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(a) Previous Efficient Reasoning Method with Static Difficulty. (b) Dynamic Reasoning Boundary Self-Awareness Framework (DR. SAF).

Figure 1: Traditional efficient reasoning training methods (a) primarily determine the difficulty of questions
based on human-defined priors, while our dynamic reasoning boundary self-awareness framework (b) judged
the difficulty of questions based on model self-awared reasoning boundary.
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Traditional efficiency-target methods predominantly focus on optimizing reasoning paths based on fixed or human-

defined difficulty levels. In contrast, DR.SAF introduces a self-aware system capable of dynamically adjusting the
depth of reasoning according to the model’s internal capabilities and the real-time complexity of the task. This

approach enhances both efficiency and accuracy.



I 3 MEthOd ParN E ﬁ;ﬂ]ﬂﬁ %;EH& ﬁDﬁHHéH

Completely Feasible Reasoning Boundary

DR.SAFH=XRIR4a6E Partily Feasible Reasoning Boundary
1. JBRBHEMWFHF (Boundary Self-Awareness Alignment) : {Fi&E ”“Eﬂé’vlﬂﬁl'ﬂ AHIMEE, =
LLME CHIBTESEMER, EIANTRR CFRB
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—no, otherwise, M

2. BiEMNIKEE (Adaptive Length Management)
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3. RFFNH (Boundary Preservation Mechanism)
BUYRBRBRRENNEE. REff(yi|z) = RAcc(yi|lz) + RLen(yi|z) + RAware(yi|z)
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Figure 2: Main pipeline of Dynamic Reasoning-Boundary Self-Awareness Framework (DR. SAF), including Boundary
Self-Awareness Alignment (BSA), Adaptive Length Management (ALM), and Boundary Preservation Mechanism

(BPM).
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l5E:: DeepMath103KBEHFHEN T 5,000 PSLAWEI)IIgRE
OEIEEE: AIME24, GSMS8K, Math-500, AMC23, OlympiadBench, AIME25
LLMEREE: R1-distill-Qwen-2.5-7B #1 R1-distill-Qwen-3-8B
IFfTEIR
» Accuracy (ACC in %)
 average response token length (LEN)
 token efficiency (EFF)
Baseline
* Prompting Strategies: Dynasor-CoT, DEER. ThinkSwitcher
« Offline Strategies: OverThink, Spirit, ConCISE-SImPO, DAST. AdaptThink
* Online Strategies: Length-Penalty FEDH
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Model Name | GSMS8K | MATH500 | AIME24 | AMC | OlymBench | AIME25
| ACC LEN EFF | ACC LEN EFF | ACC LEN FEFF | ACC IEN FEFF | ACC LEN EFF | ACC LEN  EFF
Qwen2.5-7B-Ins 90.9 279 3258|742 567 13.09|12.0 1016 1.18 | 475 801 593 | 39.2 827 474 | 76 1240 0.61
Qwen2.5-7B-Math 93.2 439 2123 | 634 740 857 [19.0 1429 133 | 625 1022 6.12 | 31.5 1037 3.04 | 40 2562 0.16
Qwen2.5-7B-Math-Ins | 95.2 323 29.47 | 81.4 670 1215|103 1363 0.76 | 60.0 1029 5.83 | 38.9 1027 3.79 | 93 2087 045
R1-Distill-Qwen2.5-7B | 92.4 1833 5.04 | 90.8 3854 2.36 |49.2 10200 0.48 | 900 6476 1.39 | 66.1 7789 0.85 | 350 10518 0.33
+ ThinkSwitcher 92.5 1389 6.66 91.3 3495 261 483 7936 061 | - - - | 570 5147 111 | 375 6955 0.54
+ Dynasor-CoT 89.6 1285 6.97 89.4 2661 3.36 46.7 12695 0.37 | 850 5980 1.42 | - - - - - -
+ DEER 90.6 917 9.88 89.8 2143 419 492 9839 0.50 | 850 4451 191 | - - - - - -
+ OverThink 91.4 879 1039 929 2405 3.86 50.0 9603 052 | - - - - - - - - -
+ Spirit 87.2 687 12,68 90.8 1765 514 383 6926 055 | - B - - - - - - -
+ ConCISE-SimPO 921 715 1288 91.0 1945 4.68 483 7745 0.62 | - - - - - - - - -
+ DAST 86.7 459 18.89 89.6 2162 4.14 456 7578 0.60 | - - - - - - - - -
+ AdaptThink 91.0 309 2945 920 1875 491 55.6 8599 0.65  85.0° 4265* 1.99* | 58.4* 5988 0.98* | 38.3* 10380* 0.37*
+ Length-Penalty 87.2 263 33.16 89.1 2121 420 519 7464 0.70 | 825 4411 1.87 | 59.8 4919 122 | 333 8902 0.37
+ FEDH 90.1 218 4133 885 1306 6.50 423 7242 058 | - - - - - - - - -
+ DR. SAF 88.1 162 5438 883 1061 8.32 50.6 6288 0.80 90.0 3096 291 | 59.4 3259 1.82 | 382 6764 0.56
R1-Distill-Qwen3-8B | 94.2 2135 4.41 |90.6 7051 1.28 |67.9 20155 0.34 | 83.5 11931 0.70 | 60.1 12895 047 | 62.9 20992 0.30
+ FEDH* 94.4 2014 469 92.6 6761 137 613 13463 0.42 | 947 11928 0.79 | 63.5 12353 051 | 46.7 14730 0.32
+ Length-Penalty* 933 604 1545 924 2581 3.58 63.7 12303 0.52 | 892 6166 145 | 68.4 7383 093 | 547 12446 0.44
+ DR. SAF 923 521 17.72 93.3 2168 4.30 66.0 9807 0.67 | 95.6 4003 239 | 71.3 5766 1.24 | 57.9 10692 0.54
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Figure 4: Comparing the extreme efficiency of DR. SAF (DR. SAF-Ext) with traditional instruction models and

current SOTA reasoning efficient techniques.
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Figure 5: Training efficiency comparison of DR. SAF vs. FEDH on R1-Distill-Qwen-3-8B
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Model Name ’ ACCAV(; LENave EFFavg
DR. SAF 75.28. 27732 1365
w/0 BSA 7498 32199 8.04
w/0 ALM 67.54 2105.1 11.96
w/0 BPM 67.87 2543.6 13.65
— Accuracy - - - Self-Awared CFRB Ratio
0.8 1.0 10
>06 { | ,Q‘ Most Efficient > 0:8 } 1 A Most Efficient | > 2
& Iy ® e B c 0.8 -
o ‘ , S 0.6 - 2 =
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3] g ° o 04 - ! . [ 3]
<02 {od ¢ ®eo . < ‘ A / < 04
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(a) Alignment on AIME 2025

(b) Alignment on OlympiadBench
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Answerl: Boundary Self-Awareness Alignment is crucial
for DR. SAF efficiency. We assess the effectiveness of the
Boundary Self-Awareness Mechanism by ablating it from the
DR. SAF. As shown in Table 2, token efficiency decreases by
more than 40% without this component. Further, Figure 3
reveals that, during training, the model’s predicted task diffi-
culty progressively aligns with its actual reasoning accuracy.
Notably, the models with the highest and second-highest align-
ment scores also achieve the highest and second-highest levels
of token efficiency, respectively.

2,4 Efficient

Most Efficient!

100 200 300 400 500
Training Steps

(c) Alignment on Math-500

Figure 3: Training trajectory of BSA, shown as the predicted CFRB ratio plotted against the training steps.
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Figure 7: Trends in accuracy and response length during training with Adaptive Length Management (ALM).
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Figure 8: Accuracy trend produced during training by the boundary-preservation mechanism (BSM).
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