L
5: for each step in number of iterations do
6.
7
8

Sample (z,y) from UDy
Sample iy from Ips, where t is the task mapping x to y

zm < Ency () > Encode input to embedding space
9: wy — fM (zm) > Transform encoded input to LLM embedding space
10: TLLM < wMHEIlCT(Z'M)HEnCT(:ET)
11: Prediction <— LLM(zrrm) > Get LLM’s prediction
12: Loss + Lcg(Prediction, Encr(y)) > Calculate cross-entropy loss
13: 0 <+ 0 — aVgLoss > Update projection parameters

Given a modality M encoding z); = Encps(zps) and task instruction iy €
Ias,, the Q-Former module transforms a set of k& learnable embeddings Qas =
{qns, - - dnry } termed input query tokens into instruction-aware representations
of Q); = QF 1,(Qus, 201, tar)- The Q-Former module consists of two transformer
submodules that share the same self-attention layers: one submodule interacts
with the output of the modality encoder Ency; and the other is a BERT a5
text transformer that serves as both an encoder and decoder. Each Q-Former
is initialized with the pre-trained weights from BLIP-2 [40], without the cross-
attention layers due to a dimension mismatch between the image encoder in
BLIP-2 and the other modality encoders. The modality embedding z,; interacts
with the instruction text ij; and input query tokens Qps via cross-attention
layers inserted every other transformer block, yielding the output query tokens

" which are linearly projected to the frozen LLM’s space through a learnable
projection layer LPj, specific to each modality. Let pf,; the modality prefix,
the example text input, and y the target phrase. With || denoting concatenation,
the LLM mput tokens are: rLLMm = EncT(pr) H LP]W(QG\/[) H EnCT(ijw) || EHCT(I'T)).

X-LLaVA-style Projection: We implement an adaptation of LLaVA’s ar-
chitecture [48] to cater multiple modalities, similarly to the instruction aware
Q-Former. Figure 3D depicts the architecture of this simple projection which
linearly transforms the outputs of the modality encoder directly to the input
embedding space of the LLM. Formally, the model consists of a single linear
projection layer LPj; : Rém —y Rkdiim wwhere dp v is the LLM’s embedding di-
mension. To compare the two projection types we match the number of trainable
parameters for each modality, and maintain the training set-up.
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Fig. 4: Instruction Tuning and Evaluation Datasets: Oval-enclosed and square datasets
are tuning and out-of-domain evaluation datasets respectively. Dashed outline is used
for automatically derived datasets as described in Section

4 Datasets

X-InstructBLIP is optimized and evaluated on a collection of pre-existing and
automaticaly generated datasets succintly presented in Figure [4] discussed in
Section with more details available in the supplementary material. Sec-
tion introduces the Discriminatory Cross-modal Reasoning challenge dataset
DisC% used to evaluate the emergent abilities of X-InstructBLIP (Section [4.2)).

4.1 Fine-tuning Datasets

Existing Datasets: Figure [4 illustrates the datasets utilized for both instruc-
tion tuning and evaluation. A detailed breakdown of the dataset statistics and
formats can be found in the supplementary material. For each dataset in Dy,
the collection of held-in datasets specific to modality M, a modified sampling
strategy from [14] is adopted accommodating a broader range of modalities. The

sampling probability for any given dataset Dy, € Dy is V1D, , with
Saeft... oy 1 V1P Myl

minimal adjustments as justified in the supplementary matierial.

Instruction Data Augmentation: Extracting instruction-aware representa-
tions necessitates diverse instruction-related tasks across all modalities. Notably,
datasets for 3D and audio modalities are marjorly caption-centric. To address
this, we leverage the open-source large language model google/flan-t5-xx1/|79)
to automatically generate question-answer pairs for the 3D and audio modal-
ities from their corresponding captions. The process begins by prompting the
model with captions to generate potential answers. These answers are then used
to prompt the model to generate candidate questions. If the model’s response
to a question, using the caption as context aligns closely with the initial an-
swer, the example is added to our dataset, yielding ~250k 3D examples from

4 The term discriminative reasoning, adapted from [85], refers to the ability to dis-
tinguish between sets of inputs, as opposed to joint reasoning, the synthesis of in-
formation from aligned sources.
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Fig. 5: DisCRn. Given two distinct modality inputs, select which one fits the query.

Cap3D [53] E| and ~24k audio examples from AudioCaps [34]. Details about the
data generation and distribution are provided in the supplement.

4.2 Discriminative Cross-modal Reasoning

X-InstructBLIP offers a distinct emergent ability: reasoning across different
modalities, despite individual modality training. This highlights the model’s ver-
satility and potential scalability across numerous modalities. To study this cross-
modal reasoning capability, we present a Discriminatory Cross-modal Reasoning
(DisCRn) challenge dataset. As shown in Figure [5| the task requires the model
to discern between the properties of two entities across modalities by selecting
which one satisfies a queried property. This task mandates the model to not only
discriminate the inherent characteristics of the involved modalities but also to
consider their relative positioning in the input. This strategic imposition serves
to diminish reliance on simplistic text-matching heuristics, order bias, or poten-
tial deceptive correlations between modalities.

To generate the dataset, we prompt google/flan-t5-xx1 in a Chain-of-Thought
[80] manner to generate a set of properties for each dataset instance. Each in-
stance is then paired with a random entity from the dataset to form a (ques-
tion, answer, explanation) triplet using three examples to leverage in-context-
learning [6]. A pivotal step in this creation process is a round-trip-consistency
check: an example is integrated into the final dataset only when the model’s
predictions on the generated question, given the captions, exhibits a Leven-
shtein distance above 0.9 to the example answer. This refined dataset encom-
passes 8,802 audio-video samples sourced from the AudioCaps validation set,
and 29,072 image-point cloud instances from a reserved subset of 5k point clouds
from Cap3D [53]. Each instance in the dataset is coupled with two representa-
tions corresponding to the captions: (audio, video) from AudioCaps and (point
cloud, images) from Cap3D. Given that the arrangement of the data can be al-
tered, this allows for maintaining a balanced set of answers, not only in terms of
the position of the answers, but also the answer modality. Human performance
on the task stands at 90% indicating its high quality. More details found in the
supplementary material.

5 A subset of 5k point clouds is held-out from Cap3D for the construction of DisCRn
(Section [4.2). This exclusion is maintained both in captioning and QA.
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5 Experiments

We study the effectiveness of X-InstructBLIP as a comprehensive solution for
incorporating cross-modality into pre-trained frozen LLMs. Following a debrief
on the implementation details in Section Section [5.2] verifies the framework’s
competitiveness in individual modality-to-text tasks, and explores its emergent
cross-modal reasoning ability even in the absence of joint optimization.

5.1 Implementation Details

X-InstructBLIP is built on the LAVIS library’s framework [38| atop of the Vicuna
v1.1 7b and 13b models |12|. We adopt EVA-CLIP-ViT-G/14 [18] as the encoder
for image and video, for audio BEATs;ters+ |9] and for 3D ULIP-2 [PointBERT back-
bone] [62]. In the X-Instruct setup, each Q-Former optimizes 188M trainable
parameters and learns K = 32 query tokens with a a hidden dimension of size
768 to select a single best model per modality. Raw inputs undergo standardized
pre-processing prior to encoding. All Q-Formers are pre-initialized with BLIP-2
stage-1 weights [14] except for the video Q-Former which is initialized from the
last iteration of the corresponding image Q-Former. Details on preprocessing
and training hyperparameters for each modality are included in the supplement.
The X-LLaVA-style setup linear projection is uniformly initialized and tuned to
match the number of trainable parameters in X-Instruct.

All models are optimized on 8 A100 40GB GPUs using AdamW |[51] with ;=
0.9, Bo= 0.999, and weight decay of 0.05. The learning rate warms up linearly
over the initial 1,000 steps from 10~% to 1072, followed by a cosine decay to a
minimum of 0. Evaluation hyper-parameters and templates are consistent across
tasks, minimally adapted to each modality as detailed in the supplement.

5.2 Results

Our primary aim is to demonstrate the adaptability of our framework across var-
ious modalities without relying on large-scale pre-training stages or joint modal-
ity data. Nevertheless, to ensure our approach’s effectiveness and comparability,
we juxtapose its performance to other methods that employ projections to pre-
trained frozen or partially frozen LLMs, wherever possible. This serves as a mere
sanity check, verifying that our method is both effective and competitive.

Individual Modality Understanding We evaluate the framework’s perfor-
mance across a range of single modality to text tasks, illustrating its versatility
and efficacy across all four explored modalities. Tables [T} 3] @] and [2] summarize
X-InstructBLIP’s out-domain performance across 3D, audio, image, and video.

3D: Table [I] shows the results on zero-shot classification on ModelNet40 [81]
under two setups: classification in closed vocabulary using loss ranking [42] and
open generation where the model is prompted to describe the 3d model and
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Fig. 6: Analysis on the alignment of X-InstructBLIP representations.

correctness is validated if a single class from the 40 candidates is present in
the generation. In both projection setups, X-InstructBLIP significantly outper-
forms the InstructBLIP baseline, which processes a single view rendering of
the point cloud. Interestingly, the X-Instruct projection setup outperforms not
only the X-LLaVA-style projection but also PointLLM that learns a similar
projection but- unlike this set-up - employs RGB features. It also outperforms
PointBindLLM which trains an adapter on ImageBind image encodings,
and relies to the common embedding space to generalize to point clouds, show-
ing the importance of individual modality encoders in our framework. This is
further bolstered by the TSNE visualization of the ULIP-2, X-Instruct and
LLaVA-style Projection representations in Figure [6a] showing that the LLaVA-
style Projection breaks class separation leading to lower performance of 16.4
and 19.2 points in classification and open generation accuracy compared to X-
Instruct Projection. We further observe, in Figure [6b] a mild effect of relative
alignment between similar classes across modalities since the cosine similarity
of the image and point cloud query outputs of similar classes in Shapenet are
higher compared to dissimilar ones.

Audio: Table [J] shows X-InstructBLIP’s performance in audio classification,
question answering, and captioning tasks on ESC50 7 ClothoAQA , and
Clotho , respectively. Classification is evaluated both in close (cls) and open
generation settings. Both X-InstructBLIP variants outperform ImageBindLLM
in all tasks, potentially suggesting that separate encoders and audio specific
training data are beneficial for audio-to-text alignment. Notably, X-LLaVA-style
Projection outperforms the X-Instruct Projection on Audio QA, while underper-
forming in all other tasks. This is likely due to the low amount of Audio QA data
priming the instruction aware projections to produce a small set of responses.

Image: While no large variations in performance are expected in comparison to
InstructBLIP [14], Table [4] presents results on image captioning, visual question
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answering, MME , and MMVET as a sanity check. While X-InstructBLIP
outperforms InstructBLIP on VizWiz there is a mild drop in performance
overall, likely due to the lack of BLIP2 Stage-2 finetuning, and the expanded
template space which introduces a trade-off of generalization and performance as
shown by the increased prompt robustness of X-InstructBLIP in the supplement.

Silent Video: Table 2] evaluates X-InstructBLIP on out-of-domain video tasks.
We compare performance with prominent baselines that rely on frozen or par-
tially frozen LLMs and show comparable or improved performance on Video
Question Answering (VQA). However, due to the nature of the instruction aware

Close Open PT MSVD VATEX MSVDQA
test val test
Instruct BLIP (7b) 31.4 23.7
InstructBLIP (13b) [14] 31.5 25.5 FrozenBiLM (86 v - - 33.8
Point-LLMv2+4(RGB) (7b) - 32.3 VideoLLaMA 91/ v - - 51.6
Point-LLMv2+(RGB)(13b) |84] - 31.8 InstructBLIP 1 X 87.2 57.6 41.2
PointBind-LLM (7b) 47.3 36.3 X-LLaVA-style Proj. (7b) x 105.3 46.2 49.8
X-LLaVA-style Proj. b) 46.4 30.2 X-Instruct Proj. (7b) X 116.1 59.2 51.7
X-Instruct Proj. (7b) 62.8 49.4 X-Instruct Proj. (13b) X 124.3 52.0 49.2
X-Instruct Proj. (13b) 65.1 50.0

Table 1: Zero-shot 3D classifica- Table 2: Out-Domain Silent Video Results.

tion on Modelnet40 \\ test set. PT denotes video pretraining stage.
ESC50.1056 ESC500pen ClothoAQA  Clotho v1 Clotho v2
Acc. Acc. EM CIDEr SPIDEr CIDEr SPIDEr
ImageBind 66.9 x X X X X X
MWAFM - - 22.2 - - - -
Pengi - - 53.9 64.5 39.6 30.0 32.9 27.1
Kim et. al., 2023 - - - - 19.2 133
ImageBind-LLM (7B) 40.1 27.4 10.31 3.7 5.5 3.2 5.5
X-LLaVA-style Proj. (7b) 67.4 20.3 26.9 25.3 16.6 22.0 14.8
X-Instruct Proj. (7b) 75.9 38.2 21.4 29.4 19.5 26.7 17.8
X-Instruct Proj. (13b) 77.1 34.6 21.7 28.7 18.8 27.5 18.0

Table 3: Out-Domain Audio Quantitative Results.

Flickr30k NoCaps VizWiz GQA MME MMVet

Flamingo 9B 61.5 - 28.8 - - -
= BLIP-2 76.1 107.5  29.8 44.7 1293.8 22.4
£ Instruct BLIP 84.5 123.1  34.5 49.5 1212.8 26.2
£ MiniGPT4 (7bJ) |94] - - - 32.2 1158.6 22.1
¥ LLaVA (7b) [48] 27.7 33.1 - - 717.5 27.4
LLaMA-adapter (13b) 30.5 41.7 - - 1222.0 -
= PandaGPT (13b) 23.0 29.7 - - 871.2 19.6
T ImagebindLLM (7 23.5 30.4 - - 989.3 -
S X-LLaVA-style Proj. (7b) 6.2 22.3 27.7 41.5 866.7 17.0
2 X Instruct Proj. (7b) 82.1 117.7  34.9 48.1 891.8 29.0
% X-Instruct Proj. (13b) 74.7 114.5 36.0 49.2 1174.0 35.1

Table 4: Out-Domain Image Quantitative Results.

Single Modality Quantitative Results. Underlined numbers indicate in-domain eval-
uations. Bold indicates the top zero-shot performance. Blue indicates second best
zero-shot performance. Purple denotes evaluations conducted independently. Models
denoted with 7b and 13b indicate the underlying LLM size. Gray shaded rows corre-
spond to X-InstructBLIP variants, and Yellow to the LLaVA-style model equiva-
lent. CIDEr score is reported for captioning, accompanied by SPIDEr score
for audio captioning and Top-1 accuracy for QA and classification tasks. 1 signifies a
relaxed exact match metric where the ground truth is a substring of the prediction.
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setup, X-InstructBLIP is tuned on other QA tasks, thus having an advantage
over VideoLLaMA [91] and FrozenBiLM [86] even though it lacks video pre-
training (PT). As we show in the supplement, the Video Q-Former component
of X-InstructBLIP, initialized with the Image Q-Former’s weights, reaches con-
vergence in performance remarkably fast, within about 1,000 iterations. For con-
text, VideoLLaMA is pre-trained on the entire WebVideo dataset of 2 million
videos, in addition to BLIP-2 image pre-training. FrozenBiLM, on the other
hand, undergoes two epochs of training on the larger WebVideol0M.

Cross-Modal Joint Reasoning: Despite each modality projection being trained
individually, X-Instruct BLIP shows strong joint modality reasoning, particularly
under the X-Instruct Projection setting. Table [5] demonstrates X-Instruct’s ca-
pability to reason jointly over video (V) and audio (A). Notably, X-Instruct
Proj. (7b) is capable of synergizing inputs, displaying an improvement in per-
formance compared to utilizing a single modality when the model is cued with
different modalities both in MusicAVQA [39] and VATEX [77]. However, this
is not the case for X-LLaVA-style Projection which exhibits the same or lower
performance under such a cross-modal setting.

Cross-Modal Discriminative Reasoning We assess X-InstructBLIP in ex-
ecuting discriminatory reasoning across different modalities using our newly in-
troduced DisCRn benchmark, detailed in Section [£:2] We frame the problem as
a realistic open generation problem. The LLM is prefixed with the instruction:

You are given two inputs. Select exactly one of the two by reference to its

relative position (first or second, left or right) that best answers the question.

Music AVQA test VATEX test A-V Img-3D

A V A+V A A V A+V A Caption Baseline (7b) 30.8 41.8
X-LLaVA-style Proj. (7b) 36.4 34.8 36.4 4.9 46.2 35.5 -10.7 X-LLaVA-style Proj. (7b) 47.1 41.4
X-Instruct Proj. (7b) 13.4 27.2 28.1 1.3 6.7 59.2 60.9 1.7 X-Instruct Proj. (7b) 34.0 48.1
X-Instruct Proj. (13b) 22.7 43.5 44.5 1.0 6.1 52.0 58.2 6.2 X-Instruct Proj. (13b) 45.5 48.8
Table 5: Emergent Joint (A)udio-(V)ideo Rea- Table 6: DisCRN evaluation.

soning. A denotes the difference between joint
modality and best single modality score.

In prompting X-Instruct Proj. (7b) we found that using a Q-Former caption-
ing prompt different from the comparative prompt provided to the LLM model
induces a more general representation that was more applicable for the com-
parative task, as such we employ this approach for the results in Table [f] This
is likely due to the lack of comparative data in fine-tuning since each modality
Q-Former is trained separately. Future work can explore the effect of different
prompts conditioned on different parameters in the instruction-aware training
setup (e.g. data, templates, joint training, and LLM partial or full optimization).
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For the video-audio comparison, we select two frames for each modality to allow
for a more balanced generation influence.

To benchmark our model’s capabilities, we incorporate a robust captioning
baseline by substituting the query outputs with captions corresponding to the
modalities using the Vicuna 7b model. For images, 3D, and video modalities, we
elicit captions by prompting InstructBLIP [14] to Describe the image/video. For
3D, a randomly chosen rendering view of the point cloud is provided to Instruct-
BLIP. For video we follow [14] and sample four frames and concatenate their
output representations as input to the model. For audio we use WavCaps [82].

While the X-InstructBLIP framework produces models that outpefrom the
strong captioning baseline by a significant margin, there is no conclusive remark
on which of the two projection types is more suitable for cross-modal discrimina-
tive reasoningﬂ X-LLaVA Proj. outperforms X-Instruct Proj. on Audio-Video,
likely due to its stronger Audio QA performance also reported in Table [3] For
image-3D the opposite is true, signifying the intuitive result that the individual
modality performance plays a role in cross-modal reasoning abilities. It is worth
noting, however, that X-Instruct Proj. exhibits the ability to switch from dis-
criminative to joint reasoning, by either discriminating or combining the inputs
to generate a response. As seen in Table 5] this is not the case for X-LLaVA style
projections, suggesting that the instruction aware representations might prime
the LLM to respond more aptly to the task in question.

5.3 Ablations

Prefix Effect: We explore the effect of prefixing the modality input with a
modality specific prefix in Table[7] We compare performance of X-Instruct Proj.
(7b) with X-Instruct Proj.no-prefix Which is trained similarly to X-Instruct Proj.
(7b), with the distinction that the modality type is not prepended to the modal-
ity’s LLM input tokens before feeding into the LLM for training and inference.
In both audio and 3D single modality tasks removing the prefix consistently
hurts the performance. This improvement is likely due to the fact that the Q-
Former is relieved from the extra burden to encode the type of modality and
instead reserves bandwidth for semantic information. Including the prefix also
allows the model to learn to combine modalities better as shown by the improved
performance over the single modality for MusicAVQA and VATEX. Initially, it
was theorized that the model’s inability to differentiate tokens corresponding to
each modality, treating them instead as a continuous stream, might be the cause
for this behavior. However, the results from the image-3D cross-modal reason-
ing task where the prefix-less model outperforms the prefixed one by 10 points
challenge this view. It appears that the inclusion of cues may be prompting the
model to encode modality-specific information, which is beneficial in joint rea-
soning scenarios. This specialized encoding does not, however, prime the model

5 It is worth noting that using a small sub-sample of the data we observed that the
task is prompt sensitive, mainly in the language only setting. We leave it to future
work to systematically evaluate the model’s ability on the task based on different
prompts and in-context examples.
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Modality Task X-Instruct Proj. X-Instruct Proj.o prefix
3D Modelnet40 close 62.8 60.9
Modelnet40 open 49.4 46.7
ESC50 close 75.9 67.5
ESC50 open 38.2 36.0
Audio ClothoAQA 15.4 9.9
Clotho v1/v2 29.4/26.7 26.9/24.5
MusicAVQA (A/V/A+V/A) 18.4/27.2/28.1/1.3 8.9/27.3/22.3/-5.0
Audio+Video  VATEX (A/V/A+V/A) 6.7/59.3/60.9/1.7 6.8/59.5/58.3/-1.2
DisCRn 34.0 31.4
Image+3D DisCRn 48.1 57.7

Table 7: Ablation: Prefix Effect

ESC50.1pse ESC500pen ClothoAQA Clotho v1 Clotho v2
X-Instruct Proj. (7b) 75.9 38.2 15.4 29.4 26.7
X-Instruct Proj. (7b)po_ini¢ 70-0 37.8 11.9 29.3 27.4

Table 8: Out-Domain Audio Quantitative Results.

to recognize and process characteristics usually associated with other modalities,
required for enhanced performance in contrastive tasks. The underlying rationale
is that the language model, already tuned to generate modality-relevant outputs,
leads the Q-Former to primarily receive feedback on modality-specific generation
during training, also accounting for the improvements in single modality.

BLIP-2 Initialization We also explore the effectiveness of the BLIP-2 initial-
ization by training the audio Q-Former in X-Instruct Proj. (7b) using a random
initialization approach denoted as X-Instruct Proj. (7b)neinit- Table [8] demon-
strates the benefits of this prior, indicating that it’s possible to integrate new
modalities into our framework without extensive pre-training, since from the
modalities considered, audio is the least likely to benefit from image-text pre-
training. Future research should delve into the effects of modality-specific pre-
training, as they are outside of our scope. The most significant improvement
is observed in question answering, indicating that BLIP-2 weight initialization
appears to enhance instruction awareness more than direct audio-language align-
ment, corroborated by the gap in closed vocabulary classification performance.

6 Conclusion

This study introduces X-InstuctBLIP, a scalable framework for independently
aligning the representation of multiple modalities to that of a frozen LLM demon-
strating competitive results compared to leading methods across all addressed
modalities. The framework exhibits emergent cross-modal reasoning, despite sep-
arate modality training. To test this emergent ability a new cross-modal discrim-
inatory reasoning task DisCRn is introduced to show that the framework yields
models that can outperform strong captioning baselines across all four exam-
ined modalities. Despite the effectiveness of the method, the task remains an
open challenge. We also find complexities and unanswered questions within each
modality, paving the way for future explorations across and within modalities.
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