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Abstract—Multimodal foundation models represent a novel
field of artificial intelligence that is gaining a lot attention and
has a lot of potential in many application domains. In this work,
we present how to build a generative AI showroom for single- or
multimodal foundation models, which allows for the exploration
and demonstration of the capabilities of these models. It provides
a platform for users to interact with and understand the potential
applications of generative Al technology across different modali-
ties such as text, image, and audio. By showcasing the capabilities
of these models, it helps in fostering innovation, collaboration,
and understanding within the AI community. Additionally, the
generative Al showroom serves as a valuable educational resource
for both researchers and non-technical individuals, helping to
bridge the gap between academia and industry. We provide
details on the architecture and design decisions and present the
showroom’s features, performance and extensibility.

Index Terms—ILMMs, LLMs, foundation models, showroom,
LLMOps, model serving

I. INTRODUCTION

In the last years, generative Al and foundation models
have gained a lot of attention, especially since ChatGPT
was released. Foundation models were adopted first in the
Natural Language Processing and Understanding (NLP/NLU)
domain [1]. Nowadays, the interest has spread across a lot
of other domains, hence showing the huge demand for foun-
dation model-based Al solutions. Today, there are a lot of
artifact types available. Closed-source foundation models and
generative Al services are typically released via commercial
APIs or in public cloud environments, whereas the open-
source counterparts are made available via checkpoints on
platforms such as, e.g., Hugging Face!. In both cases, a
high-performance and cost-effective provisioning of GenAl
services is difficult and production-ready on-premise solutions
are not available (as of today). In this work, we outline
how to structure and build a self-contained and on-premise
platform for inference with multimodal (text, image, audio,
embeddings and combinations thereof) foundational models
to comply with aspects of data privacy, access management,
trustworthiness, IT security, and — perhaps most importantly
— usability for a broad range of downstream research as well
as business scenarios. We give an overview on other existing
platforms and demos, demonstrate the features and use cases
of our foundation model showroom, and present our technical
architecture and design decisions. Our instance is actively used

Uhttps://huggingface.co/

by Al researchers and in workshops for companies just starting
with adopting GenAl for their businesses.

II. RELATED PLATFORMS AND DEMOS

In prior work, we already presented an NLU showroom for
demonstrating NLU features like semantic similarity, entity
linking, etc. [2]. Here, we now focus on related platforms and
demonstrations of foundation models. Today, many platforms
for accessing large language models and more general founda-
tion models are available. Among them are, e.g., the following:

« OpenAI%: The most popular platform providing ChatGPT,
several versions of GPTs, DALL-E and Sora for text,
image and video generation as a service based on closed
source models (non-public).

e Amazon Bedrock playgrounds®: A platform for testing
inference on different models before using and deploying
them in an application (non-public). On top, PartyRock*
provides a code-free playground for building Al apps
based on Bedrock.

o NVIDIA Al Playground’: This playground allows testing
models from a catalogue via an individual demo UL

o Databricks AI Playground®: Playground to test, prompt
and compare different LLMs (non-public).

o Vercel Al model comparison’: This platform is cen-
tered around an SDK for comparing different models
that also targets simple development of Java-/TypeScript
interfaces.

o Hugging Face: one of the largest collections of open-
source models, including an inference API and a UI for
testing individual models.

Besides platforms where models are actually hosted, there
are also some platforms which are just gateways to other
providers or models, such as Kong Al Gateway and MLflow
Deployments Server. These gateways aim at simplifying the
comparison and replacement of LLMs by providing a more
unified interface. Kong Al Gateway® currently supports the

Zhttps://openai.com/
3https://docs.aws.amazon.com/bedrock/latest/userguide/playgrounds.html
“https://partyrock.aws/

Shttps://www.nvidia.com/en-us/research/ai- playground/
Shttps://docs.databricks.com/en/large-language- models/ai- playground.html
"https://sdk.vercel.ai/
8https://docs.konghq.com/gateway/latest/get-started/ai- gateway/
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providers OpenAl, Cohere, Azure, Anthropic, and some self-
hosted models. A gateway that can be set up locally in minutes
is the MLflow Deployments Server®, where the providers'® are
specified by a simple configuration file.

It should be noted, however, that the list of platforms is
incomplete and rapidly changing. The capabilities of these
platforms are constantly changing, too, and due to the fast-
paced community, the snapshot described here is likely to be
outdated soon.

III. SHOWROOM FEATURES AND EXTENSIBILITY

Our showroom for foundation models (named “Fountain”)
provides a platform to demonstrate the versatility and capabil-
ities of advanced Al systems in an integrated and interactive
way, thereby enhancing understanding and trust in potential
applications. It includes a variety of self-hosted models with
different modalities, listed in Table I. In addition to these
models, some models from OpenAl and a specific Azure
OpenAl instance are also available.

We currently support the modalities t2t, t2e, t2i, t2a, a2t,
where t, e, i and a stand for text, embedding, image and
audio, respectively. t2t covers any LLM, t2e embeds text in a
vector space and is thus important for retriever systems, and t2i
allows for image generation models such as Stable Diffusion
(open-source competitor of Midjourney and DALL-E). The
modality t2a can be used for speech synthesis models, while
a2t covers speech recognition models, transcription models
and audio chatbots. We encountered a large palette of common
use cases for models of the latter type, such as quickly
formulating longer text passages such as letters or project
reports without a keyboard or transcribing meetings. We have
previously included the true multimodal models CLIP [8] and
FLAVA [9] for vision-text alignment in our platform, but
removed them in favor of other requested LLMs.

The modalities correspond roughly to the tabs in the user
interface shown in Figure 1 - the only exception being t2e
models, which we deemed not relevant for inclusion in the
user interface, and only made them accessible via an APIL.
This API is another key element of the platform and described
in detail later in Section IV-B3. The main benefit of provid-
ing a dedicated API is its extensibility: It allows for larger
workloads and in general much more traffic inside the system.
Moreover, applications can be easily built on it. Many tools
and frameworks are now available to incorporate Foundation
models in software systems, or in general to operationalize
them. Often, the first step is to wrap specific API calls to a
model inside of derived class of a specific framework, such as
Langchain or Llamalndex for LLMs — just to name two of the
most prominent and mature ones. After this rather simple step,
the development of the remaining LLM-based application is
almost identical as in the case that commercial LLM providers
are used.

%https://www.mlflow.org/docs/latest/llms/deployments/index.html

Ocurrently supported: OpenAl, MosaicML, Anthropic, Cohere, PaLM,
Azure OpenAl, AI21 Labs, Amazon Bedrock, Mistral, and self-hosted models
via HuggingFace TGI and models served via MLflow’s model servers
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IV. TECHNICAL ARCHITECTURE AND DESIGN DECISIONS
A. Requirements

To deploy our platform, the basic requirements are a host
machine with Docker and moderate CPU requirements, capa-
ble of hosting the databases, the Identity Access Management
(IAM) system, API, and frontend (no GPUs are required for
this machine). Typically, the most expensive requirement is a
(in our setting separate) machine with a relatively recent GPU.
Depending on the models and model backends to be used, we
would recommend at least one GPU that is capable of hosting
the required Foundation models without any quantization. In
case of up to four 7B parameter models, a single NVIDIA
A100 or H100 GPU is more than sufficient. With the use of
quantization techniques, even less GPU capacities can suffice.

In principle, one can use different machines for different
components, such as databases, webservers and backends. We
decided to only separate the model backends and the JAM
from everything else. This simplifies secure communication,
as not all requests leave the host machine.

A Kubernetes-based deployment is possible, too, but prob-
ably less interesting in many scenarios as setting up a Ku-
bernetes cluster is much more complicated in an on-premise
setting than setting up Docker.

B. Overall Architecture

The overall architecture is shown in Figure 2 and described
in detail in the following.

1) User interface: The user interface is built on top of
Gradio' and mounted inside a FastAPI application server. It
provides different tabs for Text Generation, Automatic Speech
Recognition, Speech/Voice Synthesis and Image Generation,
see Figure 1. In each of these tabs, the user can select from a
list of models with suitable modality and interact with them.
The frontend communicates with the IAM for authentication
and with the API for the model access and inference.

2) Backend: The model backends are defined by nodes,
which themselves consist of an identifier, a host address (with
port), and a type. The type declares the interface that the
model backend provides. Typical choices are kserve, tgi or
openai, where the first one refers to the widely used kserve
protocol'®, tgi refers to the API provided by HuggingFace’s
Text Generation Inference'’, and openai refers to any API
that is compatible with the one provided by OpenAl (including
Azure OpenAl). Depending on the specific needs and model
backends used, more types can be added as required. Currently
only kserve is used for models with modalities other than
text and embedding.

A node corresponds to a serving backend, which can serve
a single or multiple models. For example, if HuggingFace’s
TGI is used, then one node serves exactly one model. Other
model serving backends, such as the NVIDIA Triton Inference

htps://www.gradio.app/

16https://github.com/kserve/kserve/blob/master/docs/predict-api/v2/
required_api.md

7https://huggingface. github.io/text- generation-inference/
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TABLE I
MODELS CURRENTLY ACCESSIBLE IN THE GENAI SHOWROOM

Model Ref. | Input Output
Meta’s Llama 2 13b & 70b chat [3] text text
Mistral AI’s Mistral-7B-Instruct-v0.2 [4] text text
MistralAI’s Mixtral-8x7B-Instruct-v0.1 I text text
StabilityAI’s Stable Diffusion SD-XL 1.0 [5] text image
OpenAI’s Whisper-large-v3 [6] audio text
primeLine’s Whisper-large-v3-german 12 audio text
NVIDIA’s FastPitch (en-US) [7] text audio
Meta’s MMS text-to-speech model (German) 13 text audio
SentenceTransformers all-mpnet-base-v2 1 text embedding
——
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In today’s fast-paced and ever-changing business environment, companies are constantly seeking ways to improve efficiency and

Model metadata M productivity while reducing costs. One tool that has emerged as particularly valuable in this regard is large language models (LLMs).

LLMs are artificial intelligence systems designed to process and analyze vast amounts of natural language data, enabling them to
generate human-like responses to a wide range of queries and tasks.

One key advantage of LLMs is their ability to automate routine and repetitive tasks, freeing up employees to focus on more high-

level and strategic activities. For example, LLMs can be used to quickly and accurately translate documents into multiple languages,
summarize long reports, or even compose emails and other communications. This not only saves time but also reduces the risk of
errors and improves consistency across all communication channels.

as Mistral

System prompt (optional, not supported by some models such

Another important benefit of LLMs is their ability to provide instant access to information and insights. By analyzing large datasets
and identifying patterns and trends, LLMs can help businesses make informed decisions in real-time. This enables organizations to

respond quickly to changing market conditions and stay ahead of the competition.

Overall, the use of large language models in modern work environments is becoming increasingly common and essential for

businesses looking to remain competitive and efficient. With their ability to automate routine tasks, provide instant access to

information, and improve consistency and accuracy across all communication channels, LLMs offer a powerful tool for improving

4 productivity and driving growth

Fig. 1. GenAl Showroom User Interface

Server, are capable of serving multiple models with indepen-
dent interfaces simultaneously. Note that the NVIDIA Triton
Inference Server follows the kserve protocol, but provides
many useful extensions to it. Among them are extensions for
dynamically (un-)loading models, streaming, and binary in-
/outputs. Additionally, the option to integrate TensorRT-LLM
engines into the Triton Inference Server received attention for
its outstanding inference performance's.

External providers are a special kind of node and there
is exactly one node for OpenAl and Azure OpenAl. We
could incorporate other external providers, but typically the
implementation of an adapter per provider is necessary.

3) API: The API server is implemented in Golang. It
provides clients with a standardized interface to the various
node protocols as described in Section IV-B2 by adapting
the inference requests. It supports inference requests for all
modalities listed in Section III. In addition, all inference
requests can be executed synchronously or asynchronously.
Asynchronous requests are placed in a queue (one queue per
model) and processed successively in order to control resource
consumption. The inference results are kept in a cache until

8see https://github.com/premAl-io/benchmarks for a comparison with

other inference engines
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they are retrieved by the user or the retention policy takes
effect. The overhead caused by the API in comparison to the
direct use of the nodes is in the sub-millisecond range. For
a dynamic configuration of the accessible models, additional
admin capabilities are CRUD options for both nodes and
models, thus supporting faster access to the newest models.

4) Security and Access Management: We use SSL/TLS for
the inter-network communication. If a node does not support
https out-of-the-box a TLS termination proxy is used. Access
Management for the user interface is realised via requesting
party tokens (RPTs), whereas the API can be accessed with
basic authentication. In the API, the requesting party’s (an
API user or the frontend on behalf of a user) roles determine
whether a model or results can be accessed or not. We decided
to define a role per model, but having a role per project might
be more suitable in other scenarios.

5) Databases: The previously mentioned services are com-
plemented by a set of databases. We suggest the following
two database instances: Redis for caching results per user,
global node and model configurations; a PostgreSQL database
for storing user information. This second database is only
accessed directly by the Identity Access Management system.
An obvious extension of our platform would be to promote

Authorized licensed use limited to: Intelligente Analyse und Informationssysteme. Downloaded on October 28,2024 at 11:52:04 UTC from IEEE Xplore. Restrictions apply.
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foundation models to Retriever-Generator-systems. If doing so,
the addition of a vector database is reasonable.

6) Monitoring: To properly monitor the whole platform, we
provide health and metrics endpoints for the frontend and the
API server. Many model backends expose health and metrics
endpoints, too, e.g., TGI and NVIDIA Triton Inference Server.

The metrics endpoints are not exposed, but are consumed
by a Prometheus instance. We then use Grafana dashboards
to visualize all of the collected metrics to gain insights about
traffic, cost, energy consumption, GPU usage, up-/downtimes
of specific services, and other metrics such as usage of specific
models for specific users, groups and projects.

V. CONCLUSION

In this work, we showed how to set up a showroom for
foundation model inference capabilities. Our foundation model
showroom is a cutting-edge demonstration that can run on-
premise as well as containerized in cloud environments. With
its extensive range of supported models and modalities, it
offers a comprehensive solution for showcasing the latest
advancements in Al It allows for Ul-based and API-based
access and provides robust monitoring and access management
capabilities to ensure security and control over access and
usage. Looking ahead, the addition of trustworthy LLMOps
demonstrations, RAG support, and advanced content-based
monitoring will further enhance capabilities of this platform.
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