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A simple question needs just one search

What is Akari Asai’s office number at CMU?
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A simple question needs just one search MERIRELARIER R,

Akari Asai 7£ CMU BUDAERIFESEREESD?
What is Akari Asai’s office number at CMU? R
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THE RELEVANT EVIDENCE

@ 5507 Gates & Hillman Centers

CMU LTI faculty profile, captured September 16, 2026.
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Complex research needs many searches

Can Al agents synthesize scientific literature as well as human experts?

® DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research

OpreNEIEIEITNT: SYNTHESIZING SCIENTIFIC
LITERATURE WITH RETRIEVAL-AUGMENTED LMS
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Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.; DR Tulu: Reinforcement Learning with Evolving Rubrics
for Deep Research. ICML 2026..
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Complex research needs many searches

Can Al agents synthesize scientific literature as well as human experts?
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Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.; DR Tulu: Reinforcement Learning with Evolving Rubrics
for Deep Research. ICML 2026..
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Complex research needs many searches

Can Al agents synthesize scientific literature as well as human experts?
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A No single result settles this question

Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.; DR Tulu: Reinforcement Learning with Evolving Rubrics
for Deep Research. ICML 2026..
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Complex research needs many searches

Can Al agents synthesize scientific literature as well as human experts?

OpeNEISFEIFNT: SYNTHESIZING SCIENTIFIC

LITERATURE WITH RETRIEVAL-AUGMENTED LMS ® DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research

A No single result settles this question

Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.; DR Tulu: Reinforcement Learning with Evolving Rubrics
for Deep Research. ICML 2026..
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Complex research needs many searches

Can Al agents synthesize scientific literature as well as human experts?

- Plan

| need to separate strong benchmark results from direct comparisons with
human experts.
1. Find studies of literature synthesis.

2. Check how experts and agents were compared.

3. Compare tasks and limits before drawing a conclusion.

Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.; DR Tulu: Reinforcement Learning with Evolving Rubrics
for Deep Research. ICML 2026..
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Synthesizing scientific literature with retrieval-augmented language
models. Nature 2026. - DR Tulu: Reinforcement Learning with Evolving
Rubrics for Deep Research. ICML 2026.
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Complex research needs many searches SRMRBES LR,

Al BEERBERBRAR TR —HFEERIZFRA?

R Al B8R Xalma AKEZ R,

ZER A HREE—RESES Al RFEHALIREIZES.
PR SRR RIZE S ASRERIEIE.

Can Al agents synthesize scientific literature as well as human experts?

Q_ Search "
. . . z B: S
Al agent literature synthesis human expert evaluation AR B TRIT

Synthesizing scientific literature with retrieval-augmented language
models. Nature 2026. - DR Tulu: Reinforcement Learning with Evolving
Rubrics for Deep Research. ICML 2026.

Result A: a research benchmark
Reports answer scores against other Al systems.

Result B: an expert evaluation
Compares agent answers with human-written answers.

Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.; DR Tulu: Reinforcement Learning with Evolving Rubrics
for Deep Research. ICML 2026..
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Complex research needs many searches

Can Al agents synthesize scientific literature as well as human experts?

2t Reflect

These studies use different comparisons. A higher benchmark score does not
yet answer my question about human experts. Which tasks and domains
were tested?

Q_ Search again

literature synthesis expert comparison tasks domains evaluation protocol

Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.; DR Tulu: Reinforcement Learning with Evolving Rubrics
for Deep Research. ICML 2026..
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Synthesizing scientific literature with retrieval-augmented language
models. Nature 2026. - DR Tulu: Reinforcement Learning with Evolving
Rubrics for Deep Research. ICML 2026.
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Complex research needs many searches SRMRBES LR,

Al BEERBERBRAR TR —HFEERIZFRA?
REEE: EENNES LRNEHRE, B ZHARI T 5K FRKREENERA.

EEEUNNE SR, EREREF OpenScholar NEZE, MARERES
REIE, HSIREBESAKERES. [1]

Can Al agents synthesize scientific literature as well as human experts?

FINAL ANSWER
Promising on tested tasks; broader parity with experts remains unproven.

On evaluated literature-synthesis questions, experts preferred OpenScholar answers over DR Tulu R MKRIHAEE LIRS TSR, SHEME Al EEERIIHLERITEE
expert-written ones; citation accuracy was comparable to human experts. [1] BRI ERBIAREZTKE. [2]

DR Tulu reports strong results across four long-form research benchmarks. Comparisons [1] Synthesizing scientific literature with retrieval-augmented language
with other Al agents do not directly establish parity with human experts. [2] models. Nature 2026.

1] Synthesizi ientific literature with retrieval-augmented lan models. Nature 2026. . . . . .
L1} Synthesizing scientific literature wi R e [2] DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep

[2] DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026. Research. ICML 2026.

Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.; DR Tulu: Reinforcement Learning with Evolving Rubrics
for Deep Research. ICML 2026..
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Today’s lecture T B TIHRESS IR,
BiE ¥IER EENSA.

. AEARPIIEER: AT T —LSIHIIEE.
Evaluation

Benchmarks, rubrics, and citation support

% Modeling

Learning to search, reason, and synthesize

O\ Retrieval for deep research

Finding evidence for the agent’s next step
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Limitations of Classical QA Benchmarks EHRERERRR,
R R (RAOREE)Y FECHRIFRE?

QUESTION
who wrote the score for the force awakens HEEBFR / KIFHE,

sz illi
WIKIPEDIA /| SOURCE DOCUMENT l &2 John Williams,

Star Wars: The Force Awakens — Original Natur a| QU estions E‘E/_J_TWU : %ﬁ}%ﬁé&%ﬁﬂﬂ%ﬂ H&ZK (201 8&) .

Motion Picture Soundtrack is the film score to

the 2015 film of the same name composed bywith Williams and William Ross
conducting, and Gustavo Dudamel appearing as a "special guest conductor". The album was
released by Walt Disney Records on December 18, 2015 in both digipak CD and digital
formats.["1l2]

ANSWER ¢

John Williams

Official Natural Questions example; linked Wikipedia revision (2018).

2 B R IR
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Limitations of Classical QA Benchmarks

QUESTION

who wrote the score for the force awakens

WIKIPEDIA / SOURCE DOCUMENT l

Star Wars: The Force Awakens — Original
Motion Picture Soundtrack is the film score to

the 2015 film of the same name composed bywith Williams and William Ross
conducting, and Gustavo Dudamel appearing as a "special guest conductor". The album was
released by Walt Disney Records on December 18, 2015 in both digipak CD and digital
formats.["1l2]

ANSWER ¢
John Williams

Official Natural Questions example; linked Wikipedia revision (2018).

2 B R IR

PMAFEIFEN - 3F CMU BTFIER - FERIZARC - FIAEREEE cmu-agents.com

A Simple lookup

ZH / 3GEX - 5 1/1 8B

02 / Hiff

LR EEENER.

AR RN (RNDTEE) AIECKRIFRE?
EEREK,

HEERBR / KR,

Z22: John Williams.
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Limitations of Classical QA Benchmarks

QUESTION

who wrote the score for the force awakens

WIKIPEDIA / SOURCE DOCUMENT l

Star Wars: The Force Awakens — Original
Motion Picture Soundtrack is the film score to

the 2015 film of the same name composed bywith Williams and William Ross
conducting, and Gustavo Dudamel appearing as a "special guest conductor". The album was
released by Walt Disney Records on December 18, 2015 in both digipak CD and digital
formats.["1l2]

ANSWER ¢
John Williams

Official Natural Questions example; linked Wikipedia revision (2018).

2 B R IR

PMAFEIFEN - 3F CMU BTFIER - FERIZARC - FIAEREEE cmu-agents.com

A Simple lookup

A General domain

ZH / 3GEX - 5 1/1 8B

02 / Hiff

LR EEENER.

AR RN (RNDTEE) AIECKRIFRE?
EERER, R,

HEERBR / KR,

Z22: John Williams.
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Natural Questions EA 7, $EHEEHEERRHEITIRA (2018%)
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Limitations of Classical QA Benchmarks
QUESTION

who wrote the score for the force awakens A Simple lookup

WIKIPEDIA / SOURCE DOCUMENT l

Star Wars: The Force Awakens — Original
Motion Picture Soundtrack is the film score to

the 2015 film of the same name composed bywith Williams and William Ross
conducting, and Gustavo Dudamel appearing as a "special guest conductor". The album was
released by Walt Disney Records on December 18, 2015 in both digipak CD and digital
formats.["1l2]

A General domain

ANSWER ¢
John Williams A Short-form answer

Official Natural Questions example; linked Wikipedia revision (2018).
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PMAFEIEX - I CMU BEFIEA - IFEHI7IRC - RISREEE cmu-agents.com

ZH / 3GEX - 5 1/1 8B

02 / Hiff

LR EEENER.

AR RN (RNDTEE) AIECKRIFRE?
BREK, BRNEY, BEEE.
HEERBR / KR,

Z22: John Williams.
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Natural Questions EA 7, $EHEEHEERRHEITIRA (2018%)
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Limitations of Classical QA Benchmarks EHRERERRR,
R R (RAOREE)Y FECHRIFRE?

QUESTION
who wrote the score for the force awakens A Simple lookup EERER, BAWE, IHEERRERANEE.
HEBR / FIFRE,

Z22: John Williams.

WIKIPEDIA / SOURCE DOCUMENT l

Star Wars: The Force Awakens — Original
Motion Picture Soundtrack is the film score to

the 2015 film of the same name composed by(John Williams with Williams and William Ross Natural Questions EGA; $EE=4HETRHEITHRA (20184%)

conducting, and Gustavo Dudamel appearing as a "special guest conductor". The album was
released by Walt Disney Records on December 18, 2015 in both digipak CD and digital
formats.["1l2]

A General domain

A Evidence use unclear

ANSWER ¢
John Williams A Short-form answer

Official Natural Questions example; linked Wikipedia revision (2018).
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From QA to deep research benchmarks

1 / SEARCH COMPLEXITY

Simple lookup

A familiar fact may be recalled or
found in one search.

3 / ANSWER QUALITY
Short-form answer

Answer matching does not assess
multi-document synthesis.

NS EERERREE

PMAFEIEX - I CMU BEFIEA - IFEHI7IRC - RISREEE cmu-agents.com

2 /| DOMAIN EXPERTISE
General domain

Broad web questions may not test
expert knowledge.

4 [ EVIDENCE SUPPORT
Evidence use unclear

Correct answers do not establish
evidence use or reliability.

JRPDF2519/124 @

ZH / 3GEX - 5 1/1 8B

02 / &

MR EERRERREE.

1/ BREXE: BRERK., DBNELTRECIZES, HEREREER.
2/ SRERK: BRI, EZAMKRRAY I E RN,

3/ BRFRE: BRER. BRLELAHMLS XSRS,

4 [ IHES R IHEERBAANEE. EXRIEMARSIEIREER TIHEEREEIE
1.
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02 / BENCHMARKS

From QA to deep research benchmarks

1 / SEARCH COMPLEXITY

Simple lookup

A familiar fact may be recalled or
found in one search.

3 / ANSWER QUALITY
Short-form answer

Answer matching does not assess
multi-document synthesis.

MIAEERRERRE

PMAFEIEX - I CMU BEFIEA - IFEHI7IRC - RISREEE cmu-agents.com

2 /| DOMAIN EXPERTISE
General domain

Broad web questions may not test
expert knowledge.

4 [ EVIDENCE SUPPORT
Evidence use unclear

Correct answers do not establish
evidence use or reliability.

JRPDF5520/124 @

ZH / 3GEX - 5 1/1 8B

02 / &

MR EERRERREE.

1/ BREXE: BRERK., DBNELTRECIZES, HEREREER.
2/ SRERK: BRI, EZAMKRRAY I E RN,

3/ BRFRE: BRER. BRLELAHMLS XSRS,

4 [ IHES R IHEERBAANEE. EXRIEMARSIEIREER TIHEEREEIE
1.
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BrowseComp: building many-search questions

1,266 human-written questions

CREATE THE QUESTION

Start with the answer Write a complex question

A known person, event, or artifact. > Hide its name; combine factual clues.
VERIFY THE DIFFICULTY

2 LM + search checks rO\ Human check

Models should fail; Still hard after 10 minutes?

5 Google searches should not suffice. Target checked on a subset.

BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents. arXiv, 2025.

BrowseComp: #ai&HEZ /XIS ZRAA-

PMAFEIEX - I CMU BEFIEA - IFEHI7IRC - RISREEE cmu-agents.com

JRPDF 521 /12411

ZH / 3GEX - 5 1/1 8B

02 / &

BrowseComp: ¥haEEZ/RKIEZRAARR,
1,266 M AR ERYEIRT,

&R MWEZRTFFA
HEMESZYRIRA,
IGUEMEE . 1BSRE + BRNE—REINZEARHE, 5% Google HMEBAIE
B, ALBE— I FEESDNEERI 100 efmR?

— N EXMAY. SR, RRESTR, BHELER

BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents.
arXiv, 2025.
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BrowseComp: a question built from clues

ORIGINAL QUESTION / CLUES IN READING ORDER

Please identify the fictional character who

BEHAVIOR occasionally breaks the fourth wall with the audience,
BACKSTORY has a backstory involving help from selfless ascetics,
PERSONALITY is known for _his humor, and

TV SERIES had a TV show that aired between the 1960s and 1980s

EPISODE COUNT  with fewer than 50 episodes.

Find one character who satisfies all five clues.

BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents. arXiv, 2025.

BrowseComp: H%ZZMRAYIARR

PMAFEIFEN - 3F CMU BTFIER - FERIZARC - FIAEREEE cmu-agents.com

10

JRPDF 522 /12411

ZH / 3GEX - 5 1/1 8B

02 / &
BrowseComp: HZZIIBLAYAIE,

JRRIERR / IR AE EREER . B —EEAY: 17— BRITIREEN
HiE, SWUARERED), E5—BBRAILAEITERIEE, HE—LIMEAE
R, EBAE—HEBMAT BE20tHC60=80FEEH, SE—/DF50%.

HH—UAEEESRRERIIAYL

BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents.
arXiv, 2025.
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BrowseComp: a question built from clues

ORIGINAL QUESTION / CLUES IN READING ORDER

Please identify the fictional character who

BEHAVIOR occasionally breaks the fourth wall with the audience,
BACKSTORY has a backstory involving help from selfless ascetics,
PERSONALITY is known for _his humor, and

TV SERIES had a TV show that aired between the 1960s and 1980s

EPISODE COUNT  with fewer than 50 episodes.

Find one character who satisfies all five clues.
Reference answer: Plastic Man

BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents. arXiv, 2025.

BrowseComp: H%ZZMRAYIARR

PMAFEIFEN - 3F CMU BTFIER - FERIZARC - FIAEREEE cmu-agents.com

10

ZH / 3GEX - 5 1/1 8B

02 / &
BrowseComp: HZZIIBLAYAIE,

JRPDF 5523 /124

JRRIERR / RIS HRSER . Bt — AN (BRI N EE S
MRED);, EESHETRIAEITERNTR, LIMEETR, B8 E20tHC60

FEB0FIEHAIEME, FHDT50%.

HH—UAEEESRRERIIAYL

SEZ 22 Plastic Man,

BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents.

arXiv, 2025.
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02 / BENCHMARKS 02/ B
° . Q:I:
BrowseComp: results BrowseComp: £,

ERR /| 552 EZ0EER (%) : GPT-40 0.6; GPT-40 + browsing 1.9;
GPT-4.50.9; OpenAl o1 (medium) 9.9,

AEZIHEZET 1,266 NEREFAY 1,255 4, 1T1MKFE,

Accuracy / reference match (%)

GPT-40 0.6

GPT-40 + browsing . 1.9
BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents.

GPT-4.5 Jo.9 arXiv, 2025.

openAl ol (medium) [N .°

0 20 40 60
Humans attempted 1,255 of 1,266 questions; 11 were unattempted.

BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents. arXiv, 2025. *Trained for BrowseComp-style tasks.
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02 / BENCHMARKS 02/ &
° - 4E
BrowseComp: results BrowseComp: £,
. ERR /| 552 EZ0EER (%) : GPT-40 0.6; GPT-40 + browsing 1.9;
Accuracy / reference match (%) GPT-4.5 0.9; OpenAl o1 (medium) 9.9; Deep Research* 51.5; AZESEZE
GPT-40 0.6 ZEPUFCER 25.3,
GPT-4o +browsing [l 1.9 ASEIREET 1,266 NEEFHY 1,255 4 11 AHAES,

GPT4.5 I 09 BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents.

OpenAl ol (medium) [N 0.9 arXiv, 2025, *£t%+ BrowseComp (5514,

Deep Rescarch” | ;.5
Human reference match [ RN 25.3

0 20 40 60
Humans attempted 1,255 of 1,266 questions; 11 were unattempted.

BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents. arXiv, 2025. *Trained for BrowseComp-style tasks.
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More room to search improves accuracy

Tongyi DeepResearch on BrowseComp

50.0
—8— Accuracy
37.51
S
>
© 25.0
)
O
O
<
12.51
00 ! T T T T
8K 16K 32K 64K 128K

Context Length

TRAINING TRAJECTORIES

>10 tool calls

in over 20% of SFT samples.

EVALUATION LIMIT

128 tool calls

maximum per task.

More context allows longer interaction histories; accuracy rises with the budget.

Tongyi DeepResearch Technical Report. arXiv, 2025.

IBIE RS A R TR

PMAFEIEX - I CMU BEFIEA - IFEHI7IRC - RISREEE cmu-agents.com

12
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ZH / 3GEX - 5 1/1 8B

02 / BifE
SIS RIS AR TSR,
Tongyi DeepResearch 7£ BrowseComp IR,

E(a) BrowseComp IR B B #aim E FS<E 8K, 16K, 32K, 64K
128K; MEMERR (%) , IMNOFAZES0, T3, aRBHIARE S,
FRE SN SRR LT,

E\(b) EHFREREORED: RIS, YRR, BT IR A
"EMA R

YIZRENIE: #BIS20%RY SFT HABESES 10X TEEA. RS 8MESE
Z128XTEEA,; BN FHERZ50X,

Tongyi DeepResearch Technical Report. arXiv, 2025. E10: 3B ESEHIIR
IEHNFEH DT,

BT / SESENED T
MRS AR LR B EE, KEEIEE.
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BrowseComp-Plus makes the corpus fixed

Collect and verify the evidence, then freeze the document collection.

BROWSECOMP PAIR 1 / GATHER EVIDENCE 2 / HUMAN VERIFICATION
Question + o3 finds evidence pages.  Mark supporting spans
known answer 7 —  Check every clue
Offline input « Mark answer documents

BrowseComp-Plus: A Fair and Disentangled Evaluation Benchmark for Deep Search Agents. ACL 2026.

BrowseComp-Plus EE T1ERIE

PMAFEIFEN - 3F CMU BTFIER - FERIZARC - FIAEREEE cmu-agents.com

13

ZH / 3GEX - 5 1/1 8B

02/ &if

BrowseComp-Plus EE TiERIEE,

FBEEFHZIGIEE, BFREX RS,

BrowseComp Eo3JHEAR: (AR + EFRIEER, {ENBEEHEAN.
1/ WEIEE: o3 HENEERE.

2/ NI FRCSHFHRE, EEREER, moaRME,

JRPDF 527 /124 11

BrowseComp-Plus: A Fair and Disentangled Evaluation Benchmark for

Deep Search Agents. ACL 2026.
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BrowseComp-Plus makes the corpus fixed

Collect and verify the evidence, then freeze the document collection.

BROWSECOMP PAIR 1 / GATHER EVIDENCE 2 / HUMAN VERIFICATION
Question + o3 finds evidence pages.  Mark supporting spans
known answer 7 —  Check every clue
Offline input « Mark answer documents

ADD HARD NEGATIVES FIXED BENCHMARK

Related pages that miss a clue ~——> 830 questions / 100,195 documents

BrowseComp-Plus: A Fair and Disentangled Evaluation Benchmark for Deep Search Agents. ACL 2026.

BrowseComp-Plus EE T1ERIE

PMAFEIFEN - 3F CMU BTFIER - FERIZARC - FIAEREEE cmu-agents.com

13
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ZH / 3GEX - 5 1/1 8B

02/ &if

BrowseComp-Plus EE TiERIEE,

FBEEFHZIGIEE, BFREX RS,

BrowseComp EexdtEA: @ + EMEE, (FABLEA.

1/ WEIHE: o3 HENHERME,. 2/ AT ROSHFURE. MEEREER.
IRCE RN,

IONREESRA: SaEER BRI E R ZRAYRE.
EEEHE: 830NaER / 100,195(034,

BrowseComp-Plus: A Fair and Disentangled Evaluation Benchmark for
Deep Search Agents. ACL 2026.
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02 / BENCHMARKS 02 / E;&
'q12& IR EFEACNE
From QA to deep research benchmarks NS RRERARE.
1/1#EREZE: BrowseComp / BrowseComp-Plus——E&Z=¥LIKE;, BEE1E
1 / SEARCH COMPLEXITY 2 /| DOMAIN EXPERTISE *Sl_ﬁ{ﬁa:%}?tbtgzo
BrowseComp / BrowseComp-Plus General domain e L . N ATt e N ) A AT A e
_ . _ 2 [ WHEK: BRWE—7 2N RN BRI E RN,
Hard-to-find answers; a fixed corpus Broad web questions may not test
for controlled comparisons. expert knowledge. 3/ ERERE: HREER—FXRDLELAHLEZ IS,
4 [ IHESSS . IHEERBRANEE, SRIEMASEIBEER T IHESE RS
.
3 / ANSWER QUALITY 4 | EVIDENCE SUPPORT
Short-form answer Evidence use unclear
Answer matching does not assess Correct answers do not establish
multi-document synthesis. evidence use or reliability.

14

NS EERERREE

AAEIEY - I CMU EFIEA - FBEHCTIRE - FUSIRASRE cmu-agents.com A EOIF RN | LB


https://www.cmu-agents.com/slides/lecture-10-deep-research-agents.pdf#page=29

CMU Al AGENTS / BhZExBBZ SR [EPDF%30/124 A

5 10 ¥ - REWHREREWN: 5. BEESHX

EN / SR ETSIRR - (RIFFIRFE ZH / 3GEX - 5 1/1 8B
02 / BENCHMARKS 02 / E;&
‘g1 NI = Ao =
From QA to deep research benchmarks NS RRERARE.
1/1#EREZE: BrowseComp / BrowseComp-Plus——E&Z=¥LIKE;, BEE1E
1 / SEARCH COMPLEXITY 2 /| DOMAIN EXPERTISE *il_ﬁ{ﬁa:%}?étbtgzo
BrowseComp / BrowseComp-Plus General domain e L . N ATt e N ) A AT A e
_ . _ 2 [ WHEK: BRWE—7 2N RN BRI E RN,
Hard-to-find answers; a fixed corpus Broad web questions may not test
for controlled comparisons. expert knowledge. 3/ BERE: BEEE—FFELELAHMLISIAEEE.
4 [ IHESTHRE: IHEERBRANEE, SXRERAIBEERTIHEEGAE
.
3 / ANSWER QUALITY 4 | EVIDENCE SUPPORT
Short-form answer Evidence use unclear
Answer matching does not assess Correct answers do not establish
multi-document synthesis. evidence use or reliability.

14
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EN / X EARR - (REFRH ZH / F30OEX - B /1 B
02 / BENCHMARKS 02 / B
FinSearchComp: expert-written questions FinSearchComp: HEZAFSAIIAL.

BN ExhRER.
1/ &85 NTIRpREERENUSFRELA.

Focus: complex historical investigation

1 /| EXPERTS WRITE 2 / ESTABLISH ANSWERS 3 / INDEPENDENT REVIEW 5 N N e T
Kz=- A =% H1T7 2 &1

Start from work Retrieve reliable Other experts solve it; /BESIESR: MERPISREE, TR
scenarios or verified data; calculate and resolve disagreements. 3/ HE: BthESIRRR, FERRDI,
financial tables. cross-check. _ — _ .

M/ BEaFE: BEANTI2022-2024FE PRI S ECERFEIAIZE (L ?
EXAMPLE / PARAPHRASED FinSearchComp: Towards a Realistic, Expert-Level Evaluation of Financial
How did Johnson & Johnson’s international share of revenue change year over year Search and Reasoning. ICLR 2026.

during 2022-2024?

FinSearchComp: Towards a Realistic, Expert-Level Evaluation of Financial Search and Reasoning. ICLR 2026.
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02/ BENCHMARKS 02 / &
Search benchmarks with domain expertise SRR + S ERIE,

MedBrowseComp: EZ40iE, FlaRidie. 595 RESLERREXK,
MedBrowseComp: Benchmarking Medical Deep Research and Computer
Use. GenAl4Health Workshop, NeurlPS 2025.

Domain knowledge + multi-step evidence gathering

MedBrowseComp Medicine: link trials, drugs, and regulatory facts.
MedBrowseComp: Benchmarking Medical Deep Research and Computer Use. GenAl4Health Workshop, NeurlPS 2025. FinSearchComp° @ﬁﬁ")fﬁi;t Etﬁﬁﬂ%:ﬁﬂﬂE%; FinSearchComp' Towards
. ALV, ) I =] [t IRy = o .
. : _ . . . a Realistic, Expert-Level Evaluation of Financial Search and Reasoning. ICLR
FinSearchComp Finance: investigate facts across financial sources. 2026

FinSearchComp: Towards a Realistic, Expert-Level Evaluation of Financial Search and Reasoning. ICLR 2026.

RISSREAR /18X 22: ScholarSearch Mif=A#25: AutoResearchBench

Scientific deep research / paper retrieval MK A ISR B e ZRILALIE .,
ScholarSearch: academic search. AutoResearchBench: one paper or all matches.
ScholarSearch: Benchmarking Scholar Searching Ability of LLMs. arXiv, 2025. ScholarSearch: Benchmarking Scholar Searching Ability of LLMs. arXiv,

AutoResearchBench: Benchmarking Al Agents on Complex Scientific Literature Discovery. arXiv, 2026.

2025. - AutoResearchBench: Benchmarking Al Agents on Complex
Scientific Literature Discovery. arXiv, 2026.
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From QA to deep research benchmarks NIRFE TR AR,
1/1#EREZE: BrowseComp / BrowseComp-Plus——E&Z=¥LIKE;, BEE1E
1 / SEARCH COMPLEXITY 2 /| DOMAIN EXPERTISE *sl_g{ga:%}?tbtgzo
BrowseComp / BrowseComp-Plus MedBrowseCom
: % . g . . 2 / g E: MedBrowseComp, FinSearchComp——EFRIFIESEFSSE
Hard-to-find answers; a fixed corpus FinSearchComp .
for controlled comparisons. Expert knowledge guides medical
and financial search. 3/ EERE: BRER—ESXLELAHMLSESGE.
4 [ IHES R IHEERBRAEE, BRI ER T IHESE RS
3 / ANSWER QUALITY 4 | EVIDENCE SUPPORT :l\io
Short-form answer Evidence use unclear
Answer matching does not assess Correct answers do not establish
multi-document synthesis. evidence use or reliability.
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Research needs multi-dimensional evaluation ARSI,

HhERE. BEE. RERBEFIEESS.
B : Al EEABERBARER —HFESRIFmA?
—BERHE . —TARTERERIF OpenScholar; ENESEEAEIRSKE

ONE REFERENCE SUMMARY S /E SRR,
Experts preferred OpenScholar in one study. Parity across domains is unproven.

Evaluate accuracy, coverage, qualifications, and evidence support.

Can Al agents synthesize scientific literature as well as human experts?
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Research needs multi-dimensional evaluation ARSI,

HhERE. BEE. RERBEFIEESS.
B : Al EEABERBARER —HFESRIFmA?
—BERHE . —TARTERERIF OpenScholar; ENESEEAEIRSKE

ONE REFERENCE SUMMARY S /E SRR,
Experts preferred OpenScholar in one study. Parity across domains is unproven.

Evaluate accuracy, coverage, qualifications, and evidence support.

Can Al agents synthesize scientific literature as well as human experts?

B—TEMHEE: —IARKEG OpenScholar, (EAREEIEAEERIUEE ST

=

ANOTHER VALID SUMMARY EH.
One study favors OpenScholar; it does
J g FESHENER,

not establish equivalence across domains.

A Severalvalid answers
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Research needs multi-dimensional evaluation TR ES YT,

THMEERE, BuE. RERBFIEESR.
[T Al ERERBESBRAR TR —HGERIFEE?

—SERE: —INARPEXRERYG OpenScholar; B ERAZEIEEKFE

ONE REFERENCE SUMMARY A5 ZIERR,

Experts preferred OpenScholar in one study. Parity across domains is unproven.
F—TEYEE . — IR R OpenScholar, {(BRRGIERBEEREESESR

Evaluate accuracy, coverage, qualifications, and evidence support.

Can Al agents synthesize scientific literature as well as human experts?

ANOTHER VALID SUMMARY SIMILAR, BUT INCORRECT FA.
One study favors OpenScholar; it does Experts preferred OpenScholar in one \ = e - .
Y Taver =P | Perts pre St IEMEEIREORE : — AR ERERET OpenScholar; EATHEIIHESE
not establish equivalence across domains. study. Parity across domains is proven. SR
~J XXo
A Several valid answers A Similarity to gold is not enough FEZHEREER: SnEERBIUHAZRIE,
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Similarity metrics can misrank answers

Does a higher similarity score select the answer experts prefer?

Preference accuracy (%
y (%) Chance: 50%

rouce | 5526
serTScore | -7
sLeurT | ¢20:

0 25 50 75

109 expert comparisons with reference answers

A Critical Evaluation of Evaluations for Long-form Question Answering. ACL 2023.
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02/ B
BIUES,ES, EaMetEERERTFIIESER?

(RIFIERER (%) : ROUGE 58%; BERTScore 57%; BLEURT 62%; FE#7KF
7350%.

109RERESHLFAILI,.

A Critical Evaluation of Evaluations for Long-form Question Answering.
ACL 2023.
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ScholarQABench: evaluate with expert rubrics ScholarQABench: FAERIFDRET.

o | | BIRESREENRE, BEFETTES,
Check each rubric item against the answer, then combine the scores.

QUESTION [BRR: Al EHEEREER R AR ER SR FSCE?
Can Al agents synthesize

scientific literature as well as
human experts?

[1] Synthesizing scientific literature with retrieval-augmented language
models. Nature 2026.

[1] Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.
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ScholarQABench: evaluate with expert rubrics ScholarQABench: FAERIFDRET.

o | | BIRESREENRE, BEFETTES,
Check each rubric item against the answer, then combine the scores.

QUESTION [BRR: Al EHEEREER R AR ER SR FSCE?
‘ RUBRIC ITEM Weight Check
Can Al agents synthesize oI RESAKTHRIVERILR, NE2; RESTRIRESE, NE1.
scientific literature as well as Reports a direct comparison

human experts? [1] Synthesizing scientific literature with retrieval-augmented language

models. Nature 2026.

with human experts.

Qualifies the conclusion by task
and domain.

[1] Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.
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ScholarQABench: evaluate with expert rubrics

Check each rubric item against the answer, then combine the scores.

QUESTION
RUBRIC ITEM Weight Check
Can Al agents synthesize
scientific literature as well as Reports a direct comparison
human experts? — 2 1

with human experts.

Qualifies the conclusion by task

CANDIDATE ANSWER ' 1 0
OpenScholar wins 70% of and domain.
expert comparisons [1]. This
holds across all fields. CDwibi 2x141x0
S, = = = 0.67

[1] Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.
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02 / Hiff

ScholarQABench: FBEFRIFHDTRETN,
FIpSRRERIERE TS TNE, BeHSIED.
[BRE: Al EReERERALRER —HEERIFEE?

IBEEE: "EERHERF, OpenScholar B70%RMEHER, [1] X—EREBTF
Frasmta,

A BESALERUEEE (INE2, KEES1) ; BESTITREE
it (E1, REEH0) .

5 Sc =X wib; / Ziw; = 2%x1 + 1x0) /3 = 0.67,

[1] Synthesizing scientific literature with retrieval-augmented language
models. Nature 2026.
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Do rubric judgments agree with experts?

Compare judgments on the same rubric items.

Agreement (%)

cpert-L1- I 75"
cxpert-oer: N <0

0 25 50 75
12 questions; 2 systems; 2 expert raters per answer.

Synthesizing scientific literature with retrieval-augmented language models. Nature 2026.
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02 / Hiff

RN EAIT S EREN—E05?

EC SRR D T E L RIFIET .

—HE (%) . ERIESERE 79%; TR-TXK 80%.
120NE; 21 RS, BNERBEMERTSD.

Synthesizing scientific literature with retrieval-augmented language
models. Nature 2026.
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ResearchQA: generate rubrics from surveys

Use LMs to scale up rubric annotation.
21K questions / 75 fields / 160K rubric items

Survey-Mined Query (>

How does the frequency of terms in pre-training data influence S 1

numerical reasoning performance in few-shot settings? (s Engineering) U rvey SeCt I O n

Research System (&): The frequency of terms in pre-training data *

significantly influences a model's numerical reasoning performance,

particularly in few-shot learning scenarios [1]. Models pre-trained [...]

[1] Scaling Laws and Data Frequency Effects in Large Language [...] X L M
Survey-Mined Evaluation Rubric [}, Judge & |

Does the response reference the “performance gap” ) / Not at all

concept from the Razeghi et al. (2022) paper [...]? 4 covered

Does the response include examples of studies or

experiments that_investigate the impact of term 4/, Completely EE— Resea I’Ch queStiOI’\

frequency on numerical reasoning performance?

Does the response discuss the correlation between
the frequency of terms in pre-training data and 1/, Barelyd
numerical reasoning performance? covere

Additional rubric items ...

——— LM-generated rubric

Source Survey: The Mystery of In-Context Learning (Zhou et al., 2024)

ResearchQA: Evaluating Scholarly Question Answering at Scale Across 75 Fields with Survey-Mined Questions and Rubrics. TACL 2026.

ResearchQA: MIEEEIEEMITEDTRE
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02/ &
ResearchQA: MiBEEEEIESTRE.

[FRIESHEAY KEOREFREME, 21,0001Na)RE / 75Nt / 160,000
I,

TR WEAERSHARERPIZERER,; HRAFREMKERZ; TFFIESK
EEEMTESINETD . BHEEERMIEE "TeXxEs "mes
HEABE" .

RGIEAFIEIRR : T8RP RIAREB IR IME AR E TAIEEHEIERIN?
(IR, ) FoinEPK Razeghi & (2022) #2HAY performance gap 1
2. BXARRG, DARANEIRSEHEEERIZ BI0HERME.

ResearchQA: Evaluating Scholarly Question Answering at Scale Across 75
Fields with Survey-Mined Questions and Rubrics. TACL 2026.
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Generated rubrics can encode the wrong target ERIFDINETEERR, SHETIIESS.

. o ResearchQA / £R&Eit: 15%MISHWITFLITZ. HIRe M.
Evaluate the rubric itself, before using it to evaluate an answer.
Oe

ARENEE: NES IRTAEERIEXY, IWERBEEIEAS,; fuEd TR,

RESEARCHQA |/ EXPERT AUDIT WHAT CAN GO WRONG? SMENEENEIRBEEET.
15% A criterion cites a nonexistent paper. S HREERIERE, BEEEIR STTRIE,
of parametric rubric items were A criterion merely restates the question.

DeepResearch Bench Il FREFIRE + ATIEIT + E5XREHA,

vacuous, erroneous, or unclear. A vague criterion lets plausible errors pass.

ResearchQA: Evaluating Scholarly Question Answering at Scale Across 75
Fields with Survey-Mined Questions and Rubrics. TACL 2026. -
Ground criteria in sources, then audit their relevance and verifiability. DeepResearch Bench Il: Diagnosing Deep Research Agents via Rubrics

DeepResearch Bench Il uses expert reports + manual revision + expert review. from Expert Reports. arXiv, 2026.

ResearchQA: Evaluating Scholarly Question Answering at Scale Across 75 Fields with Survey-Mined Questions and Rubrics. TACL 2026.; DeepResearch
Bench II: Diagnosing Deep Research Agents via Rubrics from Expert Reports. arXiv, 2026.
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‘g1 NI = Ao =
From QA to deep research benchmarks NIRFE TR AR,
1/1#EREZE: BrowseComp / BrowseComp-Plus——E&Z=¥LIKE;, BEE1E
1 /| SEARCH COMPLEXITY 2 /| DOMAIN EXPERTISE *il_g{ﬁa:gjggtbtgzo
BrowseCom BrowseComp-Plus MedBrowseCom
: % . g . . 2 / g E: MedBrowseComp, FinSearchComp——EFRIFIESEFSSE
Hard-to-find answers; a fixed corpus FinSearchComp _
. : . RIS,
for controlled comparisons. Expert knowledge guides medical
and financial search. 3/ &HRRE: ScholarQABench / ResearchQA——F R TREITHEEIERE.
4 [ IHESH: IHEERBRAEE, ERIEWAEIEBPESER TIHESEEE
3 / ANSWER QUALITY 4 | EVIDENCE SUPPORT :l\io
ScholarQABench / ResearchQA Evidence use unclear

Correct answers do not establish
Rubrics assess response quality. evidence use or reliability.
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From QA to deep research benchmarks NIRFE TR AR,
1/1#EREZE: BrowseComp / BrowseComp-Plus——E&Z=¥LIKE;, BEE1E
1 /| SEARCH COMPLEXITY 2 /| DOMAIN EXPERTISE *il_g{ﬁa:gjggtbtgzo
BrowseCom BrowseComp-Plus MedBrowseCom
: % . g . . 2 / g E: MedBrowseComp, FinSearchComp——EFRIFIESEFSSE
Hard-to-find answers; a fixed corpus FinSearchComp _
. : . RIS,
for controlled comparisons. Expert knowledge guides medical
and financial search. 3/ &HRRE: ScholarQABench / ResearchQA——F R TREITHEEIERE.
4 [ IHESH: IHEERBRAEE, ERIEWAEIEBPESER TIHESEEE
3 / ANSWER QUALITY 4 | EVIDENCE SUPPORT :l\io
ScholarQABench / ResearchQA Evidence use unclear

Correct answers do not establish
Rubrics assess response quality. evidence use or reliability.
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DeepResearch Bench: check the citations DeepResearch Bench: 1823,

. . FACT 1055 |FREEE > FFEIEK.
FACT checks whether the cited page supports each claim.
1 | EXTRACT CLAIM + URL 1/ #RENEK + URL: F5Kk—: "OpenScholar SAKERHIT LR, " [1];

FK": "OpenScholar EEMUHEBSEZRMELE. " [1].
OpenScholar was compared

with human answers. [1] DeepResearch Bench: A Comprehensive Benchmark for Deep Research
Agents. ICLR 2026.

OpenScholar matches
experts in every field. [1]

DeepResearch Bench: A Comprehensive Benchmark for Deep Research Agents. ICLR 2026.
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DeepResearch Bench: check the citations

FACT checks whether the cited page supports each claim.

1 / EXTRACT CLAIM + URL 2 /| READ THE CITED PAGE 3 / JUDGE SUPPORT

OpenScholar was compared [1] OpenScholar paper
— — Supported

with human answers. [1] Expert comparisons on

a sample of research

OpenScholar matches questions.

experts in every field. [1] No test of every field. —>  Notsupported

DeepResearch Bench: A Comprehensive Benchmark for Deep Research Agents. ICLR 2026.

DeepResearch Bench: #§&5|H
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DeepResearch Bench: #&&35|F,
FACT B35 | BUEEESHFEIEK,

1/2EESK + URL: F3K—: “OpenScholar 5 AEE=#HTTHE, * [1];
FK=: "OpenScholar EFNEESERELE. " [1].

2 / FHEMS|FTE: [1] OpenScholar ig 3R —HARIARHIT ¥ ERHE.

3/ FIMSTFER: ERK——BxF, ER—AHTF, BAENNAEHR
12,

DeepResearch Bench: A Comprehensive Benchmark for Deep Research
Agents. ICLR 2026.
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DeepResearch Bench: check the citations

FACT checks whether the cited page supports each claim.

1 / EXTRACT CLAIM + URL 2 /| READ THE CITED PAGE 3 / JUDGE SUPPORT

OpenScholar was compared [1] OpenScholar paper
— — Supported

with human answers. [1] Expert comparisons on

a sample of research

OpenScholar matches questions.
experts in every field. [1] No test of every field. e Lppoiee
Citation accuracy: 1/2 =50% Effective citations: 1 supported pair

DeepResearch Bench: A Comprehensive Benchmark for Deep Research Agents. ICLR 2026.
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DeepResearch Bench: #&3|H,

FACT 1085 | NEEE>3IFEIEK,

1/#EFEK + URL; 2/ FHIEEHK5IFETTE; 3 / FIRTFER.

FiK—: "OpenScholar EAEEZRHIT TR, " [1—B>F: I83RET
X—HIA R T KL,

Fik=: "OpenScholar TEENMUHE ST ELE. " [1]
1R L.

S5IFMEREER: 1/2 = 50%, BEIA: 18525 ER—FKIRET.

Az iR

DeepResearch Bench: A Comprehensive Benchmark for Deep Research
Agents. ICLR 2026.
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From QA to deep research benchmarks NS RRERARE.
1/1#EREZE: BrowseComp / BrowseComp-Plus——E&Z=¥LIKE;, BEE1E
1 / SEARCH COMPLEXITY 2 /| DOMAIN EXPERTISE *il_ﬁ'f%a:g]:?tbtgzo
BrowseComp / BrowseComp-Plus MedBrowseCom
_ P/ _ P . - 2 / SHEE: MedBrowseComp. FinSearchComp——ERAINIEEEZS5S
Hard-to-find answers; a fixed corpus FinSearchComp -
: : : RIS,
for controlled comparisons. Expert knowledge guides medical
and financial search. 3/ &HRRE: ScholarQABench / ResearchQA——F R TREITHEEIERE.
4 / IFES$E: DeepResearch Bench——#0&E3 | KRR S X HEARSPRIEK,
3 / ANSWER QUALITY 4 | EVIDENCE SUPPORT
ScholarQABench / ResearchQA DeepResearch Bench
Check whether cited sources
Rubrics assess response quality. support the report’s claims.
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03
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03
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Deep research agent inference RS AHERITE.,
LHHILETX: AFEE "ERe e ST RIBITAID?

CONTEXT SO FAR

USER / QUESTION IESREERER.,

Can agents » ‘ R .
match experts? 1/ ERHEE: <think> BEHRESREER </think>,

‘ Ef: WRARNAE; KE: BFRRASTIERE.
v
Language model agent

1 / GENERATE REASONING

Blue: model-generated text Gray: user input and tool output
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03 / AGENT MODELING 03 / HREEIR
. TR RF PSS AN AL (A HETE R
Deep research agent inference ERAEHi o S e
HEI E TN EEAFEM "EHeekae S ERBILAD? " RERMEE "BERER
CONTEXT SO FAR .
o 37
USER / QUESTION AGENT / REASONING
Can agents Find expert IES R RER,
match experts? comparisons. .
‘ 2 /£ TEVERA: <tool> search("expert comparisons") </tool>,
v 56 BRARNA; k& BFRFmASTERKH.
Language model agent
guag & 5t/ SEXEREST
v
2 / GENERATE A TOOL CALL T EHIFEBARBS APl =R EBIRERE.

Blue: model-generated text Gray: user input and tool output
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03 / FHaeliREEE

03 /AGENT MODELING

Deep research agent inference RETE RIS,
SRILETX: AR, EeetEE, IR TRIER search("expert

CONTEXT SO FAR . .
comparisons”),

USER / QUESTION AGENT / REASONING AGENT / TOOL CALL
Can agents Find expert search("expert JEBZR
match experts? comparisons. comparisons") L, . — . .
3/ THERER: BRTEEITERNE.
‘ |—;QSearch
v 6 BBIERNA; KE: AFeASTIESE.
Language model agent
uag & B/ SEXBENF
3 / EXECUTE THE SEARCH CALL T ERERNBRERRE.

The search tool runs the generated query.

Blue: model-generated text Gray: user input and tool output
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03 / FHaeliREEE

03 /AGENT MODELING

Deep research agent inference RETE RIS,

SR ETX: AR, SaeaE. TRER, LIRTRRH: [1]

CONTEXT SO FAR
OpenScholar; [2] DR Tulu,

USER / QUESTION AGENT / REASONING ~ AGENT / TOOL CALL  TOOL / OUTPUT
Can agents Find expert search("expert  [1] OpenScholar R,
match experts? comparisons. comparisons") [2] DR Tulu - PN
4 / fEINTEHiH : RN ARAERER LT XXA—ER7.
‘ |—:O\SearchJ
v e REAERNA,; k& AFRASTIRERH.

Language model agent

4 | APPEND THE TOOL OUTPUT

Retrieved text becomes part of the agent’s context.

Blue: model-generated text Gray: user input and tool output
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03 / AGENT MODELING 03 / %“‘E*E{ZISEE
: SREFFIZNEDSE FTHY

Deep research agent inference ARV REAEEE.
SRIETYES: AFEE. SaefE. TREA. TA%H [1] OpenScholar,

CONTEXT SO FAR
[2] DR Tulu,

USER / QUESTION AGENT / REASONING AGENT / TOOL CALL TOOL / OUTPUT

Can agents Find expert search(“expert  [L] OpenScholar 5 / EFIMESIAEHERR: <think> RBETMRAYES </think>,

match experts? comparisons. comparisons") [2] DR Tulu o - .
EE: REARNA; K& APFWmASTIERE.

‘ |—;O\SearchJ
¥
Language model agent
v

5 /| CONTINUE REASONING WITH THE RETRIEVED TEXT

Blue: model-generated text Gray: user input and tool output
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03 / AGENT MODELING 03 / EReNEIR
. S RN AL T <
Deep research agent inference ERAEHi o S e
HEI E A EEREEE "1eEENRAES" .
CONTEXT SO FAR
USER / QUESTION AGENT / REASONING  AGENT / TOOL CALL  TOOL / OUTPUT AGENT / REASONING 6 / RS BENEIE: <answer> EEMRES ERMEHE [1,2] ...
Can agents Find expert search("expert [1] OpenScholar Check the tested </answer>,
match experts? comparisons. comparisons™) [2] DR Tulu tasks. . N .
56 BRARNA; k& BFRFmASTERKH.
‘ |—;O\SearchJ
Y
Language model agent
y

6 / GENERATE AN ANSWER WITH CITATIONS

Blue: model-generated text Gray: user input and tool output
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03 / FHaeliREEE

03 /AGENT MODELING

A training recipe for deep research REFFADIIBTTE,
FMHIEPES, BABE=IHES.

ERIZ: KRMEFEIEREARIT, IGEEE: WA + TR, RN,

Learn from teacher demonstrations, then from your own attempts.
Mid-traini . . .
id-training Tongyi DeepResearch Technical Report. arXiv, 2025.

Learn agent behavior at
scale.
TRAINING DATA

= Input + answer
<> Teacher trajectories

Tongyi DeepResearch Technical Report. arXiv, 2025.

29

INEHFEHY)]

LYSES

AAETIEX - I CMU BHIEA - IEEIRIARIE - FUARHKES cmu-agents.com Mg PDF 60 | i 58


https://www.cmu-agents.com/slides/lecture-10-deep-research-agents.pdf#page=58
https://arxiv.org/abs/2510.24701

CMU Al AGENTS / BhZExBBZ SR [EPDF5559/124 ]

5 10 ¥ - REWHREREWN: 5. BEESHX

EN / X EARR - (REFRH ZH / F30OEX - B /1 B
03/ AGENT MODELING 03/ %ﬁgﬁi@*ﬁ
A training recipe for deep research REEHFHTI 2,

TN ERES, BMNEEENPFES.,
ERIZ: KRMEFEIEREARIT, IGEEE: WA + TR, RN,

Learn from teacher demonstrations, then from your own attempts.

Mid-training ——  Supervised fine-tuning IWERE: BRERIE. IGEHE: BA + BXR. BT,
Learn agent behavior at Imitate successful Tongyi DeepResearch Technical Report. arXiv, 2025.
scale. demonstrations.
TRAINING DATA TRAINING DATA
= Input + answer = Input + answer
<> Teacher trajectories > Teacher trajectories

Tongyi DeepResearch Technical Report. arXiv, 2025.
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A training recipe for deep research REEHFHTI 2,

TN ERES, BMNEEENPFES.,
ERIZ: KRMEFEIEREARIT, IGEEE: WA + TR, RN,

Learn from teacher demonstrations, then from your own attempts.

Mid-trainin ———>  Supervised fine-tunin ———> Reinforcement learnin P g e — e S sk . .
£ . . : WEHOR: BBRITSE. JISEUE: BA + SR S,
Learn agent behavior at Imitate successful Learn from feedback on YT MEESSRIFERIEHSS, ISR B + 8%, SRESHNE
scale. demonstrations. own attempts. FEBNITE,
TRAINING DATA TRAINING DATA TRAINING DATA N .
= - = BT (B SN
Input + answer Input + answer Input + answer
«*> Teacher trajectories > Teacher trajectories o Policy’s own rollouts Tongyi DeepResearch Technical Report. arXiv, 2025.

Next: where do the tasks and trajectories come from?

Tongyi DeepResearch Technical Report. arXiv, 2025.
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03 / FHaeliREEE

03 /AGENT MODELING

Knowledge graphs: entities and relationships ABRERE: SEAESKER.

TRESF, BIREHIEILRTKRR.

FEfK: Allen Newell; XZ: Carnegie Mellon FU2(5R; Ei&: Carnegie Mellon,

A node is an entity; a labeled arrow is a relationship.

Carnegie Mellon CMU #42=; EN/RE (19784F) .
Subject: Allen Newell
facultyT

Relationship: faculty member of

‘ Allen Newell ’ Object: Carnegie Mellon

CMU Archives; Nobel Prize (1978).
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03 /AGENT MODELING

Knowledge graphs: entities and relationships

A node is an entity; a labeled arrow is a relationship.

03 / FHaeliREEE
AMRERE: SMR5XE,

TRESF, BIREHIEILRTKRR.

Allen Newell £ Carnegie Mellon U35 ; tbF197583KBERK,; 5
Carnegie Mellon 1975 Turing Herbert Simon HFE5%18i%32, Simon F19785F3KEE I/REZFEFE, Newell
é\qeé Award 5 Simon §&7 {(Human Problem Solving) (1972) .
el
facultyT ¢ lco-recipient CMU #z=; #EI/RE (1978%F)
received i
‘ Allen Newell Herbert Simon > 19@;;3);32@
l coauthored
’6% Human Problem
4 Solving
(1972)

CMU Archives; Nobel Prize (1978).
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Data creation: sample a knowledge graph

Start with sourced facts; sample a connected subgraph to create a question.

1975 Turing

é\qeé Award
e(,

Carnegie Mellon

faCUltYT ) l co-recipient

received 1978 economics

Nobel Prize

Herbert Simon

‘ Allen Newell

l coauthored

Human Problem
Solving
(1972)

Method: WebSailor-V2: Bridging the Chasm to Proprietary Agents via Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; facts: CMU
Archives, Nobel Prize (1978).
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03 / FHaeliREEE
HIECIE : MAMRERESRAE,
MWERRAIESLHR, FE—NEEFEREE R,

EFEEsL: Allen Newell 2 Carnegie Mellon BY245; Newell 5 Herbert
Simon HEFXE1975FE RELHEZE (Human Problem Solving) (1972) ;
Simon F1978F3KGHEI/REFFE,

7% WebSailor-V2: Bridging the Chasm to Proprietary Agents via
Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; ZEsLKiR
: CMU #52=. HBIURR (19785F) .

SUE PDF 65 | JRIT 63


https://www.cmu-agents.com/slides/lecture-10-deep-research-agents.pdf#page=63
https://arxiv.org/abs/2509.13305
https://digitalcollections.library.cmu.edu/cmu-collection/herbert-simon
https://digitalcollections.library.cmu.edu/cmu-collection/herbert-simon
https://www.nobelprize.org/prizes/economic-sciences/1978/summary/

CMU Al AGENTS / HZE3J8BZ S kR
£ 10 i - REAREREN: 5. EESHE

EN / R EHSRR - (RIFREF

03 /AGENT MODELING

Data creation: sample a knowledge graph

Start with sourced facts; sample a connected subgraph to create a question.

Carnegie Mellon 1975 Turing
O Award
N
5D
© o
faculty| co-recipient
: received 1978 economics
‘ Allen Newell Herbert Simon : !
Nobel Prize
coauthored
Co%
(7
O*@O, Human Eroblem Selected facts become
Solving o
(1972) the question’s clues.

Method: WebSailor-V2: Bridging the Chasm to Proprietary Agents via Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; facts: CMU
Archives, Nobel Prize (1978).

SUREIE: MNANRENSXREF

PMAFEIEX - I CMU BEFIEA - IFEHI7IRC - RISREEE cmu-agents.com
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03 / FHaeliREEE
HIEOEE: NBEXRENELIR, RE—EEFERMEIER,

EEEsL: Allen Newell 2 Carnegie Mellon BY245; Newell 5 Herbert
Simon HEFXE1975FE RELHEZE (Human Problem Solving) (1972) ;
Simon F1978F3KGHEI/REFFE,

e RERYERSCIG R NIRRRIZe 2R

7% WebSailor-V2: Bridging the Chasm to Proprietary Agents via
Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; ZEsLKiR
: CMU #52=. HBIURR (19785F) .
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03 /AGENT MODELING

Data creation: turn facts into a question ROl BRI,
[ B s AN EE, BAMIKRE LR,

K=l ERIEESE: Newell 2 CMU 25 Newell 5 Simon §Z (Human
Problem Solving) (1972) ; Newell 5 Simon HXE3k151975FE R ;

Hide the target name and turn its relations into clues.

FACTS THE ANSWER MUST SATISFY

Newell: faculty at CMU. Simon a:»] 978£E3Ff1§i%mmé§iﬁ$§go
Newell + Simon: coauthors of 7% WebSailor-V2: Bridging the Chasm to Proprietary Agents via
Human Problem Solving (1972). Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; ZEsC3ER

: CMU #Z. |BIUREK (1978%F) .
Newell + Simon: shared the

1975 Turing Award.

Simon: 1978 economics Nobel

Prize.

Method: WebSailor-V2: Bridging the Chasm to Proprietary Agents via Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; facts: CMU
Archives, Nobel Prize (1978).
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03 /AGENT MODELING

Data creation: turn facts into a question

Hide the target name and turn its relations into clues.
FACTS THE ANSWER MUST SATISFY

Newell: faculty at CMU. Which CMU researcher coauthored a book on

human problem solving with a future economics

Newell + Simon: coauthors of Nobel laureate, and shared the Turing Award
Human Problem Solving (1972).  —>  with that colleague three years before the Nobel
Prize?

Newell + Simon: shared the
1975 Turing Award.

Simon: 1978 economics Nobel

Prize.

Method: WebSailor-V2: Bridging the Chasm to Proprietary Agents via Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; facts: CMU
Archives, Nobel Prize (1978).

SUERIE: BELERWAIA-

PMAFEIEX - I CMU BEFIEA - IFEHI7IRC - RISREEE cmu-agents.com

32

J[R PDF 3566 /124 @

ZH / 3GEX - 5 1/1 8B

03 / EeeiAEE
[T BIRAINREE, BAYIKRENLR.

L=k ERIESE: Newell 2 CMU #&R:; Newell 5 Simon §Z (Human
Problem Solving) (1972) ; WAXREIRE1975FERI; Simon F19784F
RSB NIREFFIE,

[BRR: B CMU fARARS—(UARKAENREFFREBESE T —AKTASE
AR, FEZRSREEN/RRII=F5SEEFBKEERR?
Fi%&: WebSailor-V2: Bridging the Chasm to Proprietary Agents via

Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; SRR
: CMU 2. BIURR (19785
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03 /AGENT MODELING

Data creation: turn facts into a question

Hide the target name and turn its relations into clues.
FACTS THE ANSWER MUST SATISFY

Newell: faculty at CMU. Which CMU researcher coauthored a book on

human problem solving with a future economics

Newell + Simon: coauthors of Nobel laureate, and shared the Turing Award
Human Problem Solving (1972). —>  with that colleague three years before the Nobel
Prize?

Newell + Simon: shared the

1975 Turing Award. Known answer
Simon: 1978 economics Nobel Allen Newell
Prize.

Method: WebSailor-V2: Bridging the Chasm to Proprietary Agents via Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; facts: CMU
Archives, Nobel Prize (1978).

SUERIE: BELERWAIA-

PMAFEIEX - I CMU BEFIEA - IFEHI7IRC - RISREEE cmu-agents.com
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03 / EeeiAEE
[T BIRAINREE, BAYIKRENLR.

B=WiEERZESE: Newell 2 CMU #&R; Newell 5 Simon §% (Human
Problem Solving) (1972) ; WAXREIRE1975FERI; Simon F19784F
IRIBHEIREFFR,

[BRE: BB CMU FARARS—ARFKHENREFFREBESE T —AKTAE
AR, FEZRSREEN/RRII=F5SEEFBKEERR?

Bi0&2: Allen Newell,

Fi%: WebSailor-V2: Bridging the Chasm to Proprietary Agents via

Synthetic Data and Scalable Reinforcement Learning. ICLR 2026.; SRR
: CMU 2. BIURR (19785
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° [ ] [ ] [ ] [ ] [ ) II\_7I|% /W \:é': : E A—Ir\ \I 5
SFT: collect, filter, then imitate trajectories R W s, AR

+ E%Dl:l?ﬁo

= Questions + .

known answers HIPHIT: SXRIER. BB, SXER. BB, SXREM. BN
TEACHER TRAJECTt)RlES WebDancer: Towards Autonomous Information Seeking Agency. NeurlPS

2025. - Tongyi DeepResearch Technical Report. arXiv, 2025.
" Correct answer

Valid format

™ Incorrect answer
Valid format

™ Correct answer

Invalid format

WebDancer: Towards Autonomous Information Seeking Agency. NeurlPS 2025.; Tongyi DeepResearch Technical Report. arXiv, 2025.
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03 / AGENT MODELING 03 / HretriEix
° [ ) [ ) [ ) [ ) [ ) ”/\—;l& /ll" \_a: : E Ve amhy k b ol \I 5
SFT: collect, filter, then imitate trajectories SEHR: WIS, TRIE, ARG,
B + EAIESR — HHIE,
EIQuestions+ o e e i e N .
known answers HINHDRG: ZZ=IEH. BB, EXBIR. BB, SRR, B8R
* AN V=] S Y R R g == 1
TEACHER TRAJECTORIES TEsfaiREE . BRIER. BB, ThER.
" Correct answer WebDancer: Towards Autonomous Information Seeking Agency. NeurlPS
Valid format 2025. - Tongyi DeepResearch Technical Report. arXiv, 2025.
\ Filter
™ |ncorrect answer N Correct answer
Valid format

Valid format )
Coherent trajectory

™ Correct answer

Invalid format

WebDancer: Towards Autonomous Information Seeking Agency. NeurlPS 2025.; Tongyi DeepResearch Technical Report. arXiv, 2025.
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03 / AGENT MODELING 03 / EreAER
° ° ° ° ° 1A/ A—Ir\ \ 2
SFT: collect, filter, then imitate trajectories R WU, Tk, ARSI,
A + EANEE — LT — ik,
= Questions + e . N
known answers ?ﬂ”ﬂﬂnﬂ‘ é%—l—-EE%\ *%Etﬁﬁ(&: %%% 1 R *g_tﬁ)(\&r KJ—.EE% *g_t%)(&
TEACHER TRAJECTtRIES THIE/EIRER . &R1EM. BB, MiER.
™ Correct answer ESRBRRVINIE:; (EFREESRE (SFT) #1714k,
Valid format \ Filter —> C,(?;;Ziigﬁzaslned WebDancer: Towards Autonomous Information Seeking Agency. NeurlPS
P [FrarrEe: AREEr Correct answer 2025. - Tongyi DeepResearch Technical Report. arXiv, 2025.
. Valid format l
Valid format

Coherent trajectory
A Train with SFT
Correct answer

Invalid format

WebDancer: Towards Autonomous Information Seeking Agency. NeurlPS 2025.; Tongyi DeepResearch Technical Report. arXiv, 2025.
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03 /AGENT MODELING

Agentic mid-training BREPABILS,
Tongyi {EFFFEEF)II%5, IEERMIRENEREA TR T S,

BRERHE, B8RTUI4RETE.

Tongyi uses continual pretraining to prepare the base model for agent workflows.

Scaling Agents via Continual Pre-training. ICLR 2026.
Agent trajectories

- i B B
- i I B
- i I B

General pretraining data

Scaling Agents via Continual Pre-training. ICLR 2026.
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03 / FHaeliREEE

03/ AGENT MODELING
Agentic mid-training BREPABILS,
Tongyi {EFFFEEF)II%5, IEERMIRENEREA TR T S,

BRERNIT + BARTISEEE — FEF)IIgs (F—aill) — ERTERER
RYEREEL,

Tongyi uses continual pretraining to prepare the base model for agent workflows.

Agent trajectories

P |
"= B = Continual pretraining % Agent-ready
<~ i I B Next-token prediction base model

- i I B

Scaling Agents via Continual Pre-training. ICLR 2026.

General pretraining data —_—

Scaling Agents via Continual Pre-training. ICLR 2026.
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03 /AGENT MODELING
Mid-training improves the starting point for SFT PR RS R EE
"Nib SFT-B #4EER;, ERtREMNREAE.

Pass@1 (%) : BrowseComp-en, Qwen3 base + SFT 28.6. AgentFounder
base + SFT 39.9; BrowseComp-zh, 35.6, 43.3; GAIA, 71.8. 728,

Same downstream SFT-B data; different base-model initialization.

Pass@1 (%)

28.6
I 39.9 Scaling Agents via Continual Pre-training. ICLR 2026.

BrowseComp-en

35.6

B O S O o 433

71.8
A —————
0 20 40 60 80
Qwen3 base + SFT AgentFounder base + SFT

Scaling Agents via Continual Pre-training. ICLR 2026.
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03 /AGENT MODELING

RLVR: learning from answer correctness

Search trajectories

gl\l/JISStilon x Policy m,  RCAE Y1 Y2 v3
clue >

Herbert All All
: Search and reason erber en en
question Simon Newell Newell

Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning. COLM 2025.: final-answer exact-match reward. CMU
examples and rewards are illustrative.
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03 / EREMNER

RLVR: NE=RIEHMEHZS,

[T x: CMU SZRE — Kig 10 (BHRFHEE) — REEET y1. ya. ys
& 22: Herbert Simon; Allen Newell; Allen Newell,

Search-R1: Training LLMs to Reason and Leverage Search Engines with
Reinforcement Learning. COLM 2025.: S&RZZFEHICEZRF)., CMU =~BIF0
LT A,
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RLVR: learning from answer correctness

Verify the final answer
Known answer

ri = EM(a;, agolq) < Allen Newell

Rewards: 0, 1, 1

A
Search trajectories

clue | m
Herbert All
i Search and reason erber en
question ferber Alen

Y3

Allen
Newell

Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning. COLM 2025.: final-answer exact-match reward. CMU

examples and rewards are illustrative.
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ZH / 3GEX - 5 1/1 8B

03 / EHrRefEtE
RLVR: MEZRIEFMEFES.
IGFEREREEE: BRIEE Allen Newell; r, = EM(a;, a_gold), #F: 0. 1. 1,

[T x: CMU ZeZRARR — 5REg 10 (WERFHEE) — REEFHNIT yr. ya. ya,

K245 Herbert Simon, Allen Newell, Allen Newell,

Search-R1: Training LLMs to Reason and Leverage Search Engines with
Reinforcement Learning. COLM 2025.: RAREZ=FEHHITERE), CMU R=GIF0
LMY FAT5RA.

T / SESENED T
ANIFIZEREFEMF.

& PDF 77 | J&m 75


https://www.cmu-agents.com/slides/lecture-10-deep-research-agents.pdf#page=75
https://arxiv.org/abs/2503.09516

CMU Al AGENTS / HZE3J8BZ S kR
£ 10 i - REAREREN: 5. EESHE

EN / R EHSRR - (RIFREF
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RLVR: learning from answer correctness

Verify the final answer
Known answer

ri = EM(a;, agolq) < Allen Newell

Rewards: 0, 1, 1

Rewards r; L _ —

Update policy Search trajectories
Question x Policy 7y  IME Y1 o Y3
SIS & S h and > Herbert Allen Allen
question carch andreason Simon Newell Newell

Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning. COLM 2025.: final-answer exact-match reward. CMU
examples and rewards are illustrative.
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03 / EREIRER

RLVR: NE=RIEHMEHZS,

PR BRIE= Allen Newell; r; = EM(a;, a_gold), #&F: 0. 1. 1,
K2R ri FITERTERRS,

AR x: CMU ZZRAf — kg 10 (BEFHEE) — REEZIT yi. ya. s,

K257 Herbert Simon, Allen Newell, Allen Newell,

Search-R1: Training LLMs to Reason and Leverage Search Engines with
Reinforcement Learning. COLM 2025.: BR&REZ=4EHHITERE), CMU R=GIF0
LM FAT5RA.
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GRPO: learn from better attempts GRPO: MESFHIIAFE,

XIE—NERE x KFE—B=I yi,...Y_G,

Herbert Simon: 3Z[F10; Allen Newell: 32[h1: Allen Newell: 3Z2F51.

One question z; sample a group of attempts ,...,yq

Herbert Si Allen Newell Allen Newell
er\r)e\cjvrardlznz)on Rz\r/]varfjvz\l(le Ri\r/]varilvzvi DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open

Language Models. arXiv, 2024. - DR Tulu: Reinforcement Learning with
Evolving Rubrics for Deep Research. ICML 2026.

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models. arXiv, 2024.; DR Tulu: Reinforcement Learning with
Evolving Rubrics for Deep Research. ICML 2026..
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GRPO: learn from better attempts GRPO: MESFHIIAFE,

XHE— MR x KEFE—ABZE ya,...y_G.
Herbert Simon: 30, {KEFAFIHE—PHEEMEE,

One question z; sample a group of attempts ,...,yq

Herbert Simon Allen Newell Allen Newell
- = 2 NI LS B S22
Reward: 0 Reward: 1 Reward: 1 Allen Newell: &1, SETHEFYE—RSEHMTER.
Below group average Above group average Above group average Allen Newell: X1, BTHEMIE—RSHEME,
Lower its probability Raise its probability Raise its probability

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open
Language Models. arXiv, 2024. - DR Tulu: Reinforcement Learning with
Evolving Rubrics for Deep Research. ICML 2026.

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models. arXiv, 2024.; DR Tulu: Reinforcement Learning with
Evolving Rubrics for Deep Research. ICML 2026..
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03 / AGENT MODELING 03 / BRI

. JE—NaIER x REFE—B=E, v,
GRPO: learn from better attempts XIF—ARIRE X SREF—EE= Y-y _G.

. Herbert Simon, #Z[p10: {EFEFYE, FHEEMIZE. Allen Newell, &f1: &
One queStlon X, Sample a gI’OUp Of attempts Yi,.--,Ya a:gﬂqzi.g{gl TIEE_I%_EEE%‘_—( (Wj;x%iit) .

Herbert Simon Allen Newell Allen Newell GRPO Bfr (REENATENFLY) @ J(B)=E[min(pA, clip(p,1-¢,1+€)A) -
Reward: 0 Reward: 1 Reward: 1 BD KL],

Below group average Above group average Above group average A: 1EXIE, FEANELR, HEED: REEHEE, KLES: (RiSrsEs
Lower its probability Raise its probability Raise its probability 7Y

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open
Language Models. arXiv, 2024. - DR Tulu: Reinforcement Learning with

A: relative reward Clipped update KL penalty Evolving Rubrics for Deep Research. ICML 2026.
Compare within the group Limit the update size Stay near the reference

JO)=E K min(pﬁ, clip(p,1 —¢€,1+¢) E) — ﬁDKL>

model tokens]

BT / SESENED T

. - . - . . - RARRERS,; HRE Tr/EElRETT,
DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models. arXiv, 2024.; DR Tulu: Reinforcement Learning with
Evolving Rubrics for Deep Research. ICML 2026..
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Asynchronous rollouts: finish, score, then train

Score completed trajectories; assemble a batch for the policy update.

Rollout C Tool Tool Tool

Tongyi DeepResearch Technical Report. arXiv, 2025.; DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.
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03 / FHaeliREEE
SR SRk, D, AR,
Bk AT, HAERIREFRFTEATIR,

ik A: IM— IR —LM— IR &% B IM~IE—~LM— IR
— &R JurC: IM—~ TE—-LM—->TE—~ M- TR~ &FX,

Tongyi DeepResearch Technical Report. arXiv, 2025. - DR Tulu:
Reinforcement Learning with Evolving Rubrics for Deep Research. ICML
2026.
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03 / FHaeliREEE

03 /AGENT MODELING

Asynchronous rollouts: finish, score, then train SERFNID: i ¥, AR
XSRS, FHARKIEEFATRRIHNR,

HEA: IM—>TH - LM—TH - &% - ¥, $uxB: LIM—>THE—
IM—> TH > %%Z > ¥F, it C: M~ TE—->LM—->TITE—->LM—~>TA

Rollout A Tool Tool EUNWIM—> Reward > — 2z 4P
(== 0= o

Completed batch

Rollout B Tool Tool ENNGM > Reward >—> + rewards BEdR + 3ZF) — RESEHT,
Policy update

Rollout C Tool Tool Tool _, Reward - Tongyi DeepResearch Technical Report. arXiv, 2025. - DR Tulu:

Reinforcement Learning with Evolving Rubrics for Deep Research. ICML
2026.

Score completed trajectories; assemble a batch for the policy update.

Tongyi DeepResearch Technical Report. arXiv, 2025.; DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.
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Asynchronous rollouts: finish, score, then train SERFNID: i ¥, AR

X EFeRAYHNITTD, FEERIREFFTFEATILR,
M A, B, CZERTIESHEEESTHERE. ENEERERM; Fptixk

Score completed trajectories; assemble a batch for the policy update.

WA TEHREE,
Rollout A Tool Tool URNEM—> Reward > >
Completed batch HitdEZ=ouht: RIFTRER. R[EGE AP, LINRERESEEES.
Rollout B 7% JAYN Tool [ I Tool PUREM > Reward oo + rewards . . .
Po[icy update Egﬁ%ﬂa}g*m)||§]:\$<‘5P—_%‘_—<E|"Jnggﬁ{t?—ggiﬁ—l#o

Rollout C Tool Tool Tool _’ Reward - Tongyi DeepResearch Technical Report. arXiv, 2025. - DR Tulu:

Reinforcement Learning with Evolving Rubrics for Deep Research. ICML
Additional efficiency: cached tool results, robust API handling, and background task curation 2026.

More on scheduling and training efficiency in the RL systems lecture

Tongyi DeepResearch Technical Report. arXiv, 2025.; DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.
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03 / EreIRER

03 / AGENT MODELING
Tongyi: RL improves with training TeliEte EE i i
IR LT TR

KE: RE; GE: iRk, MEERS)IZLSE (0-500) ; 7= Original
5 EMA Smoothed F55f%E, 2ZEIZIMO0.50F+20.60; KEIRASATELI0.5-0.7

Training reward increases while policy entropy stays relatively stable.

Original

0.65 + 1.04 — EMiSmoothed |Ej[}§5j]°

0.601 208/ s
T 508 XLEE RLIG S, IRERBBPBRX DML,
s )
3 0.55 006 . . .

2 Tongyi DeepResearch Technical Report. arXiv, 2025.
0.50- % 0.41
—_ I(EJl\rl:ilgilwoothed 0.2 i%;\az / 5}?3‘(@%%%9:‘:
0.45 T T T T T T T T T T
100 200 300 400 500 100 200 300 400 500 S gg—s o T A et A e N
Step Step HiZ RIS REUE, H e AR,

These are RL training curves; the report does not isolate each training stage.

Tongyi DeepResearch Technical Report. arXiv, 2025..
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Open-ended reports need richer training signals FEIRERREFEMIERES.

REINETEHA?

AGIFAYEIREEZ: Allen Newell — ZZR1EHIE,

What should the reward measure?
VERIFIABLE SHORT ANSWER OPEN-ENDED SYNTHESIS

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research.
ICML 2026.

| Allen Newell |

l

] Answer correctness

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.
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03 / EreIRER

03 /AGENT MODELING

Open-ended reports need richer training signals it i, A
RN EEHA?

AIEIEREEESR: SRR,

What should the reward measure?

VERIFIABLE SHORT ANSWER OPEN-ENDED SYNTHESIS
AGe: BEE. BXtt. E0Emt. BEsFNEK (A51A) .
| Allen Newell | - = DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research.
—_— ICML 2026.
i ¢

] Answer correctness [J Coverage
] Relevance
] Factuality

[] Supported claims (citations)

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.
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DR Tulu: evolving rubrics for RL DR Tulu: AT IRRARFDIRLL.

AR x: XEAGE — RES 0 (BERFHEE) — REEEENIL yi. y2. ys — RS
A. k& B, k& C

B EoirERE; RETHEEIRE.

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research.
ICML 2026.

Search trajectories

Question x Policy 7y  IME Y1 o Y3

Literature

Y

Search and reason Report A Report B Report C

synthesis

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.. Rubric reward shown; auxiliary rewards omitted.
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DR Tulu: evolving rubrics for RL

Judge against the rubrics Evolving criteria ¢,

<«— Refine from responses

- >, wi Judge(cer, v;)

&
Z >k Wk

and retrieved evidence

A
|
Search trajectories

Question x Policy 7y  IME Y1 o Y3
Literature S
synthesis Search and reason Report A Report B Report C

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.. Rubric reward shown; auxiliary rewards omitted.
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03 / EREMNER

DR Tulu: AF@EHtEIREHIVTEDTRE.
ERFRIRAERITIFA: n = [Z wi Judge(cy, yi)] / [2i wids
AETREFERITE o IRIERIEMIERRIRIERE T,

BRR x: NGRS — REE 10 (BRFHEE) — FHEPIE yb. ya. vy = IRE AL
B. C,

EFRSEEoirERE; REHEEIRE.

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research.
ICML 2026.
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DR Tulu: evolving rubrics for RL

Judge against the rubrics Evolving criteria ¢,

<«— Refine from responses

. >, wi Judge(cer, v;)
Z >k Wk

and retrieved evidence

Rewards 7,

A
1
Update policy l Search trajectories

Question x Policy 7y  IME Y1 o Y3
Literature S
synthesis Search and reason Report A Report B Report C
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How the rubrics evolve during training

User query

Describe how genetically
engineering T cells could be
used as an anti-inflammatory
therapy for IBD by changing
cytokine signaling between T
cells and macrophages.

@ J,Generate rubrics with search

Persistent rubrics

(9 Cites “IL-10-engineered T
cells reduced colitis severity”

() States “engineering T cells to
overexpress IL-10 suppresses
macrophage TNF-a”

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.
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How the rubrics evolve during training

User query

Describe how genetically
engineering T cells could be
used as an anti-inflammatory
therapy for IBD by changing
cytokine signaling between T
cells and macrophages.

@ J,Generate rubrics with search

Persistent rubrics

() Cites “IL-10-engineered T policyatstept

cells reduced colitis severity”

() States “engineering T cells to
overexpress IL-10 suppresses
macrophage TNF-a”

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.
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® 6 [

Web Scholar  Google
Browsing  Search  Search

J/

Model rollouts

Y1 [..] T cells suppresses macrophage
TNF-a via STAT3 activation |...]

Y2 [...] systemic IL-6 did not increase
and no cytokine-release syndrome

was observed [...]

Ys

[...] An anti-inflammatory signal
increases a pro-inflammatory
signal, which surprisingly results in
reducing inflammation overall [...]
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T2 T ApEERX IL-10 £iEIERRAAE TNF-o”

BRI Web JIbS. FAEER. Google .

A& M0 TEBNGEBAEMEHENIT: v AR T fAiEEIT STAT3 activation #J
HIEBEMAE TNF-o; y2 A9 systemic IL-6 RIEINBERWERZ] cytokine-release
syndrome; y: BEFTESIERERES, ANBINFREBARIE,
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How the rubrics evolve during training

User query Agent environment

Describe how genetically v@: s . [3’

el cholar 00gle 5 H
engineering T cells could be Browsing  Search Searih New rubrics per instance
used as an anti-inflammatory //

therapy for IBD by changing T'1 Theresponse states that IL-10

cytokine signaling between T Model rollouts from engineered T cells suppresses

cells and macrophages. Rubri s macrophage TNF-a via STAT3
Y1 [..] T cells suppresses macrophage generation activation.

(2 | Generate rubrics with search TNF-a via STAT3 activation [...] b -
Y contrasting T2 The response states that systemi
N ) t . s . rollouts r states that systemic
Persistent rubrics Y2 [...] systemic .IL 6 did not increase T earne
and no cytokine-release syndrome .
cytokine-release syndrome was

() Cites “IL-10-engineered T policy atstept was observed [...] observed after infusion.
cells reduced colitis severity”

Y3 [...] An anti-inflammatory signal
() States “engineering T cells to increases a pro-inflammatory
overexpress IL-10 suppresses signal, which surprisingly results in
macrophage TNF-a” reducing inflammation overall [...]

T3 The response contains wrong
claims that an anti-inflammatory
cytokine upregulates...
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How the rubrics evolve during training RPN ETRIE.

RS, BETntie. SeARE SRENDRT 4
engineeig T eelscout e oo o resentrutris © © IPSTREENR : FHGEDIRAE ra. rb; YILEIEMEARTEDIRAE 1. ray s,
used as an anti-inflammatory %, Rubrics collected during training:
Sl g roc >0 EFESTRERFTS: SKY) ==X wiJudge(ry).

cells and macrophages. Rubrics macrophage TNF-a via STAT3

ZFHAIE ERRIFT D

Y1 [..] T cells suppresses macrophage generation activation l I\ Sk
ics wi TNF-a via STAT3 activation [... —_— ) g R *
(I lGenerate rubrics with search [ by contrasting ) ) Rubric-based scoring JJ ;& S E'T‘ﬁ-%mg T[et+1 o
) X . ) ) T2 The response states that systemic
Persistent rubrics t Y2 [..]systemic IL-6 did not increase rollouts |L-6 did not increase and no P

and nocytokine-release syndrome " cytokine-telease syndrome was S(ay) = 3 wi - JUDGE(rs, ) DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research.

() Cites “IL-10-engineered T policyatstept was observed|...] observed after infusion. k=t
cells reduced colitis severity”
Y3 [...] An anti-inflammatory signal I C M L 202 6

() states “engineering T cells to increases a pro-inflammatory T3 I;;ei’::;‘:;s:::::;:;mfn'z or
overexpress IL-10 suppresses signal, which surprisingly results in X Updates o S
macrophage TNF-a” reducing inflammation overall [...] G S | — T 9t+1 1§7I / 3 E 52 %.Eﬂﬂ 1§§j\9:|:
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DR Tulu: cost and research performance

Average Performance Across Deep Research Benchmarks

o Best performance/cost GPT-5+Search
*DR Tulu-8B - .OpenAI DR
Gemini 3 Pro+Search _
[ Ai2 ScholarQA
5 Tongyi DR-30B-A3B (Claude Sonnet)
n
X WebExplorer-8B
2
§ o WebThinker-32B-DPO
Lip]
ASearcher-Web-7B *  Ours (Open)
o Open Model
[ ClosedModel
0.001 0.010 0.100 1 10

Cost (USD)
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Pro+Search, GPT-5+Search, OpenAl DR, Al2 ScholarQA (Claude Sonnet)

Shao*, Asai* %, ICML 2026 (Oral) ., DR Tulu: Reinforcement Learning
with Evolving Rubrics for Deep Research. ICML 2026.

T / SESENED T
AT EEAAREE, RRIERPAE LSRR D HERA.

W& PDF 96 | JRra 94


https://www.cmu-agents.com/slides/lecture-10-deep-research-agents.pdf#page=94
https://arxiv.org/abs/2511.19399

CMU Al AGENTS / BhZExBBZ SR [EPDF5595/124 ]

5 10 ¥ - REWHREREWN: 5. BEESHX

EN / R BETSIRE - (RIFIRE ZH / $p3GEXL -5 1/1 85
N
03 / AGENT MODELING 03 / EreEiR
. WS e SRR b 2 ST P
DR Tulu: SFT as an RL warm start DIRTLD: iion e IRt etahial St
8% (%) P& RL training steps #EI0MmaxL; Effl: On Policy SFT, Our SFT,
604 == Undertrained SFT, No SFT, ZIER)IZx2410-4,000F0155£930-60%LA L.
—‘.’” S =] N sk, - =
551 - BPfEEREEFS%AY SFT HUEtLEH . T8 SFT BREEIETRKREM RL &R,
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(O] b . .
S The full SFT mixture gives the DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research.
» 407 —e— On Policy SFT strongest RL results. ICML 2026.
35 —e— Our SFT
—e— Undertrained SFT FE / SFRENES T
30
—e— No SFT . . o
RSB RARITEE, RSN ERIEIER,

0 200 400 600 1000 1900 4000
RL training steps

Gray region: unequal step spacing.

DR Tulu: Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.

44

DR Tulu: W E&MIEIENRAFEIREEN

AAETIEX - I CMU BHIEA - IEEIRIARIE - FUARHKES cmu-agents.com Mg POF 97 | IR 95


https://www.cmu-agents.com/slides/lecture-10-deep-research-agents.pdf#page=95
https://arxiv.org/abs/2511.19399v3

CMU Al AGENTS / HZE3J8BZ S kR
£ 10 i - REAREREN: 5. EESHE
EN / X EARR - (REFREF

03 /AGENT MODELING

DR Tulu: evolving rubrics improve RL training

—— Random rewards
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RL training steps
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Elf5: No RL. Random rewards, Initial rubrics only, #\3#H55> (%) ; 1&iH
""" ot  Rendom rewards = Initial rubrics only RL training steps (0-2,500) , {R{EFIIMAIES HRAHIRARE)IBHRFIELI59%,

185 BX HealthBench, ScholarQABench v2 5 DeepResearch Bench BJY5(E,

60
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Ef5]: No RL, Random rewards. Initial rubrics only, Evolving rubrics, #\3#
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DR Tulu: evolving rubrics improve RL training

60 1845EX HealthBench, ScholarQABench v2 5 DeepResearch Bench AJS(E,
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Search tools for deep research

v v
Local search Black-box APIs

v v v v
Lexical retriever Embedding Web search API Browsing
models
e.g., BM25 Learned similarity web_search browse

Other tools: Python execution (Tongyi); scholarly search (Tongyi, DR Tulu).

Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.; Tongyi DeepResearch Technical Report. arXiv, 2025.; DR Tulu:

Reinforcement Learning with Evolving Rubrics for Deep Research. ICML 2026.
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RERRIERTE,

AFEER: AERERRS (g0 BM25) ; SRAER (EIJBERBLLE) .
& APl [ZRIEZ APl (web search) ; MI¥E (browse) ,

HthTH: Python $14T (Tongyi) ; FA3EZE (Tongyi. DR Tulu) ,

Dense Passage Retrieval for Open-Domain Question Answering. EMNLP
2020. - Tongyi DeepResearch Technical Report. arXiv, 2025. - DR Tulu:
Reinforcement Learning with Evolving Rubrics for Deep Research. ICML
2026.
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Embedding retrieval finds nearby documents BN RS BRI,
B9t AMEESREHEAERS,

NiYRi0es E d; mEZS5I,
N [1]: Newell #1 Simon: 1975 FERZ,

First, encode the document collection and build a vector index.

1] N ll and Si : Vector ind
= ewe. ang simon —— Doc. encoder E, SCror neex 44 [2]: Simon: 1978 Fis/REFFIE,
1975 Turing Award. \
. . ° M5 [3]: CMU BREERSELES .
[2] Simon: economics Doc. encoder E ]
—— . S— TR s M B = S NV
Nobel Prize, 1978. ! \ NEMHETEDE: s(q, d) = E_q(q)TE_d(d); MERDEESAIA k D34,
®
[3] CMU campus buildings [2] o WiRfDEsteZR: (Dense Passage Retrieval for Open-Domain Question
o ——> Doc. encoder E; o .
and directions. [3] Answering) , EMNLP 2020,

BT / SRXENES T
AAPRYRISRE SEBICSRIFFRE.

Score each document: s(q,d) = E,(q)" E4(d); retrieve the top k.

Dual-encoder retrieval: Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020..
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Embedding retrieval finds nearby documents

Who shared the Turing Award with Simon? N Query
encoder E,

[1] Newell and Simon: Vector index

, —— Doc. encoder E;
1975 Turing Award.

Eq(‘])
[2] Simon: economics Top match: [1]

Nobel Prize, 1978.

——> Doc. encoder £, \
o

(2]

o ——> Doc. encoder E, — @
and directions. [3]

[3] CMU campus buildings

Score each document: s(q,d) = E,(q)" E4(d); retrieve the top k.

Dual-encoder retrieval: Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020..
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A RESHERILASE,

B S Simon HEXE TEIRK?

EifwiSes E q; EEF R E_q(9).

X154miSes E d; mEZ5I.

N [1]: Newell #1 Simon: 1975 HFERZ,

3 [2]: Simon: 1978 FHEIUREFFR,

A [3]: CMU RIEZRSHEEES .

EPUECIn: [1].

AEHDIGEHTEDEL: s(q, d) = E_q(@)TE_d(d); HERDHMESIAE k 034,

WiRfDesteZR: (Dense Passage Retrieval for Open-Domain Question
Answering) , EMNLP 2020,
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Train embeddings to rank useful evidence higher WIEBRA, R FIHRHEER.
X EEF AR SR MIBEHITILE,

[E&: 5 Simon HEBXETEIRR? &Hif q.

Contrastive learning compares a relevant passage with negative passages.

. Newell and Simon: . _ i
Who shared the Turi ncrease simita™ R RS-SRS d AIEILUE: Newell 0 Simon: 1975 FERRK,
o shared the Turing // :
Rward Withl Smon? e olovant BESRITRY d- MO : CMU RIERSASEREIES.

\ CMU campus bui[dings ﬁ?&gﬁﬁg%‘ﬁiﬁﬁ'\ ﬁ'fﬁ”%*i*ﬂ?gll %m%?& NLP 5{§1%¢ﬁ/§\1¥$50
Query g es’mi/arity

and directions. {Dense Passage Retrieval for Open-Domain Question Answering) ,
Negative d- EMNLP 2020,
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AgentIR ablation: inputs and training

Which helps: reasoning-aware input, DR-Synth training, or both?
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Both components help; combining them gives the highest accuracy.
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AgentiR: which history helps retrieval? AgentlR: BB EREEITHE?
FrataZRagabEm DR-Synth; RBHA L TXAR.

B {N&EiR, ScriEifa; i + ¥R, M ERR (%) , ZIER 0. 20,

All retrievers use DR-Synth; only the input context changes.

Query only | Prior queries m Queries +
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AgentiR: which history helps retrieval? AgentlR: BB EREEITHE?
FrataZRagabEm DR-Synth; RBHA L TXAR.

Bl NEiF, ScriER; Eif + 8E 38 + #5E + S0, i ERR (%)

All retrievers use DR-Synth; only the input context changes.
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AgentlR: which history helps retrieval?

All retrievers use DR-Synth; only the input context changes.

Query only @ Prior queries m Queries + @ Queries + @ Current reasoning
80 reasoning reasoning + docs (AgentIR)
67.0
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© 40
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Current reasoning gives the strongest signal across these agent settings.
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14 60.0, HATHEE 66.3,

gpt-oss-120B: {X&if) 59.2, SGRIEIH 61.9, &Hif + #H 64.3, HiF + I
+ 342 58.7, SRiEE 67.0,

GLM-4.7: {X&if) 57.5, 4CHEA 59.1, &5if) + HIE 60.8, Z5if) + I8 + SRy
58.7, HEIHEE 64.7,

Tongyi-DR (visit) : {¥&if) 59.5, JcAIEIH 63.0, &iF + #IE 66.3, Hif +
HEIE + 321 61.5, ZRIHEE 68.1,

SRIFEREXEERARETRI TREES.

{AgentIR: Reasoning-Aware Retrieval for Deep Research Agents) ,
COLM 2026,

FE / SEXENFED
ERRIEREN RN EEID SR,

W& PDF 125 | J&H 123


https://www.cmu-agents.com/slides/lecture-10-deep-research-agents.pdf#page=123
https://arxiv.org/html/2603.04384v1

CMU Al AGENTS / HZE3J8BZ S kR
£ 10 i - REAREREN: 5. EESHE

EN / R EHSRR - (RIFREF

04 / RETRIEVAL

Summary
01 Tasks

Deep research combines many searches with evidence synthesis.
02 Evaluation

Assess answer quality and citation support; audit the rubrics too.
03 Training

Learn from demonstrations, then improve through task feedback.
04 Retrieval

Give retrievers the agent’s information need and train for it.
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