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Lecture 5: Actor-Critic Methods

1 Introduction

Admin:

e HW1 due Monday (we're going to add another day, might extend by a couple of days if there
is more trouble submitting, raise hands if you need more time).

e Next HW will be posted at the end of next week, you'll again have two weeks.

e Start thinking about the project!

1.1 Where we are

Throughout this course we’ve been going back and forth between two key objects: the policy and
the value function. Last week we focused on the policy side of policy gradient methods. But often,
they combine together with value functions to form the actor-critic framework (Konda and Tsitsiklis,
1999). The actor is the policy, and the critic is the value function (critiquing, or evaluating, the
policy’s actions).

Today we're going to dig deeper into the critic side of actor-critic, and in particular the question
of advantage estimation which is commonly thought to reduce the variance of policy gradient
updates. Our roadmap:

1. Brief recap: stabilizing policy updates — the problem with vanilla policy gradients, impor-
tance weighting, TRPO, and PPO’s clipped surrogate.

2. The value function baseline — why subtracting V'(s) from the policy gradient helps, a proof
that it doesn’t change the expected gradient, and the variance-minimizing baseline.

3. Advantage estimation and GAE — how to estimate advantages using k-step returns and
generalized advantage estimation.

4. PPO: putting it all together — the full algorithm with all the pieces in place, what we know
and don’t know about baselines, and GRPO as a value-function-free alternative.

5. From Q-learning to continuous actions: DDPG and TD3 — a different flavor of actor-critic
where the critic is a Q-function and the actor approximates the argmax. Group exercise:
reading the TD3 code.
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2 Recap: Stabilizing Policy Gradient Updates

2.1 The problem with vanilla policy gradients

Define the RL objective in terms of the policy parameters 6 as

j(e) £ ET(@(’T) [Z 'Ytrt] . (1)
t

We would like to do gradient ascent on this objective: 6 <— 6 + V.7 (). Using the likelihood ratio
trick, the policy gradient is

VoJ = Eq, [(Z ’yt/trt/> Vo log mp(ay | st)] ) (2)

t'=t

The standard REINFORCE algorithm uses this gradient directly. We sample a trajectory 7 =
(s0,a0,70, S1,a1,71, . ..) under my, compute the return R, = > ;7 , ~t'~try, for each time step, and
perform the update:

9%9+172Rtvalog7rg(at|st). (3)
t

This is an unbiased estimate of V.7, but it has very high variance. The return R; sums over stochastic
transitions, so the gradient signal is noisy, especially if our sample size is not large enough.

There are also problems if your sampling policy is different from the policy you are optimizing.
Even if you are trying to behave on-policy, this can happen in a couple of instances. First, if you are
using a GPU for training and a different GPU for evaluation, you might have a mismatch in log
probabilities due to floating point imprecision.

Pitfall

Numerical precision matters more than you might think. Recent work by Qi et al. (2025) shows
that BF16 precision introduces rounding errors that break consistency between training and
inference in RL fine-tuning. This training-inference mismatch means the log probabilities
log mg(als) computed during rollout can differ from those computed during the training pass,
even for the same model weights. These small numerical differences compound through im-
portance ratios and can cause significant performance degradation. Thinking Machines Lab
(Thinking Machines Lab, 2025) traced this further to batch-sensitive nondeterminism in GPU
operations — the same model can produce different log probabilities depending on the batch
composition. See also Zhang et al. (2026) for an argument that the mismatch is fundamentally
an optimization problem, not just a precision problem.

Second, as soon as you take one gradient step, your old batch of rollouts is no longer on-policy. If
you want to re-use that information, you need to either re-sample or modify the objective. To do
this, we use data sampled from an old policy 74, to evaluate the quality of a new policy 7g. Define

s _mlals)

the importance weight r(s, a; 6) The surrogate objective is:

Toqq (als)”
mg(ag | s¢)
LO)=E_ _ = [R] (4)
4yt [ mog(ae [ 50)
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This surrogate almost (but not quite) gives us the correct policy gradient — the missing part is that
the expectation is over the state distribution of 74, not my. If the two policies visit similar states,
the approximation is good.

2.2 Constraining policy updates

The question becomes: how much can the new policy differ from the old policy before the surrogate
objective becomes unreliable? Schulman et al. (2015) answer this with a formal guarantee, based
in constrained policy iteration (notice how a lot of methods tie back to dynamic programming
foundations?):

Theorem 1 (Monotonic Improvement Bound).

Ery | vtrt] > Er, [Z Y'7e| + Ly, (79) — Cmax Dxr, (o, (- | 8)Ima(- | 9)) (5)
t t
where C = (14_67:’/)2042 and € = max, o |A™(s, a)l.

In words: the new policy’s return is at least the old policy’s return, plus the surrogate objective,
minus a penalty that grows with the KL divergence between the two policies. We want to maximize
the surrogate while minimizing the divergence. An operationalization of this is to solve the following
constrained optimization problem:

mo(az | s¢)
max By (st)0,,, (alst) [WRt] (6)
s.t. [Eg [DKL(WQOM(- | S)H?Tg(- | S))] <. (7)

In practice, TRPO handles the KL constraint using second-order optimization: it computes the
natural gradient via the conjugate gradient method with the Fisher information matrix, avoiding
an explicit Hessian inversion. This is significantly more expensive per iteration than standard
first-order methods.

2.3 PPO: clipping instead of constraining

PPO (Schulman et al., 2017) replaces the KL constraint with a simpler mechanism: clipping the

importance weight. For an action the old policy took frequently but the new policy wants to take
mo(als)
o4 (@)

occurs. PPO simply clips this ratio to the interval [1 — ¢, 1 + €].

even more, the importance weight r(0) = becomes very large — this is where instability

We can then modify the objective above as:

Epﬂ'gcld (s0)ma . (alse) [min <r(st, at; 0) Ry, clip(r(se, a3 6),1 —€,1+¢€) Rt)} . (8)

The min ensures that when the return is positive, we increase the action’s probability by at most
(1 4 €) x; when the return is negative, we decrease it, but the clipping prevents us from decreasing

3
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too aggressively. The net effect is that policy updates are kept small and stable, without needing to
compute a KL divergence and solve the optimization problem in the outer loop.

But notice a problem: using the raw return R; in the objective means that all actions with posi-
tive return get upweighted, even mediocre ones. In expectation of all samples, we will end up
upweighting good actions more than bad actions, but this is wasteful.

3 Baselines and the Advantage Function

There are really two separate motivations for subtracting something from the return in the policy
gradient. The first comes from the Monte Carlo simulation literature: the idea of control variates.
If you subtract a quantity with zero expectation from your estimator, you don’t change the mean
but you can reduce the variance. The second comes from the policy improvement perspective. In
conservative policy iteration (Kakade and Langford, 2002), the improvement step is defined in
terms of the advantage A™(s,a) = Q" (s,a) — V" (s). The advantage tells you how much better
action a is compared to the average action under the current policy. This is a helpful mechanism by
which we can prove convergence properties. Recall that if we can guarantee that our advantage is
always positive, we can always improve the policy.

Since we covered the (Kakade and Langford, 2002) view last time. Let’s focus on the control variate
view today. In this view, we can subtract any function of the state without changing the expected
gradient, so long as it is independent of the action.

For any state-dependent baseline b(s;), the policy gradient remains unbiased:

VoJ =E [Z(Q”(st,at) — b(s¢)) Vg log mp(ay | st)] :

t

We need to show that the baseline term drops out. Rewriting the expectation in terms of the
discounted state-occupancy measure P

B, Pz (), aimmg (1) [0(st) Vo log mg(ay | s¢)]

= Eq,pr() [0(5t) Baymm (15 [Vo log mo(ar | 5¢)]] 9)
=Es,wpr() [b(st) Vg Z mo(a | St)] (10)
= EstNP,;"Q)[b(St) V@ 1] =0. (11)

The key step is Eq. 10. We use the log-derivative trick in reverse:

Vgr(als)

Eqr[Vologm(als)] = ) m(als) m(als)

a

= V@Zﬂ'(a]s) =Vyl=0.

a

Since b(s;) does not depend on the action, it factors out of the inner expectation and the baseline
drops out regardless of the choice of b.



COS435 / ECE433: InTRODUCTION TO RL
Lecture 5: Actor-Critic Methods February 27, 2026

Pitfall

This proof relies on b depending only on the state, not the action. If b = b(s, a), then it cannot be
factored out of the inner expectation, and the gradient is no longer unbiased in general. In circa
2018, several folks thought about using the action-dependent baseline anyway. But Tucker et al.
(2018) systematically investigated these claims and found issues. First, an action-dependent
baseline is not guaranteed to leave the gradient unbiased. Recall our proof in Eq. 11: the key
step was that b(s) factors out of the expectation over actions. If b depends on a, this step fails:

Eqry(.|s)[0(s,a) Vologma(a | s)] # 0 in general. (12)

To correct for this, you need a bias correction term, which itself introduces additional variance.
Second, the empirical findings of Tucker et al. (2018) showed that learned state-action base-
lines did not reduce variance over a simple state-dependent baseline in standard benchmarks
(MuJoCo). The apparent improvements in prior work were traced to implementation details
(network architecture, optimization) rather than the baseline itself. When implementation
details were controlled, the state-dependent baseline was as good or better.

3.1 The variance-minimizing baseline

How do we know baselines reduce variance, beyond intuition? We can do an explicit calculation.
Consider the single-sample gradient estimator at a fixed state s:

9= (Vologm(a|s))Q(s,a). (13)
With baseline b(s), this becomes g, = (Vg logm(a | s)) (Q(s,a) — b(s)). For notational clarity, define
d(a) £ Vglogmy(a | s) and Q = Q(s,a), (14)
and use E, as shorthand for E,,(.s)- The baseline-subtracted estimator is Z = d(a)(Q — b).
We want to choose b to minimize the variance of Z:
2 2 2
Frar(®) = Eq [d(@) (@ = 5)?] = (Bald(@)(@ b)) ) - (15)

The second term loses dependence on b by the score-function trick (Eq. 11). So we only need to
minimize the first term. Taking the derivative:

%E[Ild(a)Hg(Q = b)’] = 2E[|ld(a)[I*(@ - b)] - (16)
Setting this to zero and solving:
Eflld(a)[*Q] = bE[ld(a)]] (17)

Definition 1 (Optimal Baseline). The variance-minimizing baseline is

Eqmrmy(1s) [[IVologmg(a | s)|I* Q(s, a)]
Eqnry(1s) [IValogmg(a | s)[?]

This is a score-function-weighted average of () (Greensmith et al., 2004, Theorem 8).

b*(s) =

(18)

5
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There’s an approximate argument for why V™ (s) is a good baseline in practice (h/t Daniel Seita),
though it’s a little more hand-wavy and makes some assumptions. Consider the variance of the full
gradient estimator. We can approximate:

Var (Z Vo log mg(at|s¢) (R — b(St))) < D E, [(Ve log mp(at|se) (R — b(St)))2]

(1)

> E.[(Vologmg(ar|st))?] Er [(Re — b(st))?]

We can replace the variance of a sum with the sum of variances (valid when samples are approxi-
mately uncorrelated, e.g. from parallel actors) (i). If we also assume independence between the
score function and the return (ii), we can factor the expectation. Under these approximations, opti-
mizing over b(s;) is just a least-squares problem: the optimal b(s;) is E[R¢(7)] = V™ (s¢). Greensmith
et al. (2004) provide a thorough analysis of these variance reduction techniques, formalizing both
baselines and actor-critic methods as instances of additive control variates from the Monte Carlo
simulation literature.

With the advantage function in hand, the PPO objective (Eq. 8) becomes:

[min(r(st, as;0) A(se,ar), clip(r(se, a6),1 —e€,1+¢€) A(st,at)ﬂ . (19)

E =
PYC

old (s¢)mq,, 4 (at]st)

This is what PPO actually optimizes in practice.

4 Advantage Estimation

Now that we understand why baselines help, the question becomes: how do we estimate the
advantage A™ (s¢, ar) = Q™ (s¢,a¢) — V7 (s;) in practice? We don’t have access to the true Q™ or V7,
so we need to estimate them from data.

4.1 Learning the value function

We learn a value function V;; (parameterized by ¢, typically a neural network) by regression to the
empirical returns:
1 L \2
min o (V¢(st) — t/z_:t'yt trt/) . (20)
While the value function and policy are often implemented as sharing many of the layers (since
they both take states as input), this seems to degrade performance in practice (Huang et al., 2022).

Importantly, though, these updates will have error too. If there is error, our policy gradient will end
up either being biased and potentially not even reducing variance (under some conditions). What
tools do we have to deal with errors and bias-variance tradeoff in value function learning?


https://danieltakeshi.github.io/2017/03/28/going-deeper-into-reinforcement-learning-fundamentals-of-policy-gradients/
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4.2 k-step advantage estimators

We can estimate the Q function using the empirically observed returns up to time step ¢ + k,
whereupon we substitute the learned value function. By varying k, we get different estimates:

Q(st,ar) =1y + YV (s141) (1-step) (21)
~ 1+ T + 7V (8142) (2-step) (22)
~ T YT + e + 7V (s143) (3-step) (23)
=30 Aty (Monte Carlo) (24)

Each of these can be turned into an advantage estimator by subtracting the baseline V (s;):

AW = 1y AV (5041) — V(se) (1-step: low var, high bias) (25)
AIEQ) =7+ Yre1 + ’YQV(St+2) - V(St) (Z_Step) (26>
AP = r 4 yrn + 9% + 1V (s043) — Vist) (3-step) (27)
Agoo) =% Aty — V(sy) (MC: high var, low bias) (28)

Which should we use? There is a tradeoff. If we immediately plug in the value function at ¢ 4 1
(the 1-step estimator), we rely heavily on V being accurate. If V' is wrong, the advantage estimate is
wrong introducing bias. If we wait longer and use more actual rewards before substituting V' (the
Monte Carlo estimator), the estimate becomes unbiased, but we're summing over many stochastic
transitions introducing variance. Recall Kearns and Singh (2000) bounds on the bias and variance
of the multi-step update.

4.3 Generalized advantage estimation (GAE)

The idea behind generalized advantage estimation (Schulman et al., 2016) is to use all the k-step
estimators simultaneously, taking a weighted combination with geometrically-decreasing weights:

AGAE — (1= ) AN 4 (1= MAAPD 4 (1 - 24P (29)

The weights (1 — A), (1 — M)\, (1 — A\)A2,... sum to 1, so this is a proper weighted average. The
parameter X € [0, 1] controls how much weight we put on shorter versus longer backups.

Expanding and simplifying this expression (a nice exercise in manipulating geometric series):

APAE = Vi 1+ (1= MyViga + Myregn + A1 = A2 Vigo + X9 + - (30)
= (1t + Vi1 — Vi) + 0y (Teg1 + YWigz — Vig1) 2792 (reg2 + 7 Vigs — Vi+22+ - (31)
62/ (5}/_}.1 67}12
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The expression naturally factors into a sum of TD residuals 6} = r; + YV (s141) — V(s1):

oo

APAEON = NP0t = ST 00! T e + Vi — V). (32)

t'=t t'=t

A few observations:
e GAE looks like a discounted sum of rewards, where the rewards are shaped by the value
function. The effective discount is 4% = \~.
e Fach term (52,/ is a TD error, so GAE is a discounted sum of TD errors.

e In practice, we truncate at ¢’ = ¢ + T for a finite horizon T, collecting T steps from N parallel
actors.

e Many implementations normalize the advantages across all transitions before computing the
policy gradient.

4.4 Special cases of GAE

Let’s verify that GAE reduces to known estimators at the boundary values of \.

Case A\ = 0. The estimator collapses to the 1-step TD residual:
ASAE(%O) = (52/ =1+ ’}/V(St+1) — V(St). (33)

Low variance (only one stochastic step), but high bias: everything depends on V' being accurate.

Case A = 1. The sum telescopes — the V' terms cancel pairwise:

AtGAE('y,l) _ thut(;;/ _ (Z fyt’trt,> — Vi(sy). (34)

t'=t t'=t
This is the full Monte Carlo return minus the baseline. Unbiased (assuming V" is only used as a
baseline, not for bootstrapping), but high variance because we sum over many stochastic rewards.

Key idea

Note, we can think of the evaluator of actions as the critic in an actor-critic algorithm, which we
then use to improve the actor (the policy)

5 PPO: Putting It All Together

We now have all the ingredients for the full PPO algorithm. PPO has two main components: (1)
the clipped surrogate objective (Eq. 19) that stabilizes policy updates, and (2) the GAE advantage
estimator (Eq. 32) that balances bias and variance in the critic.

8
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Algorithm 1 PPO ( ’ )

Initialize policy my(a | s), value function Vy(s).
while not converged do

Collect T environment steps from N actors (in parallel).

Compute advantages for all N - T" transitions using GAE (Eq. 32).

Take gradient of clipped surrogate objective (Eq. 19) w.r.t. §, doing a total of K
passes over the data (corresponding to many minibatches). > Uses off-policy data!
Update value function V4 by minimizing Eq. 20 with gradient descent.

Key design decisions.

e Clipped surrogate: keeps policy close to data-generating policy, justified by TRPO’s monotonic
improvement bound. This is what makes PPO different from REINFORCE.

e GAE (X = 0.95): balances bias/variance in advantage estimation, motivated by Kearns-Singh
(Eq. 2?).

e Advantage normalization: subtracting the batch mean and dividing by std. Note: this isn’t
anywhere in the theory, but basically all repos do this.

e Multiple epochs (K passes): this is off-policy! Exactly why we need importance weighting
and clipping. The clipping prevents catastrophically large updates when the policy has drifted
far from the data-generating policy.

e Separate value network: sharing layers between policy and value networks is common but
can hurt performance (Huang et al., 2022). The “37 implementation details” paper is worth
reading.

5.1 Understanding what we know and what we don’t know about baselines

While in theory, baselines as control varaites should reduce variance, recall that all theory relies
on assumptions. Under other theoretical assumptions, baselines may play a different role. Mei
et al. (2022) study the role of baselines in policy gradient optimization and show that for natural
policy gradient methods, the variance of gradient estimates remains unbounded with or without a
baseline. Instead, the primary benefit of the baseline is to reduce the aggressiveness of updates.
Without a baseline, all actions with positive return get upweighted, potentially making very large
updates that overshoot. They make the case that the baseline centers the gradient signal, which
has a regularizing effect on step sizes. And that “finite variance is not necessary for almost sure
convergence of stochastic NPG, while controlling update aggressiveness is both necessary and
sufficient.”

Chung et al. (2021) show that even when two baselines produce the same variance, they can lead to
completely different optimization dynamics. In certain cases, a lower-variance baseline actually
performs worse. Some baselines cause convergence to suboptimal policies for any stepsize. They
suggest that the baseline interacts with the curvature of the policy parameterization. In short:
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Different baselines can give rise to very different learning dynamics, even when they
reduce the variance of the gradi- ents equally. They do that by either making a policy
quickly tend towards a deterministic one (committal behaviour) or by maintaining
high-entropy for a longer period of time (non-committal behaviour). We showed that
committal be- haviour can be problematic and lead to convergence to a suboptimal policy.
Specifically, we showed that stochas- tic natural policy gradient does not always converge
to the optimal solution due to the unusual situation in which the iterates converge to the
optimal policy in expectation but not almost surely. Moreover, we showed that baselines
that lead to lower-variance can sometimes be detrimental to op- timization, highlighting
the limitations of using variance to analyze the convergence properties of these methods.
We also showed that standard convergence guarantees for PG methods do not apply to
some settings because the assump- tion of bounded variance of the updates is violated.

R=07

R=10 RA=00 R=10 A=00 R=10
(a)by = by — 1o (b) ba = b} (©) b = by + Y2 (d) bs = V7™

Figure 1: We plot 15 different trajectories of natural policy gradient with softmax parameterization, when using various
baselines, on a 3-arm bandit problem with rewards (1,0.7, 0) and stepsize o« = 0.025 and 8, = (0, 3, 5). The black dot is the
initial policy and colors represent time, from purple to yellow. The dashed black line is the trajectory when following the true
gradient (which is unaffected by the baseline). Different values of ¢ denote different perturbations to the minimum-variance
baseline. We see some cases of convergence to a suboptimal policy for both e = —1/2 and ¢ = 0. This does not happen for
the larger baseline ¢ = /2 or the value function as baseline. Figure made with Ternary (Harper & Weinstein, 2015).

Implications for Frontiers

Baselines and dynamics of learning, particularly for language models, are a rich and active
area of research. Note: the result from Chung et al. (2021) might be different if you consider
exploration regularization, like entropy regularizers, which we will talk about next week. John
Schulman (co-founder of Thinking Machines and first author on PPO/TRPO) discussed this on
the Cursor podcast [video] in a segment titled “The Absence of Value Functions” and suggests
that value functions don’t seem to provide much variance reduction compared to simpler
alternatives. This appears to reflect the state of LLM-RL research today. Why might this be the
case? Let’s reason through this using the theoretical tools we’ve developed. Discuss with the

group!

5.2 Group Relative Policy Optimization (GRPO)

Instead, what people do in practice right now is something like Group Relative Policy Optimization
(GRPO) from DeepSeek (DeepSeek-Al, 2024) generates a group of G completions for each prompt
and estimates advantages by normalizing within the group:

~  ri—mean({r,...,7q})

A= T A D) (35)

10
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reward reward

time time

PPO: learned V,(s) baseline GRPO: group mean baseline

different starting states, per-token advantages same prompt, per-completion advantages

Figure 1: PPO vs. GRPO baseline strategies. Left: PPO collects trajectories from different states and
uses a learned value function Vj(s) as a per-state, per-token baseline. Right: GRPO generates G
completions from the same prompt and uses the group mean reward 7 as a per-completion baseline
— no learned value function needed.

where r; is the reward for completion ¢. This requires no learned value function since the group
mean serves as the baseline. The GRPO objective has the same PPO-style clipping:

|a

G
1 1 N .
Jorro(0) = e Z m Z min (rt(O) A;, clip(r¢(0),1 —€,1+¢€) A@-) — B Dk [mg || ret], (36)
i=1 " =1

where 7(0) = %&’“)) Note, the added KL term is typical in LLM post-training to prevent

T moyg (aielsai <t
forgetting of everything you pretrained on. You can remove the term if you want to.

Implications for Frontiers

How does this make the bias variance trade-off from Kearns and Singh (2000)? What properties
of the tasks is it counting on?

6 Break

Take 20 minutes. When we come back, we’ll shift gears.

7 From Q-Learning to Continuous Actions: DDPG and TD3

So far, everything we’ve covered flows from policy gradient methods. The value function shows up
as a mechanism to reduce variance (baselines, GAE) or to stabilize updates (TRPO’s improvement
bound). The policy is the primary object, and the critic is there to help.

But there’s another way to think about actor-critic methods. What if we start from the value function
side — from Q-learning — and use the policy as a mechanism to approximate the max over Q-values?

11
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7.1 The problem with Q-learning in continuous actions

Recall that in Q-learning, the update involves max, Q(s’, a). In discrete action spaces, this is easy:
just enumerate all actions and pick the largest. In continuous action spaces, this is an optimization
problem:

max Q(s,a). (37)

acA

We could try to solve this with gradient ascent at every step, but that’s expensive. Instead, we can
learn a deterministic policy jg(s) that approximates arg max, (s, a). This is the idea behind DDPG
(Lillicrap et al., 2016).

7.2 DDPG: Deep Deterministic Policy Gradient

DDPG (Lillicrap et al., 2016) maintains two networks: a deterministic policy (actor) py(s) and a
Q-function (critic) Q4(s, a). The actor is trained to maximize the critic:

max By [Qg (s, o)) (38)

Taking the gradient with respect to 6:

VoE[Qu (s, 10(5))] = Bs [VaQo(5,0)],,_, ) Vora(s)] (39)

This is the deterministic policy gradient (Silver et al., 2014). Notice: no log probabilities, no score
function, no REINFORCE. We're just backpropagating through the Q-function into the policy via
the chain rule.

The critic is trained with standard Bellman error, using transitions from a replay buffer:

min By (Qolov0) = (r+9Qs(g(e) (40)

where ¢ and 0 are target networks — slowly-updated copies of the critic and actor. These stabilize
the bootstrap target and prevent the kind of divergence we saw with naive Q-learning.

Connection to amortized optimization. There’s a nice way to see what DDPG is doing. Think of
the policy 1y as amortizing the optimization arg max, (s, a). Instead of solving a new optimization
problem for every state (expensive), we train a neural network to predict the answer directly (cheap
at test time). This is the same idea as amortized inference in variational autoencoders.

7.3 TD3: Group exercise

DDPG works in principle, but has a well-known failure mode: the Q-function tends to overestimate
values, and the policy then exploits these errors. The actor finds states and actions where the critic
is wrong, leading to poor performance. TD3 (Twin Delayed DDPG) (Fujimoto et al., 2018) fixes
this.

12
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Rather than me just telling you what TD3 does, let’s read the code. Below is the reference DDPG
implementation from Fujimoto et al., followed by their TD3 implementation. Both are from
github.com/sfujim/TD3.

Listing 1: DDPG (f fujim/TD3/DDPG.
DDPG implementation. 1SHNg G (from sfujim/TD3/ Py)

import copy

import torch

import torch.nn as nn

import torch.nn.functional as F

class Actor (nn.Module):
def __init__(self, state_dim, action_dim, max_action):
super (Actor, self).__init__(Q)
self.11 = nn.Linear(state_dim, 256)
self .12 = nn.Linear (256, 256)
self .13 = nn.Linear (256, action_dim)
self .max_action = max_action

def forward(self, state):
a = F.relu(self.l1(state))
a = F.relu(self.12(a))
return self.max_action * torch.tanh(self.13(a))

class Critic(nn.Module):

def __init__(self, state_dim, action_dim):
super (Critic, self).__init__()
self.11 = nn.Linear(state_dim + action_dim, 256)

self .12 = nn.Linear (256, 256)
self.13 = nn.Linear (256, 1)

def forward(self, state, action):
q = F.relu(self.1l1(torch.cat([state, action], 1)))
q = F.relu(self.12(q))
return self.13(q)

class DDPG(object):
def __init__(self, state_dim, action_dim, max_action,
discount=0.99, tau=0.005):
self.actor = Actor(state_dim, action_dim, max_action)
self .actor_target = copy.deepcopy(self.actor)
self .actor_optimizer = torch.optim.Adam(
self.actor.parameters (), lr=3e-4)

self.critic = Critic(state_dim, action_dim)
self .critic_target = copy.deepcopy(self.critic)
self .critic_optimizer = torch.optim.Adam(

self.critic.parameters(), lr=3e-4)

self.discount = discount
self.tau = tau

def select_action(self, state):
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state = torch.FloatTensor (state.reshape(l, -1))
return self.actor(state).cpu().data.numpy().flatten ()

def train(self, replay_buffer, batch_size=256):
state, action, next_state, reward, not_done = \
replay_buffer.sample(batch_size)

# Compute target { wvalue
target_Q = self.critic_target(
next_state, self.actor_target(next_state))
target_Q = reward + (not_done * self.discount * target_Q).detach()

# Critic loss
current_Q = self.critic(state, action)
critic_loss = F.mse_loss(current_Q, target_Q)

# Optimize critic

self .critic_optimizer.zero_grad()
critic_loss.backward ()
self.critic_optimizer.step ()

# Actor loss: maxzimize (
actor_loss = -self.critic(state, self.actor(state)) .mean ()

# Optimize actor
self.actor_optimizer.zero_grad()
actor_loss.backward ()

self .actor_optimizer.step ()

# Soft update target networks
for param, target_param in zip(
self .critic.parameters (),
self .critic_target.parameters()):
target_param.data.copy_(
self.tau * param.data
+ (1 - self.tau) * target_param.data)

for param, target_param in zip(
self .actor.parameters (),
self .actor_target.parameters ()):
target_param.data.copy_(
self.tau * param.data
+ (1 - self.tau) * target_param.data)

TD3 implementation. Now read this carefully and spot the differences.

Listing 2: TD3 (from sfujim/TD3/TD3.py)

import copy

import torch

import torch.nn as nn

import torch.nn.functional as F
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class Actor (nn.Module):
def __init__(self, state_dim, action_dim, max_action):
super (Actor, self).__init__Q)
self.11 = nn.Linear(state_dim, 256)
self .12 = nn.Linear (256, 256)
self .13 = nn.Linear (256, action_dim)
self .max_action = max_action
def forward(self, state):
a = F.relu(self.l1(state))
a = F.relu(self.12(a))
return self.max_action * torch.tanh(self.13(a))
class Critic(nn.Module):
def __init__(self, state_dim, action_dim):
super (Critic, self).__init__(Q)
# Q1
self .11 = nn.Linear(state_dim + action_dim, 256)
self .12 = nn.Linear (256, 256)
self.13 = nn.Linear (256, 1)
# {2
self.14 = nn.Linear(state_dim + action_dim, 256)
self .15 = nn.Linear (256, 256)
self.16 = nn.Linear (256, 1)
def forward(self, state, action):
sa = torch.cat([state, action], 1)
ql = F.relu(self.1l1(sa))
gl = F.relu(self.12(ql))
ql = self.13(ql)
g2 = F.relu(self.l4(sa))
q2 = F.relu(self.15(q2))
q2 = self.16(q2)
return gl, g2
def Q1(self, state, action):
sa = torch.cat([state, action], 1)
ql = F.relu(self.1l1(sa))
ql = F.relu(self.12(ql))
ql = self.13(ql)
return ql
class TD3(object):
def __init__(self, state_dim, action_dim, max_action,
discount=0.99, tau=0.005,
policy_noise=0.2, noise_clip=0.5,
policy_freq=2):
self.actor = Actor(state_dim, action_dim, max_action)

self .actor_target = copy.deepcopy(self.actor)
self.actor_optimizer = torch.optim.Adam(
self.actor.parameters (), lr=3e-4)

self.critic = Critic(state_dim, action_dim)
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def

def

self.critic_tar
self .critic_opt
self.critic

self .
self.
self.tau = tau

self .policy_noi
self .noise_clip
self .policy_£fre
self.total_it =

max_action
discount =

select_action(s

state = torch.FloatTensor (state.reshape (1,

return self.act

get = copy.deepcopy(self.critic)
imizer = torch.optim.Adam(
.parameters (), lr=3e-4)

= max_action
discount

se = policy_noise
= noise_clip
q = policy_freq
0
elf, state):
-1))
or (state) .cpu() .data.numpy () .flatten ()
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train(self, replay_buffer, batch_size=256):
self.total_it += 1
state, action, next_state, reward, not_done = \

replay_buffer.sample(batch_size)

with torch.no_grad():
# Target policy smoothing
noise =
).clamp (-self .noise_clip,
next_action = (
self .actor_target (next_state) + noise
).clamp(-self .max_action, self.max_action)

# Clipped double {: take the min
target_Q1, target_Q2 = self.critic_target(
next_state, next_action)

target_Q = torch.min(target_Q1, target_Q2)

(torch.randn_like(action) * self.policy_noise
self .noise_clip)

target_Q = reward + not_done * self.discount * target_Q

# Both critics against same target
current_Q1, current_Q2 = self.critic(state,
critic_loss = (F.mse_loss(current_Q1, target_Q)

+ F.mse_loss (current_Q2,

self.critic_optimizer.zero_grad()
critic_loss.backward ()
self .critic_optimizer.step ()

# Delayed policy updates
if self.total_it ¥ self.policy_freq == O0:
# Actor loss: maxzimize {1 only
actor_loss = -self.critic.Q1(
state, self.actor(state)) .mean ()

self.actor_optimizer.zero_grad()

actor_loss.backward ()
self.actor_optimizer.step ()
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# Soft update target mnetworks
for param, target_param in zip(
self.critic.parameters (),
self.critic_target.parameters()):
target_param.data.copy_(
self .tau * param.data
+ (1 - self.tau) * target_param.data)

for param, target_param in zip(
self .actor.parameters (),
self .actor_target.parameters ()):
target_param.data.copy_(
self.tau * param.data
+ (1 - self.tau) * target_param.data)

Group exercise. With your group, identify the changes TD3 makes relative to DDPG. For each
one, find the exact lines of code where the change happens and discuss.

7.4 Comparing the two families

We now have two families of actor-critic methods, stemming from different origins:

PPO / TRPO / GRPO DDPG / TD3 / SAC
Origin Policy gradient Q-learning
Policy type  Stochastic Deterministic (or entropy-regularized)
Role of critic  Reduce variance / stabilize ~Approximate the max
Data usage  On-policy (with IS) Off-policy (replay buffer)
Action space Discrete or continuous Continuous

Both families are actor-critic methods, but they differ in where the “intelligence” lives. In PPO,
the policy is the primary object and the value function is a helper. In DDPG, the Q-function is the
primary object and the policy is a helper.
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