
A Limitations473

While SemCoT demonstrates promising results in improving both the efficiency and effectiveness474

of Chain-of-Thought reasoning, we acknowledge certain limitations in our current approach. The475

customized sentence transformer, although effective, requires additional training overhead before476

deployment, which might be challenging for resource-constrained environments. Furthermore, our477

evaluation primarily focuses on standard reasoning benchmarks (mathematical, commonsense, and478

symbolic reasoning); hence, the performance on more specialized domains or extremely long-chain479

reasoning tasks remains to be explored. Further investigation would benefit the generalizability across480

different language model architectures beyond the tested ones (Llama-2 and Mistral). Additionally,481

while we observed consistent performance improvements, there may be specific reasoning patterns482

where the trade-off between implicit and explicit reasoning is less favorable. Future work could483

address these limitations by expanding the evaluation scope and exploring more efficient pre-training484

strategies for the customized sentence transformer component.485

B Broader Impact486

Our work on SemCoT has several potential positive societal impacts. By improving the efficiency487

of Chain-of-Thought reasoning in LLMs, we reduce computational costs and energy consumption,488

leading to lower carbon footprints for AI deployments. This efficiency also facilitates broader489

access to advanced reasoning capabilities in resource-constrained environments such as mobile490

devices or underdeveloped regions. Thus, more efficient reasoning enables more applications in time-491

sensitive domains such as healthcare decision support and emergency response systems. However,492

we also recognize potential negative impacts. As reasoning becomes more efficient, malicious actors493

could deploy sophisticated reasoning systems at scale for generating misinformation or conducting494

automated cyberattacks. The improved efficiency might accelerate the deployment of AI systems495

before adequate safety measures are established. Furthermore, there is a risk that optimizing for496

computational efficiency might inadvertently prioritize speed over reasoning quality in specific497

contexts, potentially leading to errors in critical applications if not properly monitored. We encourage498

addressing these concerns through responsible deployment practices.499

C Implementation Details500

Dataset Metadata. We show the metadata of the datasets, including the size of train and test sets,501

along with the reasoning type, in Table 3. For sample data points from each dataset, see Table 2.502

Licenses of Existing Assets. For the two adopted LLMs, Llama-2-7b-chat-hf [47] has “Llama 2503

Community License Agreement,” and Mistral-7B-Instruct-v0.2 [20] has license Apache 2.0. For the504

implementation of the lightweight implicit reasoning generator, both Sheared-LLaMA-1.3B [52] and505

mistral-1.1b-testing [35] have licenses Apache 2.0. Please see the licenses of the datasets in Table 4.506

Hardware Information. We perform experiments on a machine with two 24-core AMD EPYC507

7473X processors (48 cores total) running Linux (x86_64 architecture). It has four NVIDIA A100508

80GB PCIe GPUs. The system ran NVIDIA driver version 550.54.14 and CUDA 12.4.509

Hyperparameters Setting. Our SemCoT is implemented with PyTorch [37] and Huggingface [51]510

training pipeline. We list the hyperparameters settings specific for each dataset and LLM below. Here,511

we display the hyperparameter configuration for each dataset-model combination:512

The configuration for the SVAMP dataset on Llama uses a linear learning rate of 0.0001 and a weight513

decay of 0.001 over 5 epochs to warm up the linear layer in the sentence transformer. Then, the514

sentence transformer is trained with a learning rate of 1e-7, weight decay of 1e-5, and runs for 2515

epochs. The lightweight LLM uses a learning rate of 0.0001 and weight decay of 0.001, and trains516

the linear component for 5 epochs as warm up. The lightweight LLM then trains for 2 epochs at a517

learning rate of 1e-7 and weight decay of 1e-5. The configuration for the SVAMP dataset on Mistral518

uses a linear learning rate of 0.01 and a weight decay of 0.0001 over 3 epochs to warm up the linear519

layer in the sentence transformer. Then, the sentence transformer is trained with a learning rate of520

1e-5, weight decay of 1e-5, and runs for 2 epochs. The lightweight LLM uses a learning rate of521

0.0001 and weight decay of 0.01, and trains the linear component for 3 epochs as warm up. The522

lightweight LLM then trains for 1 epoch at a learning rate of 1e-5 and weight decay of 0.001.523
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Table 2: Sample questions and answers from benchmark datasets
Dataset Sample Question Ans. GT-reason
GSM8K Janet’s ducks lay 16 eggs per day. She eats 3

eggs per day and sells the rest at the farmers’
market daily for $2 per egg. How much
money does she make in a week?

182 Janet sells 16�3 = 13 eggs per day.
She makes 13 ⇥ $2 = $26 per day.
In a week, she makes $26 ⇥ 7 =
$182.

SVAMP There are 87 oranges and 290 bananas in
Philip’s collection. If the bananas are or-
ganized into 2 groups and oranges are or-
ganized into 93 groups. How big is each
group of bananas?

145 Philip has 290 bananas. If they are
divided into 2 groups, each group
has 290÷ 2 = 145 bananas.

MultiArith There are 64 students trying out for the
school’s trivia teams. If 36 of them didn’t
get picked for the team and the rest were put
into 4 groups, how many students would be
in each group?

7 64� 36 = 28 students were picked.
28÷ 4 = 7 students per group.

Commonsense. The sanctions against the school were a pun-
ishing blow, and they seemed to what the
efforts the school had made to change? "la-
bel": [ "A", "B", "C", "D", "E" ], "text": [
"ignore", "enforce", "authoritarian", "yell
at", "avoid" ]

A The sentence implies that the sanc-
tions did not recognize the school’s
efforts, so the best fit is "ignore".

CoinFlip A coin is heads up. sager does not flip the
coin. zyheir flips the coin. Is the coin still
heads up?

no The coin starts heads up. Sager does
nothing, so the coin stays the same.
Zyheir flips the coin, so its state
changes — it is no longer guaran-
teed to be heads. Thus, the answer
is "no".

Table 3: Metadata for benchmark datasets
Dataset Train Size Test Size Reasoning Type

GSM8K [5] 7,500 1,000 Arithmetic
SVAMP [38] 700 300 Arithmetic

MultiArith [4] 420 180 Arithmetic
CommonsenseQA [45] 9,741 1,140 Commonsense

CoinFlip [22] 20,000 3,330 Symbolic

Table 4: License Information for Hugging Face Datasets
Dataset License Information
SVAMP MIT License

MultiArith Apache 2.0
CommonsenseQA MIT License

CoinFlip MIT License
GSM8K MIT License
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The configuration for the Multiarith dataset on Llama uses a linear learning rate of 0.0001 and a524

weight decay of 0.001 over 5 epochs to warm up the linear layer in the sentence transformer. Then,525

the sentence transformer is trained with a learning rate of 1e-7, weight decay of 0.001, and runs for526

1 epoch. The lightweight LLM uses a learning rate of 0.001 and weight decay of 0.01, and trains527

the linear component for 3 epochs as warm up. The lightweight LLM then trains for 2 epochs at528

a learning rate of 1e-5 and weight decay of 0.001. The configuration for the Multiarith dataset on529

Mistral uses a linear learning rate of 0.0001 and a weight decay of 0.01 over 1 epoch to warm up the530

linear layer in the sentence transformer. Then, the sentence transformer is trained with a learning rate531

of 1e-7, weight decay of 0.001, and runs for 2 epochs. The lightweight LLM uses a learning rate of532

0.001 and weight decay of 0.0001, and trains the linear component for 5 epochs as warm up. The533

lightweight LLM then trains for 2 epochs at a learning rate of 1e-7 and weight decay of 0.001.534

The configuration for the CoinFlip dataset on Llama uses a linear learning rate of 0.001 and a weight535

decay of 0.0001 over 3 epochs to warm up the linear layer in the sentence transformer. Then, the536

sentence transformer is trained with a learning rate of 1e-5, weight decay of 0.001, and runs for 1537

epoch. The lightweight LLM uses a learning rate of 0.01 and weight decay of 0.01, and trains the538

linear component for 1 epoch as warm up. The lightweight LLM then trains for 2 epochs at a learning539

rate of 1e-7 and weight decay of 0.001. The configuration for the CoinFlip dataset on Mistral uses a540

linear learning rate of 0.0001 and a weight decay of 0.001 over 5 epochs to warm up the linear layer541

in the sentence transformer. Then, the sentence transformer is trained with a learning rate of 1e-5,542

weight decay of 0.001, and runs for 1 epoch. The lightweight LLM uses a learning rate of 0.001 and543

weight decay of 0.001, and trains the linear component for 3 epochs as warm up. The lightweight544

LLM then trains for 1 epoch at a learning rate of 1e-5 and weight decay of 0.001.545

The configuration for the GSM8K dataset on Llama uses a linear learning rate of 0.001 and a weight546

decay of 0.01 over 3 epochs to warm up the linear layer in the sentence transformer. Then, the547

sentence transformer is trained with a learning rate of 1e-5, weight decay of 0.001, and runs for 1548

epoch. The lightweight LLM uses a learning rate of 0.0001 and weight decay of 0.01, and trains549

the linear component for 3 epochs as warm up. The lightweight LLM then trains for 1 epoch at a550

learning rate of 1e-5 and weight decay of 0.001. The configuration for the GSM8K dataset on Mistral551

uses a linear learning rate of 0.001 and a weight decay of 0.001 over 1 epoch to warm up the linear552

layer in the sentence transformer. Then, the sentence transformer is trained with a learning rate of553

1e-7, weight decay of 1e-5, and runs for 1 epoch. The lightweight LLM uses a learning rate of 0.01554

and weight decay of 0.01, and trains the linear component for 3 epochs as warm up. The lightweight555

LLM then trains for 2 epochs at a learning rate of 1e-7 and weight decay of 0.001.556

The configuration for the CommonsenseQA dataset on Llama uses a linear learning rate of 0.0001557

and a weight decay of 0.001 over 1 epoch to warm up the linear layer in the sentence transformer.558

Then, the sentence transformer is trained with a learning rate of 1e-5, weight decay of 1e-5, and runs559

for 2 epochs. The lightweight LLM uses a learning rate of 0.01 and weight decay of 0.01, and trains560

the linear component for 3 epochs as warm up. The lightweight LLM then trains for 1 epoch at a561

learning rate of 1e-5 and weight decay of 0.001.The configuration for the CommonsenseQA dataset562

on Mistral uses a linear learning rate of 0.01 and a weight decay of 0.001 over 1 epoch to warm up563

the linear layer in the sentence transformer. Then, the sentence transformer is trained with a learning564

rate of 1e-5, weight decay of 0.001, and runs for 1 epoch. The lightweight LLM uses a learning rate565

of 0.01 and weight decay of 0.01, and trains the linear component for 3 epochs as warm up. The566

lightweight LLM then trains for 1 epoch at a learning rate of 1e-5 and weight decay of 0.001.567

Table 1 shows the average accuracy and time measurements over three independent rounds for each568

method. During training, the baselines and SemCoT are allotted to five implicit reasoning tokens.569

For evaluation, they are limited to only one reasoning token. This ensures fair comparison across570

methods, as allowing only one token eliminates the possibility of confounding factors, such as directly571

providing the answer instead of the reasoning and excessively encoding model knowledge.572

Text-paired Dataset. We show examples of the input and reasoning pairs datasets in Table 5.573
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Table 5: Text samples from text-paired dataset for each Dataset
Dataset Full Reasoning Condensed Reasoning
CoinFlip Let’s track the state of the coin step by step:\n\n1. Initially,

the coin is heads up.\n2. Mailey does not flip the coin.
(State remains heads up)\n3. Maurisa does not flip the coin.
(State remains heads up)\n\nAt the end of these steps, the
coin is still heads up.\n\nFinal answer: yes\n#### yes

Coin remains heads up; nei-
ther person flips it.

Common To determine where in Southern Europe you would
find many canals, let’s analyze each of the answer
choices:\n\nA. **Michigan** - This is a state in the United
States, not in Southern Europe. Therefore, it is not a suit-
able answer.\n\nB. **New York** - This is a state in the
United States, specifically in the northeastern part of the
country. Like Michigan, it is not in Southern Europe, so
this option is also not appropriate.\n\nC. **Amsterdam**
- While Amsterdam is known for its extensive canal sys-
tem, it is located in the Netherlands, which is in Northern
Europe, not Southern Europe. Thus, this option does not
fit the criteria.\n\nD. **Venice** - Venice is a city in Italy,
which is located in Southern Europe. It is famous for
its canals, making this option a strong candidate for the
answer.\n\nE. **Bridge** - This is a general term and
does not refer to a specific location. While bridges may
be found in areas with canals, it does not answer the ques-
tion of where in Southern Europe you would find many
canals.\n\nAfter analyzing all the options, the only one
that meets the criteria of being in Southern Europe and
known for its canals is:\n\n**D. Venice** \n\nThus, the
correct answer is D.\n#### D

Venice, in Southern Europe,
is famous for its canals.

GSM8K Natalia sold 48/2 = «48/2=24»24 clips in May.\nNatalia
sold 48+24 = «48+24=72»72 clips altogether in April and
May.\n#### 72

Natalia sold 48 clips in April
and 24 in May, totaling 72
clips.

MultiArith To determine how much money the magician earned
from selling magic card decks, we can follow these
steps:\n\n### Step 1: Determine the number of decks
sold\nThe magician started with 5 decks and ended with
3 decks. To find out how many decks he sold, we sub-
tract the number of decks he has left from the number he
started with:\n\n\\[\n\\textDecks sold = \\textInitial decks
- \\textRemaining decks\n\\]\n\\[\n\\textDecks sold = 5 -
3 = 2\n\\]\n\n### Step 2: Calculate the total earnings
from the decks sold\nEach deck was sold for 2 dollars.
To find out how much money he earned from selling the
decks, we multiply the number of decks sold by the price
per deck:\n\n\\[\n\\textTotal earnings = \\textDecks sold
\\times \\textPrice per deck\n\\]\n\\[\n\\textTotal earnings
= 2 \\times 2 = 4\n\\]\n\n### Conclusion\nThe magician
earned a total of 4 dollars from selling the magic card
decks.\n\n\\[\n\\textTotal earnings = 4 \\text dollars\n\\]

Magician sold 2 decks for $4;
earnings totaled $4.

SVAMP The question is in type of Common-Division and we solve
it by calculating ( 290.0 / 2.0 )####14

Divide 290 bananas by 2
groups; each group has 145
bananas.
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Figure 6: Ablation study results on Llama-2-7b-chat-hf [47]. We show the performance of our
SemCoT compared to its three variants on all five adopted datasets in the Section 4.1 of the paper.

Figure 7: Ablation study results on Mistral-7B-Instruct-v0.2 [20]. We show the performance of our
SemCoT compared to its three variants on all five adopted datasets in the Section 4.1 of the paper.

D Supplementary Experiments574

D.1 Ablation Study575

In this section, we show the supplementary experiment results for the ablation study. Specifically, we576

adopt the variants of the SemCoT as designed in the Section 4.3 in the main paper and examine their577

performance on all datasets (GSM8K [5], SVAMP [38], MultiArith [4], commonsense reasoning578

dataset CommonsenseQA [45], CommonsenseQA [45], and CoinFlip [22]) on both LLMs (Llama-579

2-7b-chat-hf [47] and Mistral-7B-Instruct-v0.2 [20]). The results for Llama-2-7b-chat-hf [47] and580

Mistral-7B-Instruct-v0.2 [20] are shown in the Fig 6 and Fig. 7 respectievly. From the two figures,581

we observe that our SemCoT performs better than all variants in almost all experiment configurations582

(i.e., the composition of datasets and LLMs), and the three observations from Section 4.3 also hold.583

D.2 Parameter Analysis584

Here, we display the supplementary experiment results for parameter analysis. Specifically, we585

follow the design of Section 4.4 to examine two significant parameters: (1) the ↵ controlling the586

effect of the reasoning semantic alignment and answer correctness and (2) the number of implicit587

tokens utilized during evaluation. We conduct experiments on all adopted datasets and LLMs; the588

results for Llama-2-7b-chat-hf [47] and Mistral-7B-Instruct-v0.2 [20] are shown in Fig. 8 and Fig. 9,589

respectively. We find consistent observations in Section 4.4 of the main paper.590

18



Figure 8: Parameter analysis experiment results for Llama-2-7b-chat-hf [47]. The accuracy and
inference time of our method using Llama when varying the number of implicit tokens

Figure 9: Parameter analysis experiment results for Mistral-7B-Instruct-v0.2 [20]. The accuracy and
inference time of our method using Mistral when varying the number of implicit tokens
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Table 6: Samples picked for the case study for SVAMP dataset (see samples for other datasets in
https://anonymous.4open.science/r/SemCoT).

Samples
Winter is almost here and most animals are migrating to warmer countries. There are 41 bird families
living near the mountain. If 35 bird families flew away to asia and 62 bird families flew away to
africa How many more bird families flew away to africa than those that flew away to asia?
26 children were riding on the bus. At the bus stop 38 more children got on the bus. How many
children are on the bus now?
Paco had 41 cookies. He gave 9 cookies to his friend and ate 18 cookies. How many more cookies
did he eat than those he gave to his friend?

D.3 Case Study: Semantic Alignment Analysis591

We conduct extensive experiments to show that our method helps maintain the semantic alignment592

between ground truth and implicit reasoning. As declared in Section 4.5, we randomly pick three593

samples from each dataset and generate semantically aligned queries for each query twenty times.594

Then we design the experiments to show that our SemCoT achieves semantically-aligned reasoning595

based on three assumptions: (1) semantically aligned queries will induce semantically aligned596

reasoning; (2) Different queries and their semantic aligned variants should be well-separated in597

implicit reasoning space to differentiate their semantics in the implicit reasoning space; (3) Samples598

from different semantic domains should be more separated than those samples from the same semantic599

domain to differentiate their semantics domain in the implicit reasoning space. Here, the “semantic600

domain” means the semantic type of the reasoning task. For example, GSM8K [5], SVAMP [38],601

MultiArith [4] are for mathematical reasoning, they are in the same semantic domain. However,602

CommonsenseQA [45] is for commonsense reasoning. Thus, the samples within GSM8K [5],603

SVAMP [38], and MultiArith [4] are in the same semantic domain, but their samples are in different604

semantic domains with CommensenseQA. The results are shown in the Fig. 10, Fig. 11, Fig. 12,605

Fig. 13, Fig. 14, and Fig. 15. For each figure, each subplot of the first row is the implicit reasoning606

tokens of all samples and their semantic-aligned variants from one dataset. In the second row, each607

subplot is the ith sample of all datasets, along with their semantic-aligned variants. We can observe608

across the five figures that our SemCoT is the only model to maintain low implicit reasoning variance609

under semantic-aligned queries and appropriately separate different samples in the implicit reasoning610

space. Meanwhile, we can also see that our SemCoT recognizes semantic domains because the611

implicit reasoning for mathematical reasoning is reasonably separate from other domains, such as612

commonsense reasoning.613
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CoinFlip CommonsenseQA MultiArith SVAMP

Sample 1 Sample 2 Sample 3

Sample 1 Sample 2 Sample 3

CoinFlip CommonsenseQA MultiArith SVAMP

Figure 10: Case study for SemCoT on Llama-2-7b-chat-hf [47] .

CoinFlip CommonsenseQA MultiArith SVAMP

Sample 1 Sample 2 Sample 3

Sample 1 Sample 2 Sample 3

CoinFlip CommonsenseQA MultiArith SVAMP

Figure 11: Case study for SemCoT on Mistral-7B-Instruct-v0.2 [20].
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CoinFlip CommonsenseQA MultiArith SVAMP

Sample 1 Sample 2 Sample 3

Sample 1 Sample 2 Sample 3

CoinFlip CommonsenseQA MultiArith SVAMP

Figure 12: Case study for COCONUT [54] on Llama-2-7b-chat-hf [47] .

CoinFlip CommonsenseQA MultiArith SVAMP

Sample 1 Sample 2 Sample 3

Sample 1 Sample 2 Sample 3

CoinFlip CommonsenseQA MultiArith SVAMP

Figure 13: Case study for COCONUT [54] on Mistral-7B-Instruct-v0.2 [20].
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CoinFlip CommonsenseQA MultiArith SVAMP

Sample 1 Sample 2 Sample 3

Sample 1 Sample 2 Sample 3

CoinFlip CommonsenseQA MultiArith SVAMP

Figure 14: Case study for CODI [42] on Llama-2-7b-chat-hf [47].

CoinFlip CommonsenseQA MultiArith SVAMP

Sample 1 Sample 2 Sample 3

Sample 1 Sample 2 Sample 3

CoinFlip CommonsenseQA MultiArith SVAMP

Figure 15: Case study for CODI [42] on Mistral-7B-Instruct-v0.2 [20].
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