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Overview

We designed FlockMTL for query processing on multi-modal data. Exist-
iIng approaches face several challenges:

Aggregate Semantic Operations

= Example using aggregate functions summarizing research themes:

1. Implementations are ad hoc with many low-level decisions. VI

1lm_reduce(
{'model': 'gpt-40'},
{'prompt': 'Summarize the key research themes',

2. Reliance on loosely coupled systems and hand-written orchestrators.
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) AS year_summary
FROM research_papers P
GROUP BY P. publication_year;
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Function

Description

11lm_reduce generates text or structured output from multiple input tuples or images.

11lm rerank ranks input tuples based on relevance.

Metadata and

Uinking layer 11m_first/last returns the most or least relevant tuple from multiple input tuples.

— With CTEs, these functions allow interleaving analytics with LLM pre-
dictions, supporting semantic operations, e.g., filtering, hybrid search, ex-
traction, and ranking. A use case of interest is market intelligence.

Built-in Optimizations

Showcase three optimizations: (i) Meta-prompting; (i) Batching; and (iii)
Async execution. Also explored deduplication and caching.

Resource Independence

Example creating a MODEL and a PROMPT:

= Meta-prompting: Base prompt templated with the user prompt to
reduce variability and improve LLM accuracy.

CREATE GLOBAL MODEL( 'model-relevance-check', 'gpt-40-mini', 'openai');
CREATE PROMPT( 'joins-prompt', 'is related to join algos given abstract');

System specified User specified

[ ]
= MODELs and PROMPTSs as first-class SQL schema objects. e ara used to construct input data
| R h Paper Text | ' '
. . Inout Data <ol | relevant_papers RP '[content]
= Run CRUD 1 th d | Soneent - o v |
un operations on tne resources versioneda. DATA_GHUNKS | <concent - 2nd row | FINAL PROWPT
| <content - nth row> | You are a semantic analysis tool for
DBMS. The tool will analyze each row
in the provided data and respond to
user requests based on this context
FLOCKMTL_INSTRUCTIONS # INSTRUCTIONS: USER_PROMPT
[ [ ] USER_PROMPT
- The response should be directly relevant {{FLOCKMTL_INSTRUCTIONS}} <— . , . \ ' . ,
Function Type to each row without additional formatting, {{USER_INSTRUCTIONS}} classify as 'experimental' or 'theoretical
purely answering the prompt treating each
SCALAR_FUNCTION row as a separate input. # OUTPUT FORMAT:
- Use clear, context-relevant language to
generate a meaningful and concise answer {{OUTPUT_FORMAT}}
for each row.
### INPUT QUERY:
- E | : | f ti _th t t d M . USER_INSTRUCTIONS
Xampie using scalar tunctions wi EXT anad Images: TN “— |
OUTPUT FORMAT - ONLY ANSWER WITH experimental OR theoretical
S ### INPUT DATA:
The system should process each input row
and provide a response to the USER_PROMPT {{INPUT_DATA}}
for each in plain text. The expected
[ XX ] [ XK ] response should be in JSON as follows:
Function Name “TTjson
SELECT P.id, P.title, P.abstract, P.content SELECT 1lm_complete( co —} {
LLM_COMPLETE "rows":
FROM research_papers P {'model_name': 'gpt-40'}, egponse 1
WHERE 1lm_filter( {'prompt': 'Briefly describe audience, appeal, and one improvement.'  l<res ponse 2>"
{'model_name': 'model-relevance-check'}, ‘context _columns': [ gres ponse n>"
{'prompt_name': 'joins-prompt', {'data': P.image_url, 'name': 'product_image', 'type': 'image'}, } ]

‘context_columns': [ {'data': P.product_name, 'name': ‘'product_name'},
{'data': P.title, 'name': 'title'}, {'data': P.category, ‘'name': 'category'}
{'data': P.abstract, 'name': 'abstract'} 1}) AS product_analysis

1}); FROM product_images P;

= Batching: Groups dynamically multiple input rows for an LLM
prediction. Done per input data vector to a Projection operator to
reduce latency, token usage and model API calls.

(b) Identify product items from images.

(o) Filtering by relevance to join algos.

Function Description
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11lm_complete generates text or structured output from an input tuple or an image. b.'SEEGf
tuples Answers
11lm filter returns True/False for a given tuple or an image.
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= Example using data fusion to unlock hybrid search:

WITH BM25 AS (SELECT 1idx, text, norm_score FROM ...),
VS AS (SELECT idx, text, norm_score FROM ...),

-- Reciprocal rank fusion of BM25 and VS
passages_fused_scores AS (

SELECT COALESCE(BM25.1idx, VS.idx) AS idx, t.content,

fusion_rrf(BM25.norm_score, VS.norm_score) AS fused_score

FROM BM25 FULL OUTER JOIN VS USING (idx)

JOIN my_table t USING (1idx)

ORDER BY fused_score DESC

LIMIT 10
)

-- Use 1lm_reduce to generate a final answer from the top ranked passages
SELECT 1lm_reduce(content, 'Give me a full summary of the data')
FROM passages_fused_scores;

github.com/dais-polymtl/flockmtl

Batch Processing and handles
autonomous batch selection

= Async: Send async prediction requests for batches of the data vector to
a Projection operator instead of synchronously.

For the setup with 4 threads and batch size 32:

= Sync + batching: 196.04s for 1k tuples.
= Async + batching: 16s for 6k tuples; 6s for 3k tuples.
= Sync without batching: over 100x slower, often timing out.
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