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LLMs can maximize rewards during inference

just like a reinforcement learning agent.
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Transformers can maximize rewards and minimize costs simultaneously

+ The car must reach the
+ The and dark circle are obstacles.
« The car receives only local observations.

Moeini, A., Kwon, M., Bozkurt, A. K., Motai, Y., Chandra, R., Feng, L., and Zhang, . (2026) ontext ‘ement learning. In Proceedings of the International Conference on Machine Learning 320



Transformers can maximize rewards and minimize costs simultaneously

also during inference.
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Transformer’s forward pass implements some RL
algorithm.

— An instance of the iterative inference hypothesis (Jastrzebski et al., 2017)




Layer-by-layer forward pass can be viewed as step-by-step update
of an iterative algorithm.

> Zy: input tokens to a transformer
> Z.1 = Z + Attentiony(Z)): the update rule for each layer
» Vi1 = v, + TD-Error(v;): what an RL algorithm looks like




Transformers can implement temporal difference learning

in the forward pass.

What is TD?
> Ap ~7(-[St), Rer1 = r(St; Ar), Ster ~ p(+[St, Ar)
> ve(s) = E[XZ0 Y Revivt | St = 8]
> ¢:S — RY: state feature map
» Goal of TD: find w such that ¢(s) " w = v,.(s) for all s
» TD algorithm: w1 = wy + a¢(Rir1 + YW, ¢(Sti1) — W, ¢(St))o(St)

Wang, J., Blaser, E., Daneshmand, H., and Zhang, S. (2025a). Transforme




Transformers can implement temporal difference learning

With certain attention parameters 6.. and 2, With wy =0

Zi41 = Z + LinAttentiony, (Z)) Wit = TD(w)

Z[-1, -1 =w"¢(s) VI

jang, J., Blaser, E., Daneshmand, H., and Zhang, S. (20252) o 2 loarn temporal difference methods for in-context reinforcement learning. In Proceedings of the International Conference on Learning Representations



Linear attention replaces softmax with identity

> Attention,(Z) = softmax((ZWq)(ZWk) ") ZWy
> LinAttentiony(Z) = ZWq(ZWk) " ZWy




BatchTD applies TD in a fixed dataset

> Adataset D = {(s;, 1;, s,-+1)},'\i1 of transitions sampled from (7, p)

> Wi =w % ;\1:1(ri + ")/W/TQS(Si+1) - W,Tgi)(S,))gb(S,)




Transformers can implement temporal difference learning

Task: given D and a state s, estimate v,.(s)

With certain attention parameters 6.,

o(s1) ... o(sn)  &(S) With wp = 0

Zo= |v9(s2) .. P(Sn+1) 0
’ r rNJr 0 Wity = TD(w;)

Zi11 = Z; + LinAttentiong,_ (Z)

jang, J., Blaser, E., Daneshmand, H., and Zhang, S. (20252) o 2 loarn temporal difference methods for in-context reinforcement learning. In Proceedings of the International Conference on Learning Representations
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Multi-task pretraining discovers 6, i.e., discovers
the TD algorithm, in a few minutes.

— It took humans more than 20 years to invent TD.

Wang, J., Blaser, E., Daneshmand, H., and Zhang, S. (2025a). Transformers can learn




Pretraining is to use DQN to train a transformer in multiple Atari games
... an analogy to our pretraining process.

» Sample a task (, p, r)
> Sample a trajectory Sy, Ao, R1, St . ..
> DQN-style update

Orr1 = 0t + ar(Rey1 +7TFp,(St1) — TF0,(St)) Vo TFg,(St)
#(So) oo d(St-1) o(St) )

Zo= |v(S1) ... qe(S) 0 | Lz L BTF(S) = Z2[-1, 1]
R ... R 0

Wang, J., Blaser, E., Daneshmand, H., and Zhang, S. (2025a). Tran:
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Transformer parameters converge to 6, during pretraining

with random initialization

LinAttentiony(Z) = ZWqo(ZWk)T ZWy = Z(WoW,] ) ZT ZWy,
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Pretraining tasks can be very different from evaluation tasks
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(a) Training Environments

(b) Test Environments
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The 0, minimizes the norm of the expected updates (NEU)

under some (arguably restrictive) assumptions

01 = 0t + ar(Reyt +7TFg,(St11) — TF,(St)) Ve TFe,(St)

Assume
» Enumeration of states in the context
> Expected next state features

#(So) ... ¢(Si—1) #(St) é(s1) - ?(s;s]) #(St)
Y9(S1) - 9(S) 0 | = (v g pa(S[S1)d(s1) ... v 2g p(SIsis))o(sis) O
R, R; 0 I’W(S1) I’.,T(S|3‘) 0
Then

IE[(Re41 +TFo, (St1) — TFa,(St))VaTFg,(St)]l| = 0

lim
|— o0

Wang, J., Chandra, R., and Zhang, S. (2025b). To
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A single-layer Transformer can also implement TD
if we use Chain-of-Thought prompting.

» CoT is to allow intermediate data
» Without CoT:

Z, + TFy(Z)

» With CoT:
Z, «TFo(2Z) =1 wy
2y |2, Z1]
Z[_ <—TF9(Zo) L=t Wo
ZO (—[Zo, ZL]

Z[_ (—TFg (Zo) Wk

Xie, Z., Liu, X., Chandra, R., and Zhang, S. (2026a). Conv: of thought. arXiv Preprint

17120



Transformers with softmax attention implement a kernel TD

Given (St, At, Bry1, Sty1)
> TD:
V(St) <= v(St) + (Rt +v(Sti1) — v(St))

> Kernel TD:
Vs, v(S) « v(S) + a(Rrr1 + vV (St41) — v(St))k(S, St)
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LLMs (Transformers) make good decisions
because they are computational machines

— not just statistical models that fit data.
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