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ABSTRACT

Multi-turn dialogue alignment faces critical challenges where tokens and turns
contribute heterogeneously to preference signals. Existing methods apply uniform
token weighting or binary turn selection, overlooking fine-grained structures. We
present T3PO, a dual-granularity framework incorporating: (i) token-level temporal
discounting prioritizing early high-signal tokens with provable partition function
cancellation; (ii) turn-level self-evaluated weighting via multi-perspective scoring,
eliminating external dependencies. Experiments across multiple benchmarks and
model scales demonstrate consistent improvements over baselines, with ablations
confirming independent contributions from both mechanisms.

1 INTRODUCTION

Aligning LLMs with human preferences is essential for reliable conversational systems (Ouyang
et al., 2022). Direct Preference Optimization (DPO) (Rafailov et al., 2023) streamlines this by directly
optimizing policies on preference data via Bradley-Terry objectives, eliminating explicit reward
modeling from traditional RLHF (Christiano et al., 2017).
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Extending DPO to multi-turn dialogues faces criti-
cal dual-granularity gaps (Figure 1). Session-level
methods (ETO (Song et al., 2024), DMPO (Shi
et al., 2024)) apply uniform token weighting
despite position-dependent preference signals.
SDPO (Kong et al., 2025) employs binary turn
selection, discarding contextual information. At
the token level, KL divergence decreases along po-
sitions within turns, yet existing methods weight
uniformly. At the turn level, uniform weighting
or binary selection fails to capture heterogeneous
signal distribution across turns.

We present T³PO, operating at Token and Turn
levels in multi-Turn dialogues. Building on
SAOM (Sutton et al., 1998), we establish segment-
level formulation with dual-granularity mecha-
nisms: (i) token-level temporal discounting pri-
oritizes early high-signal tokens with provable par-
tition cancellation; (ii) turn-level self-evaluated
weighting uses multi-perspective scoring via the reference model, eliminating external dependencies.

Contributions: (1) Token-level temporal discounting with theoretical guarantees (partition cancella-
tion, approximation-optimization trade-off). (2) Self-evaluated turn weighting eliminating external
models. (3) Validation across benchmarks/scales with ablations confirming independent contributions.
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Figure 2: T3PO framework: token-level temporal discounting and turn-level self-evaluated weighting.

2 METHODOLOGY

We extend DPO to multi-turn dialogues via SAOM framework (Appendix B). Following Kong et al.
(2025), segment-level optimization for equal-length segments (Lw = Ll = L):

L(πθ) = −E(τw,τl)

log σ
β

L

∑
h∈Iw

log
πθ(a

w
h |swh )

πref(a
w
h |swh )

− β

L

∑
h∈Il

log
πθ(a

l
h|slh)

πref(a
l
h|slh)

 . (1)

This assumes uniform weighting. We introduce dual-granularity mechanisms: token-level temporal
discounting and turn-level self-evaluated weighting (Figure 2).

2.1 TEMPORAL TOKEN DISCOUNTING

We introduce discount factor γ ∈ (0, 1) to prioritize early tokens within each turn. The discounted
reward formulation applies exponential decay to token positions:

rγ(τ) =

H∑
h=0

Th−1∑
k=0

γk · r(sh, yh,k). (2)

Theorem 1 (Partition Cancellation). For equal-turn pairs (Hw = H l) from the same prompt,
partition function cancels despite discounting.
Theorem 2 (Approximation-Optimization Trade-Off). Performance gap E(πγ) satisfies:

E(πγ) ≤ 2Rmax

[
Lmax − 1− γLmax

1− γ

]
︸ ︷︷ ︸

Approximation Bias

+2RmaxdTV(πγ , π
∗)

(1− γLmax)2

(1− γ)2︸ ︷︷ ︸
Optimization Error

. (3)

* Equal contribution. † Corresponding author.
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Table 1: Performance comparison across different model scales and methods on MT-Bench-101. All
results are reported as scores. The best results are highlighted in bold, and the second-best results
are underlined, respectively. ▲: Uniform token weighting, ✩: Uniform turn weighting, ●: Binary
turn selection, ✪: Fine-grained token & turn modeling. GR: General Reasoning, AR: Anaphora
Resolution, MR: Mathematical Reasoning, CC: Content Confusion, TS: Topic Shift, CM: Context
Memory, SC: Self-Correction.

Method GR AR MR CC TS CM SC Avg.

Qwen2.5-3B-Instruct

Base 3.21 6.09 3.37 6.85 4.25 4.18 7.09 5.01
DPO Rafailov et al. (2023) ▲ 4.42 7.25 4.01 7.79 6.23 6.09 8.16 6.28
ETO Song et al. (2024) ▲✩ 4.31 7.08 3.94 7.66 6.05 5.98 7.99 6.14
DMPO Shi et al. (2024) ▲ 4.55 7.34 4.05 7.87 6.32 6.21 8.22 6.37
SDPO Kong et al. (2025) ▲● 4.69 7.54 4.21 8.04 6.58 6.50 8.32 6.55
T3PO (Ours) ✪ 4.96 7.48 4.36 8.46 7.00 6.81 8.50 6.80

Qwen2.5-7B-Instruct

Base 4.63 7.31 4.36 7.91 5.43 5.11 7.75 6.07
DPO Rafailov et al. (2023) ▲ 5.51 8.05 5.21 8.86 7.11 6.83 8.86 7.20
ETO Song et al. (2024) ▲✩ 5.40 7.81 5.08 8.57 6.91 6.66 8.64 7.01
DMPO Shi et al. (2024) ▲ 5.73 8.09 5.17 8.73 7.25 7.43 8.34 7.25
SDPO Kong et al. (2025) ▲● 6.18 8.25 5.29 9.14 7.65 7.70 9.17 7.63
T3PO (Ours) ✪ 6.26 8.56 5.23 9.22 8.35 7.78 9.11 7.79

Qwen2.5-32B-Instruct

Base 5.48 8.13 4.44 9.21 6.53 5.89 8.33 6.86
DPO Rafailov et al. (2023) ▲ 7.13 8.91 5.72 9.70 7.89 7.16 9.19 7.96
ETO Song et al. (2024) ▲✩ 7.24 9.11 5.67 9.14 8.68 7.46 9.47 8.11
DMPO Shi et al. (2024) ▲ 7.72 9.08 6.09 9.35 8.36 7.42 9.23 8.18
SDPO Kong et al. (2025) ▲● 7.90 8.85 6.58 9.72 8.65 7.64 9.50 8.40
T3PO (Ours) ✪ 8.01 9.16 6.62 9.92 8.82 7.79 9.51 8.55

Proofs in Appendix E.2 and E.3.

2.2 SELF-EVALUATED TURN WEIGHTING

We introduce continuous turn weighting using frozen reference model for multi-perspective scoring.
For each turn h, we collect scores across M dimensions with G repetitions per dimension. Kernel-
weighted averaging suppresses outliers based on deviation from median:

wi = exp

(
− (sh,i − med({sh,j}))2

2σ2

)
. (4)

Normalized turn weights ωh = s̄h/
∑

h′ s̄h′ apply symmetrically to τw and τ l. Full T3PO objective:

LT3PO = −E

[
log σ

(
β

H−1∑
h=0

ωh ·∆h

)]
, ∆h =

∑
k

γk log
πθ(y

w
h,k|·)

πref(y
w
h,k|·)

−
∑
k

γk log
πθ(y

l
h,k|·)

πref(y
l
h,k|·)

. (5)

Motivation, scoring templates, and implementation details in Appendix D and F.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

Datasets. We construct 1,296 preference pairs from MT-Bench-101 (Bai et al., 2024) using a 7:3
train-test split (details in Appendix G). Evaluation is conducted on two independent benchmarks:
(1) the held-out subset of MT-Bench-101 for in-distribution performance across 7 fine-grained
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Table 2: Ablation study on Qwen2.5-7B-Instruct. We evaluate the independent contributions of
token-level discounting (γ) and turn-level weighting (ω). Results demonstrate that both mechanisms
provide complementary improvements, with their combination achieving the best performance across
all task categories.

Method GR AR MR CC TS CM SC Avg.

T3PO (Full) 6.26 8.56 5.23 9.22 8.35 7.78 9.11 7.79

w/o Token Discount (γ) 5.83 8.32 5.01 8.98 8.03 7.53 8.86 7.51
w/o Turn Weighting (ω) 5.88 8.37 5.07 9.03 8.10 7.59 8.92 7.56
w/o Both 5.75 8.24 4.95 8.91 7.94 7.47 8.79 7.43

abilities; (2) MT-Bench (Zheng et al., 2023) (80 questions, 8 categories) for cross-dataset generaliza-
tion—despite the similar name, MT-Bench is completely independent from MT-Bench-101 with no
data overlap.

Training Configuration. We train Qwen2.5-Instruct models (3B/7B/32B) using AdamW optimizer
for 3 epochs with learning rate 5e-7. Key hyperparameters: β = 0.1, γ = 0.98, M = 4 scoring
perspectives for turn evaluation, G = 5 repetitions per perspective to reduce variance. All baselines
use identical settings. Full training details are in Appendix H.

Evaluation Benchmarks and Metrics. Following Bai et al. (2024), we evaluate on MT-Bench-101
using LLM-as-judge (e.g., GPT-4.1, GPT-4o, DeepSeek-V3) across seven dimensions including
general reasoning, mathematical reasoning, context memory, and self-correction, with minimum-
score aggregation. Generation uses temperature 0.7, top-p 0.9, max tokens 4096. Results are averaged
over five runs.

Baselines. We compare against: Base (Qwen2.5-Instruct without preference optimization);
DPO (Rafailov et al., 2023) (turn-level optimization); ETO (Song et al., 2024) (session-level over
entire trajectories); DMPO (Shi et al., 2024) (SAOM framework for session-level); and SDPO (Kong
et al., 2025) (segment-level with heuristic selection).

3.2 MAIN RESULTS

Table 1 presents evaluation results on MT-Bench-101 across Qwen2.5-3B, 7B, and 32B scales,
where T3PO achieves the highest average scores compared to all baselines. The improvements stem
from our dual-granularity design addressing signal dilution in uniform weighting: temporal token
discounting sharpens optimization on early tokens determining semantic trajectories, while self-
evaluated turn weighting allocates more effort to high-signal turns, both yielding robust cross-scale
improvements. Cross-evaluator validation using GPT-4o and DeepSeek-V3 (Appendix L) confirms
consistent superiority across all judges, eliminating judge-specific biases. Cross-dataset evaluation
on the independent MT-Bench (Appendix I) shows identical performance ranking, confirming
generalization beyond training distributions.

3.3 ABLATION STUDY

Table 2 isolates the contributions of our dual-granularity components on Qwen2.5-7B-Instruct.
Removing Token-level Discounting yields larger performance drops, while excluding Turn-level
Weighting also degrades results. Removing both components produces the weakest performance.
These patterns suggest the two mechanisms target complementary aspects of multi-turn preference
learning, with their combination yielding additive benefits. Hyperparameter sensitivity analysis and
case studies validating our design choices are provided in Appendix N and O.

4 CONCLUSION

We presented T3PO, a dual-granularity framework for multi-turn preference optimization through
token-level temporal discounting (prioritizing early high-impact tokens with provable partition cancel-
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lation) and turn-level self-evaluated weighting (eliminating external dependencies via reference model
scoring). Experiments across Qwen2.5 models (3B/7B/32B) demonstrate consistent improvements
over baselines, with ablations confirming complementary contributions from both mechanisms.
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A RELATED WORKS

A.1 DIRECT PREFERENCE OPTIMIZATION

LLM alignment has evolved from two-stage RLHF (Christiano et al., 2017; Ziegler et al., 2019;
Ouyang et al., 2022) (training Bradley-Terry reward models (Bradley & Terry, 1952) followed
by PPO (Schulman et al., 2017) under KL constraints (Korbak et al., 2022)) toward streamlined
approaches. DPO (Rafailov et al., 2023) eliminates explicit reward modeling via closed-form
Bradley-Terry optimization directly on preference data, inspiring finer-grained extensions: Token-
level DPO (Zeng et al., 2024) integrates forward KL constraints, Step-DPO (Lai et al., 2024) operates
on reasoning steps, and SePO (Yang et al., 2024) introduces token-level reward estimation. However,
these methods focus on single-turn settings and fail to address temporal dynamics in multi-turn
interactions.

A.2 MULTI-TURN PREFERENCE OPTIMIZATION

Extending preference optimization to multi-turn scenarios introduces fundamental challenges in
capturing heterogeneous turn contributions. Pioneering work (Fürnkranz et al., 2012; Christiano
et al., 2017; Hejna III & Sadigh, 2023) adopts two-stage approaches, inheriting RLHF complexity.
Recent single-stage methods address multi-turn structure at varying granularities: ETO (Song et al.,
2024) applies DPO loss to complete trajectories with uniform turn weighting; DMPO (Shi et al.,
2024) introduces SAOM framework with length normalization; SDPO (Kong et al., 2025) proposes
segment-level optimization via binary selection but requires external models. T3PO operates at token
and turn levels through principled temporal discounting with theoretical guarantees and self-evaluated
turn weighting without external dependencies.

A.3 BROADER PERSPECTIVES ON RL-BASED ALIGNMENT

Beyond preference optimization, recent works have explored fine-grained policy optimization and
credit assignment mechanisms for LLM alignment across multiple dimensions. In multi-turn and
long-horizon settings, prior studies improve credit assignment via localized propagation (Fang
et al., 2026b) and adaptive sampling strategies (Fang et al., 2026a), while revealing limitations
of existing advantage estimation methods, including bias in group-relative objectives (Yang et al.,
2026) and challenges in exploration and difficulty adaptation (Yu et al., 2026). Complementary
efforts focus on reward modeling and alignment stability, enhancing robustness through adaptive
sampling (Huang et al., 2025), real-time reward alignment beyond semantic signals (Huang et al.,
2026), and interpretable rubric-based reward construction (Liu et al., 2026), as well as aligning
process-level and outcome-level supervision (Ding et al., 2026). Furthermore, verifier-based and
reasoning-oriented RL frameworks address noisy or imperfect feedback (Cai et al., 2025; Cai &
Sugiyama, 2026), while hierarchical and internal-policy perspectives (Tan et al., 2025; Zhou et al.,
2026) suggest that LLM policies may implicitly encode multi-level decision processes.
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B EXTENDED OCCUPANCY MEASURE FORMULATION

Multi-turn dialogue trajectories τ = (s0, a0, . . . , sH , aH) admit occupancy measure:

dπ(τ) = µ0(s0)

H∏
h=0

[π(ah|sh) · T (sh+1|sh, ah)] , (6)

where µ0(s0) is the initial distribution and T represents environment dynamics (user responses).
Under KL-constrained optimization:

max
d

Eτ∼d

[
H∑

h=0

r(sh, ah)

]
− βDKL[d(τ)∥dπref(τ)], (7)

the optimal distribution is:

d∗(τ) =
1

Z
dπref(τ) exp

(
1

β

H∑
h=0

r(sh, ah)

)
, (8)

where Z(s0) depends only on initial state.

Segment-Level Formulation. For index set I with L = |I|, the segment-level objective under
equal-length constraint Lw = Ll = L is:

L(πθ) = −E(τw,τ l)∼D

[
log σ

(
β

L

∑
h∈Iw

log
πθ(a

w
h |swh )

πref(awh |swh )
− β

L

∑
h∈Il

log
πθ(a

l
h|slh)

πref(alh|slh)

)]
. (9)

Fine-Grained Extensions. This formulation assumes uniform contributions at token and turn
levels. Empirical analysis (Appendix O) reveals position-dependent KL decay and heterogeneous turn
signals, motivating token discounting (Section 2.1) and turn weighting (Section 2.2) while preserving
partition cancellation (Theorem 1).

C TOKEN DISCOUNTING: DETAILED ANALYSIS

Decomposition log π(ah|sh) =
∑

k log π(yh,k|·) assumes uniform token contributions. KL diver-
gence exhibits monotonic decay within turns (Appendix O), motivating discount factor γ ∈ (0, 1).
The discounted formulation applies exponential decay to token positions, prioritizing early high-signal
tokens. Theorem 1 establishes partition cancellation; Theorem 2 characterizes the approximation-
optimization trade-off.

D TURN WEIGHTING: DETAILED MOTIVATION

Multi-turn dialogues exhibit heterogeneous turn-level signal distribution. Standard uniform weighting
misallocates effort; binary selection discards context. We introduce continuous turn weighting via
frozen reference model self-evaluation, eliminating external dependencies.

D.1 MULTI-PERSPECTIVE SCORING IMPLEMENTATION

For turn h in pair (τw, τ l), we assess signal strength across multiple dimensions via discrete scoring,
repeated multiple times per dimension. Kernel-weighted averaging suppresses outliers based on
deviation from median, where bandwidth is set via median absolute deviation. Normalized weights
apply symmetrically to τw and τ l, preserving partition cancellation (Theorem 1). The full objective
integrates token discounting and turn weighting as specified in Eq. 5.

8
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E THEORETICAL FOUNDATION

E.1 EXTENSION TO MULTI-TURN DIALOGUES

For trajectories τ = {(s0, a0), . . . , (sH−1, aH−1)} where sh denotes dialogue history and ah denotes
response at turn h, the occupancy measure decomposes as:

dπ(τ) = P (s0)

H−1∏
h=0

[π(ah|sh) · P (sh+1|sh, ah)] . (10)

From Eq. 8, trajectory reward is:

r(τ) = β

H−1∑
h=0

log
d∗(sh, ah)

dref(sh, ah)
+H · β logZ. (11)

For preference pairs (τw, τ l), the reward difference becomes:

r(τw)− r(τ l) = β

Hw−1∑
h=0

log
d∗(swh , a

w
h )

dref(s
w
h , a

w
h )

− β

Hl−1∑
h=0

log
d∗(slh, a

l
h)

dref(s
l
h, a

l
h)

+ (Hw −Hl)β logZ. (12)

Under equal-turn constraint Hw = H l = H , the residual term vanishes and Z cancels:

r(τw)− r(τ l) = β

H−1∑
h=0

[
log

d∗(swh , a
w
h )

dref(s
w
h , a

w
h )

− log
d∗(slh, a

l
h)

dref(s
l
h, a

l
h)

]
. (13)

Token-level decomposition π(ah|sh) =
∏Th−1

k=0 π(yh,k|sh, yh,<k) where yh,<k =
{yh,0, . . . , yh,k−1} yields:

r(τw)− r(τ l) = β

H−1∑
h=0

[ Tw
h −1∑
k=0

log
πθ(y

w
h,k|·)

πref(y
w
h,k|·)

−
T l
h−1∑
k=0

log
πθ(y

l
h,k|·)

πref(y
l
h,k|·)

]
. (14)

Partition cancellation occurs at turn level, independent of token-level length variations within each
turn.

Distinction from DMPO. DMPO (Shi et al., 2024) applies turn-level discounting across dialogue
turns to model temporal decay of turn importance; our token-level discounting operates within each
turn’s response, capturing intra-turn signal concentration validated by KL analysis (Figure 6(a)).
DMPO’s turn-level discount addresses which turns matter; our token-level discount addresses which
tokens within each turn matter. We prove partition cancellation (Theorem 1) and characterize
approximation-optimization trade-off (Theorem 2); DMPO provides no such analysis.

E.2 PROOF OF PARTITION FUNCTION CANCELLATION (THEOREM 1)

Under Maximum Entropy RL, optimal policy π∗(a|s) = exp((Q∗(s, a) − V ∗(s))/β) satisfies
Bellman equation with token-level discount γ ∈ (0, 1]:

Q∗(sk, ak) = r(sk, ak) + β log πref(ak|sk) + γV ∗(sk+1). (15)

For sequence τ = {(s0, a0), . . . , (sL−1, aL−1)}, recursive expansion yields:

L−1∑
k=0

γkr(sk, ak)

=

L−1∑
k=0

[
γkQ∗(sk, ak)− γkβ log πref(ak|sk)− γk+1V ∗(sk+1)

]
= Q∗(s0, a0)− β log πref(a0|s0) +

L−1∑
k=1

γk
[
Q∗(sk, ak)− V ∗(sk)− β log πref(ak|sk)

]
.

9
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Substituting optimal policy relation Q∗(sk, ak)− V ∗(sk) = β log π∗(ak|sk) yields:
L−1∑
k=0

γkr(sk, ak) = V ∗(s0) +

L−1∑
k=0

γkβ log
π∗(ak|sk)
πref(ak|sk)

. (16)

Define composite trajectory reward R(τ) =
∑H

h=0

∑Th−1
k=0 γk log

πθ(yh,k|·)
πref(yh,k|·) . Under SAOM frame-

work:
d∗(τ) =

1

Z
dπref(τ) exp

(
1

β
R(τ)

)
, (17)

where Z(s0) absorbs local baseline terms V ∗(s0) from Eq. equation 16.

For equal-length segments Lw = Ll = L from the same prompt, length-normalized baselines V ∗(s0)
L

cancel identically. Taking log-ratio difference eliminates partition function:

log
d∗(τw)

dπref(τw)
− log

d∗(τ l)

dπref(τ l)
=

1

β
R(τw)− 1

β
R(τ l), (18)

yielding final objective where Z is perfectly eliminated:

LT3PO ∝ −E
[
log σ

(
β

H∑
h=0

[ Tw
h −1∑
k=0

γk log
πθ(y

w
h,k|·)

πref(y
w
h,k|·)

−
T l
h−1∑
k=0

γk log
πθ(y

l
h,k|·)

πref(y
l
h,k|·)

])]
. (19)

E.3 PROOF OF APPROXIMATION-OPTIMIZATION TRADE-OFF (THEOREM 2)

Define value function V π
γ (s) = Eπ[

∑Lmax−1
k=0 γkr(sk, ak)|s0 = s], state visitation dπ(s) =∑Lmax−1

k=0 Pr(sk = s|π, s0), total variation dTV(π, π
′) = 1

2

∑
a |π(a|s) − π′(a|s)|, and expected

divergence dTV(π, π
∗) = Es∼dπ∗ [dTV(π(·|s), π∗(·|s))].

Evaluating policy π (optimized with discount γ) against optimal π∗ under undiscounted metric, the
performance gap decomposes as:

E(π) := V π∗
1 (s0)− V π

1 (s0) =
[
V π∗
1 − V π∗

γ

]
︸ ︷︷ ︸

Bias 1

+
[
V π∗
γ − V π

γ

]
︸ ︷︷ ︸

Opt. Error

+
[
V π
γ − V π

1

]︸ ︷︷ ︸
Bias 2

. (20)

For any policy π′ with |r(s, a)| ≤ Rmax:∣∣∣V π′

1 (s0)− V π′

γ (s0)
∣∣∣ = ∣∣∣∣∣Eτ∼π′

[
Lmax−1∑

k=0

(1− γk)r(sk, ak)

]∣∣∣∣∣ (21)

≤ Rmax

Lmax−1∑
k=0

(1− γk) = Rmax

[
Lmax −

1− γLmax

1− γ

]
.

Applying to both π′ = π∗ and π′ = π yields:

Bias 1 + Bias 2 ≤ 2Rmax

[
Lmax − 1− γLmax

1− γ

]
. (22)

By Performance Difference Lemma for finite-horizon MDPs (Kakade & Langford, 2002):

V π∗
γ (s0)− V π

γ (s0) =
1− γLmax

1− γ
Es∼dπ

∗

[∑
a

(π∗(a|s)− π(a|s))Qπ
γ (s, a)

]
. (23)

Since Qπ
γ (s, a) ≤

1−γLmax

1−γ Rmax and
∑

a |π∗(a|s)− π(a|s)| = 2dTV(π
∗, π):

V π∗
γ (s0)− V π

γ (s0) ≤ 2Rmax · dTV(π, π
∗) · (1− γLmax)2

(1− γ)2
. (24)

Combining Eq. equation 22 and optimization error bound yields:

E(πγ) ≤ 2Rmax

[
Lmax − 1− γLmax

1− γ

]
+ 2Rmax · dTV(πγ , π

∗) · (1− γLmax)2

(1− γ)2
. (25)

As γ → 0, approximation bias dominates; as γ → 1, optimization error explodes. Optimal γ ∈ (0, 1)
balances these effects.
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F SELF-EVALUATION PROMPTS

We employ multi-perspective scoring across dimensions, each repeated multiple times per dimension.

F.1 PERSPECTIVE 1: SEMANTIC COHERENCE

Semantic Coherence Prompt

Task: Evaluate discriminative signal strength based on semantic coherence.
Context: - Dialogue History: {dialogue_history} - User Query at Turn {turn_id}: {user_query} -
Response A: {response_chosen} - Response B: {response_rejected}
Criterion: Quality difference in semantic coherence (logical flow, relevance, structural clarity)?
Scoring: 5: Very strong—one coherent, other incoherent/off-topic; 4: Strong—noticeable gap affecting
understanding; 3: Moderate—minor differences; 2: Weak—subtle differences; 1: No signal—similar
coherence.
Output: Single integer 1-5.

F.2 PERSPECTIVE 2: ERROR SEVERITY

Error Severity Prompt

Task: Evaluate discriminative signal strength based on error severity.
Context: [Same as above]
Criterion: Difference in error severity (factual, logical, grammatical)?
Scoring: 5: Very strong—severe error fundamentally undermining answer; 4: Strong—significant error
affecting correctness; 3: Moderate—noticeable but not fatal error; 2: Weak—minor error with limited
impact; 1: No signal—similar error levels.
Output: Single integer 1-5.

F.3 PERSPECTIVE 3: LOGICAL CONSISTENCY

Logical Consistency Prompt

Task: Evaluate discriminative signal strength based on logical consistency.
Context: [Same as above]
Criterion: Quality difference in logical consistency (coherence with history, avoiding self-
contradiction)?
Scoring: 5: Very strong—one contradicts prior statements; 4: Strong—noticeable inconsistency
affecting trust; 3: Moderate—minor inconsistency; 2: Weak—subtle differences; 1: No signal—similar
consistency.
Output: Single integer 1-5.

F.4 PERSPECTIVE 4: FACTUAL ACCURACY

Factual Accuracy Prompt

Task: Evaluate discriminative signal strength based on factual accuracy.
Context: [Same as above]
Criterion: Difference in factual correctness?
Scoring: 5: Very strong—one correct, other incorrect; 4: Strong—significant discrepancy affecting
reliability; 3: Moderate—minor factual difference; 2: Weak—subtle differences; 1: No signal—similar
accuracy.
Output: Single integer 1-5.

11
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G TRAINING DATA AND EVALUATION PROTOCOL

G.1 PREFERENCE PAIR CONSTRUCTION

We construct 1,296 preference pairs from MT-Bench-101 (Bai et al., 2024) (1,388 dialogues, 7
abilities) via 7:3 train-test split with stratified sampling. Teacher models (GPT-4.1, DeepSeek-V3)
generate positive τw (high-quality instructions) and negative τ l (degraded constraints). Equal-turn
constraint Lw = Ll (Theorem 1) is ensured through matched sampling: for each τw with L turns, we
select τ l candidates with exactly L turns. MT-Bench-101 prompts have fixed multi-turn structures, so
responses to the same prompt inherently share identical turn counts. Training set: 1,296 pairs (2-8
turns), manually verified by three annotators.

G.2 EVALUATION BENCHMARKS

Evaluation uses held-out MT-Bench-101 (30%, in-distribution) and independent MT-Bench (Zheng
et al., 2023) (80 questions, 8 categories) for cross-dataset generalization. Despite similar naming,
MT-Bench and MT-Bench-101 have zero data overlap in prompts, content, task design, or evaluation
methodology.

H IMPLEMENTATION DETAILS

For each turn h in pair (τw, τ l), we query reference model πref with multiple perspectives, repeating
each multiple times. Scores per turn are aggregated via kernel-weighted averaging (Eq. 4), then
normalized to obtain turn weights ωh (Section 2.2).

I CROSS-DATASET GENERALIZATION RESULTS ON MT-BENCH

T3PO consistently outperforms all baselines across model scales. Performance ranking remains
identical to MT-Bench-101 results (T3PO > SDPO > DMPO > DPO > ETO), demonstrating that
dual-granularity mechanisms capture fundamental preference structures transferring across datasets.

J HUMAN ANNOTATION FOR VALIDATION

Correlation analysis in Figure 6(b) includes author assessments. Three co-authors independently rated
turn importance on 1-5 scale following standardized instructions. Annotators participated voluntarily
without compensation and provided informed consent for anonymized aggregation. Evaluation
involved synthetic model-generated dialogues without sensitive content. This internal validation
of non-sensitive synthetic data was exempt from ethics review under institutional minimal-risk
guidelines.

K SCOPE OF COMPARISON

Token-level methods (Token-DPO (Zeng et al., 2024), Step-DPO (Lai et al., 2024), SePO (Yang
et al., 2024)) are excluded as they lack multi-turn theoretical foundations. These methods provide no
partition cancellation analysis for multi-turn settings—our Theorem 1 proves cancellation requires
turn-level equal-length constraint Hw = H l, not token-level properties. Their theoretical foundations
do not extend to multi-turn trajectories τ = {(h0, y0), . . . , (hH−1, yH−1)} where turn structure must
be explicitly modeled. Applying single-turn methods to multi-turn benchmarks conflates problem
formulation mismatch with methodological differences, yielding uninterpretable results. Our token
discounting operates within the proven turn-level framework, inheriting cancellation guarantees
while adding intra-turn positional modeling—conceptually distinct from token-level methods lacking
multi-turn foundations.

12
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Table 3: Detailed Training Configuration
Configuration Value
Model & Architecture

Base Model Qwen2.5-Instruct
Model Scales 3B / 7B / 32B
Fine-tuning Type Full Parameter

Optimization
Optimizer AdamW
Learning Rate 5e-7
LR Scheduler Cosine Decay
Warmup Ratio 0.0
Training Epochs 3
Per-device Batch Size 1
Gradient Accumulation Steps 4
Gradient Clipping Auto

Loss & Hyperparameters
β 0.1
Token Discount Factor γ 0.98
Scoring Perspectives M 4
Repetitions per Perspective G 5

Data Processing
Maximum Sequence Length 4096
Preprocessing Workers 16

DeepSpeed ZeRO Configuration
ZeRO Stage Stage 3
Optimizer Offload Device CPU
Parameter Offload Device CPU
Pin Memory True
Overlap Communication True
Contiguous Gradients True
Sub Group Size 1e9
Max Live Parameters 1e9
Max Reuse Distance 1e9
Reduce Bucket Size Auto
Stage3 Prefetch Bucket Size Auto
Gather 16bit Weights on Save True

System & Infrastructure
Precision BF16
Hardware 2×A100-80GB GPUs
Random Seed 11
DDP Timeout 180000s

L ROBUSTNESS TO EVALUATION PROTOCOL

To validate robustness beyond judge-specific biases, we conduct cross-evaluator validation using
GPT-4o (advanced GPT-4 iteration) and DeepSeek-V3 (open-source model with different training
paradigm).

Tables 6 and 7 present results across all scales (3B/7B/32B) and task categories. T3PO maintains
superior performance across all three evaluators, with performance ranking stable across judges
(T3PO consistently first, followed by SDPO), demonstrating that dual-granularity mechanisms capture
fundamental dialogue quality aspects generalizing across diverse evaluation frameworks.

13
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Table 4: Software Dependencies and Package Versions
Package Version
Core Deep Learning

transformers 4.43.0 – 4.46.2
accelerate ≥ 0.30.1
deepspeed 0.14.0
peft ≥ 0.11.1
trl 0.8.6 – 0.12.0

Data & Utilities
datasets ≥ 2.16.0
pandas ≥ 2.0.0
numpy < 2.0.0
pyarrow ≤ 20.0.0
scipy latest
matplotlib ≥ 3.7.0

Model & Interface
sentencepiece, tiktoken, protobuf, einops latest
gradio, fastapi, uvicorn latest

Table 5: Cross-dataset generalization on MT-Bench. Models trained on MT-Bench-101 evaluated on
independent MT-Bench. Scores 1-10 (GPT-4.1 judge). Bold: best per scale.

Method 3B 7B 32B

DPO 6.05 7.21 8.16
ETO 5.84 6.95 8.29
DMPO 6.28 7.39 8.46
SDPO 6.54 7.69 8.71
T3PO (Ours) 6.85 7.99 8.98

vs. SDPO +0.31 +0.30 +0.27

M TRAINING EFFICIENCY

Table 8 reports per-step training speeds. T3PO achieves efficiency comparable to baselines: turn
weights are precomputed offline during preprocessing and cached; token-level discounting involves
lightweight element-wise operations adding negligible cost.

Self-Evaluation Overhead. Turn weighting requires multiple inference calls per turn using frozen
reference model. All turn weights are computed offline during preprocessing—calculated once,
cached alongside preference pairs, loaded directly during training without re-evaluation. Operating in
inference-only mode without gradient computation, this one-time cost is negligible when amortized
across multi-epoch training. Per-step speeds in Table 8 reflect this: no online evaluation during
training.

N HYPERPARAMETER ANALYSIS

N.1 TOKEN-LEVEL DISCOUNT FACTOR

Figure 3 shows discount factor impact on Qwen2.5-3B/7B. Performance exhibits stability across
moderate discount values. Lower values degrade reasoning through excessive suppression of later
tokens; uniform weighting underperforms in context-sensitive dimensions through diluted focus. We
select a moderate value balancing early-token prioritization and coverage completeness.

14
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Table 6: Performance evaluated by GPT-4o, supplementing Table 1. Settings identical except judge
model. ▲: Uniform token, ✩: Uniform turn, ●: Binary selection, ✪: Fine-grained modeling.

Method GR AR MR CC TS CM SC Avg.

Qwen2.5-3B-Instruct

Base 3.15 6.02 3.31 6.79 4.18 4.12 7.03 4.94
DPO ▲ 4.38 7.19 3.96 7.73 6.17 6.03 8.10 6.22
ETO ▲✩ 4.27 7.02 3.88 7.60 5.99 5.92 7.93 6.09
DMPO ▲ 4.51 7.28 3.99 7.81 6.26 6.15 8.16 6.31
SDPO ▲● 4.65 7.48 4.15 7.98 6.52 6.44 8.26 6.50
T3PO ✪ 4.92 7.56 4.30 8.39 6.76 6.62 8.45 6.71

Qwen2.5-7B-Instruct

Base 4.57 7.25 4.30 7.85 5.37 5.05 7.69 6.01
DPO ▲ 5.45 7.99 5.15 8.80 7.05 6.77 8.80 7.14
ETO ▲✩ 5.34 7.75 5.02 8.51 6.85 6.60 8.58 6.95
DMPO ▲ 5.67 8.03 5.11 8.67 7.19 7.37 8.28 7.19
SDPO ▲● 6.12 8.19 5.23 9.08 7.59 7.64 8.92 7.54
T3PO ✪ 6.24 8.24 5.17 9.16 7.79 7.72 8.89 7.60

Qwen2.5-32B-Instruct

Base 5.42 8.07 4.38 9.15 6.47 5.83 8.27 6.80
DPO ▲ 7.07 8.85 5.66 9.64 7.83 7.10 9.13 7.90
ETO ▲✩ 7.18 9.05 5.61 9.08 8.62 7.40 9.41 8.05
DMPO ▲ 7.66 9.02 6.03 9.29 8.30 7.36 9.17 8.12
SDPO ▲● 7.84 8.79 6.52 9.66 8.59 7.58 9.44 8.35
T3PO ✪ 7.95 9.10 6.56 9.86 8.76 7.73 9.45 8.49
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Figure 3: Performance sensitivity to token discount factor across task categories.

N.2 TURN SCORING CONFIGURATION

Figure 4 examines repetition count and aggregation strategy. Left: repetition exhibits stability-
efficiency trade-off (low values cause variance, excessive repetition yields diminishing returns).
Right: kernel weighting (Eq. 4) consistently outperforms mean aggregation by reducing outlier
influence.

N.3 IMPACT OF DIALOGUE LENGTH

Figure 5 shows performance when trained on dialogues up to 2, 4, 6, 8 turns. Performance improves
with longer training dialogues, saturating beyond 6 turns across all scales (3B/7B/32B), demonstrating
effective leverage of extended contexts without requiring extensive long-dialogue data.

15



Accepted to ICLR 2026

Table 7: Performance evaluated by DeepSeek-V3. Format identical to Table 1.
Method GR AR MR CC TS CM SC Avg.

Qwen2.5-3B-Instruct

Base 2.85 5.76 3.02 6.51 3.89 3.84 6.75 4.66
DPO ▲ 4.08 6.92 3.68 7.45 5.91 5.78 7.84 5.95
ETO ▲✩ 3.98 6.76 3.61 7.32 5.73 5.67 7.67 5.82
DMPO ▲ 4.21 7.01 3.72 7.53 5.99 5.90 7.91 6.04
SDPO ▲● 4.36 7.22 3.89 7.71 6.25 6.18 8.03 6.23
T3PO ✪ 4.62 7.25 4.02 8.15 6.68 6.49 8.19 6.49

Qwen2.5-7B-Instruct

Base 4.28 6.98 4.02 7.56 5.08 4.78 7.42 5.73
DPO ▲ 5.18 7.71 4.86 8.52 6.79 6.49 8.54 6.87
ETO ▲✩ 5.07 7.48 4.73 8.23 6.57 6.32 8.29 6.67
DMPO ▲ 5.39 7.75 4.82 8.40 6.92 7.11 8.03 6.92
SDPO ▲● 5.86 7.91 4.95 8.79 7.33 7.38 8.78 7.29
T3PO ✪ 5.94 8.21 4.88 8.88 7.97 7.45 8.86 7.46

Qwen2.5-32B-Instruct

Base 5.12 7.79 4.09 8.86 6.19 5.56 8.01 6.52
DPO ▲ 6.78 8.57 5.35 9.34 7.54 6.83 8.87 7.61
ETO ▲✩ 6.89 8.74 5.28 8.78 8.34 7.13 9.14 7.76
DMPO ▲ 7.38 8.77 5.72 8.99 8.01 7.09 8.91 7.84
SDPO ▲● 7.54 8.51 6.23 9.37 8.31 7.29 9.18 8.06
T3PO ✪ 7.66 8.83 6.27 9.59 8.49 7.46 9.19 8.21

Table 8: Training speed (steps/second). T3PO maintains efficiency via offline turn weight precompu-
tation.

Method 3B 7B 32B

DPO 0.063 0.038 0.006
ETO 0.070 0.039 0.007
DMPO 0.058 0.035 0.006
SDPO 0.067 0.042 0.009
T3PO 0.064 0.041 0.009

O CASE STUDY: MECHANISM VALIDATION

O.1 TOKEN-LEVEL DISCOUNTING VALIDATION

Figure 6(a) visualizes KL divergence across relative token positions within turns. Baseline shows grad-
ual decay; our method exhibits sharper early-position reduction, confirming token-level discounting
effectively prioritizes high-impact tokens.

O.2 TURN-LEVEL EVALUATION CONSISTENCY

We compute Spearman correlations between human experts, self-evaluation using frozen reference
model, and external judges (GPT-4, DeepSeek-V3). Figure 6(b) shows high pairwise correlations,
with self-evaluation achieving comparable correlation with human consensus to external models,
confirming reliable turn identification without external dependencies.
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Figure 4: Turn scoring configuration. Left: Repetition count stability-efficiency trade-off. Right:
Kernel weighting outperforms mean aggregation.
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Figure 5: Performance when trained on dialogues up to 2, 4, 6, 8 turns across three scales.

17



Accepted to ICLR 2026

0 20 40 60 80 100
Relative Token Position (%)

0

1

2

3

K
L 

D
iv

er
ge

nc
e DPO

SDPO
T³PO

(a) Token Discounting

A B C D

A

B

C

D

1.00 0.76 0.84 0.73

0.76 1.00 0.74 0.71

0.84 0.74 1.00 0.78

0.73 0.71 0.78 1.00

A: Human Experts
B: Self-Eval

C: GPT-4
D: DeepSeek-V3

0.5

0.6

0.7

0.8

0.9

1.0 Spearm
an C

orrelation 

(b) Turn Weighting

Figure 6: Dual-granularity validation. (a) KL divergence shows T3PO’s sharper early-position
reduction. (b) High cross-evaluator correlations (A: Human, B: Self-Eval, C: GPT-4, D: DeepSeek-
V3).
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