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THERAPY PROGRESS NOTE

l

DATE OF SESSION

[ 8/9/2023

LOCATION OF SESSION

[ viRTUAL

| DURATION OF SESSION [ 45 minutes |

PATIENT DEMOGRAPHIC INFORMATION |

CLIENT NAME

[ JoHn DoE

CURRENT PSYCHIATRIST

[ Jon JoHNs, MD

PRESENTING PROBLEM

Client reports feeling overwl
over the past two weeks,

SESSION CONTENT

Client discussed recent cha
interpersonal conflicts with
making mistakes. Describe
sick day. Briefly touched on
feelings of anxiety.

INTERVENTIONS

Utilized cognitive restructuri
feelings of inadequacy. Tau,
acute anxiety. Explored pasf
anxiety and fear of judgmer

CLIENT RESPONSE

The client was receptive to
restructuring exercises. Det
techniques. Became tearful|
appreciation for the opporty

THERAPIST'S OBSERVATIONS

The client is motivated and
patterns of behavior and th
will develop effective copin;

MENTAL STATUS|

Client presents in casual attire, appearing stated age. Maintai
cooperative, though somewhat reserved. Speech is of normal
mood as "okay" and affect is congruent, restricted but euthym|
content is without any overt delusions, hallucinations, suicidall
oriented to person, place, and time. Client demonstrates good§
partially limited, and judgment appears adequate.

I

RISK ASSE|

l No indications of suicidal or homicidal ideation. No concerns

DIAGNOSTIC IN

lajor Depressive Disorder, Recurrent, Moderate

M:
Generalized Anxiety Disorder

PLAN FOR NE]

Continue to delve into past experiences and their connection
for effective communication and assertiveness at work. Revie

restructuring.

RETURN TO CLINIC_[ Every week

Instructed the client to call our office immediately if symptoms worsen. Instr
experiencing suicidal thoughts, homicidal thoughts, or any other medical and]

8/9/2023
E DOE, LMFT, Psychotherapist]

S§/0: Pt has had a very eventful day. At~6:45 AM he was noted to have SBP 40's by NBP, with HR
60's. Initially responsive, but rapidly decreasing responsiveness followed by respiratory
arrest. Pt was ambued with 100% Fi02, thenm. An A-line was placed; we have
consistently been able to easily draw blood Trom the Iine, but it appears dampened and reads
quite a bit lower than the NBP, so we have been using the NBP all day. He soon required
pressors for SBP 70's. He was started initially on Neo, which was titrated up to a max of 120
mcg/min with little if any effect. he was then started on Levo. Over several hours, with some
difficulty, the Neo was weaned to off with the Levo as high as 40 mcg/min. He was transiently
on Dopa, as high as 10 mcg/kg/min, but it was soon D/C'd d/t HR into the 140's. Around 1PM his
BP again began to fall, into the 50's. His extremities were cold, and HR dropped into the 60's
again. He was given 250cc fluid bolus, and Dopa was again attempted, at a lower dose. This
time, however, he began to have lots of ventricular ectopy, including short runs of VT. Dopa
was again D/C'd, Levo increased more, and he again stabilized for a few hours. About 7:45 he
suddenly went into sustained VT. A-line tracing was flat (though is has never been reliable).
In the interest of saving time, a cuff pressure was not checked. He was unresponsive, and was
defibrillated once with 200). He converted initially to ST with lots of ectopy, then settled
down into NSR after a few minutes. He has remained in NSR since. BP is borderline on high-dose
Levo, EKG shows ST depressions, but not much changed from yesterday. CK's, Troponin added to
earlier labs.
F/E: Pt is dialysis-dependant. He has had >2.5L fluid since MN, and will be dialyzed tomorrow.
Lytes have been followed closely; Mg repleted after episode of VT, and he has been given 15gm
Kaexolate for borderline hyperkalemia.
NEURO: Pt initially unresponsive this AM. Over the day he has been agitated with ANY
intervention. Initially well-sedated on but he was changed to Fentanyl gtt
with prn Ativan to try to avoid hypotension from . Fentanyl has been
increased a couple of times. He is OK when left alone, but easily agitated.

: Hct 30-32, stable. Coags greatly elevated with INR 5.1 this AM. He was given
2mg Vit K SQ, but coags worse afterwards. No further intervention at present.
GI: Vomitted brown OB+ material both before and after intubation. Belly soft, obese, obviously
tender. Too unstable to go to CT. Plan was for U/S, but he was hypotensive to 50's when they
came, so it was deferred. Medium loose brown, foul-smelling stool this AM (sent for C-diff).
On Protonix.
ID: Temp rising to max of 101.7 this evening. He has been fully cultured and is on multiple
abx. Ampho dose which was up when he arrested this AM was stopped with ~half of it infused. He
did not recieve the rest..... HO aware. WBC 30-40K, Lactate has risen to 7.9. He has a
worsening metabolic acidosis, with bicarb now down to 12.
RESP: Intubated, vented. Current settings A/C .5/750/24/PEEP 5. ABG's show adequate
oxygenation, compensated metabolic acidosis. LS diminished. He has minimal secretions, but he
was found to have green beans in the back of his throat on intubation, and we have suctioned a
few pieces out...none since this AM.
SKIN: He has 2 small decubs on buttocks, covered with Duoderm. Also has open area in left
groin.
ACCESS: A-line as described above. He has a right femoral tunneled m
H catheter. A clotted left EJ line was removed this AM. Multiple attempts at other access
ave been made by many people without success.
SOCIAL: pt has a sister who was in. He also has a very involved home
care nurse named who was extremely upset about his
condition. She was in to visit this evening, and was here for the VT episode. The pt's lawyer
also came in briefly. He does not have a proxy; SW notified by case manager of his admission,
serious condition, and need for proxy determination.
A: septic shock with multiple potential sources.
P: continue abx, follow cx results. Support BP and resp as needed. Follow labs closely.
Anticipate possible need for CVVHD is does not tolerate HD. SW consult for proxy.
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E DOE, LMFT, Psychotherapist]

S§/0: Pt has had a very eventful day. At~6:45 AM he was noted to have SBP 40's by NBP, with HR
60's. Initially responsive, but rapidly decreasing responsiveness followed by respiratory
arrest. Pt was ambued with 100% Fi02, thenm. An A-line was placed; we have
consistently been able to easily draw blood Trom the Iine, but it appears dampened and reads
quite a bit lower than the NBP, so we have been using the NBP all day. He soon required
pressors for SBP 70's. He was started initially on Neo, which was titrated up to a max of 120
mcg/min with little if any effect. he was then started on Levo. Over several hours, with some
difficulty, the Neo was weaned to off with the Levo as high as 40 mcg/min. He was transiently
on Dopa, as high as 10 mcg/kg/min, but it was soon D/C'd d/t HR into the 140's. Around 1PM his
BP again began to fall, into the 50's. His extremities were cold, and HR dropped into the 60's
again. He was given 250cc fluid bolus, and Dopa was again attempted, at a lower dose. This
time, however, he began to have lots of ventricular ectopy, including short runs of VT. Dopa
was again D/C'd, Levo increased more, and he again stabilized for a few hours. About 7:45 he
suddenly went into sustained VT. A-line tracing was flat (though is has never been reliable).
In the interest of saving time, a cuff pressure was not checked. He was unresponsive, and was
defibrillated once with 200]. He converted initially to ST with lots of ectopy, then settled
down into NSR after a few minutes. He has remained in NSR since. BP is borderline on high-dose
Levo, EKG shows ST depressions, but not much changed from yesterday. CK's, Troponin added to
earlier labs.
F/E: Pt is dialysis-dependant. He has had >2.5L fluid since MN, and will be dialyzed tomorrow.
Lytes have been followed closely; Mg repleted after episode of VT, and he has been given 15gm
Kaexolate for borderline hyperkalemia.
NEURO: Pt initially unresponsive this AM. Over the day he has been agitated with ANY
intervention. Initially well-sedated on but he was changed to Fentanyl gtt
with prn Ativan to try to avoid hypotension from . Fentanyl has been
increased a couple of times. He is OK when left alone, but easily agitated.

: Hct 30-32, stable. Coags greatly elevated with INR 5.1 this AM. He was given
2mg Vit K SQ, but coags worse afterwards. No further intervention at present.
GI: Vomitted brown OB+ material both before and after intubation. Belly soft, obese, obviously
tender. Too unstable to go to CT. Plan was for U/S, but he was hypotensive to 50's when they
came, so it was deferred. Medium loose brown, foul-smelling stool this AM (sent for C-diff).
On Protonix.
ID: Temp rising to max of 101.7 this evening. He has been fully cultured and is on multiple
abx. Ampho dose which was up when he arrested this AM was stopped with ~half of it infused. He
did not recieve the rest..... HO aware. WBC 30-40K, Lactate has risen to 7.9. He has a
worsening metabolic acidosis, with bicarb now down to 12.
RESP: Intubated, vented. Current settings A/C .5/750/24/PEEP 5. ABG's show adequate
oxygenation, compensated metabolic acidosis. LS diminished. He has minimal secretions, but he
was found to have green beans in the back of his throat on intubation, and we have suctioned a
few pieces out...none since this AM.
SKIN: He has 2 small decubs on buttocks, covered with Duoderm. Also has open area in left
groin.
ACCESS: A-line as described above. He has a right femoral tunneled m
H catheter. A clotted left EJ line was removed this AM. Multiple attempts at other access
ave been made by many people without success.
SOCIAL: pt has a sister who was in. He also has a very involved home
care nurse named who was extremely upset about his
condition. She was in to visit this evening, and was here for the VT episode. The pt's lawyer
also came in briefly. He does not have a proxy; SW notified by case manager of his admission,
serious condition, and need for proxy determination.
A: septic shock with multiple potential sources.
P: continue abx, follow cx results. Support BP and resp as needed. Follow labs closely.
Anticipate possible need for CVVHD is does not tolerate HD. SW consult for proxy.
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S§/0: Pt has had a very eventful day. At~6:45 AM he was noted to have SBP 40's by NBP, with HR
60's. Initially responsive, but rapidly decreasing responsiveness followed by respiratory
arrest. Pt was ambued with 100% Fi02, thenm. An A-line was placed; we have
consistently been able to easily draw blood from the line, but it appears dampened and reads
quite a bit lower than the NBP, so we have been using the NBP all day. He soon required
pressors for SBP 70's. He was started initially on Neo, which was titrated up to a max of 120
mcg/min with little if any effect. he was then started on Levo. Over several hours, with some
difficulty, the Neo was weaned to off with the Levo as high as 40 mcg/min. He was transiently
on Dopa, as high as 10 mcg/kg/min, but it was soon D/C'd d/t HR into the 140's. Around 1PM his
BP again began to fall, into the 50's. His extremities were cold, and HR dropped into the 60's
again. He was given 250cc fluid bolus, and Dopa was again attempted, at a lower dose. This
time, however, he began to have lots of ventricular ectopy, including short runs of VT. Dopa
was again D/C'd, Levo increased more, and he again stabilized for a few hours. About 7:45 he
suddenly went into sustained VT. A-line tracing was flat (though is has never been reliable).
In the interest of saving time, a cuff pressure was not checked. He was unresponsive, and was
defibrillated once with 200]. He converted initially to ST with lots of ectopy, then settled
down into NSR after a few minutes. He has remained in NSR since. BP is borderline on high-dose
Levo, EKG shows ST depressions, but not much changed from yesterday. CK's, Troponin added to
earlier labs.
F/E: Pt is dialysis-dependant. He has had >2.5L fluid since MN, and will be dialyzed tomorrow.
Lytes have been followed closely; Mg repleted after episode of VT, and he has been given 15gm
Kaexolate for borderline hyperkalemia.
NEURO: Pt initially unresponsive this AM. Over the day he has been agitated with ANY
intervention. Initially well-sedated on but he was changed to Fentanyl gtt
with prn Ativan to try to avoid hypotension from . Fentanyl has been
increased a couple of times. He is OK when left alone, but easily agitated.

: Hct 30-32, stable. Coags greatly elevated with INR 5.1 this AM. He was given
2mg Vit K SQ, but coags worse afterwards. No further intervention at present.
GI: Vomitted brown OB+ material both before and after intubation. Belly soft, obese, obviously
tender. Too unstable to go to CT. Plan was for U/S, but he was hypotensive to 50's when they
came, so it was deferred. Medium loose brown, foul-smelling stool this AM (sent for C-diff).
On Protonix.
ID: Temp rising to max of 101.7 this evening. He has been fully cultured and is on multiple
abx. Ampho dose which was up when he arrested this AM was stopped with ~half of it infused. He
did not recieve the rest..... HO aware. WBC 30-40K, Lactate has risen to 7.9. He has a
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A Hard Unstructured Data Task

Status: This version of this Act contains provisions that are prospective.
Changes to legislation: There are currently no known outstanding effects for
the Climate Change (Scotland) Act 2009. (See end of Document for details)

B B Scottish
B B Climate

B BB Intelligence
BB Service

User's Goal: Climate Change (Scotland) Act 2009

2009 asp 12

St d th I I I ' I t The Bill for this Act of the Scottish Parliament was passed by the Parliament on
u y e C I a e 24th June 2009 and received Royal Assent on 4th August 2009
An Act of the Scottish Parliament to set a target for the year 2050, an interim target

i n iti a t i Ve S u n d e rta ke n by for the year 2020, and to provide for annual targets, for the reduction of greenhouse

gas emissions; to provide about the giving of advice to the Scottish Ministers relating
o A to climate change; to confer power on Ministers to impose climate change duties on
S C Ottl S h C O m p a n I e S public bodies; to make further provision about mitigation of and adaptation to climate

° change; to make provision about energy efficiency, including provision enabling council
tax discounts; to make provision about the reduction and recycling of waste; and for
connected purposes.
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B BB Scottish
B P Climate

B BHE Intelligence
BB Service

EAST AYRSHIRE COUNCIL
COUNCIL - 24 JUNE 2021

EAST AYRSHIRE CLIMATE CHANGE STRATEGY

Report by the Depute Chief Executive (Safer Communities)

PURPOSE OF REPORT

To seek agreement of ambitious net zero targets for the Council and the wider East Ayrshire
authority area; seek approval of the Council’s first draft Climate Change Strategy, together
with arrangements for engaging with our communities and key stakeholders to finalise the
content of this plan and agree proposals in relation to the future governance arrangements
to oversee the delivery of the Council’s net zero ambitions.

RECOMMENDATIONS

Council is asked to:

Note the work of the Member Officer and Young People Working Group (MOWG) on
Climate Change in developing the Climate Changex Plan and agree to the proposed
Climate Change Vision for East Ayrshire;

ii) Agree to join the UK100 and endorse their Net Zero Local Leadership Pledge, which
would commit the Council to the aim of reducing the council’s carbon emissions to Net

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Task: Extract, summarize, &
aggregate proposed climate
interventions (e.qg., "EV subsidy"”)
from corporate sustainability reports,
meeting minutes, etc.
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Task: Extract, summarize, &
aggregate proposed climate
interventions (e.qg., "EV subsidy"”)
from corporate sustainability reports,
meeting minutes, etc.

Data Volume: 32 PDFs (~1500
pages each) per month dating back
last 10 years
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Task: Extract, summarize, &
aggregate proposed climate
interventions (e.qg., "EV subsidy"”)
from corporate sustainability reports,
meeting minutes, etc.

Data Volume: 32 PDFs (~1500
pages each) per month dating back
last 10 years

Cost: >$5k to process each monthly
batch
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COUNCIL - 24 JUNE 2021
EAST AYRSHIRE CLIMATE CHANGE STRATEGY

Report by the Depute Chief Executive (Safer Communities)
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> » SAN FRANCISCO
“¥ PUBLIC DEFENDER

MEDIA CONTACT: PDR-MediaRelations@sfgov.org

**PRESS RELEASE**

, SF Public Defenders Win First Racial
User’s Goal: Justice Act Motion in San Francisco

Judge grants motion finding implicit bias with police officer’s testimony

° °
S t a t I St I C a I a n a I S e S Of SAN FRANCISCO - San Francisco Public Defenders have won the first California Racial Justice Act (RJA) motion in San
Francisco since the law was enacted in 2021. An RJA hearing for a young Black man revealed that a police officer exhibited

implicit bias during the man'’s arrest and during trial testimony. This led the judge to reduce certain felony convictions to

eX p I iC it a n d i m p I iC it b i a S e S misdemeanors as a remedy for that discrimination, as provided under the RJA.

The California Racial Justice Act states that, “Implicit bias, although often unintentional and unconscious, may inject racism
and unfairness into proceedings similar to intentional bias. The intent of the Legislature is not to punish this type of bias, but

° ° °
I n C O ' I rt t ra n S C r I ptS p O I I C e rather to remedy the harm to the defendant’s case and to the integrity of the judicial system.”

“Implicit bias plays a huge role in our legal system—from police to prosecutors to judges—and has historically resulted in the
over-policing, over-charging, and over-sentencing of people of color,” said Deputy Public Defender Diamond Ward, who

reports, news a rticles, etc. e e g

Bailey, a 22-year-old Black man, was on trial for an incident involving a report of someone holding a gun while standing on
the street. Evidence at trial showed that when police eventually arrested Bailey, the officer said on body-worn camera that
he was “a little surprised he didn’t run.” When the officer later testified at trial, he painted an untrue picture of Bailey as
acting evasive—telling the jury that Bailey was “ducking” and “bobbing” and had “darted”"—which was contradicted by video
footage of Bailey being cooperative and by other witnesses’ testimony. The officer also ignored the court’s orders and made

unsolicited statements that he had been notified were inadmissible in front of the jury.

Bailey's attorneys filed a motion arguing that the arresting officer violated the RJA by his comments and actions at the arrest
scene and in his trial testimony.

During the RJA hearing, an expert witness on race and the criminal legal system testified that the officer exhibited implicit
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rephrase your last answer.”
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across similar court cases.
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Another Hard Unstructured Data Task

Task: Detect and compare racially
coded language and implicit bias
across similar court cases.

Data Volume: 1,500 pages per case;
300 related cases: 135 million words
per analysis + Images.

Cost: $11 million a year if analyzing data
for all cases.

rephrase your last answer.”
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Unifying Characteristics

Unstructured data tasks often require, at scale:
+ Complex reasoning

+ over all documents

4+ to generate open-ended, subjective outputs

4+ that feed into downstream aggregations and summaries.
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Programming Model

Background
In data systems, users build pipelines of operators (e.qg., filter, map, reduce, join).

LLM Analogy

Expose LLMs through semantic operators*, each defined by
4+ Natural language description of the task

4+ Operator type (e.g., map, filter)

4+ Desired output schema

Goal: run a pipeline of semantic (and possibly relational) operators, accurately
and cheaply.

*colined by Patel et al. VLDB 2025
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DocETL: A Declarative System
for Semantic Operators Over Text
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Dataset

I
]
“1d”: 1,
"transcript”:

“This 1s the..”

“1d": 2,
"transcript”:

“Last time we..”

Semantic Map
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Semantic Map

Dataset Pipeline (Single Operator)
[{ type: map
“id": 1 prompt: “Extract all
“transcript”: statements made by the
“This 1s the..” judge fTrom §$transcript}t?
{, that indicate implicit
$ blas, and explain why")
idtr 2, output:
“transcript”: schema :
‘Last time we..” statements: list[string]
5. explanation: string
]

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Dataset Pipeline (Single Operator) Output
i [
g type: map 1 |
i dre 1 prompt: “Extract all il
“transcript”: statements made by the ziz-rt]z;z;iz []
"This 1s the.” judge fTrom §$transcript}t? “explanation”: ..
[ that indicate implicit ?,
§ bias, and explain why") T
u-dn. 2 . "1d” ; 2,
LS A output: 7 ot -
“transcript”: ] . ranscript”: ..
) . ) schema: “statements”: [..],
Last time we.. statements: list[string] “explanation”: ..
[ explanation: string 5
] ]
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Dataset

I

]
“1d”: 1,
"transcript”:
“This is the..”

[

{
“1d": 2,
"transcript”:
“Last time we..”

5,

Semantic Map

Pipeline (Single Operator) Output
[
Type: map §
prompt: “Extract all ‘id”r 1,

“transcript”: ..
“statements”: [..],

statements made by the

judge from {{transcripti} “explanation”: ..
that i1ndicate i1mplicit 1,
bias, and explain why"”) t

“1d”: 2,

output: “transcript”: ..,
schema: “statements”: [..],
statements: Llist[string] “explanation”: ..
explanation: string .

L . 14
Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.



Semantic Map

Dataset Pipeline (Single Operator) Output
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§
]
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Dataset Pipeline (Single Operator)
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$

.. 10,000 more ..
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Dataset Pipeline (Single Operator) Output
[ . I
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Dataset

I
]
“1d”: 1,
"transcript”:
“This is the..”

5,
]

“1d": 2,
"transcript”:

“Last time we..”

5,
.. 10,000 more ..

]

Semantic Filter

Pipeline (Single Operator)

type: filter
prompt: "Did the judge 1n
s3transcriptiti say
anything that indicates
implicit bias?")
output:
schema:
violation: bool

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Semantic Filter

Dataset Pipeline (Single Operator) Output -
[ || === . [ S
g type: filter g
“id": 1, prompt: “Did the judge 1n “1d": 1,
"transcript”: §stranscriptitt say "transcript”:
”Th'i.S -i..S the..." anything -tha-t -.Lndica-tes ”Th-LS 1S -the..."

g, implicit bias?") g,
output: “id": 87
schema:

violation: bool

“1d": 2,
"transcript”:
“Last time we..”

“transcript’:
“Once we start..

n

§

]

10, 000 more ..
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Dataset
I
]
“1d”: 1,
“name”: “Johnny..",
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+ Rewrite subqgueries into semi-joins

Rules are rigid; legal or legal, no ambiguity.
Can a rule-based engine optimize semantic data processing?

Challenge: Semantic operators are fuzzy!
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Examples:
4+ map = split - map - reduce

+ map = map"’
4+ Op = map = op

What they do:
4+ Encode reusable transformation patterns
4+ Instantiated by LLM agents

+ Require new operator types (e.g., split, gather, resolve)
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map(“Is the judge changing how they
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DEFENSE 1:

COURT:
DEFENSE 1:
COURT:

DEFENSE 1:
COURT:
DEFENSE 1:
COURT:

DEFENSE 1:

COURT:

DEFENSE 1:

COURT:

DEFENSE 1:

PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask

be fair game. But anything beyond that, not relevant. So, if your
position is that he’s the one who kept taunting her, um, trying to
get her back, playing with her mind, whatever. I mean, be that
as it may. So, but if it, if that’s the premise for it, I’ll have to
wait and see. So, I am going to tentatively indicate that I am
generally excluding but there may be instances where it may be
relevant if that’s the position the defense takes and if there is
corroboration and testimony for that. But it’s only something
that’s within a year prior to when this occurred. So, it would
only be from, this is charged from August 7% of 2023, so,
anything after August 7% of 2022. Anything before August 7%
0f 2022 does not come in.

So, just to clarify, Your Honor, and I just want to make sure that
I don’t violate any of your rulings. I am able to cross examine
him on this.

Yeah.

Okay, thank you.

For the purpose, for the purpose of establishing that he
maintained independent contact with her.

Okay, thank you.

That he wants, that he’s inviting her continued drama.

Thank you.

When people, when people are addicted to drama, it can be a
two-way tango.

Thank you, Your Honor.

So, if they’re both addicted to their own drama and dysfunction,
and if he’s inviting that by sending her photos. Now, we’re not
bringing in.

I agree, Your Honor.

Okay, we’re not having that. But you can certainly ask him
about it. And then if he denies it, then you can show it to him.

Thank you, Your Honor.

i |

speak when talking to the defendant?”) !
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Cost-Oriented Rewrite Directives

Add a compression step & push it down: op* = map = op*

map( “Extract statements
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gender bias.")

& - 8 || COURT: For the purpose, for the purpose of establishing that he
k Y 4 9 maintained independent contact with her.
4 10 (|DEFENSE 1: Okay, thank you.
11 ||COURT: That he wants, that he’s inviting her continued drama.
C d M 12 || DEFENSE 1: Thank you.
0 e a p 13 [|COURT: When people, when people are addicted to drama, it can be a
14 two-way tango.
15 || DEFENSE 1: Thank you, Your Honor.
[ 16 || COURT: So, if they’re both addicted to their own drama and dysfunction,
17 and if he’s inviting that by sending her photos. Now, we’re not
’I 18 bringing in.
19 || DEFENSE 1: I agree, Your Honor.

map(“Is the judge changing how they
speak when talking to the defendant?”)

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.




Cost-Oriented Rewrite Directives

Add a compression step & push it down: op* = map = op*
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documents (via cheap LLM
or even code)
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Cost-Oriented Rewrite Directives

Add a compression step & push it down: op* = map = op*

drop irrelevant text from map(“Extract statements
documents (via cheap LLM exhibiting racial or
or even code) | gender bias.”

map(“Is the judge changlng how they
speak when talking to the defendant?”)

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Rewrite directives require new operators:
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New Operators for DocETL

Rewrite directives require new operators:

+ Split

+ Gather
4+ Resolve
+ Extract
+ Sample

Challenge Officer names are
— Quinnsworth  inconsistently referred to
across documents!

Document 1
# Officer X. Quinnsworth...

Even if they are
Document 2 :
¥ Sgt. Xander Quinnsworth was... consistently represented,

7~ Officer an LLM might
Inconsistently extract

them.

Document 3 .
# Officer Quinnswrth, badge #... Quinnsworth

map - reduce = map - resolve - reduce
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Rewrite Directives at Scale

We have 30+ directives that “reshape” pipelines — changing document
size, number of docs, and the scope of each LLM call in a semantic operator.

Revisiting the optimizer:

1. Define the plan space

2. Estimate costs

3. Search for the optimal plan

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Rewrite Directives at Scale

We have 30+ directives that “reshape” pipelines — changing document
size, number of docs, and the scope of each LLM call in a semantic operator.

Revisiting the optimizer: : :
1. Define the plan space ... . Challenge: multi-objective

2. Estimate costs -------"" ($$ and accuracy)

3. Search for the optimal plan } .

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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We have 30+ directives that “reshape” pipelines — changing document
size, number of docs, and the scope of each LLM call in a semantic operator.
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3. Search for the optimal plan
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(New) Goal: multiple plans spanning
the accuracy—cost frontier
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Rewrite Directives at Scale

We have 30+ directives that “reshape” pipelines — changing document
size, number of docs, and the scope of each LLM call in a semantic operator.

Revisiting the optimizer: i ;
1. Define the plan space Challenges:
2. Estimate costs % Accuracy estimation is
3. Search for the optimal plan expensive (can't explore too
) . many alternatives)
(New) Goal: multiple plans spanning % Accuracy doesn't cleanly
the accuracy—cost frontier compose

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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of the previously extracted
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Problem: Optimal Substructure

Classical query optimizers rely on Not true for semantic operators.
the idea that the optimal plan is LLM behavior is context-sensitive
composed of optimal sub-plans. and fuzzy! Doesn't cleanly compose.

map(“Extract racially

charged statements.” map(“Combine or deduplicate all

Can correct or augment intermediates!

map(“Find statements that

might exhibit gender bias.

I ___.-"" | statements of implicit bias.)

map( Is the judge changing how they

)

of the previously extracted

speak when talking to the defendant?”)

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Search over Rewrite Directives

Multi-Objective Agentic Rewrites for Unstructured Data Processing. Wei* Shankar* et al. Under submission.

User-Written Pipeline
~10,000 1 0p

police reports No rewrites: pipeline uses gpt-5

Acc: 0.471 Cost: $562

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Search over Rewrite Directives

Multi-Objective Agentic Rewrites for Unstructured Data Processing. Wei* Shankar* et al. Under submission.

~10,000
police reports

i

#1
[ Change model to gpt-4.1-nano

1op]

Worst Accuracy

#13 2 0ps

Add code map operation to truncate
beginning & end of each document

Acc: 0.229 Cost: $2.40

User-Written Pipeline

10p
No rewrites: pipeline uses gpt-5

Acc: 0.471 Cost: $562

H2
{ Change model to gpt-5-nano

")

[ #10

.

Task decomposition: extract each
factor in parallel + reduce results

N
/7 ops

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Search over Rewrite Directives
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e Selection is deterministic (UCB applied to trees) & not LLM-based.
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Background: Model Cascade

Task Cascades. Shankar, Zeighami, Parameswaran. Under Revision at SIGMOD ’26.

Key idea: reduce total cost by routing inputs through a sequence of models.
+ Used extensively in computer vision; recently applied to LLMSs.
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19 be fair game. But anything beyond that, not relevant. So, if your
20 position is that he’s the one who kept taunting her, um, trying to |
19 19 be fair game. But anything beyond that, not relevant. So, if your
20 20 position is that he’s the one who kept taunting her, um, trying to
21 21 get her back, playing with her mind, whatever. I mean, be that
19 2 as it may. So, but if it, if that’s the premise for it, I'll have to
20 2 wait and see. So, I am going to tentatively indicate that I am
21 2 generally excluding but there may be instances where it may be
2 25 relevant if that’s the position the defense takes and if there is
23 26 corroboration and testimony for that. But it’s only something
2% 27 that's within a year prior to when this occurred. So, it would
25 28 only be from, this is charged from August 7* of 2023, so,
26 1 anything after August 7" of 2022. Anything before August 7
z 2 0f2022 does not come in.
28 3 ||DEFENSE 1 So, just to clarify, Your Honor, and I just want to make sure that
1 4 I don’t violate any of your rulings. I am able to cross examine
2 s him on this.
3 6 || COURT: Yeah.
4 7 ||DEFENSE 1:  Okay, thank you
s 8 || COURT: For the purpose, for the purpose of establishing that he
6 9 maintained independent contact with her.
7 10 || DEFENSE 1: Okay, thank you.
8 11 || COURT: That he wants, that he’s inviting her continued drama.
9 12 || DEFENSE 1: Thank you.
10 13 [[COURT: When people, when people are addicted to drama, it can be a
1 14 two-way tango.
12 15 || DEFENSE 1:  Thank you, Your Honor.
13 16 || COURT: So, if they re both addicted to their own drama and dysfunction,
14 17 and if he’s inviting that by sending her photos. Now, we’re not
15 18 bringing in.
16 19 ||DEFENSE 1:  Tagree, Your Honor.
17 20 || COURT: Okay, we're not having that. But you can certainly ask him
18 21 about it. And then if he denies it, then you can show it to him.
19 22 || DEFENSE 1:  Thank you, Your Honor.
20 EE:UR] 23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
—— 21 about it. And then if he denies it, then you can show it to him.
22 || DEFENSE 1:  Thank you, Your Honor.
23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
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19 be fair game. But anything beyond that, not relevant. So, if your
20 position is that he’s the one who kept taunting her, um, trying to |
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1 4 I don’t violate any of your rulings. I am able to cross examine
2 s him on this.
3 6 || COURT: Yeah.
4 7 ||DEFENSE 1:  Okay, thank you
s 8 || COURT: For the purpose, for the purpose of establishing that he
6 9 maintained independent contact with her.
7 10 || DEFENSE 1: Okay, thank you.
8 11 || COURT: That he wants, that he’s inviting her continued drama.
9 12 || DEFENSE 1: Thank you.
10 13 [[COURT: When people, when people are addicted to drama, it can be a
1 14 two-way tango.
12 15 || DEFENSE 1:  Thank you, Your Honor.
13 16 || COURT: So, if they re both addicted to their own drama and dysfunction,
14 17 and if he’s inviting that by sending her photos. Now, we’re not
15 18 bringing in.
16 19 ||DEFENSE 1:  Tagree, Your Honor.
17 20 || COURT: Okay, we're not having that. But you can certainly ask him
18 21 about it. And then if he denies it, then you can show it to him.
19 22 || DEFENSE 1:  Thank you, Your Honor.
20 EE:UR] 23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
—— 21 about it. And then if he denies it, then you can show it to him.
22 || DEFENSE 1:  Thank you, Your Honor.
23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
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19 be fair game. But anything beyond that, not relevant. So, if your
20 position is that he’s the one who kept taunting her, um, trying to ‘ | .
19 19 be fair game. But anything beyond that, not relevant. So, if your ?
20 20 position is that he’s the one who kept taunting her, um, trying to
21 21 get her back, playing with her mind, whatever. I mean, be that
19 2 as it may. So, but if it, if that’s the premise for it, I'll have to .
20 23 wait and see. So, I am going to tentatively indicate that I am
21 2% generally excluding but there may be instances where it may be
2 25 relevant if that’s the position the defense takes and if there is
23 2% corroboration and testimony for that. But it’s only something ~ H BE B B B B BB E B E B B BN '
u 27 that's within a year prior to when this occurred. So, it would
25 28 only be from, this is charged from August 7* of 2023, so,
26 1 anything after August 7% of 2022. Anything before August 7%
2 2 02022 does not come in.
28 3 || DEFENSE 1 So, just to clarify, Your Honor, and I just want to make sure that
1 4 I don’t violate any of your rulings. I am able to cross examine
2 s him on this.
3 6 ||COURT: Yeah.
4 7 ||[DEFENSE 1:  Okay, thank you
s 8 ||COURT: For the purpose, for the purpose of establishing that he
6 9 maintained independent contact with her.
7 10 || DEFENSE 1: Okay, thank you.
8 11 || COURT: That he wants, that he’s inviting her continued drama.
9 12 || DEFENSE 1: Thank you.
10 13 || COURT: When people, when people are addicted to drama, it can be a
1 14 two-way tango.
12 15 ||DEFENSE 1:  Thank you, Your Honor.
13 16 || COURT: So, if they’re both addicted to their own drama and dysfunction,
14 17 and if he’s inviting that by sending her photos. Now, we're not
15 18 bringing in.
16 19 ||DEFENSE 1: I agree, Your Honor.
7 20 || COURT: Okay, we're not having that. But you can certainly ask him
13 21 about it. And then if he denies it, then you can show it to him.
19 22 ||DEFENSE I:  Thank you, Your Honor.
20 gslr}DR] 23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
—— 21 about it. And then if he denies it, then you can show it to him.
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23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
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19 19 be fair game. But anything beyond that, not relevant. So, if your
20 20 position is that he’s the one who kept taunting her, um, trying to ?
21 21 get her back, playing with her mind, whatever. I mean, be that
19 2 as it may. So, but if it, if that’s the premise for it, I'll have to .
20 2 wait and see. So, I am going to tentatively indicate that I am
21 2% generally excluding but there may be instances where it may be
2 25 relevant if that’s the position the defense takes and if there is
23 2% corroboration and testimony for that. But it’s only something ~ H BE B B B B BB E B E B B BN '
u 27 that's within a year prior to when this occurred. So, it would
25 28 only be from, this is charged from August 7* of 2023, so,
26 1 anything after August 7" of 2022. Anything before August 7
2 2 02022 does not come in.
28 3 ||DEFENSE I:  So, just to clarify, Your Honor, and I just want to make sure that
1 4 I don’t violate any of your rulings. I am able to cross examine
2 s him on this.
3 6 ||COURT: Yeah.
4 7 ||[DEFENSE 1:  Okay, thank you
s 8 ||COURT: For the purpose, for the purpose of establishing that he
6 9 maintained independent contact with her.
7 10 || DEFENSE 1: Okay, thank you.
8 11 ||COURT: That he wants, that he’s inviting her continued drama.
9 12 || DEFENSE 1: Thank you.
10 13 || COURT: When people, when people are addicted to drama, it can be a
1 14 two-way tango.
12 15 ||DEFENSE 1:  Thank you, Your Honor.
13 16 || COURT: So, if they’re both addicted to their own drama and dysfunction,
14 17 and if he’s inviting that by sending her photos. Now, we're not
15 18 bringing in.
16 19 ||DEFENSE 1: I agree, Your Honor.
7 20 || COURT: Okay, we're not having that. But you can certainly ask him
13 21 about it. And then if he denies it, then you can show it to him.
19 22 ||DEFENSE I:  Thank you, Your Honor.
20 ::UR] 23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
—— 21 about it. And then if he denies it, then you can show it to him.
22 ||DEFENSE I:  Thank you, Your Honor.
23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
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19 be fair game. But anything beyond that, not relevant. So, if your ‘ |
20 position is that he’s the one who kept taunting her, um, trying to . (] (]
19 19 be fair game. But anything beyond that, not relevant. So, if your ?
20 20 position is that he’s the one who kept taunting her, um, trying to
21 21 get her back, playing with her mind, whatever. I mean, be that
19 2 as it may. So, but if it, if that’s the premise for it, I'll have to .
20 23 wait and see. So, I am going to tentatively indicate that I am
21 2% generally excluding but there may be instances where it may be
2 25 relevant if that’s the position the defense takes and if there is
23 2% corroboration and testimony for that. But it’s only something ~ H BE B B B B BB E B E B B BN '
u 27 that's within a year prior to when this occurred. So, it would
25 28 only be from, this is charged from August 7* of 2023, so,
26 1 anything after August 7% of 2022. Anything before August 7%
2 2 02022 does not come in.
28 3 || DEFENSE 1 So, just to clarify, Your Honor, and I just want to make sure that
1 4 I don’t violate any of your rulings. I am able to cross examine
2 s him on this.
3 6 ||COURT: Yeah.
4 7 ||[DEFENSE 1:  Okay, thank you
s 8 ||COURT: For the purpose, for the purpose of establishing that he
6 9 maintained independent contact with her.
7 10 || DEFENSE 1: Okay, thank you.
8 11 || COURT: That he wants, that he’s inviting her continued drama.
9 12 || DEFENSE 1: Thank you.
10 13 || COURT: When people, when people are addicted to drama, it can be a
1 14 two-way tango.
12 15 ||DEFENSE 1:  Thank you, Your Honor.
13 16 || COURT: So, if they’re both addicted to their own drama and dysfunction,
14 17 and if he’s inviting that by sending her photos. Now, we're not
’ , bringing in. ¢ IE I I H EH H EH EH E H =E = = B
16 19 ||DEFENSE 1: I agree, Your Honor.
7 20 || COURT: Okay, we're not having that. But you can certainly ask him
13 21 about it. And then if he denies it, then you can show it to him.
19 22 ||DEFENSE I:  Thank you, Your Honor.
20 gslrjnl{] 23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
—— 21 about it. And then if he denies it, then you can show it to him.
22 ||DEFENSE I:  Thank you, Your Honor.
23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
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19 be fair game. But anything beyond that, not relevant. So, if your ‘ |
20 position is that he’s the one who kept taunting her, um, trying to . (] (]
19 19 be fair game. But anything beyond that, not relevant. So, if your ?
20 20 position is that he’s the one who kept taunting her, um, trying to
21 21 get her back, playing with her mind, whatever. I mean, be that
19 2 as it may. So, but if it, if that’s the premise for it, I'll have to .
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21 2% generally excluding but there may be instances where it may be
2 25 relevant if that’s the position the defense takes and if there is
23 2% corroboration and testimony for that. But it’s only something ~ H BE B B B B BB E B E B B BN '
u 27 that's within a year prior to when this occurred. So, it would
25 28 only be from, this is charged from August 7* of 2023, so,
26 1 anything after August 7% of 2022. Anything before August 7%
2 2 02022 does not come in.
28 3 || DEFENSE 1 So, just to clarify, Your Honor, and I just want to make sure that
1 4 I don’t violate any of your rulings. I am able to cross examine
2 s him on this.
3 6 ||COURT: Yeah.
4 7 ||[DEFENSE 1:  Okay, thank you
s 8 ||COURT: For the purpose, for the purpose of establishing that he
6 9 maintained independent contact with her.
7 10 || DEFENSE 1: Okay, thank you.
8 11 || COURT: That he wants, that he’s inviting her continued drama.
9 12 || DEFENSE 1: Thank you.
10 13 || COURT: When people, when people are addicted to drama, it can be a
1 14 two-way tango.
12 15 ||DEFENSE 1:  Thank you, Your Honor. ‘ ‘ ' ’
13 16 || COURT: So, if they’re both addicted to their own drama and dysfunction,
14 17 and if he’s inviting that by sending her photos. Now, we're not
’ , bringing in. ¢ IE I I H EH H EH EH E H =E = = B
16 19 ||DEFENSE 1: I agree, Your Honor.
7 20 || COURT: Okay, we're not having that. But you can certainly ask him
13 21 about it. And then if he denies it, then you can show it to him.
19 22 ||DEFENSE I:  Thank you, Your Honor.
20 gslrjnl{] 23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
—— 21 about it. And then if he denies it, then you can show it to him.
22 ||DEFENSE I:  Thank you, Your Honor.
23 || PROSECUTOR 1: Your Honor, and I just want to clarify. Can defense counsel ask
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19 be fair game. But anything beyond that, not relevant. So, if your ‘ |
20 position is that he’s the one who kept taunting her, um, trying to . (] (]
19 19 be fair game. But anything beyond that, not relevant. So, if your ?
20 20 position is that he’s the one who kept taunting her, um, trying to
21 21 get her back, playing with her mind, whatever. I mean, be that
19 2 as it may. So, but if it, if that’s the premise for it, I'll have to .
20 23 wait and see. So, I am going to tentatively indicate that I am
21 2% generally excluding but there may be instances where it may be
2 25 relevant if that’s the position the defense takes and if there is
23 2% corroboration and testimony for that. But it’s only something ~ H BE B B B B BB E B E B B BN '
u 27 that's within a year prior to when this occurred. So, it would
25 28 only be from, this is charged from August 7* of 2023, so,
26 1 anything after August 7% of 2022. Anything before August 7%
2 2 02022 does not come in.
28 3 || DEFENSE 1 So, just to clarify, Your Honor, and I just want to make sure that
1 4 I don’t violate any of your rulings. I am able to cross examine
2 s him on this.
3 6 ||COURT: Yeah.
4 7 ||[DEFENSE 1:  Okay, thank you
s 8 ||COURT: For the purpose, for the purpose of establishing that he
6 9 maintained independent contact with her.
7 10 || DEFENSE 1: Okay, thank you.
8 11 || COURT: That he wants, that he’s inviting her continued drama.
9 12 || DEFENSE 1: Thank you.
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19 be fair game. But anything beyond that, not relevant. So, if your ‘ |
20 position is that he’s the one who kept taunting her, um, trying to . (] (]
19 19 be fair game. But anything beyond that, not relevant. So, if your ?
20 20 position is that he’s the one who kept taunting her, um, trying to
21 21 get her back, playing with her mind, whatever. I mean, be that
19 2 as it may. So, but if it, if that’s the premise for it, I'll have to .
20 23 wait and see. So, I am going to tentatively indicate that I am
21 2% generally excluding but there may be instances where it may be
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4+ Data: how much of the document is stuffed in the LLM call (Model,

4+ Operation: how complex the prompt or reasoning is document
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The Task Cascade Rewrite

Task Cascades. Shankar, Zeighami, Parameswaran. Under Revision at SIGMOD ’26.

map = map* - map
filter = map* = filter

Procedure:
1. Reorder documents for cheaper

partial reads.

2. Generate lots of surrogate map
operations.

3. Select tasks, thresholds, and order
for the cascade.
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The Task Cascade Rewrite

Task Cascades. Shankar, Zeighami, Parameswaran. Under Revision at SIGMOD ’26.

map = map* - map

filter = map* = filter We show that

Constructing an optimal
Procedure: task cascade is NP-Hard
1. Reorder documents for cheaper (in the task space).

partial reads.
2. Generate lots of surrogate mez
g map We therefore do (3) with a

operations. greedy algorithm.
3. Select tasks, thresholds, and order

for the cascade.
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Task Cascades with Guarantees

Task Cascades. Shankar, Zeighami, Parameswaran. Under Revision at SIGMOD ’26.

Goal: Select cascade thresholds to minimize oracle model usage while
guaranteeing accuracy > T (relative to the oracle model).

We can get accuracy guarantees of the following form:
PrAY)>T)>1-6

where A is the accuracy function, Y represent cascade outputs, and § is a
user-defined failure rate.
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Sequential Test for Selectlng Safe Thresholds

Task Cas s. Shankar, Zeighami, Parameswaran. Under Revi at SIGMOD ‘26.
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Solution: Sequential procedure. | * IT freturn

1. Start aty Zone.
2. While E(t) = 1, move to r,_ , + If E(z¥) = 0, the algorithm is correct.

3. Stop at first, with E(; =0) | + [T E(") =1, then

PrE(t¥) = 1) <6 = Pr(A(lem) < T) < 6.

cturn

4. t —t_

return ]—
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Task Cascades: Recap & Results

Task Cascades. Shankar, Zeighami, Parameswaran. Under Revision at SIGMOD ’26.

Motivation: Rewrite directives expose many execution strategies, but
many are low-accuracy and evaluating accuracy Is expensive.

Task Cascades—enabled by new algorithmic tools—safely replace
expensive operators with cheaper ones, while guaranteeing accuracy.
+ map = map™® - map

+ filter ® map* - t1ilter

Result across 8 real-world workloads: 48.5% cheaper than model
cascade baselines and 86% cheaper than operators pre-rewrite.
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Recap: Optimizing Semantic Data Pipelines

For unstructured data and semantic operators:

+ Transformations: semantic rewrite directives (not syntactic rules)
4+ Search:

¥ Complete plans (not necessarily subplans)

% Learned heuristics (UCT) + LLM agents

* Statistical tools to estimate whether rewrites will be helpful

How can data systems
reason over
unstructured data?

Build on database foundations, but adapt
them—significantly!—for LLM realities.
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Today's Talk

How can users steer and debug data
systems that expose Al capabilities?
DocWrangler (UIST °Y)
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Why Is semantic data
processing so hard?



DocWrangler as a Design Probe

e A: Pipeline
editor

e B: Input &
Output
Inspector

reminiscent of
data wrangling,
programming-

by-example

File Edit Help Quick Save @® Info

{2 DocWrangler

Cost: $0.01 IO Files = Output [ Dataset

O FILES

MedicalAnalysis

< [ 19 Overview J [ @ System Prompts ] [(9 10

Jle « &

[ Add Operation + ] ‘ ’

Tip: Right-click files to view, download or delete
them

B medical_transcripts.json

0 NOTES

m ® gemini/gemini-2.0-flash  extract_discomfort_symptoms

{{ input.src }}

extract discomfort information from the medical transcript.

[ 3= Show Outputs ] [ Z Improve Prompt ] @ A

identify the discomfort level (low, medium, high), provide a brief description of the discomfort, and list the symptoms the patient complains about.

A Output Schema (©)

[ discomfort_level

o Je

Enum Values

(v )& [meam ] [on

| &

[ discomfort_description

e

[ symptoms

e

+ Add Field

PDF URL Key (O

+ Add Value

[ e.g. url or pdf_path

Tip: Click .” in any output column to leave notes '
on outputs

Note: Notes are only used when clicking 2

Improve Prompt, not in operation prompts

[ Search... ] Y

>. OUTPUT - extract_discomfort_symptoms Console  Table

10 in 10 out 1.00x

1: "high blood

nurse told you about dax . i'd

Show/Hide Columns v Reset Widths < Previous | Page1of2
1 . symptoms 1 . discomfort_level 11 . discomfort_description I 2 src o ot i 2 file
Q Filter... Q Filter... Q Filter... Q Filter... Q Filter... Q Filter...
# 2 ltems avg: 4 6 Items 2 distinct values 3 words avg: 18 76 words 628 words avg: 1279 1656 words 135 words avg: 461 579 words 17 chars avg: 17 17 chars
lllllllllllllll IIIIIIIIIIIIIIIIIIIIIIII llllllllll lllgg,lllllllllllllll lllggggg,llllllllllll lIIIIIIIIIIIIIIIII
2 5 medium high 3 € 6 628 1069 1510 135 327 519 17
Q Search in cell... Q Search in cell... Q Searchin cell... Q Search in cell... Q Search in cell... Q Searchin cell...
A Array (3 items) medium Patient has elevated blood pressure and some [doctor] hi, martha . how are CHIEF COMPLAINT D2NO0O01-virtassist
0: " 1 fluid in legs, along with a heart murmur and low you ? [patient] i'm doing okay . Annual exam.
: "nasa . . -
® tion" pumping function of the heart. how are you ? [doctor] i'm HISTORY OF PRESENT
congestion . .
9 doing okay . so, i know the ILLNESS

Martha Collins is a 50-year-

‘ & Run Fresh m B medical_transcripts.json

> Available Keys

> Dataset Statistics

Documents Word Count Distribution
87 247
Average
Words o
1,626
Min Words
124
714
Max Words
3,376 6-
Std
Deviation 0
465 S SR S,
o) N > Q N
&) '\‘? q,9 qf? '5"\
) 11 ] No
Search (min 5 characters)... Qllall v
matches

1 [{"src":"[doctor] hi , martha . how are you
. how are you ?\n[doctor] i'm doing okay . s
you about dax . i'd like to tell dax a littl
\n[patient] okay .\n[doctor] martha is a 50-
medical history significant for congestive h
and hypertension who presents for her annual
been a year since i've seen you . how are yc¢
doing well . i've been traveling a lot recen
have gotten a bit lighter . and i got my , n
about traveling . i've been doing a lot of h
washington last weekend to hike in northern
mount baker area .\n[doctor] nice . that's g
that you're staying active , you know . 1 ,
i'm so happy the summer is over . i'm defini
.\n[patient] yes , fall foliage is the best
tell me , how are you doing with the congest
you doing watching your diet ? i know we've
sodium diet . are you doing okay with that ?
well with that . i resisted , as much , as i
tots , you know , the soft pretzels , the sa
to eat . and i've been doing a really good j
right . well , i'm glad to hear that . and y
medication ?\n[patient] yes .\n[doctor] okay
like chest pains , shortness of breath , any
\n[patient] no , not that i've noticed .\n[d
and then in terms of your depression , i knc
of medication in the past because you're on
problems . how are you doing ? and i know th
therapy . is that helping ? or-\n[patient] y
lot . i've been going every week , um , for

pressure" like to tell dax a little bit about  old female with a past annual exam . and that's been really helpful
2. "fluid in leme' you , okay ? [patient] okay . medical history significant for so , no , no issues , no feelings of wanting
others ?\n[patient] no , nothing like that .

0 Saarchan ol raY Saarchan ocgll ra) Saarchan oall raY Saarch s ogil 0 Saarchan ol ra Saarchan ogll

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Cost: $0.19 L] Files = Output [1 Dataset

raw.json

> Available Keys

> Dataset Statistics

: No
[ Search (min 5 characters)... ]‘QH 2 H v I
matches
1 [
2 {
3 Lsiie e [doctEor]INhiie:

martha . how are you ?\n[patient] i'm
doing okay . how are you ?\n[doctor]
i'm doing okay . so , 1 know the nurse
told you about dax . 1'd like to tell
dax a little bit about you , okay ?
\n[patient] okay .\n[doctor] martha is
a 50-year-old female with a past
medical history significant for
congestive heart failure , depression
and hypertension who presents for her
annual exam . so , martha , 1t's been
a year since 1i've seen you . how are
you doing ?\n[patient] i'm doing well
. 1've been traveling a lot recently
since things have , have gotten a bit
lighter . and i got my , my vaccine ,
so 1 feel safer about traveling . 1i've

Example Dataset: Conversation
Transcripts between Doctors and
Patients

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Cost: $0.19 L] Files = Output [1 Dataset

raw.json

> Available Keys

> Dataset Statistics

: No
[ Search (min 5 characters)... ]‘QH 2 H v I
matches
1 [
2 {
3 Lsiie e [doctEor]INhiie:

martha . how are you ?\n[patient] i'm
doing okay . how are you ?\n[doctor]
i'm doing okay . so , 1 know the nurse
told you about dax . 1'd like to tell
dax a little bit about you , okay ?
\n[patient] okay .\n[doctor] martha is
a 50-year-old female with a past
medical history significant for
congestive heart failure , depression
and hypertension who presents for her
annual exam . so , martha , 1t's been
a year since 1i've seen you . how are
you doing ?\n[patient] i'm doing well
. 1've been traveling a lot recently
since things have , have gotten a bit
lighter . and i got my , my vaccine ,
so 1 feel safer about traveling . 1i've

Example Dataset: Conversation
Transcripts between Doctors and
Patients

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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ick Save () Info 4 DocWrangler (calm-bear-a2d6io0) Cost: $0.19 l L] Files 1 Output Dataset
Medical_Analysis > [ Add Operation + } 23 Run Fresh m
map @ gpt-40-mini extract_medications [ s= Show Outputs } [ % Improve Prompt } {E} A

Enter prompt (must be a Jinja2 template)

Semantic operators are very expressive!
At the same time: very hard to author.

Prompt must contain Jinja2 template syntax {{ and }}

A Output Schema (i)

[ medications } [ list } W

List type: ( string 3 1
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Observation: Long Tall of Issues



Observation: Long Tall of Issues

An Output

Q Search in cell...

~ Array (2 items)

0: "Lisinopril"”

1l: "Lasix 20 mg/day"
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Observation: Long Tall of Issues

An Output A User Reaction
Q  searchin cell.. | want the analysis to include
~ Array (2 items) dosages for all medications.

0: "Lisinopril"”

1l: "Lasix 20 mg/day"




Observation: Long Tall of Issues



Observation: Long Tall of Issues

An Output

Q

~ Array (2 items)

Search in cell...

0: "Ultram 50 mg every six hours as needed"

1: "Synthroid - continue on current dosage"

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Observation: Long Tall of Issues

An Output A User Reaction
Q  searchin cell. “Current dosage” is not specific.
~ Array (2 items) | want the exact dosage for
0: "Ultram 50 mg every six hours as needed" Synthroid...
1: "Synthroid - continue on current dosage"

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Observation: Long Tall of Issues

An Output

Q Search in cell...

~ Array (5 1items)

ncOQlen

"Vitamin D"

0

1

2: "Vitamin C"
3: "Fish 0il"
4

"Elderberry Fruit"

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.



Observation: Long Tall of Issues

An Output A User Reaction

Q Search in cell...

| don’t want the LLM to extract over-
the-counter meds or supplements.

~ Array (5 items)

0: "CoQ10" S
o Prescription meds only.

1: "Vitamin D"

2: "Vitamin C"

3: "Fish 0il"

4: "Elderberry Fruit"




Pipelines are Discovered, not Declared
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Pipelines are Discovered, not Declared

@® No change
@ Minor change
>10 char diff in an operation

18%

Diffs for 3.3k
pipelines - 19Y%

63%

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Pipelines are Discovered, not Declared

@® No change
@ Minor change
>10 char diff in an operation

18%
If semantic operators need
authoring tools, what discovery-
Diffs for 3.3k oriented tools do we build?
pipelines - 19Y%

63%

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Why Is semantic data
processing so hard?
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What tools do users need to
accelerate pipeline discovery?



X
Improve Prompt Pl Key

One idea: an interactive assistant to
Improve semantic operator prompts

Select the operation you want to improve the prompt for

extract_medications

Current Prompt:

from the following conversation transcript, list all the medications that the doctor prescribed to the patient: {{ input }}

Your Notes:

No feedback or bookmarks found for this operation.

Additional Instructions (optional)

Add specific instructions for improving the prompt (e.g., 'Make it more concise', 'Add more examples')

Leave blank to let the Al follow default improvement guidelines

Continue to Analysis

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.



X
Improve Prompt Pl Key

One idea: an interactive assistant to
Improve semantic operator prompts

Select the operation you want to improve the prompt for

extract_medications

Current Prompt:

from the following conversation transcript, list all the medications that the doctor prescribed to the patient: {{ input }}

Your Notes:

No feedback or bookmarks found for this operation.

Additional Instructions (optional)

Add specific instructions for improving the prompt (e.g., 'Make it more concise', 'Add more examples')

Leave blank to let the Al follow default improvement guidelines

Continue to Analysis

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.



Towards a Principled Understanding

- Median # Chars in a DocETL Pipeline

Building one tool doesn't solve all 5000
problems; e.qg.,

+ It's hard to remember all the g >0

changes to make; § 2500
+ Each edit adds more detail: & 1250
4+ Operators become bloated and 5

hard to validate and manage. 1 4 7 10 13 16 19 22 2528 3134 37 40
lteration
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Towards a Principled Understanding

- Median # Chars in a DocETL Pipeline

Building one tool doesn't solve all 5000
problems; e.qg., o 2750
4+ It's hard to remember all the 2
changes to make; 5 2500
+ Each edit adds more detail: % 1250
4+ Operators become bloated and 5
hard to validate and manage. 1 4 7 10 13 16 19 22 25 28 31 34 37 40

lteration

We don't just need better tools; we need a theory for
understanding where tools are needed.
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What tools do users heed to
accelerate pipeline discovery?
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How do we map the space of
user challenges?



Three Gulfs Model

& Gulf of
@ Specification
USER \ O@

000 |00
Gulf of LLM PIPELINE
Comprehension . /
Gulf of
Generalization

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Three Gulfs Model

K%L Gulf of
(—E Specification

Gulf of
Comprehension

Guﬁof

\_ i

LLM PIPELINE

DATA Generalization

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Three gulfs model applies to the ecosystem of
tools for unstructured data processing.




Three gulfs model applies to the ecosystem of
tools for unstructured data processing.

Not every tool needs to solve all three gulfs.




Three Gulfs Model
(%@ gsgcci);cation

USER Q@
Gulf of Comprehension 000 oo
LLM PIPELINE

- Docs overwhelm users

- LLMs generate data
that also needs to be
comprehended

Gulf of
Generalization

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Three Gulfs Model

Gulf of Specification

- How to express a
m complex query as some
USER \ prompt(s)? £
\ \ O00 |00

Gulf of LLM PIPELINE
Comprehension

Gulf of
Generalization

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.
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Three Gulfs Model
&@ gggc?;cation

Gulf of
Comprehension

wler

LLM PIPELINE

J

Gulf of Generalization

- Tasks may be too complex for LLMs
- Requires decomposition or
restructuring of the pipeline

63
Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.



Why the Three Gulfs Model Matters

Steering Semantic Data Processing with DocWrangler. Shankar* Chopra* et al. UIST '25. ‘Y

69



Why the Three Gulfs Model Matters

Steering Semantic Data Processing with DocWrangler. Shankar* Chopra* et al. UIST '25. ‘Y

Systems Perspective

* Precise diagnhosis of user-
facing challenges

% Enables better solutions and
evaluation
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Why the Three Gulfs Model Matters

Steering Semantic Data Processing with DocWrangler. Shankar* Chopra* et al. UIST '25. ‘'Y

Systems Perspective HCI Perspective

* Precise diagnhosis of user- * New methodology: “lateral”
facing challenges deployment

* Enables better solutions and * Empirical foundation for
evaluation studying how people build,

adapt, and reason about Al
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Impact: DocWrangler Users

Steering Semantic Data Processing with DocWrangler. Shankar* Chopra* et al. UIST '25. ‘Y
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Impact: DocETL Community

®
= O ucbepic / docetl Q A @

¢> Code (%) Issues 28 i0 Pullrequests 9

© Y v

A system for agentic LLM-powered data processing and
ETL

¢’ docetl.org

5[5 MIT license

v 3.1kstars % 320 forks & 26 watching
¥ 112 Branches © 15 Tags -\ Activity
(=] Custom properties

@ Public repository
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Impact: DocETL Community
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key points.
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- [Summary of key point 1]
= - [Summary of key point 2]

D - [Summary of key point 3]
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Displaying enriched docETL data using
solvit/fasthtml

The reason for this project is | have data that is currently in Excel, i want to build a front end website to display
the informaiton and use advanced information retreivable. The data was enriched using DocETL which enables
you to build a series of LLM operations to extract and enrich inforamtion from un scrtuctured data. | see these
LLM operations been key in every organization and being able to display and maniplate the data as a key skill. In
this case it is a fictious set of email data. Lets dive into the code :

A Building a FastHTML + LanceDB Search App Using Solvelt (Jeremy H... o ad
»_”anch I'{atsrs = %hgre_ =

By solveit * Testing fasthtml_json _final cut o
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Watch on B3 Youlube

Y L TCE

imports and setups

import lancedb

import numpy as np

from lancedb.pydantic import LanceModel, Vector
from lancedb.embeddings import get_registry
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How can we evaluate LLM outputs
reliably and cheaply at scale?



How can we evaluate LLM outputs
reliably and cheaply at scale?

Algorithms are one solution.

My question: what can the interface do?
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Adoption from Tech Companies

LangChain

Case Studies InthelLoop LangChain Docs Changelog Signin Q

Motivating research

There were two pieces of motivating research that led us to implement a

solution.

The first piece is nothing new: language models are adept at few-shot
learning. If you give LLMs examples of things done correctly, they will imitate
the correct behavior. This method is widely-adopted in our client LLM
applications; it's particularly effective in cases where it's tough to explain in
instructions how the LLM should behave, and where the output is expected to

~navea particular format. Evaluations fit both these criterial

The other piece of research is new: a paper out of Berkeley by Shreya Shankar
titled Who Validates the Validators? Aligning LLM-Assisted Evaluation of
LLM Outputs with Human Preferences. This paper addresses the same
problem, and, though it proposes a different solution than ours, it helped
motivate our usage of feedback collection as a way to programmatically align

LLM evaluations with human preferences.

“So - how did we take these two ideas and build our “seli-improving®

evaluators?

" To better align our LLM judge with human judgements, we use an adapted version of
¥ EvalGEN [8]. EvalGEN is a framework for validating LLM outputs through iterating on
+ a set of criteria based human inputs. We use this process to align our LLM judge for

¢ document filtering, the first step in our generative benchmarking process.

Generative Benchmarking

Urrovved llls LUONO. TTHHO CUITILTUOLO VWil e uullunguuy Vi Teun vulu, vwiivir o qupl o Ui

often vague with only partial matches to their relevant documents. Lastly, most
embedding models have likely seen these benchmark datasets during training, which
makes it difficult to distinguish true retrieval capabilities from memorization.

Synthetic dataset generation for information retrieval has been an active area of
research, such as the work by InPars [4] and Promptagator [5], which leverage few-
shot prompting for generating synthetic training data. These methods are aimed at
improving retrieval models, often focusing on improvements in metrics such as
Recall. This contrasts with our motivation to evaluate models in a more realistic
manner rather than to improve them.

RAGAS [6] and AIR-Bench [7] are more aligned to our focus on evaluation, as both
aim to generate testsets for evaluating retrieval in real-world scenarios. Both
approaches focus on the diversity of generated testsets, with RAGAS focusing on
diversity in query type and AIR-Bench aiming for diversity in domains beyond public
benchmarks. However, an area that has not been extensively explored in prior work is
how well these synthetically generated queries represent real user queries from
production. Our experiments focus on synthetically generating queries that are
representative of the ground truth, which we believe is the objective of a golden
dataset when evaluating retrieval systems.

In our work, we also employ Large Language Models (LLMs) as judges for labeling
tasks. LLM judges allow for a cost-effective and consistent way of labeling data,
however, they come with known problems around alignment. We cannot guarantee
that LLMs will have the same judgments as humans would, largely due to their high
sensitivity to minor changes in prompting and the difficulty in articulating ambiguous
concepts such as "relevance”.

Building Effective Al-Powered Data Systems. Shreya Shankar, 2025.




Teaching Evals to 3.5k+ Practitioners

(i )
ANALYZE
Collect representative
’ examples and categorize
failure modes
\_ Hi
@ i)

IMPROVE

Refine prompts, models, and
pipeline architecture

N 5
€ >
MEASURE
— Translate qualitative
insights into quantitative
metrics
\_ 15/

Kapse et al., “Building Resilient Prompts Using an
Evaluation Flywheel”, OpenAl Cookbook, Oct. 6 2025.
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If you are building Al infused product or service, then understanding how Excellent Course - Highly Recommend | took this course with

build credible evals is fundamental. | always say “vibe check # validation”. beginner/intermediate knowledge and found it valuable for all skill levels.
In order to build credibility evals, you need to deeply understand the Hamel and Shreya are outstanding instructors who give thoughtful
workflow of build evals for your Al software. Hamel & Shreya’s did exactly / answers to everyone's questions. The curriculum is very comprehensive,
covering practical exercises, theoretical frameworks, benchmarking, and /

for me, it gave me structure, vocabulary and workflow to build evals with

confidence. | feel more in control of my product destiny as a result of real-world applications. | learned as much from other students' questions

and challenges as | did from the course material itself. | genuinely leveled
up taking this course. Highly recommended whether you're just starting
out or looking to evaluate your current process.

s Kara

attending this course. | would highly recommend this course to all Al
Builders.

2 Ashish | “oicin s

Senior Product Manager
Audible (Amazon)

i Senior Technical Product Manager
Comcast

Before taking the course, | didn't realise how detailed and involved
creating effective evaluations for Al applications can be. Now that | have
completed the course, | thought | had a good understanding of
evaluations, but | discovered several gaps in my knowledge that would...

This course is incredibly valuable! Thoughtful and clear coursework,
excellent resources, brilliant instructors. | am excited to incorporate the
learnings, and refer back to the sessions in the future! Thank you Hamel
and Shreya!

Read more
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Future: Full-Stack for Unstructured Data

DocETL
Interface
. Takes a long RL agents to learn
Optimizer : :
time query rewrites

Opportunities for Open-source LMs;

Execution Engine : :
J acceleration custom KV caching

Data is too Compression for

Storage :
J big unstructured data
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Future: Full-Stack for Unstructured Data

r ) ~ R

DocDiscovery? —> DocWrangler —  DocETL ——| Doclnsights?

_J L _J

Lifecycle gaps:
4+ Before: tools to help decide what to analyze
4+ During: collaborative environments for iterative refinement

+ After: interfaces to communicate interpretive, non-deterministic
findings



Moonshot: How Al Reshapes
Knowledge Work

Two observations from DocETL:

+ Al capabillities shape questions
+ Al capabilities shape what types of data can exist

How do workflows evolve as users discover Al possibilities and limitations?
Can we build systems to support newly emerging research methodologies?

Requires collaboration: e.g., economists, policymakers, scientists, social
scientists, theorists
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