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Abstract—In this work, we investigate how small language
models (SLMs) can be scaled to support multimodal search
and recommendation use cases while remaining efficient enough
for real-time, resource-constrained deployments. We present a
framework that combines upside-down reinforcement learning
with synthetic data distillation from a large language model
(Llama-3 [1]) to train a 100M-parameter GPT-2 model [2] for
multitask prompt generation. Despite being up to 80 times
smaller than state-of-the-art large language models (LLMs),
our SLM achieves relevance and diversity scores within 6%
of competitive baselines such as Llama-3 8B, Qwen3 8B, and
Ministral 8B. These results demonstrate that SLMs can effectively
handle multimodal search and recommendation tasks, while
dramatically reducing inference latency and memory overhead.
Our study highlights the potential of lightweight models as
practical engines for scalable multimodal discovery, bridging the
gap between cutting-edge research and real-world multimodal
applications such as media recommendations and creative content
generation.

Index Terms—small language models, multimodal search and
recommendation, upside-down reinforcement learning

I. INTRODUCTION

Multimodal search and recommendation has emerged as
a central capability for applications such as e-commerce,
media platforms, and interactive agents. With the revolution
of large language models (LLMs), more powerful multimodal
use cases have become possible, yet these gains come with
substantial computational and memory costs, especially at
inference time. These limitations hinder their deployment
in high-frequency, real-time applications where efficiency is
critical. To address this challenge, we propose a small lan-
guage model (SLM) framework that serves as an efficient and
effective multitask learner for multimodal prompt generation,
leveraging upside-down reinforcement learning (UDRL) to
control generation.

Fig. 1 provides an overview of our approach. Our multi-
modal system accepts both image and text inputs, which are
processed by an in-house detector for intent understanding
before passing to a prompt generator. The generated prompts,
in turn, enable multiple downstream use cases. For example,
they can power contextual search, content generation sugges-
tions, and multimodal recommendations by producing relevant
text or image outputs aligned with user intent. To train the
prompt generator, we employ a compact SLM. Synthetic data
is first generated from a large language model (Llama-3) using

prompt engineering and few-shot examples, and then distilled
into the SLM via UDRL [3], [4]. This produces a specialized
model optimized for low latency, memory efficiency, targeted
multitasking, and real-time multimodal generation.

Our approach is built on three core contributions:
• SLMs as Efficient Multitask Learners: We demonstrate

that SLMs, trained with targeted synthetic data, can sup-
port diverse multimodal discovery tasks while bridging
the gap between LLMs and deployable engines.

• A scalable training pipeline with UDRL: We introduce
a novel pipeline that distills supervision from LLMs and
applies UDRL to optimize SLMs for prompt generation
across multiple tasks, achieving competitive relevance
and diversity.

• Synthetic Dataset Distillation: Leveraging LLM-
generated data, we curate high-quality training examples
that enable SLMs to learn effectively from minimal
resources.

Through systematic experiments, we show that our SLM
can achieve performance comparable to much larger LLMs
with an 80-fold reduction in model size and delivering sub-
stantial gains in latency and memory efficiency. This makes
SLMs suitable for real-time multimodal discovery appli-
cations, where responsiveness and scalability are essential.
Moreover, our framework is highly adaptable and can be
integrated with commercial text-to-image generation systems
(e.g., Adobe Firefly), enabling practical deployment in diverse
real-world scenarios.

II. METHODOLOGY

As illustrated in Fig. 1, our task involves generating prompts
for generative models based on multimodal inputs. The process
begins with detecting user intents using an in-house intent
detector. Once the intents are identified, we aim to generate
prompts accordingly. Rather than relying solely on a large
language model (LLM) or a multimodal LLM, we adopt a
more efficient approach.

Specifically, our methodology focuses on training a small
language model (SLM) for prompt generation with intents
that emphasizes high efficiency and multitask capabilities.
We achieve this by leveraging synthetic data distillation from
a large language model (LLM) combined with upside-down
reinforcement learning.



Fig. 1. The top workstream illustrates our multimodal system with intent detection and prompt generation for contextual search, recommendation, and
content generation. The bottom workstream shows our pipeline for training a small language model (SLM) via synthetic data distillation and upside-down
reinforcement learning, enabling an efficient real-time alternative to large language models.

A. Synthetic Dataset Distillation

To enable the SLM to capture complex task knowledge
from a larger model, we first create a synthetic dataset using
Llama-3. This involves generating high-quality, task-specific
data that allows the SLM to learn from the representations
of LLM effectively. We utilize vLLM [5] to parallelize our
dataset generation process.

1) Dataset Curation Process:

• Intent and Prompt Pair Generation: We curated a
dataset of 52 million intent-prompt pairs by prompting the
LLM with various intent descriptions and collecting its
responses. Each sample consists of an intent description
paired with a generated prompt, tailored to a range of
real-world tasks. For example, intents such as “birthday
celebration,” “holiday sale,” or “product launch” were
used to generate prompts that align with these contexts.

• Structured Prompting for Targeted Tasks: To en-
sure diversity and relevance in generated prompts, we
used structured prompting with few-shot examples and
task specifications. Each prompt to Llama-3 included
high-level task descriptions and few-shot examples to
encourage contextually appropriate and diverse outputs.
Different prompting strategies are used to address the
specific requirements of different tasks. By specifying
factors like tone, style, and context, we created a dataset
that is comprehensive and task-aligned.

• Labeling and Intent Selection: The intent descriptions
were sourced from in-house creative knowledge graph
and augmented with diverse asset metadata from internal
images and templates. This process provided a broad set
of intents that accurately represent real-world use cases.
Each intent was paired with multiple generated prompts,
thus ensuring a rich dataset of prompt variations for each
concept.

This curated dataset of intent-prompt pairs serves as a dis-
tilled form of knowledge from Llama-3, allowing the SLM to
learn diverse language patterns and contextual nuances without
directly training on a massive language model. Examples of
intents to generated prompts are shown in Table I.

B. Upside-Down Reinforcement Learning for SLM Optimiza-
tion

To optimize the SLM’s generation quality and control
specific attributes like length and relevance, we utilize upside-
down reinforcement learning (UDRL) [3], [4]. This approach
allows the model to learn specific objectives based on desired
outcomes rather than traditional reward structures.

1) Reward-Based Prompt Generation: Upside-down rein-
forcement learning frames the prompt generation task as an
optimization problem where the SLM aims to achieve target
specifications for each generated output. This process is as
follows:



TABLE I
EXAMPLES OF INTENTS AND GENERATED PROMPTS FOR IMAGE AND TEMPLATE GENERATION, INCLUDING FORMAT SPECIFICATIONS. HAVING TASK,

LENGTH, AND INTENT TAGS HELPS GUIDE THE GENERATIONS.

Intents / Task Generated Prompt Training Data Format
Topic: birthday
Scene object: balloon
Task: prompt for text-to-
image generation

Whimsical birthday celebra-
tion featuring giant balloons in
fun shapes and sizes, tied to a
birthday child’s arm or wrist.

<|19|> <|intent|> Topic: birthday, Scene object:
balloon <|IP|> whimsical birthday celebration
featuring giant balloons in fun shapes and sizes,
tied to a birthday child’s arm or wrist.

Topic: birthday party
Design type: invitation
Task: prompt for text-to-
template generation

Create a whimsical birthday
party invitation template with
balloons, confetti, and a play-
ful theme.

<|14|> <|intent|> Topic: birthday party, Design
Type: invitation <|TP|> create a whimsical
birthday party invitation template with balloons,
confetti, and a playful theme.

• Controlled-Length Generation: The SLM is trained to
produce prompts within a desired length range (e.g.,
10 to 35 words). Tokens indicating target lengths are
incorporated into the input, guiding the model towards
generating responses that match the specified length with
a mean squared error consistently under two words. More
evaluations are in Section III.

• Modality-Agnostic Prompting: We trained the SLM
to handle both text-to-image (T2I) and text-to-template
(T2T) prompts within the same framework. This was
achieved by adding modality tokens to each training
instance, allowing the model to distinguish between gen-
eration tasks and tailor its output accordingly.

• Contextual Relevance and Specificity: By assigning
relevance scores to generated prompts based on a prede-
fined metric (e.g., alignment with target intent or clarity),
the model learns to prioritize contextually relevant and
specific responses. During training, prompts that meet
these objectives are positively reinforced, improving the
SLM’s ability to generate accurate and contextually ap-
propriate prompts. While we do not implement this aspect
in our current pipeline, it could be valuable for other
applications.

C. Model Architecture and Key Capabilities

Our SLM is based on nanoGPT1, a compact variant of GPT-
2, with 104 million parameters, configured with 12 layers,
12 attention heads, and an embedding dimension of 768.
The model architecture and training setup are designed to
maximize efficiency and multitask performance.

1) Model Specifications:

• Parameter Efficiency: The SLM contains approximately
1/80th the parameters of Llama-3 8b and similar state-
of-the-art LLMs, making it computationally efficient and
suitable for deployment on standard hardware.

• Inference Speed: Our SLM achieves a processing speed
of up to 338 tokens per second on a single A10G GPU
(non-batched, non-quantized, or accelerated), making it
suitable for real-time applications. This performance is
especially advantageous in resource-constrained environ-
ments where inference latency is a critical factor.

1https://github.com/karpathy/nanoGPT

• Multitask Learning Capabilities: The SLM is trained to
handle both T2I and T2T prompts, making it a versatile
tool for multimodal applications. Through the integration
of task-specific tokens, the model can generate contextu-
ally accurate prompts tailored to the input task, whether
it’s for text-to-image generation or template-based design.

2) Training with UDRL: The training data are format-
ted as <|# words of the prompt|> <|intent|>
INTENT <|prompt for T2I (IP) or T2T (TP)|>
PROMPT. As outlined in Section II-B, we combine the word
count and modality tokens to create a single training instance;
refer to Table I for examples.

We utilize a vocabulary set with legal approval, ensuring
it excludes any offensive, discriminatory, or biased language.
We then train a BPE tokenizer with 25,600 tokens from
scratch using our curated dataset. Subsequently, we train the
nanoGPT model using next-token prediction, employing four
A10G GPUs over 10 days, completing approximately 300,000
iterations with a batch size of 128 and a learning rate of 6e-4.

By combining this training approach with upside-down re-
inforcement learning, we ensure that our SLM can effectively
manage length control and multitasking. During inference, we
can easily control output length by specifying a length token
and define the desired task using the modality token. Please
refer to Section III for more evaluations of these abilities.

III. EXPERIMENTS AND EVALUATIONS

We focus on both qualitative and quantitative evaluations to
judge the quality of our model.

A. Quantitative Evaluation

The quantitative evaluation is divided into two primary
areas: relevance evaluation, which assesses how well the gen-
erated prompts align with the specified queries and modality
requirements, and task adherence evaluation, which measures
the SLM’s accuracy in meeting specific prompt length require-
ments.

1) Relevance Evaluation: To evaluate relevance, we con-
ducted experiments to measure how accurately the SLM-
generated prompts aligned with the specified queries and
task requirements. Relevance was assessed using an automatic
method with LLM-as-a-judge, where GPT-4o-mini [11] served
as the evaluator. Each generated prompt was rated on a scale
from 1 to 10, where higher scores indicate stronger alignment



TABLE II
RELEVANCE SCORES FOR PROMPT GENERATION TASKS, EVALUATED ON TEXT-TO-IMAGE AND TEXT-TO-TEMPLATE PROMPTS UNDER BOTH FEW-SHOT
AND ZERO-SHOT PROMPTING. OUR SLM MODEL, WHICH OPERATES IN A ZERO-SHOT SETTING, DEMONSTRATES COMPETITIVE PERFORMANCE WITH

MUCH LARGER MODELS. WITH THE UDRL TRAINING PARADIGM, SLM ACHIEVES EFFICIENCY SUITABLE FOR ENTERPRISE USE, OUTPERFORMING OR
MATCHING MODELS WITH SIGNIFICANTLY HIGHER PARAMETER COUNTS.

Model Few-Shot Zero-Shot # Tokens Per Second # Paramstext-to-image text-to-template text-to-image text-to-template Rate Memory Used
SLM (Ours) N/A N/A 8.31 8.45 353 ∼500MB 104M
Llama-3 8B [1] 8.63 8.56 8.36 8.33 80

∼80GB
(with vLLM)

8.0B
Ministral 8B [6] 8.55 8.40 7.87 7.18 78 8.0B
Gemma-3 4B [7] 8.66 8.41 8.51 8.49 100 4.3B
SmolLM3 3B [8] 8.70 8.68 8.19 8.35 121 3.1B
Llama-3.2 3B [1] 8.65 8.60 8.40 8.44 142 3.2B
Phi-4-mini [9] 8.59 8.45 8.27 8.15 118 3.8B
Qwen3 8B [10] 8.80 8.63 8.52 8.37 76 8.2B

with the target query. We provided several examples and
criterion to the LLM judge prior to the evaluation. Some of
these include

• Correctness - does the prompt contain grammatical or
semantic errors.

• Clarity - is the prompt clear to understand, is the grammar
structure sound.

• Completeness - does the prompt utilize all of the provided
query context.

• Usefulness - is the prompt generated useful for the task
provided.

For comparison, we evaluated our SLM with state-of-the-
art LLMs ranging in size from 3B to 8B. Table II displays
the relevance scores for both text-to-image (T2I) and text-to-
template (T2T) prompt generation tasks. We investigated the
performance of these LLMs under both few-shot and zero-
shot prompting. For our trained SLM, there is no need for
demonstration, which places it in the zero-shot setting. We
observe the following.

1) Effective Distillation: In the few-shot setting, our SLM
achieves relevance scores nearly on par with the teacher
model, Llama-3 8B, with only a minor performance
gap of approximately 3%. In the zero-shot setting, the
performance of our SLM matches Llama-3 8B, and it
even outperforms Llama-3 8B in T2T prompt generation.
This illustrates the success of our distillation process,
effectively transferring high-performance prompt gener-
ation capabilities to a more efficient model, without the
need for task-specific demonstrations.

2) Competitive Performance with Minimal Parameters:
Despite being over an order of magnitude smaller, our
SLM competes closely with models between 3B–8B
parameters. On T2I zero-shot, SLM scores 8.31, only
slightly behind the strongest model (Qwen-3 8B, 8.52),
while in T2T zero-shot it ranks second overall (8.45).
Importantly, these results are achieved with just 104M
parameters—two orders of magnitude fewer than most
baselines—demonstrating a remarkable balance of com-
pactness and accuracy.

3) Efficiency and Deployment Readiness: SLM is highly
efficient in both speed and memory. Running on a

TABLE III
TASK ADHERENCE RESULTS FOR SPECIFIED PROMPT LENGTHS. MSE

MEASURES THE DEVIATION FROM THE TARGET LENGTH, AND THE FINAL
ROW SHOWS THE PERCENTAGE OF PROMPTS WITHIN ±2 WORDS OF THE

TARGET LENGTH.

Target Length (words) 10 20 30 35

Mean Length (words) 10.3 19.2 31.1 33.8

Mean Square Error 0.365 0.881 1.131 1.179

% Prompts Within ±2 Words 98% 96% 93% 95%

single A100 80GB, it requires only ∼500MB of memory
while generating at 353 tokens/second. In contrast, all
baseline LLMs evaluated under the vLLM runtime re-
quire ∼80GB of GPU memory and achieve significantly
slower generation rates (76–142 tokens/second). This
means SLM is nearly 3–5× faster while being vastly
more memory-efficient. Even compared to the smallest
baseline (Llama-3.2 3B), SLM delivers superior or com-
parable prompt relevance with a model size that is over
30× smaller.

In summary, our SLM delivers contextually accurate
prompt generation while being substantially more efficient and
lightweight than existing LLMs. Its strong performance across
both T2I and T2T tasks, combined with extreme efficiency in
speed and memory, makes it a compelling solution for real-
world deployment, especially in resource-constrained environ-
ments for multimodal discovery applications.

2) Task Adherence Evaluation (Length): In addition to
relevance, we evaluated the SLM’s ability to meet target length
requirements for generated prompts. The model was trained
to produce prompts within specified lengths, typically in the
range of 10 to 35 words. Length adherence was measured by
calculating the mean squared error (MSE) between the gen-
erated prompt length and the target length, and by recording
the percentage of prompts that fell within an acceptable range
(±2 words from the target length). The evaluation results are
in Table III.

The SLM achieves precise control over prompt length,



Fig. 2. A sample pipeline for multimodal contextual recommendation incorporating our SLM model for prompt generation.

with MSE consistently around 1. These results indicate that
the model can reliably generate prompts of desired lengths,
which is essential for applications requiring specific or concise
outputs. This ability provides significant flexibility across
diverse multimodal use cases.

B. Qualitative Evaluation

To complement the quantitative results, we conducted quali-
tative evaluations with human reviewers, tailored to real-world
multimodal use cases.

1) Prompt Quality: We chose 18 human reviewers with ex-
perience in writing prompts for image and template generative
models. The reviewers assessed the SLM-generated prompts
on two criteria:

• Relevance - how closely does the prompt align with the
query.

• Correctness - is the prompt clear and easy to understand,
with correct grammar and sound structure.

Each criterion was rated on a scale from 1 to 3 (corresponding
to not, somewhat, very, e.g., not relevant, somewhat relevant
and very relevant respectively), and reviewers provided addi-
tional qualitative feedback on the prompts.

In total, we collected 180 human evaluations. The human
reviewers scored the prompts with an average relevance rating
of 87%, highlighting the model’s ability to generate prompts
that align well with the provided queries and the task spec-
ification. For accuracy and correctness, the SLM received a
score of 96% somewhat or very correct, indicating that the
prompts were contextually accurate, grammatically correct and
generally maintained coherence to the topic. We emphasize
again that the prompt, which incorporates core user intents,
can be leveraged to support a wide range of multimodal tasks,
including contextual search, prompt suggestion, generative
autocomplete, and creative content generation.

2) Multimodal Contextual Recommendation: We evaluated
the end-to-end experience for multimodal contextual recom-
mendation, as illustrated in Fig. 2. Suppose a user is editing a
canvas containing some pre-specified text; in this case, we can
incorporate those multimodal inputs for intent understanding

and prompt generation. The generated prompt can then be used
to produce images that the user can integrate into the canvas.

For this evaluation, we recruited 17 evaluators with prior
experience in editing templates. We collected 210 evaluations,
asking the evaluators to rank the work-in-progress canvas
alongside the generated elements. The results indicate that
86% of evaluators were willing to incorporate the generated
images into the specified canvas, demonstrating strong user
acceptance.

Overall, the qualitative feedback aligns with our quantita-
tive findings, showing that the SLM not only achieves high
relevance and adherence to content length but also produces
contextually rich prompts. This analysis highlights the practi-
cal applicability of SLMs for multimodal tasks, especially in
scenarios where low latency and computational efficiency are
essential.

IV. CONCLUSION

This work demonstrates the potential of small language
models (SLMs) as efficient and versatile multitask learners.
By integrating upside-down reinforcement learning with super-
vised training, we show that an SLM can achieve performance
competitive with much larger models, such as Llama-3, while
reducing model size by up to 80-fold for targeted tasks. Our
evaluations indicate that SLMs can preserve high contextual
relevance, precision, task adherence, and precise length con-
trol, even in resource-constrained environments.

The substantial gains in efficiency and low-latency inference
highlight the practicality of SLMs for real-world deployment,
particularly in enterprise scenarios where computational re-
sources and response speed are critical. These findings under-
score the promise of lightweight models as scalable engines
for multimodal search, recommendation, and creative content
generation.
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