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Multimodal Large Language Models (MLLMs)

A Multimodal Large Language Model is an Al system that can process, understand, and generate information across
multiple modalities — not just text, but also images, audio, video, documents, and more.

Traditional LLMs (like early GPT models) were unimodal — they only understood and generated text. MLLMs extend this by
integrating other sensory channels, much like how humans naturally combine sight, sound, and language to understand the
world.

At its core, an MLLM must solve three fundamental challenges:
. Perception — How do you encode non-text inputs (images, audio, etc.) into a form the model can process?
. Alignment — How do you bridge the semantic gap between different modalities?

. Generation — How do you produce outputs in one or more modalities?

Output: The image depicts a
rotary phonrne, whichH...

)) What does
this...

Input: Audio Text Images Videos

https://magazine.sebastianraschka.com/p/understanding-multimodal-lims



The Anatomy of an MLLM

Every MLLM, regardless of architecture, consists of some Non-Text Input
combination of these components: (Image, Audio, Video, Senssignals)
[Non-text Input] l

Modality Encoder
(ViT. CNN, Audio, Audio Encoder)
[Modality Encoder] €< encodes raw input into feature vectors * Perception
* Feature extraction

v

v

!

[Projection / Bridging Layer] <« aligns modality features with LLM Projection / Bridging Layer

space (Large Lanquage Modal
" Backkone)
e Attention
[Large Language Model Backbone] < reasons, attends, » Cross-modal reasoning
generates * Planning & generation

. !

Output Head / Decoder
Text generation

Image / Audio gen.
Structured output

[Output Head / Decoder] < produces text, image, audio, etc.

https://magazine.sebastianraschka.com/p/understanding-multimodal-lims



Raw inputs

The Anatomy of an MLLM

Modal encoders

Text

i

I Tokenizer

L BPE / SentencePiece J

Image

™ s
> Patch encoder
ViT / ConvNet

Audio

.
Spectrogram enc.
Whisper-style

W

..

Video

_}r Frame sampler
Temporal patches

..

.

Fusion + reasoning

L Modal projection

Linear / cross-attn
— shared token space |

b

Core LLM

- Audio output

Transformer decoder [

Unified attention

A

Interleaved token sequence
[ text tokens ] [ image patch tokens ] [ audio tokens | — all fed as one flat sequence to the core LLM

Key design challenges

-
Modality alignment
Shared embedding space

-

Context length
Images = hundreds of tokens

Qutputs

Text output
Token sampling

Image output
Diffusion / VQ-VAE

ey

Codec tokens / TTS )

Code output
Structured generation
e —

A

Cross-modal reasoning
Grounding image — text

Examples: GPT-40 - Gemini 1.5 Pro - Claude 3 - Llama 3.2 Vision - Chameleon



The Anatomy of an MLLM

Input encoders translate raw signals

Into vectors.

Text uses a sub-word tokenizer
(BPE or SentencePiece).

Images are split into fixed-size
patches and encoded by a vision
transformer (ViT) or convolutional
network.

Audio 1s converted to a mel
spectrogram and encoded similarly
to how Whisper works.

Video is treated as a sequence of
temporal patches — essentially
images with a time dimension.

Raw inputs Modal encoders Fusion + reasoning Qutputs
Tt —_ Tokenizer
| BPE / SentencePiece |
' ' Text output
_ _ Token sampling
Image 5| Patch encoder
ViT/ConvNet ) Modal projection
T 1 cross-attn | Image output
, inear - gy i
- s \_— shared token space ) il sl J
Audio |5 Spectrogramenc. | |

Whisper-style
| Audio output
L Codec tokens / TTS )

Video 5 Frame sampler | Core LLM
\__Temporal patches ) Transformer decoder
Unified attention

Code output
| Structured generation )

Interleaved token sequence

[ text tokens | [ image patch tokens | [ audio tokens | — all fed as one flat sequence to the core LLM

Key design challenges

Modality alignment Context length Cross-modal reasoning
Shared embedding space . Images = hundreds of tokens | Grounding image - text

Examples: GPT-4o - Gemini 1.5 Pro - Claude 3 - Llama 3.2 Vision - Chameleon



The Anatomy of an MLLM

Modal projection is the critical glue

layer.

Each encoder produces embeddings
1n its own space, so a learnable
projection (usually a small linear
layer or a cross-attention block)
maps them all into the same
dimensionality as the core LLM's
token embeddings.

The result is one flat sequence —
text tokens and image/audio/video
tokens interleaved side by side.

Raw inputs Modal encoders Fusion + reasoning Qutputs
Tt —_ Tokenizer
| BPE / SentencePiece |
' ' Text output
_ _ Token sampling
Image 5| Patch encoder
ViT/ConvNet ) Modal projection
T 1 cross-attn Image output
, inear - gy i
\ s ~ |\ _— shared token space ) \_Diffusion /VQ-VAE )
Audio |5 Spectrogramenc. | |
) Whisper-style ) I
' Audio output
_ _ L Codec tokens / TTS )
Video 5 Frame sampler | Core LLM
\__Temporal patches ) Transformer decoder

Code output
| Structured generation )

Unified attention

Interleaved token sequence

[ text tokens | [ image patch tokens | [ audio tokens | — all fed as one flat sequence to the core LLM

Key design challenges

Modality alignment Context length Cross-modal reasoning
Shared embedding space . Images = hundreds of tokens | Grounding image - text

Examples: GPT-4o - Gemini 1.5 Pro - Claude 3 - Llama 3.2 Vision - Chameleon



The Anatomy of an MLLM

The core transformer then treats this
mixed sequence like ordinary language
modelling.

It has no special awareness that
some tokens came from pixels
rather than words — the modal
alignment learning is baked in
during pretraining and instruction-
tuning.

Raw inputs Modal encoders Fusion + reasoning Outputs
T —_— Tokenizer
| BPE / SentencePiece |
‘ } Text output
_ : : Token sampling
Image 5| Patchencoder |
ViT/ConvNet | L Modal projection
Linear / cross-attn e
) s \_— shared token space ) _ Diffusion / VQ-VAE )
Andio |5 Spectrogram enc. | |
Whisper-style ) i
' Audio output
. L Codec tokens / TTS )
Video —>| Frame sampler | Core LLM
\__Temporal patches ) Transformer decoder

Code output
|_Structured generation |

Unified attention

Interleaved token sequence

[ text tokens | [ image patch tokens | [ audio tokens | — all fed as one flat sequence to the core LLM

Key design challenges

Modality alignment Context length Cross-modal reasoning
Shared embedding space . Images = hundreds of tokens ) L Grounding image - text

Examples: GPT-4o - Gemini 1.5 Pro - Claude 3 - Llama 3.2 Vision - Chameleon



The Anatomy of an MLLM

Outputs are generated by routing the final hidden states
through modality-specific decoders. Text is sampled
normally. Images typically use a VQ-VAE codebook or a
diffusion process. Audio output uses codec tokens (like
EnCodec) or a TTS head.

The three hardest problems in building these systems are:

Modality alignment — getting the projection layer to
produce embeddings that are semantically comparable
across modalities, usually requiring large-scale
contrastive pretraining (CLIP-style).

Context budget — a single image can consume 256—
2000 tokens; video eats far more. Longer sequences
mean higher attention cost (quadratic in the naive case).

Cross-modal grounding — making the model reliably
link a region of an image to specific words in the text,
rather than just knowing about both separately.

Raw inputs Maodal encoders Fusion + reasoning Outputs
Text N Tokenizer
BPE / SentencePiece |
Text output
. Token sampling
Image s  Patch encoder
VIT / ConvNet Modal projection
' Linear / cross-attn Image output
inear : 21Es
) | = shared token space | Diffusion / VQ-VAE
Audio 5 Spectrogram enc.
Whisper-style
| Audio output
- ‘ _ Codec tokens / TTS |
Video s Frame sampler Core LLM
Temporal patches Transformer decoder
Unified attention Code output

Structured generation

Interleaved token sequence

[ text tokens ] [ image patch tokens ] [ audio tokens | = all fed as one flat sequence to the core LLM

Key design challenges

Cross-modal reasoning
Grounding image = text

Modality alignment
Shared embedding space

Context length
Images = hundreds of tokens

Examples: GPT-40 - Gemini 1.5 Pro - Claude 3 - Llama 3.2 Vision - Chameleon



Real-World Applications

These models enable tasks that were previously impossible for single-modality Al:
Image/Video Captioning: Automatically describing visual content in natural language.

Visual Question Answering (VQA): Answering questions about an uploaded image or
document.

Multimodal Search: Finding products or information using a combination of voice, text,
and photos.

Content Moderation: I[dentifying harmful content by analyzing both the text and the
accompanying video or audio cues.

Examples of multimodal models include Gemini from Google, GPT-40 from OpenAl, and
open-source projects like Macaw-LLM.


https://cloud.google.com/use-cases/multimodal-ai

Types of MLLMs by Modality

1. Vision-Language Models (VLMs)
The most common and mature category. Combine
image understanding with language.
Input: Image + Text
Output: Text (or sometimes images)
Examples: GPT-4V, LLaVA, Flamingo, BLIP-2,
InstructBLIP, Qwen-VL, Claude 3/3.5/3.7
Capabilities: Image captioning, visual QA, OCR,
diagram understanding, document parsing, scene
understanding.

2. Audio-Language Models
Process speech or general audio alongside text.
Input: Audio/Speech + Text
Output: Text (or speech)
Examples: Whisper (encoder), AudioPaLM, Qwen-
Audio, Gemini (audio mode)
Capabilities: Speech recognition, speaker
identification, audio event classification, spoken QA.

3. Video-Language Models

Extend vision-language models to handle
temporal sequences of frames.

Input: Video (sequence of frames) + Text
Output: Text

Examples: Video-LLaMA, VideoChat,
TimeChat, Gemini 1.5 Pro (long video),
InternVideo

Capabilities: Video captioning, temporal
reasoning, action recognition, video QA.



Types of MLLMs by Modality

4. Document / OCR-Language Models

Specialized for understanding documents with

rich layout, tables, and mixed text-image content.

Input: Document image + Text
Output: Text

Examples: DocOwl, mPLUG-DocOwl, Donut,
LayoutLMv3, Nougat

Capabilities: Form understanding, table
extraction, invoice parsing, academic paper
reading.

5. Any-to-Any Models (Omni Models)

The most ambitious category — handle any combination
of input/output modalities.

Input: Text, Image, Audio, Video (any combination)
Output: Text, Image, Audio (any combination)

Examples: GPT-40, Gemini 1.5/2.0, UnifiedlO,
AnyGPT, CoDi

Capabilities: End-to-end multimodal conversation, real-
time voice+vision interaction.



Common approaches to building multimodal LLMs

There are two main
approaches to building
multimodal LLMs:

e Method A: Unified
Embedding Decoder
Architecture approach;

* Method B: Cross-
modality Attention
Architecture approach.

Method A: Unified Embedding Decoder Architecture

GPT-like LLM

Image patch embeddings

O000 000

Apply image —____ ]‘

encoder and

/ Text token embeddings

GPT-like LLM

Image patch embeddings

Apply image encoder
and projection

Method B: Cross-Modality Attention Architecture

AN

N -
/-
)

I L Apply tokenizer and embedding layer

projection u Describe the image

000

/ Text token embeddings

I/ Apply tokenizer and embedding layer

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims

Describe the image



Method A: Unified Embedding Decoder Architecture

Method A: Unified Embedding Decoder Architecture

« The Unified Embedding-Decoder

Architecture utilizes a single decoder
model, much like an unmodified LLM EP-like LLM
architecture such as GPT-2 or Llama
3.2 i

* In this approach, images are converted T
into tokens with the same embedding S pi—
size as the original text tokens,
allowing the LLM to process both text "~ atemion
and image input tokens together after U d@ P
concatenation. N> [ oropon )

1 I

Image patch embeddings |

OO0 OOOo

Apply image \T T/ Apply tokenizer and embedding layer
encoder and

projection Describe the image
A

/ Text token embeddings

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims



Tokenizing text and converting it into token
embedding vectors

e For atypical text-only LLM (Those are passed to the LLM)
that processes text, the s n $ A
text input is usually Textembeddings —, () () () ()
tokenized (e.g., using t ? y ?
Byte-Pair Encoding) and

Embedding layer
then passed through an
embedding layer, as ¢ $ T
shown in the figure This  is  some text

T

“This is some text”

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims



Understanding Image encoders

e Analogous to the (I
tokenization and
embedding of text, image
embeddings are generated
using an image encoder nage

: encoder
module (instead of a
tokenizer), as shown in the
figure below.

N

Image patch
embeddings

T

\ -
ooy P |
4

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims



Understanding Image encoders

e What happens inside the image

Class i for
encoder shown above? To process an pos ‘—
. . . . - dog 4
image, we first c?I|V|de |t|r'1to smaller Tooolelelealalalall
patches, much like breaking words into T S S T Lt |

: C mage

subwords during tokenization. These areader
patches are then encoded by a OOOOOOOOOO

Lnonon hon oo om g

Linear projection

pretrained vision transformer (ViT), as
shown in the figure

T
e Note that ViTs are often used for B SHnER
classification tasks, so | included the \_ ! J
classification head in the figure above. \ b
4 — WEN

However, in this case, we only need
the image encoder part.

A

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims



The role of the linear projection module

e The "linear projection" shown in the previous figure consists of a single linear layer (i.e., a fully connected
layer). The purpose of this layer is to project the image patches, which are flattened into a vector, into an
embedding size compatible with the transformer encoder. This linear projection is illustrated in the figure

below. An image patch, flattened into a 256-dimensional vector, is up-projected to a 768-dimensional
vector.

Patch projected to

Linear layer 768 dimensions
projecting from
256 to 768 /

dimensions ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )

|

?RPPPY
ZE M E B WS AN S E

16X16 pixel patch

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims



Image vs text tokenization

An

additional projector module
that follows the image
encoder. This projector is
usually just another linear
projection layer that is similar
to the one explained earlier.

The purpose is to project the
image encoder outputs into a
dimension that matches the
dimensions of the embedded
text.

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims

Image patch
embeddings rescaled to
match the text

embedding dimension The projector ensures that the text
\ embeddings have the same dimension
as the image patch embeddings

kN

(Those are passed to the LLM)

L R S | tot |
C J( ) ( ) ) O D D D/ Text embeddings
7 I N R
embeddings

ol ————— t ot ot ot

encoder This is  some  text

S Tokenizer

T

“This is some text”

Image encoder takes the role of
the tokenizer + embedding layer



Method A: Unified Embedding Decoder Architecture

e Now that the image patch
embeddings have the same
embedding dimension as the
text token embeddings, we can
simply concatenate them as
input to the LLM.

e The image encoder we discussed
in this section is usually a
pretrained vision transformer. A
popular choice
is CLIP or OpenCLIP.

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims

Method A: Unified Embedding Decoder Architecture

GPT-like LLM

Masked multi-head
itiof

attention
‘ LayerNorm 1 '
[y

4

Image patch embeddings

0000 000

Apply image \T T e Apply tokenizer and embedding layer

/ Text token embeddings

encoder and

projection ‘ Describe the image
-
https:/ u


https://github.com/openai/CLIP
https://github.com/mlfoundations/open_clip

Fuyu multimodal LLM that operates directly on the image patches without
image encoder

e there are also versions of Method A that operate directly on patches, such as Fuyu,
which is shown in the figure below.

W (] (=] (Fon] (persmmen] .

Input image

Fuyu

Transformer Decoder

--- \n --- \n --- n EDEE

ida EEB Er

Linear projection

Image patch

Input image patches are fed
directly into an embedding layer


https://www.adept.ai/blog/fuyu-8b

Method B: Cross-Modality Attention Architecture

In the Cross-Modality Attention
Architecture method depicted in the
figure above, we still use the same
image encoder setup we discussed
previously.

However, instead of encoding the
patches as input to the LLM, we
connect the input patches in the
multi-head attention layer via a
cross-attention mechanism.

In the context of multimodal LLM,
the encoder is an image encoder
instead of a text encoder, but the
same idea applies.

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims

Method B: Cross-Modality Attention Architecture

GPT-like LLM

Cross-attention

Image patch embeddings

Apply |mag
d projec t ion

\CJ

u\ O
— e
S R\S===t

Decoder

| / Text token embeddings

-

T/ Apply tokenizer and embedding layer

Describe the image



Regular self-attention mechanism

e xistheinput,and W isa
weight matrix used to
generate the queries (Q).
Similarly, K stands for keys,
and V stands for values. A
represents the attention
scores matrix, and Z are the
inputs (x) transformed into
the output context vectors.

hitps://magazine. sebastianraschka.com/p/understanding-multimodal-lim:

Embedding

size

d

e —

Regular self-attention

number

of tokens X




In cross-attention, in
contrast to self-attention,
we have two different input
sources, as illustrated in
the following figure.

As illustrated in the previous
two figures, in self-attention,
we work with the same input
sequence. In cross-attention,
we mix or combine two
different input sequences.

hitps://magazine sebastianraschka.com/p/understandi

Cross-attention

Cross-attention

Embedding
size

number

of tokens n| X

number
of tokens ml X

/m

*new*

dq
A,
_I W ——|| Q
"
'dq'
dk:dq
4+
m
y.
new* d,
d, N
—| W | v
m




Unified decoder and cross-attention model training

Similar to the development of traditional
text-only LLMs, the training of multimodal
LLMs also involves two phases: pretraining
and instruction finetuning.

However, unlike starting from scratch,
multimodal LLM training typically begins
with a pretrained, instruction-finetuned
text-only LLM as the base model.

For the image encoder, CLIP is commonly
used and often remains unchanged during
the entire training process

Keeping the LLM part frozen during the
pretraining phase is also usual, focusing
only on training the projector—a linear
layer or a small multi-layer perceptron.
Given the projector's limited learning
capacity, usually comprising just one or two
layers, the LLM is often unfrozen during
multimodal instruction finetuning (stage 2)
to allow for more comprehensive updates

Usually initialized
with random
weights and
trained

D D D D Attention Architecture
tt ot

Method B: Cross-Modality

Usually initialized
with an instruction-
finetuned LLM and
frozen during
pretraining, and later
unfrozen during
multimodal

Projector

[

instruction-finetuning

Method A: Unified Embedding
Decoder Architecture

bt
) (U 0000
bt

Embedding layer

Image
encoder e F 1 1
This is  some text
Usually a pretrained
vision transformer Tokenizer
(like CLIP) and frozen
during the entire
training T

“This is some text”

https://magazine. sebastianraschka.com/p/understanding-multimodal-lims



Method A: Unified Embedding Decoder Architecture vs
Method B: Cross-modality Attention Architecture

Which method is more effective. The answer depends on specific trade-offs.

e The Unified Embedding Decoder Architecture (Method A) is typically easier to
implement since it doesn't require any modifications to the LLM architecture itself.

e The Cross-modality Attention Architecture (Method B) is often considered more
computationally efficient because it doesn't overload the input context with
additional image tokens, introducing them later in the cross-attention layers
instead. Additionally, this approach maintains the text-only performance of the
original LLM if the LLM parameters are kept frozen during training.



Recent multimodal models and methods

* Recent multimodal models are converging toward a few

core capabilities:

unified text-image-audio-video reasoning,
long-context memory,

agent/tool use,

real-time interaction,

and native multimodal generation



Frontier Multimodal Models

GPT-4.1/ GPT-5

Key characteristics:
. text+image + toolintegration,
. extremely long context windows,

. strong coding and instruction following,

. increasingly agentic workflows.

GPT-4.1 introduced:

. 1M-token context,

« better multimodal reasoning,

. stronger code synthesis. (TechCrunch)

GPT-5 expands toward:

. unified reasoning systems,

. stronger multimodal planning,

. integrated tool execution,

. persistent agent behavior. (Wikipedia)

OpenAl trend:
moving from “chat model” > “general
multimodal agent.”

Resources:

« OpenAl GPT Models

Text

Image™®¥

GPT-4V

Audio"®W

Documents

more
modalities...

Text

Image™*¥
(Dall E-3)

Audio"*W
(Mobile app)

Diagrams
(Advanced
Analytics &

Plugins)

Multi-Modal Input

LLM-based Semantic Understanding

Multi-Modal Output



https://techcrunch.com/2025/04/14/openais-new-gpt-4.1-models-focus-on-coding/?utm_source=chatgpt.com
https://en.wikipedia.org/wiki/GPT-5?utm_source=chatgpt.com
https://openai.com/index/openai-api/?utm_source=chatgpt.com
https://openai.com/index/openai-api/?utm_source=chatgpt.com

Frontier Multimodal Models

Gemini 2.5 Pro / Gemini 3 family
Google’s Gemini line emphasizes:
. native multimodality,

. huge context windows,

. video understanding,

. spatialreasoning.

Notable directions:

. multimodal chain-of-thought,
. native video/audio processing,
. cross-modal retrieval,

. real-time interaction.

Video Processing

Gemini 2.5 Pro became notable for:

° St ro n g rea S O n i n g, * Up to 90-minute videos

« Visual frames analysis

* Audio track processing

« high-context processing, S I —
« Content summarization
« multimodal performance parity with top models. (TechCrunch) £S04 doin

Community benchmarks in late 2025 highlighted Gemini 3 Pro as
especially strong in:

Document Processing

. video reasoning,

* PDF parsing (1000+ pages)
« Table extraction

° Spatial understanding, » Form data extraction

* Multi-page analysis

. visual benchmarks. (Reddit) S SHEON o

+ JSON output format

Resources:
« Google DeepMind Gemini

Audio Features

+ Speech recognition

* Audio transcription

+ TTS generation

* Muttilingual support

« Voice activity detection

+ Sound classification

Real-time API

* WebSocket streaming
« Live video input
+ Audio streaming
* Low latency response
+ Combined tools

+ Multi-turn conversation

Common encoders

Separate decoders

Image Analysis

* Object detection

* Scene understanding
* Image generation

*» OCR text extraction

« Visual reasoning

» Style analysis

Large Context

* 1-2 million tokens

* Entire codebases

* Multiple documents

* Long video content

* Extended conversations

» Cross-reference analysis



https://techcrunch.com/2025/04/14/openais-new-gpt-4.1-models-focus-on-coding/?utm_source=chatgpt.com
https://www.reddit.com/r/singularity/comments/1pf6nd6/gemini_3_pro_vision_benchmarks_finally_compares/?utm_source=chatgpt.com
https://deepmind.google/technologies/gemini/?utm_source=chatgpt.com
https://deepmind.google/technologies/gemini/?utm_source=chatgpt.com

Frontier Multimodal Models

Claude Opus 4 / Claude Sonnet 4.x

Anthropic’s direction:

. long-horizon reasoning,

. safe agentic execution,

. coding,

.« computer-use workflows.
Claude 4.x models are especially
associated with:

. tool-augmented agents,

. “computer use,’

. software engineering tasks,

. enterprise reliability. (TechRadar)
Anthropic strongly emphasizes:

. constitutional Al,

. alignment,

. controllable autonomy.
Resources:

. Anthropic Claude

1. WHAT IS CLAUDE?

\ 0.4

» Claude is a generative Al chatbot /
Large Language Model (LLM)
developed by Anthropic.

+« Named after Claude Shannon,
father of information theory.

CLAUDE (Modern Al)

2. KEY FEATURES

g » Natural Language Processing
(human-like text)

L

» Multimodal: Text + Images
» Long Context Window

« Safety-Focused &
Ethical Design

3. HOW DOES IT WORK?
i[2

Based on Transformer Architecture

(Deep Learning Model)
4
.l ) Trained on massive datasets

(books, websites, code, etc.)

Predicts next word / token
to generate coherent responses

/.
-

* Reduces harmful outputs.

4. CONSTITUTIONAL Al (UNIQUE APPROACH)

+ Claude follows a set of predefined ‘
m * Improves transparency.

+ Self-correction mechanism,

ethical principles (constitution).
Important for Al Governance & Ethics (GS-3 / GS-4)

5. APPLICATIONS

« Education (notes, tutoring)
« Governance (policy drafting, summarization)
+ Judiciary Support (legal research}

N Healthcare Assistance

» Content Creation & Communication

=
m
&

®
¢

6. ADVANTAGES

+ Improves productivity
O + Handles large-scale data analysis

+ Supports decision-making

+ Enhances access to information

7. CONCERNS / CHALLENGES

+ Biasin Al models
» Misinformation / Hallucination
« Data privacy issues

» Job displacement

» Ethical concerns & misuse

\. 7
8. RELEVANCE (UPSC ANGLE)
T

GLOBAL &
+ Alrace: US vs China
» Key players: OpenAl,
Google, Anthropic
+ Al regulation & safety
a global priority

INDIA
+ Focus on Responsible Al
+ Digital Public Infrastructure

+ Initiatives: IndiaAl Mission,
Data Protection Laws

9. ETHICS DIMENSION (GS-4)

+ Accountability of Al decisions
g + Transparency & Explainability
+ Human oversight is critical

+ Prevent misuse & ensure fairness

>
|

10. CONCLUSION

=
]

Claude represents the next generation of safe and aligned Al systems, highlighting a shift from
mere capability to responsibility in artificial intelligence. For UPSC, it is relevant in technology,
governance, and ethics, especially in the context of Al regulation and global competition.

KEY TAKEAWAY
Powerful Al

+ Responsible Use
= Inclusive Future

https://www.vaidicslucknow.com/current-affair/what-is-claude-what-is-large-language-model-lim/


https://www.techradar.com/ai-platforms-assistants/claude/anthropics-claude-sonnet-4-5-is-available-now-the-best-ai-model-in-the-world-for-real-world-agents-coding-and-computer-use?utm_source=chatgpt.com
https://www.anthropic.com/claude?utm_source=chatgpt.com
https://www.anthropic.com/claude?utm_source=chatgpt.com

Frontier Multimodal Models

() Sponsored by Macro - your Al Twitter ghostwriter

Claude Code Agents

Discover powerful Al agents to enhance your development workflow

A COde agent |S an Al Click any agent to get started with ready-to-use prompts
system that can:
* Understand coding

tasks from natural Bosivess & Ansivice i) || Aramwavaion B
language
* Plan multi-step
solutions o N R & R
* Write and m0d|fy Product Strategist Growth Engineer User Researcher
code
* Execute tasks
(sometimes via tools
or APIs)
. Iterate based on ¢ Product Strategy | Product Strategy <>  Development
Revenue Optimizer Market Analyst System Architect

feedback or errors



Open-Source Multimodal Models

Qwen2-VL Gemma 3

Strong open multimodal family: Google’s lightweight multimodal open models:
. OCR, . localinference,

« Vvisual grounding, . efficient deployment,

« multilingual understanding. . image-text reasoning. (LumiChats)

Llama 3.2 Vision Mistral Small 3.1

Meta’s multimodal extension of Llama: Focus:

. image understanding, . efficient multimodal inference,

. mobile deployment, . open deployment,

. open ecosystem focus. . compact architecture. (LumiChats)


https://lumichats.com/models?utm_source=chatgpt.com
https://lumichats.com/models?utm_source=chatgpt.com

Important Recent Methods

1. Vision-Language Models (VLMs)
Core paradigm:

. encode images/video,

. fuse with language representations,

. autoregressively reason/output text.

Examples:

. GPT-4o0,

. Gemini,

. Qwen2-VL,

. Claude Vision.
Key advancement:

unified token spaces for text + vision.

2. Mixture-of-Experts (MoE)

Used heavily in frontier models.

|dea:

. activate only subsets of parameters,
. scale efficiently,

. improve specialization.

Benefits:

. lowerinference cost,

. better scaling,

. modular specialization.



Important Recent Methods

3. Retrieval-Augmented Generation (RAG) 4. Agentic Tool Use

Still foundational. Very important recent direction.

Modern multimodal RAG includes: Models increasingly:

. . . browse,
. image retrieval,

. write code,
. call APls,

. videoretrieval,

. document grounding, . manipulate GUIs

- multimodal embeddings. . orchestrate workflows.
Trend: Connected technologies:

from “chatbot memory” > “multimodal knowledge . Model Context Protocol,

systems. . tool calling,
. computer-use agents,

. autonomous planning.



Important Recent Methods

5. Native Audio Models

Recent systems increasingly integrate:

speech recognition,

speech synthesis,

emotional prosody,

real-time dialogue.
Shift:

pipeline systems > end-to-end speech
models.

6. Video Understanding & Generation
Major 2025 trend.
Capabilities:
temporal reasoning,
procedural understanding,
long-video comprehension,
video generation.
Strong activity from:
Google,
OpenAl,
Runway,
Pika,
Kling.



Multimodal Chain-of-Thought
Models reason across modalities:

. inspectimage,
. inferrelationships,

. produce intermediate reasoning,
. solve tasks step-by-step.

Embodied Al

Integration with:

. robotics,

. Simulators,

. desktop control,

. physical-world agents.
Important for:

. humanoid robotics,

. autonomous assistants.

Research Trends

World Models

Increasing focus on:

. temporal prediction,

. physical simulation,

. latent environment modeling.
Important labs:

. DeepMind,
. NVIDIA,
. TJesla,

. OpenAlresearch.

Benchmark Trends

Recent evaluations show:

. reasoning models outperform specialists on many generalized tasks,

. butstill lag specialized CV systems in precise geometric perception. (arXiv)
Models now achieve:

. near-expert performance on professional exams,

. strong multimodal medical reasoning,

. advanced coding performance. (arxXiv)


https://arxiv.org/abs/2507.01955?utm_source=chatgpt.com
https://arxiv.org/abs/2506.02987?utm_source=chatgpt.com

Current Architectural Direction

The field is converging toward: The major competitive axes now are:
Unified Multimodal Foundation Model . reasoning quality,

* multimodal grounding,

Tool Use / Agents context length,

+
inference speed,

Long Context Memory s
agent reliability,
+

. safety/alignment,
Retrieval Systems

.\ deployment efficiency.

Real-Time Interaction



Current Architectural Direction

Multimodal capabilities have become standard across frontier models, and efficiency improvements are
delivering GPT-4-level performance at dramatically lower costs. A few forces are shaping the space:

Reasoning + vision fusion: Models now combine visual perception with chain-of-thought reasoning
rather than treating them separately.

Agentic use: Visual agents that can operate Uls, read screenshots, and take actions are becoming
practical.

Open-source closing the gap: Open-weight families like DeepSeek-V3.2 and Qwen3 are narrowing
the gap with closed models at a fraction of the cost.

Specialization: Domain-specific multimodal systems for medical imaging, scientific research, and
document processing are maturing alongside general-purpose models.

No single model dominates every task — the best choice depends on whether you prioritize video
understanding (Gemini), agentic coding (Claude), versatility (GPT-5.5), or cost efficiency (open-source
options).



THANK YOU FOR
YOUR ATTENTION
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