DeepSeek R1 (Zero)

Optimization RL / Dataset

Qingbin Li (B Xuerui Su)
2/25/2025



1.1. Contributions

Post-Training: Large-Scale Reinforcement Learning on the Base Model

¢ We directly apply RL to the base model without relying on supervised fine-tuning (SFT) as
a preliminary step. This approach allows the model to explore chain-of-thought (CoT) for
solving complex problems, resulting in the development of DeepSeek-R1-Zero. DeepSeek-
R1-Zero demonstrates capabilities such as self-verification, reflection, and generating
long CoTs, marking a significant milestone for the research community. Notably, it is the
first open research to validate that reasoning capabilities of LLMs can be incentivized
purely through RL, without the need for SFT. This breakthrough paves the way for future
advancements in this area.

* We introduce our pipeline to develop DeepSeek-R1. The pipeline incorporates two RL
stages aimed at discovering improved reasoning patterns and aligning with human pref-
erences, as well as two SFT stages that serve as the seed for the model’s reasoning and
non-reasoning capabilities. We believe the pipeline will benefit the industry by creating
better models.

Distillation: Smaller Models Can Be Powerful Too

* We demonstrate that the reasoning patterns of larger models can be distilled into smaller
models, resulting in better performance compared to the reasoning patterns discovered
through RL on small models. The open source DeepSeek-R1, as well as its API, will benefit
the research community to distill better smaller models in the future.

* Using the reasoning data generated by DeepSeek-R1, we fine-tuned several dense models
that are widely used in the research community. The evaluation results demonstrate that
the distilled smaller dense models perform exceptionally well on benchmarks. DeepSeek-
R1-Distill-Qwen-7B achieves 55.5% on AIME 2024, surpassing QwQ-32B-Preview. Addi-
tionally, DeepSeek-R1-Distill-Qwen-32B scores 72.6% on AIME 2024, 94.3% on MATH-500,
and 57.2% on LiveCodeBench. These results significantly outperform previous open-
source models and are comparable to o1-mini. We open-source distilled 1.5B, 7B, 8B, 14B,
32B, and 70B checkpoints based on Qwen2.5 and Llama3 series to the community.



A conversation between User and Assistant. The user asks a question, and the Assistant solves it.
The assistant first thinks about the reasoning process in the mind and then provides the user
with the answer. The reasoning process and answer are enclosed within <think> </think> and
<answer> </answer> tags, respectively, i.e., <think> reasoning process here </think>

<answer> answer here </answer>. User: prompt. Assistant:

Table 1 | Template for DeepSeek-R1-Zero. prompt will be replaced with the specific reasoning
question during training.
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Figure 2 | AIME accuracy of DeepSeek-R1-Zero during training. For each question, we sample
16 responses and calculate the overall average accuracy to ensure a stable evaluation.
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Figure 1 | Benchmark performance of DeepSeek-R1.
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Group Relative Policy Optimization In order to save the training costs of RL, we adopt Group
Relative Policy Optimization (GRPO) (Shao et al., 2024), which foregoes the critic model that is
typically the same size as the policy model, and estimates the baseline from group scores instead.
Specifically, for each question g, GRPO samples a group of outputs {01, 02,--- , 06} from the old
policy mg,,, and then optimizes the policy model mg9 by maximizing the following objective:

Joreo(0) = E[q ~ P(Q), {0i}%, ~ ma,,(0lq)]
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where £ and B are hyper-parameters, and A4; is the advantage, computed using a group of
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The only interesting quantity that’s guaranteed to have zero expectation is ::{:J 1 =r — 1. S0 for any A, the expression

logr + A(r — 1) is an unbiased estimator of KL][q, p|.



The goal of reinforcement learning

we’ll come back to partially observed later
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Definition: Q-function

Q7 (st,a;) = Zgzt Er, [r(sy,as)|st, a]: total reward from taking a; in s;

Definition: value function

V7(s)) = Y20, En, [r(sr,a1)[s¢]: total reward from s,

VW(St) = Eatmﬂ-(aﬂst)[QW (St: at)]

Eg ~p(s1)[V™(s1)] is the RL objective!



prediction of future reward. The future reward, also known as return, is a total sum of discounted
rewards going forward. Let’s compute the return GG; starting from time t:

o0

G = Rt+1 + "YRt-q-z +.e= Z’Yth+k+1
k=0

The state-value of a state s is the expected return if we are in this state at time t, S; = s:
V.(s) = E;[G|S; = s]
Similarly, we define the action-value (“Q-value”; Q as "Quality” | believe?) of a state-action pair as:
Qx(s,a) =E [GsS; = s,A; = al

Additionally, since we follow the target policy , we can make use of the probility distribution over
possible actions and the Q-values to recover the state-value:

Va(s) = ) Qnx(s,a)n(als)

acA

The difference between action-value and state-value is the action advantage function ("A-value”):

A(s,a) = Q.(s,a) — Vi(s)



Policy gradient as policy iteration  ,s-x._ . lzwtr(sﬁ?aﬂ_
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Policy gradient as policy iteration

importance sampling
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lgnoring distribution mismatch?
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Can we just use the gradient then?
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4 Adaptive KL Penalty Coeflicient

Another approach, which can be used as an alternative to the clipped surrogate objective, or in
addition to it, is to use a penalty on KL divergence, and to adapt the penalty coefficient so that we
achieve some target value of the KL divergence diarg each policy update. In our experiments, we
found that the KL penalty performed worse than the clipped surrogate objective, however, we’ve
included it here because it’s an important baseline.

In the simplest instantiation of this algorithm, we perform the following steps in each policy

update:
e Using several epochs of minibatch SGD, optimize the KL-penalized objective

~

LKLPEN (g) — By | T Ay~ KL (- 3), 7ol | 50) )

e Compute d = Iﬁlt KL[mg,, (- | 8¢), mo(- | 8¢)]]

— If d < diarg /1.5, B+ B/2
— Ifd > diarg X 1.5, B+ B % 2



3 Clipped Surrogate Objective

Let r:(f) denote the probability ratio r:(f) = molae|se) o r(6oq) = 1. TRPO maximizes a

Tog1q (Gt | 5t)
“surrogate” objective

LOPI(g) = Et[ mo(as | 31&)) fit} _ T, [?‘t(f?) At}- (6)

O, 14 (Gt | St

The superscript CPI refers to conservative policy iteration [KL02], where this objective was pro-
posed. Without a constraint, maximization of L¢*! would lead to an excessively large policy
update; hence, we now consider how to modify the objective, to penalize changes to the policy that
move 74(6) away from 1.

The main objective we propose is the following:

LCMP(9) = R, [min(rt(t?)fit, clip(r(6),1 —€,1+ G)ﬁt)] (7)
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Figurc 1: Plots showing onc term (i.c., a single timestep) of the surrogate function LEX!F as a function of
the probability ratio r, for positive advantages (left) and negative advantages (right). The red circle on each
plot shows the starting point for the optimization, i.e., » = 1. Note that LE"” sums many of these terms.
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Figure 1: Plots showing one term (i.e., a single timestep) of the surrogate function L as a function of

the probability ratio r, for positive advantages (left) and negative advantages (right). The red circle on each
plot shows the starting point for the optimization, i.e., » = 1. Note that L%F sums many of these terms.

LCMP(9) = R, [min(rt(t?)fit, clip(r(6),1 —€,1+ G)ﬁt)] (7)
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Figure 2: Surrogate objectives, as we interpolate between the initial policy parameter 6,4, and the updated
policy parameter, which we compute after one iteration of PPO. The updated policy has a KL divergence of

about 0.02 from the initial policy, and this is the point at which

LELIP i3 maximal. This plot corresponds

to the first policy update on the Hopper-vl problem, using hyperparameters provided in Section 6.1.



DPO  Policy gradient as policy iteration -z, [Dfr(st,a,,{
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RL Fine-Tuning Phase: During the RL phase, the learned reward function is used to provide
feedback to the language model. Following prior works [17, 18], the optimization is formulated as

H‘}%)(Exmi),ywwa(y{m) [Tqb(xa y):| - 6]D)KL [ﬂ'ﬂ (y | HJ) || Wref(y | :L')]a (3)

Deriving the DPO objective. We start with the same RL objective as prior work, Eq. 3, under a
general reward function r. Following prior work [31, 30, 19, 15], it is straightforward to show that
the optimal solution to the KL-constrained reward maximization objective in Eq. 3 takes the form:

oy 12) = g mely | 0)oxp (;fr(m,y)) | @)

where Z(z) = ., Ter(y | T)exp (%fr(m, y)) is the partition function. See Appendix A.1 for a

complete derivation. Even if we use the MLE estimate r of the ground-truth reward function r*, it is
still expensive to estimate the partition function Z(z) [19, 15], which makes this representation hard
to utilize in practice. However, we can rearrange Eq. 4 to express the reward function in terms of its
corresponding optimal policy 7., the reference policy 7, and the unknown partition function Z(-).
Specifically, we first take the logarithm of both sides of Eq. 4 and then with some algebra we obtain:

(Y | T)

log Z(x).
Terly [2) TP 108 4) >

r(z,y) = Blog



DPO

We can apply this reparameterization to the ground-truth reward r* and corresponding optimal model
m*. Fortunately, the Bradlev-Terrv model depends only on the difference of rewards between two
completions, i.e., p*(y1 > y2 | ) = o(r*(x,y1) — r*(x, y2)). Substituting the reparameterization
in Eq. 5 for »*(x, y) into the preterence model Eq. 1, the partition function cancels, and we can
express the human preference probability in terms of only the optimal policy 7™ and reference policy
Teef. 1hus, the optimal RLHF policy 7* under the Bradley-Terry model satisfies the preference model:

1
1+ exp (ﬁlng hplz) _ glog I-WLlZ) )

Wref(yzlm] o Trref(yllm:'

p (1 = y2 | z) = (6)

The derivation is in Appendix A.2. While Eq. 6 uses the Bradley-Terry model, we can similarly
derive expressions under the more general Plackett-Luce models [32, 23], shown in Appendix A.3.

Now that we have the probability of human preference data in terms of the optimal policy rather than
the reward model, we can formulate a maximum likelihood objective for a parametrized policy my.
Analogous to the reward modeling approach (i.e. Eq. 2), our policy objective becomes:

To(Yw | 2) 5 To(y| 2)
Tt | 2) © O el |m>)] ‘

This way, we fit an implicit reward using an alternative parameterization, whose optimal policy is
simply my. Moreover, since our procedure is equivalent to fitting a reparametrized Bradley-Terry

Lpro(me; Trer) = —E(z,yu 1)~D {1‘38’5 (5 log (7)
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Aha Moment

Question: If a > 1, then the sum of the real solutions of va — va + x = x is equal to

Response: <think>
To solve the equation va — va + x = x, let’s start by squaring both - - -

2
( a—Va+x) =x?2 = a—+a+x=x2
Rearrange to isolate the inner square root term:
(a-x3)’=a+x = d?-2ax’+(x)? =a+x = x*-2ax®’ —x+(a®?-a)=0

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
We started with the equation:
Vya—Va+x=x

First, let’s square both sides:
a—-Va+x=x* = Va+x=a-x
Next, I could square both sides again, treating the equation: - - -

2

Table 3 | An interesting “aha moment” of an intermediate version of DeepSeek-R1-Zero. The
model learns to rethink using an anthropomorphic tone. This is also an aha moment for us,

allowing us to witness the power and beauty of reinforcement learning.



Response Length:

DeepSeek-R1-Zero average length per response during training
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Figure 3 | The average response length of DeepSeek-R1-Zero on the training set during the RL
process. DeepSeek-R1-Zero naturally learns to solve reasoning tasks with more thinking time.



2.2.2. Reward Modeling

The reward is the source of the training signal, which decides the optimization direction of RL.
To train DeepSeek-R1-Zero, we adopt a rule-based reward system that mainly consists of two
types of rewards:

* Accuracy rewards: The accuracy reward model evaluates whether the response is correct.
For example, in the case of math problems with deterministic results, the model is required
to provide the final answer in a specified format (e.g., within a box), enabling reliable
rule-based verification of correctness. Similarly, for LeetCode problems, a compiler can be
used to generate feedback based on predefined test cases.

¢ Format rewards: In addition to the accuracy reward model, we employ a format reward
model that enforces the model to put its thinking process between “<think>" and ‘< /think>’
tags.

Current types of reward mechanisms

1.Model—centric: ORM, PRM, Implicit—reward(ORM2PRM)

2 .Data—centric: outcome—reward, Self—evaluation, format—reward, KL reward (current model and base model),
Response Length reward, Language consistency rewards (DeepSeek R1)



Rule based RL

1. Rule Based Rewards for Language Model Safety htips://cdn.openai.com/rule—based—rewards—for—language—
model—safety . pdf

. DeepSeek—V2 htips:.//arxiv.org/abs/2405.04434

. DeepSeek V3

. DeepSeek R

o1~ WODN


https://cdn.openai.com/rule-based-rewards-for-language-model-safety.pdf
https://arxiv.org/abs/2405.04434

len_reward(i) = {

A

min(0, \)

Erls. g0t =1
Byl .87 ) =0

where A = 0.5 —

len(7) — min_len

max_len — min_len

In essence, we promote shorter responses and penalize longer responses among correct ones, while explicitly penalizing
long responses with incorrect answers. This length-based reward is then added to the original reward with a weighting

parameter.
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DeepSeek R

DeepSeek R1 training steps: Cold Start (SFT) —> RL stage 1 with Reasoning—oriented RL —> Rejection Sampling and
SFT

—>Reinforcement Learning for all Scenarios
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Discussion

DeepSeek R1 Zero:
DeepSeek—R1—Zero struggles with challenges like poor readability, and language mixing.

Distillation:

1. distilling more powerful models into smaller ones yields excellent results.

2. while distillation strategies are both economical and effective, advancing beyond the boundaries of intelligence may
still require more powerful base models and larger scale reinforcement learning.

MCTS:

while MCTS can improve performance during inference when paired with a pre—trained value model, iteratively boosting
model performance through self—search remains a significant challenge.

PRM

1. challenging to explicitly define a fine—grain step in general reasoning.

2. determining whether the current intermediate step is correct is a challenging task (Automated annotation using
models may not yield satisfactory results, while manual annotation is not conducive to scaling up).

3. reward hacking complicates the whole training pipeline.

RL:
1. long evaluation times.
2. Reward Rule Design.



