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Hierarchical Hindsight
Credit Assignment (HHCA)

Solving the Credit Assignment Problem
for Long-Horizon Agentic Reasoning.

PROCEEDINGS OF ACM CONFERENCE 2026

A Technical Deep Dive A/ 4 |
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The Shift from Chatbots to Autonomous Agents Expands the Horizon.

Chatbot Paradigm Agentic Workflow Paradigm
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Modern LLM agents execute long
trajectories of heterogeneous
decisions:
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1. Token Generation: Natural
language reasoning.
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2. Tool Invocations: Executing
code, browsing web, API calls.

Memory
3. Skill Selection: Dispatching

high-level capabilities.

4. Memory Operations:
Reading/writing to long-term
storage.

10-100+ Steps: Sparse Feedback.

User Icon

[ |
- r i ¥ L] w —I ?
L The Challenge: A massive signal-to-noise ratio problem 7
AjE , Where a single outcome must explain 100 distinct actions. ¥ 7
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The Credit Assignment Gap: Success is Binary, Execution is Granular.
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Step 12:
Wrong Tool Choice
(Hidden Error).

The Conflict

Agents receive only sparse,
end-of-episode signals. The
reward is a binary scalar, but the
behavior is a complex vector.

The Question

Which of the 50 distinct decisions
caused the failure? Did the agent
choose the wrong tool early on, or
hallucinate a token at the very end?
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Step 45:
Accurate
Reasoning.

The Implication

Without granular credit, the agent
essentially guesses. It cannot
reinforce specific good behaviors
or surgically prune bad ones.
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Classical and Proxy Methods Fail at Long Horizons.

i Attention Rollout A
(e.g., ARET) %

Final
Reward

Step
Step 2
Step 1

g Outcome-Only E
~ (eg,REINFORCE) |
r 1

L |

r 1

Process Reward Models
(PRMs) ”
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Deep Charcoal Domine

Assigns final reward equally to all steps.

FAILURE MODE: Too Coarse.
Blames good steps for bad outcomes.

Deep Charcoal Domine

Uses Transformer attention weights

as proxy.

FAILURE MODE: Correlation # Causation.
High attention does not equal high utility.

_I_

Deep Charcoal Domine
Step-by-step human supervision.

FAILURE MODE: Unscalable.
Requires expensive human
labeling for every environment.
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HHCA Decomposes Credit into Three Structural Levels.

LEVEL 3: MACRO (Episode)

Persistent Skill-Value Memory.
“Is this skill generally useful?”

Synthesis: Multiplying

LEVEL 2: MESO (Step) these three signals
Hindsight Self-Critique. filters noise and
“Did this specific action isolates causal
help the outcome?” contribution.

LEVEL 1: MICRO (Token)

Attention Rollout.
“Did the model focus
on the right context?”

+
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Level 1 (Micro): Refining Attention with Informativeness Priors.

The Weights
Type Weight (Value)
Tokens Weight 1.0 (Baseline)
Tokens Weight 1.0 (Baseline)

M_emnry Ops | Weight 1.8 (High Value)

—

“Tool Calls | Weight 2.5 (Higher Value)

| SKill Selection | Weight 3.0 (Crtical Decision)

The Weights

TheLogic Tokens | Weight 1.0 (Baseline)
Standard attention is noisy. HHCA Memory Ops | Weight 1.8 (High Value)
refines it using “Informativeness” Vi =
weights and “Recency” bias. ool ol

Weight 3.0 (Critical Decision)

Wraw = info(a;) - recency(i, T') + €

We explicitly bias credit toward high-leverage actions like calling tools or selecting skills.
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Level 2 (Meso): Hindsight Self-Critique Stabilizes Long Horizons.
Episode The Mechanism:
Execution After the episode concludes, a
Evaluator Bot Hindsight Evaluator re-scores each
s\ step conditioned on the final result
L ~ R(7).
q A S
(0 @ Score: 0.7 \\ The Math:
|- \‘ &Y o\ meso(z) = g
&gl Score: 0.5 clip((cgt + noise) - Weype, 0, 1)
4 /& " | |
~ ' Why it Matters:
& dJ
L Unlike Eligibility Traces which decay
i r‘l?.‘\ signal over time (making step 1
o g, invisible by step 100), Hindsight
LS -~ - Critique provides a fresh, horizon-
- Outcome independent evaluation.
Observed
Value:
11 i alue: R(1) 0
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Level 3 (Macro): Persistent Skill-Value Memory Enables Transfer.

The Mechanism:

Tracks the historical success rate
of specific skills across multiple
episodes to build “muscle
memory”.

The Formula:
macro(z) =
min(1,0.5+ 0.3 - R(7) + bs)
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Strategic Value:

This layer allows the agent to

» generalize. If “Verify Code” works
in Task A, the agent starts Task B
knowing that “Verify Code” is
high-value.

Knowledge Bank



Synthesis: Multiplying Perspectives Filters the Noise.

Micro

Meso

Macro
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Combined Credit
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Time

Time

Credit(i) = Micro(i) x Meso(i) x Macro(i)

The final credit assignment highlights
the exact moment of causal
contribution, suppressing the noise
from the individual layers.



‘Experimental Validation: 200 Trajectories
Across 5 Domains.

/ o
Task Types % l" &
4
The Dataset 200 Synthetic Episodes. Emund "
Horizons: 10100 Steps. '~ Validation
. Performance
measured against a
Latent Causal Model
Action Mix 45% 25% 15% 15% (LCM) providing known
causal labels.

Tokens (45%) Tool Calls (25%) Skills (15%) Memory Ops (15%)



HHCA Captures Causal Contribution
with 78% Higher Accuracy.

Pearson Correlation

with Ground Truth

0.5

0.4

0.3

0.2

0.1

0.0

+78.3% Improvement

Attention Rollout Outcome-Only HHCA
(ARET) (Ours)

-

Additional Metrics

E

e Spearman Rank Correlation:
0.5588 (Strong ordinal
agreement).

e Precision@K: 0.3951.

7
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HHCA captures causal

contribution nearly
twice as well as
standard RL methods.
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Accuracy Remains Robust as Trajectories Lengthen

ARETS

HHCA (Stable) Key Insight: Classical
O eligibility traces (ARET)
suffer from decay
—the signal vanishes
0.3 4 over long sequences.

HHCA's Meso-Level

i & . Level Hindsight

0.2 - el I Ty - evaluates steps
--I..... papape Independently, ensuring
e the 100th step is judged
ARET (Decaying) as accurately as the 1st.

Correlation

0.1-

0.0 - | ; ; .
10 25 20 [£5) 100

Trajectory Horizon (Steps)
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Architectural Precision

Superior Credit Assignment Across All Action Types

) Correlation by Action Type — —
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The largest gains are in
“Skill Selection,”

validating the impact of
the Skill-Value Memory

= (Macro Layer).
) Y
| | | I— /
Tokens Tool Calls Skill Selection

+ B Outcome Only HHCA +

0.44 0.44

0.39

= Q0



Macro-Level Memory Enables Near-Zero Transfer Gap.
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Transfer Gap: (/_

Because of the Macro
layer, the agent learns
generalizable skills. It
doesn’t just memorize
the test; it learns HOW
to take tests.

Result: The gap is
effectively non-existent.

Training Tasks Held-Out Tasks = 74
Web, Code, QA Data, Multi-tool



Architectural Precision

Sample Efficiency: Reaching High

Cor-elation Instantly.

Learning Curve
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\_ Target correlation

reached in ~1 episode.

Correlation
()
O

L

Baselines

™,
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At 50 episodes,
HHCA is at 0.4881
vs ~0.21 for
baselines.
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Episodes

The hierarchical priors act as a “jump start” for learning, drastically reducing data requirements.



Architectural Precision

Summary: Hierarchy Solves the Causality Dilemma.
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Micro Meso

Filters Stabilizes Enables
Attention Noise Long Horizons Generalization
Robust 0.0011
up to 100 steps. Transfer Gap

Overall Impact: +78% Correlation Accuracy Improvement.




Building Better Agents Requires Better Hindsight

 FUTURE TRAJECTORY
(INFORMED)

PATH HISTORY

(ILLUMINATED)

AGENT
POSITION

To master long-horizon reasoning, agents must move beyond simple
outcome rewards. By decomposing credit into tokens, steps, and skills,
we turn sparse failure signals into rich, granular learning opportunities.

HHCA: Hierarchical Hindsight Credit Assignment (2026).



