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What am | going to talk about?

1.

2
3.
4
5

Why should we care doing RL with LMs?

. How do we train an LM with RL"?

How do we train an LM with RL quickly™?

. How do we train with tools and environments? [DR Tulu]

. Training an LM with RL in practice. [Olmo 3]



Why should we care about RL
and LMs?



Background: How to make an LM?
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Why adapt?
% Qwen3-8B-Base

What is 2+27?

Also, can you solve (2+2+1+1)+127 What is
2+2+27 If (n+2)!/n! =12, what is the value of n?
What is (2-2)*2-2+2+2/27 How do you solve
2+2+2 ?+2 =212? What is (2+2+2)! ? What is
2-2+2x2"27 What is 2/2/(2/2)? Why is 2*2-2=27
\n\nLet's go through each of these step by step:
\N\n1. 2+2": \n \\( 2 + 2 = 4 \\).\n\n2.
*2+2+1+1) = 127*:

LN
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Why adapt?
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Why adapt?

% Qwen3-8B-Base + “post-training”

What is 2+27?

2 + 2 equals 4.




Post-training = a bag of techniques for adapting
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Post-training = a bag of techniques for adapting

Online
RL
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Post-training = a bag of techniques for adapting

Environment

<
Reward
\ 4
State OO Action
¢

LM Policy:




Okay, but why RL specifically?

u 0.7
1. Empirically, >
outperforms SFT, even + 0.6}
smaller models. P
-
o 0.5F—=—===========—= e EE L L PP L PP E
2. Allows us to "q:) Reference summaries
outperform humans! Q 4l
C
L O
3. Can train directly = 0l
against non- ©
differentiable signals L "o
1.3B ~ 27B  67B  12.9B

Model size

Stiennon et al., "Learning to summarize from human feedback," NeurlPS 2020.
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Okay, but why RL specifically?

Effectiveness extends beyond summarisation!
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BN + RLVR

69.7
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Okay, but why RL specifically?

DeepSeek-R1-Zero AIME accuracy during training

0.9 —
—e— I'1-zero-pass@1

—eo— I'1-zero-cons@16
0.8 | === Human participant

Uit
00—

0.5 +

Accuracy

0.4 -

0.3 -

(.2 —

| | l | l |
0 2,000 4,000 6,000 8,000 10,000

Steps
Guo et al., "DeepSeek-R1 incentivizes reasoning in LLMs through reinforcement learning,” Nature 645, 633-638 (2025). 14



Okay, but why RL specifically?

4— Environment
Reward
\ 4
State OO Action
¢

LM Policy:




Okay, but why RL specifically?

Mathematics Kernel Eng. (TriMul) Algorithms (AtCoder) Biology
Erdés’ Min. Overlap ({) A100 ({) H100 (!) Heuristic Contest 39 (T) Denoising (T)
Best Human 0.380927 [20 4531 ps 1371 ps 566,997 [56] 0.64
Prev. Best Al 0.380924 [50 N/A N/A 558,026 [37] N/A
TTT-Discover 0.380876 2198 s 1161 ps 567,062 0.71

Yuksekgonul et al., "Learning to Discover at Test Time”, arXiv preprint arXiv:2601.16175, 2026.



Okay, but why RL specifically?

Mathematics Kernel Eng. (TriMul) Algorithms (AtCoder) Biology
Erdés’ Min. Overlap (/) A100 ({) H100 (]) Heuristic Contest 39 (T) Denoising (T)
Best Human 0.380927 20 4531 ps 1371 ps 566,997 [56] 0.64
Prev. Best Al 0.380924 [50 N/A N/A 558,026 [37] N/A
TTT-Discover 0.380876 2198 s 1161 ps 567,062 0.71
A . Best from
5th Human =3 TTT-Discover Best Human -Discover
(3655us) [ Best-of-N (1371us) (1161pus)
~ 7'(‘9 Best-0f-25600 : ~ T : |
0 (5352ps) | ~ Ty 024 | !
= ! l ) : I ~ TG0 |
| I MIXEC fusing a I _ I
py ~ | core operations - ‘-deeper fusio
Slowest GPUMode TriMul Competition Kernel Runtime (H100) Fastest

Yuksekgonul et al., "Learning to Discover at Test Time”, arXiv preprint arXiv:2601.16175, 2026.
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Why should you care about RL for LMs?

1. Core technique for adapting LMs
2. Often more effective than simpler techniques (e.g., SFT)

3. Current best way to improve novel* behaviours (reasoning chains,
superhuman performance on some tasks)

18



How to do RL for LMs




Basic Policy Gradient

For this, we consider a parameterised policy: a policy that can directly select
what action to take, without necessarily consulting value (or g-) functions.

Effectively, we learn to produce a probability distribution over actions given
a state.

y(a | 5) =

yHéa

Ty can be anything we can take gradients on! ...like a LM!

20



Basic Policy Gradient

We can then aim to maximise performance by just taking gradient steps:

01 = 0, + aV/J(\Ht)



Basic Policy Gradient

We can then aim to maximise performance by just taking gradient steps:

01 = 0, + aV/J(\Ht)

J(0) here is our objective function. We will set it as the ‘true’ value of the initial

state under our policy:
J©O) = v, (s0)
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Basic Policy Gradient

We can then aim to maximise performance by just taking gradient steps:

01 = 0, + aV/J(\Ht)

J(0) here is our objective function. We will set it as the ‘true’ value of the initial

state under our policy:
J©O) = v, (s0)

V., 1s the value tunction for our parameterised policy, and s, Is the initial state.

In practice, we use optimisers like AdamW, Muon, etc.
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Basic Policy Gradient

With some math (see Sutton & Barto, Chap. 13), we can show:

VJ(O) < E, |R,Vyln(n(a, | s, 0))|

/

Expectation
under our

policy

AN

(gradient of)

return probability
(reward) over next
from full action

trajectory
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Basic Policy Gradient

With some math (see Sutton & Barto, Chap. 13), we can show:

VJ(O) < E, |R,Vyln(n(a, | s, 0))|

/N

Expectation (gradient of

under our il

policy return probability
(reward) over next
from full action
trajectory

This is exactly the REINFORCE update!



REINFORCE

Environment

LM Policy:

Action

<
Reward
\ 4

!
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How iIs this instantiated for LMs?

Rt — R( .o ) We have some reward function
S, =X Our state is just the text seen so far
a, =y, Our action is producing a token.

Generating a full answer = episode.

[EﬂH[R V@ln ﬂg(y ‘ .X)]



How iIs this instantiated for LMs?

In practice, we draw prompts (x) from a dataset (D), and sample completions (y)
from our model, and do this in batches:

1 1 YT
[EXND,yNﬂQ(.‘X)[E Z ? ; R Vé’ln ﬂé’(yi ‘ X)]



How iIs this instantiated for LMs?

In practice, we draw prompts (x) from a dataset (D), and sample completions (y)
from our model, and do this in batches:

1 1 T
over
over
PromPpis ?evseronses batch reward logprobs of
P over response
response

tokens

29



Problems

There are two core problems.

B 1 1 T



Problems

There are two core problems.

F Ly 1§ py,
Ea D] 2 T ; pIn[Tgyi 1 1)1

1. We are sampling from our current model! Once
we take a gradient step, we need to re-sample.

31



Importance sampling

We can use importance sampling to sample from a different distribution.

Po(7)
pp(7)

E,..,Lf(0)] = [EW[ f(f)]



Importance sampling

We can use importance sampling to sample from a different distribution.

[E)CND,yN]Z'@(.‘X) ... In ﬂé’(yl | X)

In 7,(y; | x)

= —
Inmy (v;|x)

x~D,y~7r901 d(. x) *



Importance sampling

In practice, we also clip the ratio to avoid numeric Issues.

[E)CND,yN]Z'@(.‘X) ... In ﬂé’(yl | X)

ln ﬂ@(y | X)
E .. clip(——————1—-¢,..1+¢,.
x~D,y 79, d(.\x) P ( In ﬂ_g(ﬂd (yi | )C) low hlgh)



Importance sampling

In practice, we also clip the ratio to avoid numeric Issues.

In 7,(y: [ x
r(0) = clip(ﬂ,l — €,,,1 + ehl-gh)
Inmy (v;]x)



Problems

There are two core problems.

F Ly 1§ py,
Ea D] 2 T ; pIn[Tgyi 1 1)1

1. We are sampling from our current model! Once
we take a gradient step, we need to re-sample.
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Problems

There are two core problems.

B 1 1 T X
':x~D,y~ﬂgald(-|x)[E Z ? Z R V‘gri(e)]
Yi
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Problems

There are two core problems.

(|x)[_ Z Z.ver (0)]

'—x~D,y~7z6,OZ p

1 v‘v‘ a ..e .

A
\J

a al A \WTIASE ATAYATYA A _a AAlA
, J \

i a a A
W

2. If our reward is high variance, so will our
updates. We need to normalise.
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Advantage Function

Usually address this by using (estimate of) advantage instead of reward.
A =R, — Vng(st)

GRPO uses an even simpler estimate:

(" )

G

M|
R(x,y;) — mean(R)

prompt (x) Vs A A —

/ std(R;)




Problems

There are two core problems.

B 1 1 Y1 X
':x~D,y~ﬂgald(.|x)[E Z ? Zﬁri(e)]
Yi

1 v‘v‘ - a ...=.

i a a A
W

2. If our reward is high variance, so will our
updates. We need to normalise.
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Problems

There are two core problems.

) 1% .
':XND,yNﬂgald(-lx)[E Z ? Z A Verl(e)]
Yi

1. We-are ARG chAtmoaet-G




CISPO Objective

We now have exactly the CISPO objective from the Minimax-M1 paper:

Jcispo(0) = E (g,0)~0,{0}5 ,~m4,.. (-la)

G |oi

Z Z Sg(rl t(e))Az t 108 th(ol ¢ | q, O;. <t)

G
Zl— |Ol‘ =1 t=1

MiniMax. MiniMax-M1: Scaling Test-Time Compute Efficiently with Lightning Attention. arXiv preprint arXiv:2506.13585, 2025.
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GRPO Objective

In practice, the more popular GRPO loss is a bit different, but similar:

jGRPO(Q) ]E[q P(Q) {Ol}l -1~ g ld(o|q)]

G |0 . . . .
é Z OL Z {m [ ﬂQ(Ol,t‘q/ Ol,<t) Ai’t, Cllp ( ﬂ@(ol,t‘q/ Ol,<t) , 1— £, 1+ E) Ailtl - ﬁDKL [ﬂgllﬂ'ref]}
=1 t=1

TO,14 (Oi,t |q/ Oi,<t) 0,14 (Oi,th/ Oi,<t)

Shao et al., "DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models," arXiv preprint arXiv:2402.03300, 2024.

Read up on PPO, TRPO if you want to know more!
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Many other tips, tricks and tweaks!

Comparing ScaleRL with prevalent recipes

0.6071 e ScaleRL
J— » MiniMax
% 0 56 * Magistral
g e Qwen2.5 (DAPO)
50 52 * DeepSeek (GRPO)
O
2 0.4s8
©
—
v
o 0.44-
o
0.40-

1 2 4 8 16 32
GPU Hours x 10° (log scale)

Khatri et al., "The Art of Scaling Reinforcement Learning Compute for LLMs," arXiv preprint arXiv:2510.13786, 2025.
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How to train LMs with RL quickly™



How to train LMs with RL quickly™

*If you have lots of GPUs.



How to train LMs with RL quickly™

*If you have lots of GPUs.

i+ open-instruct Public



How to speed up training?

Environment

<
Reward
\ 4
State OO Action
¢

LM Policy:




How to speed up training?

Send prompt completions

D -

P I| ° o |I Train GPUS
Generate GPUS ° o +

Send updated weights



How to speed up training?

Send prompt completions

P T| ° o |I Train GPUS
Generate GPUS ° o S

/LLM

Send updated weights




How to speed up training?

Note: You need to adjust your logprobs to account for trainer-inference

mismatch!

A
v

A™~TMsampler (Hold )

Vg min (

Tearner (CL, 9)

Tearner (CL, Hold )

A

A, clip (

Tearner (CL, 9)

Tearner (CL, Oold)

A

,1—6,1-|—€)A

)]

We are sampling via vlim, but computing our logprobs in our training code.

Yao et al., "Your Efficient RL Framework Secretly Brings You Off-Policy RL Training," Feng Yao's Notion, Aug. 2025.
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How to speed up training?

Note: You need to adjust your logprobs to account for trainer-inference

mismatch!

A

4

A™~TMsampler (gold )

Tearner ((L, 0) 1

V@ min (

Tlearner (aa oold )

A, clip (

Tearner (CL, 9)

Tearner (a, Oold)

71_€a

1+¢) 4) |

We are sampling via vlim, but computing our logprobs in our training code.

.
v

aA~Tgampler (6o1a)

min (

Tearner (a) eold) C

7Tsa,mplfcr (a‘y Hold) ,

)-Vg min(

N———  —

truncated importance ratio

Mearner (a, 9)

Tlearner (a, eold)

N

A, clip

(

Tearner (a, 9)

Mearner (a, 0o1d )

1 —, 1+e)/1)

Yao et al., "Your Efficient RL Framework Secretly Brings You Off-Policy RL Training," Feng Yao's Notion, Aug. 2025.

—

—--
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How to speed up training?

We can visualise this flow as so:

Gen GPUS

Train GPUS

trainer

(&

AN J
Y

/U

(&

/U

|
|
|
|

b,

Compute logprobs on

Train On-Policy
w/ HF Transformers training

Sync welight after
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How to speed up training?

We can visualise this flow as so:

e | | -

Compute logprobs on  Train On-Folicy Sync weight after
trainer w/ HF Transformers training

N )

J
J
J
J

N /U




How to speed up training?

Optimisation 1: we can overlap training and generation.

Gen GPUS

Train GPUS

-

~
-
-
C

A A N

55



How to speed up training?

In practice, our generations can be quite different lengths.

Gen GPUS

4 N

A A N

Train GPUS

| |
| J} .
| |




How to speed up training?

In practice, our generations can be quite different lengths.
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How to speed up training?

Optimisation 2: continuously process samples as inference compute frees up.

NS D
Gen gpys T S e -

Train GPUS > J} > J}
J J

NN J U

N 2N




How to speed up training?

Optimisation 2: continuously process samples as inference compute frees up.

NS D
Gen gpys T S e -

— )
- \ - JJ
Train GPUS > > > > |
| |

|
|
|
|

NN J U

At weight sync boundaries,
we pause and re-gueue
samples.
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How to speed up training?

Optimisation 3: Don’t requeue samples, and just keep generating.

NS D
Gen apys TN T e -

Train GPUS > J} o J}
f J J

N 2N

NN J U




How to speed up training?

Optimisation 3: Don’t requeue samples, and just keep generating.

constant batch size inference

11 1 |
— . -
o ——— weights trough ime
U Optim  Optim  Optim //

step O step 1 step 2 GPU idle

A\

Time

Piché et al., "PipelineRL: Faster On-policy Reinforcement Learning for Long Sequence Generation," arXiv preprint arXiv:2509.19128, 2025.
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How to speed up training?

Sometimes our batch size can be uneven with GRPO

G
iy B R(x,y;) — mean(R)
prompt (x) Y, ] Std(RG)

If all outputs are the same, advantage is 0



How to speed up training?

Sometimes our batch size can be uneven with GRPO

Jarpo(0) = E[q ~ P(Q),{0i}{; ~ 7g,,,(0lq)]

|0 |

G
1 1 : jTG(O',t|Cl;0‘, t) I : ”9(0',t‘q10', ) A
- —Z{mm[ l s chp l = 1-g,1+¢ — BDg1 [argllyr,.ef]

L
i=1 |Oi I t=1 ﬂ-eold (Oizt Iq’ Oi,<t) ’ ﬂ-eold (Oi,th/ Oi,<t) ,

If all outputs are the same, advantage is 0
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How to speed up training?

Sometimes our batch size can be uneven with GRPO

real batch size ratio
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How to speed up training?

Optimisation 4: Actively pull samples from inference engine on demand until we
fill our batch (“active sampling”)
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How to speed up training?

Optimisation 4: Actively pull samples from inference engine on demand until we
fill our batch (“active sampling”)

time I

o0

Inf.
Eng. 92-

g3

o>0

train
batch
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How to speed up training?

Optimisation 4: Actively pull samples from inference engine on demand until we
fill our batch (“active sampling”)

time I

o0

INf.

Eng. 92- g05>O

g3
o>0 0
. g3 g3 go
train
batch
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How to speed up training?

Optimisation 4: Actively pull samples from inference engine on demand until we
fill our batch (“active sampling”)

time I

o0

INf.

Eng. 92- gc55>0

g3
o>0 0
. g3 g3 g5 g3 g5
train
batch
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How to speed up training?

Optimisation 4: Actively pull samples from inference engine on demand until we
fill our batch (“active sampling”)

time I

i 10
o>0
Inf.
EnQ. 2 g5 gll
g g- o>0 >0
g3
o>0 0
train 0 O
batCh g6 g6 g6 gl0

send to GPU



How to speed up training?

3000 A
2500 -

2000 -

1000 -
) . .
O -

Tokens/second
-
on
o
(@)

OLMo 2 + continuous + better + inflight updates
batching threading (OLMo 3)
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How to speed up training?

3000 A

2200~ ~3X improvement!

2000 -

Tokens/second
=
on
o
(@)

1000 -

500 -

OLMo 2 + continuous
batching

+ better
threading

+ Iinflight updates
(OLMo 3)
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How to speed up training?

88
86 [
84 r

82

IFEval Score

80 f

18t

16}

] ] 1 ! | l

PipelineRL (5 days)
1-Step Async (16 days)

0 2 4 6 8 10
Runtime (days)

12 14 16
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Especially important since RL Is slow

Naive Avg

80.0 -

19.5 4

79.0 -

78.5 A

78.0 -

7.3

V& 5

76.5 4

76.0 A

0 500 1000 1500 2000



Especially important since RL Is slow

80.0 -

19.5 4

79.0 -

78.5 A

78.0 -

TS

V& 5

76.5 4

76.0 A

Naive Avg

!

Mw

r

500

1000

1500

2000

~1 month of training on 9
nodes



RL Training with tools and
environments



Tools & RL Environments

These days we expect use models as part of larger systems!

¥ Gener... 34

Claude Code v2.1.34

Opus 4.6 -+ APL
/Users/hamishiyv

hello! what is going on.

® Hello! Not much going on — just ready to help you out. What can I do for you today?

> B

? for shortcuts




Tools &

We can think

RL Environments

of RL with tool calls as a multi-turn environment

Multi-turn Reasoning

Reasoning Tool Calling  Tool Response Reasoning Tool Calling  Tool Response . Answer
User Orchestrator l
Query: Reward
tht is the Alon- Outcome
Tarsi number of Efficiency

$K_{1000,1000}$7?

Preference:
| want to be cost
efficient if possible.

Su et al

Preference @

., | ToolOrchestra: Elevating Intelligence via Efficient Model and Tool Orchestration," arXiv preprint arXiv:2511.21689, 2025.
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Tools & RL Environments

We can think of RL with tool calls as a multi-turn environment

Multi-turn Reasoning

Reasoning Tool Calling  Tool Response Reasoning Tool Calling  Tool Response ., Answer
User OrCh eStrator E What is Alon- E The Alon-Tarsi Estimate the upper b|n K"i"‘" EUIeria.n ¢
Tarsi number? number of a graph bound of AT(K,,,) ... Z‘f,e?rzfdzsa,r;o“;:ig?ys_f

Query: Basic Tools “\, Specialized LLMs & Generalist LLMs == Reward
yl.\;}:s&;tr:z;hse?gn- ¥= |ocal Search & % Qwen2.5-Math-7B (%) GPT-5 & & Cutceme .
$K_{1000,1000}$? s . Efficiency L/

= : ' F Web Search & & & & v Qwen2.5-Math-72B & (&) @M LN-Ultra-253B & (&) Preference
Preference: Ix get_flight_status ) l*i Codestral-22B ) - Claude Opus 4.1 0 ®
| want to be cost |
efficient if possible. ™ Code Interpreter & 0Q Query Writer (§) ' Qwen3-235B ) & ()

Reinforcement Learning ¢}

Su et al., "ToolOrchestra: Elevating Intelligence via Efficient Model and Tool Orchestration," arXiv preprint arXiv:2511.21689, 2025.
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Tools & RL Environments

Far more infrastructure complexity!

Automatic Synthetic Data

Async Call

Collect
Async Rollout Service Rollout Worker Trajectory Reward Service

Action| |Observation

r —————————— - — - ——— —— \ ' -------------------------------------

l
L=,
!
I
I
!

G, TN et

Real Environment Python

— — — - - — - .- . -— .- - — e e - - —— e e Bm b 108 e e ot e e e e St @ e emm  can e e Be s m B e e s e S 108 — @ @6 e e e

\

P P e e T e e
-

-
S

Tongyi DeepResearch Team et al., "Tongyi DeepResearch Technical Report," arXiv preprint arXiv:2510.24701, 2025.
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Tools & RL Environments

We can also often improve the algorithm in tool-use specific ways

- )
= %)
S ~ 58
os m ﬁ
> . . 0 Outcome
2 >( Think }@oolCalD*Cl‘oolOba—-» Answer - E”S "’(Reward
o L ) "o
8 )

(a) ReAct Search Paradigm
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Tools & RL Environments

Using SFT alone can plateau...

HealthBench

B T S S I G SN B B N S G S B S S
O| g T TR AT (ST T

SFT data (%)
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Tools & RL Environments

But then further RL can further improve.

Healthbench Score

52.5
50.0

47.5 -
45.0 -
42.5 -
40.0 -

37.5-

10penAl Deep Research

0 200 400 600 1000

RL training steps

1900

4000
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Tools & RL Environments

But then further RL can further improve.

Healthbench Score

52.5
50.0

47.5 -

45.0

42.5 -
40.0 -

37.5-

10penAl Deep Research

0 200 400 600 1000

RL training steps

1900

4000

~2 months of
training on 2
nodes
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Tools & RL Environments

But some issues are recoverable!

12000

10000

00
o
o
o
Num. Tool Calls

Output Length

1K 2K 3K 4K

-
/N

U
1

o

W
1

o
/N

1K

2K

3K

4K
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Tools & RL Environments

But some issues are recoverable!

1K

— 12000- W g
° ©
e O
@ 10000 §4_
3 3
S 8000 c 3
S , =
0K 1K 2K 3K 4K 0K
2 o-
=
QL 8-
'
7
~
O 61 i , .
0K 1K 2K 3K

4K

2K

3K

4K
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Tools & RL Environments

We can also often improve the algorithm in tool-use specific ways
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Tools & RL Environments

We can also often improve the algorithm in tool-use specific ways
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Tools

& RL Environments

We can also often improve the algorithm in tool-use specific ways
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Tools & RL Environments

One recent example: DR Tulu

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

Rulin Shao'“1, Akari Asai?-3¥1, Shannon Zejiang Shen*“T, Hamish lvison!:2%1,

Varsha Kishore! 2, Jingming Zhuo', Xinran Zhao?, Molly Park!, Samuel G. Finlayson'°,

David Sontag*, Tyler Murray?, Sewon Min?:°, Pradeep Dasigi?, Luca Soldaini?, Faeze Brahman?,
Wen-tau Yih!, Tongshuang Wu?, Luke Zettlemoyer!, Yoon Kim*,

Hannaneh Hajishirzi':?2, Pang Wei Koh!:2

'University of Washington, ?Allen Institute for Al, *Carnegie Mellon University

“Massachusetts Institute of Technology, °Seattle Children’s Hospital, ®University of California, Berkeley

YJoint first authors, 'Core contributors. See full author contributions here.
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Tools & RL Environments

One recent example: DR Tulu

How did Netflix manage to successfully adapt
One Hundred Years of Solitude, a notoriously
difficult book to bring to the screen?

Agentic Workflow

Long-form Report with Citations

Netflix's adaptation avoided a literal replica of
Macondo and instead fused real locations with
meticulously built sets @ 6 honor the novel's
essence while giving the show contemporary
visual grammar. The production grounded
magical realism in front-of-camera practical
craft, relying on makeup, special effects® .....
The location strategy and production design...

sources

[1] The production team behind Netflix's adaptation of
‘One Hundred Years of Solitude,” LA Times

[2] The article discusses Netflix's adaptation of Gabriel
Garcia Marquez's celebrated novel, NY Times
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DR Tulu

“Deep Research”: Multi -paragraph answers that integrate external evidence
andprovide fine-grained attributions to sources

Our goal: Unified model that iteratively plans, searches, integrates

think (<think></think>) usesthe LM itself to plan next steps given the current state and information.

tool (<call_tool></call_tool>) invokes one of multiple search-related tools. The specific tool is

chosen by setting the name attribute and tool-specific arguments. Example: <call_tool name="google_-
search" k="10" lang="en">query</call_tool>. We append the tool’s output, in plain text, to the
context for subsequent steps.

- (<answer></answer>) produces the final response and stops. Inside the answer, the LM may
enclose claims in <cite id="SOURCE_ID"></cite> tags to provide references to supporting source
identifiers.
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DR Tulu

Prior work mainly focussed on:

1. Developing more complex scaffolds without model training

2. Training on extremely hard short-form QA problems requiring many (>10)
searches

think (<think></think>) usesthe LM itself to plan next steps given the current state and information.

tool (<call_tool></call_tool>) invokes one of multiple search-related tools. The specific tool is

chosen by setting the name attribute and tool-specific arguments. Example: <call_tool name="google_-
search" k="10" lang="en">query</call_tool>. We append the tool’s output, in plain text, to the
context for subsequent steps.

+_ - (<answer></answer>) produces the final response and stops. Inside the answer, the LM may
enclose claims in <cite id="SOURCE_ID"></cite> tags to provide references to supporting source
identifiers.
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Why is DR hard to train?

1. High-quality answers are hard to come by!

2. Responses are not verifiable (long-form text).
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Why is DR hard to train?

1. High-quality answers are hard to come by!

2. Responses are not verifiable (long-form text).

Rubric Rewards

K
1
S(x,y;) = W ZwaUDGE(rk,yi)
‘ k=1

Training L 5 Poli(cy; J1y Y29 - - - I
g\ °

Data
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Is rubrics enough for DR?

1. Rubrics need to be specific!
 Need to reference up-to-date information

e e.9. “The response should be factually correct” - good rubric for a human
judge, bad for a LM!

2. May not be discriminative for current model!
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Is rubrics enough for DR?

1. Rubrics need to be specific!
 Need to reference up-to-date information

e e.9. “The response should be factually correct” - good rubric for a human
judge, bad for a LM!

2. May not be discriminative for current model!
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Our solution: Evolving Rubrics

lteratively update rubrics based on current model generations

Rubric Rewards

K
1
S(a;,yz) — W E waUDGE(T'k,yi)
k=1

Training L Nl Policy Y1, 92; - - 'y Generate Evolving

Rubrics r

Data

(")
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Our solution: Evolving Rubrics

Search-Guided Rubrics Co-Evolve with the Policy 7Ty

!
@ ~ Environment
- _

@), 03> T, —~ ©® B D

/ 4 S Web Paper Google
; - Browsing  Search  Search
’ 5 1P,

@ Closed-book Rubric (baseline)
'NO,

@ Evolving Rubric (generated during training)

Precieely describe the Closed-book knowledge from rubric generator
adaptation process Explored knowledge during training policy 7Tg



DR Tulu 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.

(a l Generate rubrics with search

Persistent rubrics

/

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

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

User query Agent environment
Describe how genetically © = a

) ) Web Scholar  Google
engineering T cells could be Browsing  Search  Search
used as an anti-inflammatory / /
therapy for IBD by changing -
cytokine signaling between T Model rollouts
cells and macrophages.

Y1 [...] T cells suppresses macrophage

[2 | Generate rubrics with search TNF-a via STAT3 activation |...]

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

Persistent rubrics

) Cites “IL-10-engineered T

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 [...]
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DR Tulu Training

User query Agent environment | I'he rubric buffer is also used for generating rubrics Rubric buffer

A

Describe how genetically @ La Persistent Rubrics: @ @

) ) Web Scholar  Google N bri inst
engineering T cells could be Browsing  Search  Search €W ruprics per instance <
used as an anti-inflammatory / / %;é Rubrics collected during training:
ther 9py fo.r ! BD. by changing - T1 The response states that IL-10 @
cytokine signaling between T Model rollouts > from engineered T cells suppresses
cells and macrophages. Rubri C.S macrophage TNF-a via STAT3 \

Y1 [...] T cells suppresses macrophage generation activation.
(@ 1, Generate rubrics with search TNF-a via STAT3 activation |...] b -
T 9 y contrasting rs R BT
e response states that systemic
Persistent rubrics t Y2 [...] systemic IL-6 did not increase rollouts 4 IL-6 di:not M ey :o
ool > and no cytokine-release syndrome e auin . cytokine-release syndrorme was
S . icy atstept '
) Cites “Il-10-engineered T was observed |...] observed after infusion.

cells reduced colitis severity”

Y3 [...] An anti-inflammatory signal

* . ”" .
(") States “engineering T cells to increases a pro-inflammatory oo, 3 T,he. d 3531‘":53 ‘°":f’f"5 wr °"8t
overexpress IL-10 suppresses signal, which surprisingly results in c t;u:'s atan a’n t:-mﬂamma ory
macrophage TNF-a” reducing inflammation overall [...] CytoKine upregulates...
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DR Tulu Training

User query Agent environment | I'he rubric buffer is also used for generating rubrics Rubric buffer

A

Describe how genetically @ La Persistent Rubrics: @ @

) ) Web Scholar  Google N bri inst
engineering T cells could be Browsing  Search  Search €W ruprics per instance <
used as an anti-inflammatory / / %;é Rubrics collected during training:
ther 9py fo.r ! BD. by changing - T1 The response states that IL-10 @
cytokine signaling between T Model rollouts > from engineered T cells suppresses
cells and macrophages. Rubrics macrophage TNF-a via STAT3

Y1 [...] T cells suppresses macrophage generation activation. \’
Cia il TNF-a via STAT3 activation |... > . .
(2 ] Generate rubrics with search o o by contrasting : Rubric-based scoring
2 T states that systemi
Persistent rubrics t Y2 [...] systemic IL-6 did not increase rollouts 4 "__: :iei?zZieinc:eaeze a: ds:o s K
> ine- - :
) Cites “IL-10-engi dT policy at stept fv,z ZZsCeYtr\:)eg?e ]fe'ease R Positive rubri cytokine-release syndrome was [ Fear= kz o ———
ites IL-1U-engineere observed after infusion. =

cells reduced colitis severity”

Y3 [...] An anti-inflammatory signal

4 . r .
(") States “engineering T cells to increases a pro-inflammatory oo, 3 T,he. d 3531‘":53 ‘°":f’f"f57 wr °"8t
overexpress IL-10 suppresses signal, which surprisingly results in y c;n:.s - a’nt: N \ Updates
macrophage TNF-a” reducing inflammation overall [...] CYRORING UPIEGUIRtE S s
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Using more specific rubrics helps!

SQAv2 Health Research DRB  Avg.
DR Tulu (SFTvO0.1) 73.4 37.5 68.6 394 54.7

~ General rubrics 80.6 36.0 65.0 375 548
Closed-book rubrics 83.2 34.8 66.6 37.6 55.6
Initial search-based rubrics 82.8 37.9 66.9 39.3 56.7
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Using evolving rubrics helps even more!

0 500 1000 1500 2000 2500
RL training steps
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Using SFT alone is not enough

407
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RL takes a while to show clear improvements

52 5 410penAl Deep- Research

Healthbench Score
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RL is (somewhat) robust to infra problems
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RL is (somewhat) robust to infra problems
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RL learns the most appropriate tool to use

Healthbench DeepResearchBench SimpleQA

1Y

M PaperSearch M Google Search M Browse Webpage




See the paper for more!

m DR-Tulu New Chat Q@
COd e an d d ata aI I avai Iab I e' DR-Tulu Research Assistant
|
I n C I u d eS : Start a Research Conversation

Ask a question to begin your research journey

* Custom agent infrastructure
library (dr-agent-lib)

* one-turn async tool calling GRPO
implementation (open-instruct)

Ask a research question

dr-tulu.org
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Training a ‘reasoner LM with RL



Training a ‘reasoner LM with RL

THINK <@



What is Olmo?

e Fully open (data, code, weights) models -> Useful for researchers and

Al community to inspect, reproduce, innovate on.

e Demonstrates that properly developed open models can match or

exceed proprietary alternatives (no secret sauce)

Post-training

RLVR
Thinking, Tool Use

J

~ N g
Pre treining
Olmo FlexOlmo
Dolma

OlmoThink

Molmo

Multimodal

Tulu
DR Tulu
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Start with a strong base

Olmo 3 Base

"'Il’.' ' ' LB = B - - - Lon
Fretraining mg Midtraining pg contegxt

a Instruct N o Instruct

G ppo
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Start with a strong base

64|

62

AIME 2025
60

N K
e

200 400 600 800 1000
Training steps

—e— DPO w/ DPO data —e— SFT w/ DPO data —e— SFT w/ SFT data
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Start with a strong base midtrained on reasoning data

1.0

Qwen
Llama
0.8 Llama + Curated Training
q) 0.6
, (o
O 04
)
0.2
0.0
0 50 100 150 200 250

RL steps

Gandhi et al., "Cognitive Behaviors that Enable Self-Improving Reasoners, or, Four Habits of Highly Effective STaRs," COLM 2025, arXiv:2503.01307

116



Prepare a diverse mix of RL data

Instruction Following Math Coding .1 General Chat :
- ! : = :

How can | detect and handle counterfeit Q.| Gi ' A . e Q. '

+ | money? Stevg guessgs Il salfenic £ Scl)vrﬁnlJatr;Tr::gr\eurr:t)(gr ifntrseﬂ}i?\ 9z)c,eroes in X Y 2 At e il fie 2 5 :
Q ' ‘" | multiple-choice test where O P , g '+ O |year-oldinafew sentences. .
O | -Paragraphs should be separated with *** O | What s the probability that he V! _ '
Q. | -Useall lowercase “ ) @ | getsat least half of the Prediction Tests E ' (Optional) :
def fun(n: int) -> int: assert fun(l) == ' )

count = 0 assert fun(5) == ' _ _ _ '

; : _ 'y The moon landing A long time ago, in '

: : .. while n: assert fun(25) == 6 . : I

8 Inspect Yvatermarks, microtext, and Prediction Gold Answer 0 /e 2 assert fun(100) —= 24 X was when special 1969, some very :

' | color shifts. count += n ! astronauts flew a brave astronauts '

.% ——— 0.5 \frac{| {2} return count ' spaceship alltheway | |rodearocketallthe | |

@ | secure and reportit to authorities, ¢ * * ' to themoon [..] way to the Moon [...] E

Q. | keeping the coast clear of fakes. - ~ ' :

l (constraints 1, 3, 4 ¢ constraint 2 x) [ Equivalence checker j @ Unit test pass rate : : E

\ 4 @ Binary: 1iff all tests pass . \4

. J . : . 1

[# satisfied constraints / #constraints] o [ Score from LLM-as-a-judge J :
Reward 1.00 Reward D) (0.25 ¥ :

Reward 0.75 Reward @ 0.00 ¥ Reward 0.60 :
--Verifiable Tasks -----------omrmmmm e --- Non-Verifiable Tasks --------- |
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Prepare a diverse mix of RL data

/
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—e— Mixed Data
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More RL diversity -> more generalisation!

gg Jwen2.5-7B-Base

~ 30-

>

@

g 25

<%20_ /._/“‘"\-../ o ndd

A 15

Q ! | | | |
O 0 100 200 300 400

Step

—e— # Environments = 256 —s=—  # Environments = 16 —— # Environments = 4 # Environments = 1
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Filter your data aggressively

Step 2: offline difficulty filtering As stated previously, to improve the sample efficiency of RL for our
reasoner model, we generate eight rollouts for each prompt from the initial checkpoint of the model we train
(e.g., if starting from the DPO-trained model, we generate from the DPO checkpoint). We then remove all
samples that the model easily solves (that is, those with a pass rate greater than 62.5%). We sample with a
temperature of 1.0 and top-p of 1.0, matching how we sample during RL training. We used offline filtering for
the 7B OLMO 3 THINK to filter out RL problems that are too easy for our models’ training. For the 32B, we
rely on active sampling, which fills RL batches only on samples with a non-zero GRPO group gradient, and
re-using the 7B DPO-filtered data as the starting point for the model due to compute and time constraints.
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Adjust your RL algorithm!

OlmoRL formulation Our final objective function includes a token-level loss, truncated importance sampling,
clip-higher, and no standard deviation in the advantage calculation:

G |yl :
1 S m(Yie | 2, i, <t; Oora)
J(0) = min( ’ ’ ,p) min(r-’ A; 4, clip(r-, ;1= €1ow, 1+ h)Ai, ), (1)
Zvil |yz| intz'i anm(yz‘,t | 3373/@,<t;901d) S o ’ - t

W(yi,tla%yi,q;e)
W(yi,t |$,yi,<t ;0014
Tollm ( | X; Hold) are the token probabilities returned from vLLM, p is the truncated importance sampling cap

value (Yao et al., 2025), and the advantage A, ; for the ¢-th token ¢ in the response y; is calculated within the
group GG based on the relative reward of the outputs inside each group:

Ay = (r (z,y;) — mean ({r (z,9:)}iZ1)). (2)

where 7; ; = 75 Elow and £,;,;, are the clipping hyperparameters. Here, y; ~ Ty (* | 2;6,14) and
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Ensure you are using an asynchronous RL framework

_
Prompts

\ A . ’.‘

Dispatched tasks

Network

(b) Static batching

Consumed results

Results queue

(a) Distributed reinforcement learning architecture (c) Continuous batching

open-instruct
122
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Ensure you are using an asynchronous RL framework

88

IFEval Score
Q0 Q0 Q0 o0
O N B o)

~J
Q0

PipelineRL (5 days)
1-Step Async (16 days)
0 2 4 6 3 10 12 14 16
Runtime (days)

~J
o)
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But still be prepared to wait a while

Naive Avg

80.0 -

79.5 A

79.0 4

78.5 1

78.0 -

T71.5

77.0 7

76.5 -

76.0 -

500

1000

1500

2000

2 Hamish Ivison 2
But ultimately this also highlights to me the inefficiency of (at least our) RL
training: even after 3 weeks (and 3 epochs) of training, the run still hadn't

saturated in performance! Definitely something we will work on to improve
in the future.
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And never give up hope

Zebralogic

8 -
80 -

78 -

’\mf\/*
41 L

0 500 1000 1500 2000



And never give up hope

Zebralogic




Thanks for listening!

Models and training code for Olmo 3:

O https://github.com/allenai/open-instruct

(&) https://huggingface.co/collections/allenai/olmo-3

Olmo 3, DR Tulu, and other of my work can be found at: .c
H https://ivison.id.au/ '

Happy to answer further questions or generally chat:

><] hamishiv@cs.washington.edu

@hamishivi (and most other things)



mailto:hamishiv@cs.washington.edu

Thanks for listening!
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